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ABSTRACT

Fordecades researchers have been studyfiorest soils and summarizing findings
in the form of soil surveysiith thematic soilmaps depicting soil associations, broad
polygons representing groups ofdividualsoil types. With growing availabilitf high
resolution spatial data, it has becomegsible to model and map how individual soil
properties vary, both spatially and with depth, across the landscape at high resolution.
Thisdissertationdemonstrates how this can be accomplished for the Province of New
Brunswick (NB), Canada by wayddjital soil mappingDSM)based on (i) existing soil
information and related data sets, (ii) principles of soil formation as dictated by loeation
specific changes in topography, surficial geology, and climate. For this pugpistag
elevation data sets wer fused via error reduction procedures to generate a
comprehensive provincwide digital elevation model (DEM) at 10m resolution. The
resulting DEM was then used to delineate a variety of data sets detailing spatial variations
in topography, hydrology, andimate. Variousources ofpatial geology depictionsere
combined by way of similarities in classificatisasulting in redelineations of landform
and lithological attributesIn combination, the data layergenerated were used to
determine howspecfic soil properties (n = 12,058) vary, both spatially and with increasing
depth, across the province at 10m resolution. These determinations were made possible

by way of machindased random forest regression modelling.



Thisdissertationprovides detailsn terms of how (i) a provinewide soil database
was generated from existing soil survey reports, (i) how missing soil data were
substituted through the process of pedotransfer functidevelopment andanalysis, (iii)
how the provincewide DEM layers werfused, and (iv) how thBSMprocedure was
formulated and executed. The soil properties selecfed modelling and mapping
purposes referto soil depth, drainagebulk density, texture, coarse fragment content
and soil organic matter contentn turn, these properties,in combination withspatial
data sets (topography, geology, and climatgn be used to model and map other soill
variables such as, e.g., pH, soil water retention at field capacity and permanent wilting

point, and cation exchange capacity.
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5.19. Comparison of curvature classifications derived from varying DEM

resolutions and neighborhoods of original 10m DEM (A), 10m DEM
smoothed via 5 x 5 cell window (B), 10m DEM aggregated to 50m (C),
and 50m DEM smoothed via 5 x 5 cell search window (D) for study
SEGSYlG a.¢ 2dzif AYSR Ay CAIDP pomod
positions increases with increasing cell size from 10m to 50m smoothed.

5.20. Comparison of Multi Resolution Index of Valley Bottom Flatness

(MRVBF) derived at two different scales, one for a 600,000ha test site
in Northern NB outlined in Fig. 5(left) and one at full provincial extent
(7.2million ta) (right), both overlaying hihaded relief of 10m DEM.
The results show how the same algorithm developed different results

for the same area, depending on the extent in which it is produced............

5.21. Comparison of conventional soil association mapping (left) and digital

soil mapping (right) using bulk density measured on the solum basis for
study extent outlined in Fig. 5.1. Note the variability of soil properties
now assessable within céines of conventional, polygebased soil

5.22. Visual example of DSM results representing changing solum depth at

10m resolution for NB, Canada...........cccceuuviiiiiiiiiiiieeeeeeeeee e
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CHAPTER-INTRODUCTION

1.1. OVERVIEW

Soil is a complex and essential, yet ienewable, natural resourcahich plag a
critical role in policy and resource managemé¢Atdhikariet al, 2012; Cambulet al,
2013; Poggiceet al., 2013) Assuch, his resource is gaininigicreasingattention with
growing concerns around climate changgaptation and how soil properties vary with
changing environment$Grimm and Behrens, 2010; Hariegal., 2012; Poggiet al,
2013) Of particular importance, espally for precision agriculture and forestry, is
knowing how soils and their properties vary across the landscape and how these
variations influence root development and timovement and storage of soil carbon,
nutrients, minerals,and water(Florinskyet al., 2002; Smittet al., 2006; Carrét al., 2007;

Keys, 2007; Grimm and Behrens, 2010; Hatrag., 2012; Weil and Brady, 2017)

Soil formatiorrelies on five primary factors: parematerial, relief(topography)
vegetation, climate, and timéJenny, 1941; Klingebiet al, 1988; Valladares and Hoitt,
2008; Adhikaret al., 2012; Cambulet al, 2013) Therefore, understanding the viation
in these factordor any given locatioran provide a glimpse into soil conditigred in
turn, may dlow for better understandindghe relationships between soil properties and
vegetative productivityConventionally, soils are depicted as chaeths,i.e.,tessellated
boundaries that hierarchically groupsoils by similarities in landforra (i.e. soll
associationsdistinguishedoy morphological features and mineralogical composition) as

illustrated in Fig. 1.XColpittset al., 1995; Fahmt al, 2010) This form of mapping



represents a generalized simplification siirveyed soil propertiegMcBratneyet al.,
2000a; MacMillanet al, 2005 Mora-Vallejo et al, 2008). The resultihg map units,
however, are too broatb reflect many of the soil variations within these units as affected
by elevation, drainage, type of vegetation cover, surface exposure, water flow, and

gravitation influence¢Odgerset al., 2014)

[ soil Association

Elevation
m
285

125

0 5 10km €8

T TR T N T A |

Figurel.1. Visual example of one of Holmesville soil associations within NB with extent outlined in white
(A), range of elevation within the associatioB),( and range in varying land types (organic) and land
management practices @h agriculture and forestry) within small subset of association overlain on GeoNB
basemap imagerydj. This one association covers 35,683ha (0.6% of NB).

Traditionally surveyed and delineated soil associadiare limited specifically due
to (Pitty, 1979; Mooreet al., 1993; Zhu and Mackay, 2001; Hewi@l., 2014; Odgerst

al., 2014)



1. Soil surveysvere developed for assessing land usestead of soil property
variability.

2. Soil propertiesvary continuously and do not abruptly change at defined
boundariegSimbaharet al., 2006; Odgerst al., 2014)

3. Relationships between soil properties and landform/landscape positi@re
often missedMacMillanet al., 2005)

4. Locationsof individualsoil types within eachand acrosssoil associatios remain
unknown with reference to actual landform extent at@pographicdelineations
(Doboset al., 2000)

5. Survey objectives were limited in various ways: time and available financial
suppat, lack of surveysupporting data layers, andhon-standardized data

collection and laboratorprocedureqParket al., 2001)

With increasing availability of higesolution datasets within geographic
information systems, pertaining to, e.g., digital elevation med®EMS) (with resolutions
ranging between 50 100cm) and DEMerived secondary modeldopographicand
climate models), it is possible &scertainhow soil propertiesthose of wheh influence
the rooting mediumyary spatially across the landscap@nfrupper reaches of hill crests
to valley bottoms and stream banks, with properties focusing on soil depth, texture,
organic matter content (SOM), bulk density (Db), coarse fragment (CF) content, pH, cation
exchange capacity (CEC), and moisture retentiofield capacity (FC) and permanent

wilting point (PWP)This ideasibleby way of digital soil mapping (DSM):



1. Developing pedotransfer functions (PTFs) (Bouma, 1989) mathematical
relationships betwen soil propertiesand

2. Producingspatialy-continuous soil attribute mapdy modeling relationships
between geographicallexplicit soil profiles across the landscapih data sets

representing surficial geology, climate, and topographic informatimn{fDEMSs).

Digital soil mapping (DSM) is a growing science direatecntd modeling soll
propertiesspatially across the landscape at a continuous exgnesolving the issue of
soil boundary discretization and omission of soil property intariability per soil
associationNMcBratneyet al., 2003; Smittet al., 2006) This approach is based on three

fundamental principles:

1. pedometrics, mathematical and statistical approaches to modeling soil properties
and relationshipgFlorinsky, 2012)

2. soitlandscape relationship§Gerrard, 1981; Birkeland, 1999; McBratnelyal,,
2000; MacMillaret al., 2005; Barkat al,, 2011) and

3. soil formation and soil forming factoSenny, 1941; Birkeland, 1999; Wual.,

2008; Adhikaret al., 2012)

With DSM,soil properties from fieletollected soil samplesan bestatistically
compared to DEMIerivedtopographicderivatives, climatic and geological datasets from
ancillary data sources, amdmote sensing techniqug®oore et al, 1993b; Odetlet al,

1994; Gssleret al, 1995) following the framework othe welkknown soiformation



Y2RSt X W [ hwt ¢y (198). Withladéarcgneits i il science and
geospatial analysed/cBratneyet al.(2003)A y . N2 RdzOdP R W/ hwtela Ay O2 N
spatial component, neighbbbhood (N), into the modeling frameworkThe SCORPAN

model suggests that a soil property at a given spatial locat#an is a function of other

soil properties at the same spatial locatio®), climate (C), organisms @), relief
(topography) R), parent material £), age 4), and neighbthood (V) (McBratneyet al,,

2003; Florinsky, 2012; Cambueal.,, 2013) This model coincides wignhancementsn

gecspatial analyses and the ability to spatially compare soil properties to unaerlyi

ancillary data sources for any given location.

This dissertationntroduces and explorethe development of SM framework
for NB, Canadawith the purpose of producing continuow®il physical and chemical
property mapsacross the landscape. NB wdmsen as study extent dudo the wealth
of existing datand the variability in soibifming factors. These factors refer ¢banging
temperature and precipitation conditions from lowlands in the southeast to highlands in
the northwest, changing glaci@ndscapes, antbpographic expressionsarying from flat
lowlands to steeply sloping hillsid¢Bronk and Ruitenberg, 1991; Ctip et al, 1995;

Fahmyet al,, 2010)

1.2. RESEARCH QUESTIONS

1. To what precision can pedotransfer functions be derived from cobased soil

surveys?



2. How canspatial models be derived for use in predicting soil properties at a

continuous extent?

3. To what extent can the underlying relationships between soil formation and soil
forming factors be modeled by way of digital soil mapping for predicting soil

properties spatially?

1.3. OBJECTIVES

The objective of thislissertationwas to develop a frameworwith functioning
modes for predicting soil physical and chemical properties continuously across the
landscape for the province ®B Canadas a case studyheprocess to complete this

taskwasapplied as follows:

1. Countybased soil surveyand current soilmaps were utilized to developan
aspatial database, and, in turn, produce pedotransfer functions relating soil

attributesto one another

2. Available DEMs foNB were amalgamated resulting in a new DBEAA open
sourced DEM fusion. In turn, DEddrived topogaphic and hydrographic datasets

were developed.

3. Continuous kmate data sets pertaining to temperature and precipitativere
developed for NB by way of comparitgstorical records forspatially explicit
weather stations from NB and Ontario to underlyib§Mand spatial location

6



4. Existing srficial geology delineationsvere updated via similarity modeling
comparing different data sets representing parent material mode of deposition

and primary lithology.

5. Spatial database of soil propertiemsdeveloped viaamalgamating fielecollected

soil profilesfrom numeroussourcegn = 12,058).

6. Statistical comparison o$oils information in spatial database to underlying
geologic,topographi¢ and climaticdatasets, and conventional soil mawas
conductedusingRandom Forest machine learning algoritivith model results

utilizedto developspatial continuum maps for specific soil properties

7. By mappingmportant soil properties such as depth, bulk density (Db), texture (%
sand, silt, and clay), coarse fragmemintent (% CF), and soil organic matter
content (% SOM), model results can be expanded wetiopransfer functions to
predict additional soil properties spatially across landscaggeNew Brunswick at

10m resolution.

1.4. SUBJECT MATTER

Thisdissertationia O2 YL SGSR Ay dal NI AOf S¢ foar2 NY I
distinct chaptersi(e.,Chapters 2 through), as outlined below. The final chapter (Chapter
6) provides a summary of the materiabverall conclusions from this research, and

recommendatiors for future research.



Chapter2 introduces and describes the development of an aspatial database from

the amalgamation and harmonization of historicaunty-based soisurveys

Chapter3 presents the development of soil physical and chemical PTFs, derive
from the aspatial database from Chapt2r Soil physical PTFs were compared to other

publishedPTFs to test theverall performance.

Chapter 4 describes the development of a method to systematically and
comprehensively reduce DEM errors across New Bvigksbased on fusing province
wide DEMlayers from various sources, and calibrating the result using select LiDAR

generated DEMs fdinal elevation calibration.

Chapter5 introducesthe development of a spatial database from fieldllected
samples and raulting DSM spatial models by comparing this database to underlying
topographic, geological, and climatic data sets. This chapter also describes how these data
sets were adjusted prior to spatial modeliMyith this, soil properties of drainage, horizon
depths, sand, silt, clay, CF, Db, and SOM were modeled in continuum format at 10m

resolution.

Chapter6: provides an overall summary of thdissertation a statement of

original contributions, and recommendations for further developmant research.



CHAPTER 2 AMALGAMATION AND HAM®NIZATION OF SOIURVEY
REPORTS INTO A MURURPOSE DATABASHK:EEXAMPLE

Shane Furze, Paul Arp
Faculty of Forestry and Environmental Management
University of New Brunswick, Frederictdf Canada, E3B 6C2

Foreword:
The following chpter is an articlesubmitted tothe OpenJournal ofSoil Sciencdt was

submitted onMay 3F, 2018

Citation:

Furze, SandArp, P.A. 208 Amalgamation and Harmonization of Soil Survey Reports
into aMulti-Purpose Database:rAExampleOpen Journal dboil Sciencgsubmitted).

2.1. ABSTRACT

This article describes procedures used to generate an aspatiaijnologically
consistent,provincewide database for forest soils frorsoil survey reportsyith New
Brunswick, Canada, serving as an example. The procedures ingoiwatarizingexisting
soil information into soil associations via similarities in landform and parent material.
Gonsistent soil associationgeredevelopedand pedologicalkcorrecthorizon sequences
were assigned to each soil associate within each soil associatlaone withreference
to soikforming factors. These factorgfer to: (i) soil parent materials as classified by
mode of deposition and lithology, (ii) topographic faue expressias) (iii) soil drainage,
and (iv) dominant vegetation type. Additionally, each associate was charactevitted

horizongspecific physical and chemical soil propertigistinguished bydepths. An

9



amalgamated database containin@@.soil assodations, 243 soil associates (differing

within the soil associations by drainage only), a@@ %oil profileswas developed

Key Words Soil surveys amalgamation associations, associates, parent materials,

landforms, lithologydrainage profiles, horizas, properties

2.2. INTRODUCTION

Soils are part of the natural environment consisting of complex interactions
between living organisms and soil forming factors pertaining to geology, climate,
topography, organisms, and tinf@enny, 1941Birkeland, 1999; Adhikaei al., 2012) As
such, soils vary spatially in type (swibfile) and spatial extentThis is generally reflected
by most soil survey reports which grogprveyed soil units into landfornand lithology
defined soil association®cKegue and Stobbe, 1978Frossreferencing these reports
to one another, however, revealedumerousinconsistencies in terms of naming and
labelling similar soilsypesand horizons. This is in part due to changing soil classification
and mapping protocolover a period of roughly 70 years. In detail, some of the
inconsistengesrefersto:

1. Changes in soil survey methods, including sampling strategies, laboratory
analyses, andjuantitative units for reporting result{McKeague, 1978; Group,

1981; Working Group on Soil Survey Data, 1982; Guetrah, 1984)

2. Incompleteness in terms of reping small to large scale vatians in soll

associates, varying in scadad resolution with main focus a agricultural lands

10



(Pitty, 1979; Zhu and Mackay, 2001; Adhikaal., 2012;0dger<set al., 2014) Past
survey practices generally addressed soil variaiah the 110,000 scale (and
often coarse), andweretherefore generally mte about small scale variations. As
a result, spatial pedological variatiomghich influencecrop, faest productivity
and root growthvia nutrient and water retentiojremainedunrecognizedqParret

al., 1992; Southorn, 2003; Keys, 2007; Tagtal.,, 2013)

3. Implied differences in soil association conditions and extent across arbitrary

survey boundaries.

Typically,each soil survey report include®isections (e.g., Poitras map ur#§15

ha;Langmaid et al. 1980)

Section 1 an overview of soil associates includimjormation regarding association,

landform, lithology, vegetatiorgrainage, and topography,

Section 2 a profile description for sampled soil associatgkich includedfield-based
measurements for horizons, depths, textur€F content, structure, rootpresence,

mottling (if applicable), and pHFig. 2.1)

11



Figure2.1. Example of information obtained from soil surveys and utilized in developing the database,
includinggeneral information (section 1)dp paragrapl) andfield-based measurements for each horizon
(Section 2)Hottom descriptiong separated by dotted lineThe example provided represents the Poitras

The Poitras soils, which dominate this map unit, are the very poorly drained
members of the Holmesville catena. These soils occur in depressions and are
classified as Orthic Gleysols. The silt loam phase occupies 1526 ha, and the
fine sandy loam phase occupies 206 ha. The vegetation consists of black spruce,
eastern white cedar, alder, balsam fir, running club moss, spinulosa wood-fern,
goldthread, sphagnum mosses, tree moss, haircap moss, and sedges. The
description of a moist undisturbed profile follows:

Horizon Depth
{cm)

L Trace Leaf litter, mostly moss and twigs; pH 4.2.
F 5-3 Brown semidecomposed litter and roots, felted; pH 4,2.
H 3-0 Black well-decomposed organic material; moderate,

medium granular; pH 4.2.

heg 0-25 Light gray (10YR 7/1); gravelly loam; many, coarse,
prominent very pale brown (10YR 7/4) mottles; massive;
plastic, sticky; abrupt, smooth to slightly wavy
boundary; pH 4.7,

Bg 25-55 Light olive gray (5Y 6/2); Tloam; many, medium,
prominent yellowish brown (10YR 5/6) mottles; some of
these are concretions 2-4 mm in diameter; strong,
coarse, granular; plastic, slightly sticky; clear,
wavy boundary; pH 5.5.

Cgl 55-80 Light olive gray (5Y 6/2); gravelly loam; common,
medium, prominent brownish yellow (10YR 6/6) mottles;
very weak, platy; plastic, slightly sticky; pH 5.4,

soil associate retrieved fromangmaid et al. (1980)

Section 3an overview ofab-measured physical and chemical properties by soil associate

(e.g., % carbon, % sand, siltdaclay,Db, field capacity(FC) permanent wilting point

(PWP), (Fig. 2.2)

1 !
! Cation Exchangeable
b 4 % exchange cations, Base
| Depth Total Total capacity, meq/100 g saturation
Horizon | om pH | c N meq/100 g| Ca Mg ] K %
| | |
Poitras
L-H 5-0 4.2 41.40 1.35 222.88 6.80 2.80 1.27 39.8
Aeg 0-25 4.7 0.85 0.09 13.79 0.52 0.04 0.05 4.9
Bg 25-55 5.5 0.30 0.03 5.36 0.52 0.02 0.05 17.0
Cql 55-80 5.4 0.12 0.03 4.80 0.48 0.00 0.06 11.5
Cq2 80-106 5.5 0.03 0.03 5.36 0.80 0.01 0.06 16.2
Cg3 106-132 5.5 0.21 0.03 6.57 0.68 0.00 0.06 11.3
Cod 132+ 5.6 0.15 0.03 4.92 0.68 0.00 0.06 15.0

Figure2.2. Example of information obtained from soil surveys and utilized in developing the database,
including labmeasured,horizonspecific soil physical and chemical properties. The example provided

represents the Poitras soil associate retrieved friommgmaid et al. (1980)
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Therationale for a provincewide compilation of soil survey reportsase from
the need for understandingvhere and how soils respondocally and regionally to
intensifying land use and overall climatehange expectations. As such, ugtdf soil
databases per provincevould assist in, e.g., (i) estimating surdmsed soil carbon
storage, and (ii) determining how soil carbon storage would change within exastohg
proposedchangedo land management and related climathange adaptation scenarios
(Carréet al,, 2007; Aksot al., 2009; Grimm and Behrens, 2010; Poggfi@l., 2013)
Thesechangeswvould varyfrom abandoning farm fields;onverting natural stands into
agricultural lang expanding buildip areas through urban sprawl to land reclamation

operations including wetlancestoration and afforestation.

Theobjective of this articlavasto develop a semless database lymalgamating
and harmonizing existing soil survegports for NBas a case study. This objire was

accomplished by:

1. Compiling all the existing soil survey information into oarsistent and seamless

database,

2. Unifying the classificains and descriptions assigned to the surveyed soil
associations, soil associat@snd so#forming factors, namely, parent material (by
mode of deposition and lithology), topography, vémen cover type, and

drainage, and

13



3. Standardizing the sodlssocia¢ hames by profile and property descriptions, with
emphasis on horizon labels and properties, notatdyizon depth, soil texture,

SOMcontent, CFcontent, Db, and soil moisture retention &Cand PWP

All of this wasompletedin reference to

1. the standardized soil surveying terminology of thdapping System Working

Group (1981) and the Expert Committee on Soil Survey (1982)

2. sampling and argtical techniques described bycKeague (197&nd Guertinet

al. (1984)

3.thebl GA2YI f { 2Af & refievad il Eh& CANBIS {vébsité at

http://sis.agr.gc.ca/cansis/nsdb/index.htimland

4. the spatialsoil distribution and represerdtion as established by therovince

wide soil mapping approximati@also retrieved from the CANSIS website.,

a. "Soils of New Brunswick: the Second Approximation" ("SRN&imyet
al., 2010,

b. "Forest Soils of New BrunswiqkFSNB"Colpittset al., 1995

2.3. COMPILATION OF SOIL SURVEY REPPORTS

The New Brunswick soil survey reports were retrieved from the publications

section of the Canadian Soil Information System (CANSIS) as available from Agriculture

14
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and AgriFood Canada website at
http://sis.agr.gc.ca/cansis/publications/surveys/nb/index.html Each  survey was
downloaded and assessed to determine the extent of data availability. Tafle
summaizes these findings and identifies which reports were utilized in developing the
amalgamated soil database and which provide spatial coverage. Some of the reports
needed to be excluded either due to the omission of horizpacific data, or insufficient
information about the horizorspecific soil forming process, i.e.,;"Anstead of "Ae" or

! KéED 1 £a2 2YAUGSR 6SNB adNBSéa aLISOATAOLf
lands. Of the available soil surveys (both included and excluded from thbadsg only

53.9% of NB has survey coverage with the spatial coverage of the surveys utilized in this

study only representing 35.5% of fBg.2.3).

