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Abstract

Forest soils are critical to forest health and productivity, and 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 cost-effective approach to studying soil heterogeneity in managed forests.
Electromagnetic induction technology has proven its versatility in agricultural settings to map soil
texture, moisture and crop productivity and geological and archaeological exploration to identify
underground natural and anthropogenic structures. Yet, the application in forests has been limited,
and it is essential to understand the impact of soil and environmental factors on apparent electrical
conductivity (EC,) if attempting to use this EMI technology in a forested environment. The
overarching aim of this thesis was to determine if EMI can be used in a forested environment,
focusing on two contrasting Pinus radiata D. Don production forests to capture the spatial
heterogeneity of soil properties. Furthermore, this thesis can serve as a 'toolbox' for measurement
protocols and analysis for forest owners interested in low-cost, time-efficient methods of
understanding microsite heterogeneity in their forest soils to guide management practices. The
research addressed the three main questions: The impact of various environmental factors on
apparent electrical conductivity (EC,), the ability of EC,to characterise soil texture and moisture
across forested catchments, and the effectiveness of quasi-3D inversion 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 linear relationship between EC, and these environmental
factors, indicating that a correction factor for drift in EC, caused 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 or absence of forest litter on EC,, which was most likely due to the structure
and makeup of forest litter, indicating that EMI technology could predict soil 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 (EC™) as predictors for soil properties, including
gravimetric water content (GWC), the electrical conductivity of a 1-part soil to 5-part water solution
(ECe'?), and the percentages of clay (CLAY), fine sand (FSAND), and medium sand particles (MSAND).
Firstly, generalised linear mixed-effects models (GLMERs) were employed to assess the measured
variables' main effects and interaction effects on EC, and EC™ and the within and between site
variability as a random effect. The GLMERs demonstrated that incorporating multiple predictor
variables reduced unexplained variability, with specific interactions, such as GWC and ECe??, playing
crucial roles in explaining EC™ variability at particular depths. However, multicollinearity issues were
observed, primarily driven by the GWC-ECe®” interaction. The study also discussed the findings of
3D inversion maps of EC™, which provided detailed insights into spatial distribution patterns,
particularly when overlaid with topographic and soil variable data. Secondly, one-dimension and
three-dimensional maps 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 interpolate one-dimensional EC,

measurements into three dimensions.

Finally, the research delved into the implications of these findings for forest owners and their
management practices. It emphasised that while EC, technology 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 cost-effective tool for understanding soil
heterogeneity, offering repeatable and non-destructive measurements for informed land use
decisions. Overlaying spatial maps with additional geospatial data was recommended to

comprehensively understand soil variability within catchments.



Acknowledgements

Firstly, | would like to thank my supervisors, Dr. Michael Clearwater and Dr. Dean Meason, who have
supported me throughout my research. | am eternally grateful for your patience and advice and for
getting me across the finish line. | have learned a lot through the process, and the experience has

been invaluable. So, thank you so much for your encouragement and kind words; they meant a lot.

Thank you to my current and past colleagues at Scion (including but not limited to) Serajis Salekin,
Jen Owen, Richard Vili, Elijah Vili, Daniel Unteregger, Jairus Wano, Christine Dodunski, Russell
McKinley and John Henry. You were there to help with field and lab work and provided endless

emotional support and advice. Also, a big thank you to Scion for funding my research.

Thank you to the forest managers and organisations who granted me access to their properties and
enabled me to use data and access sites around the Motu. | want to thank my friends and family for
supporting me throughout my thesis. | could not have done this without your endless advice and
support from start to finish. To those who assisted with research or provided moral support, it meant

the world to me.

Finally, | would like to thank my husband, Damian, and Boonie, who provided endless love, support,

snacks, snuggles and encouragement.



Table of Contents

ADSTIACT ..o i

Yol g Lo LT 1=o Pl o Y=Y o U iii

LI ] o] (=) i 00 21 =1 0| £ PP iv

I o B ST LSRR X

[T Ao B 1= o1 LSS PRRRRPPPRRPRRRRRN Xiii

(@ o F=T o) (=T ol M VoY oY U ot o s TSPt 1

1.1 How forest soils differ from agricultural SOilS..........ceiviiiiiiiiiiiie e

1.1.1 The role of the forest canopy and [Itter......c..evveeciiiiiic e
O A = 1o Yo [T Y 1 RSP
O o To ] T V=o [=T o) o o TSP
1.1.4 Soil properties and SLIUCTUIE ....occuiiei ettt e e s e e e s srae e e ssabaeeesnnsaeeeens
R I o To Y or- [ o T o T 1Y o o PO SPSP

1.1.6 The implication of the difference in agricultural and forest SOilS........ccccceeevvveeriiieeeeccieenn.

1.2 Spatial heterogeneity of fOrest SOIlS .......ueiiiiiiii e e e

1.3 Understanding forest soil microsite heterogeneity and climate change.........ccccoecveeieiieeecnnnen.

1.4 Research aim and ODJECTIVES. ....ccccuiiiieiee et s e e e s abe e e e e abae e e esareeas

1.4.1 Overarching objective and research qUESTIONS.........ccccuviieeciiieeeiiiee e e

B I o V=Y LY A0 [ 0|

Chapter 2 : Previous research and knowledge Saps......cccveiieciieieiciiiie ettt e s 8

2.1 Introduction to geophysical sampling technology .......cccueviieiiiiiiicie e,

2.2 Dualem, electromagnetic induction, and general operation.........cccccceecieeeeciieeceeciee e,

B R 0 T U= 1| =3 o ISR PRSPPI
2.2.2 Electromagnetic induction and low induction numbers..........cccoccveiieiiiei e, 10
2.2.3 Depth of exploration and effective depth .........coccveiiroiiiii e, 11

W Gl o 1T =1 e T o 1T = 4 o) o U RRPRE 13



R o (el o = [ o o] | S 13

2.3 Applications of electromagnetic induction technology and factors affecting apparent electrical

oo ] Ve (8 Lot 4 1Y/ 1 42U 13
2.3.1 Overview of the applications of electromagnetic induction sensors ..........ccccceeeeeeeeeecnnnns 13
2.3.2 Overview of factors affecting apparent electrical conductivity.........ccccoeviviiieeiiicieeeennen. 14
2.3.3 Apparent electrical conductivity and soil teXtUre........ccceeeeeiieiiiiciee e, 15
2.3.4 Apparent electrical conductivity and earthworm abundance.........ccccceeeeiiiiiieeieieeecccinn, 16
2.3.5 Apparent electrical conductivity and macroporosity.......ccccecceeiivcieriiriieeecsiiee e, 16
2.3.6 Apparent electrical conductivity and soil organic carbon..........cccoceeeeecieeiecciee e, 17
2.3.7 Apparent electrical conductivity, vegetation cover and biological mats............cccueenneee. 17
2.3.8 Apparent electrical conductivity and salinity........ccccevecieeiiniiie i, 19
2.3.9 Apparent electrical conductivity and volumetric water content.......ccccceeeeeecivieeeeeeeeniinnns 20
2.3.10 Apparent electrical conductivity and crop yield and plant growth .........cccoceeeeiinrennneen. 22
2.3.11 Electromagnetic induction, geology and groundwater ..........cccccvueeeeecieeeeciieeeccciee e 23
2.3.12 Electromagnetic induction and artefacts........ccccveeieeiiii i 23
2.3.13 Apparent electrical conductivity, land use and land cover.........ccovveeeeeeieiciiiieeee e 24
2.3.14 Apparent electrical conductivity and temporal changes.........ccccoceveevcieeiccciee e, 24

2.4 Measurement protocol and interpolation of apparent electrical conductivity...........ccc.ec...... 25
2.4.1 MeasuremMeNt frEQUENCY ....cccuuiee i ceeee ettt eetee e e e tte e e e eatee e e e eabee e e e nbaeeeenabaeeeenrenas 25
2.4.2 Measurement ProtOCOIS.......ccuiii ittt e e s e e e e e e e e eaba e e e e areeas 25
2.4.3 Vertical electrical SOUNAING ......cciiiiiiiiieiie e e s e ree e e s e e e e e 26
2.4.4 Apparent electrical conductivity interpolation.........cccccveeeiciii e, 27

2.5 Soil sampling and other field and lab measurements for validating EMI data..............c.ec...... 27

2.5.1 Establishing a relationship between apparent electrical conductivity and factors affecting

apparent electrical CONAUCTIVILY ..oocvviiiiiiee e e e e e 27
2.5.2 Capturing the spatial variability of the study Site .......cccocceiiviieiiiiii e, 28
BT BT T ] o] (=3 LT o1 o T RURRNE 28
2.5.4 SOil SAMPIE @NAIYSIS ..ottt e e e e e e e e e e b rrr e e e e e e e e eannrnes 29



P R o 1 I =T 0] o J=T i 1 LU PRSP
2.5.6 Air temperature hysteresis and diurnal effects .......cccccvviiieiee i,

2.6 SUMMaAry and KNOWIEAZE PSS ..vivvviiiiiiiiiie ittt sttt e et e e s s e e s sbae e e s sbaeeessseeeessnnes

Chapter 3 : Study sites and background .........c.c.ceevviiiiiiiiiiiice e 33

I A AU o LYY 1 U
3.1.1 Past and current land use of Mahurangi forest and Te Hiku forest.........ccccccoeveviiineennnnen.
3.1.2 Climate of Mahurangi forest and Te Hiku forest ........ccocceiviieiiinciee e,
3.1.3 Geology, soils and topography of Mahurangi forest ........ccccceeeeieiiiiieeee e
3.1.4 Geology, soil and topography of Te Hiku FOrest........ccccoceiiieiiieiecciee et

3.2 Site selection, aCCESS ANA SETUP ...cccccuiiieeeiiiieeccieee e ecteee e eetre e e et e e e e stre e e e saraeeessasaeeesanseeeesnnsaneanns
3.2.1 SITE SEIECTION .ttt ettt sttt et st e s bt et e e sbe e sneeesbeeenne
3.2.2 Catchment SEIECHION ...couiiieiii ettt ettt e s b e sbae e sbeeenee
3.2.3 Cluster analysis and plot SEIECTION .........eeiiiiiee e e e
3.2.4 Plot eStabliShMENt .......ooiuiiiiiiee e st

3.2.5 Volumetric water content and soil temperature SENSOrs.......ccccvvcvveeeeeiieeeceiieeeeciee e

Chapter 4 : Factors influencing apparent electrical conductivity when using electromagnetic

induction technology to measure soil Properties.........cccvvieerceeiiiiinieeeeeeree e 40

L Y o o Yo [ Tt of oY IR
g I A o Y =1 o X Y

4.1.2 Ambient temperature, soil temperature and temperature hysteresis, instrument

LeMPErature anNd VOILAZE .....uviii i e e e e et e e et ae e e s sntae e e estaeeeeansaeeeeas
e O o F- T o1 (=Y o] o T =Tt {1V U UUR ROt
/0 IV, =1 d o To Yo [o] Lo =V 2SRt
/0 0 Y- 1o g o] [0 Lo ToF= | d o T VSRRt
4.2.2 Measurement of apparent electrical conductivity and ambient temperature ..................
4.2.3 Forest litter sampling and instrument temMpPerature.......ccccceeecveeeieciiee e
4.2.4 Litter gravimetric water content and litter density .......occccviiieeee e

4.2.5 Statistical @NalYSiS ..ueeiiieiiieciiiiiee e e e e e et aeeaeaeeaaas

vi



4.2.5.1 Drift caused by instrument, soil and ambient temperature and voltage......... 47
4.2.5.2 Statistical analysis of the presence and absence of forest litter..................... 47

4.2.5.3 Statistical analysis to assess the effect of litter variables on apparent electrical

CONAUCTIVITY 1ottt e et e e e ettt e e e et e e e 48
T YT U 4SRRI 49
4.3.1 Drift caused by instrument, soil and ambient temperature and voltage ........cccccceecvvveeennns 49
4.3.1.1 Summary STatistiCS.....ooviiiiiii 49
4.3.1.2 Analysis using Pearson correlation and generalised linear models ................. 51

4.3.2 The effect of the presence and absence of forest litter on apparent electrical conductivity

4.3.2.1 Summary StatistiCS......oviiiiiiii 54
4.3.1.2 Generalised linear model and likelihood ratio test.........ccccvvvvviiiiiiiiiiiiiiii, 56

4.3.2 The effect of litter gravimetric water content, thickness and density on apparent electrical

(oo Yo Vo [¥ ot 1Y/ 1 4V 2RSSR 57
4.3.2.1 Summary StatistiCS......oviiiiiiii 57
4.3.2.2 Analysis using generalised linear model ...........cccooeiiiiiiiiiiiiii e, 60
B4 DISCUSSION ettt ee ettt ettt e e e oottt e e e e e ettt e e e e e e e ettt reeaaeeans 62

4.4.1 Drift caused by instrument temperature, soil temperature, ambient temperature and

(0] 17 USSR 62

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

ThICKNESS AN ENSITY ...uviiiieiiiie et et e e e e et e e e e ta e e e e abaeeeeeasaeeesansseeeeansreeanan 63

Chapter 5 Using electromagnetic induction technology and software to predict soil texture and

moisture properties in forested catchmeNnts.......ccvevi i 64
5.0 INEFOTUCTION .ttt sttt et et et s e st e b e e r e n e s reesmeesaneennees 64
5.1.1 Geophysical sensing using electromagnetic induction ...........ccccoecveeieeciee e, 65
5.1.2 Forest soils and how they differ from agricultural SOilS..........cccooeiiiiiiciiiiieccee e, 65
5.1.3 Electromagnetic induction and forest soils........cccueviieiiiiiiiiiii e, 66
5.1.4 Quasi-3D inversion of apparent electrical conductivity.......ccoceeevviieiiiiiiiee e, 67
5.1.5 Chapter ODJECHIVES oo e e e e e e e e e e e e e seabare e e e s e e e e sannneens 68
5.2 IMEENOAS ..t e b e e et e e s r e e s reeesareeeane 68
5.2.1 Soil sampling and 1ab @analysis.......c..eeiieiiiiiiiii s 68

Vii



5.2.1.1 Soil Sample CollECTION .. ...coiiiiii e, 69

5.2.1.2 Gravimetric water content and sample preparation ..........cc.cccoeeveeeeiiieeeeennnn. 74
5.2.1.3 Particle fraction analysis and soil texture classification........c..ccceevvieeviniieennnn, 74
5.2.1.4 Electrical conductivity of 1-part sample to 5-part water......ccccceeevvieevinieeenne, 75
5.2.2 Statistical @NalYSis ....eeiiicuiiei e e e e e et e e e e eareeas 76
5.2.2.1 Exploratory analysis and assumption teStiNg........cccccevvviieiiiiiiieeiiiiec e, 76
5.2.2.2 Calculating weighted means of measured soil variables ...........c....coeiien. 77

5.2.2.3 Statistical analysis to assess if variables affect apparent electrical conductivity78

5.2.3 Visualisation of modelled and apparent electrical conductivity using ordinary kriging and

INVEISION SOTEWAIE ..ottt ettt sttt ettt e b e s b e sbe e st e et e e sbeesbeesaeesanenas 80

5.2.3.1 Mapping apparent electrical conductivity using ordinary kriging.................... 80
5.2.3.2 Mapping apparent electrical conductivity using laterally constrained 1D inversion

SOTEWAIE 1 81
5.2.3.3 Using quasi-3D inversion software to model electrical conductivity............... 81

XY= ToT g I oY= 1= L= =] N 81

INTEIAL MO ...ttt st e bt st et e bt e sbeesaeesaee e 82

INVEISION MOTEI ..ottt et e st e st e s bt e e sabeesbeesnteesabeeenns 82

(G To o T aT=41 0 gTeTo =] ST UPR 82

5.3 RESUIES .ttt h ettt b e bt e s h e s ae e et e bt e bt e be e beesaeeeaeeenrean 83

5.3.1 SUMMArY StatiStiCS . c.cuuiiiiiiiiiiiiiiiiiccc e 83

5.3.1.1 Soil gravimetric water content and electrical conductivity of a 1-part soil to 5-part

WATEE SOIUTION 1ottt e e 83
5.3.1.2 Particle fraction analysis .......c..ooiiuiiiiii e, 83
5.3.1.3 Weighted means of all measured soil variables .........cccc.ccoeiviiiiiiiiic e, 86
5.3.1.4 Modelled electrical cONAUCEIVITY ..oooviiiiiiiiieecie e 88
5.3.2 Using apparent electrical conductivity as a predictor of soil variables ...........cccccvveeennenn. 89

5.3.2.1 Generalised linear mixed effects model selection using Akaike Information Criterion
corrected for small sample size for response variable apparent electrical conductivity and
weighted means of predictor variables ..o, 89

5.3.2.3 Mapped apparent electrical conductivity using ordinary kriging and 1D laterally
CONSEIAINEA INVEISION L.ttt e ettt et e et e et eetbeesnbeeaneaee e 94

5.3.3 Using modelled electrical conductivity as a predictor of soil variables.............cccuueeenne.e. 97
5.3.3.1 Generalised linear mixed effects model selection using Akaike Information Criterion
corrected for small sample size for response variable apparent electrical conductivity97

5.3.3.2 Assessing selected generalised linear mixed effects models for response variable
modelled electrical CONAUCTIVITY........oiiiiiiiiiii e, 103



5.3.3.3 Mapped modelled electrical conductivity using quasi-3D inversion software107

o B 1L o{ U Y [0 o D PSP PP P PP PPPTPPUPPRE 115
5.4.1 Complexity Of sOil VAriables .........ccueeeiiiiiiiciiee et et 115

5.4.2 Weighted mean and apparent electrical conductivity and modelled electrical conductivity

.................................................................................................................................................... 117
5.4.3 Mapped electrical conductivity using quasi-3D inversion software..........cccccveeeeeeeecnnnnes 119
(0 0T o) { =T ol ST o Vol [V 1] o o PP 122
6.1 INEFOTUCKION ..ottt ettt st sttt e b e s b e s bt e sateeate et e e sbeesnee e 122
6.2 Instrument voltage, ambient, soil and instrument temperature on and drift in apparent
LY 1=Tot d g Tor=1 W ele Y g o I¥ ot 1Y/ 1 oY TP 122
6.2.1 Requirement of correction factor to compensate for instrument drift...........cccecveeenis 122
6.2.2 The effect of forest litter presence and abSENCE ........cccvveeeiciiiiicciiee e 123
6.2.3 The effect of litter gravimetric water content, thickness, and density on apparent
<1 [=Yotd g Tor=1 W oleY g Yo [¥ ot u 1Y/ 1 oY USROSt 123
5.2.4 DiSCUSSION e iuuiiieiiiutieee ettt et ettt e ettt e e s eb et e e s ebe e e e s sabe et e ssaseeeesaabaeeessaseneesaaseeeessneeeessnneneesaanen 123

6.3 Apparent electrical conductivity and modelled electrical conductivity as a predictor of soil

gravimetric water content, 1-part soil to 5-part water solution and percentage of clay, fine sand

anNd Medium SAN PArTICIES ... .viiieeee e e et e e e et e e e e aree e e eabae e e enbeeeeenarenas 124
6.3.1 Apparent electrical conductivity as a predictor of soil variables..........ccccceeecvveiieciiennnns 124
6.3.2 Modelled electrical conductivity as a predictor of soil variables.........cccccevveiviiiicinnnnns 125
6.3.3 DISCUSSION...ciiiiiiiiiiiiit ittt sab e b e s aa e sba e saa s 127
6.4.4 Implications for forest ManNagemMEeNT ........ccocciiiiiiciii ettt e e e 128
6.4.5 Implications fOr fULUre StUAIES........ueieieciiiee et e e bre e e e eanes 130

REFEIEINCES ...ttt sttt et e r e st sae e s r e sar e e n e neennees 132



List of Figures

Figure 2.1.

Figure 2.2.

Figure 2.3.

Figure 2.4.

Figure 2.5.
Figure 2.6.

Figure 3.1.

Figure 3.2.

Figure 3.3.

Figure 4.1:

Figure 4.2.

Figure 4.3.

Figure 4.4.

Figure 4.5.

DualEm array with one transmitter (Tx) and receiver coils (Rx) pairs with windings
oriented in horizontal co planer (HCP) and perpendicular co planer (PRP) (DualEm, 2014)
(above). DualEm-1 in use at Scion’s Kauri nursery in Rotorua, New Zealand (below)...... 9

Graphics showing the process of electromagnetic induction is generated through a soil
medium using the DualEm (Tang et al., 2020). ......covveeeciieeciee e 10

Cumulative sensitivity of HCP and PRP receivers as Tx — Rx separation (Array-length) and,

therefore, depth of exploration increases (DualEm, 2014). ......cccvvveeeecreeeeecieeeeecieee e, 12
Typical ranges of conductivities (mS/m) of earth materials (Palacky, 1988).................... 15
DualEm-2 Elevator for vertical electrical sounding (VES) (Tang et al., 2020). ................... 26

Decreasing sensitivity (left) and apparent electrical conductivity (right) of the DualEM-1

to earth’s conductivity as the depth of air (left) or the height of the DualEm-1 (right)

NI @SS, . uitteeteeee e ettt et e e e e e e et te e e e e s e et et e e e e e e e e e nnbeeteeeeee e bb b et e eeeeeeeanereeeeeeeeeeannnnee 27
Study sites located in the North Island of New Zealand............cccceeieiiiiiiien e, 33
Cluster analysis procedure produced by Salekin (2021)........ccccccoieeiiieeeecceee e, 38

Installation of TEROS11 combined soil volumetric water content and soil temperature
SeNsSOrs at Mahurangi FOrEST. ....uuiii it e e 39
Appropriate sample locations within a plot for both electromagnetic induction and
destructive Soil SAMPIING. .....veii i e s 44
Measuring litter thickness at the centre of the DualEm-1 tube using a rigid measuring
tape. Site (Mahurangi), Plot (12) and thickness were recorded ..........cccoceevvieeeiveennennns 45

Box plot of measured variables which may cause drift in apparent electrical conductivity.

Bar chart of apparent electrical conductivity at 50cm (grey) and 160cm (green)
cumulative depths measured in each plot (secondary y-axis) and ambient (blue
triangle), instrument (yellow square) and soil temperature (red circle) (primary y-axis) at
time of measurement at Mahurangi Forest (top) and Te Hiku forest (bottom). Plots
were not measured in numerical order. Therefore the measurement sequence on the x-
axis shows the order in which measurements were taken to create a time series.......... 51

Scatter plots of Mahurangi (circle) and Te Hiku forest (triangle) apparent electrical

conductivity (y-axis) at cumulative depths 50cm (left) and 160cm (right) for ambient


file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553723
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553723
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553723
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553724
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553724
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553725
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553725
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553726
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553727
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553728
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553728
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553728
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553729
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553730
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553731
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553731
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553732
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553732
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553733
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553733
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553734
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553734
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553735
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553735
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553735
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553735
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553735
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553735
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553736
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553736

Figure 4.6.

Figure 4.7.

Figure 5.1.
Figure 5.2:

Figure 5.3.
Figure 5.4.

Figure 5.5.

Figure 5.6.

Figure 5.7.

Figure 5.8.

Figure 5.9.

Figure 5.10.

Figure 5.11.

temperature (A & B), soil temperature (C & D), instrument temperature (E & F) and
(Vo] 1= (CIr= Y Vol | TSRt 53
Box plot of apparent electrical conductivity in the presence and absence of forest litter at
cumulative depths to 50cm and 160cm showing median line........cccoeeeeecieeiccciee e, 54
Box plots of forest litter variables collected from Mahurangi and Te Hiku Forest with line
SHOWING the MEIAN. c..eiiiiiiie e s s e e e sreeas 59
Root excavation of a 25 year old P. radiata (Phillips et al., 2023). ......ccccevveevvieecieecieeens 66
Soil cores were taken in 30cm lots regardless of soil profile/texture boundaries. Photo
courtesy of JEN OWENS (2022). ....eeeiiiieiieeeiee e eieeertte e seeeee e sre e s te e e snteeetaeesateeeraeennees 69
Components of the particle fraction analyser CAMSIZER ®(Microtrac, 2020). ................. 75
Box plots of soil gravimetric water content (left) and electrical conductivity of a 1:5
SOIIWALET SOIULION ..ttt st st 84
Box plot of modelled electrical conductivity for Mahurangi and Te Hiku at three sample
depths 0 —30cm, 30 — 60cm and 60 — 90CM. .......ueieeeiieeeeeiiee et e e e e e 89
Mahurangi Forest apparent electrical conductivity at 50cm and 160cm cumulative depths
(rows) using 1D inversion software (left column), ordinary kriging in ArcGIS Pro (centre
= oL =) i olo] 1V T0'0Y o 1) PO PSR 95
Te Hiku Forest apparent electrical conductivity at 50cm and 160cm cumulative depths
(rows) using 1D inversion software (left column), ordinary kriging in ArcGIS Pro (centre
and left columns) using a fine scale colour ramp (centre) and the same colour ramp as
Mahurangi Forest while to help highlight minute spatial heterogeniety. ..........cccuuc..... 96
Scatter plots of (log™ transformed) modelled electrical conductivity (y-axis) and electrical
conductivity of a 1-part soil to 5-part water solution, gravimetric water content, clay,
silt, fine sand and medium sand particle percentage (X-axis).....ccccceeevvveeeeciieeeecieeeeenns 102
Quasi 3D inversion map of Mahurangi Forest at three depths 30cm (top), 60cm (middle)
= 0o [0 ol 3 TR PSP P R OPR R PUPTOPRPPPINS 109
Mahurangi modelled electrical conductivity (mS/m) for sample depths 0 —30cm, 30 —
60cm and 60 — 90cm, overlaid on hillshades with percentage clay, silt, fine sand,
medium sand gravimetric water content and electrical conductivity of a one-part soil to
5-part water solution at each plot where larger circles indicate larger
PEICENTAZES/QUANTITIES. 1eeiveeireeiiieiiiecre et et eetee st e eeeereeebeesteesteesteeeaseeaseerseesseesseessnesaneees 111
Te Hiku forest modelled electrical conductivity to 30cm (top), 60cm (middle) and 90cm
(bottom) with increased gridding and smoothness (left) and reduced gridding and

SMOOLNNESS (FIZNT). ooeveieiiieeiee ettt e et e e sbe e e sabe e sabaeeebaeesabeeenns 112

xi


file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553736
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553736
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553737
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553737
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553738
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553738
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553739
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553740
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553740
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553741
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553742
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553742
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553743
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553743
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553744
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553744
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553744
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553745
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553745
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553745
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553745
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553746
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553746
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553746
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553747
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553747
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553749
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553749
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553749

Figure 5.12.

