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Samenvatting

De karakterisatie van bodemeigenschappen is essentigetga duurzaam land-
en waterbeheer. Gedetailleerde bodeminventarisatiedenozchter bemoeilijkt
door de complexe en multivariate natuur van bodems. Heysain van bodem-
stalen is een fundamenteel onderdeel van een bodeminigatiarMeestal wordt
het aantal bodemstalen echter gelimiteerd door de kosjcenddig voor het ne-
men en analyseren van de stalen. Hierdoor worden de nauigkeid en resolu-
tie van de verzamelde bodeminformatie ook begrensd. Metosgremende vraag
naar gedetailleerde informatie is ook de interesse voanskire bodemdatabron-
nen gestegen. In deze context hebben recente technolegisthikkelingen het
verzamelen van hoge resolutie bodeminformatie mogelifkagkt door de intro-
ductie van proximale geofysische bodemsensoren.

Dit werk omvat de studie van een nieuw type bodemsensor vyaahadruk
lag op de verwerking van duale sensor signalen met een hegdutie. De
EM38DD bodemsensor meet de schijnbare elektrische geleitieid (EG) van
een bodem door elektromagnetische inductie (EMI). Dezemdnestaat in feite
uit twee enkelvoudige EM38 toestellen loodrecht op elkaat gk hun eigen
diepte gevoeligheid. Hierdoor worden er simultaan tweg BEtingen bekomen:
één in de horizontale oriéntatie (E€l) en één in de verticale (E&/). De mo-
gelijkheden van dit tweevoudig sighaal om bodemeigengurafe inventariseren
en karakteriseren werden onderzocht.

In een eerste luik werd er nagegaan of de EM38DD aangewend/deiden
om de nitraathuishouding van een weiland te karakteriseperen binnenin-
perceelsniveau. In de Vlaamse Zandstreek werdepka@rten gemaakt voor een
1 ha weiland waaruit de texturele bodemvariabiliteit kogedéid worden. Beide
sensor-oriéntaties weerspiegelden hetzelfde ruimtaditkoon van bodemvariatie.
Met een fuzzyk-means classificatie werden er twee E©@nes afgebakend: één
zone werd gekenmerkt door lage E®@aarden en een homogeen zandig bodem-
profiel terwijl in de andere zone hogere Bflaarden voorkwamen door een reduc-
tie van het zandgehalte in de diepte (60-90 cm). Het nitedmtiye (0-60 cm) werd
bepaald op drie tijdstippen: in november, januari en malaen stratificatie van
deze nitraatdata volgens de £fbnes wees op een differentiéle nitraathuishoud-
ing in deze zones. Daarom werd gestratifieerde simple kyigebruikt als meth-
ode om het nitraatgehalte in kaart te brengen op de driditigen. Aan de hand
van de gemiddelde gekwadrateerde schattingsfout (MSEBRjéitatieparameter
werd deze methode ook beter geévalueerd dan ordinary grigiovendien wer-
den er voor de periode van november tot januari meer nitealédzen vastgesteld
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in de zone met lage Evaarden, terwijl in de andere E@one, gekenmerkt door
meer klei en silt in de ondergrond, de nitraatverliezenrggsi waren. Er werd dus
een verschillende evolutie van het residueel bodemnieduatite tijdens de win-
terperiode geobserveerd in de ££bnes. Verder werden de drie ordinary kriging
kaarten van het nitraatgehalte ook geclassificeerd en ggrakaaarde van 0.73
werd gevonden wat wijst op een redelijke overeenkomst tuggenitraatzones
en de EG zones. Deze resultaten toonden de mogelijkheden van eei8EBM3
bodemsensor aan voor plaats-specifiek stikstofbeheerianderen.

Een volgend luik was gericht op de ruimtelijke karakteigsatan het
voorkomen van regenwormen aan de hand van de EM38DD. Kerweis de
ruimtelijke variabiliteit van regenwormen is essentiedl tot het optimaliz-
eren van het bodembeheer. Zowel biotische als abiotisatteréan dragen bij
tot het ruimtelijk voorkomen van regenwormen maar dezeoiegen zijn niet
gemakkelijk te onderscheiden. Zowel een intensieve sdiaaitampagne van
de regenwormsoorten als een Hibdeminventarisatie werden uitgevoerd om de
ruimtelijke variabiliteit van regenwormgemeenschappepepulaties te beschri-
jven en gelijkenissen tussen de patronen van regenwormkeoen en de bo-
dem EG als abiotische component werden bepaald. Aan de hand vagesen
statistische analyse kon besloten worden dat de endogessciten (bodemwoel-
ers) voorkwamen in overlappende clusters, terwijl het kooren van anekische
soorten (diepgravers) ruimtelijk gescheiden was. Bowamdvas de EE vari-
abiliteit alleen gerelateerd met het voorkomen van diepgrde regenworm-
soorten. Deze bevindingen werden bevestigd in een uitgib@tegorische
vergelijking van de bodem Ekaart en kaarten van het voorkomen van de re-
genwormsoorten. Een grote graad van gelijkenis werd gexmtubsen de geklas-
sificeerde kaart van de anekische soorten en deviat erop wijst dat hun vari-
abiliteit gedreven werd door de ondergrondse bodemvditeihiDeze studie be-
wijst dat een bodemonderzoek gebaseerd op EM38DD data etipel@/ende
aanpak is om de ruimtelijke variabiliteit van diepgravemegenwormsoorten te
identificeren.

Vorst-wig pseudomorfen zijn belangrijke indicatoren vagt paleoklimaat,
maar methodes om hun polygonaal patroon te observerenegijfieebeperkt. In
de volgende studie werd er hiervoor een nieuwe methode getthesp EM38DD
gegevens voorgesteld en geévalueerd. Een polygonaal metai met zand ge-
vulde wiggen was tijdelijk zichtbaar aan de oppervlaktedi@deneter van de poly-
gonale cellen varieerde tussen 0.2 m en 10 m. Op basis vanggemgroter dan
0.25 m werd werd er een gedetailleerde tekening gemaaktetameitwerk die na
digitalisatie en rasterisatie gebruikt werd als valided@t. Een bodem E{on-
derzoek werd manueel uitgevoerd met een resolutie van OfpGrban. Tegen alle
verwachting in was er noch op de k€ kaart, noch op de E£V kaart een poly-
gonaal netwerk zichtbaar. De wiggen waren nochtans gekeémdwor een andere
bodemtextuur dan het gastmateriaal. In de wiggen bevordeztsch zand ter-
wijl het materiaal van de bodem errond bestond uit marierrjjkeand en klei.
Door de verhouding te nemen van beidejBgnalen wordt de profiel ratio (PR)
verkregen en deze bleek zeer informatief: het polygonaabpa was duidelijk
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aanwezig op een kaart van de PR. De laterale texturele Vi#gdlvan het gast-
materiaal bleek groter dan het textuurcontrast tussen wigastmateriaal en een
enkelvoudig EM38DD signaal werd dus voornamelijk beindldeor de bodem-
variabiliteit van het gastmateriaal. De duale dipool camnfagie van de EM38DD
werd fundamenteel bevonden om een netwerk van vorst-wigdaseorfen waar
te nemen. De nauwkeurigheid van de voorgestelde methodbgervatie van po-
lygonale netwerken werd bevestigd door een algemene nauigkeid ) van
81% bij vergelijking van de geklassificeerde PR kaart en didatiekaart.

Naast laterale bodemvariabiliteit, is ook kennis van déicgle bodemvari-
abiliteit bepalend voor de meeste bodembeheersmaatmegBlgarom werd de
capaciteit van de EM38DD om texturele discontinuiteiteriteabakenen onder-
zocht. Het onderzoek vond plaats op een deel van een boasgéaint de Kempen
waar in de zandgronden een kleisubstraat op variabeleedsptwezig is. Aan
de hand van een EM38DD bodemonderzoek werd alleen de PRikBarhatief
bevonden voor de afbakening van het kleisubstraat: eealeiknig patroon met
lage PR waardes (<1) werd geidentificeerd als het kleisaddstDe variatie in een
enkelvoudig EM38DD signaal werd voornamelijk bepaald ddedaterale vari-
abiliteit van de bodemtextuur en hieruit kon de aanwezigjtien een kleisubstraat
niet afgeleid worden. Om de omvang van het kleisubstraa bhkenen werden
twee numerische methodes gebruikt: (i) een fukapeans classificatie van de
PR kaart waarna de klasse met de laagste centroid waardaouelen werd, en
(ii) een probaliteitsaanpak aan de hand van indicator kgigEen indicator vali-
datiekaart werd verkregen door een reeks boringen en op hi@svan werden er
voor beide methodes kaartvergelijkingsstatistiekenkmré die aangevuld wer-
den met ruimtelijke nauwkeurigheidsstatistieken. Dedatbr kriging methode
werd best bevonden en de nauwkeurigheid werd gekwantificeet eerP, van
83.8%, de locationele kappa was 0.864 gwas 0.841. Beide methodes onder-
schatten echter de grootte van het kleisubstraat. Dez#atesubenadrukten dat
het tweevoudig signaal onontbeerlijk is om texturele disicwiten te karakteris-
eren.

Het laatste deel van de thesis behandelt de integratie vaimale EM38DD
signalen om de voorspelling van de textuur van de bovengmrdrbeteren. Op
een 10.5 ha polderveld werd met een EM38DD een bodemondeuitgevoerd
met een resolutie van 2 op 2 m en 78 stalen van de boven-engsoddrwer-
den geanalyseerd op textuur. Door de aanwezigheid van oatirkanalen in
de ondergrond was de variatiecoéfficiént (CV) van het kleédfe in de onder-
grond veel groter (45%) in vergelijking met de bovengrongg). De EG-H en
EC,-V metingen vertoonden een analoog patroon wat wijst op eemrtante in-
vloed van de grote texturele variabiliteit van de onderdrop beide signalen. Om
informatie over de textuur van de bovengrond te extraherediepte-gewogen
EM38DD gegevens werden artificiéle neurale networken (All&)gewend. Het
effect van verschillende inputlagen op de voorspellingsrieurigheid van klei in
de bovengrond werd onderzocht en geévalueerd. Om de reantée bovengrond
te identificeren werden zowel ANNen met een enkelvoudigaadals met beide
EM38DD signalen getraind. Om de invloed van de lokale pixajeving te onder-
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zoeken werden ANNen opgesteld met als input contextueldif@matie. Hier-

toe werd er een venster van Ei@formatie rond een centrale pixel meegenomenin
de input. Het beste ANN model was gebaseerd op beide oligntainder reke-
ning te houden met contextuele informatie: de MSEE was 2288%thet ANN
model verklaarde 65.5% van de kleivariabiliteit in de bayemd met een vari-
antie van 0.052% Dus door het samenbrengen van het tweevoudig EM38DD
signaal in een ANN werd de voorspelling van het kleigehaiteeé bovengrond
duidelijk geoptimaliseerd.

Tenslotte werd besloten dat bodem E@=gevens zeer waardevol zijn om
bodeminventarisaties te verbeteren waarbij het doel vanwéatarisatie een cru-
ciale factor is die de verwerkingsaanpak van EM38DD gegebepaalt. De re-
sultaten toonden het belang aan van het tweevoudig sigaaatl® sensor voor
nauwkeurige laterale en verticale bodeminventarisaties.



Summary

The characterization of soil properties is a key to sustdemmanagement of land
resources. Detailed soil inventory however is complicdigdhe complex and
multivariate nature of soil. Typically, soil inventorieseabased on a number of
soil samples. Nevertheless, the cost and time needed &ctalhd analyze soil
samples limits the detail of soil information. With an inasing need for detailed
soil inventories, the use of ancillary data to improve theuaacy of soil informa-
tion gained interest. In this context, recent technoldgieselopments enabled the
collection of high-resolution soil information througtetmtroduction of proximal
geophysical soil sensors.

This thesis comprises the exploration of a new type of seikeg with em-
phasis on the processing techniques of high resolution shibkensor signals.
The EM38DD soil sensor measures the soil apparent elelatnoauctivity (EG)
based on the principle of electromagnetic induction (EMdre specifically this
sensor consists of two single EM38 sensors, each with itstapth sensitivity. As
such dual E@ measurements are obtained simultaneously: one in thedmbaiz
orientation (EG-H) and one in the vertical orientation (E). The possibilities
of an EM38DD sensor data to inventory and characterize sopgrties were ex-
amined.

First, it was investigated wether the EM38DD soil sensoermsffinsight into
the within-field nitrate dynamics of a pasture field. On a 1 k#lfin the sandy
region of Flanders the within-field soil textural variabjlivas revealed by the EC
maps. Both sensor orientations yielded similaryB@tterns. Using a fuzzi-
means classification two E&ones were delineated in the field: one zone was
characterized by low EQvalues and a homogeneous sandy profile while in the
other zone higher EQvalues were observed and a reduction of the sand content in
depth (60—90 cm) was found. The nitrate content (0—60 cmhjleyds measured
in November, January and March and a stratification of these dccording to
the EG, zones indicated a differential nitrate behaviour in thesees over win-
ter. Therefore, stratified simple kriging was used to mamilrate content at the
three sampling times. This mapping technique was evaluatbd better in terms
of prediction accuracy (MSEE) compared to ordinary krigaighe nitrate data.
Moreover, large nitrate losses were observed in the peraod November till Ja-
nuary in the zone with lower EGralues, while in the Egzone characterized by
more clay and silt content in the subsoil less nitrate lossgs observed. As such,
the EG zones represented zones with a distinct evolution of thiduwaksoil ni-
trate content during winter. The three ordinary krigedatémaps were classified
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and a substantial agreement was observed between thedB€s and the nitrate
zones as expressed bykaf 0.73. These results emphasized the potential of the
EM38DD soil sensor for site specific nitrogen management.

A next study aimed at the spatial characterization of easthvg occurrence
using an EM38DD soil sensor. To optimize soil ecosystem mament know-
ledge about the spatial variability of earthworms is esaérBoth biotic and abi-
otic factor drive the occurrence of earthworms, but elutiiggthem is not straigth-
forward. Based on an intensive earthworm sampling camgaidgran EG survey,
the spatial variability of earthworm communities and p@pions was described
and similarities between their spatial patterns and thg\Ea@ability as the abiotic
component were assessed. Using geostatistics, it wasvellsiiat the endogeic
species occurred in overlapping clusters, while the arma@cies occurred in spa-
tially separated zones. Furthermore, the measured/&@ability was only related
to occurrence of the deep-burrowing earthworm species.l#boeated categorical
map comparison between the earthworm and B&ps comfirmed these findings.
A high degree of similarity was found between the classifiegphsof the anecics
and the soil Eg indicating that their spatial variability was determineg the
subsoil variability. These results proved that an EM38DBdabsoil EG survey
is a promising approach for identifying the spatial vadigpiof deep burrowing
earthworm species.

Frost-wedge pseudomorps are important paleoclimateatatis but only lim-
ited methods exist to detect the wedge casts. In the folipwiady, a new ap-
proach to detect the polygonal pattern of frost-wedge pse&wdphs based on the
EM38DD sensor was proposed and evaluated. Temporarilylygqoal pattern
of sand-filled frost-wedges was exposed with polygonabkaglhging from 0.2 m
to 10 m diameter. A detailed drawing of the polygonal netwofkhese frost-
wedge pseudomorphs was made allowing the creation of aatiitdimage which
only considered wedges wider than 0.25 m. Manually, an EM38Dil survey
was performed at a resolution of 0.5 by 0.5 m. Surprisingiyther on the EG
H map, neither on the E£LV map the polgyonal pattern was visible. Neverthe-
less, soil EG differences were expected since the wedges were charsatdry a
different soil texture compared to the host material. Theges were filled with
wind-blown sands while the host material consists of mafi@eich sand and clay.
Calculating the profile ratio (PR) by rationalising 8 to EC,-V however was
very informative: the PR map clearly revealed the polygmadtern. It was con-
cluded that the textural variability of the host materiabv@rger than the textural
differences between wedges and host material and a singB8BM signal was
dominated by the host soil textural variability. The duglale configuration of the
EM38DD soil sensor appeared to be essential to detect thredf frost-wedge
pseudomorphs. The accuracy of the EM38DD based polygohabriedetection
was confirmed by an overall accuracy of 81% when comparinglssified PR
map with the validation image.

Additionally to lateral soil variability, also informatioconcerning the vertical
soil variability is required for most soil management dixis. Therefore, the po-
tential of the EM38DD soil sensor to delineate soil textatiatonuities was inves-
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tigated. The study site was part of a forest plantation irGhmpine region where
in the typically homogeneous sandy soils a clay substrattouroed at a variable
depth. Based on an EM38DD soil survey, only the PR map seeortselinforma-
tive for the delineation of the clay substratum: a circulatt@rn with decreased
PR values (<1) was identified as the clay substratum. Theati@miin a single
sensor orientation was mainly driven by the lateral textuaaiability of the site
and the presence of a clay substratum could not be deduaadsfgingle signal.
To delineate the extent of the clay substratum, two numlemiezhods were used:
(i) a fuzzyk-means classification of the PR map focusing on the lowedtaen
class, and (ii) a probability approach through indicatagiklg. Using a valida-
tion image obtained from directed auguring, cell-by-celinparisons were made
for these two methods complemented with spatial accura@sares. Although
both methods tended to underestimate the spatial extehieoflay substratum,
the indicator kriging method was the most accurate, withaarall accuracy of
0.838, a proportion of error due to locational errckgd) of 0.864, and gwas
0.841. These results emphasized that the dual signals oM&8BED soil sensor
are primordial to characterize soil textural discontirasit

The last part of the thesis focused on the optimal integnaifahe dual signals
of the EM38DD to improve topsoil textural predictions. In@3 ha polder field,
an EM38DD survey was performed with a resolution of 2 by 2 m @®damples
of top- and subsoil were analyzed for texture. Due to thegires of former wa-
ter channels in the subsoil, the coefficient of variationhaf $ubsoil clay content
(45%) was much larger compared with the topsoil (13%). Thge-B@nd EG-V
measurements displayed a similar pattern, indicating aimmhinfluence of the
subsoil features on both signals. To extract topsoil tettunformation from the
depth-weighted EM38DD signals we turned to artificial nénedworks (ANNS).
We evaluated the effect of different input layers on theightib predict the topsoil
clay content. To identify the response of the topsoil, bath3BDD orientations
were used. To examine the influence of the local neighbouthmmntextual EE
information by means of a window around each soil sample wdsdto the input.
The best ANN model used both EM38DD signals but no contexitfi@aimation:
a mean squared estimation error (MSEE) of 2.83%4s achieved and the model
explained 65.5% of the topsoil clay variability with a varé@ of 0.052%. So, by
fusing the two EM38DD signals through ANNS, the predictidth® topsoil clay
content was optimized.

Finally, it was concluded that soil EGlata are valuable to improve soil in-
ventories with the objective of the soil inventory as crlidator determining the
approach to EM38DD data processing. The dual signals of ii@3DD soil sen-
sor were stressed to be essential for adequate lateral aichi/soil inventories.
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1.1 Framing soil sensors within a soil inventory con-
text

We know more about the movement of celestial bodies thart #imou
soil underfoot Leonardo DaVinci, circa 1500s

Although the characterization of soil properties is a keyh®e sustainable man-
agement of land resources, soil is not straightforward t@ntory. From the
beginning of soil science, man struggled to capture and mimprnation of soil
properties. Soil is inherently highly variable due the céempnteraction of the
soil-forming factors climate, organisms, relief and pamaaterial acting and in-
teracting through space and time (Jenny, 1941). The signifie of soil spatial
variability is related a.o. to controlling the hydrologiicgcle, optimizing the crop
yield potential and limiting environmental pollution rsKThis variation is usually
considered to be problematic in relation to sampling effenil data quality and
uncertainty for optimal soil management decisions (McBegt 1992). Moreover,
our information-based era forced soil survey (or soil magpimethods to evolve
and adapt to the demand for quantitative information at famet finer resolutions
(McBratney et al., 2003).

Traditional soil survey concepts are based on qualitate®gnition of soil
properties in relation to landscape and environmentaabéas (Scull et al., 2003),
yielding the delineation of homogeneous soil map units. Aamswer to the crit-
icims on the qualitative character of the soil maps, quatiti methods have been
developed the last thirty years, recognizing soil varigbés a key soil attribute
(Cook et al., 1996; Burrough et al., 1994). To account fortheertainty and com-
plexity associated with a soil survey a wide range of mathala(geo)statistical
and numerical methods were developed (McBratney et alQR®esides, classi-
cal soil survey and analyses in the lab are expensive anddimsuming, limiting
the scale and accuracy of the soil survey information.

With an increasing awareness of environmental, ecologagiicultural and
natural resources issues, a precise characterizatioreafdih and its variability
becomes essential. This has prompted the development @ tinoe- and cost-
efficient quantitative methodologies for soil charactatian. The last decade the
use of ancillary data has gained attention to improve theracy of predicting soil
properties (Finke et al., 2004; Minasny and McBratney, 2@%hg et al., 2003).
Moreover, recent technological developments enabled feigblution data acqui-
sition through remote and proximal sensors. The term ‘pnakisensor’ is used
for terrestial based sensors collecting data from a distafitess than two metres
above the soil surface, while the term ‘remote sensor’ ismexl for air- or space-
borne sensors. Soil properties suited to be characterizeghiiote sensing should
have a clear surface expression (e.g. soil moisture, s&@®ximal soil sensors
are suited best for small areas and detailed investigatRossiter, 2005), as such
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these sensors fit perfectly in the framework of soil mapping &ine resolution.

In this context, a high spatial resolution is defined as 10 hess (Viscara Rossel
et al., 2008). Advantages of using these sensors over cdssiil sampling in-

clude their (possible) non-invasive nature, the collectibhigh resolution soil in-

formation in real time, the relative low cost of data acdiasi and the possibility

for a mobile survey configuration (Viscarra Rossel et alQ720In fact, proximal

soil sensors supply a window to the surface and are a highiakée source of soil

information. Over the last years, the most widely used smiksrs are electrical
and electromagnetic induction (EMI) sensors (Adamchul.e2804).

This study concentrates on one type of EMI sensor being conially avail-
able: the EM38DD soil sensor (Geonics Ltd, Canada). An EMbee measures
the apparent electrical conductivity (BX®f the soil, which generally varies with
salinity, clay content and water content (McNeill, 1980e)e EM38DD soil sen-
sor consist of two single EM38 sensors. The depth of influefctne EM38
depends on its operation mode: it is designed to be used indmdal or vertical
orientation, and this orientation determines the deptlyited response curve of
the sensor (Lesch et al., 2005). The horizonta} E&flects topsoil properties (up
to 0.75 m depth), while in the vertical orientation the depttinfluence increases
up to 1.6 m depth. As such, the orientation of the sensor isiarto obtain soil
information from the depth of interest.

FIGURE 1.1-The EM38DD soil sensor.

In 2001, an adapted version of the EM38 was developed, beeédual dipole
EMS38 or the EM38DD soil sensor (Fig. 1.1), which consistsved EM38 units
perpendicular to each other, allowing the simultaneoussoreanent of both hor-
izontal and vertical soil E& The dual dipole character of the EM38DD sensor
has a lot of potential for applications in soil managememteiboth top- and sub-
soil properties are addressed simultaneosuly. The depatih Soil Management
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from the Ghent University was the first in Europe to buy an EMB8sensor in
2001. It made them a pioneer in exploring the possibilitiesvwo co-located soil
EC, signals.