An overview of the soil associates and soil associat®provided in Appendik
From this, an aspatialatabase was developed, with specific attention given to soll
associatios, soil associat® soil classification (subgroup, great group, and order),
dominant vegetation type, topography (landform, slope position, slope steepness,
aspect), soil parent matals (lithology and mode of deposition), drainage, stoniness
(amount of exposed coarse fragments at the surfaeeg rockinesgamount of exposed
bedrock at the surfaceNext, all soil horizon data pertaining to horizon depth, density,
texture, organicmatter content, coarse fragment content and other physical and
chemical properties were entered into the databasean associatéy-associate manner.
When inconsistencies arose, either varying analytical procedure or units of measurement,

all values wereetained but placed in separate fields to decide which of these entries best
15
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reflect theoretical expectations. The procedures to do so including estimating omitted

values and standardizing across different analytical techniques are descrikidthjter

[ physiographic Regions

. 1.  New Brunswick Lowlands
Soil Surveys 2. St. John River Valley/ Highland
E Acadian Peninsula Foothills
[T woodstock (v.1) 3. Caledonia Highlands
I:l Woodstock (V.2) 4.  Miramichi Highlands
l:l dstock (V.3 5.  Chaleur Uplands

Woodstock (V.3) 6. Edmudston Highlands

- Woodstock (V.4)
Dorchester Parish Elevation
Chipman — Minto - Harcourt m
Havelock Parish 811
:l Madawaska County 0
- Moncton Parish

- Northern Victoria County
:l Andover - Plaster Rock
Rogerswville - Richibucto
Shediac & Botsford Parish
:l St. Quentin - Kedgwick

120 Km
Sussex

Figure2.3. Spatial coverage of soil surveys utilized for developing database. Also included is elevation and
physiographic regions to represent how coverage varies in each region. Physiographic regiensdret
from Colpittset al. (1995)
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Table 2.1. Overview of available soil surveys for New Brunswick, Canada, with publication year, scale,
whether it includes data on a horizdsy-horizon basis, whether it was utilized in this study, and if spatial
coverage is available. Some reports dad provide a spatial datiyer butdo provide images. These have
been georeferenced (GR) but not digitized.

. Year Horizon- . Digitized Spatial
Soil Survey Published Scale Specific (Y Utilized Y/ N) Coverage (%
/' N) of NB)
Fredericton- Gagetown 1940 95,040 N Y 4.28
Sussex Area 1986 20,000 Y X N (GR) 0.25
Chipman Minto - Harcourt 1992 50,000 Y X Y 9.98
Woodstock- Florenceville (Vol. 1) 1989 20,000 Y X Y 0.12
Woodstock- Florenceville (Vol.2) 1992 20,000 Y X Y 0.11
Woodstock- Florenceville (Vol.)3 1996 20,000 Y X Y 0.39
Woodstock- Florenceville (Vol. 4) 2001 20,000 Y X Y 0.98
Moncton Parish 1993 20,000 Y X N (GR) 1.10
Shediac and Botsford Parishes 1996 20,000 Y X Y 1.03
Dorchester Parish 1998 20,000 Y X Y 0.10
Acadian Peninsula 2000 20,000 Y X Y 1.50
Woodstock Area 1944 63,360 Y X N
Andover- Plaster Rock 1963 63,360 Y X Y 4.60
Southern Northumberland 1964 31,680 N N i
County
Northern Victoria County 1976 63,360 Y X Y 4.60
Madawaska County 1980 50,000 Y X Y 4.78
Rogersville Richibuto Region 1983 50,000 Y X Y 5.81
Blackbrook Watershed 1993 10,000 Y X N -
St. Quentin Kedgwick 1982 50,000 Y X Y 0.62
Southeastern New Brunswick 1950 126,720 N N -
Havelock Parish 1980 10,000 Y X Y 0.36
Central and No'rthern New 2005 250,00 N N i
Brunswick
Southwestern New Brunswick 1953 156,720 N Y 12.90
Agriculture Canada Benton Ridg
Potato Breeding Substation 1992 5,000 N N i
Agncultgre Canada_ Research 1984 4.800 N N i
Station, Fredericton
Senator Herve J. Michaud
Experimental Farm Agrilture 1983 3,000 N N -
Canada, Buctouche
Mount Carleton Provincial Park 1972 - N N -
Lepreau Provincial Park 1973 - Y N -

2.4. DATA HARMONIZATION AND AMALGAMATION PROCEDURES

The compilation of the surveyed soil data was guided by the comprehesgilve
association overviews for New Brunswick SNB and FSNB reports, and by the cross

referenced aspatial listing of soil association names, profile descriptions and soil horizon
17



properties within the Canadwide NSDB databas&his compilton resulted ina
database consisting of 2,490 rows of data with coverage for individual properties outlined
in Table 2.2. Of the 522 soil profiles, 500 contain soil classifications and 507 contain

drainage classifications.

Table2.2. Overview ofmeasuredsoil properties within amalgamated databaséh overall completeness

Soil Property # of Horizons % Complete
Horizon Depth (cm) 2490 100.00
Coarse Fragment Content (%) 885 35.54
Texture (% sand, silt, and clay) 1306 52.45
pH (HO) 1535 61.64
pH (CaG) 647 25.98
Bulk Density (g/c) 938 37.67

Organic Matter Content (%) 121 4.90

Base Saturation (%) 466 18.71
Cation Exchange Capacity 659 26.47
Field Capacity-83kPa) 846 33.98
Permanent Wilting Point{500kPa) 738 29.64
Ca (meq/100g) 976 39.20
Mg (meq/100g) 960 38.55
K (meq/100g) 973 39.08

Soil Names and Inconsistenciégheamalgamatediatabasevasorganized by soil
association name, each with its ovgoil associateand horizon sequence In this the
well-drained soil associate members of each soil association carry the name of the soil
association. Naming inconsistencies occurred and were resolved using the SFNB and SNB

reports as guiding authority, as follows:

1. Some of the soil associations were referred t® @ complex between two
associations, i.e., "Baie du Vin Galloway", "Barrieau- Buctouche", and

Gt I NI SIS@MEjtdsS ¢ 0SOFdzaS 2F aAYAL I NI az2Aat
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3.

4.

For these instances, only one name was retained based on descriptipasewit

material lithology and mode of deposition.

In some cases, only the names of the soil associations were provided although
profiles were provided for different drainage classes. For these, new drainage
related soil associate names were assignedbasgd ¢ 6f S ¢ 06/ 2 NNBf

NHzy 8 6 A O1 {2Af {SNAS&ak!aaz0AliA2ya 6AGK

Within some reports, horizon and depth specifications by soil assofsattion 2,
Fig. 2.1were inconsistent with their listing at the endf the reports(section3,
Fig. 2.2) This was most prevalent in the Northern Victoria and St. Quentin soll
surveys. To correct this, the measured properties were kept separate from the

general data and were entered at the end of the database.

Also incongitent were the amounts of data provided for each soil type. For
example, only general informatiowas provided for some soil types (sections 1
and 2) while measured soil properties (section 3) were omitted. This resulted in

some soil associates lackingrizon-specific property measurements.

Drainage Soil drainage was classified from very poor (wetlands and organic soils)

to rapidly and excessivelgrained (coarseextured, upper slope positions), as outlined
by the Expert Committee on Soil Survey (128Phe procedure in Fi@.4 was used to
determineif soil drainage was correctly classified for each soil associate in terms of soll

horizon sequence. This procedure ensured that:
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1. the soil associate names within each association were consistent with the

AN} Ayl 38 SELSOGEFGA2ya olaSR 2y ¢l ot S

NHzy 86 A O1 YAYSNIt &2Af OFGSylF&eT

2. well- to rapidly-drained members occur on upper slope and-ti#st positions,
imperfect to moderately weldrained members occur on the lower slopesd

very pook to poorly-drained members along toe slopes and in depressions.

The drainage classificatiomerived were generally consistent with the original
survey drainage assignments. In cases where the original drainage classifications provided
broad ranges, i.e., "VP, the middle drainage class (P) was retained. The drainage
assignment procedure in Fig4 was used to ensure proper drainage classification for all
al YLX Sa3% LI NIAOdzf F NY &8 F2N) 6K2aS Pwéop KA OK

specified neighbdA y 3 RNJ Ayl ISt ¢é0b | aaSa> SoIdr G+t
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ForestFloor  ves Water Table Yes Very

>40cm >40cm Poor
N
lNo 1 ?
Poor

Mot. Abundance

’/ C-M Yes

Horizon fully  ves Poor < ves Horizon fully Yes Mot. Abundance
gleyed N gleyed M in 0-40cm
lNo lNo
No
Imperfect Yes Mot. Abundance
—_—
P C in 0-40cm
CF >35% + SL Ve Upper Slope
OR —_— Or —_— Rapid
S-S5 Crest
No No
No
Well
CF >35%+ CL =
>35% 4
OR No Moderately
SL—L-SiL Well

Figure 2.4. Visual representation of model developed to assign drainage regime to aspatial database.
Resulting drainage classes are bolded.

Soil Chssification Each soil profile was placed within the Canadian Soil
ClassificatiorfSoil Classification Working Group, 198@)text by specifying its belonging
to Soil Order, Great Group, and Subgroup. Once completed, abbreviations and rankings
for soil classifications, stoniness, rockiness, and drainage were asdigreacry soil
associate (where applicable). Table provides an overview of the % distribution of

databaseentries by soil classification.
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Table2.3. Overview of soil orders separated by great group andgsoup within database with overall
representation of great groups provided.

Order Great Group Subgroup Number of Profiles % Total
Gleyed 1
FerroHumic Gleyed Fragic 1 4.79
Orthic 23
Humic Orstein 1 0.19
Fragic 4
Gleyed 29
Gleyed Luvic 1
Podzol Gleyed Mini 1
. Gleyed Orthic 18
Humao-Ferric Gleyed Sombric 1 41.95
Mini 1
Orstein 7
Orthic 155
Sombric 2
Eluviated 11
. Gleyed 7
Dystric Gleyed Eluviated 7 6.51
Orthic 9
Eutric Gleyed E!uviated 3 0.77
Brunisol s - 1
Gleyed Eluviated 1
Melanic Gleyed 4 1.53
Orthic 3
Gleyed Eluviated 1
Sombric Gleyed 7 4.02
Orthic 13
Brunisolic 7
Dark 5
Gleyed Brunisolic 10
Gray Gleyed 8 18.39
Luvisol Gleyed Podzolic 20
Orthic 3
Podzolic 43
Gray Brown Brunisolic 1 0.38
Gleyed 1
Humic Gleyed 3 0.57
Cumulic 1
Regosol Gleyed Cumulic 2
Regosol Gleyed 4 1.72
Orthic 2
Fera 3
Gleysol Orthic 16 4.02
Rego 2
. Orthic 20
Gleysol Humic Rego 2 421
Fera 5
. Fragic 2
Luvic Humic 1 4.60
Orthic 16
) - Typic 5
Organic Fibrisol Terric Mesic 3 2.49

22



Terric Humic
Mesic
Terric
Typic
Terric

Terric Fibric

Terric Humic
Typic
Terric

Terric Fibric

Terric Mesic

Mesisol 2.11

Humisol 1.72

NNN®R®RFRPRPRWOHINEDN

According to this compilation?odzo$ (46.9% of database) hea much higher
representation than any other order (representing almost half of the database), followed
by Luviso$ (18.8%)Brunisos andGleysas (128%), andRegosd (2.3%)0Organic soils
(6.4%)were both surveyed and included in the database fugre omitted from the

analysedy focusing on mineral soils only

Soil Forming FactorsSoil parent materials were classified by:

1. landforms which vary bynode of deposition (how the material was deposited
geologically) and
2. lithology (referring to the chemical and physical makeup of the deposited

material).

Differences in surficial geologyescriptions both in mode of deposition and lithology
occurred wihin the same soil association names wienssreferencing the SNB (Table

6), FSNB (Tables 2 and 5), and N&dpBrts. This was corrected as follows: if three or
more urces(including soil surveys, SNB, FSNB, and NSDB) provided the same mode of

depositon for an individual soil association, then that mode of deposition was assigned
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to that association. Any remaining inconsistencies were addressed by determining the
expected mode of deposition by surface expressions (topography), coarse fragment
content, and horizon sequences. Together, this croferencing resulted in 21 unique
modes of deposition (Tabl2.4), with some associations having two distinct modes of
deposition overlaying one another (i.e. glaciomarine/basal). In such instances, the top

parert material will have the dominant influence on soil formation and development.

Table2.4. Summary of updated parent material modes of deposition within aspatial database including the
guantity of associatioswithin each mode of deposition.

Mode of Deposition Number of Associations % of Total
Residual 4 3.60
Residual and Colluvium 1 0.90
Colluvium and Water Reorked Till 4 3.60
Ablation/ Residual 9 8.11
Ablation 14 12.61
Ablation/ Basal 2 1.80
Basal 29 26.13
Basal/ Residual 1 0.90
Glaciomarine/ Basal 5 450
Glaciomarine 5 450
Glaciomarine/ Marine 1 0.90
Marine 3 2.70
Marine/ Basal 1 0.90
Glaciofluvial and Marine 6 5.41
Glaciofluvial 10 9.01
Alluvium and Glaciofluvial 2 1.80
Ancient Alluvium 1 0.90
Alluvium 3 2.70
Lacustrine 1 0.90
Glaciolacustrine 1 0.90
Organic 8 7.21

Not yet included in the Tabl23 description are landforms that specifically refer to, e.g.,
valley trains, glaciofluvial outwash plains, drumlins, moraines, and egkddstionally,

glacial tills (ablation and basal) lack information on depth of depogitiditional
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information pertaining to these deposits and depths can be obtained fRampton

(1984)

With respect to soil lithology specifications, there were inconsistencies as well. For
example, the parent material of the Baie du Vin association was labelled@dic"GLFL
or MA sand, petrologically similar to underlying sandstone bedrock, and rich in'biotite
The Galloway soil units, stated to have the same lithology, was labelssdic,
petrologically similar to the underlying sandstone bedrock and richotitddi These
inconsistencies were addressed through-labelling and by updating lithology by
dominant rock types, grain sizes, and mineral hardness (based on Mohs hardness scale,
retrieved from http://rocks.comparenature.comy. This was followed by (i) providing
binary descriptors for sedimentary, igneous, and metamorphic parent materials per soil
association, and (ii) byhe ranking of (a) rock type weatherability (ease of physical and
chemical breakdown gbarent material) and (b) fertility (mainly Ca, and Mg richness of
the weathering parent material) (Tab®5). Weatherability and fertilityvere basedon

Table 4 in the FSNB report.

Some soil associations (Bellefleur, Bottomland, Bransfield, ChockpitiyaG,
Lower Ridge, St. Charles, and Wakefield) could not be identified as forest soil associations
in the FSNB and SNB reports. For these associations, weatherability and fertility
assignments could therefore not be determined. This conforms with thevipus

statements in which inconsistencies occur with soil mapping initiatives.
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Table2.5. Overview of weatherability and fertility rankings assigned to common rock types, retrieved from
Figure 4 (The relativweatherability and fertility of the common rock types found in New Brunswick) from
FSNB.

Rock Type Relative Weatherability Relative Fgrtility
0-1 (slowfast) 0-1 (poor-rich)

QuartzPebble Conglomerate 0.04 0.2
Felsic Volcanic (Rhyolite) 0.07 0.19
Felst Pebble Conglomerate 0.14 0.17
Schists 0.15 0.43
Metaquartzites 0.18 0.44
Gneiss 0.20 0.42
Granodiorites 0.20 0.54
Quartz Diorites 0.23 0.61
Granites 0.28 0.31
Diorites 0.28 0.55
Alkali Granites 0.34 0.25
Gabbros 0.33 0.65
Polymictic Metacongloerates 0.39 0.37
Mafic Volcanic (Basalt) 0.38 0.72
Quartzose Sandstone 0.42 0.40
Metasandstone 0.47 0.55
Polymictic Conglomerates 0.54 0.31
Slates 0.53 0.61
Metasiltstones 0.58 0.66
Lithic Sandstones 0.62 0.39
Metawackes 0.64 0.71
Feldspathic Sarstiones 0.66 0.47
Mudstones 0.73 0.53
Calcareous Sandstones 0.77 0.78
Calcareous Slates 0.80 0.80
Calcareous Siltstones 0.84 0.84
Calcareous Mudstones 0.87 0.87
Limestones 0.90 0.94
Argillaceous Limestones 0.95 0.79

Topography Topographicsurfaceexpression descriptorBy soil associatioalso
varied by survey report, being absent in some of the repaktsen presenttopographic
surface expressionganged from flat (or domed) for organic soils to strongly rolling and
hilly on dense igneous paremhaterials in the New Brunswick Highlands. Although

included in the database, little emphasis was placed on topographic expressions because
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the expressionsvary by resolution, intensity and frequency of changing topographic
positions, slopes, angeographiaegiors, resulting in inconsistent descriptions between
reports.A consistent measure for each associatieferredto average slope position and
slope percent, but this information was only provided for 40% of the repddsemedy

soil association handaries anbe re-defined spatially vianified landform and lithology
classifications and topographic expressions can be classified via digital terrain modeling

as describean Chapter 4

Vegetation Some surveys listed the presence of dominant oveystpecies,
generally within the vicinity of the soil sampling points. These specifications were entered
into the database in the form of binary fields referring to dominancestadetolerant
hardwoods, softwoods, and mixedwoods within the overstory canéyso, where forest
floor data were provided, forest floor thickness was assigned to each horizon sequence.
If spatial coordinatesvere available for the soil associates then, to some extent,
vegetation types could be rassigned to the associates viadst inventory data providing

information on preharvest conditios.

Horizon Descriptions and Depth€onsiderable effort was placed on ensuring
that the horizon classification within the surveyss consistent with those outlined in
thed/ F yIF RAI W {238ESY 2 a8aAFTAOIGA2YyEéED | 2NRT 2y &
horizon (forest floor, A, B, and C) and by the first subscript for each master horizon, i.e.,
Ae, Ah, Bf (represents the dominant process influencing the 3aible 26 outlines the
range d master horizon descriptors encounteretihe additionalhorizon specifications
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such as g, ¢, x, j, t, etc., were entered into the database as binary fields (0 when absent, 1
whenpresent)t NE FAf Sa 6KSNBE a2Af K2NRT 2y ¢ RBS&NDAA LI
re-labeled through crosseferencing with other similar soil profiles. Horizon depths

(many were originally specified in inches) wereassignedn cm.

Table 2.6. Variability in soil horizon classifigan encountered within aspatial database, separated by
master horizons, followed by primary subscripts, resulting in 180 unique soil horizons.

Master Horizon Primary Subscript Variations
Of h¥>X ah¥06hYEéS h¥
Om Om, Om, Omp, Ong, Oy, Oy
O (Organic) Oh Oh, OR, Oh, Oh, Ohy
Ol
Oco
L L, LF, lFLFH
LFH (Forest Floor) F F, kR FH
H H, B, HC
Ae, Aeg Ae, Ag, Ae, Aeh, Aegj, Aeg, Aedheq, Aegj, 2Aeg, Aexjg, Aejg
A Ah, Ahg Ah, Ah, Ah, Ahb, Ahg, Ahgj
Ahe, Aheg Ahe, Aheg, Aljg, Ahegj
Ap, Apg Ap, Apg, Apgj’ _ .
.FE O F0X . F03X ..,BYLBG BL.BY Bfg,. T
Bf, Bfg Bfg, Bfg, Bfgj, Bfjg, Bfig Bfjg, Bfjgj, Bfig, Bfcg, Bfcjg, Bfgcj,
Bfjgc, Bfjgjc
Bfh, Bfhg Bfh, Bfht, Bfhc, Bth Bfhg, Bfhgj, Bfhgj
Bh Bh, Bhcg
B Bg Bg, Bg B, Bgj, 2Bg, Bgc, Bgx, Bgf, Bgfcc
Bhf, Bhfg Bhf, Bhfg, Bhfgj, BhigBhfig
Bm, Bmg Bm, Bm, Bmy, 2Bm, Bmg, Bmx
. 02 & ..,BE BY, BuBtj, 28t, 2Bt 2Btj, Btg, Btg Btg,
Bt, Btg G323z a&. (32 eg Ny Bigd Btgp Btgk, Btjl), BEyS
Btgp, 2Btg, 2Btg2, 2Btgj, 2Btjgj, Btxg, Btxjgj
BC BC, BCgj, BCx
C.eG GGG, 2C, 2¢ 2G, 2G, 3C, Cg, ¢gCg, Cg, Cg,
C,Cg Cg, Cgj, Cagj Cgj, Cgj, 2Cg, 2Gg2Cg, 2Cg, 2Cgj, 3Cg, 3Cgj
c 4Cg, 4Cgj, 5Cg, 6Cg,
Ck, Ckg Ck, Ckg, CkaCkg, Ckg, Ckgj, 2Ckgj
Cx, Cxg Cx, 2Cxj, Cxgj
R R

Soil PropertiesForeach horizon, surveyed values for soil properties referring to
soil texture, structurePb, SOMcontent, CFcontent, and water regntion (at bothFC and

PWB were entered into the database, using the following procedures.
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Texture Soil texture information, where available, was entered into the database

in two forms:

1. Texture classs asassigned from texture triangle, as outlined iret@anadian Soil

Classification System (F&5), and

2. Proportiors of sand, silt, and clawithin the fine-earth fractionas percentages
with the summationequaling100% (although not always the case within the

database).

Some texture descriptions providédNE I R NJ y I J&>0 ACRIND i KeS(aAy O 3
class and percentage of sand, silt, and clay were assigned by choosicentbepoint

within these classesn the texture triangle. Additionally, some texture classifications
providedddnotfall wA 1 KAy GKS NBFEtY 2F GKS GSEGdzNB |
(sandy gravel). This occurred for 37 samples, of which, could not be provided sand, silt,

and clay contents. Although not in the texture triangle, these classifications were
retained. Als@ Y2aid GSEGdINBE Of aaAFAOLIGAZ2YyE 6SNB |
(very fine sandy loam). These modifiers were retained, but texture classes without

modifiers were placed in a separate column.