Figure 5.13.

Figure 5.14.

Figure 5.15.

Te Hiku Forest electrical conductivity at 90cm overlaid on an aerial basemap and
hillshade and zoomed into the region with higher, modelled electrical conductivity
levels. Dots indicate plots and larger point size indicates higher levels of gravimetric
WALl CONTENT. oottt 113
Te Hiku Forest modelled electrical conductivity (colours) and ECe'® (points) at 90cm are
overlaid on an aerial base map and hillshade. Plot locations are marked with points.
Point size relates to increases in medium sand-sized particles. ........cccceeveeeirvceeeennnneen. 113
Te Hiku Forest modelled electrical conductivity at 90cm overlain on a hillshade of the
catchment. Plot locations are marked with points. Point size indicates the
increasing/decreasing amounts of fine sand (A), clay-sized particles (B) and electrical
conductivity of a 1 part soil to 5 part water solution (C). .....cceeeevieeeeciieeeccieee e 114
Variable source area as described by Bren (2016) in (Amatya et al., 2016), whereby the
darker parts of the catchment have a higher probability of contributing to the darker

parts of the hydrograph than the paler colours..........ccooecieeiicei e, 119

xii


file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553750
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553750
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553750
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553750
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553751
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553751
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553751
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553752
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553752
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553752
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553752
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553753
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553753
file:///C:/Users/ladp/Downloads/0220281_PriscillaLad_11122023_PL07.docx%23_Toc153553753

List of Tables

Table 2.1.

Table 3.1.

Table 3.2.

Table 4.1.

Table 4.2.

Table 4.3.

Table 4.4.

Table 4.5.

Table 4.6.

Table 5.1.

Table 5.2.

Table 5.3.

Table 5.4.

Table 5.5.
Table 5.6.

Effective depth, depth of exploration and low induction number limits for the DualEm-1
(DUBIEM, 2014) ..ttt sttt sttt b e et e st sbe e e sbesat e besbeebesbeeabesbeeaeens 12
StUAY Site tEIMINOIOZY .evveee et et e e e et te e e e e bt e e e e e bteeesebeaeeeeanes 34
Study site location, climate, land use, soil and geology summary. ........ccccceeecvvveeeecieeeennns 34
Summary statistics of variables that may cause drift in apparent electrical conductivity at
Mahurangi Forest (3) and Te Hiku FOrest (4)....ccceevureiieeeceeerieecieeeceeestee e evee e 50
Pearson Correlation Coefficient and p-value (in brackets0 for variables affecting apparent

electrical conductivity at Mahurangi and Te Hiku Forests at cumulative depths 50cm and

1570 T o o TR PO PP PPPPOPIN 52
Summary statistics of apparent electrical conductivity (mS/m) in the presence and
absence of forest litter (LFH) at two cumulative depths at Mahurangi and Te Hiku. ........ 55
Results of analysis of variance (ANOVA) of the effect of litter (LFH) presence using log-
transformed apparent electrical coNAUCEIVITY ......coceeiiiiieiiiiie e 56
Summary statistics for litter variables at Mahurangi (3) and Te Hiku (4)......ccooceeeeiiieeenens 58
Summary of the generalised linear model using the main and interaction effect of all litter

variables as predictors of apparent electrical conductivity to 50cm and 160cm cumulative
Lo 1=T o) i o TRt 61
Soil auger samples from the centre of each of the 25 plots at Mahurangi Forest for depths
0 - 30 (left), 30 - 60cm (centre) and 60-90cm (right) in order of highest to lowest apparent
electrical conductivity to a depth of 160CM. ......ooivciiiiiiiiiiie e 70
Soil auger samples from the centre of each of the 25 plots at Te Hiku Forest for depths O -

30 (left), 30 - 60cm (centre) and 60-90cm (right) in order of highest to lowest apparent

electrical conductivity to a depth of 160CM. ......coovciiiiiiiiiiie e 72
Pearson's product-moment correlation coefficient to determine which variables should
remain in subsequent analysis to reduce multicollinearity ..........ccccceeecveiieecieeeccciee e, 77
Input data for ordinary kriging for apparent electrical conductivity at sites Mahurangi and
Te Hiku for cumulative depths 50cm and 160CM. .......c.ceeeeeiiieeeeiiiee e e e 80
Parametisation of quasi-3D inversion MOodel...........ccooeuiiiiieiiii e 82

Summary statistics of gravimetric water content (GWC), electrical conductivity (ECe??)

Mahurangi anNd T HiKU......uueiieiiiieiiiie et e e e e e e erbare e e e e e e e e ennnnes 84

Xiii



Table 5.7. Summary statistics of particle fraction analysis showing the percentage number of
particles per sample by site, depth range and particle Size........cccooeeeeviieiieeciee e, 85
Table 5.8. Summary statistics of weighted means of gravimetric water content (GWC), the electrical
conductivity of a soil water solution (EC1:5), and percentage number of clay, silt, fine sand
and medium sand particles per sample at depth ranges 0 - 60 and 0 —90........................ 87
Table 5.9. Summary statistics of modelled electrical conductivity (mS/m) for Mahurangi and Te Hiku
FOPEST. i e e e raaee 88
Table 5.10. Summary of generalised linear mixed effects models using one predictor variable. ...... 90
Table 5.11. Generalised linear mixed effects models using weighted means of predictor variables for
depth range 0 - 60cm for the response variables apparent electrical conductivity to 50cm
(=Yg I Ta Lo I KoY 0Tl o TN (=4 o1 o SRR 92
Table 5.12. Generalised linear mixed effects models using weighted means of predictor variables for
depth range 0 - 90cm for the response variables apparent electrical conductivity to 50cm
(=Yg I Ta Lo I KoY 0Tl o TN (=4 o1 o SRS 93
Table 5.13. Generalised linear mixed effects models for modelled electrical conductivity at 0 — 30, 30
— 60 and 60 — 90 dEPLh FANEES........oiieciiee et e e e e bee e e e araeas 98
Table 5.14. Summary of generalised linear mixed effects models for response variable modelled
L1 =To d g Tor=1 I oleYa Yo I¥ ot {1V 1 4V 2P 103
Table 5.15. Generalised linear mixed effect model for modelled electrical conductivity at a depth
FANEE OF 0 = B0CIM .etiiiiiiiieee et e et e e e et e e e e sbt e e e s sbteeessbteeesssteeasssteaesnnes 104
Table 5.16. Generalised linear mixed effects model for modelled electrical conductivity for sample
depth range 30 - BOCM. .. .uuiiiiiiiiie ettt et e e e sta e e e e satr e e e ssatreeesnssaeeesansreeeean 105
Table 5.17. Generalised linear mixed effects model for modelled electrical conductivity for sample

depth range 60 - QOCM. ......iii ettt e et e e et e e e et e e e e ba e e e e abeeeeesaseeeesessaeeeenssreeenan 106

Xiv



Chapter 1 :

Introduction

Forest soils are essential components 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 world (Neary et al., 2009). These highly complex and diverse soils support
various biological, chemical, and physical characteristics crucial for sustaining healthy forests and

delivering high-quality 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 also play an integral role in nutrient cycling (Neary
et al., 2009). They act as carbon sinks for carbon sequestration — an 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, storing, filtering, and releasing water into groundwater aquifers,
streams and rivers. All are essential for maintaining healthy watersheds and supporting aquatic

ecosystems (Williams, 2016).

Studies conducted in New Zealand planted forests typically identify soil properties using resources
such as S-MAP and The New Zealand Fundamental Soil Layer (FSL), which uses data from the New
Zealand Land Resources Inventory and the National Soils Database (Manaaki Whenua - Landcare
Research, 2019, 2023). These tools delineate homogenous polygons of soils down to soil type
(Landcare Research Ltd, 2000), and 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, difficult-to-access
terrain. This makes soil sampling and surveying challenging to accurately capture the heterogeneity
of forest soils over the landscape and at depth. In addition, soil sampling is destructive, cannot be

replicated, and individual samples may not represent the soil properties in situ.

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 between soil-forming
factors such as parent material, time, landscape position, organisms and climate (Jenny, 1941; Neary
et al., 2009) and chemical, physical and biological soil properties such as soil structure, nutrient
availability and the accumulation of humus (Von 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 disturbance (Neary
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, which overlies a semi-decomposed humus
layer (Intergovernmental Panel on Climate Change, 2000). The 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 precipitation (Brandon, 2014; Williams, 2016).

In contrast, pasture and cover crops in agriculture 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 remain bare 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 matter, humus, 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 services. In
contrast, a few crop species often dominate agricultural soils, limiting 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 properties (Balneaves & De La Mare, 1989) and tend to be
more extensive than those in agricultural systems (Neary et al., 2009; Thorup-Kristensen 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, respectively (Neary et al., 2009; Thorup-Kristensen 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 soil (Marden et al., 2016) and can increase to an average of 2.6 m depth by age 25
(Watson & O’loughlin, 1990). P. radiata root networks have been 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 diameter (Marden

et al., 2016; Watson & O’loughlin, 1990).

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 more clearly defined 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 horizon (Intergovernmental Panel on Climate
Change, 2000; Von Wilpert, 2022). Ploughing and other land and crop management practices can

affect macroporosity and soil physical properties.

Soil pores larger than the microscopic scale are called macropores (Allaire et al., 2009), while a
connected chain of macropores is called 'soil pipes' (Uchida et al., 2001; Williams, 2016). In forest
soils, macropores and soil pipes typically occur as a consequence of vertical and lateral live and
decayed tree root systems, bioturbation, floral and faunal pedoturbation, and large cracks and
fissures in both soil and bedrock (Allaire et al., 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 processes (Allaire et al.,
2009; Aubertin, 1971; Uchida et al., 2001). Macropores also allow forest soils to be well aerated, an

important factor in plant growth and soil health (Landcare 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 yield (Landcare Research Ltd; Sparling et al., 2008). In agricultural
environments, soils typically have low macroporosity. They are at a higher risk of soil compaction by
stock and vehicles (Landcare Research Ltd), where soils regularly tilled and ploughed will have fewer

macropores as the soil structure is destroyed (He et al., 2009).

1.1.5 Landscape position

In New Zealand, the placement of production forestry is typically on steep, erosion-prone 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 slopes (Lynn et al., 2009). Forests and their understory
vegetation are well suited to steep, erosion-prone land as the tree roots help anchor and stabilise
slopes, and the trees help reduce water stored on slopes through evapotranspiration (Brandon,
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 soils is largely unknown (Amatya

et al., 2016).

1.1.6 The implication of the difference in agricultural and forest soils

As noted above, a complex interaction of soil-forming factors and biological, chemical, and physical
characteristics makes forest soils different from agricultural soils. Therefore, models applied to
forested catchments based on agricultural soils can become difficult to use (Bren, 2016) and 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 soils because of their heterogeneity (Allaire 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 range of topographic indices when selecting sample locations (Salekin et al., 2021a).



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

elevation, curvature, wind exposure and wetness (Salekin 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 and wind. These erosion agents may cause
higher weathering rates, meaning shallower and poorly developed soil. However, in the same
catchment, soils may be well-formed, water-logged, or have different parent material at lower

elevations. With this in mind, soil sampling must be conducted to capture this spatial heterogeneity.

1.3 Understanding Forest soil 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 mitigate the impacts 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 perspective (Brandon, 2014). Planted forests have
historically been used on erosion-prone land for stabilisation and flood mitigation (Brandon, 2014;
Lynn et al., 2009). While overland flow may be prevented in forested catchments during low and
medium-intensity and duration precipitation events, they are ineffective during storm events of
larger magnitudes with high-intensity precipitation. At best, flood mitigation appears localised
(Bathurst, 2014; De Jong, 2016). With 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 should be planted, where 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 unavailable (De 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 localised scale is necessary.



Therefore, a more efficient, low-cost, non-destructive approach to mapping forest soil properties
would be helpful 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 heterogeneity of soil properties. If so, this thesis
can serve as a 'toolbox' for measurement protocols and analysis for forest owners interested in low-
cost, time-effective methods of understanding microsite heterogeneity in their forest soils to guide

management practices. To 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 DualEm-1?

3. Can model electrical conductivity using quasi-3D 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 low-cost, time-efficient, 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 chapter also recognises key knowledge gaps
and the importance of further research, particularly into using this technology in forested

environments.



Chapter three provides site history, geology, 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.

Chapter five uses statistical analysis to understand the relationship between measured soil variables
and apparent electrical and modelled electrical conductivity. Spatial analysis of the relationship
between soil variables and apparent electrical conductivity and modelled electrical conductivity
using ordinary kriging and 1D-laterally constrained inversion software to map apparent electrical
conductivity as well as using quasi-3D inversion to modelled electrical conductivity. Finally, this
section discusses the implications of this research for forest managers who want to understand the

microsite variability of 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 non-destructive geophysical methods are increasingly being used to expedite the
measurement of soil properties and soil monitoring. Almost without exception, studies using non-
destructive geophysical methods for soil monitoring and soil property measurements champion this
technology as the time and cost of sampling are significantly reduced compared to traditional soil
sampling methods. Examples of non-destructive, geophysical sampling technology used include the
use of ground penetrating radar (GPR), 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 vehicle 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 dismantling before and after measurements are
taken. In some cases, for example, the VERIS 2000XA ER type sensor, the instrument must directly
contact moist soil during measurements to a depth of 2.5 to 5 cm (Veris Technologies Inc, 2010).
The DualEm (DualEm Inc, 2010) can take non-destructive, 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 difficult-to-manoeuvre and 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 investigations (DualEm, 2014)
including, but not limited to, archaeological exploration and resource exploration (DualEm, 2014;
Tang et al., 2020), soil contamination and precision agriculture (Farooque 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 pipes (McNeill, 1980).



Each DualEm holds one electromagnetic (EM) transmitter (Tx) and dual geometry pairs of EM
receiver coils (Rx) with the windings oriented horizontal co-planer (HCP) and perpendicular co-planer
(PRP) to the transmitter (DualEm, 2014). Tx and Rx sensors are encased in a non-conductive,
fibre/resin composite tube (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 DualEm-1 (the sensor
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 DualEm-2 has one pair of Rx sensors with a 2m array length. Some DualEm devices have
multiple Rx pairs. For instance, the DualEm-421 has three pairs of Rx sensors with 4m, 2m and 1m
array lengths. The array length is important as this affects the depth of exploration and effective

depth, which will be discussed in Section 2.2.3.

|
Te| = Re {111}
l PRP '

Figure 2.1. DualEm array with one transmitter (Tx) and
receiver coils (Rx) pairs with windings oriented in
horizontal co planer (HCP) and perpendicular co planer
(PRP) (DualEm, 2014) (above). DualEm-1 in use at Scion’s
Kauri nursery in Rotorua, New Zealand (below).



2.2.2 Electromagnetic induction and low induction numbers

The sensors operate under low induction numbers (LIN), allowing surfaces that are typically
non-conductive or have low conductivity, such as soil and rock, to be measured using EMI
(DualEm, 2014; McNeill, 1980). Electromagnetic induction works when an alternating
current at a frequency of 9-kHz (DualEm, n.d.) is generated within the Tx coil, which creates a
primary magnetic field (Hp) within the soil profile when placed on the earth (Figure 2.2)
(McNeill, 1980; Tang et al., 2020; Wait, 1962). Since most soils can conduct or accumulate an
electrical charge, a time-varying magnetic field arises from the alternating current in the
transmitter coil. This induces very small eddy currents (secondary alternating currents) in
the earth, which generate a secondary magnetic field (H;)(Figure 2.2) (McNeill, 1980; Tang
et al., 2020; Wait, 1962). The Rx coils detect Hs together with the primary magnetic field,
and a ratio of H,, to H; is used to calculate apparent electrical conductivity (EC,, mS/m)

(Figure 2.2) (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

Figure 2.2. Graphics showing the process of electromagnetic induction is generated through a soil
medium using the DualEm (Tang et al., 2020).
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Equation 1. Calculation of apparent electrical conductivity using the ratio of the primary
and secondary magnetic field (McNeill, 1980).

Hy  iwp 0S*
H, 4

(1)

EC = 4 H,
“ wu,or H,

(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 DualEm-1 (the series of DualEm used in this study) comprises one Tx and one pair of dual
geometry Rx sensors simultaneously measuring cumulative EC, to two depths, 50cm and 160cm.
The depths to which the Rx sensors reach depend on the depth of exploration and the effective

depth (DualEm, 2014) (Table 2.1).

The effective depth (ED) of a DualEm is the depth to which a Tx — Rx configuration or array length
accumulates half of its total sensitivity (DualEm, 2014). For the DualEm-1, the ED is 0.3 m for the

PRP array and 0.9 m for the HCP array (Table 2.1) (DualEm, 2014).

The depth of exploration (DOE) is the depth to which an array length accumulates 70% of its total
sensitivity (DualEm, 2014). The DualEm-1 has a DOE of 50cm for the PRP array and a DOE of 160cm
for the HCP array (Table 2.1) (DualEm, 2014).
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Table 2.1. Effective depth, depth of exploration and low induction number limits for the DualEm-1 (DualEm, 2014).

. . Transmitter — Low induction
Receiver coil . . . Depth of ..
. . 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 length (Figure 2.3). 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 (Figure 2.3)(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 outlined in Sections 2.2.5 and 2. 3.

The height of the Dualem above the earth's surface also affects the EC, signal. It is assumed that
ambient air has an EC, of zero with an increase in the height of the DualEm above the earth's

surface, there is a decrease in DOE(DualEm, n.d.; Serrano et al., 2014).

100
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20 ++
104/

Cumulative Sensitivity (%)

0 0.5 1 1.5 2
Depth (Array-lengths)
———HCP = = = PRP
Figure 2.3. Cumulative sensitivity of HCP and PRP
receivers as Tx — Rx separation (Array-length) and,

therefore, depth of exploration increases (DualEm,
2014).
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2.2.4 General operation

The DualEm can run in two modes: automatic 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 are set 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 sites (Dabas 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 collected by DualEm's accelerometer
simultaneously with each measurement (DualEm, 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 vehicles, humans, or other artefacts), non-target soil and other
factors influence the signal. Therefore, the roll of the instrument provides the most
significant change in EC,. Since this variable can be measured, the instrument's

recommended roll is no more 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 applications of electromagnetic induction sensors
Electromagnetic induction technology has been used in different environments because of
the ease with which the technology can capture small and large-scale variability of soil
properties across study sites. These include but are not limited to, agricultural and pastoral
land with a variety of crop covers, orchards (Urdanoz & Aragiiés, 2012), vineyards (Lardo et
al., 2012), cacao plantations (Caires et al., 2014; Silva et al., 2021) and wetlands (Atwell 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 plots (Bréchet et al., 2012), another in

marsh forest land in the humid tropics of Trinidad (Atwell & Wuddivira, 2019), a third in an
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Eucalyptus plantation in western Australia affected by saltwater intrusion (Bennett &

George, 1995) and two studies in New Zealand, the first in the central North Island in a P.
radiata (D. Don) nursery (Lad et al., 2019) and 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,
EC,, 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 apparent electrical conductivity

The apparent electrical conductivity (EC,) values calculated by electromagnetic induction
(EMI) sensors are an "integrated value based on the depth-related sensitivities of the
instrument and the depth dependant drivers of conductivity" (Hossain et al., 2010).
Fluctuations in soil EC, 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, soil-water
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 (soil moisture content, the degree of
saturation, rainfall), land management (tillage regimes, irrigation, drainage, land
degradation, land use changes) (Atwell & Wuddivira, 2019) and anthropogenic artefacts
(buried objects, soil disturbances, archaeological artefacts) (Callegary et al., 2007; Mari,
2020; McNeill, 1980; Palacky, 1988). Topographic features such as elevation, aspect and
slope indirectly affect EMI, given 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 induction (EMI) signals by increasing or
reducing soil resistivity (Figure 2.4). Finer-grained soils (clays and silts) are more conductive
and, therefore, have higher conductivity than coarser-grained soils (sands and gravel).
Because of this, EMI technology is used to better understand the spatial variability of soil

textural properties for varying purposes.
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Figure 2.4. Typical ranges of conductivities (mS/m) of earth materials (Palacky, 1988).

The DualEm-2 (refer to Section 2.2.1 details regarding DualEm versions) was used by De
Smedt (2011) to model the depth to a sandy substrate to identify buried river systems (De
Smedt et al., 2011). Triantafilis et al. (2011) used the DualEm-421 (refer to Section 2.2.1 for
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 an ex-waste site from World War Il in South
East Sydney (Roe et al., 2010; Triantafilis et al., 2011). While Saey et al. (2009) used the
DualEm-21s 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 loess in Heerstert, 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 factors. Three studies
looked at quantitatively predicting earthworm populations in a vineyard with varying cover
crop and nutrient/pesticide regimes (Lardo et al., 2012), arable land rotating maise and
cereal (Joschko et al., 2010), and in a tilled, arable field (Valckx et al., 2009). Earthworms
influence soil structure by forming macropores and can decrease bulk density and available
moisture content while increasing soil aggregate stability (Lardo et al., 2012). Valckx et al.
(2009) refer to earthworms as ecosystem engineers who "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 with EC, 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 with specific soil characteristics, such as organic matter content, physical
and chemical properties, soil volumetric water content and management practices (Valckx et
al., 2009). These characteristics affected EC, signals and were therefore determined as a
proxy for understanding where earthworms reside. The more favourable the habitat, the
more abundant earthworm presence was (Joschko et al., 2010; Lardo et al., 2012; Valckx et

al., 2009).

Joschko et al. (2009) examined the change in soil textural properties on tillage and whether
the texture difference affected earthworm spatial distributions. Joschko et al. (2009) found
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 earthworm abundance increased in
localised regions of finer textured soil under a reduced tillage regime, yet no uniform

response to a reduced or conventional tillage regime (Joschko et al., 2009).

2.3.5 Apparent electrical conductivity and 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 hydrology (Trojan & Linden, 1998).
Despite earthworm engineering altering macroporosity and bulk density, the above studies
did not test macroporosity as an influencing factor of EC,. Trojan and Linden (1998) also
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 water vertically and horizontally and store water, meaning forested catchments
rarely experience runoff. These pipes form from various turbation processes, predominantly
from the growth and decay of large roots. When rainfall occurs, the "old water" stored in
macropores is pushed out into storm flow or groundwater and makes way for "new water"
(Amatya et al., 2016; McDonnell, 2009). The storage of water in these macropores, or lack
thereof, could alter the EC, signal. Macropores that are dry or predominantly air-filled could
reduce ECa, and macropores that are predominantly wet could increase EC,. 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 (EC,), which has been used for spatial estimations of SOC. Martinez et al. (2009)
found that EC, could explain >25% of spatial variation in SOC (Martinez et al., 2009). Huggins
and Uberuaga (2010) showed only a weak relationship between EC, and SOC at shallow
depths (0 — 30 cm) and no significant relationship at deeper depths (30 — 153 cm). However,
both Huggins and Uberuaga (2010) and Terra et al. (2004) found EC,, along with slope,

elevation and other topographic indexes, could explain 50% - 57% of SOC variability.

2.3.7 Apparent electrical conductivity, vegetation 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. (2014) investigated the effect of vegetation cover on EC,
measurements using two types of sensors: a resistivity sensor and the DualEm. In this
scenario, vegetation cover was both ungrazed and grazed pasture measured in February
2012 and February 2013, respectively. The DualEm’ s mean EC, signal was more sensitive to
changes in vegetation or crop cover as EC, 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 resistivity 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 at the 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, in reality, soil physical and
chemical properties are heterogenous both horizontally and down a soil profile (McLaren &
Cameron, 1996). The study notes that soil moisture content was lower during the 2012
ungrazed season and higher during the 2013 grazed season. Apparent electrical conductivity
was measured on the same day in February 2012 and 2013, and the study did not go on to
establish if soil moisture content was affected by grazing. However, 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 changes in EC, 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 affect EC,, to what extent does it affect EC, in a forest
environment? The forest floor hosts an accumulation of litter from the understory and
canopy, fine root and microbial activity (Ogée & 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 conductivity (Amatya et al., 2016). "Litter

tissue alone can account for more than 70% of above-ground litter fall in forests with the rest
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composed of stems, small twigs and propagative structures" (Krishna & Mohan, 2017). The
litter layer, in particular, is a source of water vapour, heat and CO; and is an exchange point
between underlying soil and overlying air (Ogée & Brunet, 2002). The litter layer comprises
rapidly draining, undecomposed leaves, twigs, and humified matter, all with water 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 litter layer. Including this factor in their
models meant they could better reproduce observed results at sites (Haverd & 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 increase the EC, signal,
assuming the pores are filled with air or water. If this is the case, vertical sounding
(discussed in Section 2.4.3) or a quasi-3D inversion of the EC, can be conducted better to
separate the biological mat from the mineral soil layers to understand the signal 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 electricity (Mari, 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, this leaches at diluted concentrations to lower horizons (Mari, 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 practices (Huang
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 growth (Huang et al., 2017a). Huang et al. (2017a) identified a

positive correlation between changes in EC, 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 lower-lying areas, which could

decrease secondary soil salinity (Huang et al., 2017a).

2.3.9 Apparent electrical conductivity and volumetric water content

Volumetric water content (VWC) and the spatial variability of VWC is the most critical factor
influencing the spatial variability of apparent electrical conductivity (EC,) and has been
correlated with the spatial variability of VWC even more so than its relationship of EC, to soil
salinity (Brevik et al., 2006; Hossain et al., 2010; McNeill, 1980). For example, Hanson and
Kaita (1997) looked at the relationship between EC,, 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 between EC, and decreasing VWC over time,
with the EC, being more sensitive to changes with lower VWC and less sensitive with higher
VWC. Conversely, EC, was more sensitive to changes in soil salinity at high soil water

contents and less sensitive to smaller water contents.

The study by Hanson and Kaita (1997) poses a few issues. This includes the proximity to the
time domain reflectometry (TDR) sensor used to measure VWC when the EC, measurements
were taken and the effects of changes in soil moisture with no treatment (i.e., no 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 TDR signal (Hook et al., 2005; Mclsaac,
2010; Meter Group, n.d.) Because high EC, affects the wave propagation, leading to errors

estimating the dielectric permittivity of soil (Zemni et al., 2019).