1.2 Aim and research questions

The rationale of this research goes back to the laté@dtury when non-invasive
soil sensors were first introduced into soil science. At tina¢, soils were charac-
terized by taking a limited number of soil samples, whichevenalyzed in the lab
and used in combination with knowledge on soil-landschefagions to draw soil
map units. When the concept of spatial variability withiagh units was launched,
the limitations of our soil information sources became aegalhawareness. Meth-
ods to bridge the gap between qualitative and quantitadivésentory techniques
and the increasing demand for highly detailed soil infoiorabccupied soil sci-
entists over the last few decades.

The general aim of this dissertation is to demonstrate tksipiities as well as
the shortcomings of a modern sensor-based approach taamyemd characterize
soil properties at a high resolution. In fact, this diss@taintroduces the in 2001
developed EM38DD soil sensor in soil surveying for diffarsail management
applications. The novelty of this sensor is its dual chanaoy which two signals
are obtained simultaneously: the strength of processingstgnals instead of a
single one was assessed.

To reach the general aim, the following research questi@rs answered:

* Which soil management applications can benefit from an Evissr-based
approach?

< Does the within-field soil variation of Flanders (Belgiurajjuire high reso-
lution soil data?

« Lateral and vertical soil heterogeneity: a single or dudBB problem?
« |s there a difference in characterizing top- or subsoipgrties?

» Does the dual dipole character supply complementary sfmitination?
 Are soil samples and lab analyses now redundant?

« Which processing techniques are suitable to analyse EN)G&&a?

What is the optimal procedure to increase informationastion from dual
signals?

What are the limitations of the EM38DD soil sensor?
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These questions are related to the objective of the inveritmthe character-
istics of the EM38DD sensor or to the methods and techniqeeded for sensor-
based soil mapping.

1.3 Outline of the research

The outline of this research is schematized in Fig. 1.2.

Background on soil inventory

Chapter 1 Introducing soil sensors
Chapter 2 Measuring soil variability
Chapter 3 Analyzing soil sensor data

i

Different approaches to EM38DD data processing

Chapter 4 Characterizing nitrate dynamics

Chapter 5 Explaining earthworm variability

Chapter 6 Prospecting quaternary frost-wedges
Chapter 7 Locating clay lenses in a sandy forest soil
Chapter 8 Combining EM38DD data using ANNs

l

General conclusions

Chapter 9 General conclusions & recommendations

FIGURE 1.2- Outline of the research.

In the first three chapters a general background on the tege/én. An in-
troduction on soil sensors and the state of the art is givebhapter 1, Chapter
2 contains a literature review related to measuring soilatélity and Chapter
3 addresses the methodology to analyze soil sensor data tihbeesults were
structured according to the objective of soil inventory amel appraoch followed
to analyze the EM38DD data.

Chapter 4 deals with the within-field variability of a pagtoil in the sandy
region of East-Flanders, Belgium. A literature review oegision agriculture
highlights the need for site-specific nitrogen manageme&he nitrate dynamics
of the pasture field were characterized and a nitrate ma@ppgoach based on
electromagnetic induction was proposed. Finally, the dislesosensor to delineate
zones with similar nitrogen dynamics was evaluated.

In Chapter 5, within-field soil classes were characterizetéims of the soil
biology. The study site was an arable field in the centralddest of Belgium.
Related to the soil ECa, differences in the abundance dfwartn species were
investigated and similarities in the spatial patterns df80, and earthworm abun-
dances were quantified through map comparison statistitkg®lity assessment
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using an EMI-based soil sensor was discussed.

Chapter 6 and 7 both aimed at defining a strategy to locatéeswilral discon-
tinuities. In Chapter 6 paleo-patterns from quaternarngswere the topic under
investigation. A field survey was performed and a combimatibthe simultane-
ously measured horizontal and vertical ffas established to reveal the polygonal
network of frost-wedge pseudomorphs.

In Chapter 7 a detailed inventory of the lateral and vergodlheterogeneity of
a sandy forest soil was the objective. The extent of thecadrkieterogeneity was
delineated using two data analyzing techniques: (i) a ifleson approach and
(ii) a probability approach through indicator kriging. Mmver, several advanced
map comparison statistics were used to quantify the acgwfabe delineation.

Chapter 8 evaluated the use of artificial neural networkgdpsoil textural
predictions. The aim was to filter out the effect of the subsnithe horizontal
soil EC,. As a data fusion method both orientations of the EM38DD sewgre
used in the input layer of the network. The sensitivity of tleéwork to changesin
the input layer (either including single or dual sensor infation, either including
contextual EG information) was assessed and compared in terms of theaycur
of the prediction.

The last chapter summarizes the results from the differas¢ studies and
links these results to the originally defined research duest General conclu-
sions are drawn concerning the use of an EM38DD sensor farrkigplution soll
inventories.
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Quantifying soil variability
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2.1 Soil variability: the scale issue

Soils have the key characteristic to vary in space and witle {Sommer, 2006).
This variation in space holds true for a range of spatialescafrom within-field
soil variability (the micro-scale) over variability betese fields (the meso-scale)
and landscapes (the macro-scale) to variation betweenngdihe mega-scale)
(Bouma and Finke, 1993). With the term scale is referred éogéographical or
observation scale which is defined as the spatial extent tidy ©r the spatial
environment within which a question is posed (Jenerettevdnd2000; Lam and
Quattrochi, 1992). There are two categories of variabilisystematic or func-
tional variations and random fluctions or noise (Hall andoB]|s1991; Logsdon
et al., 2008). According to Wilding and Drees (1978), theteymtic variations
are those related to the five soil-forming factors, with tp@phy (relief) being the
most addressed factor (Demas and Rabenhorst, 2001). Invetinds, the syste-
matic soil patterns are described and analyzed in termsddgenesis. However,
the relative importance of these factors is scale deper{@emtayas et al., 2004).
With an increasing spatial scale, the predominance of t@uity to predict the
variability of soil properties would gradually be repladeg parent material and
climatic factors (Park and Vlek, 2002). Focusing on two spatcales, the fac-
tors influencing the spatial variation of the soil chemiaahposition was putin a
model by Benayas et al. (2004) (Fig. 2.1). Variation in clienand parent material
are most relevant at the landscape scale, while at a field smabgraphy, soil tex-
ture, soil moisture and plant community composition affg@tdients of the soil
chemical composition. The arrows indicate an (in)direfgaffrom one factor to
another.

Landscape Field
level level
. » |Soil organisms
Climate »>
— | (vegetation & fauna) \
T~ i i
Soil chemical
Topography Soil moisture | ———» :
- » compostion
/ T
Ey— R . /
material » | Soil texture

FIGURE 2.1 - Hypothesized model of spatial variation of soil propesrtiadapted from
Benayas et al. (2004).
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Random differences, on the other hand are said to compose gaots of the
observed variation that are not related to the soil-fornfaxgjors or cannot be
directly analysed at the chosen observation scale (Bulrdl@83). Soil manage-
ment induced variability also belongs to this category afataon (Bouma and
Finke, 1993). Upchurch and Edmonds (1991) state that thsialivbetween ran-
dom and systematic soil variation is based on the sourceof produced by the
variation. Systematic variability can be attributed to @kn cause, understood
and predicted. Variability that cannot be related to a @ertause is called ran-
dom variability. In general, natural or undisturbed soils @xpected to have larger
systematic than random variability.

Nevertheless, the distinction between systematic andorancbmponents is
also scale dependent since an increase of the scale of absaralmost always
reveals structure in the noise (Burrough, 1983). Geottatlstools (see sec-
tion 3.1), like variography, allow differentiation betwestructured variation and
micro-scale and/or random variation (Cressie, 1991). Eaale level has differ-
ent implications for the soil information required (McBmay et al., 2000). At the
within-field level, information is needed for agricultua natural resources man-
agement. As the scale increases, precise soil knowledgeded for environmen-
tal monitoring and for studying changes brought about bysaugition of ecosys-
tems. At the mega-scale, soil information is required fa $kudy of the global
climate, food production and supply and for advising polgkers. Besides, soll
spatial variability also affects processes such as croptgrand leaching of pol-
lutants and the key factors causing variation in a processdifter according to
the spatial scale (Lark, 2005). Within-field clay variatyilmight determine vari-
ations in the organic carbon content, while differenceslay content between
fields might be relatively unimportant compared to topogsepr land use differ-
ences. Already in 1992 it was recognised that scaling issiesld be considered
as a primary focus of research efforts. Levin (1992) staiat'The description of
pattern is the description of variation, and the quantificaof variation requires
the determination of scales’.

2.2 Quantifying soil variability

The characterization of the spatial variability of soil pesties is essential in en-
vironmental prediction, precision agriculture and natuesources management
(Lin et al., 2005). Considerable research has been donaatkazing soil variabi-
lity at a particular scale. Physical and chemical propsidie not only vary across
a field, substantial variability can be found at a withindistale (Corwin et al.,
2003). Under Flemish field conditions however, chemicapprties were shown
to display dominantly a micro-scale (< 5 m) and random veammgtwhile the phy-
sical and biological properties displayed a strong stmectwariability (Van Meir-
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venne, 2003). Lin et al. (2005) made an inventory of the gualtial variability

at four scales and found that most of the variability of séil and depth to the
A-horizon was within a 12 m distance. All these studies cti@rized the solil
variability at a micro-scale using one of the methods exdibelow.

2.2.1 Direct information

Direct measurement of soil variability involves soil auggraccording to a prede-
fined sampling design, followed by a laboratory analysishefrequired soil pro-
perties. At the origin of the sampling strategy in the 198@s aim of the sampling
was to estimate the mean, and to a lesser extent the variatioe soil property
of interest. With the introduction of geostatistics in ssdience, the expression
of the spatial variation became essential since it uses a&hwofdspatial depen-
dence, the variogram (Webster and Oliver, 2001) (see se8tib). Quantifying
soil variability requires soil sampling at an intensity tthll allow the variabi-
lity to be mapped with some degree of confidence (Wollenhaugt, 1997). As
such, the degree of spatial soil variability influences titensity with which a
soil must be sampled to characterize the properties of anadrimterest (Corwin
et al., 2003; Petersen and Calvin, 1986; Oliver, 1999). Theerheterogeneous
the soil, the more intense the sample rate must be to attaivea grecision. To
quantify the spatial variation, the sampling interval dddall within the scale of
variation. However, few data are available from which themtude of the differ-
ent categories of variability may be estimated. A variogmovides an unbiased
description of the scale and pattern of spatial variatiolivé® 1999). Neverthe-
less, to obtain a reliable variogram Webster and Oliver {206commended at
least 100 sampling locations. Commercial soil surveysdbaseauger sampling
are typically conducted based on grid of 100 m by 100 m (1 sarpet hectare)
(Earl et al., 2003). Frogbrook (1999) demonstrated tha s with this sample
density are too sparse to identify close-spaced spatiati@r in soil character-
istics. However, mostly the affordable number of obseoratiis limited from
an economic and practical point of view due to the time-cameg nature of hand
augering and expensive laboratory analyses. The develumhealternative meth-
ods to obtain information of the soil variability is crucidlwo approaches can be
followed: (i) the use of ancillary, easy-to-obtain data tadg the sample inten-
sity (Godwin and Miller, 2003; Kerry and Oliver, 2003) or)(the use of sensor
technology to obtain a direct or indirect measurement ofsthie property (Vis-
carra Rossel and McBratney, 1998). The latter method is abas accurate as
conventional laboratory analysis, but they allow the aiita of larger amounts
of data using simpler, cheaper and less laborious techsiqEkarthermore, the
information is produced in a timely manner (Viscarra Rossell., 2008).
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2.2.2 Sensed information

To provide a cheap and fast measurement of a soil propefferett types of soil
sensors have been developed. The type of soil sensor caffilbeddgccording to:

* the measurement method;
« the distance from the sensor to the soil: proximal or remote
« the invasiveness into the soil: invasive or non-invasive.

Non-invasive sensors provide estimates of a soil propesty fabove ground ob-
servations, while invasive sensors disrupt the soil serfatd penetrate the soll
to either sense directly, or collect soil for an externakdgbn. Several soil sen-
sor systems are being developed and most of them involve fotie dollowing
measurement methods (Adamchuk et al., 2004):

« electrical and electromagnetic sensors that measureléictrieal resisti-
vity/conductivity or capacitance affected by the compoagibf the soil

« optical and radiometric sensors that use electromagwetres to detect the
level of energy reflected/absorbed by soil particles;

< mechanical sensors that measure forces resulting frorol &bgaged with
the soil;

 acoustic sensors that quantify the sound produced by artieohcting with
the soil;

e pneumatic sensors that asses the ability to inject airthresoil;

* electrochemical sensors that use ion-selective elenpeotiicing a voltage
output in response to the activity of selected ions.

Sensors based on the application of geophysical methodséstigate near-
surface physico-chemical properties are also called gesigdl sensors. Geophys-
ical methods respond to the physical properties of the sulaase media: geo-
physics is the application of physical quantity measurerteahniques to provide
information on conditions or features beneath the Earth'éase (Allred et al.,
2008). Geophysical methods can be classified into passivkaa® which de-
tect variations within the natural fields associated with ¢arth and active meth-
ods which artificially generate signals that are transuittéo the soil (Reynolds,
1997). Electrical, electromagnetic and radiometric sesibelong to this type of
sensor. An ideal soil sensor responds to the variability sihgle soil property.
In reality however, the signal of most sensors is affecteanoye than one soil
property. An overview of the type of soil sensors and theeted soil properties
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is given in Table 2.1. Mostly the best correlation betweengénsor output and a
particular soil property was found for a specific soil typenren the variation of
the interfering properties was negligible.

TABLE 2.1- Type of soil sensor and its targeted soil properties, adbfstom Adamchuk

et al. (2004). (P = Proximal, R = Remote, | = Invasive, NI = Novasive)
Soil sensors
Electrical Optical Acoustic
and and Mechanical and Electrochemical
electromagnetic ~ radiometric pneumatic
Type
Distance P R/P P P P
Invasiveness I/NI I/NI | I/NI |
Soil property
Soil texture X X X
Soil organic matter X X
Soil moisture X X
Soil salinity X X
Soil compaction X X
Depth variability X X X
Soil pH X X
Nitrate X X X
Other macronutrients X
CEC X X

A detailed description of how measurements done by thessosenelate to
the targeted soil properties is given below.

2.2.2.1 Remote sensing

Remote sensing can be defined as ‘the science and art of iolgtéifiormation
about an object, area, or phenomenon through the analyslatafacquired by
a device that is not in contact with the object, area, or phern under in-
vestigation’ (Lillesand and Kiefer, 1995). The data ardestied from a distance
that varies from a few metres to hundreds of kilometers. Rersensing occurs
through aerial or satellite imagery and is mostly based erelbctromagnetic (EM)
spectrum. Sensors are designed to detect and record thetarfle or emission of
radiation from an object. This radiation may range from thsible-UV wave-
lengths through the Near-, Mid- and Far-Infrared (NIR, MiRl&IR), microwave
and gamma ray regions of the EM spectrum (Fig. 2.2). Soilctftece is a func-
tion of soil's chemical and physical composition. The resmin different parts
of the spectral range may be affected by a different comtoinatf soil properties.
Most of the spectral responses can be related to differen@gganic matter con-
tent, iron content, texture, soil moisture and solublessadt is shown by several
studies e.g. Sudduth and Hummel (1991); Barnes and Baké0j2Chen et al.
(2000); D’Urso and Minacapilli (2006).

One of the earliest applications of remote sensing was thefieerial imagery
to aid soil mapping (Bushnell, 1932). Nowadays, a varietgiodraft and satellite
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FIGURE 2.2— The electromagnetic spectrum.

based remote sensing data such as photographs, videoghgplesspectral and
multispectral images have become available at a high $pasalution. For ex-
ample, the resolution of multispectral data increased f2&H m (MODIS MS),

to 30 m (Landsat 7 MS), 10 m (SPOT 5MS), 4 m (IKONOS MS) and 1 mi¢iou

bird MS) (Dalsted et al., 2003). As such, the spatial regmudf remote sensing
data is sufficient for using them as an ancillary data sourd¢egh resolution soll
inventories (Sullivan et al., 2005; Lopez-Granados e28i05).

However, the use of remote sensing data is limited due torgsepce of grow-
ing crops, crop residues or other land cover, as mostly flectance of bare soil is
used to characterize the soll. It is difficult to obtain bas# isnages since there is
always some degree of mixture with vegetation or dry plantgonents. Besides,
changes in surface tillage condition, rain compaction awdistare also induces
changes in the soil’s reflectance that might approach orezkspectral responses
due to physical soil properties (Barnes and Baker, 200Ghduld be noted that
remote sensing of crops (mostly aerial photography) alsddean used to inves-
tigate soil, especially for archeological prospection.wduwer, its success is less
stable since growth differences must be sharply develop@tinone crop. Dif-
ferentation in growth patterns is influenced by a combimatb growth factors
such as the crop type, climate, soil moisture deficit and geaf physical and
chemical soil properties (Evans, 1990).

2.2.2.2 Proximal soil sensors

The term ‘proximal sensing’ was first introduced in 1998 teatée devices that
collect data from a distance that is in close proximity (1 mess) to the object
of interest (Viscarra Rossel and McBratney, 1998). Proksoa sensors are able
to gather soil data intensively, as such soil properties beagetermined almost
continuously. A number of proximal soil sensors have beeeldped for use in a
mobile configuration, allowing on-the-go soil measureraent

Electrical and electromagnetic sensors

Electrical and electromagnetic sensors use electricalitérto determine the abi-
lity of soil particles to conduct or accumulate electrichboge. Since the soil
becomes part of the circuit, its physical and chemical prtgee can affect the
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measured electric parameters. The ability of the soil taloehelectricity is usu-
ally quantified by electrical resistivity (ER) or electricnductivity (EC). Both
values are related to the voltage and electric currentfati@known configuration
of transmitting and receiving electrodes.

In case of measurement of ER, an invasive galvanic or doeaent (DC) elec-
trode method consisting of coulter electrodes that aretedento the soil mea-
sures the resistance to the flow of an electric current throlug soil. Figure 2.3(a)
is a schematic diagram showing the basic principle of riggisimeasurements.
An electrical current (1) is introduced into the soil thraugoulter electrodes (A
and B) at the soil surface, and the difference in current floteptial (or voltage U)
due to the resistance of the soil is measured by two addltiecaiver electrodes
(M and N). The electrode configuration is referred to as a Weamy when the
four electrodes are equally spaced in a straight line at dilessrface, with the
outer electrodes being the current transmitters and ther ielectrodes the receiv-
ing electrodes (Corwin and Lesch, 2003). The depth of inyatbn is a function
of the electrode spacing. The greater the spacing betweeoutter current elec-
trodes, the deeper the electrical currents will flow into $bé, hence the greater
the depth of exploration. Therefore, if more than two eletés are used multiple
depths can be explored simultaneously. For example, Raehéetsal. (1997) de-
veloped the Multidepth Continuous Electrical Profiling (l@BP) system which
is able to explore three depths of investigation simultaisgo(Fig. 2.3(b)).

/ ;"Equipotentials

@)

(b)

FIGURE 2.3 - (a) Basic principle of galvanic electrical resisitivityeasurements and (b)
illustration of the MUCEP system.
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The measured electrical resistance (R) is the ratio of thag®e difference and
the flow of the current between the two electrodes. The taéigi p [Ohm.m], is
the resistance standardized over the spacing betweereitteoeles &):

p =2maR (2.2)

Alternatively, this can be expressed as conductivity ssaeconductivity @) is
the reciprocal of its resistivity:

o= (2.2)

1
3
Recently an overview of the use of ER in soil science was gbyeSamouelian
et al. (2005). DC soil sensors are produced by VERIS teclgiedo Inc. (Salina,
Kansas, USA), Geocarta (Paris, France) and Crop Technology (Bandera,
Texas, USA).

Non-contact EC measurements on the other hand are basegbtmorlagnetic
induction (EMI). The basis concept of EMI is that any timeyiag electromag-
netic field will cause current to flow in any (semi)conduciblmgect that it encoun-
ters. An EMI soil sensor uses wound coils to transmit andiveadectromagnetic
fields and the principle is illustrated in Fig. 2.4(a). Thesds can be treated as
magnetic dipoles since the distance beteen the transmauittineceiver is more than
several coil diameters. A transmitter coil (Tx) energizetthwan alternating current
irradiates a low (radio) frequency magnetic field (Ampelag): the primary field
(Hp). As described by Faraday, this magnetic fielgirtluces eddy current loops
in the soil, proportional to the conducivity of the soil iretlicinity of the loops.
Each current loop generates a secondary magnetic fig)dtiet is proportional to
the current flowing through that loop. The primary and seeoyanagnetic field
are superimposed on each other and the resulting field isureshby the receiver
coil (Rx). The amplitude and phase of the secondary fielédiffrom the primary
as aresult of soil properties, spacing of the transmittdrraneiver coils and their
orientation, the frequency and the distance from the sofhsa (Hendrickx and
Kachanoski, 2002). The distance between the two coilsr@intespacing) and
their orientation also determines the effective measun¢mepth. The resulting
secondary field can be decomposed into two components: otis paphase with
the primary field and the other is 90@ut-of-phase (quadrature) with the primary
field.

An important issue for EMI based soil sensors is the elealtgkin depth §).
The skin depth is the depth at which the primary magnetic fiaklbeen attenuated
to e 1(37%) of its original strenght at the surface of the soil. Tuiction number
(B) is deducted from this skin depth and defined as the ratiosofitercoil spacing
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. Secondary field

Transmitter

@)

(b)
FIGURE 2.4 - (a) Basic principle of electromagnetic induction and (kjsiration of the

mobile DUALEM-21S sensor configuration with below a photggr of the DUALEM-21S
sensor outside its sled.

to the skin depth (McNeill, 1980b):

S
B=5= (2.3)

wheres = intercoil spacing [m]
w = 2rf
f = frequency [Hz]
Lo = permeability of free space F&10 ' Hm™!
o = soil conductivity [mS m1].

Soil conductivity sensors are designed to work with a skiptldéhat is much
larger than the intercoil spacing, resulting in a inductimmber less than unity.
For sensors with a fixeflands, the constraint of < 1 holds true for soils where
0 <100 mS ml. Under this condition (known as operating at low induction
numbers), the conductivity measured by the soil sensojggtional to the ratio
of the out-of-phase component of the secondary field to tinegoy field (McNeill,
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1980b):
4 Hs

where H = secondary magnetic field at the receiver coil [H%n
Hp = primary magnetic field at the receiver coil [HH.

The primary magnetic field also interacts with the soil mdigngroperties,
which is measured by the in-phase component of the secofiigédy The ratio
of the in-phase component of the secondary field to the pyirfield is related
to the magnetic susceptibility (MS, expressed in ppt) ofgbié The MS of the
soil is related to the concentration of Fe-oxides, mainlgnsite and maghemite,
in the soil, which can be altered through biological decag barning, enhanc-
ing the magnetic susceptibility of the soil. Mostly MS is dder archaeologocial
prospections by the detection of magnetic anomolies predilny archaeologi-
cal structures (Simpson et al., 2008). Commercially als&l&EMI sensors are
produced by Geonics Itd. (Mississauga, Ontario, Canada)CAALEM, Inc.
(Milton, Ontario, Canada) (Fig. 2.4(b)).

In both cases, the measured EC or ER is called ‘apparente ghre soil is
rarely uniform and the exact sample size cannot be detednihes the electrical
conductivity or resistivity of a homogeneous half-spaceraged to the depth of
investigation, that would yield the observed instrumespmnse. The measured
EC or ER values are affected by more than one physical or catsoil property:
soil salinity, clay content and mineralogy, cation exctewrgpacity (CEC), soil
pore size and distribution, soil moisture content and tewmipee (McNeill, 1980a;
Mueller et al., 2003; Samouelian et al., 2005). Since bople tyf measurements
relate to the same range of properties, the selection of ansefsing system
should be based on both practical issues and the intended tieedata (Sudduth
etal., 2003a).