For some horizons, only a texture class was e, this was typically the case
when general desgotions (section 2) did not coincide with specific horizmoperties
(section 3)within the survey With these horizons, the percentage of sand, silt, and clay

were left absent. For the cases where otig percentage of sand, silt, and clay were
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present(without assigned texture clagsgin automated modefoutlined in Table.7) was

derived to determine the texture class based on these percentages. This was used to fill

in the voids whee the texture clas was absent, resulting in 86.6% of the database with

texture measurements.

Table2.7. Logical Rule statements applied in ascending order to determine psapktexture class based

on texture triangle as atlined in Soil Classification Working Group (1998)

Rule Output Class Output Abbreviation

[t & x cn Heavy Clay HC
60c{lyRO ¢ /[/fF& X nn Silty Clay SiC
/t1& x nn 3 {I ¢Y&and Clay C

/tFre % op 9 {lIYyR x Sandy Clay sC
/[ tfFre % Hy 9 {lYyYR X Silty Clay Loam SiCL
27.5 < Clay < 40 8% Sand < 45 Clay Loam CL
[T & X MH¢Sand) £ & Ff Silt Si

Clay < (5@ Sand) Silt Loam SiL
[ t1& X q@re) i of{l yR Sand S

/I tFe X7op{l yR Loamy Sand LS
/I tF& X Hn 9 {lyR x Sandy Loam SL
[ fFé&cEnd)T o Sandy Clay Loam SCL
Else Loam L
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Figure 2.5. Texture composition of soil samples for each soil survey utilized in developing the aspatial
database overlain on texture triangle.

Coarse FragmentsCFcontent was provided br 36% of the mineral horizons.
Some of these included ranges, i.e., -B@%b, while others provided qualitative
descriptions, i.e., "few" or "some". With the ranges, the middle values were assigned.
Additionally,coarse fragment content waalso included spart of the horizon texture
description e.g.,ogravelly sandy loai For these cases, the suggestions of Exgert
Committee on Soil Survey (1982gre adoptedas follows: <15% CF by volume was
assignedo & b 2 y £€35% nwtpassigned an adjective,-80% assignedo & + S NE ¢ X

>60% assignem & 9 E (i NBMW&d tedestture modifiers were not consistemith the
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CF% vaeso A ®Sd>X a @SNE 3INI FSt,aardl werd afs®Rriot consisieiit |

with landform expectations, Tab®8 wasassessed toid in providing CEstimates.

Table 2.8. Overview ofCFcontent for each parent material mode of deposition found within aspatial
database. Note that some modes of deposition l&@f#content data while otherhave large variations in
values.

Mode of Deposition Coarse Fragment Content

Min. Max. | Mean SD Sample Size
Residual 10 40 24.2 12.8 6
Residual + Colluvium - - - - 0
Ablation 5 80 24.7 16.6 76
Ablation/ Basal 0 30 11.9 7.5 94
Ablation/ Residual 10 70 47.1 16.0 24
Alluvium 0 0 0 0 14
Alluvium + Glaciofluvial - - - - 0
Ancient Alluvium 0 0 0 0 6
Basal 1 60 15.5 9.8 371
Basal/ Residual - - - - 0
Colluvium + Water i i i i 0
reworked Till
Glaciofluvial 1 80 35 22.9 45
Glaciofluvial + Marine 0 35 4.6 7.4 106
Glaciolacustrine - - - - 0
Glaciomarine 0 12.5 3.6 3.4 55
Glaciomarine/ Basal 0 45 4.7 8.6 54
Glaciomarine/ Marine 0 0 0 0 8
Lacustrine 0 1 0.3 0.3 14
Marine 0 0 0 0 11

Due to the omission of samples with measured CF values for some rabdeposition,
values could not be generalized. Alternativetglues could also be inferred from general
parent material descriptions provided for each soil association. In principle, these values
could be assigned to the soil horizons. However, the fipdaianges were, in most cases,

too broad to be consistent with actual CF% survey values.

Soil Structure Soil structure was provided as a description with three
components, shape, size, and distinctness. Therefore, each of these three components
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were asigned to the database. An overview of soil structures can be foudilamual

for Describing Soilsinthe Fi¥ld m dpy H  WEX@#k GoSiRitee dn&Soil Surv@Pps?2)

It was noticed that terminology for structureless soils were usedaftangeably, namely

"single grain”, "loose", "amorphous", and "massive"; therefore, these were grouped into

Gg2 OflaasSa o6aYlFIaaAarodSé F2NI I Y2NLK2dzaA FyR Y

remaining two) Soil structure information was provided f@B.6% of the database.

Organic Matter ContentSOMcontent was provided in four formats, % organic
matter, % carbon, and loss on ignition (LOI) at 450°C and 850°C. Solil surveys for Plaster
Rock and Ndhern Mctoria Counties provided both % carbon and BOKW50°C (328
samples, 13% of database). Kent County was the only report to record LOI at 850°C (11
samples, 0.4% of database) and did not record % carbon for comparison. Due to the lack
of samples and omission of carbon values for comparison, reading©fat 850°C were

omitted. The % carbon readings were converted to % organic matter via Eq. 1.

PYO O PO p& ¢ (@)

where %S0OMis %soil organic matter,%6Cis % carbon and.72 is the conver®n factor
since SOMis composed of 58% carbdRomano and Palladino, 2002; Pollacco, 2008;
Chaudhariet al, 2013; Poggi@t al., 2013) Standardizing these measurements into %

SOMresulted in 1,202 samples thimeasurement (48.3% of database).

Soil Density For particle densitfDp)and Db, box plots were used per horizon

label toquicklydetermine the extent to which density outliers were present (Bif). For
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each outlier, the original report was reviewéal determineif a data entry mistake had
occurred. It was ensured that the ranges of the density values were generally consistent
with soil texture,SOM and soil depthexpectations, with additional considerations to
distinguish density in compacted versnsn-compacted soils. Data entry with obvious
data errors (e.g., soiDbsgreater than densities for silicate rocks) were deleté&h
determinationswere generally sparse, with37 of the horizonbased data entries (38%

of database).
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Figure2.6. Visual comparison of range BDbsassociated with each master horizon to assess presence (or
absence) of outliers.

Water Retention In terms of water retentiorfthe ability to access moisture under
different presswe gradients) depending on the report, values were provided in bars
(bar), atmospheres (atm), and kilopascals (kPa) with values measured in both volumetric

and gravimetric form.Together, ten reports provided wateretention measuresin
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gravimetric formwhile five reports provided measures in. Two reports did not specify
whether the measures were gravimetric or volumetri@ravimetric water retention
values were recorded and converted to volumetric form via multiplication WithThe
different units of masurement were then amalgamated and adjusted to represent water
retentions in kPa:33kPa for water retention &G and-1,500kPa for water retention at
PWR Also,with water retention atFG moistures were provided under the title "Moisture

Equivalent” vhich isFCvalues measured via a specific test.

Additional moisture measurements included water % at Ocm, water holding
capacity, maximum water holding capacity, and water retention at saturation, 10cm,
50cm, 100cm;100kPa,-400kPa, hygroscopic moisturayailable water, and moisture
percentage. Emphasis was placed on moisture retentior@and PWPdue to the
influenceof these pressures on rooting. Once combined, water retentiorGtad 836
samples mesured (34.0% of database) where®WP had 743 samples measured

(29.8%).

Aspatial Overview The soil database, amalgamated from 17 soil surveyblBr
Canadaisintended to provide a comprehensiweerview of forest soil conditions across
NB As such, this database contains information for 106 sabaations, 243 soll
associates, an822soil profiles, each with their own stibrizonspecifications as outlined
above. Through careful crossferencingall data entriesvere examinedo ensure they
coincided withsoil association and horizespecific expectations as outlined in the
G/ FYyFRALY {@adGaSYy 2F {2Af [/ ftFaaAFAOIGA2YE
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Most soil associatdsadmore than one profile described, depending on frequency
of occurrence, i.e., some reportssted the same soil asgiation even though reports
occurredin different geographic locations. For example, the Holmesville soil association
occurredin eight soil surveys. As a result, the withined soil associate (alsmalled
Holmesuville) had .8 profiles within the databaséts moderatelywell drained associate,
Johnville, hd 12 profiles within the database, followed by the poedsained associate,
Poitras, also with 12 profiles. It wa®mmon for the broadest soil associations to occur
within different surveys, and therefe, had multiple profiles within the database. In
contrast, some of the lessommon soil associations laka single soil profile altogether
(i.e., Aulac, Babineau, Becaguimec, Belledune, Big Bald Mountain, Blackland, Caissie,
Bottomland, Catamaran, Cleeater, Escuminac, Jacquet River, Kingston, Research

Station, and Tetagouche).

The outcome of allconsiderations and actions is presented in Appenidlix
completed in referenceo the gatial context of the SNB soil coverage for New Brunswick.
This represntation reveals (i) that not all SNBapped soil associatiorcur withinthe
original soil survey report§i.e., Becaguimec, Big Bald Mountain, Catamaran, Jacquet
River, KingstorPopple Depatand Tetagoucheand (ii) that some of the surveyed soil
associations are nospatially represented in the existing SNB delineation, as outlined in
Table 2.9. In total, the soil association coverage in Appenidiikorresponds to the
71,450km? land base of New Brunswickhe total provincial areamounts t072,907knv

of which 1,45&m? is water. The organic soil coverage at 11.38% amounts to 8,131 km
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Table2.9. Surveyed soil associations not currently spatially covered in proviiae SNB soil association

map.

SoilAssociations

Aldouane Flemming Kouchibouguac Riley Brook
Anagance Fundy Lord and Foy Salem
Baie du Vin Galloway Lower Ridge Shemogue
Bellefleur Green River Maliseet St. Charles
Benedict Green Road Monquart Sussex
Big Hole Gulquac Mount Hope Tobique
Boston Brook Harqualil Parsons Brook Tormentine
Bransfield Island Lake Guimond River Upper Caraquet
Bretagneville Jardine Petitcodiac Violette
Caraquet Jeffries Corner Queenville Wakefield
Chockpish Kingsclear Quisbis
Dorchester Knightville Richibuco

Although amalgamated and harmonized, the aspatial database remains

incomplete in terms of measurement gaps for horizgpecific physical and chemical
properties as outlined in Table 2.Zhapter 3addresses and, where feasible, fills some
of these ggps via the development oPTFsby way of linear multivariate regression

analysesDecision treesan be used to filh remaining data gaps.

2.5. CONCLUDING REMARKS

Creation of the aspatialatabase expeditePTF development forag-filling and
summarizing and quantifyindpoth soil association and associateia similarities and
differences. Onceomplete this will enable spatially rdigitizing theupdateddatabase
using alreadyexisting soil association delineations, followedrbyising these to ensure
topographic mapping consistencies. For example, all digitfleamtiplain-derived soil
associationsnust conform withthe extent of topograhically delineated floodplains]la
residual soil units need to coincide with topographigalelineated ridge tops and steep

slopes.Additionally,all organic soil units need to fall within topographically delineated
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depressions and wet areas next to streams, rivers, lakes and coastal $htngdy et
al., 2008, 2009)Finally, # soil map units need to reflect landscape features as defined
by digitdly-delineaed landformssuch as eskers, kames, till plains, drumlins, and
moraines, and need to further reflect the lithology origin of these formaide.g.,

calcareous versus siliceous).

The topographicalkgorrected soil delineationswith the amalgamated and

harmonized databasgrovidemanypossibleapplications. For example:

1. The correct placement of each soil association and associated soil pesperl
assist in refining the moisture regime classification within these associations
based on topographic location. For example, ¢&gtured soil associations reduce
water infiltration into the soil, thus having ephemeral flow channel networks that
reach further upslope to ridges than what would be the case for coarse textured
associations. The latter would require larger upslope flow accumulations for

stream flow initiation.

2. Improved soil mapping will allow for better soil erosion estimation, bseatne
soil descriptors needed toalculatesoil erosion potentialgorrespondwith local

variations in topography.

3. The revised mapping will improve the quantification of soil organic matter,
because soil organic matter accumulatior@relate positivelywith soil rooting

depth as affected by soil lithology, drainage, and compaction
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4. Since vegetation growth and health is closely related to soil fertility (aviityedi
soil nutrients) and water availability, the revised soil map will allow for better
dedsion making in site selection for crop production whether in forestry or

agriculture.

5. Since soil angtegetation type(and vegetationstructure) vary across landscapes,
the improved soil mapping will find much use in conservation and reclamation

practices

6. Given that there is a high network of paved and unpaved roads and trails
permeating New Brunswick, the revised map will provide much needed

information about their locatias across drainagehallenged soils
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3.1.ABSTRACT

This article presents the development of pedotransfer functions (PTFs) for soil
physical and chemical properties suchbatk density texture (sand, silt, and clgygoarse
fragment content pH soil organic matter content cation exchange capacitfield
capacity and permanent wilting pointfor varying soil types and drainage conditions.
Pertinent data for PTF development resulted from the amalgamation of ceheadgd soil
surveys for the province of New Brunswick, Canatiaa harmonized aspatial database
for both soil associations and soil types. It was ensured that PTF outpuaitsded with
realistic thresholds, namelyulk densitydoes not exceed 2.4g/cinsoil organic matter
does not exceed 100%, combination of dasilt and clay does not exceed 100% for fine

earth mineral fractionpermanent wilting pointdoes not exceedield capacity and all
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values are positive. PTF development for sand, ddty, organic matter contentbulk
density, cation exchange capacitifeld capacity andpermanent wilting poinresulted in
capturing between 60 to 75% of the total soil property variatmith PTF models
validated by via comparison with published PTF equations.

Key WordsProvincewide database, physical and chemicail properties, pedotransfer

functions

3.2. INTRODUCTION

Due to the high cost associated with intensive soil sampling and subsequent
laboratory analyses required to develop higgsolution soil maps, there is a need for
algorithms to model and predicbg properties that are difficult, or too costly, to measure
(Moore et al,, 1993; McBratnet al., 2002) These algorithms, known as pedotransfer
functions (PTFs) are a feasible alternative allowior the prediction of soil properties
based on a few eagp-measure variable? TFsa term introduced byBouma (1989re
not a new science and have been usedtly in the past for predicting soil properties, for
example, a review of hydraulic PTFs is providedigtenet al. (2001) and two general
PTHeviews provided bivicBratneyet al.(2002)andNankoet al.(2014) Many PTFs have
been developed for soil physical and chemical attributes watihorganic matter(SOM)
soil texture, structure and bulk density(Db) as the most commonly used predictors

(Mooreet al,, 1993)
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PTF development requires a datat that is heterogenous in terms of soil types
and site conditions, particularly varying parent materials, topographies, flora, and
physiographic regionvarying mesoclimates), since these variables have been proven as
dominant soil forming factorgJenny, 1941; McBratnegt al, 2003; Florinsky, 2012;
Heunget al, 2014) Therefore, soil property variation will be dependent upon these
factors. Developing PTFs over a wide range of sodlitons is more likely to result in
higher predicting accuragydlacco, 2008yvith a readilyavailable source of information
in the form of conventional soil surveyMcBratneyet al, 2000, 2002; Ballandt al.,
2008) In New Brunswick, Canada, there is a wealth of information available in

conventional countybased soil surveys.

The objectives of this article are:

1. to determine how the survegompiled data for individual soil physiadiemical

variables relate to one another throudghlr Fanalysis;

2. to use the resulting bedfitted functions for filling the data gaps among the

compiled data;

3. to evaluate the general validity of the resulting functions based on theoretical

limits and theirpredictive correspondences with respect to literature equivalents.
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3.3. METHODS

Prior to statistical analyses, thiB soil database(Chapter 2)had undergone
rigorousamalgamation antiarmonizatiorprocedures regarding detailed soil horizon and
property assessments by soil associations and soil associ@tespfer 2. This included
determining that generalsoil property range expectations were not exceeded. For
example, the summation ddpecifiedsand, silt and clago valueqsoil texture)camot
exceed 10% soil Dbshouldnot exceed 2.4g/c/ dl percentagesGF, SOMcarbon(C)
andbase saturationjnust remairbetween 0 and 100%pilpHvaluesshould vary at most
from 2.5to0 8. For somesoils only qualitative descriptions were providedif€F content

while others were provideavith CHanges (e.g.CF =30 - 50").

Table3.1 provides data frequencies, means and ranges for eathbaselisted
soilvariableprior to methodology and unistandardization This standardization followed
the variableby-varablesoil surveyguidelines and specificatioty McKeague (1978), the
Mapping System Working Group (1981), the Expert Committee on Soil Survey (1982),
Guertin et al. (1984) and GlobalSoilMap http://www.isric.org/documents/document

type/globalsoilmapspecifications/24-07122015.
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Table3.1. Overview of soil physical and chemical attributes within the amalgamated database prior to
attribute standardization and data filling. Bolded variables represent those of which are modeled in this
study whilst norbolded represent those requiring aditinal standardization.

Sample = % of

Attribute : Mean = Min Max Standardized
Size | total
Sand (%) 1306 525 474 1.2 100
Silt (%) 1306 525 34.3 0 76.1
Clay (%) 1306 525 18.3 0 72.1
CF (%) 885 355 14.18 0 80.0
Db (g/cn) 938 377 14 011 238
C (%) 1082 440 14 0 20.1 OM (%)
OM (%) 121 49 17 0 12.4 OM (%)
pH (HO) 1757 68.6 5.2 2.9 8.1 pH (HO andCaCl2)
pH(CaG) 689 269 4.6 2.9 7.5 pH (HO and CacCl2)
CEC (meq/100g) 659 265 15.0 1.0 73.9
FC (%, gravimetric) 678 272 270 2 94 FO VRSO E
gravimetric)
FC (%, volumetric) 168 65 265 6 43 FC (volumetric and
gravimetric)
PWP (%, gravietric) 455 183 99 1 58 PP (ETTSE el
gravimetric)
PWP (%, volumetric) 283 114 87 1 28 PWP (volumetric and
gravimetric)
Base Saturation (%) 466 187 23.0 0 100
Ca (meq/100g) (NdDAC) 990 38.7 25 0 65 Ca (meq/100g) (NWDAC)
Ca (kg/ha) (N¥DAQ 67 2.6 4583 44.8 2847  Ca(meq/100g) (NIDAC)

Ca (meq/100g) (NaCL) 92 3.6 2.4 0.1 12.2 Ca (meqg/100g) (N4DAC)

Mg (meq/100g) (NEDAC) 974 380 05 0 8.2 Mg (meq/100g) (NKDAC)
Mg (kg/ha) (NEHDAC) 67 26 76.6 0 336.3 Mg (meqg/100g) (NKDAC)
Mg (meq/100¢ (NaCL) 92 3.6 0.7 0 6.3 Mg (meq/100g) (NKDAC)
K (meg/ 100g) (N4DAC) 987 38.6 0.3 0 6.6 K (meg/ 100g) (N4DAC)
K20 (kg/ha) (NEDAC) 67 26 971 224 336.3 K (meq/ 100g) (N¥DAC)
K (meg/100g) (NaCL) 92 3.6 0.2 0 2.5 K (meg/ 100g) (N4DAC)

Once standrdized both simple and multiple linear regression analyses were
conducted on each attribute to test the feasibility of modeling soil physical and chemical
properties. Only the Tabl8.1 variables in bold were subject to this analydi® to the
lack of aconsistent procedure for standardizing base cation measuremenihe
resulting PTF equations were evaluated in terms of theirfite intercept, regression

coefficients, t and pvalues. The overall goodnessfit was expressed by the adjusted
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coefiicient of variation (B, theroot mean square error (RMSEBndmean absolute error
(MAE),and wasvisualzed by plotting actual versus befted data values The PTF
equationswere subsequently used to predict the values of bolded variables across the
database for general confirmation, and this was also done for the same data using

published PTF equatiors a method of validatian

3.4. RESULTS AND DISCUSSION

Soil Texture Soil texture refers to the proportion of sand, silt, and clay in the fine
earth fraction (<2mm) of sofWeil and Brady, 2017asclassified by way of the texture
triangle (Fig.3.1; (Working Group on Soil Survey Data, 1982)general, soil texture
influences many soil physical and chemmalcesses and resulting attributes pertaining,
e.g., to the extent obrganic matteraccumulation which, in turn, contributes to soil
structure by increasing soil porosities while lowering $2ii (Birkeland, 1999; Gesslet
al., 2000; McBratneyet al., 2000; Azlaret al, 2013; Chaudharet al, 2013) Clayin
combination withfully decomposedSOM(humus) contributes to the soil colloidal fraction
(Pitty, 1979; Fullert al., 2007) and hence improves moisture and nutrient retention

(Anderson, 1988Pitty, 1979)

The frequency of each texture class within the database was determined with
results listed in Tabl8.2. As seen above, pure siltsandy claysand the heaviest clays
(clay percentage exceeding 80%) are absent from the soil surveys. This may be a result of
surveying emphasis placed on agricultural soils, which would avoid survegawy h

texturedwetlands lacustrineand estuary depats. Also missing from the data entries are

45



nearly pure sandand silttextured soils, as these are typically uncommon in forested

landscapesSome of the absent textural variations are likely due to:

1. translocation of finetextured minerals (silts and gfa)from steep slopes to low
lying positions and depressiofiSimonson, 1959and

2. noninear trends with respect to soil deptthue to secondary clagnrichments
(i.e., Luvisolsanddifferences in soil parent materialse., ablation over basal till)

and vertical variations in alluviihe to coarse deposits.

Soil Textural Triangle

100

Distribution

SiC-5iCL

B 250 -500
B 500 -573

CL-5iCL SiCL

CL-5iL SiCL-5iL

-«—— Sand Separate, %

Figure3.1. Representation of frequenciesf each soil texture class with intermediates between classes
overlain on soil texture triangle. Classes with no occurrence include silt (Si), sandy clay (SC), and heavy clay
(uppermost portion of clay class, >80% clay).
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Table3.2. Frequency distribution of texture classes and ranges found within aspatial database.