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

2020; Triantafilis & Santos, 2013).
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One limitation of TDR sensors is that they must be inserted into the ground and physically
contact the soil. Destructive soil sampling and the use of TDR provide local information only
about VWC and GWC and are invasive and time-consuming (Farooque et al., 2019). Because
the sampling process is destructive, replication over time is not possible. Additionally, once
sampling has taken place, EC, measurements cannot be repeated in the exact location from
the disturbance caused; therefore, studies such as Tang et al. (2020), who made multiple EC,

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

All studies that compare EC, 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
EC.. Continuous VWC data tends not to be used as only the relationship during the 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 regimes must account for this variability by capturing a range of topographic
indices (as discussed in Chapter 1) when selecting sample locations (Salekin et al., 2021a).
The spatial variability of VWC has been studied extensively (Vereecken et al., 2015) in various
settings, including forestry (Blume et al., 2009; Wiekenkamp et al., 2016). There are
limitations and challenges to establishing a large-scale sensor network that captures VWC
data to explain the spatial variation in VWC reliably to extrapolate localised data on a large
scale. Therefore, using repeatable and non-destructive EMI sensing would be advantageous
where time-series VWC data could be used as calibration and validation datasets. Thus,
relationships between EC, and VWC peaks, wetting and drying periods before and after
precipitation could be studied. However, a question remains 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 example, EC, could be used to predict peaks in VWC. Additionally, VWCis

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

any) with EC,.

2.3.10 Apparent electrical conductivity and crop yield and plant growth

As with earthworm abundance (Section 2.3.4), apparent electrical conductivity (EC,) has
been used to predict crop yield and plant growth by using the relationship between EC,and
factors affecting EC,. For example, the relationship between volumetric water content
(VWC) and EC, was used to predict tuber potato growth (Tang et al., 2020). The relationship
between soil texture and EC, was used to predict nitrogen fertiliser response and tree
growth in a young P. radiata stand (Gallart et al., 2019) and again by Bottega et al. (2022) to
predict soybean yield. The relationship between salt concentration and EC, was used to
predict the growth of Eucalyptus globulus to be harvested for timber and pulp (Bennett &
George, 1995). Other researchers looked at the relationship between EC, and the factors
affecting EC, to create management zones for, for example, irrigation regimes (EI-Naggar 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. (2019) investigated the genotype performance (growth) of P. radiata in
response to different nitrogen fertiliser applications, and this study demonstrated why the
heterogeneity of soil properties is an important factor in predicting plant growth (Gallart 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 that the growth volume was higher in control plots than those
chosen for various nitrogen treatments. It was later discovered that EC, was higher in
control plots than in treatment plots, which was attributed to differences in soil texture
(Gallart et al., 2019). Soil heterogeneity was not captured by the block design of the
experiment when EC, was a covariant. It was hypothesised that soil EC, represented courser
soil and, therefore, had lower water holding capacity, which affected tree growth during
periods of drought. Thus, water availability (as opposed to nitrogen availability) was the
limiting factor in tree growth. Decreases with greater soil texture influence water holding
capacity, and during periods of drought, courser textured soil was not favourable for N
uptake in the treatment plots, which may have caused the unexpected, higher volume of

growth in the untreated stands (Gallart et al., 2019) as the 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 variables: spatial
heterogeneity of soil properties, understory vegetation spatial distribution and nitrogen
source. The study found that the interactive effect of these variables made some individual
trees and genotypes more susceptible to drought conditions. Gallart et al. (2019) concluded
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 growth. EMI technology offers an efficient

and cost-effective 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 excavation. Farooque et al. (2020) used the
DualEm-2 to investigate water table depth (WTD) and seasonal fluctuations of WTD as an
indicator to determine irrigation schemes to increase crop yield (Farooque et al., 2020).
They suggest using the findings to inform crop rotation to maximise yield (Farooque et al.,
2020). Karst structures were examined in Ouldja, Algeria, where a deep sinkhole opened on
farmland. The EM31 (GEONICS, Mississauga, ON, Canada) EMI sensor and the Syscal Junior
ER sensor (IRIS, Orléans, France) were used to identify different subsurface and shallow
geological features, respectively (Fatma 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 agricultural purposes and future land uses (Fatma 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
EC, and apparent in-phase magnetic susceptibility (x.), measured in parts per thousand (ppt).

Apparent in-phase magnetic susceptibility allows the instrument to be used when analysing
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archaeological sites (DualEm, 2014; Thiesson et al., 2017). A soil's magnetic susceptibility is
greater than zero, and the in-phase DualEm measurement illuminates near-surface magnetic
features. Because of this, the DualEm can detect buried metal and non-metal objects as
they present either regions of low or high magnetic susceptibility compared to their
surrounding area (Huang et al., 2003). For example, the technology has been used to locate
underground pipelines and metal drums (DualEm, 2014) and M19 anti-tank mines with very

little metal content (Huang et al., 2003).

2.3.13 Apparent electrical conductivity, land use and land cover

Atwell and Wuddivira (2019) found the spatial variation of apparent electrical conductivity
(EC,) differed under different land uses, and more specifically, the dominant factor affecting
EC, differed. Volumetric water content (VWC) and silt content had a significant, positive
relationship with EC, under marsh forest. In contrast, the EC, of an adjacent block of
agricultural land had a strong negative relationship with VWC and pH. In addition, grassland
in the same region had high EC, due to a clay pan formed from regular ploughing, which had

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

2.3.14 Apparent electrical conductivity and temporal changes

Over time, changes in EC, depend on the study area's temporal dynamics. For example,
coastal tidal flats are where storms, waves, tides, currents, and precipitation are dynamic,
and moisture and salinity change simultaneously with these processes (Weymer et al., 2016).
Seasonal measurement campaigns using electromagnetic induction (EMI) technology in
Laguna Madre wind-tidal flats presented high variability of EC, 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 that EC, was negatively correlated with topography (Weymer et al., 2016).
Similarly, fluctuations in water tables can be measured over time, and EMI technology,
specifically the DualEm-2, has been used to predict the seasonal oscillations and spatial

distribution of WTD (Farooque et al., 2020).

Farooque et al. (2020) also acknowledged that crop moisture, evapotranspiration, variable

meteorological data, and soil conditions were sources of error in predicting the
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spatiotemporal variability of WTD using EC, 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 EC, over time despite significant rain events occurring between measurement campaigns
(Lad et al., 2019). Temporal changes in EC, can also be caused by signal drift. More

information on the causes of signal drift is outlined in Section 2.5.6.

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
vehicles (Serrano et al., 2014; Simpson et al., 2009). Consequently, 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 second (Dabas 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 m (Saey et al., 2009; Serrano et al., 2014; Simpson et al., 2009). Tang et al.
(2020) manually placed the DualEm-2 sensor at each sampling location to measure EC, at the
height of 0cm, while Triantafilis et al. (2011), Triantafilis and Santos (2013) and Zare 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 configuration (De Smedt et al., 2011;
Saey et al., 2009; Simpson et al., 2009), followed by a grid-like formation where separation of
transects within the grid often (Saey et al., 2009) but not always (Serrano et al., 2014;
Simpson et al., 2009) related to the Tx and Rx separation of the sensor to ensure the entire
study site was mapped. De Smedt et al. (2011) used the DualEm-2 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 coverage (De Smedt et al., 2011). Stockmann et
al. (2017) capture a range of EC, 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 sampled (Urdanoz & Aragiiés, 2012).

2.4.3 Vertical electrical sounding

To better understand changes in EC, down the soil profile, vertical electrical sounding (VES)
techniques were developed. Tang et al. (2020) created a plastic, non-conductive elevator to
elevate the DualEm to a selected and repeatable height to conduct VES, a process by which
apparent electrical conductivity (EC,) readings are taken at the same location at varying
heights (Tang et al., 2020) (Figure 2.5). As the height of the EMI instrument increases, its
sensitivity to the earth and, therefore, EC, decreases (Figure 2.6) (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 the air times the conductivity of the air, plus
the sensitivity to the earth times the conductivity of the earth” (DualEm, n.d). This study
showed that this technique can be used for building stratigraphic correlations and profile

analysis.

Figure 2.5. DualEm-2 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 electrical conductivity
(EC,) data is creating an EC, map using ordinary point kriging (Bats et al., 2009; Simpson et
al., 2009; Zare et al., 2018). Unsupervised classification methods are then used to
homogenise sections of study areas, which are then sampled (Zare et al., 2018) or confined
to a grid with a cell size relative to EC, sampling frequency. The data is then smoothed with a
radius mean filter (Simpson et al., 2009) if 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 between apparent electrical conductivity (EC,) and the factors influencing
EC. (Triantafilis et al., 2011; Triantafilis & Santos, 2013), and therefore, soil sampling is still
required though at a far less intensive rate, to realise EC, in the context of the study site

fully.

Soil samples are commonly used for calibration and validation of apparent electrical
conductivity (EC,) models (De Smedt et al., 2011; Simpson et al., 2009; Zare et al., 2018), and
detailed characterisation of soil properties such as texture, structure, grain size, pH,

groundwater level and general stratigraphic correlation (Zare 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 field-testing using instrumentation) and analysis vary depending on the
needs of the study. Subsequent 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 measured EC,.

Methods include taking a sample every nth distance along a transect (Stockmann et al.,
2017), collecting EC, data and categorising results into low, medium and high or maximum
and minimum EC,, then gathering samples from locations representative of each category
(Huang et al., 2017a) or taking auger samples that cover "a range of EC," using kriged EC,

maps detailed in Section 2.2.4 (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 campaign. This way, soil
sample locations can be strategically placed to minimise the number of samples required and
allow EC, measurements to occur in the exact location as the sample locations with no soil
disturbance. Some studies pooled their samples (Simpson et al., 2009), while most retained
individual samples for analysis. Other studies preferred to rely on previously collected
samples. For example, Saey et al. (2009) used 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 of EC, and the clay and silt fractions to reconstruct the clay's
depth below the loess material's surface (Saey 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 be of 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 (e.g. 0 to 0.30 m)
(Serrano et al., 2014), multiple samples at varying depths (e.g. 0 to 0.10 m, 0.10 to 0.30 m)

(Huang et al., 2017a) or in increments (e.g. every 0.30 m up to 2 m) (Triantafilis & Santos,
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2013; Urdanoz & Aragiiés, 2012). Depths 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 augers, which
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 studies(Bats

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 augers (Simpson et al., 2009), mechanical
coring (Bats et al., 2009) and trenches(Bats et al., 2009). Profile locations were selected as
described above. Soil profile records and stratigraphic correlation are helpful when using

software allowing one, two and three-dimensional modelling of EC, data.

2.5.4 Soil sample analysis

Once samples were collected, most studies weighed, air dried, and reweighed samples for
gravimetric water content (Urdanoz & Aragliés, 2012), then ground and passed through a <2
mm sieve. The sample is then either turned into a saturated soil paste to extract the
electrical conductivity (ECe) (Huang et al., 2017a; Stockmann et al., 2017; Triantafilis &
Santos, 2013; Urdanoz & Aragiiés, 2012) or cation exchange capacity (CEC) (Triantafilis &
Santos, 2013). Volumetric water content was calculated using bulk density (Hossain et al.,
2010; Triantafilis & Santos, 2013), while particle size fraction (PSF) of clay, silt and sand was
calculated using the Hydrometer method (Atwell & Wuddivira, 2019; Stockmann et al., 2017;
Triantafilis & Santos, 2013) or a sedimentographer (Serrano et al., 2014) to inferred soil
textural properties Soil carbon content (Serrano et al., 2014; Stockmann et al., 2017), pH
(Serrano et al., 2014; Stockmann et al., 2017) and other macronutrients such as nitrogen,

potassium and phosphorus (Serrano et al., 2014) were 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 in temperature. 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 have higher average soil temperatures and greater fluxes
because the temperature is driven by solar radiation rather than conduction (Beltrami &

Kellman, 2003).

Soil temperature can influence EC,, particularly on frozen soils or when soils reach extreme
temperatures (Abdu et al., 2007). Often, soil temperature is collected as a reference dataset
to standardise EC, measurements, 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 & Aragiiés, 2012). However, 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 a day (Saey et al., 2009;

Simpson et al., 2009; Urdanoz & Aragiés, 2012).

Abdu et al. (2007) used six thermocouples both in the air around a DualEm-1 and on the bare
ground to continuously measure changes in ambient temperature and the ground while
setting a DualEm-1 to auto-sample over eight hours. They did so at two sites with both high
and low EC,. Abdu et al. (2007) found signal drift as a function of soil and ambient air
temperatures. Hysteresis (refer to Section 2.5.6) was more significant in sites with low EC,
than with sites with high EC,, 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 air temperature hysteresis (Stockmann et al., 2017), so 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 hours) (Dabas et al., 2016; DualEm, 2014). Short-term drift (in terms
of minutes) can create artefacts in maps if sub-surface features present short wavelengths,
which can occur during archaeological exploration (Dabas et al., 2016). Long-term 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., 2014). Signal drift can be caused
by changes in internal temperature, battery voltage, direct sunlight and both sudden and
gradual changes in ambient temperature and soil temperature (DualEm, 2014). For
consistency, many studies attempt to complete EMI measurement campaigns on the same
day where possible (Simpson et al., 2009) or at least choose sampling days within a short

space of time and with similar ambient conditions.

DualEm (2014) attempted 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 portable (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 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 surveys, in

particular in cold conditions to minimise drift (DualEm, 2014)

At least three studies using the EMI instruments consider temperature hysteresis and EC,
signals, with results varying from no short-term effect on the perpendicular and horizontal
coplanar arrays (PRP and HCP) (Dabas et al., 2016) to diurnal changes in temperature having
a significant impact on signal, particularly PRP (Abdu et al., 2007; Huang et al., 2017c) to the
point where it is recommended the sensor is insulated or shaded throughout the

measurement campaign (Huang et al., 2017c).

2.6 Summary and knowledge gaps

Geophysical modelling, specifically using electromagnetic induction (EMI) technology such as
the DualEm series of sensors, allows for repeatable, cost-effective, non-destructive sampling
on a large scale and over a relatively short period of time. The signal is affected by many

factors, enabling EMI to be used for various sub-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 environments (Atwell & Wuddivira, 2019;
Bennett & George, 1995; Bréchet et al., 2012). In 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 conductivity (EC,) in a field covered
with pasture (EI-Naggar et al., 2017; EI-Naggar et al., 2021b). The second study was based on
a P. plantation (Gallart et al., 2019), and the third was in a P. radiata nursery (Lad et al.,
2019). Neither of the studies that used EMI technology in a forest environment considered
the effect of the litter layer or “biological mat” on EC, signal. Therefore, understanding the
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 EC, data or provide validation that there is no effect on the signal.

Considering the observations made by Gallart et al. (2019), the methodology established in
this study could be used as a toolbox for EMI use in the forestry sector. The toolbox’s output
includes one-dimensional and 3-dimensional maps and datasets to understand 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 Layers — New Zealand Classification, which 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 and background

This chapter details the selected study sites, including location, climate, soil, geology and land use
information. In addition, details of previous field campaigns will also be provided as the data was

used in this research and will be referred to in subsequent chapters

3.1 Study Sites

Two P. radiata production forests in the North Island of New Zealand were selected as study sites
(Table 3.1, Table 3.2 & Figure 3.1). Mahurangi forest (site 3) is located in the upper North Island of
New Zealand, approximately 15 km north-west of Warkworth (-36.36 latitude,174.56 longitude,
WGS84) and Te Hiku forest (site 4) is located in the far north of the North Island of New Zealand, on
the southern end of the Aupouri peninsula (-34.91,17 latitude, 173.13 longitude, WGS84) (Figure 3.1
& Table 3.2). The sites were selected as part of a wider study called Forest Flows — Creating Water
Resilient Landscapes, funded by the Ministry of Business, Innovation and Employment (contract
number: C04X1905), focusing on forest hydrology (Meason, 2023). Sites were selected based on
their contrasting soil properties and topography (Table 3.2). Catchments within each site were

selected and broken down into plots for intensive measurements (Table 3.1).

Figure 3.1. Study sites located in the North Island of
New Zealand.
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Table 3.1. Study site terminology

Term Description

Site

A P. radiata production forest was planted in New Zealand, where

meteorological, stream, tree, soil, and subsurface measurements occurred.

Catchment

One drainage basin was located within a forest site where sensor networks

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

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

Table 3.2. Study site location, climate, land use, soil and geology summary.

Mahurangi Forest

Te Hiku Forest

Site code
Location (WGS84)

Location

Catchment size (hectares)
No. of plots

Current land use

Pre-European land use

Climate?
Median Annual Temperature (°C)
Median Annual Rainfall (mm)

Topography

Mean Slope

Mean Aspect

Mean Elevation

New Zealand Soil Classification
(Nzsc)?

Soil parent Material

3

-36.36 (lat),174.56 (long)
15 km west of Warkworth,
upper North Island

36.85

25

2" rotation, exotic forestry (P.

radiata)

Native hardwood & podocarp
forests?!

Temperate?

14-163

1250 — 1500°

Undulating, with steep Slopes
and valleys

38.51

192.2

199.13

Yellow Ultic (YU)®

Strongly altered quartz-rich
rock®

4

-34.91,17 (lat), 173.13 (long)
Aupouri Peninsula, Far North
Island

1846.28

24

2" rotation, exotic forestry (P.
radiata)?

Kauri Forest?

Sub tropical*
16 -18%
1000 — 125042

Low-relief sand dunes

9.97

203.1

199.13

Sandy recent (RS) & Sandy raw
(WS)®

Unweathered, lower quartzitic
sands, coastal dune sands 60%
quartz and <33% feldspare?

! (Groenendijk et al., 2002; Henderson & McMahon, 2001)

2 (Rigby, 1985; Thode, 1983; Wilson, 2015)

3 (Chappell, 2013a)
4 (Chappell, 2013b)

> (Manaaki Whenua - Landcare Research, 2023)

6 (Schofield, 1970)
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3.1.1 Past and current land use of Mahurangi forest and Te Hiku forest

Both Mahurangi and Te Hiku were cleared of native forests in the early 20" century after the early
arrival of European settlers (Henderson & McMahon, 2001; Wilson, 2015) (Table 3.2). Te Hiku
forest, located on the Aupouri Peninsula, was first planted in marram grass as part of several dune
stabilisation programs during the early 1920s and 1930s by the Land & Survey Department and the
Public Works Department and later in the 1970s (Rigby, 1985; Thode, 1983). In the 1940s and more
extensively in the early 1960s, the peninsula adjacent to 90-Mile Beach was planted in P. radiata to
stabilise dune complexes and act as a buffer against coastal winds to reduce the encroachment of
aeolian sand on inland settlements and remains today (Rigby, 1985; Thode, 1983). The wider
Mahurangi Forest was contained in the "Hoteo Block" of land settlements to European settlers
(Rigby, 1998) and 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 forests is exotic
forestry, predominantly planted in P. radiata and both in their second rotation (Table 3.2), which is
important to note as local land management practices, in this case, forest silviculture, harvesting and
biological processes influence soil forming factors (Groenendijk et al., 2002; Martindale, 2018; Rigby,

1985).

3.1.2 Climate of Mahurangi forest and Te Hiku forest

Mahurangi Forest is in a temperate region in the upper North Island, while Te Hiku Forest lies in a
subtropical region in the Far North Island of New Zealand (Table 3.2) (Chappell, 2013a; Chappell,
2013b). Te Hiku forest has slightly higher median rainfall and temperature than Mahurangi Forest
(Table 3.2), which is due to anticyclone weather systems that track down the north island, carrying

with it air warmed by the surface waters north of New Zealand (Chappell, 2013b).

3.1.3 Geology, soils and topography of Mahurangi forest

Mahurangi Forest is dominated by sedimentary deposits from the Waitemata group, which includes
the Pakiri and Waitakere facies that were laid during the upper Oligocene to the Lower Miocene age
and overly a greywacke basement (Ballance, 1976; Hayward & Smale, 1992). The Waitemata group
consists of uplifted sandstone, siltstone and mudstone flysch sequences, suggesting they developed
on the continental side of a mountain-forming regime (Ballance, 1976). This accounts for the current
hilly, undulating topography, eroded and cut by tributaries forming steep Slopes and valleys (Table
3.2).
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Soils are predominantly Yellow Ultic soils under the New Zealand Soil Classification (Table 3.2).
These soils are typically low in calcium, acidic, strongly leached, and strongly weathered. They can
be characterised by a well-structured clay subsoil and an E horizon, relatively deficient of clay and
predominantly derived from strongly altered, quartz-rich parent material (Manaaki Whenua -
Landcare Research, 2023). These soils are prone to slips, particularly those overlying the Waitemata

Group of sedimentary rock (Hewitt et al., 2021).

3.1.4 Geology, soil and topography of Te Hiku Forest

The Aupouri Peninsula is a tombolo on the west coast of the Far North Island (Wilson, 2015). The
tombolo was formed by longshore drift and predominantly consists of Pleistocene and Holocene
dune sands (Wilson, 2015). Quaternary sand and silt sequences overlay a limestone basement rock
(Wilson, 2015). The presence of peat and clay lenses, which form in low-energy environments,
suggests the region underwent a period of marine stability (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 brown (Wilson, 2015). These
soils dominate the topography, forming low-relief, low-elevation, aeolian dunes (Table 3.2). The
soils are classified under the New Zealand Soil Classification as sandy recent soil, sandy raw and
sandy brown, the latter forming eastward (Table 3.2). Raw soils are poorly developed, often
resemble the original parent material, lack a B horizon, and have topsoil <5cm thick (Hewitt et al.,
2021). Raw soils often occur in active erosion and depositional environments, including active sand
dunes (Hewitt et al., 2021). Recent soils differ from raw soils due to topsoil > 5cm thick (Hewitt et

al., 2021).

3.2 Site selection, access and setup

Fieldwork was undertaken over two periods: Initial trial establishment and measurements occurred
from October 2020 to March 2021, and subsequent validation measurements and sample collection
occurred between October and November 2022. Methods for the former are outlined below, and

methods for the latter will be outlined in subsequent chapters.

3.2.1 Site selection
Sites were selected to cover a range of soil and topographic regimes in exotic P. radiata plantations.

Mahurangi forest is dominated by steep, hilly slopes, valleys, and ridges with well-weathered, sandy,
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silty and clay soils (Table 3.2). Dune complexes dominate Te Hlku Forest with a relatively low-lying
relief consisting of raw and recent sandy soils (Table 3.2). Different stakeholders own and manage
the sites; therefore, contact with forest managers and owners was sought to gain permission to

establish and regularly access a trial in their forests and gain regular access to them throughout the

study. Each site was divided into catchments and plots for intensive measurement (Table 3.2).

3.2.2 Catchment selection

Each site was broken down into catchments and plots to allow extensive measurements within
concentrated areas of interest to understand the microsite variation within each site better.
Catchment selection criteria predominantly depended on health and safety, ease of access and no
planned harvesting operations throughout the study. In addition, selecting a catchment
representative of the forest was also considered where practical. For the wider Forest Flows study,
each catchment required one main outlet to measure stream flow. Considering these criteria, the

Mahurangi and Te Hiku catchments were selected with differing catchment sizes ().

3.2.3 Cluster analysis and plot selection

A cluster analysis was conducted to capture a representative spread of topographic, wind and soil
features at randomly selected locations within each catchment, allowing the site to be stratified by
the respective features. This follows the methodology that 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) with 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 between each point.
Using the random points, secondary geo-morphometric and hydrologic features reported in Salekin
et al. (2021a); Salekin et al. (2019); Salekin et al. (2021b) were produced using available digital
elevation models (DEMs) 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 environment (R Development Core Team, 2018) to run
a clustering routine by using the "res.hcpc" function from the "factormineR" package (Lé et al.,
2010). This procedure is summarised in (Figure 3.2). Generally, this function produces an optimised
number of clusters, enforced by setting a pre-determined cluster quantity. In this case, the pre-
determined quantity was 25 sites chosen within each study catchment to represent the micro
topology and morphology of the respective catchments. This allowed the site to be stratified to

generate selected plot locations without bias.
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Figure 3.2. Cluster analysis procedure produced by Salekin (2021).

3.2.4 Plot establishment

Out of the random points, 25 points representing a range of topographic features were selected to
establish 20 m x 20 m plots within each catchment to intensively measure above and below-ground
attributes. Plots were established at or near the point chosen by the cluster analysis, with

adjustments made for animal and anthropogenic disturbances.

Plots were established at each site using criteria from the Permanent Sample Plots Field guide for
sample plots in New Zealand forests (Ellis & Hayes, 1997). Corners and the centre of each plot were
marked with pegs, and geospatial information was recorded using a high-grade Trimble GPS
(Lemmon & Wetherbee, 2005). Plot level apparent electrical conductivity (EC;) measurements were
also taken before the soil moisture sensor network establishment to ensure that little interference
from the sensors occurred on the EC, measurements. In total, 25 plots were established at

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

The TEROS 11 sensor measures soil volumetric water content and soil temperature simultaneously
(Meter Group, n.d.). These sensors were deployed in the centre of each plot at a depth of 30cm
where practical (Figure 3.3). Sensors were deployed at the most practical depth possible and were
set to take soil temperature measurements at 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 traffic (Figure 3.3)

A. Mud auger to dig hole.

B. Contents of hole set aside in the same order it was 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.

Figure 3.3. Installation of TEROS11 combined soil volumetric water content and soil temperature sensors at Mahurangi
Forest.
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Chapter 4 :
Factors influencing apparent electrical conductivity when using

electromagnetic induction technology to measure soil properties

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

temperature and soil temperature, and instrument voltage and temperature.

4.1.1 Forest Litter

Forest Litter has a common presence on the forest floor, and it'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, sub-canopy atmosphere, and the soil (Acharya et al., 2017; Sato et al., 2004) as well as water

cycling via processes such as soil evaporation, water infiltration, and surface runoff (or lack of) (Liu et al.,

2022).

Forest litter comprises fragmented organic materials that fall on the forest floor, including, but not
limited to, twigs, leaves, stems, and bark (Liu et al., 2022; Sato et al., 2004). Forest litter comprises three
distinct organic horizons, which present three decomposition levels (McLaren & 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 horizon consists of decomposed organic matter no
longer resembles any original plant structure (MclLaren & Cameron, 1996; Sato et al., 2004). For this

reason, forest litter will be referred to as LFH.