Alternatively, capacitively coupled resistivity (CCR)ssgms are used to mea-
sure ER (Allred et al., 2006) . They employ capacitive cauplihrough coaxial
cables to introduce electric current into the ground. Theahshield of the coaxial
cable acts as one capacitor plate, the soil surface is the ofipacitor plate and
the outer insulation of the coaxial cable is the dielectratenial separating the
two plates. Like with DC systems a dipole-dipole electrodayis used with two
transmitter coaxial cables incorporated into the trantemitipole and two receiver
coaxial cables into the receiver dipole. At the transmitipole, an alternating
current passes from the cable to the soil through capaeiaviule at the receiver
dipole the current starts in the soil, charges up the cagraastof the coaxial cable
where the voltage generated by the current flowing in theisoileasured. Again
the spacing between the two dipoles determines the inatistigdepth, given that
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the dipole lengths are constant. A commercialised CCR syist¢he OhmMapper
produced by Geometrics, Inc. (San Jose, California) (Fg). 2

. Dipole Length
Fiber optic I
isolator cable Non-conductive
Receiver tow-link cable Transmitter
P o
b — ) S
Dipole Cable Dipole Cable Dipole Cable Dipole Cable

Resistivity Measurement

FIGURE 2.5- Schematic of the Geometrics, Inc. Ohmmapper CCR systertk¢wand
Houser, 2002).

Optical and radiometric sensors

Spectral reflectance imagery is a very promising technofogyapid measure-
ment of many physical and chemical soil properties. Theasms measure the
absorbed, reflected and transmitted radiation of soil gadiactively illuminated
by a source with known spectral characteristics (in cohtcathe passive sensors
used in remote sensing). The NIR (0.7 u®) and MIR (3 - 25um) spectral
regions seem to be the most informative since most soil toasts have their
molecular frequencies in this range. The results are congiisorption patterns
and the information should be mathematically processee twbrelated with soil
properties. Until now, research focused on spectral atiiton and prediction of
soil properties using multivariate statistics like pripai component analysis, par-
tial least squares, neural networks, etc.

A review of the soil properties predicted by a multivariatakysis of the spec-
tral response in different regions of the EM spectrum is giveViscara Rossel
et al. (2006). Soil organic matter (OM), soil moisture, CE@ @he soil textural
fractions have been predicted using spectral reflectantasajor advantage of
diffuse reflectance spectroscopy for soil analysis is thainfa single spectrum
many properties may be (accurately) determined. Howeu&;MIR spectrome-
try methods are invasive and measure only at a specified topeahsoil depth
(typically in the plough layer). The potential of this typésensor is largest in
precision agriculture. Besides, most spectral reflectamadyses are based on
measurements in the laboratory. Only recently resultseming mobile measure-
ments have been published (Mouazen et al., 2007) and a canafreobile VIS-
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NIR spectrophotometer has been launched by Veris Techieslonc. (Salina,
Kansas, USA) (Fig. 2.6(a)). Some problems concerning ptatspectrometers
involve instability due to variable distances between seasd soil, dust on the
probe, shakiness of the vehicle and changing environmfaaalrs like soil water
content. Also the calibrations are not straigthforwanajting at the moment the
wide use of this technique (Adamchuk et al., 2004).

(b)

FIGURE 2.6— Examples of (a) the VERIS VIS-NIR sensor and (b) a GPR

Radio EM waves are also applied in soil science; ground patireg radar
(GPR) is a non-invasive geophysical sensor used to prediictexture and or-
ganic matter, differences in soil compaction, depth tosoiizons and lithologic
discontinuities (Fig. 2.6(b)). The term radar is an acrorfigmRAdio Detection
And Ranging. GPR usually consists of two antennas: a tratemnadiates high
frequency pulses of radio waves and a receiver detects fileetezl EM waves as
a function of time (Davis and Annan, 2002). The reflected gnérrecorded as a
pattern on a radargram which should be processed and adalgaey specialized
software. The depth range of GPR is limited by the electgoalductivity of the
ground and the transmitting frequency. As conductivityéases, the penetration
depth also decreases. This is because the radar energyagjoiokly dissipated
into heat, restricting the investigation depth. Highengfrencies do not penetrate
as far as lower frequencies, but give better resolution.eGaly, depending on the
antenna used and the chemistry of the soil material, obsenvdepths are 5 to
30 m in sandy soils, 1 to 5 m in loamy soils and less than 0.5 nlayey soils
(Doolittle and Collins, 1998). As a consequence EMI senkak&e been used as
a precursory tool to guide the more time-consuming GPR mieasents (Inman
etal., 2002).
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At the other end of the EM spectrum, gamma ray spectrometRS)Gletects
the natural radioactive decay of isotopes of several elé&snemainly potassium,
thorium and uranium since they have long half-lives, arendbnt in the environ-
ment and producerays of sufficient energy and intensity to be measuregtay
spectrometry (Viscarra Rossel et al., 2007). The emigtextiiometric signal can
be related to soil mineralogy and texture, making it veryahle to measure the
clay content after a careful calibration with respect toltieal geology and geo-
morphology. Due to a strong attenuation by soil componém®perational depth
of GRS is limited to the upper 0.5 m. Both remote and proximR@SGhave been
used, but better relationships with soil properties wewmtbfor proximal sensors.

Mechanical sensors

Mechanical sensors can be used to estimate soil mechaestsiance. High me-
chanical resistance in the soil may arise naturally, beadby compaction from
heavy machinery or by the formation of plow pans. In all cases particles are
positioned closer to each other, a process called compactioe most common
technigue to measure soil compaction is the field measurewhbaolk density and
penetration resistance under static conditions, using sampling methods and
penetrometers respectively (Mouazen and Ramon, 2006) iretily, soil com-
paction is referred to as on-line measured soil mechargsidtance (or draught)
to different penetration tools using load cells or strainggs (Adamchuk et al.,
2001; Hemmat and Adamchuk, 2008; Verschoore et al., 2008)s& mechanical
sensors use a mechanism that penetrates or cuts througbilirend records the
force measured by strain gauges or load cells (Fig. 2.7)piea lot of research,
no commercial available system has been developed yet.

Travel direction
—

—

—_—

Soil —>
—

resistance —
force —_—>
———

—

FIGURE 2.7— Principle of a mechanical soil sensor

Strain gauges

Cutting blade
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Acoustic and pneumatic sensors

Acoustic sensors are based on reflection and transmissitheitow frequency
(audio) range to determine surface air porosity, air pebitigaand pore structure.
The change in the level of noise caused by an interactionibpadicles is mea-
sured. Pneumatic sensors measure the pressure requi@decafgiven volume
of air into the soil and compare it with air permeability (@lent and Stombaugh,
2000). Based on this principle changes in soil structure@mdpaction can be
detected. Both types serve as an alternative for mechasecelors to measure
soil compaction (Sabatier et al., 1990). Neverthelesgestihe relation between
the sensor output and the physical state of the soil is stdlly understood, addi-
tional research is needed.

Electrochemical sensors

Electrochemical sensors are capable of directly measthmmgoil nutrient avail-
ability and pH through either an ion-selective electrod&H) or an ion-selective
field effective transistor (ISFET). In both cases, the mesdwoltage (potential
difference) between the sensed and referenced parts ofstensis related to the
concentration of specific ions (H K", NOj, etc.). The potential of using ISE is
highest for pH, followed by K and then NQ (Adamchuk et al., 2005). On-the-go
measurements of these ions always involve a soil samplirctpamsm followed by
chemical extraction and measurement of the ion conceattrétirough interfacing
with the sensor. Before a new sample is obtained, the etéesorfaces are rinced
with water. A major drawback is that a significant amount abgization time to
reach equilibrium with the measured soil or soil solutioreiguired. Besides there
is a time lag between sample collection and sensor outpweiieless a mobile
pH system using two ISEs has been developed, tested (Ad&wthl, 1999) and
commercialized (Veris Technologies Inc., 2003). Direcseement of the ion
activity is still the topic of considerable research (Adduuk et al., 2007; Birrell
and Hummel, 2001; Sethuramasamyraja et al., 2008).

Of all these types of sensors, the most intensively usesenssoil science
are based on DC or EMI methods, measuring the soj. EQuite some research
studies have compared both methods. Mostly similag p&tterns were found
(Allred et al., 2006; Buchleiter and Farahani, 2002; Daleliet al., 2002; Sudduth
et al., 2001). Nevertheless each method has its advantagesavbacks making
them suitable for surveys under certain conditions (Dalmas Tabbagh, 2003).
Concerning EMI sensors, the major advantage is the eagifiesfiecting mobile
non-invasive measurements regardless the conditions gbih(dry or stony sails,
crop growth on the field). DC sensors on the other hand calyeasinge the depth
and volume of measurement by changing the spacing betweeidttrodes.
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2.3 Factors influencing the soil apparent electrical
conductivity

Three pathways of current-flow contribute to the &8 the soil (Fig. 2.8): (i)
a solid-liquid phase pathway through alternating layersaf particles and soil
solution, this conductance is primarily achieved via theh@ngeable cations as-
sociated with clay minerals, (ii) a liquid phase pathwayetag via dissolved
solids contained in the soil water occupying the large paed (iii) a solid path-
way traveling through or along the surface of soil partiatedirect and continuous
contact (Rhoades et al., 1989; Lesch and Corwin, 2003). iBecaf these three
pathways involving ion displacement through the volume afexin the pores or
at the surface of particles (cations), the soil.B€influenced by several chemical
and physical properties: soil salinity, saturation petaga, water content and bulk
density (Corwin, 2005; Corwin and Lesch, 2005a). Satungtiercentage and bulk
density are directly related to clay content and organidenaturthermore, the
negatively charged surface sites on clay minerals and argaatter provide the
solid-liquid phase primarly via exchangeable cations.

Soil Cross Section

Solid | Liquid Air .

FIGURE 2.8 — Electrical conductivity pathways: (1) solid-liquid, (Ryuid and (3) solid.
Modified from Rhoades et al. (1989).

Besides, also soil temperature is angdluencing factor since the electrical
condictivity increases at a rate of approximately 1.9%%@increase in temper-
ature. For comparison reasons, the measuredda@ be expressed at a reference
temperature of 28C using following equation (Sheets and Hendrickx, 1995):
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ECys — EC, {0.24470+ 1.43034 76675 } (2.5)

where EGs = temperature standardized £C
t = soil temperature ifiCelsius.

For a given soil temperature, it can be concluded that tHé&Siis influenced
by the soil pore configuration, the pore water content an@ii& composition.
In absence of salts this means that clay and organic mattehavie the major
influence.

Nevertheless when only within-field measurements are ¢ordethe absolute
EC, values are not of major interest. It are the relative changte soil EG that
indicate the soil’s spatial variability.

In general, the magnitude and spatial heterogeneity gfiE@ field is dom-
inated by one (or two) of these factors. Its within-field ches are large enough
with respect to the variation of the other Ei@fluencing factors that the E@an
be calibrated as a direct measurement of that dominantrfdctease where dy-
namic soil properties (salinity, water content and temjpuged dominate the EC
measurements, the spatial patterns exhibit more tempbaages, than systems
dominated by static factors (texture) (Corwin, 2005). le l#tter case, the spatial
patterns remain consistent since the dynamic propertigsaffect the magnitude
of the measured EC

2.4 The EM38DD soil sensor
2.4.1 Background on the EM38 sensor

The EM38 sensor manufactured by Geonics Ltd. has a spacihigrobetween
the transmitting coil (Tx) at one end of the instrument aral riaceiver coil (Rx)
at the other end. In Figure 2.9 the EMI principle (section22) is schematically
illustrated. The strength of the current loops generatethbyH, depends on the
electrical conductivity of the soil.

The sensor operates at a frequency of 14.6 kHz and measusetaerbe made
with the instrument dipoles either in the horizontal or gt orientation. The
measured ECwill be denoted as EEH, EC,-V respectively. In the horizon-
tal orientation (or dipole mode) both transmitter and reeecoils are oriented
parallel to the earth’s surface, while in the vertical otéion both coils are per-
pendicular to the surface. Each orientation has its ownhdeggponse profile, as
illustrated in Fig. 2.10. The relative response curves.(Rd.0(a)) describe the
relative contribution to the secondary magnetic field agsrom a thin horizon-
tal layer at any normalized depti{with z being the depth divided by the intercoll
spacing) (McNeill, 1980b). Since the EM38 sensor has amdotispacing of 1 m,
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liﬁll R

H.+H,
é Ry Reinforced
: H, Ind[Jcedssecondary magnetic
Primary Current loops in the magnetic field field

magnetic field soil created by H,

FIGURE 2.9— Schematic diagram of the EM38 showing the principle of tetesagnetic
induction. Adapted from Robinson et al. (2004).

the normalized and actual depth are the same. The respasiselpetween 0.3 and
0.5 m depth for EgV, while the surface soil only makes a very small contribnti
to the secondary field. At 1.5 m depth the soil still contrésusignificantly. The
response curve of the horizontal orientation shows a camlpldifferent behavior
with the largest contribution from the near surface soilnwionically decreasing
with depth. For a homogeneous halfspace, the equationgmjngethe relative
response(z) of the EM38 are (McNeill, 1980b):

4z
e 2.6
P (2 VERRTE (2.6)
4z

By integrating the relative response between the surfadeaadepthz, the
cumulative response B(from the soil surface up to a deptls given by (adapted

from McNeill (1980b))!
= l— .8
R\/(Z) =1 ( 2 )% (2 )

Ru(z) =1— (42 +1)% + 22 (2.9)

The cumulative response (expressed as % of the measured) ségtefined as
the relative contribution to the secondary magnetic fietdrfiall material above a
certain depttz (Fig. 2.10(b)). Since the cumulative graphs are quasi expial,
an effective depth of exploration (DOE) was defined as thétdiepm which 70%
of the response comes (or the depth below which the coniibigt only 30%) and
for the vertical and horizontal orientation respectivdig effective DOE is 1.6 m
and 0.75 m (Abdu et al., 2007; Corwin and Lesch, 2005b). Nbe&sss, for the



QUANTIFYING SOIL VARIABILITY 2-19
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FIGURE 2.10- The reponse curves as a function of the depth for the twatatiens of
the EM38 sensor: (a) the relative response and (b) the ctireutesponse.

vertical coil orientation the soil layers below a depth of 3till contribute 25% to
the secondary magnetic field, while in the horizontal oaéion this contribution

is only 12%.
For aN-layered earth, the reading of the EM38 sensor in verticel\([Eand

horizontal (EMy) orientation is (Slavich, 1990):

Ny
EMy = _Z\E%(Rvafl) —Rvi) (2.10)

Nn
EMy = _ZAECaj(RH(ifl) —Rui). (2.11)

where EG is the mean Egof theith depth layer, R, and Ry, are the cumulative
response components of thedepth layer for the horizontal and vertical orienta-
tion respectivelyNy is the number of layers till the vertical depth of measureimen
andNy the number of layers till the horizontal depth of measurem&ince the
EC, readings represent the average conductivity of the diftdegers within the
depth of investigation, the measurements are referreddeftd-weigthed or bulk
EC..
The operation of the EM38 is illustrated for two cases withiffedence in
topsoil depth, given the constraint that the topsoil haswefaclay content than
the subsoil (Fig. 2.11). The EM38 induces horizontal eleaurrent loops in
the soil and the current in each loop is proportional to tleeteical conductivity
of the soil which is in Fig. 2.11 shown by the thickness of thigpses. The
individual currents are weigthed as a function of the depthaummed to generate
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the instrument response. The response is larger when mahne sbil profile has
a higher conductivity as in the left case of Figure 2.11.

[58.5] N 28.3)
= i =Y
% =
/Q'

Subsoil
High Clay]|

FIGURE 2.11- Principle of operation of the EM38 (in vertical orientat)o Adapted from
Sudduth et al. (2001).

2.4.2 Introducing the EM38DD soil sensor

FIGURE 2.12— The EM38DD with the receiver and transmitter coils of eadbrdation.

In 2001, a new sensor was launched in a addition to a singleSEM® dual
dipole EM38 or the EM38DD (Geonics Ltd.). This sensor adyuabnsists of
two EM38 sensors perpendicularly to each other which allfawsimultaneous
measurement of the E@n both vertical and horizontal orientation (Fig. 2.12). In
the horizontal orientation both transmitter and receialscare oriented parallel
to the earth’s surface, while in the vertical orientatiothbcoils are perpendicular
to the surface. In the normal position (as in Fig. 2.12) thiiea unit is called the
master, the horizontal unit the slave.
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The EM38 soil sensor was used from the 1980°‘s on resultingconaiderable
amount of publications: in the beginning soil salinity haisawere adressed, but
with time also agricultural applications were explored comtrast, the EM38DD
soil sensor was only recently developed and in 2003, the thigethesis work
started, no scientific publications covered research witEgI38DD soil sensor.
Obtaining dual EMI based signals of a soil is a next step totrieeneeds of an
evolving soil information era. New challenges related ®dbtimal interpretation
and/or integration of the dual signals arose herewith.

2.4.3 Calibration of an EM38DD

Before starting a field survey the EM38DD needs to acclireatiige to the tem-
perature effect on the readings and a calibration is reduifée calibration was
done according to the steps described in the EM38DD Operktanual (Geonics
Limited, 2001):

1. Initial nulling

The transmitter coil is used to generate the time-varying@ry magnetic
field which induces the eddy currents in the soil, and theiveceoil meas-
rues both this strong primary magnetic field and the muchlsmsdcondary
field arising from the eddy currents. To facilitate the meament of this
small signal from the eddy currents, an internally generatgnal is used
to cancel or ‘null’ the large primary signal so that it does aeerload the
electronic circuit. To eliminate the response to the s@ttlical conductiv-
ity, the instrument is calibrated in free space by liftingaita height of 1.5
m (Fig. 2.13). With the EM38DD master unit in the horizontakjtion, the
I/P mode is nulled first by adjusting manually the control knd@hen the
mode is switched to the Q/P mode and this mode is nulled. Wétemnning
to the I/P mode the value must stay zero. The nulling phass @hén in
both modes a zero is kept.

2. Instrument zeroing

This adjustment is used to set the instrument zero so thaeitihit were
taken to a great height above the earth it would actually zead. With the
instrument at the height of 1.5 m and the master unit stilhie horizontal
position, the Q/P mode is adjusted to read approximately Senmi(H).

After rotating the master unit in vertical orientation thietence of this
Q/P reading (V) and the one in horizontal position (H) shdaédadjusted to
the master unit again in horizontal orientation (H'=V-H)héh turning then
the master unit back in vertical orientation (V') the reagimust be twice
the value of the horizontal orientation (V’'=2H’). This rétanship applies
only for a uniform or horizontally layered soil and can be detéd from
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FIGURE 2.13- Calibration of the EM38DD.

the cumulative response at a depth of 1.5 m (Fig. 2.10(b)jhénvertical

orientation material below 1.5 m contributes 32% to the oasp while the
same soil volume contributes 16% to the horizontal readinthis relation

is not met, the zero was not correctly set and the steps sheutdpeated
until V' equals 2H'.

3. Final check-up

Finally it must be checked if both units (master and slaveg dhe same
reading when they are in the same orientation (horizontaeaical), with
the sensor placed on the ground to read the soil’s electtmadiuctivity.
When this holds true, the calibration is complete.

Drift of the EM38DD reading can occur and should be accoufbed The
sources of this drift was the topic of several studies. Daliochanges of the soil
temperature did not have a significant effect on soil E€adings (Brevik et al.,
2004). Ambient conditions, dominantly the air temperatare known to affect
the response of an EM38 sensor, especially the in-phasigeatbwever, experi-
ments performed by Sudduth et al. (2001) were not able ttereleanges in the air
temperature to drift of the EM38 reading. Drift occurs rattiee to instrument in-
stability. Also Robinson et al. (2004) showed that at opegaemperatures lower
than 40C the drift effect is miminal. To compensate for this driffesf, a cali-
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bration transect should be used to monitor the drift duriregfteld survey. Also
putting the sensor in a well isolated sled will mimimize tlifeet of temperature
changes.

2.4.4 Mobile EM38DD soil survey

After calibrating the EM38DD sensor, the actual survey dant.sOriginally, the
sensor was developed as a hand carrying device with an ektammying strap. In
this way, the EGreadings can be logged to a field computer, or recorded omr.pape
For agricultural purposes however, a mobile survey is pre€esince it increases
the capacity of operation. At the Research Group of Soilhitwey Techniques a
mobile survey system was used, as illustrated in Fig. 2.14.

£ S oy
computer '

FIGURE 2.14— Mobile configuration of an EM38DD soil survey.

The EM38DD sensor was put in a polyethylene sled which isgutly an all
terrain vehicle (ATV). A global positioning system (GPSk&®m (Magellan Pro-
mark Systems Corporation, USA) records the geographicsitipn of the mea-
surements with an accuracy of 3 m. The coordinates record@d3S84 coordi-
nate system were projected to the Belgian Lambert72 coatelisystem. In the
field computer (type Allegro CX, Juniper Systems Inc.) bdta EG, readings
(horizontal and vertical) and the geographical positiothef measurement were
logged through specific software (HGIS - Starpal Inc, CadordJSA). This soft-
ware allows to specify the frequency of data acquisitiorergwsecond or at sub-
second intervals. For characterizing the soil variahifiglds are surveyed with
a driving speed of 15 km 1 along parallel transects separated by a predefined
distance in the order of 5 m. At this speed and with a measureevery second,
the measurement interval within a line is (approximately).4This measurement
resolution allows geostatistical analyses, as explain&hiapter 3.
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3.1 Geostatistical methods: from data points to a
map

3.1.1 Introduction

In chapter 2 the ways to measure soil variability directlyiratirectly were dis-
cussed. Nevertheless neither with an augur nor with a seélsea continuous area
can be sampled, rather a finite number of locations is samflgdtial prediction
is the process of estimating the values of a target varialbheainvisited locations.
When applied to a whole study area, it is also referred to asadpnterpolation
or mapping (Hengl et al., 2004). Geostatistics has beeneappidely in soil sci-
ence to solve the problem of estimating soil properties aisited locations from
limited sample data (Webster and Oliver, 2001). The ternostetistics’ refers to
the statistical analysis of phenomena which vary in a sp@gao-') continuous
way. Georeferenced observations are almost always ctateia some degree in
relationship with the distance between the observatiomss dorresponds to the
intuitive feeling that places close to one another tend t@hmaore similar values
than the ones further apart. Using geostatistics thisapdtpendence can be ex-
pressed quantitatively and used for spatial predictiompagriure called kriging.

3.1.2 Variography: modeling spatial variation

Firstly, the spatial variation between the observatiorsuh be characterized.
Geostatistics views soil properties as continuous vagmbkind models these as
realizations of a random function or a random process (\eb2000). To cha-
racterize a random function assumptions of stationarigyraguired and in spa-
tial statistics these assumptions are limited to the isicihypothesis (Matheron,
1973). The intrinsic hypothesis assumes stationarity efitist- and second-order
moments of the incrementZ(x + h) — Z(x)] of the random function, whereis

the location vector andl is a spatial lag. This implies that the expected value
of the incrementsZ(x + h) — Z(x)] is zero and their variance exists and both are
independent of the position These two conditions are expressed as follows:

E[Z(x+h)—Z(x)]=0 ¥ (3.1)
VarZ(x +h) — Z(x)] = E[(Z(x + h) —Z(x))] =2y(h)  ¥x  (3.2)

wherey(h) is the semivariance, mostly called the (semi)variogram.