Texture Class Count Texture Class Count
Clay (C) 37 Loam (L) 573
Clayg Sandy Clay (8C) 0 Silt Loant, Loam (SHL) 16
Sandy Clay (SC) 0 Sardy Clay Loarg f)andy Loam (SGL 0
Clayg Silty Clay (&SiC) 2 Clayc Clay Loam (CL) 0
Silty Clay (SiC) 0 Loamy Sand Sandy Loam (ESL) 14
Silty Clay Loam (SiCL) 75 Loamy Sand (LS) 157
Clay Loang Silty Clay Loam (€3iCL) 2 Sandg Loamy SandSLS) 3
Silty Clay;, Silty Clay Loam 1 Sand (S) 85
Sandy Clay Loqul)Clay LRl (G2 1 Clay Loang Silt Loam (GBiL) 0
Clay Loang Loam (CIL) 1 Silt Loam (SiL) 329
Clay Loam (CL) 190 Silt Loant; Silt (SitSi) 1
Sandy Clayg Sasng;/ Clay Loam (SC 0 Silt (Si) 0
Sandy Clag Clay Loam (SCL) 0 Sandy Loam Silt Loam (SBiL) 10
Sandy Clay Loam (SCL) 53 Sandy Loam (SL) 519
Sandy Clay LoagiLoam (SGL) 0 Sandy Loam Loam (SiL) 14
Silty Clay Loam Silt Loam (SiG&iL) 7

Since the sandsilt and clay percentages within the mineral fraction of fine earth

(i.e., gently crushed adlried soil passing through a 2mm sieve) must add up to 100%,
only two of these variables need to be modelled in order to fill the textural data gaps
within the amalgamated and harmonized database. Since the texinfl@encing
variables within this database refer to soil depth, mode of surface deposition, and
lithology (Anderson, 1988; Bet al,, 2006) the missing database entries for the sand and
silt fractions were obtained by evaluating the following generalized regression

formulation:

YOEEQAY QPO QD000 1 T @QM0 0 Q¢ Q0@ QE: QY& SN pp o Y1)
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Where Depthis the depth (cm) measured at the middle of the horizon fribye bottom

of the forest floor, Mineral Hardnessis a mumerical value determined by the Moh's
hardness scale and assigned to the dominant mineral types of each parent material. If
two rock types were present within the same parenaterial, then the hardness was
averaged. MDEP (Mode of Deposition)and Rock Type are categorical variables
describing the parent materi@m@ode of deposition and dominant lithology, respectively.
Theformulated leastsquares fitting results are listed, varialdg-variable, in Table3.3

and 3.4, represented with significant interpg, regression coefficients; aind pvalues,

and with model performances (measured vs. fitted) presented in3&g.

Table3.3. Least squares modeling resulksr sandby soil depth, and parent material medf deposition
and lithology (rock type and mineral hardness), includiagtfitted PTF intercept, regression coefficients,
and associated-and pvalues.

Mode of

Deposition Estimate t-value @ p-value Rock Type(s) Estimate t-value p-value

Conglomerate,

Ablation/ Basl = -19.0730  2.863 0.0043 40.4028 8.166  <0.0001

sandstone
Alluvium + Conglomerate,
. . 29.9414 10.913 <0.0001 sandstone, 21.5430 3.018 0.0026
Glaciofluvial
mudstone
Colluvium +
Water reworked = 10.9177 3.540 0.0004 Sandstone 16.9196 3.069 0.0022
Till
Glaciofluvial 22.4670 10.486 <0.0001 Sandstone, shale 26.9470 5.928 <0.0001
G'al\(jl'ZI:‘rj]‘é'a” 12.8926  3.900  0.0001 Shale 332131 4.436 <0.0001
Glaciomarine -26.2909 6.399 <0.0001 Shale, mudstone 25.6190 2.792 0.0053
Glaciomarine/ o7 26 7024 <0001 | Shale sandstone, 050401 4931 <0.0001
Basal conglomerate
Glaciomarine/ ) 1517 5542 <0.0001 Shale, slate, 27.4443  4.822  <0.0001
Marine quartzite

Slate, argillite,

Lacustrine 31.2234 2.666 0.0078 27.1734 5.058 <0.0001

quartzite
Marine 34.9532 2.984 0.0029 Other Variables Estimate t-value p-value
Residual + 155584 2865  0.0042 Intercept 59.0462 -3.417  0.0007
Colluvium
Logo Depth 6.4952 7.631 <0.0001

Mineral Hardness 15.3375 4.811 <0.0001
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Table3.4. Bestfitted model resultsfor % silt following the framework of the sand model wiltestfitted
PTF intercept, regression coefficients, and associatedd pvalues.

Mode of . .
Deposition Estimate  t-value p- value Rock Type(s) @ Estimae @ t-value p-value
Ablation/ Basal  -17.5526  -3.520 00045 | Conglomerate, . .,occh 8331 <0.0001
sandstone
Alluvium + Conglomerate,
viim - 122780 5978  <0.0001 sandstone,  -19.7362 -3.694  0.0002
Glaciofluvial
mudstone
Colluvium +
Water Re- 6.0150 -2.605  0.0093 Sandstone  -13.6167 -3.299  0.0009
worked Till
Glaciofluvial  -16.1226  -10.502 = <0.0001 | Sandstone, shale -22.2808 -6.547 = <0.0001
G'alf/:g:'i‘r‘]‘é'a' T 121065 -4.893  <0.0001 Shale 30.9917 -5.529  <0.0001
Glaciomarine -13.1527 -7.411 <0.0001 | Shale, mudstoe -32.8401 -4.781 <0.0001
Glaciomarine/ 1, 5555 4019 <0.0001 | Shale sandstone .. ooor 1966 0.0496
Basal mudstone
Glaciomarine/  ,q 5o 5794 <0001 | SPAle sandstone o 6234 <0.0001
Marine conglomerate
Lacustrine -30.9938  -4.267  0.0028 Shale, slate, . /679 4803  <0.0001
quartzite
Residual 171535 -1.956 00397 | St adilite, 05005 6235 <0.0001
quartZIte
Re3|du_al+ 8.2288 2.060 <0.0001 | Other Variables Estimate t-value p-value
Colluvium
Intercept 114.9107 8.882 <0.0001
Logo Depth 6.4266 -10.086 <0.0001
Mineral 1104199 -4.366  <0.0001
Hardness

Of the variables outlined in Talsld.3and3.4, some modes of deposition and rock
types were not significant and removed from the analybist the sand modelhese
included (with pvalue) Ablation/ Residual (0.7887), Basal (0.4804), andResidual
(0.6086) for mode of deposition, anShale, Sandstone, Mudstori®.3059),Rhyollite,
andesite, granite(0.8152), Quartzite, sandstone(0.1958), Granite, gneiss, quartzite
(0.7728), andGranite, gneiss, basalt, felsit®.8725) for rock typeshe sand versus silt
intercept and regression coefficients, as to be expected, carry opposite signs except for
the Ablation/Basal (both negative) andiaciomarine/Basal(both positive) enties. The

former isdue to elevated clay content, and the latter due to sandy beach deposits with
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low clay. Generally, sand % increases as silt content decreases, this is alsed’bfie¢be
increasing regression coefficients that signal éasing sand red decreasing siltvith
increasing soil depth and mindrhardness, as to be expectethe results in Tables3
and3.4 are due to the extent of glacial activity in NB, with 90% of the province influenced

by glaciationPronk and Ruitenberg, 1991)

100 7 RMSE=11.71 6 Bo 100 7 Rmse=9.19
MAE = 9 o o MAE = 7.08
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0 40 0B & ©° *
P 0o0p o
O o]
20 - ®°, ° o
o ol {;@O
° & °6 @3
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I T T ] I I
0 20 40 60 80 100 0 20 40 60 80
Fitted Sand (%) Fitted Silt (%)

Figure3.2. Performance plots (measured vs. fitted) for the sand model (left) and silt model (right) including
RMSE, MAE, and’fadj.) as numerical performance indicators.

Repeating the analysis for clay, lwitghing clay percentagi®r sand or silt in Eq.
1 captured 51% of the variation in clay content. Hence, the combination of the silt and
sand models are more fefctive at 59 and 68% (respectively) than using the combined 51
to 68% sand; clay or silt- clay regression results for estimating the missing database

entries for textural composition.

In terms of literature comparison, there is no information aboutttee-informing
PTFs This is because soil texture specifications are generally used to quantify other

sparsely sampled soil variables. Where geferenced texture data are not available,
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DEMderived topographic datasetsave been used for computerizedatning purposes
to estimate texture variations across landscapésaoet al., 2009;Dobarcoet al., 2016)
In principle, this can also be done for this case study,tbetamalgamated database

providesonly 223texture entrieswith coordinate information.

Coarse Fragment ContenCF contentefers to the amount of rock fragment in a
soil, measured as a percentage. The amount of rock fragments in any soil depends on
both topography and parent material (Homode of deposition and lithology). As parent
material weathers, unconsolidated material will move depending on topographic position
and on deposition event (glaciation, gravity, floo@8jtty, 1979; Birkeland,9B9; Weil
and Brady, 2017)As such, CF is more influenced by soil forming factors, namely
topography, geology, and climate, than other soil properties (although chemical
weathering is influenced by soil pH and moisture content). Due to this, CF idltypiuia
predicted by way of PTF and seldom assessed in digital soil mapping. Comparing CF to soil

forming factors within the database yielded:

80 "Qa ¢ "MQMO 0000 YE YDA wu X )

Least squares fittip results are outlined in Tab85 and Fig. 3. As seen, surficial
geology is the dominant influence on CF. Within the database, adequatenation on
topography is lacking, therefore, could not be included in predictions although believed

to strongly influence CF.
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Table3.5. Bestfitted CF model results with befitted PTF intercept, regressiaoefficients, and associated
t- and pvalues.

Mode of . t- p- :
Deposition Estimate value value Rock Type(s) Estimate t-value p-value
Ablation/ Basal -10.2375 -6.056 00001 Sa”dssrfgree and - g0412 3619 0.0003
Ablation/ 45 5645 5.224 <0900 other variables Estimate  t-value  p-value
Residual
Alluvium -25.4281 -7.953 <0.0001 Intercept 7.6088 3.174 0.0016
Ancient Alluvium -25.1229 -5.731 <0.0001 Logo Depth 10.4534 11.284 <0.0001
Basal -5.9695 -3.352 <0.0001
Glaciofluvial 9.9784 4903 <0.0001
Glaooflywal+ 193878 -9224 <0.0001
Marine
. . - <0.0001
Glaciomarine -20.1031 11.769
Glaciomarine/ 187318 -9.887 <0.0001
Basal
GIacmmarlne/ 244282 -6.610 <0.0001
Marine
Lacustrine -22.9514 -7.175 <0.0001
Marine -25.7216 -7.404 <0.0001
80 1 RMSE =957
MAE =6.62
R?=556%
60 —
. 8
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Figue 3.3. Performance plots (measured vs. fitted) for CF model including RMSE, MAEX(adid) Rs
numerical performance indicators.
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pH: pH is a measure of the hydrogen ion concentration in solutionrapeeents

the level of acidity (or akalinity) within a s@iVeil and Brady, 2017This is a function of
microbial activity, moisture content and retention (topography), and parent material
weatherability and fertility. pH influences the rate @M decomposition (by affecting
microbial populations) and influeees the availability ddOMand base cations for cation
exchange and root uptak@itty, 1979; Buet al., 2006) pH controls the retention of base
cations via reduction reactions, with low pH reducing base cations into soluble form,
which are lost wh downward and laterally moving water. Therefore, pH has a strong
influence on the cation exchange capaqi@ECPHf a soil(Pitty, 1979; Weil and Brady,

2017)

As part of the soil surveying procedures, pH was measured for each soil horizon via two
methods depending on moisture comidns: from dry (CaG) to moist/ wet (HO).
Typically, these determinations are well correlated to one another (as seen in 3.&ble

and Fig3.4) such that:

f 000  "Q0: 001 GO ED £ T T 3)

N OB QO 0Q1 (OTOY & T QT (4)

Table3.6. Modelstandardization performance for pH measured in botHleft) and Cagfright) including
estimate, tvalue, and pvalue.

pH (HO) Estimate t-value p-value pH (CaC) Estimate @ t-value p-value
Intercept 0.7924 10.53 <0.0001 Intercept -0.1934 -2.401  0.0167
pH (CaQ) 0.9719 59.04 <0.0001 pH (HO) 0.9087 59.043 <0.0001
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Figure3.4. Performance plot (measured vs, fitted) for standardization of pkDjHeft) and pH (Cag)l
(right) including RMSE, MAE,hR(adj.) for numerical determinations of performance.

Many published PTFs exist for standardizing pH and an overview of such can be
found in Appendix C, Table 11 (Example regression equations for converting values of pH
between different methods) of Spéications Version 1 of GlobalSoilMap.net products. A
difficulty with soil surveydata is that the surveys typically do not specify the exact
procedure applied when determining physical and chemical properties. The reports
typically refer to a manuahat specifies numerous sampling techniques. Alternatively,
some of the published PTFs require additional information pertaining to chemical
properties and these typically are not measured for each sample. Equ&temd4 were

incorporated into the databast® create two continuous measures of soil pH.

SoilOrganic Matter Soil organic matteiSOM) iscomposed obrganic residues at

various stages of decomposition and is one of the key properties influencing soil fertility
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and quality(Whitbread, 1992Buiet al., 2008 Fullenet al., 2007; Azlaet al., 2013) SOM
acts as a nutrient pool, aids in soil aggregatidrugtimproves aerationjjecreaseDb
andfacilitates infiltration (when not dry) while increasimgter holdng capacitySOM is
part of the colloidal fraction of soil (along with glparticles)aids in increasinthe CEC
for the retention of Ca, Mg, and K igrad releasesitrogen, phosphorus, and sulfur to
the soil solution as part of the decomposition pregs (Pitty, 1979; Whitbread, 1992;
Birkeland, 1999; Kerrgt al, 2012 Azlanet al, 2013) SOM is a function of biomass
introduction and microbial decomposition which is dominantly controlled by pH,
temperature, and moisturé¢Buiet al., 2006) Thus,SOM concentrations are a result of

topography, climate, vegetation and weathering of patrenaterial(Azlanet al., 2013)

It is common toinclude the wveight percentage of @M when analyzing soil
attribute relationshipsn relation with soil texture, depth an@Fcontent (Ballandet al.,,
2008; Pollacco, 20083s such, SOM has been determined through loss ignition &C500
through loss by wethemical oxidation, and/or direct elemental C analysis. The
conversion factor from soil C to SOM takes thrm of SOM 4.72C% Thisimpliesthat
58% ofSOMis organicC(Romano and Palladino, 2002; Pollacco, 2008; Chauehal;j
2013; Poggioet al, 2013) Although this percentage can varyPribyl, 2010) it
nevertheless serves as a means to convert allZ0iSOM. Through preliminary analyses,

missing SOM data gaperefilled using the expression:

ITTCYO®P Qi coam @ Q Qr o¢ome (5)
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Where FCis field capacity (gravimetric moisture retention, %;28kpa),Depthis depth
of the center of the horizon from the surface (craipd 7and /2 are binary for whether the
horizon is enrichedniiron or umus (respectively). Alternatively, excludifggfrom the

analysis yields results with a slightly reduced performance, but isedssample size.

110 & Q0 0 Qi AdANCOQMO Q QR pipbx x  (6)

It is arguable theSOM is more easily measured in a laboratory setting tisaield
capacity EQ, therefore, FC should be excluded when modeling SKldle3.7 represents
the coefficients (with estimates,-values, and gvalues) forboth SOM modelswith
comparison ofitted plotsoutlined in Fig3.5.

Table3.7. Comparison of bedfitted model results for the two SOM PTFs, includimgrcept, regression
coefficients, and associateddnd pvalues.

Model Variable Estimate t- value p- value
Intercept 0.2095 3.381 <0.0001

. Logo(Depth) -0.4428 -15.105 <0.0001

Al E/Ea(;gb'es FC 0.0120 9.276 | <0.0001
f 0.4744 18.159 <0.0001

h 0.4737 9.586 <0.0001

Intercept 0.6178 17.09 <0.0001

Exclude FC Logo (Depth) -0.5475 -24.31 <0.0001
(Eg6) f 0.5222 24.76 <0.0001

h 0.6239 15.46 <0.0001
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Figure3.5. Comparison of PTéerived performance plots (measured vs. fitted) for the OM model including
all variables|éft) and exclding FCr{ght), including RMSE, MAE, ant{j.) as numerical performance
indicators.

Bulk Density Bulk density (Db) is the mass per unit volume of dry soil, including
pore space, measured in g/ér(Birkeland, 1999; Weil and Brad¥)17) Dbis therefore
strongly related to soil texture, soil structur8OMcontent, and soil deptlfPitty, 1979
Chaudhariet al, 2013 Nankoet al., 2014) These, in turn, are dependent on parent
material, vegetation, and topography. Typically, Db in solid rock ranges between 2.5
3g/cm?®, whereas mineral horizons remaiwithin the 0.5 < Db <2.5 g/cm?® range
(Birkeland, 1999)With increasing Disoil infiltration, permeability andoot penetration

decrease with root extension ceasing when Db >glIchn? (Pitty, 1979)

Typically, Db is determined by extracting a known volume of soil using, e.g.; a non

compressing soil corer, and drying and weighing the extracted soil. Since Db varies by
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texture and SOM, it isnportant to convert the sand, silt, clay, and SOM percentages of

the fine earth particle fraction into actual per soil weight percentages such that:

YOHPQ Yoo dabwpmm (7a)
YHER O YQPO Sadm YOOP pmm (7b)
YOEQYQa 00 Www YOO p (70)

With this, preliminary analysis for predicting Db yielded:

00 Q0 0 QI AANQMO 11 GO Qb i de——
"Q 06k @uo (8)
Where SOMw is soil organic matter (%) as particle fractiagieyis binaryfor whether the
horizon is gleyedf is binary for whether horizon is enriched in iron, aBdsaland
Ablation/ Residuadre binary for whether the parent material mode of deposition is one

of those two forms. Excluding information on parent material éifadon parent material

is unavailableyielded

06 Q0 6 Q1 HIQKE0QMS 11 C306 b "QaQ@Q "06H @ u (9)

Alternatively, omitting FC while including parent materetlurned:
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00 "0 6 Qo GEid Qe eaem 11 36 i,

8&Oi GEOLDO ——  BODOMYOA Xwu (10

With GLMA (glaciomarine) Ablation/Residual, Ablation/Basal, COL + WWTL
(colluvium and water ravorked till), andBasalrepresenting additional landforrased

predictors. Results for Eg8through 10 are outlined in Tabl&.8 and Fig3.6.

Table3.8. Comparison of bedfitted model results for the three Db PTFs, includimigrcept, regression
coefficients, and associateddnd pvalues.

Model Variable Estimate t- value p- value
Intercept 0.8359 15.608 <0.0001
Logo (Deph) 0.2592 13.228 <0.0001
Logio (SOMy) -0.1599 -7.044 <0.0001
All Variables gley 0.1375 8.739 <0.0001
(Eq8) Basal 0.1526 11.401 <0.0001
Ablation/Residual 0.1774 5.888 <0.0001
f -0.1141 -6.092 <0.0001
FC -0.0096 -12.364 <0.0001

Intercept 0.8222 13.933 <0.0001

Exclude Parent Logo (Depth) 0.2474 11.479 <0.0001
Material + Include Logo (SOMy) -0.1957 -7.942 <0.0001
FC gley 0.1639 9.621 <0.0001
(Eq9) f -0.1035 0.0206 <0.0001

FC -0.0083 -9.805 <0.0001

Intercept 0.3018 8.690 <0.0001

Logo (Depth) 0.2898 15.308 <0.0001

gley 0.1303 8.253 <0.0001

Include Parent f -0.0927 -5.091 <0.0001
Material + Exclude Logo (SOMy) -0.2838 -13.977 <0.0001
FC Ablation/ Residual 0.1534 4.750 <0.0001
(Eq10) Basal 0.1698 9.081 <0.0001
GLMA 0.1879 4.252 <0.0001

Ablaion/ Basal 0.1334 4.476 <0.0001

COL + WWTL 0.1288 3.365 0.0008
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Figure 3.6. Comparison of PTéerived Db performance plots (actual vs. fitted) for all variable)(
excluding parent materialcénter) and excluding FQight). Fitted values were compared to measured
values to determine performance.

Theresults outlined in Tabl8.8 and Fig3.6 shows that the model with all variables (Eq
8; R = 83.6%fits best, followed by the model excluding parematerial (Eq.10; R =

77.6%), therexcluding FC (E.R = 77.4%

The overall results are consistent with thosdPitty (1979, Heuscheet al.(2005),
Jutras and Arp (2010Fhaudharet al.(2013), Nanket al.(2014)in that depth andSOMy
dominate Db predictions, with Db increasing with depth, and decreasing with increasing
SOM due to the structurebuilding influence of SOMAMong the parent materials, Db
values are higér for basal tills due to the compacted nature of these.tlth addition, the
ablation till overlying residual formations have higher Db values dtieetcoarse nature
of these parent materials. The same is noted via Hgy.for the coarsetextured
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glacomarine, ablation wer basal till, and the colluvium and watee-worked till
combinations While sandy soils are expected to also hkoweer Db valuesthis trend is
camouflaged by the negative correlation between Db and FC, whereby FC decreases with

increasing sand content.

The results outlined in E§.follow a similar trendo that of Ballandet al. (2008)

for New Brunswick and Nova Scotia soils.

(11)

where Dpis the particle density (g/cBh The Db model benites et al. (200ased on
19,651 Brazilian soil samples also eaded that SOM (in the form of % organic carbon,

OC) is a dominant Db predictor, as follows:

o0 pHonTp P 8 (12)

Comparinghe results from Eq. 9 to those of Ballaad Benites yield similar results (Fig.

3.7).
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Figure3.7. Comparison of actlavs. predicted Db values (E9).(eft) with Db predictions from Ballanet
al. (2008) ¢enter) and Benite®t al. (2007) (ight) when compared to measured Db in database.

All three models have similar predictive capabilities with the newly derived PTF
performing best, followed by Balland Db, then Benites Db. All three results show the
influence ofSOMon determining bulldensity butexcluding depth in the Benites model

likely results in the slightly poorer performance.