The presence of the LFH layer ensures any precipitation not intercepted by the canopy via throughfall 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, eliminates surface runoff by keeping infiltration rates high (Li et al., 2014;

Liu et al., 2022; Sato et al., 2004). The forest LFH layer also helps insulate the underlying soil against
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significant temperature changes (Sato et al., 2004). The moisture content of LFH is mainly affected by
climactic factors such as temperature, precipitation quantity, duration and intensity, relative humidity,
evaporation, wind speed (Liu et al., 2022), tree canopy cover and understory cover, planting density,
forest management practices, present and past land use, LFH layer depth, composition, mass, type, shape

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 thickness and moisture 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
measurements (EC,) is no exception. The limited studies found that use electromagnetic induction to
explore the spatial variability of forest soils (Altdorff 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., 2020), none directly studied the effect the LFH layer had on EC, 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 on EC, alone was not investigated (Altdorff 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 beech forest (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 horizon (OL-OF). The study found the GPR could
estimate the thickness of both the OL, OF and OL-OF layers to a 1cm accuracy with higher errors for OF
and OL-OF LFH configurations (11%) compared with 6% for OL. The study identified that signal
attenuation increased with increasing water content, explaining why the OF layer could be distinguished
from the OL layer as the OF layer had a higher moisture content and density. The study also measured
the EC, of the beech LFH, which resulted in values of 32mSm™ and 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. For example, the DualEm uses a
frequency of 9khz (Dal Bo et al., 2021; DualEm, 2014). There is a trade-off between resolution and depth
whereby higher frequencies measure the sub-surface at higher resolution at the expense of depth (Dal Bo

et al., 2021). In this study, different frequencies were not experimented with; therefore, it is unclear if
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the EC, 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 unclear (André et al., 2015).

4.1.2 Ambient temperature, soil temperature and temperature hysteresis, instrument
temperature and voltage

Factors causing drift in apparent electrical conductivity (EC,) over time include sudden and gradual
changes in ambient temperature, soil temperature and instrument temperature, ambient temperature
and direct sunlight (Dabas et al., 2016; DualEm, 2014). This short-term (several minutes) and long-term
(several hours) drift can create undesirable artefacts in data and maps, which need to be corrected during
data processing (Dabas et al., 2016; Delefortrie et al., 2014). For 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 conditions (Simpson et al., 2009).

Previous studies have reported drift in apparent electrical conductivity by running EMI instruments such
as the DualEm and EM-38 in controlled and uncontrolled environments over time. The results varied
from minor drift in EC, over time (Mat Su & Adamchuk, 2023; Saey et al., 2009; Simpson et al., 2009;
Urdanoz & Aragiiés, 2012) to moderate and extreme drift over time (Abdu et al., 2007; Mester et al.,
2014; Robinson et al., 2004) caused by external (ambient and soil temperature) and internal (instrument
voltage and temperature) factors. Of those studies where changes in EC, drift were pronounced,
differences were ascribed to soil temperature hysteresis, where increased temperature resulted in
increased soil conductivity. Increases and decreases in ambient and internal instrument temperatures
also showed a near-linear relationship due to the sensitivity of the copper wires used to generate
magnetic fields within the EMI instruments (Robinson et al., 2004). While the sensitivity of the copper
wires is ideal for generating electrical currents, their susceptibility to heterogeneous internal and external
temperatures may mean a correction factor is necessary to compensate for drift (Mester et al., 2014;

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

DualEm (2014) attempted 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 portable (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 surveys, in particular in cold

conditions to minimise drift (DualEm, 2014)

At least three studies using the EMI instruments consider temperature hysteresis and EC, signals, with
results varying from no short-term effect on the perpendicular and horizontal coplanar arrays (PRP and
HCP) (Dabas et al., 2016) to diurnal changes in temperature having a significant impact on signal,
particularly PRP (Abdu et al., 2007; Huang et al., 2017c) to the point where it is recommended the sensor

is insulated or shaded throughout the measurement campaign (Huang et al., 2017c).

4.1.3 Chapter objectives

Chapter has three primary purposes. The first is to identify if a correction factor is required to
compensate for drift caused by instrument voltage and temperature, ambient temperature, and soil
temperature. The second and third purpose is to identify if apparent electrical conductivity (EC,) in a
forest environment is affected by the presence or absence of forest litter (LFH) and the thickness and
moisture content of LFH. If forest LFH does influence EC,, what impact will this have on users of EMI

technology in forested catchments?

4.2 Methodology

Section 4.2 details the methodology used to collect field samples and conduct subsequent analysis in the
lab. This section also outlines the statistical analysis used to establish if the effect of soil, ambient and
instrument temperature and voltage causes drift in apparent electrical conductivity over time and if
forest litter causes statistically significant changes in apparent electrical conductivity. Antecedent

methods and actions are detailed in Chapter 3.

4.2.1 Sample location
Soil samples were limited to one per plot instead of repeating multiple sample points within a plot. This
aligns with the study's overarching purpose: to capture spatial heterogeneity on a catchment level using

soil samples as a reference or validation point. In addition, there is an assumption that the endophatic
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and topographic cluster analysis ensured microsite topography was captured when selecting plot

locations.

This allowed the capture of data from various topographic features (slope, aspect, elevation) and a
variety of soil moisture and physical properties within the forested catchment. Sample locations within a
plot were selected based on proximity to the TEROS 11 sensors. Samples were taken at Mahurangi Forest
between November 22" and 24 of November, 2022 and Te Hiku Forest between October 18th and 20th
of October 2022.

Sample locations within each plot were to be taken where there was no overlap between the zone of
influence of the electromagnetic induction (EMI) instrument and the TEROS 11 soil volumetric water
content (VWC) and temperature sensors. In addition, the sample location was selected to not interfere
with the flow of soil water, which would affect VWC sensor readings. Therefore, the criteria for choosing
a sample point was for all EMI and destructive soil sampling using a core auger to be taken at least two

meters away from, downhill or adjacent to the TEROS 11 sensor (Figure 4.1).

Sensors

g \ | '}

Figure 4.1: Appropriate sample locations within a plot for both electromagnetic
induction and destructive soil sampling.

4.2.2 Measurement of apparent electrical conductivity and ambient temperature

Apparent electrical conductivity (EC,) was measured using the DualEm-1 at two cumulative depths
simultaneously (0.5cm and 1.6cm). Measurements were repeated 48 times in the presence of forest
litter (LFHP®se") and 48 times in the absence of LFH (LFHA***") with the DualEm-1 transmitter facing north

and the roll of the tube set to zero (+3). The removal process of the LFH is outlined in Section 4.2.3.
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Apparent electrical conductivity of LFHP™®®" was measured by placing the DualEm-1 directly on top of
undisturbed LFH at a height of 10cm and remained stationary during the 48 repetitions. The location of
this measurement was near the centre of the plot and at least 2 meters away from the volumetric water
content sensors. The apparent electrical conductivity of LFHA***" was measured in the exact same
position, using the same measurement protocol as for LFH™*", The only difference was that the LFH was

removed, and the DualEm-1 was placed directly on the A horizon of the soil.

The EMI data was cleaned and sorted in the office. The DualEm-1 simultaneously measured the
instrument temperature, ensuring every EC, measurement had a related ambient temperature
measurement. Criteria for data removal were strict and only occurred if the field notes stated a
measurement was taken in error. For example, the user tripped, or another instrument was too close to

the DualEm-1. Consequently, no data from either Mahurangi or Te Hiku EMI datasets is missing.

4.2.3 Forest litter sampling and instrument temperature

The methods used to sample forest litter were adapted from Ewell (2006), which sampled forest litter in
conifer forests to assess how forest litter acted as fuel for forest fires. After apparent electrical
conductivity (EC,) was measured in the presence of undisturbed forest litter (LFH), the DualEm-1 was
gently placed to the side, and the thickness of the forest LFH was measured where the centre of the
DualEm once lay (Figure 4.2). Next, a 0.20 m? x 0.20 m?slice 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 were weighed and

oven-dried at 80°C for 48 hours — the time it took for the weight to stabilise.

Figure 4.2. Measuring litter thickness at the centre of the DualEm-1
tube using a rigid measuring tape. Site (Mahurangi), Plot (12) and
thickness were recorde.
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4.2.4 Llitter gravimetric water content and litter density
Once samples were oven-dried, they were quickly reweighed to ensure they did not reabsorb moisture.
Using the litter fresh weight (LFH™®") and dry weight (LFHP"), litter gravimetric water content (LFH®"¢)

was calculated using (Equation 2) and litter density using Equation 3.

Equation 2. Percentage of the gravimetric water content.

LFHFT'ESh _ LFHDT'y
LFHC = ( >* 100

LFHP™Y

Where:
LFHsh = weight of fresh litter (g)
LFHPY = weight of dry litter (g)

LFH®"C = gravimetric water content of forest litter (%)

Equation 3. Litter density.

D
LFHDPensity — LEH™T
LF HThickness

Where:
LFHfesh = weight of fresh litter (g)
LFHThickness = welght of dry litter (g)

LFHPensi = litter density (g/cm?)

4.2.5 Statistical analysis

All statistical analysis was conducted in R studio version 4.3.0 (R Development 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 temperature (Section 4.2.5.1).
Section 4.2.5.2 looks at the overall effect of the presence and absence of forest litter on apparent
electrical conductivity was investigated. Next, the main effects and interactions of measured litter
variables were evaluated to test any significant effect on apparent electrical conductivity (Section

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

This section uses methods developed by Allaire et al. (2009), Delefortrie et al. (2014) and Mat Su and
Adamchuk (2023) to determine if correction is needed for apparent electrical conductivity (EC,) drift in
electromagnetic induction instruments. Pearson correlation coefficient was used to measure the degree
of linear association between electrical conductivity at 50cm (EC,>°) and 160cm (EC,'%°) cumulative depths
and internal instrument temperature, instrument voltage, ambient temperature and soil temperature.
Furthermore, a generalised linear model was used to ensure no interaction effects between these
predictor variables. The generalised linear model ('glm' function) (R Development Core Team, 2018) used
a gamma distribution with a log-link function as the response variables EC,*°and EC,!° were continuous,

right skewed and zero bounded, which helped meet the assumptions of normality and heteroscedasticity

(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 created for the response variable apparent electrical
conductivity (EC,) using the 'glm' function in R studio (R Development Core Team, 2018). To better meet
the assumptions of normality and homoscedasticity, a gamma distribution with a log-link was used
because EC, was continuous, right-skewed, and zero-bounded (Schabenberger & Pierce, 2001). Site,

cumulative depth and LFH presence and absence were all used as two-level factors (Equation 4).

Equation 4. A generalised linear model was used to assess the effect of litter presence and absence on apparent
electrical conductivity.

Where:

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

LFH = Litter presence or absence as a two-level factor
Depth = Cumulative depth to 50cm and 160cm as a two-level factor
Site = Mahurangi and Te Hiku as a two-level factor

A likelihood ratio test compared GLMs with and without the two-level factor, presence and absence of
LFH, using the 'Imtest’ function, part of R studio's 'Imtest' package (Zeileis & Hothorn, 2022). Likelihood
ratio Chi-square 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

47



simplified model (Westfall & Henning, 2013). Variable inflation factors were also assessed using the ‘vif’

function in R studio’s ‘car’ package (Fox & Weisberg, 2019).

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 50cm (EC,*°) and apparent electrical conductivity to 160cm (EC,°) using the 'glm'
function in R studio (R Development Core Team, 2018). To better meet the assumptions of normality and
homoscedasticity, both GLMs used a gamma distribution with a log-link function as the response
variables EC,>°and EC,'° were continuous, right-skewed, and zero-bounded (Schabenberger & Pierce,
2001), which helped to meet the normality assumptions. The final GLM used to determine if litter

variables can explain the variability in EC;>°and EC, is outlined in Equation 5.

A likelihood ratio test compared the global GLM outlined in Equation 5 to a simplified GLM using only
weakly significant predictor variables. This was done using the 'Imtest’ function, part of R studio's 'Im
test' package (Zeileis & Hothorn, 2022). Likelihood ratio Chi-square 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 model (Westfall & Henning, 2013).
Variable inflation factors were also assessed using the ‘vif’ function in R studio’s ‘car’ package (Fox &

Weisberg, 2019).

Equation 5. Generalised linear model used to assess the effect of litter presence and properties on apparent electrical
conductivity to two cumulative depths.

(EC,~ Site * LFHTMck « L[FHOWC « LFHPe™S®Y distribution = gamma, link = log)

Where:

ECq = Apparent electrical conductivity to either 50cm or 160cm
Predictor variables

LFH = Forest Litter layer

Thick = Thickness (cm)

GWC = Gravimetric water content (%)

Density = GWC / Thickness
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4.3 Results

This section comprises three parts. Section 4.3.1 determines if a correction factor is required to
compensate for temperature and instrument drift in apparent electrical conductivity data. Section 4.3.2
assesses the effect of the presence and absence of forest litter on apparent electrical conductivity.
Finally, Section 4.3.3 determines if the variables making up forest litter have a significant effect on

apparent electrical conductivity.

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

4.3.1.1 Summary statistics

Table 4.1 provides summary statistics of factors that may cause drift in apparent electrical conductivity
over the duration of measurement campaigns, including ambient temperature, instrument temperature,
soil temperature and instrument voltage at both Mahurangi Forest and Te Hiku. Box plots also show
medians, interquartile, upper and lower ranges and any outliers at both sites (Figure 4.3). All three
temperature variables and voltage fluctuations vary little between sites with similar means and medians
and standard errors and interquartile ranges overlapping between sites (Table 4.1, Figure 4.3). Ambient
temperature had the most significant temperature fluctuations both within and between sites, with
similar minimum temperatures of around 11°C and maximum temperatures between 18 and 22°C (Table
4.1). Instrument and soil temperature had minimal fluctuation over the measurement campaigns, with
low standard errors between 0.03 and 0.08 and temperature differences between 0.65 °C and 1.70°C
(Table 4.1). Median and mean voltage were similar for both sites, and minimum and maximum voltage

were within adequate operational range for the instrument (DualEm, 2014).

49



Table 4.1. Summary statistics of variables that may cause drift in apparent electrical conductivity at Mahurangi Forest (3) and Te Hiku Forest (4).

Mean S.EM 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
(°c)

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, UQ = Upper quartile, LQ = Lower quartile, IQR = Interquartile range, Min = Minimum, Max = Maximum

Mahu = Mahurangi Forest, TeHi = Te Hiku Forest
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Figure 4.3. Box plot of measured variables which may cause drift in apparent electrical conductivity.
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4.3.1.2 Analysis using Pearson correlation and generalised linear models
Figure 4.4 shows apparent electrical conductivity (ECa) changes over the measurement campaign at
Mahurangi and Te Hiku. The 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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Figure 4.4. Bar chart of apparent electrical conductivity at 50cm (grey) and 160cm (green) cumulative depths
measured in each plot (secondary y-axis) and ambient (blue triangle), instrument (yellow square) and soil
temperature (red circle) (primary y-axis) at time of measurement at Mahurangi Forest (top) and Te Hiku forest
(bottom). Plots were not measured in numerical order. Therefore the measurement sequence on the x-axis shows
the order in which measurements were taken to create a time series.

Overlaying the EC, data at 50cm and 160cm cumulative depths are temperature measurements for
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 ambient temperature,

whereby a decrease in ambient temperature results in an increase in EC,and vice versa.
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A Pearson product-moment correlation was conducted (Table 4.2) to investigate this artefact
further, and any other potential effects the ambient, soil, and instrument temperatures and voltage

may have on EC, throughout the field campaigns.

Table 4.2. Pearson Correlation Coefficient and p-value (in brackets0 for variables affecting apparent electrical conductivity at
Mahurangi and Te Hiku Forests at cumulative depths 50cm and 160cm.

Site Cumulative Ambient Instrument Soil Voltage (V)
depth (cm) Temperature (°C) Temperature (°C) Temperature (°C) &
® 50 0.15 (0.48) 0.16 (0.44) -0.25 (0.23) -0.06 (0.79)
©
5
s
s 160 0.34 (0.10) 0.31(0.13) -0.14 (0.49) -0.11 (0.61)
5 50 -0.08 (0.72) -0.06 (0.78) -0.23(0.28) -0.17 (0.44)
=
T
()]
= 160 -0.29 (0.16) -0.29 (0.17) -0.19 (0.38) -0.01 (0.95)

Pearson’s correlation did not show a correlation between EC, and either ambient, soil or instrument
temperature or voltage at either Mahurangi or Te Hiku at both cumulative depths. While some weak
correlations were observed, they were not statistically significant, suggesting 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 correlation with EC, to a depth
of 160cm at Te Hiku Forest, which may have been observed in Figure 4.4. However, the weak p-
values of 0.16 and 0.17, respectively, suggest either this relationship is more likely due to chance or a
different test may be required to check this association, which was why generalised linear models
were used to test if both the main effects and the interactions of these variables could explain

changes in apparent electrical conductivity.

For both GLM*® and GLM??, neither the main effects nor their interactions were statistically
significant (p-values > 0.3) for GGLM* and (p-values < 5) for GGLM*®. Therefore, at the 0.05
significance level, both GLMs show insufficient evidence to reject the null hypothesis that neither
ambient, soil or, instrument temperature or voltage and their interactions can explain the variability
in EC, at both depths beyond random chance. The lack of a significant relationship is further
visualised in Figure 4.5, which shows the temperature and voltage variables graphed against

apparent electrical conductivity at 50cm and 160cm at both sites.
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Figure 4.5. Scatter plots of Mahurangi (circle) and Te Hiku forest (triangle) apparent electrical conductivity (y-axis)
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4.3.2 The effect of the presence and absence of forest litter on apparent electrical
conductivity

4.3.2.1 Summary statistics

Summary statistics (Table 4.3) and box plots (Figure 4.6) show that overall, apparent electrical
conductivity (EC,) for Mahurangi was higher than for Te Hiku. Mean EC, at both sites to a cumulative
depth of 160cm (EC,®°) was also higher than to a cumulative depth of 50cm (EC,>°) (Table 4.3). The
median EC, for Mahurangi and Te Hiku were similar in the presence (LFH™*") and absence
(LFHAPsent) of forest litter to both EC,°°and EC,**° with little difference in standard errors for LFHPesent
and LFHAse" gt each site at each depth. Apparent electrical conductivity at Mahurangi was more
variable for both depths than Te Hiku, regardless of LFHP™®"t or LFHAse"¢ (Figure 4.6), with a larger
range of EC, at Mahurangi than at Te Hiku to both depths (Table 4.3). The range differed between
sites however, at both cumulative depths, minimum, maximum, upper and lower quartiles remained

very similar in LFHPes" and LFHAPsen,
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Figure 4.6. Box plot of apparent electrical conductivity in the presence and absence of forest litter at
cumulative depths to 50cm and 160cm showing median line.
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Table 4.3. Summary statistics of apparent electrical conductivity (mS/m) in the presence and absence of forest litter (LFH) at two cumulative depths at Mahurangi and Te Hiku.

Indfependent Site Mean S.EM LQ Median uQ IQR Min Max Range
variables
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 2.54 0.26 0.96 2.11 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 1.81 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 = Standard error of mean, UQ = Upper quartile, LQ = Lower 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 forest litter (LFH)
explained variability in apparent electrical conductivity (EC.) using (LFH) presence and absence, site
and cumulative depth, as well as their interactions (Table 4.4). The high p-values for LFH show no
statistically significant difference in mean EC, between LFH presence or absence and that any
differences are likely due to chance (Table 4.4). However, the low p-values of cumulative depth and
site suggest these variables are highly significant and that there is a significant difference between
EC, at individual sites and EC, at each cumulative depth. The same can be said for the interaction
between site and cumulative depth (p-value <0.001) (Table 4.4). The interaction effect of LFH and
cumulative depth and site on EC, were also tested in (Table 4.4) which further showed no evidence
to suggest that the combined effect of LFH, cumulative depth and site significantly influenced EC,

given such high p values.

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

electrical conductivity.

Table 4.4. Results of analysis of variance (ANOVA) of the effect of litter (LFH) presence using log-transformed apparent
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 *E
Site 0.41 0.13 3.24 0.00 roEx
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 Rk
LFH:Cumulative depth: Site 0.68 0.18 3.79 0.00

Signif. codes: 0 “***0.001 “**'0.01 “*'0.05‘”0.1"1
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4.3.2 The effect of litter gravimetric water content, thickness and 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 (LFH™), litter fresh weight
(LFHFresh), litter dry weight (LFHPY), litter moisture mass (LFHVM), litter gravimetric water content

(LFH®"C) and litter density (LFHP®™!Y) (Table 4.5).

Mean and median ambient temperatures for both sites were similar, with low standard errors within
0.2 of each other (Table 4.5 & Figure 4.7) and very small and overlapping upper, lower and
interquartile ranges (Table 4.5 & Figure 4.7). However, Te Hiku had a slightly higher capacity than
Mahurangi. Likewise, the mean and median (Table 4.5 & Figure 4.7) LFH™ at both sites were
similar, with overlapping ranges and low standard errors. However, Te Hiku had a slightly smaller
range in LFH™ (Table 4.5 & Figure 4.7). At Mahurangi, LFH™™", LFHY and LFHY™ all had higher
mean and median weights than at Te Hiku (Table 4.5 & Figure 4.7), with little to no overlap between
interquartile ranges between the two sites (Table 4.5 & Figure 4.7). Mahurangi had greater LFH"M
than the LFH at Te Hiku (Table 4.5 & Figure 4.7); however, LFH®"WC was far greater for LFH at Te Hiku
than it was at Mahurangi (Table 4.5 & Figure 4.7). Forest litter had a higher mean and median
grams per centimetre density at Mahurangi than was found at Te Hiku, with a greater standard error
and much more extensive range with minimum and maximum values that did not overlap with those

at Te Hiku (Table 4.5 & Figure 4.7).
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Table 4.5. 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 | 0.04 006 | 29.08 2897 | 29.20 2931 | 29.29 2952 | 022 056 | 2876 2861 | 29.49 29.75 | 0.73  1.14
(°c)

Th'(cc':;‘fss 440 406 | 041 032 | 3.00 250 | 400 400 | 625 500 | 325 250 | 1.00 1.50 | 800 7.00 | 7.00  5.50
W(;;iih(g) 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

« 100.47 9.65 | 883 1.38 | 71.66 4.69 | 8754 7.60 | 133.09 12.66 | 61.43 7.97 | 4555 178 | 211.80 29.91 | 166.25 28.12
Mass of

moistures  145.48 88.16 | 13.22 11.66 | 98.81 45095 | 117.62 82.02 | 211.64 110.70 | 112.82 64.76 | 57.97 24.07 | 263.09 274.21 | 205.12 250.15
(8)
Dry;"'%e)'ght 4117 997 | 067 055 | 3811 692 | 40.66 9.85 | 43.71 12.18 | 560 526 | 3488 655 | 47.10 1475 | 12.22 820
GWC(%) 5883 90.03| 067 055 | 56.29 87.82 | 59.34 90.15 | 61.89 93.08 | 560 526 | 52.90 8525 | 6512 93.45 | 12.22 820
Density

o) 2648 234 | 291 028 | 1811 159 | 2355 195 | 27.82 254 | 971 095 | 972 119 | 76.00 7.48 | 66.28  6.29

S.E.M = Standard error of mean, UQ = Upper quartile, LQ = Lower quartile, IQR = Interquartile range, Min = Minimum, Max = Maximum

Mahu = Mahurangi Forest, TeHi = Te Hiku Forest
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4.3.2.2 Analysis using generalised linear model
A generalised linear model was created using predictor variables litter (LFH) thickness (LFHThickness),
litter gravimetric water content (LFH®Y), litter density (LFHP®"%) and site as main effects as well as

their interactions (Table 4.6 & Table 5.8).

Both generalised linear models (GLM) showed they could explain 91% and 82% of the variability in
EC.°°and EC,1®° (Table 4.6). Of all the main effects and their interactions in both GLMs, only one
interaction showed a weak correlation with EC,'*°. The interaction between LFH™kness gnd [ FHPensity
had a weak, negative correlation with EC,!*°. No other litter variables showed significance with p-

values above the 0.05 significance level (Table 4.6).

A likelihood ratio test compared the GLM with all litter variables and their interactions and the
simpler GLM with only LFH™<kness gnd LFHPe™' as main effects and their interactions with EC,'*°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 variability in EC,'®° with weakly significant
to non-significant p-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 their interactions. Based on these

results, litter variables cannot explain variability in EC,.
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Table 4.6. Summary of the generalised linear model using the main and interaction effect of all litter variables as predictors of apparent electrical 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
LFHThickness 3.36 2.05 1.64 0.11 3.18 1.75 1.82 0.08
LFHGWC 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: LFHThickness -9.39 6.87 -1.37 0.18 -1.29 5.89 -0.22 0.83
Site: LFHSWC -0.25 0.36 -0.69 0.50 0.12 0.31 0.39 0.70
LFHThickness, | FHGWC -0.05 0.03 -1.55 0.13 -0.05 0.03 -1.74 0.09
Site: LFHPensity -9.77 14.28 -0.68 0.50 4.44 12.23 0.36 0.72
LFHThickness, | Fj{Density -0.15 0.08 -1.97 0.06 -0.14 0.07 -2.05 0.05
LFHGWE; | FHDensity 0.00 0.00 -1.07 0.29 0.00 0.00 -1.51 0.14
Site: LFHThickness. | FGWC 0.12 0.08 1.54 0.13 0.03 0.07 0.50 0.62
Site: LFHThickness, | pjjDensity 3.47 3.14 1.10 0.28 0.19 2.69 0.07 0.94
Site: LFHSWC; L FHDensity 0.11 0.16 0.73 0.47 -0.04 0.14 -0.30 0.76
LFHThickness | FLGWC; | p{Density 0.00 0.00 191 0.06 0.00 0.00 2.01 0.05
Site: LFHThickness, | FHGWC, | FyDensity -0.04 0.03 -1.16 0.26 0.00 0.03 -0.14 0.89
Dispersion parameter 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)

AlC 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 this section show that the variability in apparent electrical conductivity at both
cumulative depths 50cm and 160cm cannot be explained by temperature or instrument drift (Table
4.2), the presence or the absence of forest litter (Table 4.4) and forest litter variables such as litter

gravimetric water content, litter thickness or litter density (Table 4.6).