The semivariance measures the average dissimilarity leetweta separated
by vectorh and can be calculated based on a series of observatiag$
(Goovaerts, 1997):

. 1 N
y(h) = W(h) Zl[z(xa +h)— Z(Xa)]z (3.3)
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wherey(h) is the calculated semivariance for a lag vedtdretween observations
z(Xq) and z§q + h) andN(h) the number of pairs of observations separatet.by

Ideally pairs of observations closer together should sh@maller semivari-
ance, whereas pairs of observations farther away from etheln should display a
larger semivariance. A plot of the calculatgth) versush yields the experimen-
tal variogram to which a theoretical model is fitted (Fig 3.Four of the most
common variogram models are the spherical, the exponetfi@lgaussian and
the linear model (Burrough, 1993). Unlike the first three eldgipes, the linear
model describes an unbound variogram meaning that thegrarivincreases with
increasing lag distance. Bounded variograms are charaateoy three parame-
ters which describe the spatial variance across the stedy #ve nugget variance
(Co), the sill variance@o + C;) and the ranged] (Fig 3.1). In theory, the semivari-
ance at =0 is zero, but it is often found that as the lag distance aggres zero,
the semivariance remains a positive value, called the rtugbee nugget is the
intercept of the variogram with the Y-axis and represenexptained spatially de-
pendent variation (micro variability at distances closertthe smallest sampling
lag) or purely random variance (like measurement or samgmimor). The semi-
variance increases with increasing lag untill it stabgize a maximum, the sill
variance. The lag distance at which the sill is reached isa¢&he range. The sill
is the a priori sample variana® and the range represents the limit of the spatial
dependence since at that distance the autocorrelatiomeecpero. Beyond the
range, the expected difference between two observatiamsidmum (equalling
the sill) and independent of the lag distance between thendistances smaller
than the range there exist a spatial dependence betweehsgo/ations which in-
creases with an increasing lag distance. So, the variogeaarithes the pattern of
spatial variability in terms of its magnitude, scale andeyahform (Oliver, 1987).

The different bounded variogram models are illustratedigufe 3.2 and they
are described by the following equations:

 Spherical model

{y(h)_ Co+Cp [g—g—%(g)?’} forh<a, (3.4)

y(hy= Co+C; forh> a.

A spherical model has a linear start up to abo( df the range, beyond
which it levels off abruptly to the sill value. Spherical medsldescribe vari-
ables with abrupt boundaries at discrete and regular spsibut whithout a
well defined distance between the abrupt changes.

e Exponential model

—3h } (3.5)

y(h) =Co+Cy [l—exp(T)
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FIGURE 3.1- An experimental variogram (grey dots) fitted by a sphenatiel (black
line) with indication of the three variogram paramet&s+ 0.1,C; = 0.9,a= 10).

Variables characterized by abrupt changes at all distaan®edescribed by
an exponential model. Exponential models have a lineat sm@ato 1/3
of the range, but they start steeper than a spherical modete $he sill
is reached only asymptotically there is no finite range. Ractical pur-
poses, an effective range is defined asttivalue at which 95% of the sill is
reached.

¢ Gaussian model
—3h?

(3.6)
A Gaussian model describes continuous, gradually varyamigibles. Gaus-
sian models show an almost horizontal behaviour at the(gmrabolic start)
after which they increase steeply to bend over to the sikoAlere the same
definition of the effective range is valid. The initial flatheeviour represent
homogeneities over very short distances, like can be foangkblogical
deposits or digital elevation models.

Sometimes variograms appear to be complex and more compieidns are
needed to describe them. The best way to do this is by contptmia or more
simple models not necessarily of the same type, generatimested model. A
nested variogram comprises more than one variogram steuatd the indiviual
variogram models are added to generate the nested modétd\eedels are used
to describe complex patterns acting over multiple spatiales.

Throughoutthe chapters, the fitting of the variograms wadio VARIOWIN
2.2. The best fit was obtained with the ’Indicator Goodnedsitbparameter as a
guide (Pannatier, 1996).
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FIGURE 3.2 — Bounded variogram models with the same variogram paramete
(Co= 0.1,C; =0.9,a=10).

3.1.3 Ordinary kriging

Kriging aims to estimate the value of a variable Z at any urdathlocationxg
based on a set of observationspfy ) (a = 1,...,N) using a weighted linear com-
bination of these observations. Ordinary kriging (OK) ie thost common type
of kriging and assumes the mean of the observations to beambkat locally
stationary. The ordinary kriging estimatét(xp) can be written as:

n(Xo)

n(xo)
Z'(x0)= ¥ AaZ(xa) with $ Ag=1 (3.7)
a=1 a=1

wheren(xp) is the number of observations in the local neighbourhoodraxg
andA; are the weights assigned to each of these observations.

The interpolation problem is thus reduced to finding the appate weight3,;.
In geostatistics, the variogram model with its associatedieters is an essential
tool in determining the weights. Also the best estimator ningsunbiased and
must have minumum variance which is expressed in two camditi

» Condition of unbiasedness

E[Z* (Xo) — Z(Xo)] =0 (3.8)

« Condition of minimum variance of estimation (kriging vaanice)

0%(x0) = E[{Z* (xo0) — Z(X0) }2] = minimum (3.9)
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Based on the these two conditions the OK system becomes &8dey1997):

n(Xo)
{23_1 ApY(Xa —Xp) +¢ =Y(Xa—X0) A =1,...,n(Xo) (3.10)

TN =1

wherey(xq — Xg) is the semivariance between the observation locatignand
Xg, Y(Xa — Xo) is the semivariance between the observation locatignand the
unsampled locatiorg and¢ is a Lagrange multiplier used to satisfy the restriction
that the sum of the weights must equal one.

The kriging system, consisting of (n+1) linear equationd @n+1) unknowns
(one Lagrange multipliep andn(xp) weights), can be solved through matrix al-
gebra. All variogram values are known through the modeltbgram. In matrix
notation, the OK system becomes:

(AIIN] = [B] (3.11)

where
[A] is the matrix of the variogram values between the obsemstio

V(Xl — Xl) .. Y(Xl - Xn(xo)) 1

yoe—X2) .. Y(Xa—Xnxg) 1
o | 1. e

V(Xn(xo) —X1) .. y(Xn(Xo) - X“(XO)) 1

1 1 0

[A] is the matrix of the unknown weights and the Lagrange mitipl

A1
A2

n=| (3.13)

An(xo)
0]

and[B] is the matrix of the variogram values between the obsemsgmdxo:
Y(X1—Xo)
Y(X2—Xo)

[B] = ' . (3.14)

Y(Xn(xg) — X0)
1

The OK weights are obtained by multiplying the invertdd matrix with [B]:

A=A YB]. (3.15)
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This solution provides the weightg and the Lagrange multiplier from which
the estimatoZ*(xg) can be found using Eq. (3.7). The procedure can then be
repeated for every location until the study site is mappdte &ndproduct of the
mapping process is called a map. In this context, a map refexsaster map or
pixelplot and is defined as a regular array of pixel (grid)cedlues. The number
of locations to be estimated equals the number of pixels@htp and depends
on the pixel resolution.

3.1.4 \Validation of the prediction

To determine the accuracy of the predicted value a validagimuld be applied.
Two common ways of validating are validation with an indegent dataset and
crossvalidation. The former, as the name suggests, reqairéndependent test
data set, while the latter is based on the original datasst K from which each
time the observation point to be estimated is left out andéneaining observa-
tions (N — 1) are used to estimate that value. Once the interpolatiobtsined
the ignored observation point returns to the data set andiéReobservation is
removed; this continues untill all observations are egttaThis method is also
known as the leave-one-out validation. Both methods gémerpaired data set
of sizeN with N being the size of the independent dataset or for cross valida
it is the number of observations. Each pair consists of aembsonz(xy) and
an estimatiorz*(x4) at the same location. To quantify the performance of the
interpolation method several validation indices can b&use

e The mean estimation error (MEE)

MEE =

YIRS (3.16)

HMZ

The MEE is a measure of the bias of the interpolation, so igéa¢é MEE

should be zero. It can be both positive and negative, but ve ha unbi-
ased estimation it should be close to zero. This value shoelevaluated
relatively to the mean of the observations.

* The root mean squared estimation error (RMSEE)

RMSEE= \/

The RMSEE should be as low as possible to have an accurateatisti
since it is an indication of the overall error of the estirnati

DII—\

% ) —2(Xa)]?) (3.17)
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» The Pearson correlation coefficien} betweerz(xy) andz*(Xq)

The Pearson correlation coefficient indicates the extemthizh the ob-
servation and the predicted value are linearly relatedhdufd always be
considered in combination with the MEE. So idealyshould be close to
one with a small MEE.

These indices can be used to quantify the error of the piedidb select the
best variogram model or to compare several interpolatiothots.

3.2 Classification and map comparison

3.2.1 Fuzzyk-means classification

The purpose of classification is to enable a concise desumipf the spatial vari-
ation of soil as a multivariate system (Cline, 1949). Cléssiion is a means of
data reduction whereby sets of observations or maps are nmatdestandable and
transparant. Since information is always lost, the optiata$sification aims to
reduce information, while identifying groups of individaaor pixels that have
common properties. To facilitate the interpretation of & Enap, it is common
practice to classify the pixels into naturally occurringsters based on their EC
value. Two classification approaches exist: (i) hard clesdion into mutually ex-
clusive classes with rigidly defined boundaries allowingydsnary membership
and (ii) fuzzy classification which admits the possibilitiyaopartial membership
and where the class boundaries can not be defined exactly.cdmplexity of
soil variability acting at different spatial and temporehtes with many interact-
ing attributes calls for the latter approach to soil clasatibn. Soil boundaries
are characterized by a transitional nature, hence crigsiéilzation would not be
accurate and lead to unnatural classes. Dealing with a fozzgntinuous classi-
fication is based on the theory of fuzzy sets, a mathemicatlgmngful method to
group individuals into classes that do not have sharply ddfiroundaries (Zadeh,
1965). The best known fuzzy classification is the fukzmeans (Bezdek, 1981).
The fuzzyk-means classification is an unsupervised classificatiod tséden-
tify ‘natural clusters' in a dataset (with elements(xig); i=1,...,n;g=1,...,p)
havingn individuals (pixels) withp attributes (Bezdek, 1981). Each individual is
allocated a membershipj to each of thek clusters and the following conditions
should be satisfied:

k
ij =1 1<i<n (3.18)
j=1
k

mj > O 1<j<k (3.19)
2™

mp € 01 1<i<ml<j<k (3.20)
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Itis an iterative algorithm starting with a random set ofstér centroids. Each
individual is then assigned to the closest of these cergr@idattribute space) and
new centroids are calculated based the attribute valudseointlividuals in the
cluster. Based on the distance in attribute space betweemdividual and the
new cluster centroid the membership values are recalcllatss is repeated un-
til a specified convergence criterion is met. The aim is tafifg cluster centroids
that minimize the generalized objective functidM,C). J(M,C) is the sum of
squared errors (expressed as distances in the attribute)spae to the represen-
tation of an individual by the center of its claskM,C) is defined as:

ZZ m? d?(x;,c;) (3.21)

where M is the matrix with membership valugs;; of an individual (with
i=1..,nj=1..,K, Cis the matrix of class centersjy (with j =
1,...kg = 1,...,p), X is the vector representing theattribute values at loca-
tion x; (z(Xi1),..., Z(Xip)), Cj is the vector representing thecentroid values for
classj (cj1,...,Cjg), d? is the squared distance betwegrandc; according to a
choosen definition of distance athds the fuzzy exponent. The distance measures
to be chosen from are Euclidean, diagonal or Mahalanobisli@tial., 1992).

The Euclidian distance gives equal weight to all attribuéggrdless their aver-
age and standard deviation and it is insensitive to stedibfidependent attributes:

a5 = (x —¢j) T (x —cj). (3.22)

The diagonal distance is also insensitive to statisticdipendent attributes
but compensates for non-equivalent variances among thbuats by weighing
the distances with the variance of the attributes:

df = (x —cj)TAp(x —cj) (3.23)

with Ap being ap x p diagonal matrix Witr(c—lp)2 as diagonal elements.
The Mahalanobis distance does not only compensate forritisgan the vari-
ance, but also accounts for statistically dependent meds@riables:

di = (i —cp)" Y Hxi—cp) (3.24)

with ¥ being the within-class variance-covariance matrix.

In case of a strong discrepancy in the variance of the ataghuhe Euclidean
distance is to be avoided since the result will be strongliyénced by those at-
tributes with a larger variance than others. The choice betvthe latter two dis-
tance measures depends on the correlation among the metasiitmites.

The degree of fuzziness, expressed by the fuzzy expdneidtermines the
extent to which the groups are compact and separated. Thénéss expo-
nent$ varies between 1 an&: when¢ is 1 the solution is a hard patrtition, as
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¢ approaches infinity the solution approaches its maximumedegf fuzziness
(McBratney and de Gruijter, 1992). For soil data, a fuzzyagnt between.12
and 150 is advised (Odeh et al., 1992).

To determine the optimum number of clusters two indices drénized: the
fuzziness performance index (FPI), which measures theedegfrfuzziness, and
the normalized classification entropy (NCE), which indésathe degree of fuzzi-
fication. A balance should be found between structure antraaty.

The FPI is defined as follows (Roubens, 1982):

kF—1
FPIzl—m 0<FPI<1 (3.25)
where F is the patrtition coefficient:

1h k
FE=_= 2 3.26
n i;glmzj (820

The FPI describes the membership sharing between any paizof classes. As
FPI approaches one membership sharing increases, whisesldoecome more
distinct with less membership sharing when FPI approackes. zClasses are
non-fuzzy or crisp when FPI = 0. Minimizing the FPI indicatasoptimal number
of fuzzy classes that best reflect the substructures prasthd dataseX.

The NCE is defined as:

NCE= 1 o<nNCE<1 (3.27)
logk
where H is the entropy function:
1h k
H=— 21 > mjlog(my). (3.28)
i=1j=1

The NCE is an estimate of the amount of desorganizationenldst the of fuzzyk-
partition of elements of dataskt As NCE approaches one, disorganization dom-
inates, while with a value of zero excellent organizatioagkieved. Minimizing
NCE is consistent with maximizing the amount of informataiout the substruc-
tures inX generated by the fuzzZ-means classification.

Overall, the fuzzyk-means classification aimed at minimizatih/,C) using
the following algorithm:

1. Choose the number of clasdesith 1 <k <n;
2. Choose the fuzziness exponéntvith ¢ > 1;
3. Choose a distance measure in the attribute space, c;);

4. Choose a value for the stopping criterierfusuallye = 0.001);
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5. InitalizeM = Mg, with random memberships;
6. Atiterationit = 1,2,3, ... (re)calculat€ = Cj;
7. Re-calculaté! = My, constrainingm;j to O if dizj ~ 0;

8. Stop on convergence: [iMi —Mit_1|| < € then stop, otherwise go to step
6.

The fuzzyk-means classification software used in this work was FuzMmB&shy
and McBratney, 2002).

3.2.2 Comparing categorical maps

Reasons to compare maps can be of different nature: (i) acg@wssesment to
characterize the similarity between a reference map [ity@nd a prediction or
classification (Foody, 2002); (ii) similarity assesmenrtimen two maps of related
properties; (iii) change detection to detect temporaledéhces in maps and (iv)
model comparison where model outputs are compared withneditgens or other
model outputs (Hagen, 2003). Only the first two reasons fittedthis research.

Mostly a fuzzy or soft classification is hardened based omthgimum mem-
bership value of each pixel and by doing so categorical map<ieated. The
uncertainty of this classification can be expressed by tatiog for all pixelsi the
confusion index (G) (Burrough et al., 1997) or the entropy index;(KMaselli
et al., 1994). The confusion of placing a pixel into one of khelasses can be
determined by:

Cli = [1 = (Mmax— Mmax_1))] 1<i<n (3.29)

wheremimax is the membership value of the class with maximum membefship
pixel i and mymax-1) is the second largest membership for the same pixel. The
confusion index determines the degree of class overlagrib@e space for each
pixel. In case of small Cl values, it is clear to which class tiixel belongs,

for large Cl values there exist confusion about in whichsld® pixel should be
placed. Analoguously, the entropy of a classification shtivesdegree to which

a classification output is fuzzy (i.e. uncertain or soft) dsg. To calculate the
entropy for a pixel, equation 3.28 is slightly modificated as defined by Maselli
et al. (1994):

=~

Hi =— % [mjlogz(m;)] 1<i<n (3.30)
=1

The entropy for a pixel is maximized when the pixel has equainerships for
all classes, while a minimum value is obtained when the psxehtirely allocated
to one class.
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Categorical comparisons are generally based on a confomsitnix (also called
error matrix or contingency table) containing categorsailarities obtained from
a pixel-by-pixel comparison. Table 3.1 shows a confusiotrimaf k classes or
categories. The columns represent the true or referenegadawhile the rows rep-
resent the predicted or modeled classes. The elemgis<i <k,1<j <k)are
the number of pixels that fall into each categorical comtiamaandn is the total
number of pixels. The same symbology is used in Eq. (3.313.83p). Diago-
nal elements represent an agreement between the referahtteegprediction, and
off-diagonal elements represent misclassifications (@tag and Green, 1999).

TABLE 3.1- Confusion matrix.

True
Clasg Class .. Clasg Total
Classified Class nia Ni2 Mk Ny
Class no1 N2 bk N
Clasg N1 Nk2 . Nkk N+
Total n.y n;» n, n

A first measure is the overall accuracy or proportion obstagreementt,),
defined as the number of correctly classified pixels dividgdhe total number
of pixels. So it is a relatively simple measure of agremery aising the main
diagonal elementsf) of the confusion matrix. On the other hand, it does not take
into account the possibility that a large number of cells lsartlassified correctly
due to chance, causing an overestimation of the classifitaticuracy. The Kappa
statistic k) (Cohen, 1960) eliminates classification agreement by ahagince it
also takes into account the non-diagonal elements (see E81)J]. It indicates
proportionally how much better the results (proportioneslied agreementR,)
are compared with a purely random classification (propoitiztance agreement -
P:). To calculate kappa the following formulae should be used:

Po— P

- 3.31
« 1-F (3-31)

K 1k
with P, = zipli Z—Zlnii
i< n;<

k

k
1
c i:E +iF+ nzi:z (n+|n|+)

P,i, P, Pi were defined as the column proportions, the row proportioaistiae
diagonal proportions respectively. Kappa varies betwegmand 1 and belongs to
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a family of indices that have the following properties (L&and Koch, 1977):
« if the classification is perfeck, = 1;

« if the observed proportion correct is greater than the etgakeproportion
correct due to chance, then> 1;

« if the observed proportion correct equals the expectepqotmn correct due
to chance, ther = 0;

« if the observed proportion correct is less than the expguteportion correct
due to chance, then< 0.

Landis and Koch (1977) even proposed a scale to describegreelof agreement
according to th& value (Table 3.2).

TABLE 3.2- Scale of Landis and Koch (1977) to interpket

K Interpretation
<0 No agreement
0.01-0.20 Slight agreement
0.21-0.40 Fair agreement
0.41-0.60 Moderate agreement
0.61-0.80 Substantial agreement
0.81-1.00 Almost perfect agreement

Variants of the standard were developed to corregtwith random chance
agreementk*) (Foody, 1992) and to quantify how much of the error is due to
categorical difference%f;sto) and locational errorx(yc) (Pontius, 2000).

Foody (1992) showed that the standardbverestimates the agreement by
chance and therefore underestimates the accuracy. He ethdifd k* by giving
each category an equal membership probability b(%ir(@rennan and Prediger,
1981). As the number of classksncreasex* approache$’,. The size of the
classes on the other hand does not influence the classificatimuracy. The*
coefficient is calculated as follows:

Po— %
K= ——F. 3.32
1-1 (3.32)

The second criticism to the standacds that it confounds quantification error
with location error. Therefore, Pontius (2000) defimeas the product afpiso and
Kioc- Khisto IS @ measure for the quantitative similarity of two maps aapeshds
only on the total number of cells in each categaiye, on the other hand, indicates
the extent to which the similarity is a result of the spatiatribution of cells and
depends on the spatial distribution of the categories omtéye. Areal extents in
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the classification and the reference image may match, aththe locations may
be quite different. The differentation between the two searof error is quantified
as follows:

Pmax— P . 1
Khisto = 1-p. with Pmax = ﬁzlmln(ni+,n+i)i (3.339)
=Y 2
Po— P
_ ) 3.33b
Kloc P P ( )

Pnaxdefines the maximum possible agreement, given that thertotaber of cells
per category does not change.
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4.1 Introduction

Quantification of the nature and extent of variability inlqwioperties is particu-
larly important from the viewpoint of precision agriculeurPrecision agriculture
has been defined in several ways. To my opinion the definismtated by Pierce
and Nowak (1999) is the most complete one:‘precision afitioel is the appli-
cation of technologies and principles to manage spatialtangboral variability
associated with all aspects of agricultural productiontfe purpose of impro-
ving crop performance and environmental quality’. Precisagriculture intends
to match agricultural inputs and practices to localizedditions within a field,
also called site-specific management, a practice sumnaagaigedoing the right
thing, in the right place, at the right time’. The fine-scalemagement of precision
agriculture is in contrast to whole-field management sgriate where management
decisions and practices are uniformly applied throughdigld. It is clear that a
crucial aspect of precision agriculture is variability.

Nitrate (NG;) leaching is a worldwide concern, evoking an appropriate so
nitrogen (N) management in future agricultural practiddsifardi et al., 1994).
To reduce the risk for leaching during the winter periodoeff should be made to
minimize the soil mineral N in late autumn. In this contexte specific N man-
agement becomes important since it adjusts managemetispsaio the different
nitrate dynamics within one field, with the aim to decreaseaimount of NQ-N
leached. This implies that methods are needed to assessItN©g -N variability
both in space and time.

It is known that the NQ-N content of pastures is characterized by a high
spatial within field variability (Bogaert et al., 2000). BhNG; -N content may
originate from the N applied in the form of fertilizers, oofn the mineralization
of soil organic N (Addiscott, 1996). Within a grazed pastarkarge proportion
(80%) of the N ingested by the grazing animal returns to thleascexcreta. One
urine patch represents a local N application ranging fro #01200 kg ha-1
(Addiscott et al., 1991). Much of the NON leached from pastures during the
winter originates from these high concentrations of N dépdsn urine patches
during the grazing season, since this N cannot be fullyzetiliby the grass crop
at the end of the growing season (Ryden et al. 1984). Thisceonfr NG; -N
variability alters each time the field is grazed. Besides aimount of NQ-N lost
also depends on soil and climatic conditions and managemnactises. Variability
of soil properties within a field affects the magnitude ofl gwbcesses such as
nutrient accumulation and solute transport.

The classical approach to characterize within field soiiallity is based on
an intensive sampling scheme, which is very laborious astlycoA modern ap-
proach to map soil properties uses a mobile, non invasidessnsor. EMI soll
sensors have been applied widely to describe field variglfdr application to
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precision agriculture (Rhoades et al., 1999). It has beenddhat EMI based
measurements of the apparent electrical conductivity eledad to a number of
soil properties, like soil texture (McNeill, 1980b), soibter content (Sheets and
Hendrickx, 1995) and CEC and exchangeable Ca and Mg (McBtidé, 1990).
Relations between soil NON and electrical conductivity (EC) have been estab-
lished as well. In the laboratory, measurements of EC asdil fosvater mixtures
have been used to estimate the soil]N® content (Smith and Doran, 1996; Zhang
and Wienhold, 2002). The latter also demonstrated thatpmsaline soils with
no free carbonates present, portable EC meters are abléeict dbanges in the
soil’s inorganic N status in situ. Using an EMI sensor, sfiecnobile ions (CI,
NH; and NQ)) that are associated with animal waste were detected (Eéygn
et al., 1998). Besides, high correlations were obtaineld pibfile weighted Eg
measurements of an EM38 sensor in horizontal orientati@ (& about 75 cm)
and soil NG -N in the surface 0-23 cm and 23-46 cm soil layers throug/aut t
growing season in a corn field (Eigenberg et al., 2002).