Field Capacitywater retention wihin a soil is significantly important to both soil
property variation and productivity potential for vegetatiqRity, 1979; Dobo<t al,
2001; Zhu and Mackay, 200The amount of water retained in a soil affects both nutrient
and oxygen availability to roo(®itty, 1979) Within a soil sample, water is acted by
different forces, with gravity driving water downward, cohesion attracting water to other
water molecules, and adhesion (capillarity) moving water laterally and against gravity via
electrostatic charges on solil particles. This results in negativedoresponsible for
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retaining water within soils, resulting in higher pressu(Bgty, 1979; Birkeland, 1999;
Weil and Brady, 2017FC (%is regarded as the upper litrof available water for plants
(low pressuregradient,-33kPa)and is generally attained 24 hours post ssdturating
precipitation event(Salter and Williams, 1965a, 1965b; Weil and Brady, 20Ad¢eling

FC yielded:

08 "Q0& 0 QI ONATEHQ 30 Ob O a a0 WA "0

"0 "@E @O 00 0 60 0 "QE QD@IQERI U X (13

Where FGv is gravimetric moisture content (%) aB3kPa, and Ablation/Basal,
Ablation/Residual, Alluvium and GLFL GLFL and MA GLMAare parent material
modes of deposition (GLFL = Glaciofluvial, MA = Maregludingparent material
returned:

06 "Q0& 0'QI OWEIQ YO B O @) T (14)

while excluding Dibesulted in

086 QOEOQI GXRIEHQ G OP FE xp T (15)

The besffitted results so obtained are outlined irable 3.9 and plotted in Fig3.8. Since
FC has been reported in gravimetric as well as volumetrig (FEa, the FC analysis was
done for F& because of small FGample sizén =168). Where Db was entered, +C

values were converted to @y setting F& = FG/ Db.
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Table3.9. Comparison of besdiitted model results for the three gravimetric FC PTFs, incluiditegcept,

regression coefficients, and associatednd pvalues.

Model Variable Estimate t- value p- value
Intercept 44,9953 23.562 <0.0001
Sand% -0.2211 -13.367 <0.0001
OM% 0.7081 10.060 <0.0001
Ablation/Basal -4.0956 -3.331 <0.0001
All Variables Ablation/Residual 5.3602 5.124 <0.0001
(Eq.13) Alluvium and GLFL | -7.3702 -5.267 <0.0001
GIFL and MA -5.7806 -4.356 <0.0001
GLMA -7.0349 -4.292 <0.0001
Db -14.4725 -17.263 <0.0001
Mineral Hardness 1.2884 5.227 <0.0001
No Parent Intercept 51.4764 37.737 <0.0001
Material (PM) Sand% -0.2402 -20.634 <0.0001
(Eq. 1) OM% 0.7097 9.673 <0.001
Db -14.3442 -17.962 <0.0001
No PM, Intercept 29.4223 40.700 <0.0001
No Db Sand% -0.2429 -17.160 <0.0001
(Eq. B) OM% 1.5607 22.900 <0.0001
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Figure 3.8. Comparison of PT#erived FC performance qib (actual vs, fitted) for all variableteft),
excluding parent materiakénter), and excluding both parent material and Dlgl(t). Fitted values were
compared to measured values to determine performance.
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These results follow general expectationsisticat FG increases with increasingOM
and decrease with increasing sand conterdnd Db. Excluding Db from #h analysis
reduced the goodnessf-fit considerably. Including the entries for coarser soil parent
material also lowered R FC increases withcreasing mineral hardness and where the
soil parent material refers to ablation till on residualsimexpected butropping the soll
parent material and mineral hardness entries altogether decreased the gooafidits
marginally, from R= 79.2% to 73%. This drop would even be smaller by excluding

mineral hardness and the ablation till on residuals combination only.

The results for FC (gravimetand volumetric)are consistent with literature in
that soil texture and3OM are important factors when qedicting water retention(Pitty,
1979; McBratneet al., 2002; Ballanet al., 2008; Pollacco, 2008; Ostovatial., 2015)
When inclaling Db in the model, predicted w@alues became less than 0, otherwise/FC
values remained above The results from EdL3 (all variable$ were compared with
published PTFs for gravimetric (§@nd volumetric (R field capacities, as follows:

1. Ballandet al. (2008)

8 =} 8 =}

06 YOP p QR (16)

Where SR\Wbois moisture content at saturation point.

2. Beke and MacCormick (1985)
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08 WYX ™ YOHPQ 1] SYE O (17)

3. Rawls and Brakensiek (1982)

00 TR LUX @B TMEOPQ TE T odpd B W T WY & (18)

4. Gupta and Larson (1979)

00 MWIMmonNYDhPQ mrmuv PYRH O BTt P T@Ad 0 T8 T ¢ ¢ NHOpH

™ T 0 0W (19)

5. Lal (1979)

00 TWEUTEITD 0 BW (20

Volumetric FCs (Eg$7-18) were converted to gravimetric by dividing volumetric FC by
Db. FCs measured as weight fractions (E§s19-20) were converted to prcentages by

multiplying FC by 100. With this, model results are compared ir8Big.
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Figure3.9. Comparison of actual vs. predicted FC (B (tbp left), and published PTFs, nam@wls and
Brakensiek (1983jop right), Ballandet al. (2008)(mid left), Lal (199) (mid right), Beke and MacCormick
(1985)(bottom left), andOosterveld and Chang (198@pttom right) when compared to measured FC in
database.

Permanent Wilting Point Permanent wilting point (PWP, %) is the moisture
content at the upper reaches of the pressure gradieat500kPa). At this pressure,
moisture is held onto the soil particles so tightly via matric forces (adhesion) that it is no
longer available for root uptake. As this occurs, plants reach a stage in whicrsitde
wilting occurs unless water is added to the gblcBratneyet al,, 2002; Weil and Brady,

2017) This limit is determined by applying a pressurel@00kPaon saturated soil
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samples placed on a porous plate inside a pressure chamber, for 24 hours, and
subsequently weight determining the remaigi soil moisture contenilThe resulting PWP

entries in the database were analyzed using the following formulation:
0 W0 "QO& 06QI BRYPd 6aBWE OGi d&— YQi QQ6 b
66 aaoEQua @ (21

Where PWRy is the moisture percentage al500kPa andResdual + Colluviumis a

binary field for that mode of deposition Without reference to parent material, the

formula becomes:

0 w0 "QOtO0QI OO SabddE vwcg (22)

The besffitted results so obtained are listed Table3.10 andare plotted in Fig3.10.

Table3.10. Comparison of bedfitted model results for the two gravimetric PWP PTFs, incluitagcept,
regression coefficients, and associatednd pvalues.

Model Variable Estimate t- value p- value
Intercept -0.16404 -0.317 0.7511

SOM% 1.3018 34.222 <0.0001

All Variables Clay% 0.2197 13.446 <0.0001
(Eq.21) Basal 1.4570 3.603 0.0003
GLMA/Basal 3.1493 3.572 0.0004

Residual and Colluvium 6.3863 5.193 <0.0001

No Parent Intercept 1.3726 4.672 <0.0001
Material (PM) SOM% 1.3289 36.570 <0.0001
(Eq.22) Clay% 0.1972 14.878 <0.0001

The regression coefficients in TalBla0 for SOMand Clayconfirm their role in retaining
soil moisture against vegetat uptake at the PWP. The added contributions by soil

parent material are of significance, likely due to the influence of parent material on
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texture composition, but thePWP model with all variables produces a statistically

insignificant intercept whereasxcluding PM yields more significant estimates.

60 1 RMSE=67 o 60 71 RMSE =6.01 o
MAE = 4.15 MAE = 4.04
50 4 R?*=84.3% o 50 4 R*=733% o
40 - o 40 o
g 30 — o Sl ° 30 - o 094 °
o ©8
% ¥ 9 ©
o gooo ° gooo e
20 — 20 — o
o © P
10 -4 © 10 —
o] [e]
0 - 0 -
| ] T | ] | | | | | ] | | ]
0 10 20 30 40 50 60 0 10 20 30 40 50 60
Fitted PWP (Eq.21) Fitted PWP (Eq.22)

Figure 3.10. Comparison of PTéerived PWP performance (actual vs. fitted) for all variableft)(and
excluding parent materialright). Fitted values werecompared to measured values to determine
performance.

In terms of PWP literature comparisonketresults agree with those &awls and
Brakensiek (198), Beke and MacCormick (198andBallandet al.(2008)in that clay and
SOM are the two dominant predictorddowever, applying the corresponding equations
to the PWP database entries produced wider actual versus predicted scatter plots with a
general trend towards higher than actual PWP values and therefore lotwalies than

noted in Fig3.10, as shown in Fi§.11. Arranging ® in descending order reveals:

Eq.21 > Eq.22 >> Ballanckt al. (2008) > Rawls and Brakensiek982)f Beke and
MacCormick1985 >> Oosterveld and Cha(P80 >Lal(1979)
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This sequence is somewhat determined by the combined inclusion d@Mand clay
variables. The advantage of tigalland et al(2008) formulation is that it produces 0 <
PWRy < F@ values only. The absence of PWP < 0 values is guaranteed by the other
formulations except for the negative regression coefficient by soil dep¥@asterveld

and Chang@1980) ForEq.21, this can be enforced by setting the intercept equal to zero.

The plots in FigB.11, other than the top left entry obtainedia Eq21, are based
on the following equations, and noting the volumetric to gravimetric RMWHPWR/Db
conversion.

1. Ballandet al. (2008)

8 b 8 b

0wd 06 p Qwn (23
2. Beke and MacCorck (1985)
Owb T8 p T @ & B pdtx30 0P O (24)
3. Rawls and Brakensiek982)
0 w0 TBICQMITmo o dw 18 p L3P Ob (25)
4. Lal(1979)
0wl THIMEMING ddw (26)
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5. Oosterveld and Chan@980)

0 T8IOVTR WO A BW TroiYOHQ mMip @PAMO  (27)

Where Depth(cm) is the depth of the migoint of the horizon.

Volumetric PWP results froof Beke and MacCormi@nd Rawls and Brakenseik
were convertedto gravimetricPWP a8 was FCPWPs for Eq4, 26, and 27 were
converted to percentages by multiplying PWP by Tiiwas included in thanalysisput
it was realized that this inclusion causes some PWP values to become less than zero,
exceeding known thresholds for the nsture content. ThusPb was excluded while

modeling PWPOnce removed, PWP PTFs were compared to test conformanca.(&ig.
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Figure3.11. Comparison of actual vs. predicted PWP PTF (Eqt®®)eft), and published PTFs, namely
Rawls and Brakensiek (198®&)p right), Ballandet al. (2008)(mid left), Lal (1979)Ymid right), Beke and
MacCormick (1985(bottom left), andOosterveld and Chang (198®ottom right) when compared to
measured PWP values in database.

Cation Exchange Capacit€EEC, measured as meq/100ds the total sum of
negative charges within a soil and represents how many base cations can be held within
that soil(Birkeland, 1999; Liast al., 2015; Olorunfemet al, 2016; Weil and Brady, 2017)
CEC is recognized as the largest single indicator dedidity, nutrient holding capacity,

and overall qualityPitty, 1979; McBratnegt al., 2000) CEC strongly influences the ability

72



of the soil to buffer against acidity, retain nutrients, and supply nutrients to r@tegh

et al, 2000; Liaet al,, 2015)

Determination of CEC, like Db, is very costly and time consuming therefore it is
common practice to employ PTFs to determine these val(lgao et al., 2015)
Traditionally, the literature states that CEC is a linear function of cai®@h) and clay
percentageqSyerset al, 1970; Brady1990; Meyer and Arp, 1994; Krogh al., 2000;
Olorunfemi et al, 2016) Building on this theory, CEC was tested against many soll

properties resulting ifEq.28:

6 06 "QO& 0 Qi WAHNDLOYO O "Q QA QoW (28)

CEC was also modeled comparing &kyd SOM with and without intercepts:

5086 QWAGOYID R @0 (29)

60 "Q0t06QI WAKHOYOD B o w (30)

The bestfitted results obtained with these equations are listed in Tehlel, with actual

versus besfitted values plotted in Fig3.12.
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Table3.11. Comparison of besdiitted model results for the three CEC PTFs, incluititegcept, regression
coefficients, and associateddand pvalues.

Model Variable Estimate t-value p- value
Intercept 3.7244 5.346 <0.0001

. Clayw 22.3254 10.214 <0.0001
A"(\E/gf'zast)"es SOMy 207.5449  16.090  <0.0001
f 3.3563 5.255 <0.0001

h 13.5131 8.439 <0.0001

Clay + SOM Clayw 29.9340 21.57 <0.0001
(Eq.29) SOMy 306.1330 47.46 <0.0001
Intercept + Clay Intercept 3.4257 5.815 <0.0001
+ SOM Clayw 17.9277 7.262 <0.0001
(Eq. D) SOMv 292.1864 43.400 <0.0001

The results listed indicate that the significance of the-@&€rmining variables decrease

as follows:

YO 0 baww E £

Excluding thé and h binary variable would not affect the besfitted results in a major

way. Altogether, this leads to a befitted result with R = 88.9%.
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Figure3.12. Comparison of PTéerived CEC performance (actual vs, fitted) fowvatiables left), just clay
and SOM (no intercept) ¢enter), and clay an@OM (with intercept) (ight). Fitted values were compared
to measured values to determine performance.

The modeled results for CEC agree with literaturethat CEC is dominantly
influenced by the amount of clay arfiOMin a sample. This is because clay &©@M
represent the colloidal fraction of the soil, with highest concentrations of negative
electrostaticcharges. These negative charges are what attract and hold base cations i
the soil (Birkeland, 1999) Alternative equations were applied to the database to

determine the feasibility of existing PTFs for determining CECeTindsded:
1. Brady (199Q)
000 ™0 G W o8 10 P

(31)
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2. Liaoet al.(2015)

000 X8 TP YOHPQ m8rp Y o™ O d w ¢ LYL &

p8 T "0 O (32)

3. Syerset al.(1970)

508 pHY oB ol B TBL PO & B W (33)

4. Olorunfemiet al.(2016)

000 p@oc chTH OO0 TITTOPa W & e d  (34)

5. Kroghet al.(2000)

000 MU T 00 0 BW T W P (35)

Plotting the actual CEC database entries versus the CEC model equations generated the

scatter plots in Fig3.13 The goodnessf-fit sequence of these predictions is as follows:

Eq.29> Eq28>EQ.30 > Syerset al. (1970p Kroghet al. (2000)> Lao et al.(2015)

> Brady (1990) ®©lorunfemiet al. (2016)
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Figure3.13. Compaison of actual vs. predicted CEC predictions 8Bqtop left) with CEC predictions from
Syers et al. (197@op right), Brady (1990)middle left), Olorunfemiet al. (2016)(middle right), Liaoet al.
(2015)(bottom left), andKroghet al. (20®) (bottom right) when compared to measured CEC values within
database.

In this sequenceBrady (199Q)Liaoet al. (2015) andKroghet al. (2000)predict higher

than actualCEC values, while the opposite occurs with usingSyerset al. (1970)and
Olorunfemiet al. (2016)models. These differences are, respectively, mainly due to high
versus low regression coefficientsr fSOM, possibly related to temperate versus semi
tropical to tropical soil conditions. In addition, the clay coefficients also vary by a factor

of about 10 as follows:
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Kroghet al. (2000)F Liaoet al. (2015)F Brady (1990%>Syerset al.(1970)F Olorunfemi

et al.(2016)

These differences could be due to clay mineralogy, with CEC being low in soils or soil
parent materials that developednder tropical conditions (e.g., Nigerian soils) or have
very low clay content as in the sand chronosequence stud8yefrset al. (1970) In
addition, the negative intercepts and/or regression coefficients ofltlaet al. (2015)

andOlorunfemiet al.(2016)models also lower overall CEC predictions.

Differences in CEC across grasslands, forested lands, and for the organic portion
of forest soils (litter fermentation and humification layers combinleaye been noted by

Meyer and Arg1994)as follows:

For the forest floor:

6 000i € Qa'QOLENY p& PYO B pBNBY T™Ww (36)

6 06WE &€ QQQIdp M YYO® p@dpdY myY (37

For mineral soilayers:

6 06T QERQAiIiY ™M wabo pgd YO B p8& n'AdlY 1§ ¢(39

6060 £ € QUM | ADNEIT pd a BwW ¢& TYO & pdin AdY 11 (39
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508Q i { AGE@d T 16aB® o® YO ® p& Al 1 «(40)

These equations imply that CEC increases with increasing soil organic matter
decomposition and humificatign.e., theSOM/%contributions are generally lower in the
forest floor of conifers than of broadleaves, and, in mineral soils, increase from forests to
grasslands. There is also a CEC contribution with increasing pH, and this would mainly be
due to the increasing dissociation of the organically bound carboxylic acid into

carboxylates with increasing pH, e.g.:

YOUOU0M&d ©YO6D O0 o0 4y

Hence, dataderived models for prediing CEC cannot be generalized globally, since the
mineral and organic contributions to CE€pend on local to egional differences in
climate, vegetation typgand clay mineralogyn this regard, note that the CEC models by
Meyer et al. (1994) apply across Eastern Canada, and are therefore |ikeBEgSR0 in
guantitative expression, and especially so in ternfstieir overall clay and SOM

contributions to CEC.

3.5. CONCLUSIONS

This paper has outlined the development of PTFs for sand;lat,CF, pH, SOM,
Db, FC, PWP, and CEC with necessary data acquired through the amalgamation and
harmonization of soil sueys, as outlined ilChapter 2 It was ensured that PTFs were
developed from original data and that the results of one PTF were not utilized in the

development of another. The results also adhere to the first principle of PTF development,
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predicted propertymust be more difficult to measure than the predictor properties
(McBratneyet al.,, 2002) These findings align with theoretical thresholds associated with
each measured soil property, ensuring that FC and SOM do noe@xt@0, the
combination of sand, silt, and clay does not exceed 100, Db remains < 2.5, and FC > PWP
> 0. PTFs were developed and utilized to fill gaps within the database pertaining to
amalgamated soil surveys. With this, TaBlE2 represents the abilitgf these PTFs to fill

in the gaps of the aspatial database:

Table3.12. Overview of representation of soil properties within database and gaps filled via developed PTFs

as outlined in this study. Note that $0s standardized from SOM% and OC%, FC is standardized from FC
and F&@, and PWP standardized from PWiAd PWR.

Property Sz;r;gle % of Total Equation g:;nsb;r”c;g % Filled %Igifl-ergtal
Sand 1306 52.45 Eq. 1 1128 45.30 97.75
Silt 1306 52.45 Eq.1 1168 46.91 99.36
Clay 1306 52.45 Eq.1 1128 45.30 97.75
CF 885 35.54 Eq.2 1557 62.53 98.07
pH (H:0) 1535 61.65 Eq.3 183 7.35 61.72
pH(Cad) 647 25.98 Eq.4 1012 40.64 66.62
Eq.5 79 3.17 51.44
SOM 1202 48.27 Eq.6 1282 51.49 99.76
Eq.8 0 0.00 37.67
Db 938 37.67 Eq.9 0 0.00 37.67
Eq.10 332 13.33 51.00
Eq.13 149 5.98 39.96
FC 846 33.98 Eq.14 161 6.47 40.45
Eq.15 504 20.24 54.22
Eq. 2 583 23.41 53.05
PWP 738 29.64 Eq. 2 583 23.41 53.05
Eq.28 596 23.94 50.41
CEC 659 26.47 Eq.29 596 23.94 50.41
Eq.30 596 23.94 50.41

The derived PTFs for Db, FC, PWP, and CEC were compared to published PTFs from

different geographical locations (Eastern Canada, USA, Brazil, Africa, and Australia) to test
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performance and the applicability of PTF transferability. As outlined, PTFs froanttbie
performed better than published PTFs, but the fundamental underlying relationships
between soil properties are similar between models. With this, it is apparent that SOM
plays a dominant role in influencing Db, FC, PWP, and CEC with texture as being the
second dominant factor (sand for Db and clay for FC, PWP, and CEC). Likely reasons for
varying performance with changing geographic location is the variable influences tha
each soil forming factor play on soil formation. Soils in an area with recent glacial activity
are morelikely influenced by surficial geology than those unaffected by glacial activity
during the past ice age. Additionally, these unaffected areas aly lkore influenced by

other soil forming factors, namely topography and climate.

Some PTFs developed within thasticle, namely those incorporating parent
material and soil horizon descriptors, differ from other PTFs due to the incorporation of
these fators. These factors, although increasing model accuracy, limits the applicability
of the model because the predictors may not be measured for a soil, or may differ from
those in which the model was derived. Therefore, alternative models only using measured
soil properties were also included. For all models developed, only the original, measured
soil properties were used in model development and performance testing. Building
models on modelled results will compound errors and likely lead to overfitted
relationships. All models developed are based on simple and multiple linear regression
analyses. Incorporating machine learning algorithms in the modeling process will likely

result in higher predictingapabilities butloing so limits the ability to ensure rdsuistay
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within theoretical thresholds. Also, using simple models allows one to see the

relationships between soil properties.

Soil surveys have long been recognized as useful sources of soil information for
PTF development. Through soil survey amalgama@and data harmonization, soil
properties can be predicted from a few more easily measured properties to a certain
degree of confidence. Focusing on damalgamation ancharmonization improved

model performances bincreasing sample sizes aremoving odliers.
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4.1. ABSTRACT

Improving the accuracy of digital elevationodelsis essentialfor reducing
topographic derivation errors pertaining to, e.g., flow direction, basin borders, channel
networks, depressions, flood forecasting, and soil drainage. This article demonstrates
how a gain in this accuracy is improved through digital elevatiodel (DEMjusion and
using LiDARlerived elevation layers for conformance testing and validation. This
demonstration is done for the Province of New Brunswick (NB, Caaadaase study
using five provincavide DEM sources (SRTM 90m; SRTM 30m; ARRERCDED 30m;

NB-DEM 10m) and a fivetage process that guides the-peojection of these DEMs while
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minimizing their elevational differences relative to LiD&eRtured bareearth DEMSs,
through calibration and validation. This effort decreased the resgitionrLiDAR to LIDAR
elevation differences by a factor of two, reduced the minimum distance conformance
between the norRLIDAR and LiDAderived flow channels to £ 10 m at 8.5 times out of 10,
and dropped the norLiDAR wetrea percentages of false posdés/from 59 to 49 %, and

of false negatives from 14 to 7 %. While these reductions are modest, they are
nevertheless not only consistent with already existing hydrographic data layers informing
about stream and wetland locations, they also extend these dayars across the

province by comprehensively locating previously unmapped flow channels and wet areas.