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

The analysis of apparent electrical conductivity (EC,) data collected during the measurement
campaign at Mahurangi and Te Hiku Forests reveals no substantial correlation between EC, and
variations in temperature, whether it be ambient temperature, soil temperature, or instrument
temperatures, as well as voltage levels (Table 4.2), to both cumulative depths of 50cm (EC,*°) and
160cm (EC,'%%). 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 worked well. Next, the lack of relationship
between ambient temperature, air temperature, soil temperature and apparent electrical
conductivity could be ascribed to the environmental conditions in forested catchments. The
temperature data collected for this study, particularly the ambient and soil temperature for both
catchments, were relatively stagnant both within and between sites (Table 4.1). The DualEm-1's
sensors are well insulated, which was an intentional act of the manufacturers to protect the sensors
against extreme temperature changes (DualEm, 2014). In addition, at the time of measurement,
both forests had achieved full canopy cover, providing shade and reducing direct sunlight exposure
to the forest floor. With limited, direct solar radiation accessing the forest floor, the result was more
stable and moderate temperatures under the forest canopy (McLaren & Cameron, 1996). Finally,
forest litter acts as an insulator for the upper horizons of the forest floor, meaning temperature

variability is far less extreme than in more exposed soils (Bren, 2016; Park et al., 1998).
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Based on these findings, there is no requirement in this study to conduct an error correction to
compensate for drift caused by instrument voltage, temperature, 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 between EC,, 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 difference in apparent electrical conductivity (EC,) in the presence and
absence of forest litter and the lack of significant relationships between EC, and 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 stages of decay (Liu et al., 2022;
Santos et al., 2010). Because forest litter is not densely packed, there is a lot of pore space between
solids filled with air. Airis not conductive and is assumed to have a neutral effect on the
electromagnetic induction signal (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 thickness. Soil salinity
(Huang et al., 2017b; Stockmann et al., 2017), water content (Gallart et al., 2019; Martinez et al.,
2018) and texture (Caires et al., 2014; Gallart et al., 2019) are considered the most influential factors
in the variability of EC, along with soil depth and soil organic matter (Atwell & Wuddivira, 2019).
These soil variables can have high attenuation rates. If they 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 variability of EC..

In summary, when using electromagnetic induction technology such as the DualEm- 1 in forest
catchments, an adjustment factor is not required to compensate for the presence of forest litter on
EC,, nor is there a need to remove forest litter before conducting electromagnetic induction surveys.
However, if forest litter is considerably thick, saturated or has other qualities not discussed here, it

would be best to test for changes in EC, 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 ecological studies (Allaire et al., 2009; Bren,

2016)

Capturing microsite heterogeneity of forest soils is crucial because it 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 productivity (Bren, 2016). Forest owners can make more informed decisions
regarding land use and water resources by characterising the soil properties at a microsite level
(Atwell et al., 2013; Atwell & Wuddivira, 2019). Therefore, they can better predict and mitigate the
impacts of climate change on water availability and even provide insights into the relationships
between soil properties and biodiversity, which can inform conservation efforts and help maintain

healthy and resilient forest ecosystems (De Jong, 2016).

Traditional methods for soil characterisation, such as soil sampling and laboratory analysis, are often
labour-intensive, time-consuming, and costly and may not be feasible for large-scale assessments or
frequent monitoring of remote, steep, and rugged landscapes. Thus, the natural microsite
heterogeneity of forest soils is less likely to be captured (Lardo et al., 2012; McBratney et al., 2005;
Serrano et al., 2014; Triantafilis & Monteiro Santos, 2013). Therefore, an alternative, cost-effective
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) technology (Lardo

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

Geophysical sensing using electromagnetic induction (EMI) technology has successfully been used to
infer soil properties, including soil texture and moisture content in various environments,
particularly in agriculture and archaeological and geotechnical exploration (Atwell 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 conductivity (EC.), 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 physical and chemical 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 environments (Altdorff 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., 2020) and two studies found using the technology in

a P. radiata production forests in New Zealand. (Gallart 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, 2016). The soil is
regularly worked as a direct result of bioturbation and pedoturbation caused by micro and macro-
organisms in and on the forest floor (Amatya et al., 2016). Forest soils rarely experience overland
flow due to the thick, sponge-like forest litter which overlies the forest soil (Li et al., 2014; Neary et
al., 2009; Uchida et al., 2001). In addition, decaying tree roots create soil pipes that help divert and
redistribute precipitation, which reaches the forest soil through lateral flow (Uchida et al., 2001).
Because forests have long harvesting rotations or may not be harvested at all, their roots can
penetrate beyond 40cm depth, range in size from <2mm to <5cm and grow radially (Figure 5.1) from

the trunk beyond a 2-metre distance (Phillips et al., 2023).

65



Wb

Figure 5.1. Root excavation of a 25 year old P. radiata (Phillips et al., 2023).

The soil moisture is redistributed during the wetter months via lateral flow and stored in micro and
macro pores, which are slowly released and less 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 to an anthropogenic modification such as tilling, compaction by machinery and
stock (Sparling & Schipper, 2004) and are left exposed while crops are re-establishing 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 induction and forest soils

Measuring apparent electrical conductivity (EC,) using electromagnetic induction technology (EMI),
such as the DualEm-1, is a way of assessing soil properties in a 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 between EC, and saline content in the soil (McNeill, 1980).
Apparent electrical conductivity was also found to correlate with changes in soil moisture, texture
(Gallart et al., 2019; Martinez et al., 2018), bulk density, porosity, carbon content (Atwell &
Wuddivira, 2019), and clay content (Neeraj & Chandra, 2021; Triantafilis & Lesch, 2005), in addition
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to other chemical and physical properties, which makes EC, measurements using EMI a valuable tool

for understanding soil properties.

Other benefits of the EMI technology and, more specifically, the DualEm-1 include portability,
allowing surveys on rugged and difficult-to-access locations, and non-destructive measurements,
where the instrument is placed on the ground in an upright position (DualEm, 2014). Apparent
electrical conductivity at 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 collection. These features of EMI
technology make them an excellent 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 one dimension using ordinary Gaussian kriging to
create a map of EC, across the study site. Soil sampling is still required to establish relationships
between EC, and the soil property in question; however, sampling is far less intensive and more
strategic. For example, choosing sample locations defined by specific topographic features (e.g.
aspect, Slope, elevation). Or, because geolocation data is simultaneously collected, summary
statistics, including minimum, maximum, mean and outlier EC, values, can be assessed and
remeasured before soil sampling in these unique locations. Electromagnetic induction technology
such as the DualEm-1 measures EC, at two cumulative depths, allowing inversion software such as
EMA4Soil to disseminate the EC, down the soil profile. If EC, is collected in transects, two-dimensional
maps can be created to visualise the changes across a study site along those transects. In addition,
software such as EM4Soil (EMTOMO LDA, 2018) can use geospatial data such as latitude/longitude

and elevation to visualise EC; in three dimensions using quasi-three-dimensional inversion.

5.1.4 Quasi-3D inversion of apparent electrical conductivity

Quasi-three-dimensional inversion refers to a geophysical technique used to interpret subsurface
data, such as apparent electrical conductivity (EC,) using electromagnetic induction (EMI), to create
a three-dimensional (3D) model of the earth's subsurface (EMTOMO LDA, 2018). Inversion refers to

inferring subsurface properties based on measured geophysical data such as EC,. The term "quasi" is
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used because EMI surveys collect data in one dimension and are used along with geospatial data to
create a more comprehensive but approximate 3D representation (Davies et al., 2015; EI-Naggar et
al., 2021b; McNeill, 1980; Triantafilis et al., 2011; Triantafilis & Santos, 2011). Quasi-three-
dimensional inversion involves solving complex mathematical equations and optimisation algorithms
considering measured EC,, geological constraints (such as elevation), and regularisation techniques
to create a model that best fits the observed data (Kang et al., 2015; Triantafilis & Monteiro Santos,
2013). Therefore, quasi-3D inversion bridges the gap between two-dimensional and 3D
representations of geophysical data such as EC,. It is important to note that quasi-3D inversion is
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.
Quasi-3D inversion is a practical compromise between 2D and full 3D inversion, balancing

computational efficiency and improved subsurface characterisation (Triantafilis & Santos, 2013).

5.1.5 Chapter objectives

Chapter 5’s objectives are to establish if apparent electrical conductivity and modelled electrical
conductivity adequately capture the spatial heterogeneity of soil physical properties (texture),
chemical properties (electrical conductivity) and soil moisture in forested catchments using a
mixture of statistical analysis and one-dimensional and 3D maps and comparison between ordinary

kriging and quasi-3D inversion.

5.2 Methods

5.2.1 Soil sampling and lab analysis

The following sampling protocol and analysis were developed, in part, using the methods outlined by
Triantafilis and Santos (2013), EI-Naggar et al. (2021a), Davies et al. (2015); Huang et al. (2017b) who
used EMA4Soil EC, inversion modelling software to predict the spatial variability of soil properties
such as electrical conductivity (EC), clay and content using EC, measurements taken using DualEm-
421. Field samples were collected, and these properties were measured in a lab at various depths to

validate DualEm apparent electrical conductivity data (Triantafilis & Santos, 2013).
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5.2.1.1 Soil Sample Collection

Forest litter and DualEm EC, measurement protocol are outlined in Sections 3.2.2 — 3.2.4. The
methods outlined below occurred directly after those summarised in Chapter 3 and were developed
using Manderson et al. (2007). Soil samples were taken in each plot from the centre of the EC;
measurement site using a stainless-steel Hoffer sampler with a diameter of 2.3 cm and sampling
lengths of 30cm, 60cm and 90cm (Figure 5.2, Table 5.1 & Table 5.2). The cores were taken from the
same hole using the three different hoffers to obtain samples down the soil profile at the three

depths (Figure 5.2, Table 5.1 & Table 5.2).

Due to instrument availability and time constraints, the field team could not retain intact soil cores
to analyse in the lab. Therefore, to obtain a record of the soil profile, all three cores were laid on a
laminated sheet adjacent to a measuring tape and photographed (Table 5.1 & Table 5.2). 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 were immediately put in a

4°C fridge before processing for lab analysis (Figure 5.2).

Bag #3 Bag #2 Bag #1 Site and
30-60cm 0-30cm plot number

] | A
[ \f \ \

Surface
soil core

100 cm 80 cm 60 cm 40 cm 20 cm Ocm

Figure 5.2: Soil cores were taken in 30cm lots regardless of soil profile/texture boundaries. Photo
courtesy of Jen Owens (2022).
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Table 5.1. Soil auger samples from the centre of each of the 25 plots at Mahurangi Forest for depths 0 - 30 (left), 30 - 60cm (centre) and 60-90cm (right) in order of highest to lowest
apparent electrical conductivity to a depth of 160cm.

03A07

%

e

""r:‘y/u‘u

70



||X|,l||l|]III;IIU[IIH[”HI
ol gl sl

(=}

E 70

71



Table 5.2. Soil auger samples from the centre of each of the 25 plots at Te Hiku Forest for depths 0 - 30 (left), 30 - 60cm (centre) and 60-90cm (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 was shallower than 1 metre,
sampling was limited to a sampling depth practical for the sample collection team. Additionally,

geo-referencing data of the core site was collected using a Garmin GPS.

5.2.1.2 Gravimetric water content and sample preparation

Samples were weighed, oven-dried at 105°C for 48 hours and then reweighed. Gravimetric water
content was calculated using Equation 2, replacing litter values with wet and dry soil weights.
Samples were then passed 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 themselves when shaken, with fine-
grained particles settling to the bottom and coarse-grained particles at the top. Therefore, to ensure
a representative sub-sample was obtained, the dried sample was well mixed in a tray, and sub-
samples were taken by dragging a spatula 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 solution of

one part soil to five-part water (Triantafilis & Santos, 2013).

5.2.1.3 Particle fraction analysis and soil texture classification

Using the 30mg sub-samples, percentage volume and percentage number of particles of clay
(<0.002mm), silt (0.002 — 0.06mm), fine sand (0.06 — 0.2mm), medium sand (0.2 — 2mm) and course
sand (>2mm) (Milne et al., 1995) was calculated using a particle fraction analyser called CAMSIZER®
X2 (CX2) (Microtrac, 2020). The CAMSIZER® can characterise the grain size of particulate materials
ranging from 0.0008mm to 8mm, which is made possible because the combined zoom camera and
primary camera allow optimum image resolution (Microtrac, 2020). This particle fraction analyser
consists of a sample feeder, a particle dispersal module, and an imaging module controlled by
proprietary CX2 software (Figure 5.3). "Particles are dispersed past the field of view of two high-
resolution digital cameras to image the moving particles that an LED backlights" (Buckland et al.,
2021). The software processes the images created in real-time and generates shape and grain size

distributions and statistics (Figure 5.3).

74



Sample feeder Desktop Computer

Imaging module DA

l
r

| S=s

o

LED

.- x : A o rl N
% :":
) Zoom@

Figure 5.3. Components of the particle fraction analyser CAMSIZER ®(Microtrac, 2020).
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Particle fraction analysis was used for statistical analysis purposes, specifically the percentage
number of particles per sample by size class because the volume of clay in each sample was
<0.0001%. When rounded, this would incorrectly imply no clay-sized particles were in each sample.
Texture descriptions were assigned using the ribbon method to determine stickiness, plasticity, and
friability/deformability. In addition, soil colour was given a number and name description using the
Munsell colour chart, and overall texture classification was determined using data from the particle
fraction analysis and the soil texture triangle (Milne et al., 1995; Webb & Lilburne, 2011).
Assignment of texture descriptions, colour and texture classification was done based on samples
from the three sample depths (0 —30cm, 30 — 6cm and 60 — 90cm), as sampling could not preserve

the soil horizon profiles.

5.2.1.4 Electrical conductivity of 1-part sample to 5-part water

The electrical conductivity of soil is traditionally measured using a saturated paste extract to
estimate salt contents (Sonmez et al., 2008). However, 30mg sub-samples were used to measure
electrical conductivity using a Thermo Scientific TDS 6+ TDS meter. The sample was mixed with
deionised water to create a one-part soil to five-part water solution, which was shaken for 30
minutes and then allowed to settle for 24 hours before being measured for electrical conductivity
(Blakemore et al., 1981; Manaaki Whenua - Landcare Research, n.d). The electrical conductivity
meter was temperature compensated (meaning post-measurement temperature calibration was not
required). The probe was also checked against a pre-prepared KCL solution with 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 4.3.0 (R Development Core Team, 2018),
including summary statistics and graphs to determine if apparent electrical conductivity can predict
soil texture and soil moisture properties. For all subsequent analyses, 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 Exploratory analysis and assumption testing

Summary statistics were obtained for each measured variable by site and depth, including the mean,
quartiles, minimum, maximum and standard error of mean. To test the data for normality,
heteroscedasticity and skew, a Kolmogorov-Smirnov (K-S) test using the R package "fitdistrplus"
(Delignette-Muller & Dutang, 2015) was conducted on response variables along with visual
inspections of Q-Q plots and histograms. While the K-S test on apparent electrical conductivity EC,
at 160cm (EC,'®°) had a better fit with a normal distribution than EC, at 50cm (EC,>°), the histograms
showed EC,>° and EC,'° were right-skewed, likely due to all variables being zero bounded. Q-Q plots

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 studio (Fox & Weisberg, 2011). A variable
inflation factor value <4 generally shows a lack of multicollinearity between variables, although
some variables were greater than this (<10). It has been cautioned to avoid using variables with high

VIFs, as suggested by O'Brien (2007).

To manage the high VIFs caused by soil texture, Salomao 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 soil texture to determine which variable should
remain for future analysis to reduce the instances of high VIFs (Fox & Weisberg, 2019) (Table 5.3).
The percentage number of silt particles had a strong, negative correlation with clay (R*=-0.79) and
sand (R? = 0.90) and was therefore not used in subsequent analysis. Clay and sand percentages were
weakly correlated (R? = 0.45) with even weaker correlations when sand was split into medium and
fine categories and were, therefore, used to represent soil texture in further analysis, in line with the

treatment of sand, silt and clay variables by Salomao et al. (2022).
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Table 5.3. Pearson's product-moment correlation coefficient to determine which variables should remain
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 VIFs (>2000) 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 interactions were used except for gravimetric water content and electrical
conductivity of a one-part soil to five-part water solution. More appropriate statistical models that
can deal with high inflation factors, multicollinearities and variable removal, such as ridge or lasso
regression, principal components analysis or non-linear 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 by (Sudduth et al., 2001), (McNeill, 1980) and (Hedley et al.,
2004), apparent electrical conductivity to cumulative depths 50cm (EC,>°) and 160cm (EC.%°) were
correlated with weighted mean values for gravimetric water content (GWC (%)), the electrical
conductivity of a one part soil to five-part water solution (EC** (mS/m)), clay, fine sand and medium
sand particle percentage per sample (CLAY, FSAND, MSAND). Weighted means were calculated

using the following equation:

Equation 6. Calculation of weighted mean of soil variables

i = (Z(weight * value)) / Zweight

Where:

K = the weighted mean of soil variable

2 = sum over all relevant data points

Weight = weight associated with depth (either 60 or 90)
Value = actual value of each soil variable
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The weighted means were calculated twice, once with a weight of 0 - 60cm and again for 0 - 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., 2001) and were then input as predictor

variables in generalised linear mixed effects models for subsequent analysis.

5.2.2.3 Statistical analysis to assess if variables affect apparent electrical conductivity

As the dataset had a hierarchical structure, a generalised linear mixed effects model (GLMER) was
applied by assigning the weighted mean values of measured soil variables as (gravimetric water
content (GWC), electrical conductivity of a soil solution (ECe*®) and clay, fine sand and medium sand
particle percentage) as fixed effects and site as a random effect (Lee & Nelder, 2001). The package
used in R studio was ‘Ime4’ using the ‘glmer’ function(Bates et al., 2014). Given that EC, was
continuous, positively skewed, non-negative, and 0 — 100 bounded, a gamma distribution family
with a log link function (Equation 7) was used to accommodate these attributes Schabenberger and

Pierce (2001).

Equation 7. Global generalised, linear mixed effects model.
GLMER(ECa~ (1|Site) + Clayyy + FSANDy + MSANDy + GWCyy
* ECe;}i} distribution = Gamma ( link = (log))
Where:
EC, = Either apparent electrical conductivity to 50cm or 160cm
(1/Site) = Site as a random effect
CLAY = Weighted mean of clay sized particles (%)
FSAND = Weighted mean of fine sand sized particles (%)

MSAND = Weighted mean of fine sand sized particles (%)
WM = Depth range of weighted mean, either 60cm or 90cm

All four global GLMER derived from Equation 7 were simplified using the 'dredge’ function, accessed
via the 'MuMIn' package in R studio (Barton, 2023), which allows the parameters of the global model
to automatically subset all possible simplified model combinations (Barton, 2023). The global and
simplified models were ranked based on Akaike information criterion (AIC) selected for small sample
sizes (AlICc) (Equation 8). Akaike information criterion is a commonly used model selection tool to
assess the parsimony of model structures (Akaike, 1974; Bonakdari & Zeynoddin, 2022). Akaike
information criterion is “minus two times the log-likelihood plus two times the number of model
parameters”(Akaike, 1974) and measures both model fit whilst penalizing for overfit (Bonakdari &

Zeynoddin, 2022).
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Equation 8. Akaike's Information Criterion equation corrected for small sample size (Bonakdari & Zeynoddin, 2022).

2k(k + 1)

AlCc = AIC +
¢ n—k—1

Where:
n = number of resiuals
k = Sum of model parameters
AIC=AIC = —2In(c22) + 2k
Where :
o2 = maximum likelihood of is the residuals’ variance

The “-2” in Equation 8 ensures models with the best fit have a lower AIC score (Akaike, 1974;
Bonakdari & Zeynoddin, 2022). A higher penalty term is introduced when the sample size is small,
allowing AIC to be corrected and making the selection process more reliable (Equation 8) (Bonakdari
& Zeynoddin, 2022). The top-ranking models were considered to be those within 3 points of the
lowest AICc score, along with their R? values and log-likelihood. The dredge function assigned a
delta value to identify how far each model sat from the lowest AlCc score (delta = 0 is the lowest

AlCc scoring GLMER).

The drawback of using this form of the selection process is that AlCc does not have insight into
underlying relationships in the data. Therefore, this criterion should not be used in isolation but
rather in combination with other model parameters, such as R? (Bonakdari & Zeynoddin, 2022). In
addition, AlCc assumes the models being compared are linear, meet the assumptions of linearity and
are more suited to data with a Gaussian distribution or data that lacks outliers (Bonakdari &
Zeynoddin, 2022). Finally, AlCc does not perform hypothesis testing and can only indicate if the
model has a good fit, not if particular predictor variables are statistically significant (Akaike, 1974;
Bonakdari & Zeynoddin, 2022). Despite these drawbacks, AlCc is a valuable tool for model selection
when used with other model metrics and for understanding the results in the context of the wider

study (Bonakdari & Zeynoddin, 2022).

Likelihood ratio Chi-square tests were conducted using the ‘Im test’ package in R studio (Zeileis &
Hothorn, 2022) to compare each global GLMER with the simplified GLMERs to determine which
model best explains the variability in EC,. Likelihood ratio chi-square 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 model (Westfall & Henning,

2013).

A generalised linear mixed effects model was selected based on balanced goodness of fit with
complexity and had significant and sensical R?and p-values. This generalised linear mixed effects
model was assessed for multi-collinearity using Pearson’s product-moment correlation, concurrently
calculated in R studio as the GLMER summary (Bates et al., 2014). Variable inflation factors were

also assessed using the ‘vif’ function in the ‘car’ package in R studio (Fox & Weisberg, 2019)

5.2.3 Visualisation of modelled and apparent electrical 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 version 3.1.0 (Esri
Inc., 2023). The points were kriged using the Spatial Analyst tool (ESRI®) using ordinary kriging and
Gaussian semi-variogram model to produce four maps of soil EC,at 50cm and 160cm depths at
Mahurangi Forest and Te Hiku Forest using the inputs listed in Table 5.4 The input data used for
each site differed to compensate for the fact that Mahurangi was a far smaller catchment than Te
Hiku with the same number of data points, and Te Hiku was less variable across the study site, so

using different inputs highlighted the subtle changes across the catchment.

Table 5.4. Input data for ordinary kriging for apparent electrical conductivity at sites Mahurangi and Te Hiku for
cumulative depths 50cm and 160cm.

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
Measurement error 10% 10%
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5.2.3.2 Mapping apparent electrical conductivity using laterally constrained 1D inversion
software

The ‘grid data’ function in EM4Soil’s ‘Map Module’ was used to produce one-dimensional maps of
apparent electrical conductivity to 50cm and 160cm cumulative depths using the nearest neighbour
technique (EMTOMO LDA, 2018). The input data included apparent electrical conductivity to 50cm
and 160cm, geospatial data of each measurement point (eastings, northing and elevation), and pitch
and roll of the instrument to adjust for any noise caused by excessive pitch or roll. The ‘gridded
data’ function automatically selects the grid geometry, which uses the easting and northing to create
a mean distance between data points and a user-defined “number of lines", increasing the number
of rows and columns in the grid. Increasing the user-defined smoothing function produces a more
visually aesthetic map at the expense of accuracy, as artefacts are created or removed in the map

depending on sample size and sample area.

5.2.3.3 Using quasi-3D inversion software to model electrical conductivity

The same data (geospatial, pitch, roll and apparent electrical conductivity to 50cm and 160cm) used
in Section 5.2.3.2 was used to create quasi-3D inversion maps using the Map module of EM4Soil
(EMTOMO LDA, 2018). Four sets of inputs are required: parameterisation, initial model, inversion

algorithm and gridding parameters).

Inversion parameters

Five user-defined parameters were required to control the smoothing and fit of the quasi-3D
inversion model (Table 5.5). The dampening factor (A) controls model smoothness and was
increased from the default for both Mahurangi and Te Hiku maps to create smoother, less blocky
maps (Table 5.5). Default values of misfit and data error 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 regularization (EMTOMO LDA, 2018; Khongnawang et al., 2019). Algorithm S2
was selected as the initial model assumes a five-layer earth, and this algorithm produces smoother
maps as the algorithm constrains the model response around the reference model (Table 5.5)

(EMTOMO LDA, 2018; Khongnawang et al., 2019).
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Table 5.5. Parametisation of quasi-3D inversion model.

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

Initial Model

A heterogeneous, five-layer initial model was considered, with depths to the top of each layer being
0, 30cm, 60cm, 90cm and 120cm. At each depth, the mean electrical conductivity of a 1-part soil to
a 5-part water solution was input for each site (Table 5.6). 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 soils (>100mS/m) (EMTOMO LDA, 2018;
Khongnawang et al., 2019). Thus, the former CF model was used for both sites as apparent electrical

conductivity values were < 35mS/m (Table 4.3).

Gridding model

As in Section 4.2.3.2, the grid geometry must be altered to map the final quasi-3D inversion model,
which uses the easting and northing to create a mean distance between data points. The user-
defined “number of lines" was increased to 50 for the x and y-axis and the smoothing factor to 5 for

both the x and y-axis.
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5.3 Results
5.3.1 Summary Statistics

5.3.1.1 Soil gravimetric water content and electrical conductivity of a 1-part soil to 5-part
water solution

Summary statistics Table 5.6 and box plots Figure 5.4 provide details of measured variables of soil
samples collected at Mahurangi and Te Hiku at depths 0 —30cm, 30 - 60cm and 60 — 90cm for soil
gravimetric water content (GWC) and electrical conductivity of a one part soil to five parts water

solution (ECe'?).

Mean and median GWC and ECe'® were higher at Mahurangi than at Te Hiku, with low standard
errors (0.16 — 1.89) for both sites and variables (Table 5.6). The range at Mahurangi and Te Hiku for
both GWC and ECe’® decreased with soil sample depth, with overall higher ranges for Mahurangi
(GWC 34 — 40 and ECe'* 24 — 29) than for Te Hiku (GWC 33.85 —16.1 and ECe® 3 — 4.9), the
exception to this being a higher range for GWC at Te Hiku at depth 60 —90cm than at depth 30 —
60cm. Overall, there is a clear site difference in GWC and ECe®> with little to no overlap of lower,
upper and interquartile ranges between sites for both variables (Figure 5.4). However, the
variability between depths at each site is less obvious with similar standard error of means,
particularly for GWC at Mahurangi. Therefore, the significance of these differences will be explored
in subsequent sections. Both sites had outliers, which were checked in the original data and notes,
and the values themselves made scientific sense in the context of each site, so the values remained

in the data (Figure 5.4 & Figure 5.10).