This study investigated how electromagnetic inductionlmansed to improve
the characterization of NON dynamics within a pasture field.

4.2 Material and Methods
4.2.1 Study site

The study area was a flat cattle pasture of 1 ha in Lovendegeitgiudn (with
central coordinates: 33709" N, 3°0722'E). According to the Belgian soil map
(with a scale of 1:20 000) the majority of the study site bgeio the ‘Sdh’ soil
series which represents silty sand topsoil texture (textlass ‘S’), moderately
wet conditions (drainage class ‘d’) and a crushed humusoarna/n podzol B
horizon (profile development ‘h’) (Fig. 4.1 (a)). A small paf the study site is
mapped as ‘Zch’, which differs by its sandy topsoil textunel &s moderately dry
drainage class. The study sites belongs to the sandy refjilartders (‘Vlaamse
Zandstreek’) (Fig. 4.1(b)).

The pasture field has been treated with two types of fertgizéiquid cow
slurry applied early March 2002 at a rate equivalent to 120Nkga 1, and a
mineral fertilization applied as NANO3 (27% N) in April, May and June 2002,
resulting in a total of 216 kg N h&. During the period november 2002 till the
middle of March 2003 there was no cattle on the pasture.

4.2.2 Data collection

The field was sampled according to a clustered sampling dlesi@16 locations:
58 locations were obtained ona 12.5 by 12.5 m grid basis aoithen58 locations
were choosen randomly (Fig. 4.2(a)). Soil samples werentalte¢hree depths
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FIGURE 4.1- (a) Belgian soil map with indication of the study site anyl(bcation of the
study site in the sandy region of Flanders (Belgium).

(0-10 cm, 10-30 cm and 30-60 cm) on 4 November 2002, 27 Jag0af/and
12 March 2003. All these samples were analyzed for the NNDcontent. In
the top 30 cm the soil was analysed by a continuous flow auttyzsra(Kalra
and Maynard, 1991). The subsoil was analysed with g NPecific electrode
(Orion Research, 1991). Here we have considered only theN@2; -N content
of 0—60 cm topsoil. In 10 locations, soil samples were takertou90 cm depth
and analyzed for the textural fractions using the pipettthoek(Gee and Bauder,
1986).

In November 2003, the E{bf the pasture was measured by the EM38DD sen-
sor. The EM38DD measures simultaneously the-/ECand EG-V. Each EM38
orientation has a different depth response profile, so withfeld survey Egdata
of top- and subsoil were collected. The EM38DD sensor washa#d to an ATV
and connected with a field computer and GPS. Thg &&ia and their locations
were merged in the field computer using HGIS software (Stdnza Colorado,
USA). The ATV was driven along parallel lines with an intdred 5 m and the
EC,-H and EG-V measurements were taken simultaneously every secogd (Fi
4.2(b)). At an average speed of 10 kmh within the lines the measurement
interval was around 3 m.
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FIGURE 4.2 — (@) Indication of the sampling sites and (b) theB@ieasurements. The
coordinates are expressed in meters, conform the Lambrtjections used in Belgium.

4.2.3 Mapping EG

Continuous maps of both E&H and EG-V were obtained using ordinary kriging
(OK), based on the spatial autocorrelation among data elyergariogramis used

to model the spatial variability of these data. Estimatethefvariable at unsam-
pled locationsZ*(xo) were calculated using the basic linear regression equation
(Goovaerts, 1997):

n(Xo)
Z"(Xo) =M(X0) = ) Aa[Z(Xa) — M(Xa)] (4.1)
d=1

where)q is the unknown weight assigned to the observatipn z m(xo) and
m(Xq) are the expected values of%g)) and Zxq ), respectively and the number
of data used in the interpolation igXo), being the data located within a given
neighbourhood aroun@op). The weight\q was obtained by solving the kriging
algorithm, in which the variogram model was used to convertdpatial distances
into variogram values. Ordinary kriging requires the medrgnto be stationary
within the neighbourhood around. The interpolated EEH and EG-V values
were used as input for a fuzdgmeans classification to create management zones.
A fuzzy-k-means classification allows allocating each individuahasember of
each class (Triantafilis et al. 2003). The method minimikesnultivariate within
class variance and consequently individuals classifiedesame class have sim-
ilar attributes (McBratney and de Gruijter 1992). For mostails see section
3.2.1. Therefore E&zones reflected differences in soil condition like soiltteg
and moisture, the most important factors affecting thg &Gion saline soils.
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4.2.4 Mapping NG;-N

In addition, the N@-N measurements were interpolated using stratified simple
kriging (SK), using the Egzones as strata. Simple kriging requires the global
mean to be known and stationary over the entire study areaeldre, for SK, Eq.
(4.1) becomes:

n(xo)
Z"(Xo) —m= Z Aa[Z(Xa) —m] (4.2)
a=1

where m is the stationary mean. In the situation where twoanermones (strata)
exist within a study area, each with a different mean, theoladions can be trans-
formed to residuals with zero mean by subtracting theirlloe@ans. The residuals
can then be interpolated using a variogram of the residaétks;, which the local
means are added. This procedure was followed to include @ez&nes into the
mapping of NQ -N at the three sampling times. Comparing these maps, traanit
dynamics of the pasture could be interpreted by considéwogeriods: from 3
November till 27 January and from 28 January till 12 Marchg@ban indication
of the NG; -N dynamics during such a period, a ratio was calculated tiglitig
the NG; -N content of the first sampling time by the NEN content of the con-
secutive sampling time. If this ratio was larger than one ;NOwas lost during
that period, otherwise it accumulated. Finally we integped the NQ-N content
at the 3 sampling times independently from the;/B@2asurements, by OK. These
three NG -N maps were used in a fuz&gmeans classification to create nitrate
zones.

425 Validation

To validate the accuracy of the interpolation methods ascuadidation (leave-
one-out method) was performed. The Mean Square Estimation MSEE) was
used to compare the two interpolation methods:

MSEE= ( [Z' (Xa) — Z(Xa)]?) (4.3)

1

Sl
P

a

where the number of observed valuééxg ) (a = 1,...,n) isn and Z(xg) are the
estimated values at the same locations. The relative ingpnewt (RI) of precision

was calculated:
MSEEok — MSEEsk)

MSEEok

where MSEbk and MSEFEsk are the MSEE for the OK using NON data only
and the MSEE for SK of N@-N data involving the Egzones, respectively. The
Rl is expressed in %. If Rl is positive, the precision of the IBKthod is superior
to OK. Vice versa for negative RI.

RI:(

x100 (4.4)
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4.3 Results and Discussion

An exploratory data analysis of the E@ata was done (Table 4.1), showing that
both orientations had a positively skewed distribution.npared to EGV, the
data range of the measured &8 data was larger and their mean was smaller.
A relative measure of the variability is the coefficient ofiaéion (CV), which is
defined as the ratio of the standard deviation to the meantdthe smaller mean,
the CV of the EG-H data was larger. The two orientations were well correlate
with a linear correlation coefficient of 0.77.

TABLE 4.1- Descriptive EG statistics i = 833).

Min Max Mean Median CV[%] Skewness
EC.V[mSm1 81 204 119 114 19.0 0.78
ECo-H [mSm1] 6.0 251 9.9 9.0 30.0 1.7

Both EG, datasets were best modeled with an exponential variogtaakE G-
V data showed a range of 37.8 m with an RNE of 4.2%, the-HQata had
a somewhat smaller range (21 m), but a similar very low negatiugget effect
(RNE) of 3.8%. The RNE is the ratio of the nugget variance ®tttal variance
(the sill), mostly expressed as a percentage. It is an indeéReounstructured
variance or the variance not attributable to spatial depeoel. Here, almost all
variance was spatially structured. The OK interpolated-¥@nd EG-H maps
with a resolution of 1 by 1 m are given in Fig. 4.3.
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FIGURE 4.3- (a) Interpolated map of E£V and (b) EG-H.

Three corners of the field showed increased, E&lues and these areas cor-
responded to muddy and stony parts representing the dgnitate and the en-
trances/exits to the field. Since these areas representhindaced artifacts they
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were not considered further. The central and lower part effiild showed low
EC, values, while the upper left part was mainly characterizgdnibermediate
EC, values. EG-V and EG-H displayed similar patterns except for the upper
left corner where EgV was larger than EEH, indicating a more heterogeneous
soil profile in that part of the field. A fuzzik-means classification confirmed our
observations; the field was optimally divided into 2 zonesnez1 with low EG
values and zone 2 with higher E@alues (Fig. 4.4).
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FIGURE 4.4 — Fuzzyk-means classification based on £@ith indication of the texture
samples.
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FIGURE 4.5— Mean sand fraction (in %) in both E@ones, with to the left of the graph a
soil profile located in Egzone 1 and to the right a soil profile located in Etone 1.

A texture analysis explained the differences ingEEig. 4.4 shows the loca-
tions of the samples and a graph of the mean sand fractiongmtn ¢hterval for
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each zone is given in Fig. 4.5. The mean profile of zone 1 hadw@obeneous
sandy texture, with a sand content ranging from 79% to 87%ndov@0 cm. The
mean profile within zone 2 also showed a sandy topsoil (70% faction) but
with a clear reduction in sand content with depth (to abo@H0The observed
textural differences of the field were not captured by thegBel soil map (Fig.
4.1 (a)) due to the limitations of the soil map legend. Thespnee of a substrate
can be indicated by placing the small letter before the taktiass. The ‘w’ sub-
strate symbol however refers to clay-sand substrates tigifgrorigin, while the
clayey-sand enrichment in this field has a fluviatile Quadgrorigin which is not
captured by a legend symbol. Figure 4.5 also shows a picfuteecsoil profile
in each zone, clearly indicating an increase in clay cora¢rt depth of 80 cm
in zone 2. With the increase in clay and silt contents in tHeseil; zone 2 was
noticeable wetter during field work.

Through a series of EM38DD surveys of this field, it was obsdrthat the
absolute Eg values fluctuate over time. Figure 4.6 shows the-&Oneasure-
ments obtained in November 2003, 2004 and 2005. Besidesngelia absolute
values, also the measurement resolution differs among thesey, but the spatial
patterns of EG remained constant. At each survey, the northwest corneaias
increased electrical conducivity. Like Sudduth et al. (0@ can be concluded
that an EG based classification results in stable management zonedébns.

The NG; -N data at the three sampling times were stratified accortirige
two EC,-zones; the relative statistical analysis is reported bld4.2. On average
zone 1 contained higher NGN concentrations with smaller coefficients of varia-
tion than zone 2. One would expect a lower N@® content in EG-zone 1 caus-
ing the lower conductivities. However differences in seiture often influence
the EG much more than small differences in nutrient concentratigteiniger
et al., 2003). If EG changes due to one soil property are much larger than those
to other factors than E{s mainly determined by that dominant factor (Sudduth
et al., 2003b). This means that the texture difference batviee zones masked
the effect of a different NQ-N content in these zones. The difference in N®
content between the zones was largest in November. As thteariod contin-
ued, a clear reduction in nitrate content and variabilitg whserved. In November
the NG; -N content of both zones was highly variable (CV in the ordet@%),
in January N@-N content of zone 2 (CV = 115%) was much more variable than
of zone 1 (CV = 62%) and in March both zones had similar CVsHadrder of
45%).

After subtracting the stratified mean values from the olet@wms, the vari-
ograms of the pooled residuals were calculated and modElgd 4.7). For the
three sampling times the semivariang@) at lag distances h was defined by a
nugget effecCy and a spherical model (Eq. 3.4). At the end of the winter pe-
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FIGURE 4.6— ECy-V measurements obtained in (a) November 2003, (b) Nove2be4

and (c) November 2005.

TABLE 4.2- Descriptive nitrate statistics, stratified accordingi® EG-zones.

4 November 2002 27 January 2003

12 March 2003

Zonel Zone2 Zonel Zone2 Zonel Zone?2
Mean [kg hal] 65 24 29 16 29 17
Min  [kgha ] 11 4 5 4 12 2
Max [kghal] 290 128 97 109 61 39
CVv [%0] 90 107 62 115 40 47

riod, the variograms of the NON residuals displayed a trend to shorter ranges
and a larger relative nugget effect. The range decreased2®7 m November
to 20.4 m in January and only 11 m in March. The RNE increasah f£7.1%
in November, to 23.5% in January and 34.4% in March. With tmogonly the
NO;3 -N content decreased, also the nitrate variability was $és&tured and oc-
curred over shorter distances. This implies that gradubaéydeterministic mean
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became a more reliable predictor.
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FIGURE 4.7—Variograms of the N@-N residuals at the three sampling times (a) 4 Novem-
ber 2002, (b) 27 January 2003 and (c) 12 March 2003. On theisXtlas lag distance is
expressed inm, on the Y axis the semivariogram values aressgud in (kg N@-N ha1)2.

Then SK of the N@-N residuals was performed, resulting in I maps
for the three sampling times (Fig. 4.8). A clear separatiioalbetween both zones
appeared due to the stratification. In November the highalsteg were found
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from the bottom left (field entrance) to the top right (drinfgiplace) of the field,
corresponding to a preferential walking path of the cowg.(Bi8(a)).
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FIGURE 4.8—Maps of the NG -N content [kg hal]in the top 60 cm at the three sampling
times (a) 4 November 2002, (b) 27 January 2003 and (c) 12 M2008.

This can be related to the fact that cattle frequently vis#itain parts of the
field as in this case, water sources (Barrow, 1967). In Nowertite NG -N con-
tent of zone 2 was much lower than in zone 1. This indicatet ttieatextural
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differences between the ECa-zones also influenced thge-N@ontent. The ho-
mogeneous sandy soils of zone 1 produced less grass bidmadké more clayey
zone 2. Consequently less fertilizer was used by the craqultieg in higher
NO; N residues. However it could also be that the cows visitesl Wetter area
less frequently or that denitrification was favoured untierrhore clayey and wet
conditions of zone 2 (Garrett et al., 1992). Fine textureld $@ve slower drainage
and a greater potential for denitrification. Nevertheleésgis assumed that deni-
trification was limited by to the low winter temperatures.Jamuary the N©-N
content and variability decreased, but the difference betwthe zones remained.
In March the map was more homogeneous because theNiGontent decreased
and the variability smoothened. It is clear that the de@é&adlO; -N content be-
tween November and January was larger than the decreasedrefanuary and
March. The excessive rainfall between the first two samphiegods resulted in
increased nitrate losses by leaching.

Fig. 4.9 shows the histograms of the ratio of theN® content in November
and the N@-N content of January, split for the two zones. In zone 1 thtsor
was generally higher than 1, indicating large nitrate lsssemost parts of this
zone. In zone 2 the graph is bimodal; although a considegzdoteof this zone
also showed values higher than 1, the highest frequenciesobserved at values
smaller than 1. It may be concluded that zone 1 has a higheforisitrate losses
than zone 2. This difference is clearly related to the preeg®f mineralization,
(de)nitrification, leaching, immobilization that definetkoil inorganic N content.
They are controlled by soil characteristics as water cdntenture, biological
activity, cropping and organic matter (Stevenson, 1982)jn€s and Gaines (1994)
stated that soils with a higher silt and clay content retaamem™NG; -N than pure
sandy soils. Obviously, the homogeneous sandy zone whisrield will require
a different N management than the more silty-clayey parts.
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FIGURE 4.9 Histogram of the ratio of the NDN content on November22003 to the
NO;3 -N content on January 872003 for (a) EG-zone 1 and (b) EGzone 2.
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FIGURE 4.10- Fuzzyk-means classification based on OK interpolated;NDmeasure-
ments at three sampling times.

To evaluate the added value of including the;E0nes in the interpolation of
NO; -N the RI (Eq. 4.4) was calculated based on their MSEE. In Ruber the
Rl was - 1% indicating that there was no difference betweenlo interpolation
methods. For January and March, the Rl was 12% and 5% resglgctror those
two sampling times, taking into account the ££bnes resulted in small to medium
improvements in the interpolation of NGN. When the N@-N maps of the three
sampling times obtained by OK were subjected to a fuzzyeans classification
with 2 classes taking the Mahalanobis distance as distaeesune, the resulting
pattern (Fig. 4.10) was very similar to the classified,E@ap (Fig. 4.4). These
NO; -N-zones were compared with the E@ones by cross tabulation. Individual
pixels of the two classifications were compared with eacleth a confusion
matrix (Table 4.3): 90% of the pixels of E&one 1 pixels were classified as
nitrate-zone 1. And 87% of the pixels of E2one 2 were classified as nitrate-zone
2. The kappa stastic (see section 3.2.2) is 0.73, which ntbans is substantial
agreement between the two classified maps. Since the-NQones were formed
based on the three sampling times they show places withasimitrate dynamics.
Consequently, the E£zones represent zones of very similar nitrate behaviour as
such electrical conductivity can be used as an indirect aoreaxf the risk of nitrate
losses.

TABLE 4.3 — Confusion matrix obtained after comparison of the N®-zones and the
ECa-zones.

ECozonel EGzone?2 Total
Nitrate zone 1 6177 321 6498
Nitrate zone 2 715 2130 2835
Total 6892 2451 9343
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4.4 Conclusions

This study illustrated that electromagnetic induction sueaments are able to de-
lineate zones with different risks of nitrate losses. As Heraative for inten-
sive soil sampling to characterize the nitrate dynamics gfeezed pasture field,
a survey with the EM38DD soil sensor characterized the wifigld soil EG
variability. In the field two EG zones with different textural characteristics were
delineated: one zone has a homogeneous sandy profile whilgtller zone has
an increased clay and silt content at the depth 60—90 cm.dBasstratified sim-
ple kriging taking the Egzones as strata, maps of the residual nitrate content in
November, January and March were made. The accuracy oftiiageninaps, tak-
ing into account the E£zones was slightly better compared to ordinary kriging,
based on the NO-N data only. Also a clear differentiation in nitrate dynasyiin
terms of losses throughout the winter period, was obsereadden the two EL
zones, an effect attributed to the different textural props of these zones.

Furthermore, zones with a similar nitrate behaviour wertaioled by classify-
ing the nitrate maps of the three sampling times. The regyititrate zones were
very similar to the EGzones, with a kappa coefficient of 0.73.

These results showed that an E€lirvey can be used to characterize nitrate
dynamics. Consequently in such conditions, a site speciicadagement based
on EG-zones can be recommended, even for the small fields of Rlande
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5.1 Introduction

Ecosystem engineers such as earthworms play a major roleiregulation of
ecosystem processes and, ultimately, in the servicesedetivby the ecosystem
(Lavelle et al., 2006). The spatial variability of earthwwill likewise influence
spatial patterns of important ecosystem processes suitteasiécomposition and
nutrient cycling (Ettema and Wardle, 2002). The patchyiapdistribution of
earthworms at the field scale in a variety of ecosystems iswelhaccepted (e.g.
Poier and Richter (1992); Rossi et al. (1997); Cannavatzietal. (1998); Nuu-
tinen et al. (1998); Hernandez et al. (2007)), but the factbat determine this
variability are not sufficiently understood yet. Undersliaug these driving factors
may provide vital information about colonization ratesg&t earthworm densities
for optimized soil ecosystem management and for the dedigdemuate sampling
schemes for earthworm population monitoring.

The spatial variability of earthworms at the field scale canalttributed to
two types of factors: biotic and abiotic (Whalen, 2004; Auled al., 2005). Bi-
otic interactions of facilitation, competition or coexaste occur both at intra- and
interspecific level, and may be responsible for the spatiattiring within and
between earthworm populations. From the biotic point ofwiecan be expected
that individuals/species exhibiting similar ecologicabsegies may try to mini-
mize resource competition by occurring in spatially difigrlocations (Jiménez
et al., 2006). Abiotic conditions at the field scale are thmilteof the interaction
between local topography, soil texture and related soirblpdyy. Also manage-
ment practices, especially tillage, alter the spatialalgitity of these abiotic factors
(Govers et al., 1994). Given pre-existing spatial varigbih soil properties at the
field scale, earthworms are expected to occur in higher tlemsvhere the soil is
intrinsically more favourable. This may be either becauskviduals move to the
best soil patches and/or reproduction is faster in favdarpatches (Barot et al.,
2007). Relationships between earthworm spatial disinbuand soil properties
have been studied before (e.g. organic carbon content drtdydoology in Poier
and Richter (1992); Cannavacciuolo et al. (1998)), butlyateese factors were
able to satisfactorily explain the observed spatial valitgbEarthworm activities
in turn can affect soil structure and soil chemical progsithence the importance
of investigating the effect of stable soil variables suchteagure on the spatial
variability of earthworm populations.

Characterizing the within-field soil textural variabilitytime, labour and cost
intensive, since it relies on extensive soil sampling arftbequent soil analyses.
Recently, the use of mobile, sensor-based measuremerntts B35 has proved to
be a quick, easy and reliable method for establishing witieid spatial variability
of soil texture (Cockx et al., 2005).
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In this study, a geostatistical analysis of the density efttost abundant anecic
and endogeic earthworm species and of the soj W&s performed for a tempe-
rate, arable loess soil. The aims were (i) to describe therubd within-field spa-
tial variability of earthworms and soil Eand (ii) to discuss the (dis)similarities
between these spatial patterns in terms of community (wéhid between ecolog-
ical categories), population (juvenile vs. adult) and &bi(EC,) interactions.

5.2 Material and Methods
5.2.1 Study Site

The study was conducted in a 4-ha tilled arable field in Sagtdite-Guillaume,
located in the loess belt of central Belgium {36'51”N, 4°3420"E) (Fig. 5.1).
The soil is a Luvisol formed in aeolian loess that was depdsituring the last
glaciation, and typically its soil series on the Belgianl soap is ‘Aba(b)’. The
soil has a silt topsoil (textural class ‘A) with well draideconditions (drainage
class ‘b’) and is characterized by a mottled argillic B-zori (profile development
‘a(b)’). Topography is rolling with elevations between 1&%d 145 m above sea
level. The studied field was converted from a pasture to arkld in 1966 and
a rotation scheme with sugar beet and winter wheat was groemsénce. Every
year, the field is conventionally ploughed in spring to a Hegft20 cm. Before
sugar beet planting, 60 t of farm yard manure per hectare ypléed. In 2002,
as an exception to the regular rotation scheme, chic@ighErium intybuscv.
"sativum") was grown instead of sugar beet. In November 200®n the field
sampling for this study was carried out, the wheat crop hah rvested while
its stubble was still left undisturbed. Field sampling foiststudy was conducted
in a representative subarea of 105 by 75 m representing theaBGe of the field.
The sampled area was buffered against edge effects to ttig rast and west by
a strip of the same arable field of at least 100 m in width. Thetsern side was
buffered by a narrower strip of at least 20 m. Beyond thisdyuff pasture was
located.