Key words:DEM fision, LiDARased calibration, hydrographic interpretations, stream

network, wet-areas mapping.

4.2. INTRODUCTION

There is a growindemand for higfNBS a 2t dzi A2y RI GF aSda NBLIN.
surface as technology and applications of spatial modeling advance. Among these
datasets are digital elevation models (DEMSs), gridded datasets representing continuous
elevation change spatiallgcross landscapes at both local and global extéitsore et
al.,, 1991; Yuest al,, 2007) In this regard, DEM elevation accuracies and resolutions vary
based on differences in mode of elevation capture, processing, fo@ipbint
interpolations, and timing of capturéSkidmore, 1989; Carraet al, 1997; Bater and
[ 221LJAZ HnandT 9 NR 2 Thuy, 3DEMs anerued forsgatinliSualipati m 1 0

and modeling of topographic, geomorphologic, and hydrological properties (e.g., slopes,
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soil erosion, basin borders, stream and river networks, and stream dischtrgig)ability
to represent such topographic features vary in considerable défddlock and Price,
1994; Thompsoret al., 2001; Shargt al., 2002; Hengl, 2008Vu et al.,, 2008; Hopkinson

et al, 2009; Wilson, 2012)

In terms of acquisition and availability, DEMs of varying origins are becoming more
and more freely accessible, with those utilized in this study listed in Bablgor details,
seeCarraraet al, 1997; Carlisle, 2005; Chapéital., 2006; Erd8 | Y =  HSamnmaiiy 9
et al, 2011; Florinsky, 2012Df these, som@rovide global coveragee.g., the Shuttle
Radar Topography Mission (SRTM), andAtteanced Spaceborne Thermal Emission and
Reflectance Radiometer (ASTEBhersprovide national coverge e.g., theCanadian
Digital Elevation ModdICDEID andfinally, provincial coverage, e.g., the New Brunswick
DEM B DENMl The SRTM and ASTER DEMs are satidliteed whereas the CDED was
derived from elevation contours and spot heigl{tSenter for Topgraphic Information
Customer Support Group, 2000; Fatral., 2007; ASTER GDEM Validation Team, 2011)
The NB DEM was derived through stefgmwtogrammetry(Pegler, 1999; Service New
Brunswick, 2001)Also becoming increasingly available are Light Detection angifRp
(LIiDAR) DEMSs, which, amlresolution, provide a convenient reference DEM with a
vertical accuracy af15cm(Cunninghanet al., 2009. The accuracies of these DEMs vary
greatly, depending on specifications of each DEMrraraet al, 1997; Chaploet al,
2006)as outlined in Tabld.1. NBwas selected as a case study due to the number of

avalable DEMs and the amount of accessible LIDAR coverage.
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Table4.1. Overview of five opersourced DEMs and one privatelgquired DEM utilized in this study. Note
the variation in coverage, resolution, and tieal error. Also note that DSMrepresents digital surface
models whereas DSM represents digital soil models.

DEM
SRTM SRTM ASTER CDEB NB DEM LiDAR
Coverage Global Global Global National Provincial Site-Specific
Resolution 90 30 30 22 10 1
(m)
Vert'?g')E"or +16 +7 +17 +6 +3 +0.15
(Santillan (ASTER (Happi (Pegler, 1999:
and GDEM . .
(Sunet al., . I Mangoua = Service New (Cunningham
Reference Makinane  Validation . .
2003) : and Goita, Brunswick, etal, 2009
Santillan, Team, 2008) 2001)
2016) 2011)
Daa Type DSM DSM DEM DEM DEM DEM
Format Integer Integer Integer Integer Floating Point Floating Point
Ac‘ﬁﬁ:‘o” 2000 2000 2000 2000 1999 Ongoing
Stereo Contours,
Technology Radar Radar : Spot Stereo Pairs Laser
Pairs .
Heights
Original 3arc 1 arc 1 arc 0.75 arc
. 75m Im
Spacing second second second second

1. http://www.snb.ca/gdamigec/e/2900e_1c.asp
2. https://earthexplorer.usgs.gov/

3. http://geogratis.gc.ca/site/eng/extraction/

4. http://www.snb.ca/geonbl/e/DC/catalogud.asp

Hevation differences between LIDAR and other DEMs (hereby referred to as non
LIDAR DEMgskelate to data acquisition metbdology which influenceaccuracy and
resolution(Sunet al,, 2003; Cunningharat al., 2006 Happi Mangoua and Goita, 2008;
ASTER GDEM Validation Team, 2011; Santillan and Mal&aatittan, 2016)NonLIDAR
DEMSs such as SRTMa®d STRM90 are based on surface reflections, while ASTER, CDED,
NB-DEMattempt to capturebare-earth elevations. In this regard, the formesfer to

Digital Surface Model®EMs), while the latter refer to Digital Elevation Models (DEMS).
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Both are subsets of Digital Terrain Models (DT(Wé)son, 2012)LIDAR point cloud data
can be used to generateDSMs as well as DEMs through determining the elevation
differences between the first and last laser pulse returns, generally at a vertical accuracy

of £0.15m(Cunninghanet al., 2009.

All DEMs can be used to generate topographic intergiets pertaining to, e.g.,
flow directions, flow accumulation, stream channel networks, upslope basin areas and
borders, location of depressions, and extent of areas subject to flooding andoador
soil drainage. These interpretations are, howeveityenced by DEM accura€yarboton,
1997 Murphyet al, 2007, 2008, 20Q2011; Hobi and Ginzler, 2012; Mukherteal.,
2013) For example, 10 to 2@ resolutionDEMs are preferable to determine seamless
flow channel connectivities across roads, but lead to underestimating slope steepness
egecially along shorelines, road cuts and deeply incised stream valleys.edahtion
LIDAR DEMs can serve both purposes, by using them at their finest resolution to
determine where roads potentially block channel flow and therefore need to be
breached, or where the need to be rsampled towards coarser resolutions to
approximately connect flow channels across barriers without breaching. In contrast,
attempts to increase the resolution of photogrammetricadlgrived nonLIDAR DEMs
through reinterpolationalone does not generate more information, but introduces DEM

artA I O a4 & dzCMukHereeetiaNRORTI A v 3 ¢

Several approaches are available to reduce vertical and lateral DEM errors through
fusion. These involve DEM-peojecting, resamging, reinterpolation, amalgamation,
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and hydrological enforcement (e.gGostantiniet al. (2005; Karkeeet al. (2008);
Papasaikat al. (2008); Schindleret al. (2011); Robinsoret al. (2014). For example, the
SEGSYd 2F GNARIAYyIAE OFy 068 NBRINAG&SHSOmM (i KNP dzZ
Densification(Pegler, 1999gand/or Kalmanspatial filtering(Wang, 1998; Albani and
Klinkenberg, 2003).uedelinget al. (2007)applied a DEM fill technique tdIfSRTM voids
with ASTER data. Fusing DEMs for the purpose of@&fEivireduction was reviewed by
Schindleret al. (2011) Apart from DEM fsion, hydrological enforcemer{Soilleet al,

2003; Callovet al,, 2007; AIMuqgdadi and Merkel, 2011; Zhamg al., 2013; Traret al,
2014)is needed to guide DEMased flowdirection and flowaccumulation algorithms
towards already delineated gams, rivers, lakes and shorelines. This enforcement is
done by (i) lowering the elevation of all stream and opeater referenced pixels to their
immediate lowest neighborhood elevations, and (ii) ensuring that all streams and rivers
drop monotonously irelevation towards their nearest shorelines. This enforcement is
generally applied to nohiDAR DEMSs, but topographical adjustments are also needed for
high-resolution LIDABDEMSs to remove artifacts due to low laser pulse returns from open

water surfacessch as lakes, rivers and shores.

The objective of this article was to generate a A0DAR DEM at 10m resolution
with resulting hydrological data sets via DEM fusiath which the generated DEM has
reduced elevation errors and is relatively free of suefadtifacts in comparison to original
non-LiDAR DEM%his was done comprehensively for the ProvincélBfs a case study

by way of:
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1. non-LIDAR DEM fusion;

2. using bareearth 1m LIDAR elevation data as reference DEM,;

The extent of the DEMNdasedhydrologicalinterpretation improvementsvasanalyzed in

terms of:

1. nearestdistance conformance testing of ndnDAR versus LiDAlRrived flow
channels;
2. evaluating false positives and false negatives within BRIENved cartographic

depth-to-water indices (DTWMurphyet al,, 2008, 2009)for each DEM.

4.3. METHODOLOGY

Located in Eastern Canada and spanning an area of 7,282,014 ha, the Province of
NBencompasses an array of diverse geomorphologieslandforms andhas pronce
wide nonLiDAR DEM and hydrographic network coverages available from Service New
Ndzya A 01 Qa DS2b. RFGF OFGFE23dz2S a ¢Sttt |
(Fig4.1, Tablet.1). The SRTM and ASTER DEMs were acquired through the Unitsd Stat
DS2ft23A0Ft {dNBSe& . NI yOKQa 9 NIK9ELJX 2 NBNJ |

Natural Resources Canada.
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- Water Features

- LiDAR Coverage used for Validation
- LiDAR Coverages used for DEM Optimization
\; Post-study LIDAR Acquisition

=== §can Line to Represent Elevation Differences

Figure4.1. LIDAR DEM coverages (~11%) used for improvind-iaR DEMSs across allNBby way of a
5-stage process. Also shown: latest LIEBRM acquisition for New Brunswick, LIDAR coverage used for
optimization and process validation, and scan line (green) used to represent elevation differences
associated with each nenDAR DEM. Backgmd: hillshaded NBEDEM. LIDABREM source:
http://www.snb.ca/geonb1/e/DC/DTM.asp

A semiautomated fivestage processHig.4.2) was developedutilizing ArcGIS

10.1)as followsand tested in areas witavailable LIDAR coverage

Stage 1Homogeneity between the nehiDAR DEMs in terms of the spatial reference and
resolution was ensured through 4@rojection. All downloaded opesourced DEM tiles
were combined into seamless coverages andpm@ected (GRS NAD 1983 New
Brunswick Stereographic) in three ways (bilinear, cubic, nearest) for tietegsizes (10m,
default, 90m).These resolutions were chosen to align with the variability in resolution of
available DEMs. Stagewias done to determine which pjection matcheshe NBDEM

and LIiDAR data the best.
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Stage 2.The Stage 1 data layergsampled at 8, 10, 12, 14, 16, 18, 20 m cell, sieze
randomly point sampled to generate a point shapefile containing n = 86,915 for each

layer.

Stage 3The pointof the Stage 2 shapefile were-mgterpolated using three interpolation
methods (Inverse Distance Weighting, Kriging, Nearest Neighhbdrjhree cell sizes (5,

10, 20m).

Stage 4The bestfitted non-LiDAR to LIDAR match was generated through

1. determiningwhich of the Stage 3 generated data layers had the leastLiDAR
to LIDAR elevation differences, by DEM source (done through basic statistics and
box plot comparisons); for this purpose, the ba@rth LIDARDEM, with the last

return points originally iterpolated to 1 m, was rsampled at 10 m resolution;

2. determining which combination and weighting of the best St8geonLiDAR

DEMs should be used for the NIEEM fusion process;

3. obtaining the besfitted non-LIDAR combination through linear regression
andysis, with the leaselevation generating DENayers including the fused NB
DEM layer as independent LIiDSEM predictor variables. This analysis was done
based on a systematic selection of evespaced points across the nanDAR
DEMs within the LiDARYerages, done at 1 point per 1 Rnyielding 7,255 points
for each layer. The output of the regression analysis included the-fibeest
O2SFFAOASYGaA a ¢Sttt | a GKSANMUueXhesty Rl NR
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fitted regression coefficient estinb@ / stand error of estimate), and-palue (the
probability that the besfitted regression coefficient is significantly different from

zero).

Stage 5ThebesF A GG SR NBINBaadA2y NBA& dz-hi LIBKBNBSDRE (N
was applied provincavide. With this, flow channel and associated DTW datasets were
derived across the province. The results so produced were validated using a 40 by 40

km tile within a newly acquired LIDAR coverdgeg @.1).

Stage 1: " Projection Ce\l Size: Stage 2:
Re-project DEMs Technique: Extract DEM Values to Randomly-
Bilinear Default l» generated Points
Open-sourced Mosaic Tiles oints oer Har
T _ oints per Ha:
non-LiDAR DEMs el e l ;
SRTM 90 Undeﬂned ( 10
SRTM 30 - > i}
ASTER 14
CDED - - Nearest — — Default 16
( 18
= - 20
) 10 -
Majority - pefault —
90
Stage 5: Stage 4: Stage 3:
Apply to Province DEM Fusion & Optimization Re-interpolate DEMs
- Interpolation |
Cell Size: Technigue:
Fuse: T 5
" Province-wide extrapolation of | SRTM 90, CDED, NB DEM (Eq.1) T IDW
optimized DEM Extract 20 |
SRTM 90, SRTM 30, CDED, ASTER, s L
- Verification and Validation: [ — NB DEM, DEM Fused, LiDAR [T — 5 W » [
Non-LiDAR to LIDAR elevation elevations to random points - 10 ~ Kriging
comparisons 20 J
- . Generate best-fitted regression DEM - -
(Eq.2) ] 5 Natural
) ) 7w Neighbor
20 €

Figure4.2. A 5stage workflow developebr unifying both spatial reference amgsolution andreducing
non-LiDAR to LiDAR elevation differences in beagh elevation. The preferred technique for each stage
is highlighted in red.
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The progressive nehiDARO LIDAR elevation difference reduction was achieved
by selecting the beditting permutations from stages 1 and 2 based on layelayer
differences in terms of averages, standard deviations, minimum and maximum values,
root mean squarerror (RMSE ard elevation difference percengges falling within the £
2m andx 4m LiDAR elevation ranges. Also obtained were percentile box plots for the
elevation differences, by layer and by stage. The sequence of best choices so generated
is highlighted in Fig.4.2. In detail, using default cell sizes and the cubic resampling
technique for reprojection generally led to better results than using the bilinear, nearest,
and majority reprojection methods (Stage 1). Similarly, randomly extractingrogected
DEM elevabn points at 12 points per hectare (Stage 2), followed by IDWtezpolation
(Stge 3) at 10 instead of 5 or @0resolution generally led to better simterpolation

results than using the kriging and natural neighbor methods.

Each of the nowtLiDAR DEMsesulting from the Sstage process and the LIDAR
DEMs were used to derive continuous flow channel networks and associated cartographic

depth-to-water (DTW) indices across New Brunswick. These processes involved using:

1. the D8 algorithm for deriving flow diction and flow accumulation datasets
(Tarboton, 1997)with streamchannels defined to have a minimum upslope flow

accumulation area of 4 ha;

2. aleastcost algorithm to determine the extent of the least upward elevation change

away from each flow channel and shore I{pMurphyet al., 2009)
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The resulting DTW pattern generally reflects sddlidage patterns, Wi K 5 @céh X ™ n
vere LI22NIX & RNI AVHREZ MNI & BN A PSRmpafecy ¢ 5 ¢ 2
RNI AYSRXZ pncmimoderéely wel dmimed, and DTW > 198 well to
excessively well drained. The distances between the nearestLidAR to LIDAR

derived flow channels for each DEM were conformance tested by plotting their
cumulative frequency distributions. The differences in each-n@AR versus LIiDAR

derived DTW (< 1m) coverages were evaluated by determining the area extent of false
negatives and patves (predicted high DTW on dry site and predicted low DTW on wet

site, respectively).

4.4 RESULTS

Elevation differences, by DEM Layerhe layeiby-layer norLiDAR to LIDAR
elevation differences are overthon the layercorresponding hitshaded DEMm Fig 4.3.
Among these, the contouderived CDED differences are smoothest, the-INEB/
differences are ridged, and the ASTER differences are the most variable. Across the LIDAR
DEM coverages, the differences tend to be largest on forested ridges aagsv@dihere
steep elevation changes occur), and smallest on open areas. Negative SRTM and ASTER
elevation differences relative to the LIDAREM occur along steep slopes (valleys, shores,
forest edges), undoubtedly due to the differences in resolution (1msu&e30 and 90 m).
Owing to the general terrain anchanging forest practiceacross New Brunswick, there
are almost as many negative SRTM and ASTER to-DiEMARIifferences as there are

positive differences. As a result, their mean differences only hareall positive bias at
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1.62 and 1.47m for ASTER and SRTM (90m) respectively. The extent of the elevation
differences within and acrosthe nonLiDAR generated data layers from thest&ge
process are summarized ifable4.2. In comparison, the standard diation and root

mean square errors are largest for the ASTER DEM, with only 23.2% of its eleuagi®on
remaining within the £ é&h LIDAR elevation range, and least for the Hegttd NB-DEM
Optimized regression result. For the latter, the remaining elewadifferences with

respectto the LIDAR DEM are within tn2at 7Q1%, and within £ at 92.9%.

Stage 1 to 4 nosLiDAR to LIDAR elevation difference reductioii$ie entries in
Table4.2 and the box plots irfrig 4.4 concerning the no+LiDAR to LIDABEMelevation
differences dsplay a narrowing towards then® difference. The fused and regression

optimized DEMs for NB were obtained as follows

56 00O QaQW) 6000 T X WY BN ™ CH 000 (1)

and

66000/H0VEQA QA6 00WO i QWYY Ydm QYYYén 06000 (2)

(@, b, c, d,and e refer to intercept and regression coefficientd)he weights for the
NBDEMFused were chosen by systematically comparing differezigiat combinations
to underlying LiDAMerived elevation valueg.he besffitted regression resultfor Eq.2

are compiled inTable4.3. In combination, the influence of stepwise ntwDAR layer

inclusion into the regression analysis generated the follgwaaquence:
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Hence, the SRTM, CDED and DEM Fused accounts for most of thidAéhto LIDAR

elevation difference reductions. Entering the selected CDED and SRTM elevations
individually into tle stepwise regression process is of further benefit, but only marginally

so, but not so when entering the corresponding ASTER points. The main berffitLof

stems from partially cancelling the elevation differences amongDERI, CDED, and

SRTM while omiid Ay 3 ljdzt t AGFGABS SNNBNE Faaz20Al GS
embedded inthe NB-DEM. In detail, the NBDERUsed and NBDERptimization layers

matched the LIDAIREM with the least bias, least minimum and maximum differences,

and around 70% (i.e., 9ercentiles) of the elevation differences falling within the +2 m

LiDAR elevation rang€if 4.3).
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SRTM (90m)

Figure4.3. Example for nosLiDAR to LIDAR elevation differences (cotmded) draped over DEderived
hill-shade for each nohiDAR DEM, including ksthaded baresarth LIDAR DENb@ttom right).

o
s —= - i

!

T T T T I T I
ASTER CDED NB DEM SRTM 90 SRTM 30 DEM Fused DEM Optimized

Elevatson Difference (m)

DEM
Figure4.4. Box plots for the nofLiDAR to LiDAR elevation differences for SRTM90, SRTM30, CBED, NB
DEM, NBDEMFfused, and NBDE/Mptimized across the DEM optimization extent, showing the 10tH, 25
50", 75" and 9@ percentiles, the points above and below the 10th and @@rcentiles, and a reference
line at Om.
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Table4.2. Non-LiDAR and LIDAR DEM elevation difference comparison acrd3E Meptimization extent:
a0FrGAaGAOFT adzYYINEBEZ AYy YI AyOtdzRAYy3I AYONBlIasS Ay X

'Mean Minimum M'aximum Staﬂdgrd +om +am
DEM Difference | Difference Difference Deviation (m) (m) RMSE
(m) (m) (m) (m)

ASTER 1.47 -47.51 46.78 6.78 23.21 44,53 6.93
SRTM (90) 1.62 -33.81 45.44 3.14 49,94  77.69 3.53
SRTM (30) 1.64 -16.91 28.66 3.04 49.89 77.84 3.46

CDED 0.58 -33.11 38.79 3.77 48.13  76.75 3.81

NB DEM 0.66 -24.06 30.70 2.76 66.88 87.83 2.84
DEM Fused 1.00 -18.10 27.13 2.42 68.31 88.89 2.62
Oplzri'i\ged -0.13 -18.09 21.81 2.31 70.11  92.85 2.32

Table4.3. Stepwise regession results with LIDAREM as dependentariable and nofLiDAR DEMs as
predictor variables SRTM90, SRTWi3 CDED, and NBDHMsed (in m; Rvalues near 1), across DEM
optimization extent.

Regression Predictor Regression
Models Variables Coefficients Std. Error t-value p-value
Intercept -0.308 0.120 -2.6 <0.0001

-0. ) -13. <0.

Model 1 CDED 0.04 0.003 13.3 0.0001
RMSE = 2.26 SRTM 30 0.702 0.012 58.5 <0.0001
SRTM 90 -0.598 0.013 -46.0 <0.0001
NB DEMFused 0.930 0.006 155.0 <0.0001
Intercept -0.228 0.011 -20.7 <0.0001
Model 2 SRTM 30 0.537 0.007 76.7 <0.0001
RMSE =227 grTM 90 -0.500 0.008 62.5 <0.0001
NBDEMFused -.957 0.004 239.3 <0.0001
Model 3 Intercept -0.206 0.012 -17.2 <0.0001
RMSE =2.32 g DEMFused 0.994 0.001 994.0 <0.0001
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Table4.4. Non-LiDAR and LiDAR DEM elevation difference comparisonstigtalt summary for validation
AA0ST AY YI AyOftdzZRAYy3a LISNOSyidl3S 2F StSOIFiGA2y RATTFS

Mean Minimum | Maximum | Min- | Standard

DEM Difference | Difference | Difference| Max | Deviation | RMSE T2m | £4m RMSE
(%) | (%)
(m) (m) (m) Range,  (m)
ASTER 4.88 -83.98 66.99 151.0 7.12 8.63 | 20.30| 38.85 8.63
SRTM 2.45 -36.60 57.17 93.8 452 5.13 | 36.13| 63.48 | 5.13
(90m)
LU 2.42 -16.32 27.20 43.5 2.93 3.80 | 43.93| 71.14 3.80
(30m)
CDED 1.06 -29.43 27.69 57.1 5.65 5.74 | 30.65| 55.41| 5.74
NB DEM 1.03 -25.08 35.90 61.0 291 2.92 | 62.95| 9454 2.92
DEM
1.31 -20.22 35.96 56.2 3.12 3.39 | 55.49| 80.48 | 3.39
Fused
DEM
. 0.58 -18.07 29.64 47.4 2.84 2.90 | 60.49| 95.43| 2.90
Optimized

Hydrological interpretations (flow channels, wedreas), by DEM layeExamples
of the DEMproduced flav channel and DTW patterns are presentedrig 4.5, by data
layer. As shown, the patterns obtained with the SRTM 90 and SRTM 30 DEMs are narrow,
are widely pixelated and somewhat terraced across the ASTERaD&Me ridged across
NB-DEM.In contrast, he CDED, NBDEMised, and NBDEMptimized and LIDAR DEM

layers follow fairly consistent patterns.
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Figure4.5. Comparison oflbw channel and cartographic deptb-water patterns overlaid on the hill
shadednon-LiDAR and LIiDAR DEMs.