5.3.1.2 Particle fraction analysis

Table 5.7 presents the results of the particle fraction analysis with the percentage number of
particles per sample broken down by class sizes clay (<0.002mm), silt (0.002 — 0.06mm), fine sand
(FSAND) (0.06 — 0.2mm) and medium sand (MSAND) (0.2 — 2mm). Silt-sized particles dominated
samples from both Mahurangi and Tehiku forests (mean = 77 to 81 %), followed by clay-sized
particles (mean = 10 to 14%) and fine sand-sized particles (mean = 7 to 9%), while medium-sized
sand particles made up less than 1% of mean particles present per sample and all with standard

error of mean <1.
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Table 5.6. Summary statistics of gravimetric water content (GWC), electrical conductivity (ECe':) Mahurangi and Te Hiku.

Site Sample depth Mean S.EM LQ Median uQ IQR Min Max Range
range (cm)
GWC (%)
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
ECe¥®(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 = Standard error of mean, UQ = Upper quartile, LQ = Lower quartile, IQR = Interquartile range, Min = Minimum, Max = Maximum
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Figure 5.4. Box plots of soil gravimetric water content (left) and electrical conductivity of a 1:5 soil:water solution.
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Table 5.7. Summary statistics of particle fraction analysis showing the percentage number of particles per sample by
site, depth range and particle size.

Depth
range Mean SEM LQ Median uQ IQR Min Max  Range
(cm)
Clay %
0-30 11.46 0.17 10.84 11.34 11.84  1.00 10.07 13.29 3.22
Mahurangi  30-60 11.62 0.15 11.13 11.52 12.18 1.05 10.25 13.19 2.94
60-90 12.19 0.27 11.26 11.70 13.06 1.80 10.73 16.39 5.66
0-30 14.25 0.40 12.39 14.10 15.99 3.60 11.42 17.48 6.06
Te Hiku 30-60 11.71 0.30 10.55 11.49 12.82  2.27 8.85 14.53 5.68
60-90 10.39 0.28 9.23 10.51 11.24 2.01 7.67 13.14 547
Silt %
0-30 80.44 038 79.25 80.95 8190 265 76.16 83.66 7.50
Mahurangi 30-60 79.84 0.36 78.63 79.85 81.33 271 76.18 82.73 6.55
60-90 77.93 0.98 76.72 79.59 80.88 4.16 59.37 82.17 22.80
0-30 77.79 0.54 75.98 78.28 79.32 334 7178 83.61 11.83
Te Hiku 30-60 79.60 0.77 7852 79.18 8191 340 69.84 8581 15.97
60-90 81.83 0.85 77.85 83.04 84.76 691 7294 90.17 17.23
Fine Sand %
0-30 7.81 0.21 6.97 7.68 8.65 1.68 6.11 10.17 4.06
Mahurangi  30-60  8.25 0.21 7.39 8.37 8.89 1.50 6.57 10.29 3.72
60-90 9.50 0.67 7.62 8.47 10.22  2.60 6.88 22.77 15.89
0-30 7.26 0.32 6.40 6.96 8.75 2.35 4.16 9.83 5.67
Te Hiku 30-60 7.90 0.52 6.57 7.58 8.83 2.26 3.80 1492 11.12
60-90 7.04 0.54 5.03 6.26 9.24 4.22 1.99 12.24 10.25
Medium Sand %
0-30 0.29 0.02 0.23 0.28 0.32 0.09 0.16 0.50 0.34
Mahurangi 30-60 0.29 0.01 0.24 0.32 0.33 0.10 0.18 0.41 0.23
60-90 0.38 0.05 0.25 0.31 0.43 0.18 0.20 1.46 1.26
0-30 0.70 0.04 0.57 0.69 0.80 0.23 0.42 1.13 0.71
Te Hiku 30-60 0.79 0.05 0.61 0.75 0.91 0.31 0.41 1.62 1.21
60-90 0.73 0.07 0.51 0.68 0.94 0.43 0.17 1.68 1.51

S.E.M = Standard error of mean, UQ = Upper quartile, LQ = Lower quartile, IQR = Interquartile range,
Min = Minimum, Max = Maximum
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5.3.1.3 Weighted means of all measured soil variables

Table 5.8 provides summary statistics of the weighted mean of gravimetric water content (GWC), the
electrical conductivity of a 1-part soil to 5-part water soil solution (ECe*) and the percentage of clay,
silt, fine sand, and medium sand particles (CLAY, SILT, FSAND, MSAND). These predictor variables were
weighted by two depth ranges, 0 — 60 and 0 — 90 (discussed in Section 5.2.2.2).

The summary 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 values for most parameters than Te Hiku
(Table 5.8). These disparities highlight significant differences in the extremities of the data distribution
between the two sites. In comparing the 0 - 60 cm and 0 - 90 cm depth ranges, each site has a consistent
trend of higher minimum and maximum values at the greater depth (Table 5.8). 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 Mahurangi's data exhibits greater variability and a broader distribution of values. The

interquartile range also shows variations between depth ranges (Table 5.8).

The mean and median values show distinct site-wide 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 GWC, ECe'®, and different soil texture characteristics than
Te Hiku (Table 5.8). While both sites generally report low standard error of mean values, Mahurangi
often displays slightly higher values than Te Hiku (Table 5.8). This suggests that Mahurangi's data may
have a marginally higher degree of variability or measurement uncertainty, even though both sites show
relatively stable measurements (Table 5.8). In contrast, the standard error of mean values remains
consistent within each site across different depth ranges. This suggests that the precision of

measurements is similar at both depths (Table 5.8).

In summary, Mahurangi consistently exhibits higher values for most parameters compared to Te Hiku,
implying variations in soil and environmental conditions between the two sites (Table 5.8). The
differences between depth ranges also suggest depth-dependent variations in soil properties (Table
5.8). These insights can be valuable for understanding and managing soil and environmental

characteristics in these study areas.
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Table 5.8. Summary statistics of weighted means of gravimetric water content (GWC), the electrical conductivity of a soil water solution (EC1:5), and percentage number of clay, silt, fine
sand and medium sand particles per sample at depth ranges 0 - 60 and 0 — 90.

Weighted mean for depths 0 - 60

Weighted mean for depths 0 - 90

GWC ECel® CLAY SILT FSAND MSAND GWC ECel® 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 16.91 118.69 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 19.55  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 17.92 121.19 13.09 0.49 76.87 41.88 2038  134.75 15.48 0.60
Te Hiku 11.37 7.28 21.08 122.22 12.57 1.30 14.14 6.70 2124 137.33 13.82 1.41
IQR 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 15.29 115.55 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 = Standard error 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 conductivity (EC™) for the two study sites
(Mahurangi and Te Hiku) across three sample EC™ ranges (0-30mS/m, 30-60mS/m, and 60-90mS/m) are
presented in Table 5.9 and Figure 5.5. Significant disparities become evident when examining the
modelled electrical conductivity (EC™) data for Mahurangi and Te Hiku. Across all three depth ranges (0-
30 cm, 30-60 cm, and 60-90 cm), Mahurangi consistently displays higher mean EC™ values compared to
Te Hiku (Table 5.9). This is further underscored by the larger standard errors (SEM) in Mahurangi,
indicating more significant variability in the EC™ measurements (Table 5.9). Mahurangi exhibits wider
interquartile ranges (IQR), reflecting a more diverse distribution of EC™ data points and increased
variability in EC™ values (Table 5.9 and Figure 5.5). Furthermore, the maximum EC™ values for
Mahurangi consistently surpass those in Te Hiku (Table 5.9 and Figure 5.5). Conversely, Te Hiku has
lower mean EC™ and lower SEM values, pointing to more uniform and less variable EC™ measurements
(Table 5.9). The narrower IQR in Te Hiku signifies a more tightly clustered distribution of EC™ data points
and reduced variability with increased EC™ depths, accompanied by consistently lower maximum EC™
values than Mahurangi (Table 5.9 and Figure 5.5). These findings highlight the distinctions in the
modelled EC™ values, likely influenced by unique environmental and geological attributes specific to
each study site, such as soil texture, soil water content and electrical conductivity. These environmental

influences are analysed in Section 5.3.2.

Table 5.9. Summary statistics of modelled electrical conductivity (mS/m) for Mahurangi and Te Hiku Forest.

Site rDaenpgt: Mean SEM LQ Median uQ IQR Min Max Range
(cm)

go 0-30 9.05 1.37 4.56 7.72 11.12 6.57 2.25 31.25 29.00
g 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
S 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
" 60 -90 5.78 0.53 4.44 5.07 6.94 2.49 0.95 11.69 10.74

S.E.M = Standard error of mean, UQ = Upper quartile, LQ = Lower quartile, IQR = interquartile range, Min = Minimum, Max = Maximum
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Figure 5.5. Box plot of modelled electrical conductivity for Mahurangi and Te Hiku at three sample depths 0
—30cm, 30 — 60cm and 60 — 90cm.

5.3.2 Using apparent electrical conductivity as a predictor of soil variables

5.3.2.1 Generalised linear mixed effects model selection using Akaike Information Criterion
corrected for small sample size for response variable apparent electrical conductivity and
weighted means of predictor variables

All global generalised linear mixed effect models selected in Section 5.3.2.1 had the same random effect
“site” with two levels (Mahurangi and Te Hiku). The generalised linear mixed effects models with the
same response variables (EC,°° and EC,'°) had random effects that performed similarly across both

weighted mean depth ranges.

Table 5.10 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 EC, at cumulative depths 50cm (EC,>°) and 160cm (EC,!%°) and at the two weighted mean depths of
0-60cm and 0 —90cm. The standard deviation (0.28 — 0.5) and variance (0.08 — 0.28) of the random
effect “Site’” are higher for the GLMERs with only one predictor variable (Table 5.10) than they are for
GLMERs with multiple predictor variables (<0.0001) suggesting “site” has greater within site and also
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 GLMERs with only
one fixed effect (0.15 — 0.26) compared with GLMERs with multiple fixed effects (0.11 — 0.16), but the
residual standard deviation is similar between GLMERs with one fixed effect (0.39 — 0.48) versus GLMER
with multiple fixed effects (0.35 — 0.40) indicating GLMER with only one fixed effect have greater
variability that isn’t explained by both the fixed and random effects, both within site and between sites
(Table 5.10 - Table 5.13). These results show that the site is an essential source of variability in EC,
within and between sites at 0 — 60cm and 0 — 90cm. However, the source of within and between-site
variability decreases with the introduction of more soil variables, which is better at explaining variability

in EC,. 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 GLMERs (Table
5.10).

Table 5.10. Summary of generalised linear mixed effects models using one predictor variable.

Depth (cm) Random effect Fixed effect
Predictor Var./Std. Res. Var. Co-eff.
EC. WM variable Div. Std. Dev./ log / exp Std. E. p-value
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 ECel® 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 <0.0001™"
160 0-60 GWC:ECe®® 0.11/030 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 <0.0001™"
160 0-90 GWC:ECe®® 0.11/0.34 0.16/0.40 0.00/0.99 0.00 0.09

Significance codes: 0 “***0.001 “**' 0.01 ‘*' 0.05°"0.1“"1
WM = Weighted mean

Var = Variance

Std = Standard deviation

Res = Residuals
Std. E = Standard Error
Co-eff = Co-efficient

Of the generalised linear mixed effects models with only one soil variable as a fixed effect (Table 5.10),
the weighted mean of fine sand and clay at both weighted mean depths held strong, positive

relationships with EC,®°

, while clay at both weighted mean depths had a weak, positive correlation with
EC.*° (Table 5.10). The weighted mean of medium sand and ECe'* had weak, positive correlations with
EC.°” while the interaction effect of GWC and ECe’® had a weak, positive correlation with EC,'° (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 mean (Table 5.10). However, there is more unexplained variability in EC,*° at both weighted

mean depths with only weak relationships with either ECe'®, fine sand, medium sand or clay alone, as

with the interaction effect of GWC and ECe®® (Table 5.10).

Of the generalised linear mixed effects models with multiple fixed effects as predictor variables, all fixed
effects strongly correlated with EC,*° and EC,'®°, except for one GLMER, which had a weak correlation
with the weighted mean of CLAY at a depth range of 0 - 60cm (Table 5.11 & Table 5.12). The weighted
mean of percentage clay was present in GLMERs with the EC,*° as a response variable but not with the
EC.!° response variable, with a weak positive correlation at a depth range of 0 - 60cm and a strong
positive correlation at a depth range of 0 - 90cm (Table 5.11 & Table 5.12). The weighted mean of
medium sand had a strong positive correlation with EC;>° and EC,'®°, indicating that an increase in
medium-sized sand particles increased EC.. The interaction between ECe'”> and GWC had a strong,
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positive relationship with EC, at both depth ranges and EC, responses; however, the back-transformed
coefficient (1.00) was non-significant (Table 5.11 & Table 5.12) In practical terms, this could mean that
while the interaction effect of GWC and ECe’® may not have a multiplicative effect on the EC, shown by
the back-transformed coefficient, there may still be some other type of association or relationship
between EC, and the interaction between GWC and ECe® that is not captured by the multiplicative
effect of the GLMER. Gravimetric water content and ECe* as main effects had a strong positive effect
on EC; for all four GLMER models (Table 5.11 & Table 5.12). Finally, FSAND did not significantly affect
EC,>° for a depth range of 0 - 90 and was therefore excluded. However, the weighted average of FSAND
had a strong, positive effect on EC, in all three GLMER models that included it as a predictor variable

(Table 5.11 & Table 5.12).

All four GLMERs had similar variable inflation factors and correlation coefficients (Table 5.11 & Table
5.12). When comparing the correlation coefficients and variable inflation factors for the four GLMERs,
the interaction terms GWC and ECe'® had low VIFs and correlation coefficients with other predictor
variables. Gravimetric water content and ECe'” 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 concern (Table 5.11 & Table 5.12). 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 variables (Table

5.11 & Table 5.12).
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Table 5.11. Generalised linear mixed effects models using weighted means of predictor variables for depth range 0 - 60cm for the response variables apparent electrical conductivity to
50cm (left) and 160cm (right).

Response
Variables EG:™ EG,™?
Model AlCc Log-lik Dev. Df.resid R? Model AlCc Log-lik Dev. Df.resid R?
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 Site (Int.) 0.00 0.00 effects Site (Int.) 0.00 0.00

Residuals 0.16 0.40 Residuals 0.11 0.12 0.12

Fixed effects

Slope'®®  Slope®® E.S.E t-value p-value Sig. Slope'®®  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 HkE
GWC 0.03 1.04 0.00 9.85 <0.001 HkE GWC 0.02 1.02 0.00 5.71 <0.001 HkE
ECe!® 0.06 1.08 0.01 9.30 <0.001 HkE ECe!® 0.03 1.03 0.01 5.99 <0.001 HkE
CLAY 0.04 1.08 0.02 1.85 0.06 . MSAND -1.01 0.37 0.16 -6.17 <0.001 *Ak
MSAND -1.07 0.60 0.19 -5.69 <0.001 *EE FSAND 0.12 1.13 0.02 7.19 <0.001 *Ak
FSAND 0.08 1.00 0.02 4.20 <0.001 Hkk GWC:ECe!5 <-0.00 1.00 0.00 -16.86 <0.001 ok
GWC:ECe'® <-0.00 1.00 0.00 -22.91 <0.001 HEE

Significance codes: 0 “***0.001 ‘**’ 0.01 “**" 0.05‘."0.1 ‘" 1

Correlation coefficient VIF Correlation coefficient VIF

(Int.) GWC ECel® CLAY MSAND FSAND (Int.) GWC ECe!® MSAND FSAND
GWC -0.01 9.09 GWC -0.13 8.62
ECe!® -0.18 -0.54 7.70 ECe!® -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 GWC:ECe'* 0.13 -0.20 -0.31 -0.11 0.06 2.40
GWC:ECe'® 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
log-lik Log-likelihood LQ Lower quartile uQ Upper quartile E.S.E Estimated standard error
dev Deviance Co-eff Coefficient Max Maximum VIF Variable inflation factor
df.resid Residual degrees of freedom
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Table 5.12. Generalised linear mixed effects models using weighted means of predictor variables for depth range 0 - 90cm for the response variables apparent electrical conductivity to

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

Response
Varir;bles EG,™ EG,
Model AlCc Log-lik Dev. Df.resid R? Model AlCc Log-lik 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.

eRfaf:':t"sm Site (Int.) 0.00 0.00 :fafzgt';m Site (Int.) 0.00 0.00

Residuals 0.0.16 0.40 Residuals 0.11 0.33

Fixed effects

Slope'®s  Slope®® E.S.E t-value  p-value Sig. Slope'®®  Slope®® E.S.E t-value  p-value Sig.
(Int.) -1.60 0.20 0.41 -3.92 0.00 HEx (Int.) 0.87 2.39 0.14 6.09 <0.001 *Ak
GWC 0.04 1.04 0.00 14.56 <0.001 oAk GWC 0.02 1.02 0.00 7.89 <0.001 oAk
ECel!® 0.07 1.08 0.01 12.50 <0.001 oAk ECel? 0.03 1.03 0.00 5.61 <0.001 oAk
CLAY 0.08 1.08 0.02 3.26 0.01 *ok MSAND -0.83 0.44 0.13 -6.23 <0.001 oAk
MSAND -0.50 0.60 0.13 -3.90 <0.001 oAk FSAND 0.09 1.09 0.01 6.37 <0.001 kK
GWC:ECe'* <-0.00 1.00 0.00 -32.93 <0.001 Ak GWC:ECe'S <-0.00 1.00 0.00 -20.98 <0.001 *Ak

Significance codes: 0 “***’ 0.001 **’ 0.01 ‘*' 0.05°." 0.1’ 1
Correlation coefficient VIF Correlation coefficient VIF
(Int.) GWC ECe!® CLAY MSAND (Int.) GWC ECel? MSAND FSAND

GWC 0.17 7.49 GWC -0.11 8.09
ECel!® -0.05 -0.66 7.41 ECel? -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
GWC:ECe'* 0.06 -0.20 -0.28 0.00 -0.04 2.50 GWC:ECe'S 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 Log-likelihood LQ Lower quartile uQ Upper quartile E.S.E Estimated standard error
dev Deviance Co-eff Coefficient Max Maximum VIF Variable inflation factor
df.resid Residual degrees of freedom
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5.3.2.3 Mapped apparent electrical conductivity using ordinary kriging and 1D laterally
constrained inversion

Figure 5.6 and Figure 5.7 map the spatial variability of EC, at Mahurangi Forest and Te Hiku Forest. The
upper two maps in each figure were mapped using ordinary kriging, and the lower two in each figure
were mapped using 1D, laterally constrained inversion software (EMTOMO LDA, 2018). The maps to the
left of each figure (A&C) are for EC, to 50cm (EC.°°), while the maps on the right side of both
figures(B&D) are EC, down to 160cm (EC,'%°) (Figure 5.6 and Figure 5.7).

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 points Figure 5.6. The EC,*° showed less spatial variability for both mapping techniques
than EC,'*° across the catchment (Figure 5.6). Both mapping techniques and cumulative depths offer
similar spatial patterns. For example, the maps are slightly symmetrical (Figure 5.6). There is a general
decrease in EC, towards the centre of the catchment, with the greatest decrease on the southwest side
of the catchment Figure 5.6. In all instances, the western side of the catchment shows the highest
source of EC, 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 catchment Figure 5.6. While in the centre of
the catchment, there is a general decreasing trend in EC, from north to south, the edges of the

catchment show a general increase in EC, going from north to south (Figure 5.6).

Te Hiku Forest was mapped on the same colour ramp (Figure 5.7) as Mahurangi Forest; however,
because of the small range in data, the spatial variability of the catchment was obscured in Figure 5.7.
Therefore, the range of values was decreased to highlight minute spatial patterns in EC, at both

180 and the kriged maps

cumulative depths Figure 5.7. Again, EC,>° was more homogenous than EC,
were smooth and more visually appealing than the 1D-laterally constrained maps (Figure 5.7). There
was a general increasing trend in EC, moving from northeast to southwest of the catchment in all

160 on the adjusted colour ramp because the catchment is

instances but was more pronounced with EC,
so large (~1800ha) when there are isolated changes in EC,, as in the north-eastern part of the

catchment, the same bullseye effect occurs.
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Figure 5.6. Mahurangi Forest apparent electrical conductivity at 50cm and 160cm cumulative depths (rows) using 1D inversion

software (left column), ordinary kriging in ArcGIS Pro (centre and left columns).
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Figure 5.7. Te Hiku Forest apparent electrical conductivity at 50cm and 160cm cumulative depths (rows) using 1D inversion software (left column), ordinary kriging in ArcGIS Pro (centre and left
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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 electrical conductivity (EC™) and predictor
variables at sample depths of 0 —30 cm, 30 — 60 cm, and 60 — 90 cm, GLMERs were fitted, and various
predictor combinations were selected for analysis based on predetermined criteria, including the
coefficient of determination (R?), log-likelihood, and AICc (Table 5.13). Delta values were also used to
identify the GLMERs within 3 AlCc points of the lowest AICc score (Table 5.13). Predictor variables
include GWC, ECe'* and percentage CLAY, FSAND, and MSAND (Table 5.13). Section 5.2 details why the
percentage of silt and coarse sand particles was omitted from further analysis and why percentage

volume was not used (Table 5.13).

For all sample depths, the GLMERs with only one predictor variable had high AlCc with delta scores
greater than 5 (the recommended is a delta score < 3) (Table 5.13). 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 30 — 60cm (12.94) compared with depth range 0 —30cm (12.03). In
addition, R were lower and log-likelihood scores were higher for GLMERs with one predictor variable,
suggesting these models were less able to explain the variation in EC™at each sample depth (Table 5.13),
a similar result found in Table 5.11 and Table 5.12. in Section 5.3.2. As mentioned in Section 5.2.2.2,
AlCc does not look at individual significance levels of variables, only how the model fit balances
complexity and, thus, the standard deviation, variance and the residuals of the random effects and the

p-values of the fixed effects (Table 5.14) will be discussed in Section 5.3.3.1.

The first set of columns in Table 5.13 displays the GLMERs used to describe the variability in EC™ at a
sample depth of 0 — 30 cm (GLMER®2°). Notably, the model comprising predictor variables CLAY + FSAND
+ MSAND exhibited a high coefficient of determination (R?= 0.83), implying these predictor variables can
explain 83% of the variability in EC™ within this depth range (Table 5.13). The GLMER low log-likelihood
(-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 GLMERs with other combinations of predictor variables for sample depth range 0 — 30

cm (Table 5.13).
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Table 5.13. Generalised linear mixed effects models for modelled electrical conductivity at 0 — 30, 30 — 60 and 60 — 90 depth ranges.

Sample depth 0-30cm 30 - 60cm 60 — 90cm
range

Int. R2 Log-lik AlCc  delta Int. R2 Log-lik AlCc delta Int. R? Log-lik AlCc  delta
ECelS + GWC +
CLAY + FSAND + 058 083  -5654 13570 862 | -1.48 080  -88.39 199.41 577 | 125 071 -12836 27933 2.97
MSAND + ECel> :
ECels + GWC +
CLAY+FSAND+  -1.48 083  -57.42 13444 7.36 169 074  -9528 210.16 1652 | 1.82 067 -131.18 28196 5.60
MSAND
‘,\:/IL?XN"DFSAND ¥ 154 083  -57.61 12921 2.13 131 073  -95.75 205.51 11.87 | 159 062 -134.84 28368 7.32

1:5

EEZLS +GG\AV)’CC ¥ 348 070  -7093 15587 28.78 | -232  0.76  -92.55 199.10 546 | 123 067 -131.54  277.08 0.72
ECel + GWC 016 065 -7458  160.56 33.48 | 038 066 -101.47 214.33 2069 | 200 060 -136.10 28359 7.23
CLAY 2296 068  -72.81 15452 2744 | 277 067  -100.84 210.59 16.95 | 230 056 -13831 28553 9.17
FSAND 315 073  -6838 14567 1858 | 263 072  -96.39 201.69 805 | 221 056 -13823 28537 9.00
MSAND 264 076  -65.10 13912 12.03| 198 070  -98.84 206.58 1294 | 236 056 -137.98 284.88 8.52
ECels 012 065 -7477 15845 3137 | 074 066 -101.78 212.48 18.84 | 240 057 -137.92 28476 8.39
GWC 2013 065  -7460 15812 31.04| 049 066 -101.53 211.96 1833 | 157 059 -136.47 281.84 5.48
OTHER
SIGNIFICANT 1183 082 5784 12708 000 | -1.07 080  -88.45 193.64 0.00 137 071 -12838 27636  0.00
MODELSAAA
AAR CLAY + MSAND ECel> + GWC + FSAND + ECel5 : GWC ECel> + GWC + FSAND + MSAND + ECe®5 : GWC

*** = Global model using all predictor variables and the interaction between Ee'®and GWC

Int. = x-intercept, Log-lik = Log-Likelihood,
AlICc = Akaike information criterion
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On closer inspection, CLAY and MSAND predictor variables were significant predictors of the
variability in EC™at a depth range of 0 — 30 (p-value < 0.0001); however, FSAND showed no
significant relationship with EC™ (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 0.47 (p-value = 0.49). The results show no strong evidence to reject the null
hypothesis, indicating no significant difference in model fit between models that include/exclude
FSAND at a depth range of 0 —30. Given that the simpler model excluding FSAND achieves a similar
level of fit and reduces model complexity, the GLMER with CLAY and MSAND as predictor variables

was selected.