5.2.2 Data collection
5.2.2.1 Earthworm sampling

Earthworms were sampled at 100 locations within the stuéy detween late
October and mid November 2003. Temperature and moisturditcmms were
favourable for earthworm sampling throughout the peridtéisd@mpling locations
were laid out on a regular grid (15 x 15 m) while the remaini@gampling plots
were randomly distributed over the area (Fig. 5.2). Eartimgowere sampled by
mustard extraction in 0.5 frplots. Collected earthworms were preserved in 5%
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FIGURE 5.1- Indication of the study site in the Belgian sandy loam regio

formalin prior to identification. All individuals were idéfied to species level
following the nomenclature of Sims and Gerard (1999) andt tthevelopment
stage ((sub)adult vs. juvenile) was recorded based on #sepce of a clitellum.
The ecological category as defined by Bouché (1977) was etsmded. Epigeic
species (litter dwelling) are small-sized and live and faethe litter layer. En-
dogeic species (shallow dwelling) are medium-sized andendsting soil they
build lateral burrow systems through the mineral topsgiéta (mostly within the
top 10 cm). Anecic (deep burrowing) species are large-sareibuild permanent
vertical burrows often extending beyond 2 m. They feed ofaserresidues and
pull these into the burrows. Densities per developmentestagre expressed as
individuals nr2.

5.2.2.2 EG measurements

In autumn 2003, when the soil moisture content was near fegh@aity, the soil

was characterized by a mobile ECa survey. The EM38DD senasmuwlled by

an all terrain vehicle in parallel lines 5 m apart at a stegues of 10 km h.
Georeferenced EQmeasurements were recorded every second, resulting in 720
measurements hd The EM38DD sensor consists of two perpendicular EM38
devices, each with its own depth response profile (McNe8Bda). The device
with a horizontally oriented dipole is most sensitive to tbhpsoil properties (0—
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FIGURE 5.2— Location of the earthworm samples (grid and random) andaiesamples.
The coordinates are expressed in meters, conform the Belgimbert72 projection used
in Belgium.

0.30 m), while characteristics of deeper soil layers (00886 m) mainly influence

the signal received by the vertical dipole. The EM38DD thoastaneously mea-

sures the soil bulk electrical conductivity of shallow arekgder layers. When the
soil profile is heterogeneous these two measurements will shdifferent spatial

pattern. In the case of vertically homogenous soils, the drientations yield a

similar pattern and the spatial variability can be représgby their average.

5.2.2.3 Soil sampling

Based on the observed E®ariability, soil samples at three depth intervals (0—
0.30 m, 0.30—-0.60 m and 0.60—0.90 m) were collected in thet diefive locations,
representing the range of E@alues (Fig. 5.2). These samples were used to
document the variability of the soil properties. Samplesanamalyzed for texture,
pHkci, gravimetric moisture and organic carbon content for eagttdinterval.

5.2.3 Data analysis

Information on the spatial variability of the earthworm sjgs density as extracted
by the mustard method and the E@as obtained through geostatistical analysis.
Omni-directional experimental variograms were computaddtal populations,
for adult and juvenile individuals separately and for théE€,. All experimental
variograms were best fitted with a spherical model (Eq. [3Based on the var-
iogram parameters range, nugget and sill, the RNE was ea¢zlito quantify the
strength of the spatial structure since it is an index ofaraze not attributable to
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spatial dependence (Isaaks and Srivastava, 1989). Stseveyty from weak (RNE

> 0.75), to medium (0.25 < RNE < 0.75) and strong (RNE > 0.2%n(BGardella

et al., 1994). Modeled variograms of a variable (e.g. easthwdensity) were
then used to estimate the variable's values at unsampladidos through ordi-
nary kriging (OK). These interpolated earthworm and,E&lues were used as an
individual input for a fuzzyk-means classification procedure to identify natural
clusters in the dataset (Minasny et al., 2006) (see sectihi)3

5.2.4 Measures of (dis)assocation

The influence of both biotic and abiotic conditions on thetighaariability of the
species was investigated following two approaches: (i)iatgmy-point correlation
analysis of the 100 samples and (ii) a pixel-by-pixel coriguar of their categori-
cal classes as defined by the fuzzyreans classification procedure. In the point-
by-point approach correlations were calculated as thesBaarorrelation coeffi-
cient (). The pixel-by-pixel method was based on a contingencyetathle rows
are formed by the classes of one categorical map while therowd are formed
by the classes of the second map. Each cell in this table gepig the number
of pixels belonging to a certain combination of categori€se degree of agree-
ment between pixel classifications was quantified using thiedk* statistics (see
section 3.2.2). However, the kappa statistics derived faocontingency table do
not account for spatial relations, being similarities cditsl patterns (Power et al.,
2001). Hagen (2003) introduced a new approach based on $etzgchniques to
obtain a spatial analysis of the similarity of two maps. Ress is introduced in
the pixel-by-pixel approach by taking into account the gates of neighbouring
cells when comparing two maps (also called fuziness of ionat Fuzziness of
location is set by a distance decay membership functiordigf@es to which level
neighbouring pixels influence the fuzzy representatiomefdentral cell. At dis-
tance 0 the function returns 1, indicating that every pixdlifbelongs to its own
category. As the distance increases, the function retuahges between 0 and 1.
Besides a distance decay membership function, also thefsilze neighbourhood
and the distance from every pixel in that neighbourhoodsteéntral pixel should
be determined. Therefore the concept of a neighbourhogdsimtroduced. A
neighbourhood ring is formed by all pixels located at the satfistance from a
central cell (Fig. 5.3).

An illustration of ring characteristics for a two pixel ragdiis given in Table
5.1. The radius defines the size of the neighbourhood, dbeglsnd this radius are
not considered part of the neighbourhood. To determineatis of the neigh-
bourhood, the range of the variograms was considered.

In this study, fuzziness of location was set with an expaaédecay member-
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FIGURE 5.3— Numbered rings within a two pixel radius.

TABLE 5.1— Ring characteristics for a two pixel radius.

Ring

0 1 2 3
Number of pixels in ring 1 4 4 4
Number of pixels in neighbourhood 0o 4 8 12
Distance from central pixel (expressed in pixels) 0 1v2 2
Distance based membership value 1 071 061 0.5

ship function with a decay rate of two pixels:
dj —d;
f(d) = dn2F = 27 (5.1)

wheref(d;) is the distance decay membership functions with distakhder the
i ring.

A fuzzy approach to comparing two maps results in a fuzzylaity map
indicating for each cell the degree of similarity on a scdlé to 1 and allows the
calculation of the average fuzzy similaritygflSWhen comparing two maps A and
B, S, is calculated following these steps:

1. Each pixel is represented by a fuzzy membership vector

To account for fuzziness of location, two types of membegrsigictors are
defined: the Crisp VectoMcisp) and the Fuzzy Neighbourhood Vector
(Vnor)- The size of the vectors correspond to the number of caiegor

The membership values of the Crisp Vector are given by EQ):(5.

Herisp,1
Hecrisp,2
Vcrisp = . (5 . 2)

Herisp,c
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with perispi = 1 if the original category is found, otherwisgiispi = 0 and
¢ the number of categories.

The membership values of the Fuzzy Neighbourhood Vectogizen by
Eq. (5.3):
Mnbh1

Hnbh2
Vnbh = - (5.3)

Mnbhc
Hnbhi = |Ucrisp,i,1 « f(d1), Merispii,2 * f(d2),..., Herisp,i,m * f(dm)|MaX

with pnphi = the degree of membership of categorfpr all neighbouring
pixels, set by the highest contribution of each categafysp;i j = member-
ship of category for neighbouring pixelj in Visp, f(dj)= distance based
membership of neighbouring pix¢landm = the number of pixels in the
neighbourhood.

. Comparison of two fuzzy pixels

The similarity of the two maps A and B can be assessed by a-pixgixel
comparison of the fuzzy vectors assigned to all pixels. E4)(expresses
the similarity between a pixel in map A and one at the samdilmtan map
B. First, the mimimum of a pairwise comparison of the vectenents for
the same pixel on both maps is performed. Secondly, the maxiof these
minima (maximum over all categories) is assigned to thelpiXee similar-
ity values range from 0 for two completely dissimilar neighbhoods to 1
for neighbourhoods with matching central pixels.

S(anh,A?anh,B) = [“JA,la “B,1|Min ’ |'J'A,27 lJ'B-,2|Min 3y |'J'A,C7 “B,C|Min]MaX
(5.4)

. Two-way comparison

To avoid an overpowering influence of the similarities beswaeighbour-
hoods (excluding the central pixel), the two-way comparisointroduced.
First, the Fuzzy Neighbourhood Vector of piXxebn map A is compared
to the Crisp Vector of the same location on map B. Next, thefCviector

of pixel I on map A is compared to the Fuzzy Neighbourhood Vector of

the same location on map B. Finally, the miminum of the two parison
results forms the similarity at pix¢l(Eq. (5.5)).

S = S,TwoWaﬁA, B) = |S(anhA7Vcrisp,B),S(Vcrisp,A,anhB)|Min (5-5)
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4. Average fuzzy similarity (§

The fuzzy map similarity is calculated as the average stitylaver all pix-
els ():

_2aS
S (5.6)

S, ranges from O (fully distinct maps) to 1 (identical maps).

Besides fuziness of location, fuziness in the membershipeotategories can
also be introduced. Fuzziness of category means that ttieafisn between cat-
egories is not always sharp and the vagueness among categoset by a fuzzy
category matrix. This type of fuziness is usefull for mapshvgjualititative (or-
dinal) legends where some pairs of categories are moreasithian others. To
account for the spatial context, fuzziness of category veasonsidered.

All map comparisons were carried out by the Map Comparisdrs&itware
(Visser and de Nijs, 2006).

5.3 Results

5.3.1 Earthworm variability

In total seven earthworm species were observed of whichrieeiaLumbricus
terrestrisL. was the most abundant species (Table 5.2). It was follomethe
endogeicAporrectodea caliginoséSAVIGNY) and the aneci@. longa(UDE).
The other endogeic speci@dlolobophora chlorotic§SAVIGNY), Aporrectodea
rosea(SAVIGNY) andOctolasion cyaneurfSAVIGNY) were less frequently en-
counteredDendrodrilus rubidugSAVIGNY), the only epigeic species, was found
only at two locations near the southern border of the samgled. The same rel-
ative rankings were observed for adults and juveniles. Axareption to this
general pattern, adul. caliginosaindividuals occurred in higher densities than
L. terrestrisadults. Anecic populations were dominated by juvenilevittlials
(adult/juvenile ratio of 0.06 and 0.23 respectively forterrestrisandA. longg
while the adult/juvenile ratios of the endogeic speciesearauch higher (0.42,
0.55, 0.64 and 2.52 respectively for. cyaneum, A. caliginosa, A. rosea and A.
chlorotica).

Table 5.3 shows the variogram parameters based on eartheaanmsities for
the anecic species and two representative endogeic sféciekloroticaandA.
caliginosg. In general, the fitted variogram models showed medium riangt
spatial structures in earthworm species with the RNE varjietween 17% and
58% (e.g. Fig. 5.4(a) and (b)). However, the densitied.ofoseaandA. longa
adults were only weakly spatially correlated (RNE = 77% ah%/respectively),
while the density otf.. terrestrisadults showed a strong spatial structure (RNE =
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TABLE 5.2 — Mean @ = 100) earthworm densities as collected by mustard extnadti
a conventionally ploughed arable field. Data are given fahedevelopmental stage per
earthworm species and per ecological category

Earthworm species/Ecological category Density [indiaidu 2]
Adults Juveniles Total

Mean SD Mean SD Mean SD
Allolobophora chlorotica 5.2 7.50 2.0 3.35 7.2 9.26
Aporrectodea caliginosa 14.3 10.23 26.0 16.54 40.3 23.54
Aporrectodea rosea 1.9 2.46 3.0 3.51 4.9 4.89
Octolasion cyaneum 0.2 0.65 0.6 1.42 0.8 1.71
Endogeics total 21.6 13.74 31.6 18.41 53.2 28.65
Aporrectodea longa 1.6 2.12 6.9 5.88 8.5 6.63
Lumbricus terrestris 9.1 5.24 1385 55.14 147.6 5453
Anecics total 10.7 5.88 1453 5478 156.1 53.93
Dendrodrilus rubidus 0.0 0.28 0.0 0.00 0.0 0.28
Epigeics total 0.0 0.28 0.0 0.00 0.0 0.28
Total 32.4 16.23 177.0 58.89 209.3 63.25

17% ). The ranges of autocorrelation varied between 14 and.@4or the anecic
species, the variogram range was remarkably larger foruthenjles than for the
adults (e.g. 14 m vs. 34 m fdr. terrestrisadults and juveniles, respectively). As
anecic population structures were dominated by juvertitesyariogram ranges of
total L. terrestrisandA. longapopulations were similar to the range of juveniles
of these species (30 m vs. 34 m farterrestrisand 64 m vs. 63 m foA. longg.

In contrast, the endogeic populations had a more evenhaisn of adults versus
juveniles and the ranges of the total population were tloeesfomparable to the
ranges of adults or juveniles separately.

TABLE 5.3— Variogram model parameters for each developmental sfafe cepresenta-
tive earthworm species density. All data were best fit by @sgpal model

Earthworm species  Developmental stage  Nugget  Range Sill E RN
a G [Col(Co+Cy)]*100
L. terrestris - 1010 30 1960 34
Adult 5 14 24 17
Juvenile 1062 34 2094 34
A.longa - 21 64 27 44
Adult 3.1 40 1.2 71
Juvenile 18.5 63 18.2 50
A. calliginosa - 222 29 354 39
Adult 72 33 41 29
Juvenile 123 30 143 46
A. rosea - 12.6 45 11 53
Adult 4.6 40 1.4 77
Juvenile 6.8 44 4.9 58

In Figure 5.5 it can be observed that longadensities were higher in those
areas wheré. terrestrisis less abundant and the reverse. On the other hand, the
spatial distributions of both endogeic species were lgrgehfined to the same
area in the field and overlapped to some degree. Generallgjtis of endogeic
species did not show a spatial correspondence with thoseecf@aspecies.
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FIGURE 5.4— Experimental (dots) and fitted (line) variograms ofl(ajerrestrisdensities,
(b) A. caliginosadensities and (c) E&.

5.3.2 EGvariability

The maps of the horizontal and vertical Edisplayed similar patterns but higher
absolute EGvalues were measured in the vertical orientation. Thg fB€asured
in both orientations was closely correlated= 0.819), so we decided to perform
the further analysis of EQvariability with the arithmetic average of both orienta-
tion, noted as Eg,. EC,, data ranged between 10.4 and 22.7 mS ywith a mean
of 16.5mS m! and a standard deviation of 2.1 mStnThe EG, variogram (Fig.
5.4(c)) had a strong spatial structure, indicated by its RNE2.9%, meaning that
only 22.9% of the variability consists of inexplicable ondom variations. The
range of 96 m indicates the spatial extent of theyElitocorrelation.

The EGy map shows a variation from low values in the southeast bayrida
high values at the upper northwest boundary (Fig. 5.6(d)ijs map was subjected
to a fuzzyk-means classification which resulted in an optimum of 2 lasses
(Fig. 5.6(b)). Class 1 had a centroid E@alue of 14.4 mS m!, while class 2 had
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FIGURE 5.5— Kriged contour maps of the densities [individuals#hof (a) A. longa, (b)
L. terrestris (c) A. caliginosaand (d)A. rosea

a centroid value of 17.9 mSTh. The textural difference between these two classes
could clearly be shown by their clay content, averaged dversbil samples per
EC,y class (Fig. 5.7). E& class 2 was characterized by a distinctly higher clay
content than Egy class 1. In both classes the clay content increased witthdept
but for EGy class 2 the increase in clay content was slightly higher fbanlass

1 (a relative increase of the clay content from top- to subsob4.8 % versus
42.5 %). Similarly the moisture content was higher in clasb2 the difference
between the classes was not significant. Also organic caabdnpH were not
significantly different between the two EEclasses: their depth weighted mean
was 0.56 % and 6.84 respectively for class 1, and 0.51 % aidéspectively for
class 2.
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FIGURE 5.7— Clay content [%] per depth interval in each &Class, the error bars depict
the standard deviations from the mean.

5.3.3 Measures of (dis)assocation

5.3.3.1 Abiotic-biotic comparisons

Pearson correlations between the abiotic soil conditiorpresented by the
EC, values, and earthworm densities were substantial for totakrrestris
(r = —0.471), L. terrestris juveniles (= —0.472) and totah. longa(r = 0.481).
Abundance olL. terrestriswas clearly negatively correlated with ECand this
correlation was mostly driven by juvenilesA. longaabundance had a strong
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positive correlation with Egy, indicating a preference for soil with relatively
higher clay content. The endogeic species did not show amglation with EGy
(r < 0.200).

Since the EG, map was optimally split into two classds € 2), and a kappa
analysis requires the same number of classes in the mapsdoniyeared, this
division was maintained for the fuz&#means classification of the biotic maps
(Fig. 5.8). The results of the categorical comparison ofdéhehworm species
and EG, confirmed the correlation analysis (Table 5.4). The strquagial agree-
ment betweerA. longaand EGy, was expressed by the, f 0.838, indicating
the occurrence oA. longain locations in the field with the highest clay con-
tent. ForL. terrestris(total and juvenile densities) the spatial agreement wss al
high (S =0.739), but an opposite behaviour towards soil conditieas observed
(negativer). It should be mentioned that in case of negative Pearsaelation
coefficient the map comparisons were performed with indectgegories for one
variable to avoid negative indices.
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FIGURE 5.8— Fuzzyk-means classification (with= 2) of (a)A. longa (b) L. terrestris (c)

A. caliginosaand (d)A. rosea Centroid values per class are given in the legend [indalglu
-2

m~<].
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TABLE 5.4— Kappa indices andk*) and average fuzzy similaritysg) of classified maps
related to biotic and abiotic interactions.

K K* S,
Biotic interactions
Community level Anecicsk. terrestrisvs A. longa 0.388  0.360 0.699
EndogeicsA. calliginosavsA. rosea  0.310 0.398 0.726
Population level L. terrestris juvenile vs adult 0.027 0.020 0.554
A. caliginosa juvenile vs adult 0.681  0.678 0.859
Abiotic interactions (EG, vs species)
L. terrestris 0.478 0.450 0.739
L. terrestrisadult 0.110 0.124 0.462
L. terrestrisjuvenile 0.422 0.368 0.706
A. longa 0.646  0.698  0.838
A. caliginosa 0.193  0.328 0.683
A. caliginosaadult 0.040 0.018 0.521
A. caliginosgjuvenile 0.255 0.282 0.634
A. rosea 0.098 -0.022 0.525

5.3.3.2 Community level comparisons

The occurrences of both anecic species were weakly nebatberelated

(r = —0.151) while on the other hand, occurrences of the represemiando-
geic specied\. caliginosaandA. roseawere positively correlated (= 0.362).
Pixel-by-pixel comparison of the categorical maps of thecdnspecies (based on
inverted categories fdr. terrestrig resulted in &* of 0.360, while g was 0.699
(Fig. 5.8, Table 5.4). Thus, although the linear corretati@etweeri. terrestris
andA. longawas poor, a similar spatial variability was found, indiogta consid-
erable degree of spatial exclusion. For the endogeic sp€Eig. 5.8) the degree
of agreement as expressed s somewhat larger (0.726), indicating a slightly
stronger (and positive) spatial association.

5.3.3.3 Population level comparisons

Occurrences df. terrestrisdevelopment stages were weakly negatively correlated
(r = —0.163). The degree of agreement between the categorical nhiapses-
restrisadults (inverted categories) and juveniles was p&bd=0.020), indicating
also a low degree of map similarity (Fig. 5.9, Table 5.4). Tihear correlation be-
tween the development stages of both endogeic speciesmagat and positive:

r = 0.520 forA. caliginosaandr = 0.318 forA. rosea Comparison of the maps of
A. caliginosaadults and juveniles yielded a high §.859), confirming a strong
spatial agreement (Fig. 5.9).

5.4 Discussion

This study demonstrated the spatial structure of earthwapeties occurrence
within a tilled agricultural field. The degree of spatial éagdence was in general
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FIGURE 5.9 — Fuzzyk-means classification (witk = 2) of the developmental stages for
one representative species per ecological categont:. @yrestrisadults, (b)L. terrestris
juveniles, (c)A. caliginosaadults and (dA. caliginosajuveniles. Centroid values per class
are given in the legend [individuals T].

medium strong with RNE varying between 17% and 58%. Howekierdistribu-
tions of A. longaandA. roseaadults had a weak spatial structure with RNEs of
71% and 77% respectively. The methodological count resolwdf one individ-
ual combined with the low occurrences of both species in &#d {on average <

2 individuals m ) inevitably leads to a high proportion of unstructured ahii
lity. It was found that earthworms live in spatially disttndusters whose size
was species- and life stage-specific. Map comparisons shtive¢ the endogeic
speciesA. caliginosaandA. rosealived in close association with each other. The
anecic species on the other hand had dissimilar spatiarpatas indicated by a
fair agreement between the mapd.oferrestris(inverted categories) ansl longa

on the scale of Landis and Koch (1977).
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The results also showed that the field distributions of de@pewing species
were strongly spatially correlated with the soil condisoas measured by the
ECa. Occurrences of adult and juvenife longawere confined to zones with
high EG,y values while conversell. terrestris (particularly juveniles) appeared
in areas with low EG, values. Also Blackshaw et al. (2007) found that juvenile
abundance was spatially correlated with soil propertiesiarable field, although
they did not differentiate between species. The spatialegggion of both deep-
burrowing species was driven by a preference for differioiyyonditions rather
than by negative species interactions, such as competitidnod at the soil sur-
face. Field distributions of the shallow dwelling speciesrgvnot spatially related
to soil EGy conditions. Given the homogenizing effect of the long-tenpplied
ploughing regime on soil properties in the upper 20—30 cnhefsoil profile, the
EC,y measurements are likely to represent the non-homogenigesbi proper-
ties (Cockx et al., 2008). As a consequence thg/BEaap does not represent the
topsaoil variability well. The practical implication of tke observations is that the
use of EGy measurements to predict the spatial occurrence of earthwpecies
is confined to earthworm activity of the deeper soil layers.

Decaens et al. (2003) found that soil type was a driving fafto the spa-
tial distribution of earthworm community structure andetsity at the landscape
scale, while at the field scale the agricultural practices inast impact. At our
study site with uniform management practices we found thatspatial distribu-
tion of deep burrowing earthworm species was related to tti@mfield spatial
soil variability, measured by the ECAs a consequence, the rapid, easy and non-
destructive geo-referenced soil characterization by mefan EMI sensor can be
used to design an optimal earthworm sampling scheme siecthEG, variabi-
lity provides an indication of the spatial distribution ofep burrowing species.
Also Johnson et al. (2004) demonstrated the biologicalaglee of soil EG clas-
sification and stated that it provides a point of referenceugh which microbial,
within-field-, and field-scale data can be related. Howetés,novel sensor-based
approach to determine and understand the spatial distitsubf soil organisms
requires further testing in a variety of (agro-)ecosystems

Concerning the measures of (dis)assocation, it can be sg@rirable 5.4 that
the difference between the two kappa statistics was raithé@et. In this cas&
did not overestimate agreement by chancexingas not more informative than
This can be explained by the even distribution in both the aod column totals
of the contingency tables; ~ nii =~ n/2 (see Table 3.1). On the other hand,
taking into account the local neighbourhood by a fuzzy pbelpixel comparison
resulted in an increased agreement index: for all compasiSpwas higher than
the kappa indices. Even for small kappaindices, the& still considerable good.
This implies a cautious use of,.STo interpret the degree of association between
two maps it is adviced to use a combination of accuracy measur
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5.5 Conclusion

Through a mobile, non-invasive EGoil survey clusters of high anecic activity
within an arable field were identified. It was also found thatihithe spatial pat-
terns of the earthworm densities and the degree of assmtitbiotic and abiotic
interactions was species and life stage specific and refatéek ecological cate-
gory of the earthworm species concerned.