The 3,006n scan linen Fig 4.6 (seeFig.4.1 for location) provides an example of how the
non-LiDAR to LIDAR elevation differences change across a forest management area in
relation to a recent surface image and the correspiogdhillshaded LIDAR DEMIso

shown are: (i) the O torh cartographic deptfo-water index (DTW) pattern, shadedrk

to light blue from, O to fn, respectively, and (ii) the DTW and LiBl&Rved canopy
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height profiles along the scan line. In detail, thiDAR elevation profiles correspond
closely with imageand hillshaded DEM features, e.g., low tree height across recent cuts
and wetlands, incised flow channel locations, elevated or incised roadbeds, and bare
transmission corridors. The same, howeveges not occur across the ndnDAR
elevation profiles. For these, the ASTER and CDED profiles have the widest excursions
from the general elevation pattern. In contrast, the SRTM aneDNBI profiles follova

similar pattern and reflectin part, forest to non-forest tree-heights except for recent
imagerevealed forest cuts. The SRTM to LIDAR elevation differenE&s 46, however,

only amount to about onénalf to one third of the LiDABenerated tree height maxima.
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Figure4.6. Non-LiDAR to LIiDAR elevation differences along a 3,000m scakitine ) related to the DTW
pattern overlaid on recent surface imagaoftom) and hilshaded LiDAR DER&b). Also shown, scan line
for LiDARyenerated DTW andegetation heights.

Validation results regarding flowchannel and wetarea mapping.The DEM
validation resultscompletedfor the tile outside Stage 3 and 4 processing aré&g4.1),
are compiled infTables4.4 and4.5. For this tile, all layers are wardly biased, but least
so for NBDEMDptimized at 0.58), with standard deviation and mean square root
differences ao being least at 2.84 and 2@ NBaLISOUiAPdStem ¢KS

percentages of the elevation differences remained about the same overall across the DEM
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optimization and validatioextents butdropped somewhat from 70.1 to 60.5 % & 2rp

andincreased from92.9 2 cp @’z F 2aNJTal]eds? withi Tabled21)Y LJ

The conformance results for the nearest flow channel distances between the non

LiDAR and LiDAderived DEMs ifrig 4.7 improved by layer as follows

ASTER < NBEM < CDED < SRTM90 < SRTM30 < NBid&ld < NBDERptimized.

channel

1 Fnearest flow

distances (%)

‘urmulative frequency o

Mearest flow channel distances (vertices) (m)

Figure4.7. Cumulative frequency of nearest distances between the-hi@AR and LiDARlerived flow
channel networks, across validation extent.

There is a similar performance increase from ASTER to the NBIpENMized layers in
terms of false positive and false negative DTW < 1m reductions, with the optimized NB
DEM layer being closest to the corresponding 10 msampled LIDAR DEM derivation

(Table4 5).
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Table4.5. Reduction in area (as percentage) of false positive and false negative DTW <1m relative to the
10m LiDARlerived DTW pattern across validation extent.

DEM Conformance (Wet) | False Positive| Conformance (Dry) | False Negative
ASTER 31.76 68.22 82.56 17.43
SRTM (90) 41.46 58.5 85.91 14.09
SRTM (30) 41.42 58.51 85.76 14.23
CDED 46.37 53.47 86.48 13.51
NB DEM 40.65 59.33 91.30 8.70
DEM Fused 49.55 50.42 92.29 7.71
DEM Optimized 50.50 49.50 92.69 7.31

In summary, the Stage process of combining theiginal NB DEM with the CDED
and SRTM DEMs and subsequently calibrating the result with available LIDAR DEM
coveragegherefore not only improved but also extended the flalannel delineation
across New Brunswick in a systematic and comprehensive manimieris illustrated in

Fig 4.8 by way of an example within validation tile
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Figure4.8. NBDEMOptimized pottom left) and LIDABDEM bottom right) derived flow channel and

DTW < 1m delineations versus tvatercourses for the New Brunswick Hydrographic Network (purple).
These delineations are overlain on aerial imagery angshétled LIDAIREM f{op right only).
Qorrespondence between the DENErived flow channels and the riparian vegetation buffeappaent.

The New Brunswick Hydrographic Network is incomplete in this regard. Location: part of the validation
tile in Fig.4.1.

4.5. DISCUSSION

The above analysis demonstrates that the fusion of-hi»AR DEMs can lead to
systematic elevation difference redtions, which can be further enhanced through
regression calibration with available LIDAR datasets. The DEM so optimized can then be
used to generate province or regiovide hydrographic DEM interpretations that are

similar to what can be derived from LiB&enerated DEMs, at 10 m resolution at least.
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The nonLiDARDEMerror reductions by way of the-Stage process appear to be
small numerically at a 20% reduction of false positives and a 10% reduction of false
negatives Table4.4). There is, however, aisstantial 8 times out of 10 distande-flow-
channelimprovementsrom +25 m (NEDEM) to £5m (NBDEKAptimized) Fig 4.7). This,
by itself and in view of the illustrations in Figd4 - 4.7, has led to considerable
improvements in comprehensively mappgiflow channels and wet areas acrd$B In
turn, this hagmany potentiapositive effecson local and regional operations planning in,
e.g., forest management (harvest block layout and access), transportation and trail
routing, environmental impact ass&went, land transactions, and emergency
responses. In part, some of the provirsee benefitswouldaccrue from improved DEM
delineations and determinations of upslope basin areas. In turn, these areas are used to
estimate, e.g., potential stream disclyg rates and required culvert and bridge
dimensions at any roadtream crossing by éeme weather events (e.g., 16tm or
stream discharge per day, roughly equivalent to a-§6ar storm event). In this regard,
DEM error reductions are especially importactoss flat terrain, where minor elevations
changes (artificial, natural, or manade) can lead to substantial errors in determining

stormwater flow directions.

The optimized NEDEM layer is also useful for checking provincge wetland
coverages. In geeral, already delineatedvetlands fall into the DTW< b range
(Murphyet al,, 2007) Extending the conformance checking between Bd&lineated and
actual wetland border using the original NlEEM layer amounted to £80m, 8 times out of

10. Airphoto delineated wetland borders generally conform to distances within +40m, 8
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times out of 10. In contrst, LIDARDEM derived DTW = OGrbcontours confornio actual
wetland borders within £10m, 8 times out of 10 (details not shown). The optimized DEM,
while somewhat less accurate than the LiDDIRM, can nevertheless be used to trace and

surveycheck wetlaneto-wetland connections across the province.

It has been shown in literature thaDEM fusion leads to DEM improvements in
terms of vertical and lateral error reductions has been demonstrated repeatedly (e.g.,
Karkeeet al. (2008, Papasaikat al. (2008, AlMuqgdadi and Merke(2011), Zhanget al.
(2013), but the fusim processes pertaining to cell#8zing, reprojection, resampling
re-interpolation, DEM mix, weighting and noise filtering all vary. For exarRabinson
etal.(2014)6 SNBE | 6t S ainehrlydldid, RoiHfte8, mditiscale smootheddOm
RAIAGL § St SOl A2y Y 2 REBatttEnvDEM90 OI f £ S
(http://geomorphometry.org/content/earthenvdem90. Tranet al. (2014)fused ASTER
with SRTM30 data through (i) DEM quality assessment angrpieessing, (ii) hydrologic
DEM enforcement, (iii) void filling and projemii shifting, (iv) DSM versus DTM bias
elimination by landform, and (v) DEM-deising. The Stage process in this study varies
from Tranet al.(2014)by way of systematic cell size and DEMbrecessing (rgrojecting
and reinterpolation), and using the regression process for bias removal. The reference
DEMs also differ: using a DEjeinerated fronthe 1:10,000 topographic maprbintervals
and spotheight elevation data (i.esimilar to CDED) versus using 1m LIDAR DEM re

sampled at 1.
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In terms of applying the above approach to other areas with similar and/or
different DEM includig LIDAR DEM coverages, it is important to examine each re
projected, resampled and renterpolated DEM with reference to artifacts and
hydrographic correctness. In this regard, all open water surfaces need to be rendered flat,
and streams and rivers nedd drop monotonously through their surrounding terrain

towards their receiving shores.

4.6. CONCLUSION

The systematic fusion of currently available DEM layers for &lBwfot only led
to considerable noiLiDARoO LIDAR DEM elevation difference reducsprbut also
produced a closer and verifiable correspondence between the resultingdi@mnels
and wetarea derivations. In summary, the Stage 1 to 5 process as described in this article

has shown that:

1. NonLiDAR elevation differences relative to LIDARB can be reduced through
careful analysis requiring 4grojecting, resampling, and rénterpolation,

followed by selective nohiDAR DEM amalgamation.

2. Theamalgamatiorprocess of the SRTM, CDED and NBEM layersvas effective
in generating a mucimproved norLIDARDEM coverage across New Brunswick
NEBazf@Aay3d (GKS AaadzS 2F WNARIAYIQ. gKATS
Using the ASTER DEM as well did not improve thefitiest fusion result so

obtained.
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3. The fusion process removed manydagpecific artifacts and large lay&y-layer
elevation differences, while the nenDAR to LIDARDEM regression process

reduced the NBDENDptimizeal elevation bias to less thanril

4. While the results are specific tand applied comprehensively acrodsew
Brunswick, similar nchiDAR DEM improvementsan be incurred elsewhere
following the outlined procedure with opesourced DEM coverages as long as
precise elevation data is available, whether it be ground points of elevation data

sets
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CHAPTERG®G UTILIZING SOIEORMING FUNDAMENTAE®R HIGH
RESOLUTION SOIL PRRPY MAPPING FOR NBRUNSWICK, CANADA

Shane Furze, Paul Arp
Faculty of Forestry and Environmental Management

University of New Brunswick, Frederictdf, @nada, E3B 6C2
5.1 ABSTRACT

Thisarticle presents an approach to modeling contanof soil property variation
across New Brunswick, Canada by compafiglg-collectedsoil profiles to underlying
data sets representing soil forming factors, namedpdgraphy, climate, and surficial
geology. Soiprofiles were acquired and amalgamateddom different sourcesinto a
spatial database (n=12,058)at was used for developing modelsr predicting the
following soil properties: (i) drainage and horizons tthepfor A, B, and solum depth, and
(i) texture (sand, silt, and clay), coarse fragm@iE)content, soilorganic matte(SOM)
content, and bulk densitgDb)at depth intervals of &5cm, 1530cm, 3660cm, 6690cm,
and on a solum basis. Procedures areliaetd on how spatial data sets of topographic,
climatic and geological features were updated and how variables were selected for
statistical modeling using the machine learning algorithm Random Forest. Modeling
results were evaluated on one third of tsail profile database by way of Kappa scores
for soil drainage and RMSE and f@r remaining soil properties with validation

performance ranging between 7@0%.
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Key words digital soil mapping, soil forming factors, multi scale, machine learning, digital

elevation model, topography, surficial geology, climate.

5.2. INTRODUCTION

With traditional soil mapping techniqueshighresolution datasets of soil
attributes either do not exist or are geographically limited to locdbfined extents.
Instead, soils havebeen mapped as broad teslated boundaries representing
hierarchical, multi-component soil associationsith each component representing a
defined soil type Each soil type is distinguished by soil draindge not spatially
represented within theassociaibn delineations(Pitty, 1979; Mooreet al., 1993; Zhu and
Mackay, 2001; Heunet al., 2014; Odgerst al., 2014) This form of mapping represents
a generalized simplification of soil property véioa (Mora-Vallejo et al, 2008)and
contradicts continuous soil heterogeneity, both spdly across the landscape, and
vertically with increasing deptfPitty, 1979; Odgerst al., 2011; Adhikaret al., 2012)
Thus, there is a growing interest toward digital soil mapping (DSM), modeling soll
properties continuously via relationships wistdditional data sources representing soll

forming factorgMcBratneyet al.,, 2003; Smittet al., 2006)

Numerous statisticainodels have beensedfor digitalmodelingof soil properties
and drainage classe3he use ofmachine learning algorithms DSM has been well
documented In literature with emphasis aegression trees, artificial neural networks,
and support vector maches.Regression trees have been use#iandersoret al.(2005),

Scullet al. (2005), Schmidet al. (2008), and Behrenst al. (2010) for modeling soil
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properties and ilfMcKenzie and Ryan (1998) predicting soil thickness. Regression trees
havealso been used for predicting soil typ@doran and Bui, 2002; Scuat al., 2005;
Schmidtet al., 2008; Lemercieet al., 2012) Alternatively,Odgerset al. (2014)applied
classification trees for soil map disaggregatiBehrenset al. (2005), Zhaet al. (2010),
and Zhacet al.(2013)have utilized artificial neural networks for predicting soil properties
and ®il drainage patterns. AdditionallyZhu (2000) Behrens et al. (2005), and

Bodgahabadet al. (2015)have used artificial neural networks for predicting soil classes.

This paper presents a framework forapping individual soil properties spatially
across the landscape at 10m resolution. Thes completed by comparing spatial
database of amalgamated soil samples to underlying data sets representirigrsoiig
factors, namely topography, surficial geology (mode of deposition, and lithology), and
climate Emphasis was placed on-delineating soil forming factors prior to statistical
modeling to mitigate the influence of error on predictions. Soil property mapping focused
on soil texture(sand, silt, and clayylepth, CFcontent, SOM content, Db, horizon depths
(A, B, and depth to C horiz¢solum depth), andsoil drainageall of which influence the

medium for root growth and development.

5.3. METHODS

Study Extent:Spanning an area of 7.5 million ha, New Brunswick (NB) shares
borders with the state of Maine (USA, west), Quebec (northwest) Blova Scotia
(southeast), the Nothumberland Straight (East), Chaleur Bay (Northeast), and the Bay of

Fundy (South). As the northern range of the Appalachian Mountain range, NB ranges in
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elevation from sea level along the coast to 811m above sea levbeimorth (Mount

Carleton)(Happi Mangoua and Goita, 2008)g.5.1).

Elevation

0 30 60

(PSS :ﬁ

201

Figure5.1. Outline of geographic location and elevation change of New Brunswick, Canada with surrounding
provinces, state, and oceanfeatures. Backgrouh basemap retrieved from ESRI basemap portal within

ArcGISa ! ¢ NBLINBaSyidia t20FGA2y dzaSR F2NJ NBLKS AEYINEE 3 v 5 §
location used for LIDAR and curvature classification compaisons Y R &/ ¢ NBLINBaSyaa 2
comparing surficial geology vector data sets

This change in elevation results in varying climatic conditions from the coast to inland and
higher elevations. Annual average rainfall ranges from 788mm in the northwest (higher
elevations) to 895mm in theouth and southeast. Annual average temperature follows a

different trend with 0.4°C in the higher elevations (north and northwest) to 7.1°C in the

south and southwestEnvironment Canada, 2018)
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SpatialProfile DatabaseFive datasetsepresenting fieldcollectedsoil profiles for
NBwere acquired and amalgamated into a seamless spatial databasd Zr058, Fig.

5.2). Table 5.1 outlines the datasetsth sample size and source

Table 5.1. Overview of acquiredorofiles (spatiallydefined soil profiles) utilized in developing spatial
database, including source and associatathple size.

Data Set Source Sample Size % of Total
Permane(r;tsspa;r;ple Rt NB Department of Natural Resource 2,594 21.5
Tri-Nations Sample Plots Natural Resources Canada 123 1.0

. Canadian Soil Information Service
National Pedon Database (CANSIS) 285 2.4
NB Soil Survey Plots CANSIS 222 1.8
Till Geochemistry Site Cards NB Department of Energy and Mine 8,834 73.3

Spatial Database
Source
¢ National Pedon Database
e Permanent Sample Plots
e Till Geochemistry Site Cards
e Soil Survey Plots

@ Tri-Nations Sample Plots

|:| N.B. Boundary

Figureb.2. Spatial representation gfrofilesacquired for database with colourepresentingdata sources,
overlaying hilshaded relief of NB

Of these, only the till geochemistry site catdckhorizonspecificinformation for each

sample, instead, properties for C horizon and general site attributes (drainage, landform,
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etc.) wee provided.Data harmonization followed the framework as outlined in Chapters

2 and 3. From this, it was ensured that correct classifications for texture and drainage
were assigned to all samples and horizons. Finally, it was ensured that both spatial
database and all spatial data sets aligned in terms of extent, resolution, and spatial

reference (10m andNAD 1983 New Brunswick Stereographic

Soil drainage, mineral horizon depths, texture, CF content, SOM content, and Db
were chosen for analyses. Textu(eand, silt, and clay), CF, SOM, and \idre
summarizedy solumdepth (A and B horizongnd depth intervals of-Q5, 1530, 3060,
and 6090cm (Table 2). Samples exceeding 90cm were not analyzed due to the

infrequent occurrence of soil profiles reacpithese depths.
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Table5.2. Summary of soil properties to be modeled via DSM including minimum, maximum, mean, and
standard deviation, separated by depth intervals in which they are being modeled. ¥alsasd, silt, and
clay retrieved from texture classes.

Property Depth Min Max Mean Std. Dev. # of profiles
0-15 0.00 100.00 30.95 21.84 2660
Coarse 15-30 0.00 100.00 36.12 23.29 2660
Fragment 30-60 0.00 100.00 42.32 25.54 2512
Content (%) 60-90 0.00 100.00 35.17 28.74 711
Solum 0.00 100.00 33.09 21.61 2660
0-15 5.00 93.00 53.39 17.86 9064
1530 5.00 93.00 53.74 17.34 9093
Sand (%) 30-60 5.00 93.00 52.59 21.40 2580
60-90 5.00 93.00 55.69 14.03 544
Solum 5.00 93.00 53.46 17.17 9113
0-15 4.00 90.00 30.76 13.73 9064
15-30 4.00 90.00 30.09 12.98 9093
Silt (%) 30-60 4.00 90.00 28.80 16.02 2580
60-90 4.00 65.00 26.39 7.21 544
Solum 4.00 90.00 30.61 13.01 9139
0-15 3.00 75.00 15.84 8.15 9064
1530 3.00 50.00 16.17 8.38 9093
Clay (%) 30-60 3.00 50.00 18.61 12.02 2580
60-90 3.00 50.00 17.92 5.06 544
Solum 3.00 75.00 15.93 8.19 9139
0-15 0.02 91.13 8.48 2.49 218
Organic 15-30 0.00 93.57 4.13 1.44 335
Matter 30-60 0.00 86.86 1.82 1.25 319
Content (%) 60-90 0.00 81.18 1.85 1.00 131
Solum 0.00 25.40 4.55 1.27 411
0-15 0.10 2.25 1.05 0.17 227
Bulk Density 1530 0.10 2.10 1.23 0.22 279
(glem?) 30-60 0.10 2.10 1.50 0.26 280
60-90 0.10 2.30 1.72 0.20 124
Solum 0.10 2.05 1.17 0.23 360
A Horizon
Depth (cm) - 1.00 45.00 9.67 6.38 2889
B Horizon
Depth (cm) - 2.00 59.00 15.48 7.41 2899
Depth to C : 400  250.00 42.06 14.96 6683
Horizon (cm)
Drainage - - - - - 9223
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5.3a Spatial Data Quality Assessment

Spatial data sets representing soil forming factors of surficial ggplog
topography, and climate were updated as follows, yielding gridded data sets at 10m

resolution:

Surficial GeologySurficial geologgata for NB were mapped directlyia photo
interpretation with road cuts and bore holes, and indirectly via soil assoniataps, with
the underlying similarity of tessellated delineatiorisve vector data sets representing
surficial geology were acquired and compared via a similarity model fdelieeating

boundaries, including:

1. Soil Associations afiB (NB Department of Energy and Resource Development,
2012)

2. Forest Soil Associations of New BrunswiblB Department of Energy and
Resource Development, 2016)

3. Soil landscapes of Cate (Version 3.2)Soil Landscapes of Canada Working
Group, 2010)

4. NBGeneralized Surficial GeolofyR8YRampton, 1984)

5. NB Granular Aggregate Databaghlew Brunswick Department of Energy and

Resource Development, 2018)

The similarity model was applied as follows: mode of deposition and litholégyriation

within each vector data set were extracted to a randoménerated spatial point grid
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with a spacing of 3 points per hectare. At each point the classifications from each vector
data set were compared and uncertainty values assigned based on haow ofi the data

sets provided the same classificationsthree or more were thesame,then it was
assumed that the geology at that site was known. If only half, or less, had the same
information then additional research was conducted via geological tep@B
Department of Energy and Resource Development, 2018a3$ occurred for 20% of the

randomly-generated points.