The second set of columns in Table 5.13 shows the GLMERs used to describe the variability in EC™at
a depth range of 30 — 60cm (GLMER3°~%), The global model, including all predictor variables and the
interaction between ECe’®and GWC, stood out as the best model for explaining the variability in EC™
at this depth (Table 5.13). The generalised linear mixed effects model for depth range 30 - 60 was
able to explain 80% of the variability in EC™ with a log-likelihood of only 0.06 from the lowest log-
likelihood and a comparatively low AlCc (delta = 5.77) (Table 5.13). These model metrics underscore
the GLMER robust fit to the observed data and its ability to explain the variability in EC™ at a depth
range of 30 — 60 cm. GLMER3°~®, |ncorporating the interaction terms GWC and ECe'® again
highlighted the importance of this interaction in explaining variability at this depth (Table 5.13).
Meanwhile, the global GLMER showed a strong correlation with GWC, ECel:5, and the 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 non-significant predictors were required 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 ECe'* significantly enhanced model
performance (p-value of Chi-square statistic < 0.0001). In contrast, adding the non-significant
predictor terms did not enhance model fit (p-value of Chi-square statistic = 0.9). Therefore, the final
selected GLMER for depth range 30 — 60 included FSAND, GWC, ECe* and their interaction (Table
5.13).
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The last set of columns in Table 5.13 presents the GLMERs used to describe the variability in EC™ at a
sample depth of 60 — 90 cm (GLMER® %) and yielded similar results to the top GLMER3?-6%, Again,
the global model with all predictor variables and the interaction between ECe'*® and GWC was the
strongest performing GLMER, with the highest R? (0.71) and log-likelihood (-128.36) and a low AlCc
(delta = 2.97). This demonstrates GLMER®~%%s strong ability to explain EC™ variability with a good
model fit that balances complexity. Despite the strong model performance, the variable inflation
factors for the model predictors were high (between 2 and 25). A likelihood ratio test was
performed, and the results indicated the interaction between GWC and ECe'® enhances model fit in

GLMER30-60

Based on the GLMER comparison, it is crucial to consider multiple predictor variables and interaction
terms to explain the variability in EC™ across different sample depths. The global model, including all
predictor variables ECe'®, GWC, CLAY, FSAND, MSAND and the interaction between ECe'> and GWC,
were the best performing at depth ranges 30-60cm and 60-90cm in terms of their AlCc scores, log-
likelihood and R%. However, likelihood ratio tests determined the complex models were not
necessarily better and omitting non-significant variables created a more stable model. They also had
high log-likelihood values and low AICc scores, indicating that both models could balance goodness
of fit with model complexity. Therefore, at greater depths, GWC, ECe'®, and their interactions are
critical factors in explaining the variability observed in EC™. However, at a shallower depth range of
0-30 cm, the top-performing model did not include these predictor variables or their interactions,

suggesting that these variables have less influence on the variability seen in EC™.

The model comparison suggests the more complex global GLMER with all predictor variables and
interaction between GWC and ECe'* generally performs better than the simpler GLMER, which
omits GWC and ECe'® ‘s interaction based on several criteria such as R?, AlCc and log-likelihood
(Table 5.13). However, this GLMER also had concerningly high variable inflation factors between 5.5
and 11.17. The likelihood ratio test (Chi-squared 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 high p-value of the Chi-square statistic (0.06). This indicates no strong evidence to suggest
that adding the interaction of GWC and ECe?” significantly improves the model fit. Therefore, the
preferred model based on a combination of R?, AlCc scores, log-likelihood score and the outcome of

the likelihood ratio test is the simpler GLMER with all predictor variables with no interaction.
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To further emphasise the importance of including multiple predictor variables in the GLMERs, Figure
5.8 shows scatter plots of log!® 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 particles and EC™. According to the
GLMER for this variable, the model can explain 76% and 72% of the variability in EC™at depths 0 — 30
and 30 - 60., respectively. There might be potential outliers for medium sand at 60 — 90 depth
ranges, which may have caused the R? to be insignificant. However, this is purely speculation based

on observation alone, and further investigation would be required.

101



Site

e 15 Mahurangi
’ .
19 /A Te Hiku
An a5 A of &7
H
0 5 I
) e &
.&,‘\'\ X
aAAa 0s{ & .
o B ol £ Electrical
AN " . .
hx 0f 2 conductivity 1
E A £ 00 2
e sl = = (mS/m)
10 20 30 40 10 20 30 0 10 20 a0
3
2 2
A D A,
0 2 lg A
aq 4 2
Y _ﬁ#
2 R N . .
= e Gravimetric
214 A A
% A g,% ks water
—_— a o o & o
£ ; content (%)
20 40 60 20 40 B 20 40 60
——
[75]
E 15 15
= 1 10
= .
[AY A
2 a 05 A 10 Pas A "
T ¢ - a A 4 -
S A A A A
_g A A & R og{ & ;.u au A A
A 05 Fis
c . = 2.5 &
o A Clay
Q P23 ; AL A A A .
o 5 A a0 ada® & particles per
T A A LAY 00 A 0,
-1.5
'E 10 12 14 16 9 10 1 12 13 14 5 100 125 %0 Sample {/6)
-
Q
Q 15 15
Q
1 1.0
3
= A 05 A 0 a °a
o ” el = & oA
AYA N
© . S . A A 2a A o B g el
o B A8 A a = A &8 adak
a ; A P
= A D 05
£0.5 sl H
1 i A = Silt
o B g N An A .
@ a an AR %a e R particles per
E & a &5 A 00 A o
-1.5
B 75 [ 70 75 80 85 60 70 80 90 Sample {/6)
o«
w
c 15 15
m
bt 1
+— 140
]
%D 5 favy 051 A 0
A
— o " a0 & A
A A LA A A A »
AN &
A A & 05 [4Y
1.5 = H
1 i 2 Fine sand
AD Fay Pl A AA A A .
~ \ A Y Fayysy £
AN B m oA " A A o particles per
& ANVAN i
2 a A an o 00 I 0,
-1.5
4 B 8 10 6 9 12 15 ] 0 15 20 Sample {A)
1.5 15
1 18
n 0.5 iy 1.0 &
. \
a0 & ALak A
"
. a5 05 .
A Medium sand
A A, Py
10 S5 A & .
7y N . particles per
2 Fay A = & 00 A o
-1.5
a3 08 09 04 08 12 186 05 10 15 Sample {A}

Figure 5.8. Scatter plots of (log'° transformed) modelled electrical conductivity (y-axis) and electrical conductivity of a 1-part soil
to 5-part water solution, gravimetric water content, clay, silt, fine sand and medium sand particle percentage (x-axis).
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5.3.3.2 Assessing selected generalised linear mixed effects models for response variable
modelled electrical conductivity

All global generalised linear mixed effect models had the same random effect “site” with two levels
(Mahurangi and Te Hiku). The generalised linear mixed effects models with the same response
variables (EC,>° and EC,!%°) had random effects that performed similarly across both weighted mean

depth ranges.

Table 5.14 summarises the results from the GLMERs using only one predictor variable as a fixed
effect and “site” as a random effect. The table shows GLMER results with p-values of significance (p-
value < 0.05) at sample depths of 0 —30cm, 30 — 60cm and 60 — 90cm. The standard deviation (0.00
—7.72) and variance (0.00 — 2.78) of the random effect “site’” are higher for the GLMERs with only
one predictor variable (Table 5.14) than they are for GLMERs with multiple predictor variables (O -
1.53 and 0 - 1.24 respectively) (Table 5.15 and Table 5.16) suggesting “site” had a greater within and
also between site effect when only one soil variable is considered as a fixed effect than when
multiple soil variables are considered as fixed effects. As seen in Section 5.3.2, these results
highlight the importance of including multiple soil variables in the GLMERs.

Table 5.14. Summary of generalised linear mixed effects models for response variable modelled electrical
conductivity.

Random effects Fixed effect

Depth Predictor Var. Res. Var. Co-eff

(cr:) variable Std. Dév. Std. Dev./ log / exp Std. E. p-value
0-30 CLAY 7.72/2.78 1.52/1.23 0.25/1.28 0.12 0.03"
0-30 FSAND 5.45/2.33 1.11/1.05 -0.3/0.67 0.10 0.00™"
0-30 MSAND 1.45/1.20 1.21/1.1 -5.0/0.00 1.00 0.00™"
30-60 FSAND 2.35/1.53 0.73/0.85 -0.2/0.80 0.06 0.00™"
30-60 MSAND 1.29/1.13 1.00/1.00 -2.0/0.13 0.71 0.00"
60-90 GWC 0.00/0.00 0.18/0.42 0.02/1.02 0.00 0.00™"

Significance codes: 0 ‘*** 0.001 “**' 0.01 ‘*' 0.05‘”0.1°" 1

Table 5.14 -Table 5.17 present the generalised linear mixed effects model (GLMER) with the
response variable modelled electrical conductivity (EC™) for sample depth 0 —30 cm. All GLMERs use
the random effect “site” with two levels (Mahurangi Forest and Te Hiku Forest), and all GLMERs use

different configurations of predictor variables as selected in the previous section.
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Table 5.15. Generalised linear mixed effect model for modelled electrical conductivity at a depth range of 0 - 30cm

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 ua 0.57

R? 0.82 Max 3.28

Fixed effects

Co-effloe Co-effe*® 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 rEkx

MSAND -5.76 1.45 0.87 -6.62 0.00 rEkx

Significance codes: 0 ‘*** 0.001 **' 0.01 ‘*’ 0.05‘"0.1"1

Correlation coefficient VIF

(Intercept) CLAY

CLAY -0.68 1.03
MSAND -0.15 -0.17 1.03
AlCc Akaike information criterion ua Upper quartile

log-lik Log-likelihood Max Maximum
dev Deviance Std. dev. Standard deviation
df.resid Residual degrees of freedom ES.E Estimated standard error

Min Minimum VIF Variable inflation factor

LQ Lower quartile Co-eff Coefficient

Med. Median

The GLMER for sample depth range 0 — 30 yielded slightly different results compared to the GLMER
for depth ranges 30 — 60 (GLMER3*~%%) and 60 — 90 (GLMER®°~%°) (Table 5.15). The random effect
“site” had a much higher estimated variance (1.53) and standard deviation (1.24), indicating
considerable variability between sites (Table 5.15). In contrast, the residual variance and standard
deviation suggest unexplained variability within each site after accounting for the site level
differences (Table 5.15). The two fixed effects, CLAY and MSAND, had strong correlations with EC™
for a depth range of 0 — 30cm (p-value < 0.0001) (Table 5.15). The relationship between EC™ and
CLAY was positive. In contrast, the relationship between EC™ and MSAND was negative, showing an
increase in CLAY | increased EC™ while an increase in MSAND resulted in a decrease in EC™ (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 variables (Table 5.15). Finally, the range of scaled residuals
for GLMER®-3 (-1.2 to 3.3) suggests some deviation from a normal distribution. However, the
median is near zero, meaning the model still has a reasonably good fit and explains 82% of the

variability seen in EC™ (Table 5.15).

Table 5.16 and Table 5.17 present the GLMERs best able to explain the variability in EC™ for depths
30 - 60cm (GLMER3°~%) and 60 — 90cm GLMER®® -0, The standard deviation and variance of the
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random effect “site” for both models were extremely small (<0.0001), indicating minimal variability

between sites (Table 5.16 and Table 5.17 ). In contrast, the standard deviation and variance for the

random effect’s residuals indicate both GLMERs have unexplained within and between-site

variability not explained by the fixed or random effects (Table 5.16 and Table 5.17).

Table 5.16. Generalised linear mixed effects model for modelled electrical conductivity for sample depth range 30 - 60cm.

Model metrics Scaled residuals Random effects
AlCc 193.60 Min -1.11 Variance Std. dev.
log-lik -88.45 LQ -0.78 Site (Intercept) 0.00
dev 176.90 Med. -0.24 Residual 0.82
df.resid 42.00 uQa 0.57
R? 0.80 Max 3.53
Fixed effects

Co-effloe Co-eff*®  ES.E t-value p-value Sig.
(Intercept) -1.07 0.34 0.52 -2.08 0.04 *
GWC 0.13 1.14 0.02 8.53 0.00 *EK
ECel® 0.26 1.30 0.05 5.84 0.00 *EK
FSAND -0.18 0.83 0.06 -3.18 0.00 *E
GWC:ECe??® -0.01 0.99 0.00 -6.66 0.00 rEkx
Significance codes: 0 “***’ 0.001 “**/ 0.01 “** 0.05°.”0.1°" 1
Correlation coefficient VIF
(Intercept) GWC ECel?® FSAND

GWC -0.05 7.11
ECel® -0.44 0.02 15.64
FSAND -0.85 -0.24 0.10 1.08
GWC:ECe®® 0.35 -0.53 -0.83 0.03 21.98

AlCc Akaike information criterion ua Upper quartile

log-lik Log-likelihood Max Maximum

dev Deviance Std. dev. Standard deviation

df.resid Residual degrees of freedom E.S.E Estimated standard error

Min Minimum VIF Variable inflation factor

La Lower quartile Co-eff Coefficient

Med. Median
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Table 5.17. Generalised linear mixed effects model for modelled electrical conductivity for sample depth range 60 - 90cm.

Model metrics Scaled residuals Random effects
AlCc 276.40 Min -2.53 Variance Std. dev.
log-lik -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
Co-effloe Co-effexr ES.E t-value p-value Sig.
(Intercept) 1.37 3.95 0.18 7.73 0.00 *oxk
GWC 0.03 1.03 0.01 5.01 0.00 oAk
ECe!® 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: ECe'® -0.00 1.00 0.00 -4.58 0.00 rEK
Significance codes: 0 “*** 0.001 “***' 0.01 “** 0.05‘"0.1°"1
Correlation coefficient VIF
(Intercept) GWC ECel? MSAND FSAND

GWC -0.52 5.84
ECe!® -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 : ECe?? 0.40 -0.51 -0.78 -0.19 0.16 11.09

AlCc Akaike information criterion ua Upper quartile

log-lik Log-likelihood Max Maximum

dev Deviance Std. dev. Standard deviation

df.resid Residual degrees of freedom ES.E Estimated standard error

Min Minimum VIF Variable inflation factor

LQ Lower quartile Co-eff Coefficient

Med. Median

The fixed effects of GLMER*~%%and GLMER®®~9° differ by the exclusion (GLMER*~) and inclusion
(GLMER®~%) of MSAND. For both GLMERs, GWC and ECe'* as a main effect showed a strong,
positive correlation with EC™ while their interaction resulted in a strong inverse correlation with EC™.
Percentage clay was not considered a significant predictor in both GLMER and was omitted, as was
MSAND from GLMER3?-%° (as discussed above) (Table 5.17). FSAND in both GLMER had a strong

inverse correlation with EC™while MSAND had a weak positive correlation with EC™in GLMER3°~,

The correlation coefficients for both GLMERs show a strong, negative relationship between ECe'®
and the interaction of GWC and ECe** for both sample depths, while MSAND and FSAND also
strongly correlate (Table 5.16 and Table 5.17). It should come as no surprise then that these
individual variables and the interaction terms had high VIFs ranging from 1.08 — 21.98 (GLMER3~0)
and 5.84 — 11.09 (GLMER®~%), predominantly as a result of the interaction effect of GWC and ECe'®
(Table 5.16 and Table 5.17). The predictor variables are theoretically important, 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 the necessity of these parameters in predicting EC™. Finally, GLMER3*~% 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 high R?which show the models explain 80% and 71% of the
variability in EC™ for depth ranges 30 — 60cm and 60 — 90cm.

In summary, the fixed effects of the GLMER show soil particle sizes CLAY and MSAND were a more
significant predictor variable to describe the variability of EC™ at a depth range of 0 — 30cm, but the
interaction of GWC and ECe'” and sand particle size showed the strongest ability to predict
variability in EC™for depth ranges 30 — 60 and 60 — 90. The random effects show that between-site
variability was more pronounced at a depth range of 0 — 30, while within-site variability was greater

for depth ranges of 30 — 60 and 60 — 90.

5.3.3.3 Mapped modelled electrical conductivity using quasi-3D inversion software

A similar pattern emerged when mapping modelled electrical conductivity (EC™), with a resolution
far greater than the kriged or 1D laterally constrained maps for Mahurangi forest (Figure 5.6 and
Figure 5.9) and Te Hiku forest (Figure 5.7 and Figure 5.11), all created using the quasi-3D inversion
software EM4Soil (EMTOMO LDA, 2018). The quasi-3D inversion maps were overlaid onto hillshade
maps to better understand the changes in EC™in the context of the topography of each catchment.
It is important to emphasise that the EC, scale used 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 seen in Figure 5.7. Because the Te Hiku catchment was larger compared 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 EC™ at this site (Figure 5.11)

The maps using EC™ derived from quasi-3D inversion software accentuated the patterns found in the
1D laterally constrained maps and the kriged maps and highlighted some new ones (Figure 5.9 &
Figure 5.10). For the Mahurangi catchment, symmetry still exists, with low EC™ moving through the
centre of the catchment from northeast to southwest. In the quasi-3D inversion maps, low EC™ is
more widespread from northeast to southwest to depths 30cm and 60cm, and the map for depths

160 ;

90cm closely resembles EC,™*° in Figure 5.7. The east-west 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 strong EC™signal appears to the west, again showing the bull’s eye effect.
There is an overall trend of increasing EC™ with depth, except for the one point west of the

catchment with the highest modelled electrical conductivity.

For Te Hiku, the northeast-to-southwest increase in electrical conductivity is seen in the quasi-3D
inversion maps at 90cm. The quasi-3D inversion map overlaid on the hillshade shows that at depths
30cm and 60cm, there are either artefacts causing bulls eyes due to small sample size, small
decreases in elevation or genuine areas where EC™ decreases; however, this is not immediately clear
in the maps provided. The quasi-3D inversion map at 90cm shows an increase in EC™ following the

topography of the catchment, with a decrease in elevation resulting in an increase in EC™.

For the most part, Te Hiku Forest catchment is uniformly non-conductive across the catchment and
also down the soil profile to 0 — 60cm. Beyond 60cm, the localised patch of high conductivity to the
southwest could be attributed to an increase in GWC, but it could also be attributed to other soil
properties. An outlet in the northwest of Figure 5.12 aligns closely with the raised levels of EC™.
Modelled electrical conductivity appears to radiate outwards from the outlet with decreasing EC™.
Gravimetric water content in this region also appears elevated, particularly at plots 04A15 and
04A06, suggesting GWC could be a dominant factor in the increase in EC™. Figure 5.13 uses the
same base map overlain by EC™ but the point size indicates the percentage of medium-sized sand
particles this time. The map indicates a general decrease in particle size with an increase in EC™ and
shows regions with lower elevations to the north-west and north-east tended to have higher levels
of GWC but lower instances of MSAND. Figure 5.14 is the same hill shade overlaid by the EC" map at

90cm and shows FSAND, CLAY, and ECe’* did not show any clear spatial patterns.
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Figure 5.9. Quasi 3D inversion map of Mahurangi Forest at three depths 30cm (top), 60cm (middle) and 90cm.
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Figure 5.10. Mahurangi modelled electrical conductivity (mS/m) for sample depths 0 — 30cm, 30 — 60cm and 60 — 90cm, overlaid on
hillshades with percentage clay, silt, fine sand, medium sand gravimetric water content and electrical conductivity of a one-part soil
to 5-part water solution at each plot where larger circles indicate larger percentages/quantities.
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Figure 5.11. Te Hiku forest modelled electrical conductivity to 30cm (top), 60cm (middle) and 90cm (bottom) with
increased gridding and smoothness (left) and reduced gridding and smoothness (right).
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Figure 5.12. Te Hiku Forest electrical conductivity at 90cm overlaid on an aerial basemap and
hillshade and zoomed into the region with higher, modelled electrical conductivity levels. Dots
indicate plots and larger point size indicates higher levels of gravimetric water content.
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Figure 5.13. Te Hiku Forest modelled electrical conductivity (colours) and ECe (points) at 90cm
are overlaid on an aerial base map and hillshade. Plot locations are marked with points. Point
size relates to increases in medium sand-sized particles.
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Figure 5.14. Te Hiku Forest modelled electrical conductivity at 90cm overlain on a hillshade of the catchment. Plot locations are marked with
points. Point size indicates the increasing/decreasing amounts of fine sand (A), clay-sized particles (B) and electrical conductivity of a 1 part

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

The discussion is split into three sections. Section 5.4.1 discusses the complex relationship between
apparent and modelled electrical conductivity and soil variables. Section 5.4.2 looks at the ability of
apparent electrical conductivity and modelled electrical conductivity to predict soil variables.
Section 5.4.3 compares 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 of soil variables

Electrical conductivity is most commonly used to predict the spatial distribution and concentration
of soil salinity (Heil & Schmidhalter, 2017). Where electrical conductivity is used in non-saline soils,
EC, is most typically a function of soil water content and electrical charge (Gallart et al., 2019; Heil &
Schmidhalter, 2017). Using EC, and EC™ as predictors of soil variables is challenging as the
relationship is not one-to-one, as seen in Section 5.3. A combination of GWC, ECe'* and soil particle
size percentage was responsible for the variability in EC, and EC™(Table 5.10 - Table 5.17). To
further complicate the relationship, the interaction of these variables also affected EC, and EC™, and
it is this complex interaction between soil physical and chemical properties which makes modelling
soil spatial variability using EC, and EC™ challenging (Brevik et al., 2006; Gallart et al., 2019; Hedley et
al., 2004).

For example, there was a positive relationship between EC, and EC™ and GWC, ECe* and FSAND and
a negative association with EC, and EC™ and medium-sized sand particles. However, the interaction
effect between GWC and ECe’® caused a negative relationship with EC, and EC™. In addition,
generalised linear mixed effects models (GLMERs), which used EC, and EC™as response variables,
that included multiple variables as fixed effects were able to explain a higher percentage of the
variability (80 — 87%) in EC, and EC™ and had stronger p-values (Table 5.17 5.17) Therefore, the

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

Gravimetric water content remained relatively constant down the soil profile (Table 5.2), which may
result from forest soil structure and precipitation events near the period chosen to measure
apparent electrical conductivity (EC,) for this study. Forest soils contain macropores (vertically
oriented) and soil pipes (horizontally oriented) (Uchida et al., 2001), which are formed from

hydraulic processes, bio and pedoturbation and the decay of tree and plant roots (Amatya et al.,
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2016; Bren, 2016; De Jong, 2016; Williams, 2016) and their formation and erosion is influenced by
land use, soil type, precipitation and topographic relief (Jones, 2010). While soil macropores
influence the infiltration of precipitation, soil pipes influence the flow of moisture at a hillslope or
even catchment scale, otherwise referred to as pipe flow (Uchida et al., 2001). Soil pipes “extend
the stream network”(Jones, 2010) or act as a “short-circuiting process”, allowing water to flow at
rates far greater than hydraulic conductivity through the soil matrix alone, with one study reporting
rates up to 300 times higher than the flow rates measured in the mineral soil (McGlynn et al., 2002;
Mosley, 1979). This allows precipitation to be redistributed through sub-surface storm runoff,
reducing the chances of overland flow during rainfall events, resulting in a relatively even
distribution of soil moisture across forested catchments (Amatya et al., 2016; Bren, 2016; De Jong,

2016; Uchida et al., 2001; Williams, 2016).

Gravimetric water content, particle size distribution, mineralogy, soil porosity, and pore connectivity
are all interrelated with soil electrical conductivity (Bai et al., 2013). Soil moisture enables soil salts
and minerals to move within the soil, which can either increase the soil's electrical conductivity or,
due to hysteresis, alter the electrical conductivity of soil depending on whether it is in the wetting or
drying phase (Hanks, 1992). While soil GWC remained relatively constant down the soil profile,
ECe’® decreased with depth (Table 5.6), likely because of soil chemical and physical weathering
processes in the soil profile's top Ah and Bs/Bw horizons (McLaren & Cameron, 1996). Electrical
conductivity can be a measure of soluble ions such as Ca?*, Mg?*, Na* k*, CI;, NOs.and SO42" which
leach out and are lost in the soil forming process or re-precipitate in lower horizons (Bai et al., 2013;
MclLaren & Cameron, 1996). In non-saline soils, electrical conductivity can be used as a measure of
the cation exchange capacity of clay minerals because they have a large surface area due to their
small particle size (<0.22mm) (Milne et al., 1995). The large surface area allows clay-sized 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). Soils dominant in clay have high matrix potential and hydrolysis,
resulting in poorly drained soils as soil moisture is tightly held in soil pores (McLaren & 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 section in this thesis emphasises the importance of understanding the interlinkages between

soil qualities. The GLMERSs utilised to estimate soil properties from EC* and EC™ favoured a range of
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soil variables in the model, which is likely because this is more reflective of in situ soil conditions, as
opposed to GLMERs that use only one soil variable as a predictor variable. This complex interaction

is highlighted in more detail in subsequent sections.

5.4.2 Weighted mean and apparent electrical conductivity and modelled electrical
conductivity

The GLMERs revealed “site” as a random effect that explained some of the variability in EC,>° and
EC.° cumulative depths that wasn’t explained by the five fixed effects: GWC, ECe®, CLAY, FSAND,
and MSAND. This was true for between-site variability but more so for within-site variability. When
multiple fixed effects were introduced into the GLMERs, within and between site variability reduced

as the combination of soil variables as fixed effects were better able to explain the variability in EC,

According to Hedley et al. (2004), McNeill (1980) and Sudduth et al. (2001), the weighted mean
values of the top 75cm of the soil profile should correlate closely with electromagnetic induction
perpendicular co-planer coil windings and the weighted mean to 150cm should correlate more
closely EMI horizontal co-planer coil windings. In this study, the weighted means were calculated in
line with the depths of soil samples 0 —30cm, 30 — 60cm and 60 —90cm. It was expected that the
perpendicular co-planer-oriented coil windings of the EMI instrument used in this study would
correlate with weighted means of soil properties to a depth of 60cm as this sensor's cumulative
depth reaches 50cm. It was also expected that the orientation of the horizontal co-planer coil
windings would align more closely with the weighted mean of 90cm. In the context of this study, the

generalised linear mixed effects models revealed slightly more complex relationships.

The results showed that the weighted mean depth was not necessarily correlated with EC,>° or EC,°
(Table 5.9 & Figure 5.5). Apparent electrical conductivity to a cumulative depth of 160cm was more
strongly correlated with individual soil variables CLAY and FSAND (p-value < 0.05) and weakly
correlated with GWC and ECe’® (p-value < 0.1) at both weighted mean depths with GLMER's that
could explain between 73 and 84% of the variability seen in EC,'®°. Between 73 and 84% of the
variability in EC;>° could be explained by a weak correlation with the weighted mean of CLAY and
MSAND to 60cm and the weighted mean of CLAY and ECe’® to 90cm. These correlations, while
significant, do not capture the underlying complexity of the interaction of soil properties, quite like

the modelled electrical conductivity was able to do. While this study was not looking for any specific

117



feature in the soils of the two study sites, it is generally unknown from the analysis of EC, what
depth each soil variable has the most influence or how soil horizonation can be captured across a
catchment. For example, because of how conductive clay is, it can dampen the EC™ signal causing
the cumulative depth of investigation to decrease or making it more difficult to discern underlying
soil properties. For example, Hedley et al. (2004) found EC, increased in the presence of a clay
impedance layer; however, the depth of the layer could not be predicted using EC, alone, which, in
the context of the study, would have been useful given the clay horizon varied in depth when

sampled from between 30 and 54cm (Hedley et al., 2004).