The endogeic species. caliginosaand A. roseainhabited similarly sized
and overlapping patches £ 0.362,k* = 0.398 and §= 0.726). Clusters oA.
caliginosaadults and juveniles were situated in the same locationkarfield
(Sa = 0.859). At the same time it was observed that these spatidbsties be-
tween and within endogeic populations were not relatedearibasured soil EC
variability. In contrast, both deep-burrowing spedesongaandL. terrestriswere
found to live in spatially separated zones=(-0.151,k* = 0.360 and $= 0.399)
and their spatial distributions were mainly driven by theimtance of juveniles.
A high degree of spatial similarity was found between the srafthe anecics and
the EG: the S, was 0.739 folL. terrestrisand 0.838 forA. longa This associa-
tion was attributed to the preference of these speciesdbtblidiffering subsoil
conditions: their spatial distribution was determined g $ubsoil properties.

Our results proved that an EM38DD based soibEGrvey is a promising ap-
proach for identifying the spatial variability of deep bmning earthworm species.
This opens perspectives for more efficient earthworm samglased on an EMI
guided sampling strategey.
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6.1 Introduction

Frost-wedge pseudomorphs are sedimentary structuressegying the imprint of
former frost-fissure wedges, developed under palaeolperdconditions (Harry
and Gozdzik, 1988; French, 1996). Frost-fissure wedges warerdly formed
in present-day cold environments at high latitudes, sucBasada, Greenland,
and Siberia. They form by the progressive infilling of thete@ntraction cracks
with ice, non-ice material or a mixture, resulting in weddeped bodies (Murton
and French, 1993). Detection and identification of theitsas pseudomorphs
give fundamental information about Pleistocene periglaenvironments (Van-
denberghe and Pissart, 1993). The term ‘pseudomorph’ & fasdrost-wedges
containing ice that experienced thaw modifications andlliysbear little ressem-
blance to the original form. During thaw modification, mé&éfrom above and/or
the sides of the wedge replaced the original ice volume.

Methods used for detecting wedge casts include: (i) dirbseovation in
trenches and excavations, or (ii) indirect observatiorhefrtpolygonal networks
using aerial photographs (Boike and Yoshikawa, 2003; S@mnsl972; Walters,
1994) or geophysical methods like ground penetrating rédansart et al., 1999)
and electrical resistivity (Greenhouse and Morgan, 197@iylirect observation
techniques are preferred since they have least impact osoitheHowever, they
give a very fragmentary view of the total distribution of nsarface frost-wedge
pseudomorphs, because they are (i) slow or (ii) time dep®ratdiii) controlled
by a variety of external factors. On aerial photographsygahal networks are
visible through differential ripening of the crops resuodfiin ‘crop marks’. An
example is given in Fig 6.1.

FIGURE 6.1 — Oblique aerial photograph of large scale polygonal cropkan North-
west Belgium (photo: J. Semey, source: Department of Addggcand Ancient History of
Europe, Ghent University).
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The visibility of these crop marks depends on the crop tylpe nheteorologi-
cal conditions before and during the aerial survey, thektigss of the Quaternary
cover and the contrast in lithology between host (adjacamd) wedge materials.
Less dependent on these external factors are geophysitabdse Nevertheless
only little research has focused on these methods. Moretheealready investi-
gated geophysical methods were based on wedges visibleriah aleotographs
(Dansart et al., 1999). Small-scale resistivity profilingsaused for locating pre-
viously identified polygon boundaries, but for large ardas method is slow and
tedious (Greenhouse and Morgan, 1977).

The focus of this paper is on locating and mapping frost-veguipudomorphs
using EMI. The major advantages of EMI are (i) it is non-irivas(ii) it gives an
immediate response; (iii) the signal has a good penetratpacity and (iv) the
signal response can be related to soil composition. We ubdEa test site in
Sint-Niklaas (Belgium) to develop a new methodology fordtieg near-surface
frost-wedge pseudomorphs. At this site a polygonal patéfrost-wedge pseu-
domorphs was exposed during temporary excavation. Besidanethodological
aspects, the advantages and restrictions of the techniguiisgussed.

6.2 Material and Methods
6.2.1 Study site

The study site is located on a low-lying plateau (elevatibaw 25 m a.s.l.), in
Sint-Niklaas, Belgium (510826"N, 4°1024E) and is known as the Waasland
Plateau, an adjacent interfluve of the Flemish Valley. ThedMmd plateau is
underlain by a more than 1.5 m thick cover of Quaternary fkagolian and ae-
olian sediments (coversands) overlaying the Tertiary meaglauconiferous sand
and clay. The site is located in the sandy region of Flandégs 6.2). According
to the Belgian soil classification, the soil series is ‘Pbaxiry (drainage class ‘b")
sandy silt topsoil texture (textural class ‘P’) with a thigkthropogenic humic A
horizon (profile development class ‘m’).

A polygonal pattern of sand-filled wedges was exposed duekxagavation
works which removed the top 3 m soil (Fig. 6.3 (a)). The wedge® 0.02—-1.5m
wide and 0.2 — > 2.50 m deep and the pattern comprises polygelt&ranging
from 0.2 m to > 10 m in diameter (Fig. 6.3). The study site wasaangle 7.5
by 14.5 m, comprising a variety of well developed polygoraicures. Ground
wedges with a primary sandy filling are commonly referred¢dsand-wedges’.
A primary filling is the orginal infilling of thermal contraicin cracks, while sec-
ondary infillings refer to sediments that replice the oragiice content. The sand-
wedge structures are interpreted as frost-wedge pseugdmsuggesting thermal
contraction cracking in a periglacial environment durihg Pleistocene (Ghysels
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FIGURE 6.2— Location of the study site in the sandy region of FlanderddBim).

and Heyse, 2006; Heyse and Ghysels, 2003). Here we use thévtedges’ to
refer to these frost-wedge pseudomorphs.

6.2.2 Methods
6.2.2.1 EM38DD survey

Differences in apparent soil E@Qvere measured by electromagnetic induction us-
ing a Geonics EM38DD. The EM38DD simultaneously measuresB@, (ex-
pressed in mS mt) in the two orientations, each having a different depth re-
sponse profile. The vertical orientation (&) receives a dominant influence
from deeper (0.3 - 0.5 m) soil layers, while the horizontéotation (EG-H) re-
ceives its major influence from the near-surface soil lagicNeill, 1980b). The
two sensor orientations allow for relative measures ofisGj like the profile ratio
(PR). The PR is calculated as the ratio of #€to EC,-V and reveals differences
in the soil profile. A PR greater than unity indicates thatthgsoil is more con-
ductive than the subsoil and the reverse is true for a PR hessunity. Values of
PR close to unity indicate a homogeneous profile.

The wedges were visibly filled with a different mineral mééewhich could be
expected to result in differences in E(3ee Fig. 6.3 (b)). E£©measurements were
made at 0.5 m intervals by walking along lines spaced 0.5 mt,agaating a 0.5 by
0.5 m grid. EG-H and EG-V were recorded at each measurement location. Grid
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(b)

FIGURE 6.3— (a) Study area showing the polygonal pattern and the seleettangle with
the EM38DD sensor in the centre and (b) a vertical crosseseof a sand-filled wedge (the
horizonal scale bar shows intervals of 0.20 m).

coordinates were used to reference the measurements.dab@unstrument has
a length of 1 m, an overlap of 0.5 m occurred between sucassdasurements.

6.2.2.2 \Validation of the polygonal network

For validation, a detailed drawing of the polygonal netwads made after clean-
ing the soil surface in March 2004. The visible polygonalsalere drawn on

graph paper, aided by a grid of 0.10 by 0.10 m made by strimggened in a

wooden frame. This drawing was digitized first and then rastd in IDRISI with

a pixel resolution of 0.25 m by 0.25 m (Fig. 6.4). The resaontivas a com-

promise between the detailed drawing and the sensitivith@EM38DD sensor.

Sensitivity tests of the EM38DD in the field showed that theltviof a wedge

had to be at least 0.25 m to differentiate it from the host nieteTo be able to

identify these small wedges the resolution was set to 0.2B8ma consequence,
only wedges wider than 0.25 m were rasterized and considlefadther analyses.
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This raster of the polygonal network was used as the referenealidation image
of the polygonal pattern (Fig. 6.4(b)).

1400 1400
12004 1200
1000~ | 1000
E T
S, 800 S, 800
T T
5 ' > |
2 600 2 600
400 400
Host material
200 200 Wedgas
0+—== 8 ool o f N
0 200 400 600 0 200 400 600
X-grid [cm] X-grid [cm]
(@) (b)

FIGURE 6.4— (a) Drawing of the polygonal pattern and (b) Validatiorteasf the polygo-
nal pattern in which only wedges wider than 0.25 m were rethiThe axes represent grid
coordinates expressed in cm.

6.2.2.3 Accuracy of EM38DD based frost-wedge allocation

The EG measurements were interpolated to the same resolutiore aslidation
image using ordinary kriging (Goovaerts, 1997). Since weed at locating the
polygonal pattern of wedges, a fuzkymeans classification was performed af-
ter the interpolation to obtain a categorical image (seéme8.2.1). The results
from the fuzzyk-means classification were compared with the validatiorgiertay
cross-tabulation and the accuracy of the classificationoktasined from a confu-
sion matrix (see section 3.2.2).

6.3 Results and Discussion

6.3.1 Soil texture and EG measurements

Material inside the wedges was paler (7.5Y7/3 (light ye)owY6/2 (grey-
ish olive), 2.5Y6/6 (bright yellowish brown)) than the hasaterial (7.5Y4/3
(dark olive) and 2.5Y4/6 (olive brown)) determined usingtanslard soil color
chart (Oyama and Takehara, 1970). At two locations, in arsidela wedge, soll
samples were taken at 0.30 m intervals and analysed for tiadinral fractions
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and Fe-content (Table 6.1). The textural fractions wererdghed by the pipette
method (Gee and Bauder, 1986), the Fe-content was detatrbinatomic ab-

sorption spectrophotometry (AAS) of ammoniumoxalateaets (using a Varian
Spectra AA-20Plus spectrophotometer). Their sand comitgate similar (about
80-90 %), but the clay content was higher in the host matéri#tho) than in the
wedges (9%). The host material was Fe-rich sand (due to #sepce of glau-
conite) explaining the darker colour, whereas the wedges waler (white sand)
(Figure 6.3(b)). The difference in texture results from fiiedential origin of the

sediments: the cracks opened by thermal contraction wézd filith wind-blown

sands, while the host material consists of marine sand ayd cl

TABLE 6.1-— Textural fractions and Fe-content of two samples taken3& @ intervals in
the host material and in a wedge.

Host material Wedge material
Clay Sand Fe Clay Sand Fe
[%] [%] [mmol/kgsoill [%] [%] [mmol/kg soil]
0-0.30m 13.0 82.0 3.04 8.3 80.8 1.78
0.30-0.60m 13.0 82.1 2.65 6.9 904 1.78
0.60-0.90m 16.8 77.3 2.64 11.0 849 2.64

A summary of the descriptive statistics of the F@easurements is given in
Table 6.2. The EEH values were smaller than the E& measurements but dis-
played more variability with a CV of 10.9%. The correlatiovefficient between
the two orientations was low € 0.30).

TABLE 6.2— Descriptive EG statistics i = 480).

Min  Max Mean Median CV[%] Skewness
ECy-V [mSm1] 40 55  46.3 46 5.8 0.36
ECo-H [mSm1] 21 36 27.7 28 10.9 0.03

Both EG, variograms displayed a nested model structure resultimg two
scales of variation. The small scale variability with a raregound 1.30 m was
attributed to the polygonal pattern of frost-wedge pseuaiqins, while the EE
variability of the host soil was considered to be the soufempation with a range
around 6 m. The two scales of variation are most apparent fomxperimental
variogram with long lag distances (Fig. 6.5(a) and (c)). @wnly the maximal
lag distance is set to half of the maximal sampling dimensBeyond this dis-
tance the quantity of pairs will decrease since only obsiema situated near the
edges are involved. Then the variogram looses its reprasatyt: the randomicity
of variogram calculating value increases, the precisiomodlel fitting decreases
and even possibly the regularity of variability can be distd (Cambardella et al.,
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1994). For this study site this corresponds to a maximal lagadce of 8.16 m.
On Figure 6.5(a) it can be seen that at lag distances longartm, the number
of pairs started to decrease. Nevertheless only the begjrpart of those vari-
ograms was relevant for the interpolation and to this padubte spherical model
was fit (Fig. 6.5(b) and (d)). The RNE was 9.6% and 10.6% fog-BCEC,-V
respectively.
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FIGURE 6.5— Experimental and modeled variograms of (a);BCand (b) EG-H. The left
part of the figure shows the experimental variogram till Iéag) distances, while the right
graph has a maximum lag distance of 400 m. Based on the lgfhdlee variogram was
modeled.

The interpolated EEmaps show that for both EM38DD orientations lower
EC, values were found on the right side of the study area (Fig), @flicating
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spatial soil variability in the host material. Since no pyal pattern was visible

in the EG-V or EC5-H maps, the host soil variability was assumed to be larger
than the absolute E€V or EC4-H differences between wedge fillings and host
material.
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Y-grid [cm]

N 4
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(a) (b)

200 400 600

FIGURE 6.6— Map of (a) EG-V and (b) EG-H. The EG maps are expressed in mS

Table 6.3 lists the descriptive statistics of the;&@riables stratified on basis
of the validation image. The differences of the mean valoesid outside wedge
material were negligible for E£V (0.2%) and small for EGH (6.7%). The lower
conductivity in the wedges can be explained by the lower ctaytent. The Eg
variability was comparable for the wedge and host matetalvever a difference
in correlation between the two orientations was observedEC, measurements
located in the host materialincreased to 0.58, while in the wedge material the
correlation between E€V and EG-H decreased to 0.19. This is probably related
to the decreasing width of the wedges with depth: in the wetlgesubsoil differs
more from the topsoil than in the host material.

TABLE 6.3— Descriptive EG statistics, stratified according to the validation image.

Host material Wedge material
Mean CV[%] Mean CV [%)]
EC-V 46.4 3.94 46.3 4.14
EC-H 283 7.08 26.4 7.64
PR 0.61 4.35 0.56 4.63
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Looking relatively, the mean PR value of wedge and host risd#so differed
only sightly (6.5%). In contrast, the PR map clearly revddle polygonal pat-
tern (Fig. 6.7(a)). Wedges were represented by local PRnmainBy calculating
the PR, the Egvariability of the host material was eliminated and the PRoma
emphasized the wedge/host material contrast.
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FIGURE 6.7— (a) Map of PR and (b) fuzzii-means classification of PR.

6.3.2 Predictive quality of the classified PR map

Based on the PR map the study area was classified using aumeans classifi-
cation (withk = 2) shown in Fig. 6.7(b). Visually, the PR zones correspoetd w
to the validation image of the polygonal pattern (Fig. 6..(& map comparison
was performed to evaluate the accuracy of the PR classifitaflhe confusion
matrix is shown in Table 6.4.

TABLE 6.4— Confusion matrix obtained after cross-tabulation of tixelg of the validation
image (columns) and the PR classification (rows).

Host material Wedge Total

PR zone 1 1081 142 1223
PR zone 2 181 336 517
Total 1262 478 1740

The PR classification predicted the polygonal pattern ofyesdvith an overall
accuracy or observed proportion correles)(of 81%, so 19% of the pixels were
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misclassified.k was 0.546, indicating a reasonable agreement between the tw
maps. Taking into account the categories of neighbourixglpiwithin a radius of
1 m (4 pixels) increased the accuracy: the fuzzy similarityw&s 0907 indicating
a good spatial agreement between the two maps.
Some of the error could be attributed to:

e The creation of the validation image

The validation raster is not an absolute reference sinséd#sed on a sketch
of the visible polygonal network. Some polygons might notéehbeen vis-
ible while other polygons may have been destroyed at thexsarfluring
excavation.

* The unknown depth occurence of the wedges

The validation image is based on the superficial visibilityhe wedges, but
the depth occurrence of these wedges is not known. Some wegiekly
become smaller with depth, resulting in anHased misclassification since
the EM38DD sensor has an effective exploration depth of Ad60a75 m in
the vertical and horizontal orientation respectively.

In an attempt to improve the prediction, an uncertainty zeureounding the
wedges was introduced in the classification. Therefore a ofidpe coefficient
of variation (CV) of PR was used. The CV of a pixel is definedles riatio of
the standard deviation over the mean (expressed as pegegrtalculated for the
central pixel of a 3 x 3 moving window. Each pixel of the map iisited in turn.
The result is given in Fig. 6.8(a). The highest CVs were foahthe polygon
boundaries since a change in PR characterizes the bousndéttie wedges. Then,
the CV map was optimally classified into three zones usingfilzey-k-means
algorithm. The three classes had mean CVs of 0.9%, 2% and 8mPthe last
was defined as an uncertainty zone. This uncertainty zoneoweaaid on the
map of the PR classification (Fig. 6.8(b)). The proportiopiaels falling into the
uncertainty zone was 18%, reducing the area of the other bwex

TABLE 6.5— Confusion matrix obtained after cross-tabulation of tixelg of the validation
image (columns) and the PR classification with an uncestaiobe added (rows).

Host material Wedge Total

PR zone 1 930 71 1001
PR zone 2 157 264 421
Uncertainty zone 175 143 318
Total 1262 478 1740

To evaluate the added value of this uncertainty zone a cabssation with the
validation image was performed. The confusion matrix of #hross tabulation is
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FIGURE 6.8— (a) Map of the PR coefficient of variation (CV), expressegersentage [%],
overlaid with a vector of the wedges wider than 0.25 m andybzyk-means classification
of the PR map with an uncertainty zone added based on the CV.

given in Table 6.5. The overall accuracy (based on the retlacea) increased
to 84%, andk increased to 0.6. So incorporating an uncertainty zonéathjig
improved the classification.

6.4 Conclusion

Electromagnetic induction was able to detect exposed swdace frost-wedge
pseudomorphs based on the differential soil conditions&et wedge fillings and
host materials. The dual dipole configuration of the EM38[@Dsor was essen-
tial since it was found that the profile ratio of E@easurements revealed the
polygonal pattern. The wedges were represented by localiRiRnim Based on a
fuzzyk-classification of the PR map in combination with an uncettazrone an
overall accuracy of 84% was achieved.

It should be noted however that (i) only wedges wider tha® t2vere iden-
tified with an high resolution ECsurvey and (ii) the methodology was tested over
a small study area where the frost-wedge pseudomorphs visbéev A major
advantage of the EMI technique is its suitability to survenge areas in a mobile
way. However, future research has to focus on areas whepsthgonal pattern is
not visible at the surface. Nevertheless, this study glgadved that the EM38DD
is a promising soil sensor for locating frost-wedge pseuaiqins.
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7.1 Introduction

The spatial variability of forest soils is an important factor forest site planning,
quality, and productivity (Schoenholtz et al., 2000). FEbreoils serve multiple
production and environmental functions and maintainirgéfunctions is crucial
for sustainable forest management.

Accurate characterization of the soil is a preliminary sitesite establish-
ment, since both lateral and vertical soil heterogeneity have an impact on tree
growth patterns. Soil texture is a fundamental qualitasoi physical property,
influencing many other properties and processes includiiigamation, water
movement, erosion potential and cation exchange capa@ELj. It strongly af-
fects soil moisture and controls the pool of nutrients a@é for plant uptake
(McBride et al., 1990). Soil discontinuities may be defingdlgnificant changes
in soil texture and their identification and spatial deliti@ais important in land
use decision making (Ogg et al., 2000). The presence of dajayin a sandy soil
constitutes a discontinuity that restricts infiltratiordanfluence the lateral move-
ment of soil water and agrochemicals (Doolittle et al., J99doncerning forest
productivity, Woolery et al. (2002) selected percentagg @h the B horizon as an
important parameter for estimating species productivityo Bravo and Montero
(2001) found texture to be an important factor for forestdutivity. Moreover,
soil texture is known to determine the impact of soil disambes on tree growth
(Gomez et al., 2002). However, it should be mentioned thagstoproductivity
relies on the interplay of soil physical, chemical and biital properties and pro-
cesses which can be complex and varying among forest eeosy¢Schoenholtz
et al., 2000). Consequently, forest management practioadd be site specific
and account for the spatial variability of soil propertigherefore, knowledge of
the spatial variability of soil texture may be important fioterpreting tree produc-
tivity and planning forest management strategies.

New techniques have evolved allowing soil spatial varigbib be identified
using non-invasive, geophysical soil sensors. Sensoedb@s EMI have already
proved their utility for soil characterization in agricuttl soils (Corwin and Lesch,
2005a). In this sensing technique the soil.EE€measured, which is used as an
indirect indicator of some soil properties (McNeill, 1980dn non-saline soils
the variation in EGis primarily determined by soil texture, moisture contemd a
CEC, all of which are important to plant biomass productibhne inverse of Eg,
the electrical resistivity, can be also considered as agate for the variability
of soil physical properties (Samouelian et al., 2005) tligpth of investigation
depends on the distance between the electrodes, whichiisditoy the inter-tree
distance in densely populated forests. On the other hanR, I&B proved to be
an effective tool for exploring subsurface horizons, atsforests (Butnor et al.,
2003). Kung and Donohue (1991) showed that GPR was able &telaoil lay-
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ers with textural discontinuities whereas Boll et al. (1pp6dicted the depth to
textural interfaces using GPR. Both techniques detectgdmim electromagnetic
soil properties. However, the use of GPR is limited since efectrically resistive
soils are amenable to study (Butnor et al., 2003). As a resptmthis disadvan-
tage, EMI has been used as a precursory tool to guide the rostig,complex and
time-consuming GPR measurements (Gish et al., 2002; Intnaln 2002). Gen-
erally, it is recognized that EMI allows the detection ofdpal lateral changes in
textural properties (Doolittle and Collins, 1998), whex&PR is better suited to
vertical exploration of textural discontinuities. Nevegtess, several authors (Brus
et al., 1992; Bork et al., 1998; Mueller et al., 2003) haveortgd the use of EMI
to find textural discontinuities within the soil profile.

This study performed both lateral and vertical soil expiioras using an EMI
sensor. The sandy soil of the study area is characterizetidypresence of a
clay substratum at variable depth. We aimed to locate tiisital discontinuity
with the EM38DD sensor. This sensor has the advantage ofuriegghe EG
simultaneously in two orientations. The ratio of these twiertations provides
an indirect measure of the degree of soil profile heteroggnadditionally, we
investigated different data analyzing techniques to delie the spatial extent of
the clay substratum.