With each point assigned classeaBiessen polygons were delineated and the
boundaries ofadjacent polygons dissolvefithey shared the same class, completed for
020K Y2RS 2F RSL}X2aAilA 2 yhindrafHardness §ckle inhaad ¢
hardness values were assignedeach lithology class (Table3h. Additionally, primary
lithologywas used to group lithological types by dominant grain size (very fine to coarse),
dominant rock type (i.e., sandstone, shale, granite), and dominant geology (igneous,

sedimentary, metamorphic) (Fig. 5.3).
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Table5.3. Mineral hardness values assigned to each lithological class within spatial database based on

a2KQa YAYSNIft KIFNRySaa aolftSo
Lithology Hardness Lithology Hardness
Sandstone, gritstone, shale 6.75 Igneous, Slate 4.8
Mafic volcanics, gabbro, dite 6.6 Calcareous sandstone and shals 4.5
Granite and metamorphic 6.5 NOTEEEIE S I SIS 4.5
sandstone
Granite, some quartzite, sandston 6.5 Sandstone apd Conglomerate 4.5
(calcareous if uiweathered)
Sandstone 65 Sandstone and conglomerate 45
(some quartz)
Sandstone, some granite, quartzit 65 weakly calcareous Sandstone an 45
gneiss ' shale '
Metamorphosed nonto weakly
Sandstone/ Undifferentiated 6.5 calcareous slate, quartzite, 4.2
argillite, sandstone
Metamorphosed rhyollte,_andelsa, 6.4 Sandstone, conglomerate, shale 4.0
schist, slate, granite
Granite, gneiss, basalt, felsite 6.3 SIS A Gl gnd SO 4.0
and schist
Calcareous sandstone and Weakly to calcareous shale, slate
) - 6.0 . 4.0
quartzite, some argillite, shale guartzite, some sandstone
Granite, quartzite, gneiss, argillite 6.0 Sandstone, conglomerate, 38
volcanics, some sandstone ' mudstone ’
Non-to weaklycalcareou; 6.0 Sandstone, shale, mudstone 3.8
sandstone, shale, quartzite
Nontcalcareous sandstone and
: L Calcareous shale and slate
quartzite, some argillite, slate, 6.0 . . . - 35
) with/without limestone, argillite
shale, schist
Sandstone/Sgndstone and shale « 58 Slate 35
siltstone
Sandstone/ clay from calcareous 55 Calcareous shale, slate, quartzite 33
shale ' argilite ’
Strongly me_tamorphos_ed slate, 5.3 Calcareous Shale 3.0
quartzite, volcanics
Highly calcareous shale, quartzite Weakly calcareous shale,
- 5.0 2.75
argillite, sandstone mudstone
Quartz, Schist, Igneous 5 Clay 2.0
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Figureb5.3. Visual examples of variability in dominant grain size, mineral hardness, andygpablype for
NB, derived from updated lithological representations via the similarity model

Topography Both primary and secondartopographicderivativeswere derived
from a 10m DEM for NBThis was completed in both ArcGIS and SAGA GIS software
(Conradet al.,, 2018; Environmental Systems Research Institute, 20tl&ing the DEM
derived in Chapter 4. Prior to calculatitng topogrgphicderivatives, the DEM was hydro
conditioned to ensure correct flowpatterns from ridge to valley(Saunders and
Maidment, 1996; Murphyet al, 2008) Next, a suite oflerivatives werecalculated with
emphasis orthose representingsoitlandscape relationships, namely those influencing
the rate, dissipation, and accumulation of nutrients, water, and minea&i®ss the

landscapeAlso includedvere derivatives that represent atmosphemxposure (position
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on landscape, open and flat areas). Appentdutlinesboth topographic and hydrologic

derivatives incorporated into the modeling procedure.

Climate To develop continuous maps of climatic variables of interest,
meteorological statins withinNBand Ontario, Canada (n = 151) were spatially plotted.
Next, annual average values for temperature (annual average and annual daily maximum,
°C) and precipitation (annual average rainfall, mm) calculated for the past 29 years (1981
¢ 2010) wereassigned to each weather station (retrieved frdamvironment Canada
(2018)) The measured climatic properties were comparedi&Mderived topographic
derivatives (those believed to influence environmental exposure, i.e., toppbic
openness, elevation, topographic position, aspect, slopes, and horizontal distance to
coast)and spatial data sets representing variations of latitude and longifideNB and
Ontario,via linear regression analysd®egression results were applied spatially at 10m

resolution resulting in gridded data sets representing climatic variation.

DEM Resolution and MultScale AnalysisSince landscape processes are scale
dependent, some of the above DEMkrivatives were calculated multiple timest
different resolutionsdue to the artificial presence of many smsadlale mounds and pits
within the 10 m DEM (Fig. 8). This was in part resolved through resampling the DEM at
30 m resolution. Some of the resulting derivatives were smoothed further based on a
determining their average values within their 5 x 5 cell neighborhoods, followed by
subsequent e-interpolation at 10 mThis procedure was applied to all topographic data
sets representing curvatures and the results utilized in following analyses.
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Figure5.4. Comparison of hilshaded relief for NBused DEM (10nTight) and LiDARerived DEM (1m,
left) representing the omission of topographic variation and the presence of pits and peaks, particularly on
hill sides within the fused DEM.

5.3b Statistical Analyses

VariableCorrelation AnalysisSpatialgridded data sets pertaining to topography,
KeERNRf23e> OfAYI{OSY YR adiNFAOA I §SHS202 AR
Pearson correlation analys{3able 5.4)to determine the extent of multicollinearity
I 2NNBt I GA2ya x Tignificangts &hiBure O rglatidn Ril NdSh&p add in
variable reduction. For each covariate, counts were calculated to determine the number
or correlated covariates. Those with the highest counts were retained while their
correlated counterparts were remode This process was conducted iteratively until all
remaining covariates were uweorrelated. The first covariates assessed were those
calculated at differenineighborhood sizesincluding topographic position index (200,
300, 500, 700m search radius) arefrain surface texture, terrain surface convexity,
terrain surface concavity, and terrain ruggedness index (each calculated at 60m, 200m,
500m search radiil'he search radii applied were selected based on qualitative inspection
of the resulting data setrad how it corresponds with changing hillslope. Overall, this

techniqueresulted in a variable reduction of 50%, fr&@@to 30 covariates.
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Table5.4. Overview of Pearson correlation results on covariates, wsiults of recursive covariate removal
depending on correlation values. Covariates considered correlated if absolute correlation values were at
least 70%.

Covariates Retained Code Correlated Covariates Correlation %

Slope Length 86

Real Surface Area 88

Topographic Negative Openness -85

Slope (Degrees) SLP Topographic Positive Openness -86

Terrain Surface Texture (220m search) -70

Terrain Ruggedness Index (110m Searct 88

Downslope Curvature 81

General Curvature 72

Topographic Position Index TP Local Downslope Curvature 71

(110m Search) Local Curvature 75

Upslope Curvature 77

Local Upslope Curvature 73

Annual Average Rainfall (mm) 89

Daily Maximum High Admax Annual Average Temperature (°C) 100

Temperature Digital Eleation Model -82

Latitude -87

Catchment Slope 100

Curvature Classification Cur_Cls Horizontal Distance to Stream 84

SAGA Wetness Index 100

Specific Catchment Area 100

Catchment Area CA Modified Catchment Area 86

Tangential Curvature Tan_Q@rve Crosssectional Curvature 97

Terrain Surface Convexity Ts_©nv Terrain Surface Concavity -90

Planar Convexity Plan_©nv Profile Convexity 100

Longitude Long_10 Horizontal Distance to Coast -73
Landform Land - -
Lithology Lithology - -
Grain Size Gran_Sze - -
Rock Type Rock_Ype - -
Geology Type Geo_Tpe - -
Aspect ASP - -

Diurnal Anistropic Heating Di_Heat - -
Downslope Distance

Gradient Down_Gade - -
Flow Accumulation FA - -
Flowline Curvature Flw_Q@rve - -
Mineral Hardness Hardness - -
Longitudinal Curvature Lng_Q@rve - -
Maximum Curvature Max_Qirve - -
Minimum Curvature Min_Qurve = =
Planar Curvature Plan_@rve - -
Profile Curvature Prof_Qrve - -
Total Curvature Tot_Qirve - -
Cartographic Deptko- DTW i i
water Index
Multi-resolution Index of
Valley Bottom Flatness MRVBF i i
Multi -resolution Index of
Ridgetop Flatness MRRTF i i
Valley Depth Val_Cepth - -
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Eachsoil profilewithin the databasevas thencompared to underlying covariates
via theRandom Forest machine learning aigfam (Breiman, 2001} y QKB &Q LJ O |
for R(Kuhn, 2017R Core Team, 2018 this,a randomlyselected 30% of the database
was set aside as a validation datase@ssess all modeling ressilDuring modeling, the
training data wagartitioned so that 70% of eadrainageclass was randomly sampled
for trainingwhile the remaining 30% was used for model validatidiith Random Forest,
instead of assigning a specific number of predictorest at each nodea tuning grid was
developedwhichtests amatrix of predictor variables (ranging from 3 to 24 at intervals of
3) at each node within the decision trees of the random forest mddetlel training was
repeated with kfold cross validation sing 20 replicatestach random forest run was

completed with a tree size df0 (humber of regression trees to develop atest).

Model performance was assessed via two methods, RMSE %od &®ntinuous
predictions (depth, texture, CF, SOM, and Db), @mfusion matrix with Kappa index for
categorical predictions (drainage class). Model performance was determined by
comparing predictions within training data to the separate validation data. Variable

importance for the 5 dominant predictors of each moded provided in Appendiiv.

5.4. RESULTS

Soil DrainageSoil drainage is represented as 7 classes, ranging from very poor to
excessively drained, as outlined Working Group on Soil Survey D&1882) The rate at

which water passes tbugh soilsis a function of topographic position, soil physical
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properties, and geomorphologyVilson and Gallant, n.d.; Gallant and Hutchinson, 1997,

Zhu and Mackay, 2001; Taykdral,, 2013)

The distribution of soil drainage classes within the database is biased toward soils
on moderately wellto well- drained sites (Table 5). due to the different objectives of
each project in which the sqkofile datawere collected. Drainage classes were grouped
into broader classes to increase sample size of each group for better representation,

omitting transitons between classes.

Table5.5. Representation of technique applied to amalgamate individual soil drainage classesfadftiee
level) into groups representing the dominant drainage classes. This ressilh@zessary to increase the
sample sizes of the undsampled classes to improve model predictions.

Original Classification New Classification
Class Count Class Count
VP 33
VRP 1 VP 34
P 226
B 3 P 229
I 982
MW 1 I 983
MW 2450
MW-W 5 MW 2455
W 4890
WoR 5 W 4895
R 648
REX 9 R 658
EX 1

Soil drainage model results yielded a Kappa score of 79.8% with the confusion
matrix outlined in Table 6. The imperfectly, moderately wel, and weHldrained classes
had the greatest vari#gons in predictions, but still performed well in predicting the proper

class. Overall, model performance and visual inspection do coincide with theoretical
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expectations of changes in soil drainage in relation to changes in topography for most of
the landsape, low lying areas have poorer drainage than steeper slopes and ridgetops.
Qualitatively, performance decreases in northern portions of the province where
variations in topography are more frequent and intense (Fig. 5.5). This is likely due to the
lackof samples omore poorlydrained soils within both the training and validation data

as well as the influence of climate and longitude on predicting drainage. Additionally,
coarserDEM resolution10m)results in the inability to capturemalldepressionabnd
low-lying areas where drainage is likely to be classified as poor or veryAdsor.coarser

DEM resolution results imsalland frequentvariations inelevation pits and peaksover

short distancesThis results imbruptly changing drainage classevershort distances

and at times, one cell may be allocated a drainage class whereas all adjacent cells have

the same, but different drainage class from the initial cell.

Table5.6. Confusion matrix restd of soil drainage class predictions via the Random Forest Model.

Predicti Reference
rediction VP P | MW W R
VP 6 0 2 0 0 0
P 0 38 4 3 1 1
| 2 2 184 9 13 2
MW 1 5 10 428 48 8
W 1 8 31 64 1030 21
R 0 0 5 4 15 115
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predict well and moderately welldrained classes.

There are few articles on predicting soil drainage classes via BBMmost
focudng on predicting soil hydraulic propertie€amplinget al. (2002) utilized logistic
modeling to map the similar soil drainage classes as outlined in this study, but at 25m
resolution within Southeastern Nigeria. Their results performed well at predicting hydric
vs. nonrhydric soils (99%), but model performance decreasesdpwhen predicting
imperfect vs. moderately weltlrained soil classe®ell et al. (1994) determined the
probability of drainage classes in Pennsylvania, USA, via multivariate discriminant
analysis. Their results agreed with published soil drainage maps at\sWgshy et al.
(2011)compared the cartographic deptto-water index (DTW) and pmgraphic wetness
index (TWI) from LiDARata for mapping soil drainage classes fdB with results
explaining 64% and 25% of the variability in drainage classes, respectively. Their study

only focused on three drainage classes, very poor, poor, and fegirwell-drained.

127



Finally Zhaoet al.(2018)utilized artificial neural networks to predict soilainage classes
for New Brunswick. Their results yielded a correct prediction for 52% of the data, but their

study did not mention what resolution or source of the DEM used.

Depth: Each mineral horizon sampled was provided an upper and lower @pth
which they occui(i.e., 66cm). With thisprofileswere summarized by depth to C horizon
(solum), and average depth of each horizon (i.e., A and B horizon depth). Additionally, soil
properties of each profile were averaged by depth classes representidgi® 1530cm,
30-60cm, 6690cm, 90150cm, and >150cm (Fig. 5.6). Doing so atber soil properties
to be summarized by these classes to not only represent how soil properties vary by
depth, but also how they compare from site to site on specific depthrvais.
Additionally, the influence of topography on soil properties varies with increasing depth,
thus, better predictions of soil may result from separating properties into depth intervals
(Florinskyet al, 2002) Analyses were not conducted on samples exceeding 90cm
0fF0Stf SR | 6 du¢tophe Rfredught oCcuriedce gf doil profiles redch
these depths. Fig. 5.7 represents the Random Forest modeled depths for A and B horizon
thickness, and depth to C horizon (solum dep#fljernatively, spline functions could be
used to incorporate the influence of depth on soil properties, but it beesrdifficult

when developing spatial predictions of soil property variation.
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Figure5.7. Comparison of performance plots (measured vs. fitted) Aéorizon depth (left), Bhorizon
depth (center), and solum depthright) predictions.

Modeling A horizon, B horizon, and solum depth to underlying covariates yielded

strong relationships with the B horizon model explain the greatest variation. In
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compaison to these findingsFlorinskyet al. (2002) were able to explain 20% of the
variation in solum thickness for an agricultural area in the Canadian praieeg)let al.
(2004a)compared different techniques toorrect DEM errors with which these were used
to predict solum thickness in Eastern Croatia. Their best performing model explained 40%
of the variation in solum thicknesslTaylor et al. (2013) compared imagery with
topographic @rivatives, both ranging from 10 and 90m resolution for mapping soil depth.
Using a multscale approach, they were able to predict 91% of the variation in soil depth
in the Peyne Watershed, Southern FranGessleret al. (1995)developed modelsdr
predicting both solum depth and-Aorizon depth from curvatures and the compound
topographic index with which they explained 63% and 68% of the variatiorhori2on

and solum depths, respectively. SimilafMoore et al. (1993) utilized the compound

topographic index to explain 55% of the variation tha@kizon depth.

Texture Texture classes were converted to average proportions of sand, silt, and
clay(70.4% of database, Tablerband values summarized by depth class intervitie
frequencies of the resulting sand, silt, and cl&ygentages are plotted in Fi§.8. The
resulting besffitted sand, silt, and clay percentage emulations with varyingtllep

intervals are shown in Fig. 5.9, capturing > 85 % of the percentage values for each class.
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Table 5.7. Distribution of texture classes sampled on a horizon basis within database with average
proportions ofsand, silt, and clay within each class, by increasing sand content.

Sample

Texture Class Abbreviation % Sand % Silt % Clay Size % of Total

Silty Clay SiC 5 49 46 32 0.18

Silt Si 5 90 5 5 0.03

Silty Clay Loam SiCL 10 56 34 67 0.37

Heavy Clay HC 12 13 75 2 0.01

Silt Loam SiL 20 65 15 1847 10.22

Clay C 25 25 50 396 2.19

Clay Loam CL 32 34 34 1375 7.61

Clay Loant Loam Cl-L 35 39 40 1 0.01

Loam L 41 40 19 5295 29.29

Silt Loamg Sandy Silc SL 45 50 5 1 0.01
Loam

Sandy Clay SC 53 4 43 5 0.03

Loam¢ Sandy Loam L-SL 53 36 11 6 0.03

Sandy Clay Loam SCL 60 13 27 1270 7.02

Sandy Clay Loarg SCIc SL 65 15 20 5 0.03

Sandy Loam

Sandy Loam SL 68 22 10 5851 32.36

Sandy Loant Loamy ¢, | o 77 14 9 7 0.04
Sand

Loamy Sand LS 80 13 7 1512 8.36

Loamy Sand Sand LS S 88 7 5 3 0.02

Sand S 93 4 3 400 2.21
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From this, it is apparent that model performance increases with increasing depth due to

increasing influence of parent material and topography on texture. Near the surface
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texture is influenced by environmental factors in the form of water and acidltgring

the texture composition of the soil.

In comparisonOdehet al. (1994)were able to explain 51% of the variation in
subsoil clay content using a few topographic derivatives. Their study focused on an area
with minimal change in lithology and at coarse resan$ (500m to 1km)Adhikariet al,,
(2012)predicted silt, clay, and sand (fine and coarse) both spatially and vertically, using
depth intervals, for Denmark utilizing the cubist model. They found that the ability to
model soil texture decreased with increasing depth (best performance was 54% of the
varation explained for clay at-Bcm). Zhao et al. (2013a) utilized artificial neural
networks to predict clay content then udéhe results to predict soil nutrient regimes for
Nova Scotia, Canada. This study utilized a 10m DEM and soil information from existing soil
polygons. Again with the use of artificial neural netwo#dsaoet al.(2018)modeled sand
and clay contents within the Black Brook watershed in Northwestern NB, Canada. This
study also utilized existing soil associatfmlygons and lookup tables for soil information
to include in the modelingdkumuet al. (2015)predicted soil texture within the clay belt
of Ontario using a fuzzy logic approach with a 10m Lid&xRed DEM. They predicted
six textural classes at 79% accuracy. At a broader ddalesuyet al. (2014)applied k
nearest neighbors to predict soil texture within the top 15cm of forest soils at 250m
resolution across Canada. With this, they were able to explain up to 43% of the variation

in topsolil clay content, with weaker results for sand and silt (20 and 13%, respectively).
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Coarse Fragment ContenReviewing the changing CF content with depth, it

became apparent that soil profiles exceeding 60cm typically coincide with deep parent

materialst | O1 A y 3

/I CQa

OA DS DT

RSSLJ

I £ f dz@A I §

Tt221

that CF content increases with increasing depth from 0 to 60cm. Actual vs. fitted model

results for CF content at defined depth intervals are depicted in Fig. 5.11.
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Fgure5.10. Frequency distributions for coarse fragment content at defined depth intervalsl&ictn top
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left), 1530cm fop right), 3060cm pottom left), and 6690cm pottom right).
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Figureb.11. Comparison of performance plots (measured vs. fitted) for CF models at defined depth intervals
of 0-15cm fop left), 1530cm {op right), 3660cm pottom left), and 6690cm pottom right).

Limited research has beeconducted on DSM for Gfontent Mosleh et al. (2016)
attempted to model CF content along with additadphysical and chemical properties
within topsoil within the ChaharmahaVaBakhtiari provinceof Iran, but they were
unable to retrieve any significant relationshigaysse and Lagacher{015) tested
different DSM techniques for mapping a suite of soil properties across Europe at 100m
resolution at different soil depth intervals. The best RMSE achieved for CF3/@BWad a

depth interval of 1530cm with an Rof 16%.

SoilOrganic Matter Contentln comparison to the other soil properties, SOM data
were sparse. The actual versus beded emulation resultsisingthe log (In) transformed
SOM are shown in Fig. 5.1% soil depth class, accounting for about 80% variations within
the 0-15 and 1530 cm soil layers, but only about 30 to 13 % for the&Dand 6690 cm

data layers, for which the organic matter accumulations are also decidedly lower, as to
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be expected. fie literature reviewed explained 287% of the variation in SOM content

and 6980% of the variation in C content (Tabl&)5.
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Figure5.12. Comparison of logransformed performance plots (measured vs. fitjefor SOM models at
defined depth intervals of A5cm {op left), 1530cm {op right), 3060cm pottom left), and 6690cm
(bottom right).

Table5.8. Overview of literature in which DSM was applied for mauglhoth carbon an@®M content at
different resolutions and varying geographic extents, with accuracy represented as percentage of variation
explained.

. . Property Accuracy (% var.
Source Location Resolution (m) (SOM, C) Explained)
Florinskyet al. (2002) = Manitoba, Canada 15 OM 37
Henglet al. (2004b) Croatia 100 OM 53.3 ESE)) 665
Gesslert al. (2000) California, USA 1 C 80
Buiet al. (2006) Australia 250 C 69
Thompsonret al.
(2006) Kentucky, USA 10 OM 28
Zushi (2006) Japan 10 SOM 50.4
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Bulk DensityThe frequency distribution of therofile-basedDbdatais plotted in
Fig.5.13, indicating a shift towards higher densities with increasing depth, as to be
expected for (i) a generally glaciated landscapenwveixtensive areas subject to glacial
regolith compaction, and (ii) for the general decreasing inaggregatingsOMcontent
with increasing soil depth. The actual versus Hettd results Fig 5.B) account for

about 85% of the of therofile reported data.
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Figureb5.13. Frequency distributions for Db at defined depth intervals-df5gm (op left), 1530cm top
right), 3060cm pottom left), and 6@90cm pottom right). Note how bulk density increases it
increasing depth.
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Figure 5.14. Comparison of performance plots (measured vs. fitted) for Db models at defined depth
intervals of @15cm {op left), 1530cm (op right), 3060cm pottom left), and 6690an (bottom right).

Only few studieiave applied DSM techniques for modeling Db of wBiallabio

et al. (2016) modeled topsoil sand, silt, and clay and used this to predict Db over the

extent of the European Union at 100m resolutidansuyet al. (2014)predicted 17% of

the variation in Db at 250m resolution ftre Canadian forested land base.

Solumbased model results for actual vditdd predictions of sand, silt, clay, CF,

SOM, and Db are represented in Fig. 5.15 with resulting spatial predictions depicted in

Fig. 5.16.
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Figureb.15. Comparison of performance plots (measured vs. fittied sand top left), silt (op right), clay
(mid left), CFrhid right), SOM (pottom left), and Dbl§ottom right) measuredn the solum basis
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