Studies that used EMI technology to measure EC, to capture the variability of soil properties over a
study area and that also used inversion software to disseminate the signal at defined depths suggest
inverting EC, allows a better critical assessment of electrical conductivity down a profile and across a
catchment compared with using EC, alone in interpretation. (Huang et al., 2017d; Khongnawang et

al., 2022; Murphy et al., 2009; Ogilvy et al., 1991; Triantafilis & Santos, 2013).

Maps visualising EC, spatial distribution created using ordinary kriging were able to show within-site
heterogeneity to the same extent that the 1D laterally constrained maps; however, the maps were
unable to show slight changes in conductivity and were more prone to the bull’s eye effect in regions
where the sample size was small as there were not enough measurement points to extrapolate from
based on catchment size (Figure 5.6 & Figure 5.7). The 3-dimensional maps created using quasi-
inversion software could better interpolate EC, across the catchment and the profile; however, the

bull’s eye effect surrounding isolated sample points still exists but to a lesser degree.

In contrast, the modelled electrical conductivity (EC™) had stronger correlations with measured soil
variables at each of the defined depths 30cm, 60cm and 90cm, both as individual variables but even
more so with GLMERs consisting of multiple soil variables. The added detail in the quasi-3D
inversion maps that were not present in the 1D laterally constrained or the kriged maps further
emphasises the point made by users of quasi-3D inversion software that the results both statistically
and visually are superior to using apparent electrical conductivity without inversion (Huang et al.,
2017d; Khongnawang et al., 2022; Murphy et al., 2009; Ogilvy et al., 1991; Triantafilis & Santos,
2013).
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5.4.3 Mapped electrical conductivity using quasi-3D inversion software

The kriged, 1D laterally constrained (Figure 5.6 and Figure 5.7) and quasi-3D inversion maps- (Figure
5.9) highlight one important factor. Both catchments display within and 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 within-site heterogeneity with clear spatial patterns.

For example, low, modelled electrical conductivity running north/northeast to south/south-west
through the centre of the Mahurangi catchment can be seen in the kriged, 1D, spatially constrained
maps (Figure 5.6 and Figure 5.7). This spatial pattern is also present in the 3D maps (Figure 5.9)
with more detail as the low EC, area takes up a greater portion of the map, particularly to the
northeast at 30cm. The low conductivity area funnels from 30cm to 90cm and is less widely spread.
The presence of this low conductivity zone could be explained by the variable source area theory
developed by Hewlett and Hibbert (McDonnell, 2009). The idea relates to the systematic soil
saturation in forested catchments during rainfall events whereby slopes near streams become
saturated first, and the saturation moves up the slope to adjacent, not yet saturated zones, which
are further away (Figure 5.15). The inverse occurs when rainfall ceases or the source area decreases

during periods with little to no rain (Figure 5.15).

Catchment Storm hydrograph

Dark parts of the Tlm'é
catchment contribute
to dark parts of the

hydrograph

Figure 5.15. Variable source area as described by Bren (2016) in (Amatya et al., 2016), whereby the darker parts of the
catchment have a higher probability of contributing to the darker parts of the hydrograph than the paler colours.

Running north-northeast to south-southwest through the centre of the Mahurangi catchment is a
river channel fed by tributaries running from the surrounding headwaters of the catchment. The
river channel is surrounded by steep slopes, which plateau at the edges of the catchment, similar to
the catchment in Figure 5.15 The river channel and its surroundings at 90cm are defined by high

EC™, corresponding to an increase in soil moisture content. Just as the variable source area theory
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states, as one moves up the slopes of the catchment and away from the river channel, moisture
content typically decreases, resulting in a decrease in EC™ This theory also holds for the east and

west regions exhibiting high EC™ which are in slight depressions in the catchment.

The results from the generalised linear mixed effects models using one variable and multiple
variables and their interactions both showed GWC at 90cm had a strong, significant relationship with
EC™ and although these models do not separate the significance by site, the standard deviation and
variance of the random effects modelling GWC on its own suggest GWC varies both within and

between sites.

At Te Hiku Forest, a similar pattern emerges, albeit less extreme. Electrical conductivity in the kriged
and 1D laterally constrained map shows a general (but slight) increase in electrical conductivity
moving from northeast to southwest (Figure 5.7). This spatial pattern follows the contours of the
catchment where there is a general northeast-to-southwest dip and the highest electrical
conductivity values occurring in a depression at the southwest of the catchment (Figure 5.7). The
EC™ map was overlaid onto a base map in ArcGIS Pro to determine if the observed pattern was

purely topographic, which may be related to an increase in EC™ in this part of the catchment.

Triantafilis and Monteiro Santos (2013) characterised the spatial distribution of a uniform, course-
textured sediment associated with a stream channel while using the relationship of ECe**and EC™
with regions of heavy clay-textured soils. The catchment in question was generally uniformly non-
conductive with patches of heavy conductivity, which were associated with the coarse sand and
heavy clay distributions. The mapped results found by Triantafilis and Monteiro Santos (2013) are
similar to those found in the Te Hiku forest, where, for the most part, the catchment is uniformly
non-conductive across and down the soil profile to 0 — 60cm. Beyond 60cm, the localised patch of
high conductivity to the southwest was attributed to medium-sized sand particles and proximity to
the catchment’s outlet. If gravimetric water content is infact the primary driver of increases in EC™
in the region, then the variable source area theory could be attributed to the radial increase in EC™
towards the outlet. Two further points of interest, firstly, this pattern only presents itself at 60 -
90cm depth indicating ground water is the potential source of GWC. It would be interesting to
measure how quickly soil moisture increases to the overlying soil during precipitation events

compared to how stagnant water content remains to establish if variable source area theory
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supports this observation. The installation of groundwater wells or monitoring equipment would

also be useful to validate this assumption.

Secondly, despite the absence of measurement plots around or close to the outlet (Figure 5.12), the
quasi-3D inversion still highlighted this region as an area of higher-modelled electrical conductivity.
This could be because the quasi-3D software uses a laterally constrained approach to inverting
apparent electrical conductivity along with elevation data, or it could be an artefact caused by the
smoothing process. Either way, in the context of the study site, the elevated EC™ levels fall in line
with the hypothesis that EC™ increases with proximity to the outlet, which follows the rules of
variable source area (Amatya et al., 2016; Bren, 2016; De Jong, 2016; McDonnell, 2009; Williams,
2016).

Figure 5.13 showed that at Te Hiku Forest, there was a spatial pattern related to particle size
distribution in relation to topographical relief whereby lower-lying regions tended to have less
medium-sized sand particles and had lower modelled electrical conductivity at 90cm, while most
elevated areas had an inverse trend. This is a known phenomenon in soils whereby finer textured
particles can travel further from their source, resulting in courser-grained particles at the tops and

plateaus of catchments and finer-sized particles at the bottom of hillslopes (Amatya et al., 2016).
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Chapter 6 :

Conclusion

6.1 Introduction

The overall objectives of this thesis were to identify if electromagnetic induction technology (EMI)
can be used in a forested environment to capture the spatial heterogeneity of soil properties. If so,
this thesis can serve as a 'toolbox' for measurement protocols and analysis for forest owners
interested in low-cost, time-effective methods of understanding microsite heterogeneity in their

forest soils to guide management practices.

This chapter summarises the factors that affect apparent electrical conductivity in Chapter 4 and if
adjustments were required to compensate for them. Next, this chapter discusses the performance
of global generalised linear models used in Chapter 5 that assess apparent electrical conductivity
and modelled electrical conductivity as predictors of soil variables such as gravimetric water content,
electrical conductivity of a 1-part soil to 5-part water solution and percentage of clay, fine sand and
medium sand. Finally, this chapter looks at how modelled electrical conductivity can be mapped
using 1D laterally constrained inversion software and quasi-3D inversion to identify spatial trends of
modelled electrical conductivity and how they relate to soil variables. This chapter concludes with
recommendations for future research, which may provide relevant information to help land owners
and forest managers interested in using electromagnetic induction technology as a management

tool to understand spatial heterogeneity in forest soils.

6.2 Instrument voltage, ambient, soil and instrument temperature on and drift in
apparent electrical conductivity

6.2.1 Requirement of correction factor to compensate for instrument drift

In the first section of Chapter 4, analysis was conducted to determine if factors such as ambient
temperature, instrument temperature, soil temperature, and instrument voltage contributed to the
drift in apparent electrical conductivity during measurement campaigns. Table 4.1 presents
summary statistics for these variables at Mahurangi Forest and Te Hiku Forest. Notably, ambient
temperature exhibited the most significant fluctuations within and between sites, while instrument

and soil temperatures remained relatively stable. However, the Pearson correlation analysis (Table
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4.2) and generalised linear models indicated that these temperature and voltage variables did not
correlate statistically with apparent electrical conductivity at both forest sites and cumulative

depths.

6.2.2 The effect of forest litter presence and absence

In this subsection of Chapter 4, analysis was conducted to determine if the presence or absence of
forest litter impacted apparent electrical conductivity. Summary statistics (Table 4.3) and box plots
illustrated that Mahurangi generally exhibited higher apparent electrical conductivity than Te Hiku.
The presence or absence of forest litter did not significantly alter the median values of apparent
electrical conductivity at either depth, but Mahurangi's data showed more variability. An analysis of
variance (ANOVA) confirmed that the presence or absence of forest litter did not lead to a
statistically significant difference in mean apparent electrical conductivity. However, cumulative
depth and forest site were significant factors, indicating that these variables primarily drove

differences in apparent electrical conductivity.

6.2.3 The effect of litter gravimetric water content, thickness, and density on apparent
electrical conductivity

This subsection of Chapter 4 explored the potential impact of forest litter properties, such as
gravimetric water content, thickness and density, on apparent electrical conductivity. A generalised
linear model (GLM) assessed the relationships between these litter variables and apparent electrical
conductivity (Table 4.6). The GLM results suggested that the litter properties did not significantly
explain the variability in apparent electrical conductivity, with weak or non-significant p-values.
Furthermore, a likelihood ratio test demonstrated that adding or removing these predictor variables

did not significantly affect the model's explanatory power.

6.2.4 Discussion

The results indicated that neither temperature nor voltage fluctuations, the presence or absence of
forest litter, nor litter properties like thickness, gravimetric water content, and density explained the
variability in apparent electrical conductivity in this study. Therefore, based on these findings, no
adjustment factor was required to compensate for instrument drift or litter presence. However, it is
essential to note that these results were specific to the conditions observed in the Mahurangi and Te

Hiku forests during the measurement campaigns. Therefore, further research in different settings
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may yield different outcomes. Based on the results of this study, if full canopy cover is achieved by
the forest, resulting in a shield from direct solar radiation and an electromagnetic induction
instrument such as the DualEm-1 is used with insulation surrounding the sensors and instrument
voltage checked and maintained regularly, then correction factor would be less likely to be required.
Even still, if obtaining ambient, soil and instrument temperature and voltage can be done with
minimal effort, a quick analysis could be conducted to rule out the requirement of an adjustment
factor. Similarly, with litter presence or absence, if instances of unusually thick, moist or dense little
are present, then following the methods in this thesis to establish the effect these factors have on
apparent electrical conductivity would be wise. However, if little presents itself as 'normal' and time
and cost constraints are an issue, forgoing sample collection and data analysis to establish if an
adjustment factor is required for litter presence would, if nothing else, provide peace of mind that

these variables do not have to be compensated for in further analysis.

6.3 Apparent electrical conductivity and modelled electrical conductivity as a
predictor of soil gravimetric water content, 1-part soil to 5-part water solution and

percentage of clay, fine sand and medium sand particles

6.3.1 Apparent electrical conductivity as a predictor of soil variables

In this section of Chapter 5, the presented results focused on using apparent electrical conductivity
(EC,) as a predictor of soil variables. The primary objective was to identify the most effective
predictor variables for explaining EC,to two cumulative depths of 50cm (EC,>°) and 160cm (EC,%0)
using weighted means of soil predictor variables and for explaining EC™ using measured parameters
of soil predictor variables to sample depths 0 —30cm, 30 — 60cm and 60 — 90cm, using generalised

linear mixed effects models (GLMERs).

The weighted mean of soil predictor variables, including electrical conductivity of a 1-part soil to 5-
part water solution (ECe'®), gravimetric water content (GWC), and percentages of clay, fine sand,
and medium sand per sample (CLAY, FSAND, MSAND) were assessed on their ability to explain the
variability in EC, by inputting them into individual GLMERs (Table 5.7 and Table 5.8) and also as main
effects in one GLMER (Table 5.6). Model evaluation parameters showed between 73 and 87% of the
variability in EC;>° and EC,1*° could be predicted using either individual or a combination of GWC,

ECel CLAY, FSAND and MSAND; however, the Akaike Information Criterion corrected for small
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sample size (AlCc) suggested the more complex GLMERs with multiple predictor variables were
better able to balance model complexity with goodness of fit (delta < 3). Models with significant
relationships with EC,and individual soil variables showed strong positive relationships with EC,%°
were more common across all weighted mean depths (p-value < 0.05) and only weak relationships
with EC,*° (p-value <0.1). In addition, ECe'® and GWC as individual predictors could not explain the
variability in EC, at either cumulative depths (p-value >0.1). In contrast, when included as main
effects into GLMERs, GWC and ECe’®, along with the soil particle sizes, showed strong significant
relationships to varying degrees at both cumulative depths and weighted mean depths. Site as a
random effect explained more of the variability in EC, within and between sites when there were

fewer predictor variables as fixed effects. Anincrease in predictor variables resulted in a decrease in

the ability of the random effect to explain the variability in EC,.

Figures 5.8 and 5.9 depicted maps of EC, variability at Mahurangi and Te Hiku using ordinary kriging
and 1D laterally constrained inversion for EC,>° and EC,'®°. The maps were coarse and gave a general
overview of the spatial variability of EC, but pale compared to the quasi-3D inversion maps created

using modelled electrical conductivity, particularly for Te Hiku Forest.

6.3.2 Modelled electrical conductivity as a predictor of soil variables

In this section of Chapter 5, a thorough examination of various GLMERs was conducted to evaluate
their effectiveness in explaining modelled electrical conductivity (EC™) variability at different soil
depths. The GLMERs featured fixed and random effects, with "site" as a consistent random effect,

representing Mahurangi and Te Hiku.

As with Section 6.3.1, when considering GLMERs with only one predictor variable as a fixed effect
and "site" as a random effect, these models exhibited higher standard deviations and variances for
the random effect "site" compared to models with multiple predictor variables. This indicates a
more pronounced within-site and between-site variability when only one soil variable was
considered. Furthermore, models with only one fixed effect exhibited slightly higher residual
variance and standard deviation, suggesting greater unexplained variability within and between
sites. These findings underscore the importance of including or, at the very least, considering
multiple soil variables when using EC™ as a predictor of soil spatial heterogeneity, as it significantly

reduced unexplained variability.
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At specific depth ranges of 0-30cm, a model incorporating CLAY and MSAND as predictor variables
demonstrated the highest coefficient of determination (R?= 0.83). Fine sand was excluded and did
not significantly impact model fit. At depths of 30—60cm, the global model, which included all
predictor variables and the interaction between gravimetric water content (GWC) and electrical
conductivity of a soil-water solution (ECe'?®), performed exceptionally well, explaining 80% of EC™
variability. This interaction term was critical for explaining EC™ variability at this depth. Similarly, at
60-90cm depths, the global model with all predictor variables and the GWC-ECe®” interaction
emerged as the top performer, explaining 71% of EC™ variability. However, multicollinearity issues

were observed due to high variable inflation factors, primarily driven by the GWC-ECe®® interaction.

In conclusion, Section 5.3.3 underscores the importance of comprehensively considering multiple
predictor variables and interaction terms to explain EC™ variability across different sample depths.
The global models, encompassing GWC, ECe*®, CLAY, FSAND, and MSAND, and their interactions,
demonstrated superior performance at 30—60cm depth ranges and 60-90cm. Omitting non-
significant variables can lead to more stable models with reduced complexity. While GWC, ECe'?,
and their interactions played crucial roles in explaining EC™ variability at greater depths, their
influence diminished at shallower depths of 0-30cm. Additionally, the analysis highlighted the
presence of multicollinearity, which should be addressed in future studies using alternative

statistical techniques.

The 3D inversion of modelled electrical conductivity (EC™) revealed consistent patterns with previous
maps, offering additional insights. In the Mahurangi catchment, a symmetrical low EC™ pattern from
northeast to southwest was evident at 30cm and 60cm, resembling ECa160. Depth-dependent
variations and increasing EC™ trends were noted, with exceptions at specific locations. Conversely,
Te Hiku's EC™ appeared to correlate with catchment topography, displaying variations at 30cm and
60cm. Uniform non-conductivity prevailed across the catchment and down to 60cm, with localised
high conductivity beyond 60cm potentially linked to increased GWC. Overlay analysis highlighted
EC™'s relationship with soil properties. Notably, finer particles associated with higher EC™ were

observed. Spatial patterns linked EC™ to GWC and medium-sized sand particles.
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These findings emphasise the importance of multiple predictor variables and interactions in
explaining EC™ variability, aligning with our previous GLMER analysis. The observed spatial patterns

reflect a complex interplay of factors, including GWC, soil particle size, and topography.

6.3.3 Discussion

This discussion's central theme is the complexity of the relationship between EC, and EC™ and soil
variables. Soil properties like GWC, ECe'*, and soil particle size contribute to the variability seen in
EC, and EC™. However, their interactions further complicate the relationship, making it challenging
for spatial variability modelling with EC, and EC™ (Brevik et al., 2006; Gallart et al., 2019; Hedley et
al., 2004).

Notably, there were positive associations between EC./EC™ and GWC, ECe'?, and fine sand particles,
while medium-sized sand particles showed a negative relationship. Complex interaction effects
between GWC and ECe'® caused negative relationships with EC, and EC™. Generalised linear mixed-
effects models (GLMERs) incorporating multiple variables as fixed effects demonstrated their ability
to explain higher electrical conductivity variability (80 — 87%) with stronger p-values. This
complexity underscores the importance of considering multiple predictor variables and their

interactions, as highlighted in the previous GLMER analysis.

The study further investigated the spatial distribution of soil properties by creating maps. Spatial
maps, including kriged, 1D laterally constrained, and quasi-3D inversion maps, were crucial in
understanding how EC, and EC™ relate to soil variability across the catchments. Quasi-3D inversion
maps, in particular, provided more detailed and nuanced insights into the spatial distribution of
modelled EC™, which were not as apparent in the other types of maps. These maps visually
represented how EC™ varied across different depths and locations within the catchments.
Overlaying these spatial maps with additional geospatial data, such as raster datasets representing
topography and raw soil variable data in points, provided a more comprehensive understanding of
the relationship between EC,, EC™, and soil properties. These overlays helped validate the patterns
observed in the maps and allowed for observations of potential links to topographic features and

landscape characteristics.
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In summary, the spatial maps and GLMERs are interconnected because GLMERs are statistical tools
to analyse and understand the relationships between EC,, EC™, and soil variables. They provide
valuable insights into the statistical significance of these relationships. On the other hand, spatial
maps visualise the spatial distribution of EC, and EC™, offering a practical and visual representation
of how these variables vary across the study sites. By overlaying these maps with additional
geospatial data, researchers can validate and enhance their understanding of the spatial patterns
observed in the GLMERs, ultimately leading to a more comprehensive picture of soil variability in the
catchments. This integrated statistical analysis and spatial mapping approach contributes to a
deeper comprehension of the complex relationship between electrical conductivity and soil

properties.

6.4.4 Implications for forest management

Apparent electrical conductivity is frequently used in precision agriculture to define management
blocks rather than treating a whole field homogenously. This was particularly successful in studies
dealing with saltwater intrusion- where zones were formed based on EC, and its relationship with
ECe’® to determine the optimal planting and treatment regimes in these zones (Bennett & George,
1995; Davies et al., 2015; Ding et al., 2020; Feikema & Baker, 2011; Hook et al., 2005; Huang et al.,
2017b; Huang et al., 2015a; Huang et al., 2015b). Other users of electromagnetic induction
technology used the relationship between crop growth and EC, to define management zones that
require specific treatments or to understand better the drivers behind the success of crop
production in some areas of a field but not others (Caires et al., 2014; Gallart et al., 2019; Tang et al.,

2020).

Precision forestry is not a new concept in New Zealand, with applications ranging from using
unmanned vehicle technology for locating and spot-spraying wilding pine with pesticides (Greene et
al., 2020) to using the same technology to improve fertiliser practices to reduce waste while
targeting the specific trees/blocks of trees that require added nutrients (Smaill & Clinton, 2016).
Given the increase in demand for timber products and the use of forest ecosystems for recreation,
erosion mitigation, food and carbon sequestration (to name a few), it is important to meet the
demand of those that use products derived from forests both now and in the future by increasing
both the volume of wood production per area of land as well as using inputs such as fertiliser and
pesticides more efficiently and precisely while engaging in sustainable forest management practices

and maintaining the environmental services of forests (Clinton, 2018). Since forest soil is an
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important driver of forest productivity, understanding the microsite variability of forest soils can

help with sustainable forest management practices.

Understanding the heterogeneity of forest soils enables forest owners to make more informed
decisions about land use, which is particularly important because of climate change-derived,
extreme weather events. For example, knowing what parts of the land are prone to drought or
water logging and plant species and genetic variations that are drought tolerant (Ismael et al., 2022)
or tolerant towards diseases such as red needle cast (Dungey et al., 2014), understanding the
success and failure of root propagation in nurseries (Lad et al., 2019) and the application of fertiliser
and other nutrients on forested catchments to support growth (Smaill & Clinton, 2016) and
understanding the drivers and mitigation strategies behind soil erosion and land stabilisation
(Amatya et al., 2016; Bren, 2016; De Jong, 2016). In all these examples, understanding soil
heterogeneity is a way in which management strategies can be put in place to tailor these land use

regimes.

This study has found that apparent electrical conductivity, when inverted using 1-dimensional,
laterally constrained inversion software and quasi-3D inversion software, can be used to understand
microsite changes to soil in forested catchments; however, the relationships are complicated. The
implications for forest managers considering using this technology to look at soil variables on their

land should consider the following.

Firstly, the results of this thesis found that there was no one-to-one relationship between individual
soil variables such as gravimetric water content, electrical conductivity of a 1-part soil to 5-part
water solution and soil particle size and modelled electrical conductivity at three different depths.
This is not unusual, and most users of EMI technology have similar findings (Hedley et al., 2004;
Huang et al., 2017e; Monteiro Santos et al., 2010; Triantafilis & Monteiro Santos, 2013). This is
because soil variables have complex interactions with one another in situ. When using EMI to
understand soil spatial heterogeneity at the catchment scale, these variables should not be

considered in isolation.
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Taking soil samples to validate EC, and EC™ will always be required as the EC, as the influencing
factor on EC, differs. Therefore, results from one catchment should not be used to analyse soil
properties or establish management practices in another; however, they could be used as a guide.
While soil sampling is still required, the frequency and density are reduced as sample locations can
be targeted based on antecedent EMI field campaigns. While soil sampling and lab analysis are
time-consuming and expensive, measuring a range of soil variables can help understand soils'

complex relationship with EC, and identify variables that dominate the signal.

While the statistical analysis guided an understanding of which soil variables had strong relationships
with EC, and that no one variable in this study was able to explain variability in EC,, the 3D quasi-
inversion maps showing the spatial distribution of modelled EC™ were more effective at establishing
spatial patterns within catchments. Overlaying these maps on raster datasets such as hill shades,
digital elevation models, and base maps helped to validate that the patterns occurring in the 3D and
1D maps were artefacts of the smoothing process or if there are visible links to topography or the
landscape. Overlaying the raw soil variable data as points of varying sizes was a time-efficient way of
determining which variable may have influenced EC, and EC™ within different regions of each
catchment. The latter exercise is purely observational and not statistically robust. For future
studies, spatial patterns could be classified, and additional statistical analysis carried out to

determine if there is a true relationship.

This study has found that using electromagnetic induction technology is a time and cost-effective
approach to measuring soil heterogeneity. The methods established in this study were repeatable,
non-destructive, can be conducted at the course and satisfactory resolutions and can act as an
ongoing resource that can be added to and refined as well as used in conjunction with geospatial
software and technology to gain an understanding between the complex interaction of soil apparent

electrical conductivity, soil variables and topographic features.

6.4.5 Implications for future studies

Despite being an essential factor in forest soils, this study did not measure soil organic matter due to
time and cost restraints. While studies have found, at best, a weak relationship between EC, and
soil organic matter, these studies were not in planted forests. So, measuring this property would be

useful to understand if variability in EC, is affected by soil organic matter or carbon.
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Cation exchange capacity was also not measured, but particle fraction analysis was. While the
particle fraction analysis measures the particle distribution, it does not shed light on the particles'
chemical makeup. While clay particles are classed as those under < 0.002mm, the parent material
they are derived from and the weathering, leaching and translocation in clay soils mean their
electrical conductivity differs depending on these circumstances. For example, smectite clays have a
higher charge than kaolinite due to their plate-like structure, which comes from their parent
material, which is often biotite (Allbrook, 1993; McLaren & Cameron, 1996). Measuring cation
exchange capacity could help distinguish if EC, variability is affected by clay content or if the clay
content's water-holding capacity allows gravimetric water content to increase, which also has a

strong relationship with EC..

This study identified the importance of identifying forests on a catchment scale as heterogeneous
units, not one homogenous unit. In future studies, stratifying catchments into management zones
to answer a specific question or solve a particular problem, for example, identifying areas of high or
low moisture content or specific soil texture to define management zones to ensure planting and
fertiliser regimes are effective based on soil characteristics both before planting and during the

growth period of a harvestable stand.

While the generalised linear mixed effects model was suitable for this study, using a different
statistical analysis method incorporating the interaction effect of all soil variables, dealing with
multicollinearity issues and removing unnecessary predictors would be helpful. Ridge or lasso
regression or principal components analysis are some statistical tests other authors have used or

recommended.
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