7.2 Material and Methods

7.2.1 Study site

The study site is an even aged, 75-year-old Scots pine pil@miaf 2 ha in Brass-
chaat, Belgium (central coordinates:°3833’N, 4°3214’E). The plantation is
part of a 150 ha mixed coniferous/deciduous state foreedcde Inslag’, lo-
cated in the Belgian Campine region (Fig. 7.1). Since 19881bmish Research
Institute for Nature and Forest has used this site as a @saaga and in 1992 it
was integrated as a Level Il Research Site into a Europeaanas program for
monitoring forest ecosystems. Several studies concetréeghysiology, nutrient
behaviour, C@Q and water cycles, forest vitality and air pollution monitaywere
conducted or are ongoing at this site. The topography of tha & flat with a
maximum height variation of 33 cm. The soil is called a ‘ppstizol’ in the Bel-
gian soil classification and symbolized as ‘Zegb’ on the Balgsoil map: itis a
wet (drainage class ‘e’) sandy (textural class ‘Z’) soilacdcterized by an anthro-
pologically disturbed spodic horizon (profile developmigry, with the final ‘b’
indicating a moderately sandy variant of the parent mdtefiae soil consists of
aeolian coarse sand, butirregularly located and at variddgbths (usually between
1.5 to 2.5 m or more) clay with a thickness of at least 0.20 mbmafound (> 40
% of clay) (Baeyens et al., 1993). The mineral soil is chadgoed by very low
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pH values (pH-HO between 3.6 and 4.1) and a very low CEC; the forest floor is
of the Mor type and varies in thickness across the site (lestvteand 13 cm). At
some locations a thick moss layer (3—7 cm) covering the litiger is present. In
the northwestern corner traces of Second World War a@#itiere found: bomb
craters disturbed the soil and relict barbed wire was fourtleasite.
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FIGURE 7.1- Location of the study site in the Campine region of FlangBesgium).

7.2.2 EGsurvey

We conducted a soil sensing survey using the EM38DD soilasend/ith the
EM38DD the soil EGis measured simultaneously in two orientations each having
its own depth response profile. The sensitivity of the senaarreach a depth of
2 m in low-conductive soils. The vertical orientation () receives its major
influence from deeper soil layers, while the horizontalta¢ion (EG-H) receives
a dominant influence of the near surface soil. Combining t8g feasured in
the two orientations in a so-called profile ratio (PR) pr@gdn indication of the
heterogeneity of the soil profile (Corwin et al., 2003): PRGH/EC,-V. A PR
close to one indicates a uniform profile, a PR < 1 indicates eengconductive
subsoil compared to the topsoil and a PR > 1 indicates dengeasenductivity
with depth. In this study site the PR is expected to be veryrinative.

In total, 156 EG measurements were taken by placing the EM38DD manually
on the soil surface. Fifty-four locations were selectedrmtasis of a pre-defined
grid with a 20 m by 20 m spacing; the other locations were takebetween
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these grid nodes to complement the regular sampling destgrsiorter distance
measurements.

7.2.3 Soil sampling

To provide an interpretation of the E@easurements, soil samples at 23 loca-
tions were taken over 50 cm intervals down to 2 m. Texture wadyaed using
the conventional pipette method. Additionally, in the andeere we expected to
find clay, the presence of heavy clay within a depth of 2 m waskéd by hand
auguring at 60 locations. Where heavy clay was encountérediepth to its top
was registered. These presence/absence observationsseeras validation data.

7.2.4 Interpolation techniques

Ordinary point kriging (OK) was used to interpolate the Hftieasurements (see
section 3.1.3). Based on the PR values we aimed to geneegpedhability of the
clay occurence. Indicator kriging (IK) was used for two posps: (i) to obtain a
map of the probability of the clay lens to occur in terms of itical PR value and
(ii) to interpolate the binary presence/absence data ttidatisn map showing the
presence of heavy clay within 2 m depth.

The principles of IK have been discussed in detail by Godsagir997);
Deutsch and Journel (1998), and others. IK obtains the pibityaof a certain
critical thresholdz; being exceeded by building the conditional cumulativerdist
bution function (ccdf) at each point based on the behaviodraorrelation struc-
ture of indicator transformed data. In this case our inteses in the probability
not to exceed a certain threshold: the clay layer is assumeddur at locations
with a PR value smaller than a critical PR threshold.

The ccdfF [xo; Z|(n)] signifies a probabilistic model for the uncertainty around
the unknown value aty, where|(n) represents the conditioning to local informa-
tion:

F[xo;Z(n)] = ProdZ(xo) < z|(n)] (7.1)

Therefore, original data have to be transformed into indica(xq; z) in re-
spect to a series ¢f threshold valueg, selected across the range of data:

. 1 if z(Xq) < % k=12,..K
1(Xa;2) = . . 7.2
(Xai2) {O if otherwise (7.2)

Generally, the quantiles of the global cdf are taken as &s@fK threshold
values, covering the range of variationzifVan Meirvenne and Goovaerts, 2001).
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For each thresholg, an indicator variogram was calculated and modeled:

=
=

N
wh;zk)f#

N [(xu+*r4)—20m;aﬂz (7.3)

HM

At every pointxg, the ordinary IK estimates of the indicators are used to@ppr
mate the ccdf. For thresho#] this becomes:

F(x0;2(n))" = [i(x0;2)] ZM i (Xa;2) (7.4)

The weights\q(z) are obtained by solving the ordinary IK system for each tines
old z:

ZE(:XS) Ap(Z)Vi (Xa — Xp: Zk) + 0(2Z) = Vi (Xa — X0; %) & = 1,...,n(Xo)
(7.5)

ZE(:X? Ap(z) =1

To construct the local ccdf, one has to deal with: (i) orddation problems aris-
ing from the independent kriging of the indicator values &éidhe interpolation
and/or extrapolation between and outside the thresholdesalThe former is cor-
rected by the upward/downward procedure as suggested bya@us (1997). The
latter interpolation was done using linear interpolatietzeen the threshold val-
ues, for the lower tail extrapolation a power model was useéreas for the upper
tail extrapolation an hyperbolic model was used. After tbéfds built, the prob-
ability of not exceeding a critical threshold can be assessed at every location
Xo-

ProtZ(xo) < z|(n)] = F [xo: ze|(n)] (7.6)

7.2.5 Classification and delination methods

Two numerical methods were used for the delineation of tag slibstratum from
EC.: (i) a fuzzyk-means classification and (ii) a classification of the IK ioif

ity map. Using a fuzzyk-means classification the PR values were classified into an
optimum number of clusters (see section 3.2.1), from whioh of the resulting
clusters was retained as optimal, indicating the presehtieecclay substratum.
The second method is based on a map indicating the prolyadiilthe clay sub-
stratum to occur. This probability map was obtained throlkgtthe centroid of

the optimal cluster from the fuzzZg-means classification was taken as a critical
thresholdz.. The resulting probability map was classified into a Boolezap
showing predicted absence or presence of the clay substratu
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7.2.6 Accuracy measurements

The results of the delineation methods were compared tddaviain image show-
ing the experimentally observed presence of the clay satiostr.

Categorical comparisons are generally based on a confasidrix contain-
ing categorical similarities obtained from a pixel-by-@ixomparison. Table 7.1
shows a two by two confusion matrix in which the elements heertumber of
pixels that fall into each categorical combination .

TABLE 7.1- A two by two confusion matrix.

Observed
Presence Absence Total
Predicted Presence a=true positives b = false positives a+b
Absences c = false negatives d =true negatives c+d
Total a+c b+d n=a+b+c+d

Based on the confusion matrix a list of pixel-based accuraegsures was
calculated (see section 3.2.2). A simple measure of acgusathe proportion
observed agreemer®y) defined as the number of correctly classified pixels di-
vided by the total number of pixels. The most popular acguraeasure however
is the kappa statisti] which eliminates classification agreement by chaigg (
(Cohen, 1960). The main objection to these two statistiteds dependence on
prevalence or the frequency of presences (a+c/n) (FieldimyBell, 1997). A
prevalence effect exists when there is an uneven distibatioong observed pres-
ences and absencas: as developed by Foody (1992) has also been described as
an adjustment te for a prevalence effect since a skewed distribution of caieg
increases agreement by chanBg) (Byrt et al., 1993). Alspjsio andKjoc Were
calculated, but for delineation studieg. was considered to be more relevant than
Khistor More detail about these variants of kappa can be found itiose8.2.2.
As discussed earlier in section 5.2.4 these measures hodewveot account for
spatial relations. To account for similarities in spatiattprns, the average fuzzy
similarity (S;) as calculated by Eq. (5.6) was assessed by introducingiesz of
location.

The second delineation method yielded in first instance a shawing the
probability of the clay substratum to occur. To validate abability map a
Receiver Operating Characteristic (ROC) curve can be oectsd (Pontius and
Schneider, 2001). The ROC curve was first used in World War tiarrectly dis-
crimate between an object (passing aircrafts) or noisedb@seadar signals. Since
then, ROC curves have been used in many other applicatiaigral detection, in
particular for medical decision-making. Over the last fevass, they have found
increased interest in the machine learning and data mirangrunities for model
evaluation and selection (Bradley, 1997; Perlich et alg4)0 A ROC curve re-
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lates sensitivity to (1-specificity) over a continuous rangprobability thresholds.
Sensitivity is the proportion of observed presences treapeedicted as such while
specificity is the proportion of observed absences that srdigted as absences
(Table 7.2). Sensitivity is also referred to as true positiate and specificity as
true negative rate. The complement of specificity, (1 - Jjtyi), is then referred
to as false positive rate. The occurence of the clay substrit predicted when its
probability exceeds the probability threshold. The ROGrewsvaluates the pre-
dicted probabilities by comparing them with the observeldes over the whole
range of predicted probabilities instead of only evalugatime percentage of cor-
rectly classified observations at one fixed threshold valliee clay substratum
is predicted to occur if the predicted probability excedusgrobability threshold.
For each possible probability threshold, sensitivity gmecsficy are calculated and
as such on the ROC curve is constructed.

The area under the ROC curve (AUC) is often used as a threghadéghendent
measure for the ability of the method to correctly discriatenbetween absence
and presence of an event of interest - in our case the clayratibs. Rather than
specifying a threshold for converting predicted probéibgiinto either presences
or absences, AUC provides a measure of how well the modelidisates the
presence and absence across all possible thresholds. T@esAk measure of
the likelihood that a presence will have a higher predic@de from the method
than an absence. An AUC value of 0.5 (a diagonal line on the BR@@) would
indicate that the method has no discriminating ability. (iteperforms no better
than chance), a value of 1 would indicate that a method alweg®ctly assigns
presences a higher probability than absences. Manel &0dl1] showed that the
AUC statistic is prevalence independent.

TABLE 7.2-Indices related to the ROC curve and Eheneasure. Their formula based on
a two by two confusion matrix is given (in conformity with Taty.1).

Index Formula
Sensitivity = Recall (R) = True Positive Rate  a/(a+c)
Specificity = True Negative Rate d/(b+d)
1- Specificity = False Positive Rate b/(b+d)
Precision (P) al/(at+b)

Besides for accuracy purposes, information from the cgetiicy matrix was
also used to determine the optimal probability threshofdugh theF-measure.
The F-measure is defined as the harmonic mean of precis®muid recall R)
(Table 7.2). Precision is the proportion of predicted pness that were observed
to be present and is a measure of accuracy. Recall (alsal calesitivity) on the
other hand is the proportion of observed presences thatwedécted to be present
and measures the ability of the method to correctly predicteserved presences.
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The trade-off between precision and recall is illustratedrig. 7.2. In case the
clay substratum is predicted to be present in the whole stitdyrecall is perfect
whereas precision is low. In case all the predicted clayss abserved, but not
all observed clay is predicted, precision is perfect whereaall is low. Using the
harmonic mean of precision and recall implies that both rieds high to obtain
a highF-measure.

Observed clay Predicted clay

Recall = a/a+c Precision = a/a+b

Observed clay that was Predicted clay that was not
not predicted to be present Observed clay that was observed to be present
predicted to be present

Perfect recall, low precision Low recall, perfect precision High recall, high precision

D @

FIGURE 7.2— lllustration of precision and recall with their trade-off

A weighted version of th&-measure as developed by van Rijsbergen (1979)
was used:
(B?+1)PR
B°P+R

with B € [0,+] as weighting factor controlling the relative importancepoéci-
sion versus recall. Witp = 1, precision and recall have equal weights: a smaller
B emphasizes precision, a largeemphasizes recall. Since the aim was to pre-
cisely predict the presence of the clay substratum, mogghweias attached to
precision an@@ was set to 0.5. To select the optimal probability threshglglwas
maximized.

Fs= (7.7)

7.3 Results and Discussion

7.3.1 EG measurements

The locations of the 156 EGneasurements are shown in Fig. 7.3a. The descrip-
tive statistics of the EM38DD measurements (Table 7.3) sthaivthe EG values

of this sandy soil were very low (3—-9 mS ™ with relatively small coefficients

of variation (CVs of 22% and 29% for E€H and EG-V, respectively). The EE

H and EG-V measurements had similar mean values within the same alage.
Their distribution was symmetrical but platykurtic, whas¢he PR measurements
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showed a more skewed, leptokurtic distribution. In modtigtsithe correlation be-
tween EG-H and EG-V is reported to be very strong (e.g. Triantafilis and Lesch
(2005); Vitharana et al. (2008)), but in this study the clatien coefficient was
only 0.74, indicating some deviation from a linear relasiip.

222170/ 222170/
222130 222130
222090 222090
222050 222050
222010 222010
221970 221970
220420 160500 160560 160620 - 60440 160500 160560 160620
(@ (b)
222170/
222130
222090
222050
222010
221970
221

930 —_—
160440 160500 160560 160620
(c)

FIGURE 7.3 - Point ordinary kriging maps of (a) E€H with indication of the EM38DD
measurement locations, (b) E& with indication of the texture samples and (c) PR. The
metric Lambert coordinates [m] are used on the X and Y axis.

Spherical variogram models with a nugget effect were foundpresent the
experimental variograms best. The variograms ofHGnd EG-V had a similar
spatial structure with a strong spatial relation as in@iddty their relative nugget
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TABLE 7.3- Descriptive statistics of E£H, EC,-V and PR .

Summary statistican(= 156)
Min Max Mean CV [%] Skewness Kurtosis

EC-H 3 9 5.90 22 0.075 -0.776
EC-V 3 9 6.06 29 0.206 -1.287
PR 060 1.75 1.01 21 0.933 1.378

effect (RNE) of 10% and 6% respectively. The PR measuren@antbe other
hand had a larger RNE (30%). The RNE measures the proportiandom or
short-distance variability. The range of the variograms wathe order of 80 m
for all three variables. Although the data range was rathells maps of EG-H
and EG:-V, obtained by point OK with a pixel resolution of 1 by 1 m, sed
clear and rather similar patterns (Fig. 7.3(a) and (b)). highest EG values
occurred in the east of the field, the lowest in the west. Irtresh the PR map
indicates that most of the study site is characterized byteerdaomogeneous soil
(PR values around 1). However, in the northwest corner as@é PR values were
found (1.2-1.3) whereas in the southeast a circular phenomeith decreased
PR values (0.7-0.8) can be seen (Fig. 7.3(c)).

7.3.2 Clay content and EG variability

Based on the clay content of the 23 sampled locations (FR(b)), two types of
textural profiles could be distinguished: one homogeneatisaniow clay content
down to 2 m (18 locations), the other one with a marked ine@éa<lay con-
tent from a depth varying between 1-2 m onwards (5 locatifffig) 7.4). The
standard deviation of the clay content of the homogeneoilpisdile was quite
uniform for all layers, on average 2.6%. The top 1 m of the fogfeneous soil
profile had a similar standard deviation, but it increasednsfly below 1 m to
6.5% on average. This increase in standard deviation esstridm the variable
depth where the clay substratum occurred. The heterogsrsaduprofiles were
all characterized by an increased &ZCresulting in a decreased PR. The average
PR of the heterogeneous profiles was 0.81, compared witheaage PR value of
1.03 for the homogeneous soil profiles.

Fig. 7.3(c) shows that in the northwest corner theECappeared to be higher
than the EG-V although no substantial textural differences were founttie sam-
ples of that area. We assumed that the, BCthose places was influenced by an-
thropogenic disturbances: in the northwest corner tratgsedecond World War
were found. Barbed wire acting as a metal artefact in theis&ihown to disturb
the electromagnetic signal strongly. Also the presenceaoflibcraters with asso-
ciated differences in topography, moisture conditionsléted density is believed
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Mean clay content [%]
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FIGURE 7.4 — Mean clay content of the heterogeneous and homogenedugrdafilies,
shown in intervals of 0.50 m (errors bars represent the atamdeviation).

TABLE 7.4— Pearson correlation coefficients for mean clay content 23) of different
soil layers and EgGH and EG-V.

Pearson correlation coefficient

Depth of the mean clay content[m] EE EC-V
0-0.5 0.32 0.30
0.5-1 0.37 0.28
1-15 0.34 0.38
1.5-2 0.41 0.67
0-1.5 0.44 0.44

0-2 0.40 0.56

* Significant at the 0.05 level
** Significant at the 0.01 level

to influence the signal of the sensor. In the southeast thedsed PR was clearly
caused by a textural discontinuity. All samples locatechis tircular pattern of
small PR values had a substantial increase in clay contetwéen 13% and 27%)
at a depth between 1.5-2 m. Table 7.4 shows the Pearsonatmmetoefficients
(r) between the mean clay content in the different soil lay@rs in intervals) and
EC,-H, EG-V. Up to 1.5 m depth the correlations for both =8 and EG-V were
rather weaki(< 0.50) because of the textural homogeneity. In the 1.5-2yerla
the correlation increased. In particular, £€ was well related with the more
variable clay content in that layar € 0.67), while the correlation with E£H was
considerably lesg (= 0.41). Looking at the correlation over the whole soil pefil
averaged over the top 1.5 m and 2 m, the clay content in the lrBlayer seemed
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to increase the correlation, especially for 2C(r increased from 0.44 to 0.56).

7.3.3 Delineation of the clay lens

The presence of a clay substratum in the sandy soil sulestimutclear textural
heterogeneity resulting in an increased,BCcompared to EgGH. Therefore PR
minima were hypothesized to indicate the presence of tlaig sbstratum. A
fuzzyk-means classification of the interpolated PR values wa®peed with a
fuzzy exponentd) of 1.3. This value fo is in the middle of the range 1.12-1.5
as suggested for soil data by Odeh et al. (1990). MinimizZiegNCE (eq. (3.27))
and the FPI (eq.(3.25)) resulted in the least fuzzy and ldiastganized number
of classes (Fig. 7.5). The study site was optimally clagbifi¢o five classes: two
classes with a PR centroid around one, two classes with a Rifo@klarger than
one, and one class with a PR centroid smaller than one (Fa¢g)J.

0.08 —
0.07
" ]
8]
z A
5 0.06
o
TN -
0.05
{1 e—e—eFPI
M T T T T T T r T T 1

2 3 4 5 6 7 8 9
Number of classes

FIGURE 7.5 - Fuziness performance index (FPI) and normalized claasiit entropy
(NCE) as a function of the number of classes.

We were interested in the class with the lowest PR centroiLjQindicating
an increasing conductivity with depth, suggesting the gmes of a clay substra-
tum. In a first, simple approach, a Boolean image was usecktliqitthe presence
of the clay substratum (Fig. 7.6(b)): if the centroid PR dga81, the clay sub-
stratum was predicted to be present. This Boolean imagétedsna two circular
areas, of which the small did not seem to represent a deepsalastratum since
both EG-H and EG-V had increased mean values in this area. It indicates arlarg
clay content in the entire profile, but with a slight increasth depth.
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class centroid 1.47
class centroid 1.25
class centroid 1.10

class centroid 0.95 PR classes with centroid > 0.81
class centroid 0.81 PR class with centroid = 0.81
222170 2221704
222130 222130+
222090 222090+
222050 222050
222010 222010+
221970 2219704
221930 T y TN 221930 T y TN
160440 160500 160560 160620 160440 160500 160560 160620
(@) (b)
F(PR < 0.81) < 0.50
F(PR<0.81) > 0.50
222170
222170 100
90
80 222130+
222130 70
60
222090 50 222090
40
2220504 30 222050
20
10
222010 0 222010
221970 221970+
221930 T T TN 221930 T T TN
160440 160500 160560 160620 160440 160500 160560 160620
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FIGURE 7.6—Map of (a) the fuzzy classification of the profile ratio intefclasses, (b) the
predicted presence of the clay substratum according ttayfk+means reclassification, (c)
the IK probability showing the probability (expressed ascpatage) that the profile ratio
< 0.81 and (d) the predicted presence of the clay substratoording the classification of
the IK probability map with a probability threshold of 0.5.

The second method used this centroid value of 0.81 as thehiblck value
Z in IK. This method introduced uncertainty in terms of thelmbility that the
clay substratum is present. Based on the global cdf of theli2Rruations, seven
thresholds %) were selected for the indicator coding of PR. These thiestmor-
respond to the deciles of the PR distribution, since the®54,0.6 and 0.7 deciles
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had the same quantile with a value of 1. Because a small PRaitadi a textural

heterogeneity, the clay substratum was assumed to occocatidns with a PR

smaller than 0.81. IK provided the probability that RF0.81, which was taken as
a measure of prediction that the clay substratum occurs {F&{c)).

7.3.4 \Validation

All auger observations (those performed for the texturallyses and the binary
observations used for the validation) were binary coded:clay occured within
a depth of 2 m, 0 if not. These values were interpolated udtngith a spheri-
cal variogram model having a RNE of 11% and a range of 90 m|tregun an
indicator map of the presence of the clay substratum (Fig(a)). This indicator
map was categorized by a threshold of 0.5: whenever the atstihindicator was
at least 0.5, the clay substratum was expected to occur.eButing map acted as
the validation image (Fig. 7.7(b)). Fig. 7.7(b) also shole$ampled locations as
black dots when clay was observed within 2 m and as empty tlotsélay was
encountered.

2221701

0.36 - 480
654 ‘o 330 188

0-321 2221301

0.28 1

0.24 - 2220901
0.2

v(h)
0.16 1

2220501

2220101

2219701

T 1 ) T 1
0 20 40 60 80 100 120 221930 T y g
Lag distance [m] 160440 160500 160560 160620

(@) (b)

FIGURE 7.7 — (a) Indicator experimental (dots) and modeled variogranhe validation
data and (b) the validation image with the validation samgldack dots are presences,
while empty dots are absences).

Using this validation image the accuracy of the delineati@thods was evalu-
ated. First, the probability map of the second method wasiflad into a Boolean
image based on an optimal probability value determined byrls measure. The
Fo.s measure was maximized at a probability value of 0.50 (Fig(aj). All pixels
with a probability> 50% were classified into a class where the clay substratum
was predicted to occur (Fig. 7.6(d)).
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FIGURE 7.8— TheF-measure of the harmonic mean of precision and recall weibfb )
in function of the probability thresholds.

The similarity between the presence/absence pattern afivih@&oolean clas-
sifications and the validation image can be seen clearly (Fversus Fig. 7.7).
Nevertheless there was a substantial difference in terrieddize of the clay lens:
the area of the clay sybstratum was 0.25 ha and 0.14 ha favthBaolean classi-
fications respectively, whereas the validation image slianeay substratum with
an area of 0.47 ha. So the location of the clay substratum arasat, but the spa-
tial extent of the clay substratum was underestimated by bm@thods. The main
error occurs at the eastern boundary of the clay substrathis side is near to the
metal fence which delimits the study site. This might hafkianced the electro-
magnetic field induced by the EM38DD and the resulting, BE@asurements.

To quantify the accuracy of the two methods, the Boolean magps compared
with the validation image on a pixel by pixel basis. Table $hbws the resulting
accuracy measures.

TABLE 7.5— Accuracy measures of the two classification methods

Accuracy measure Fuzaymeans Classification of the IK probability map

Po 0.817 0.838
K 0.341 0.349
K* 0.634 0.676
Kloc 0.529 0.864
Sa 0.819 0.841

The overall accuracyR,) reached high values for both methods (0.819-0.838),
but it should be remarked that there was a prevalence eff@dt6; the proportion
of pixels without a clay present in the subsoil (< 2 m) is lardpan with presence
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of the clay substratum. Predicting the absence of the clagtsatum in the whole
study site would still give a®, of 0.79. k values were 0.341 and 0.349 for the
two methods, respectively, indicating a fair agreemennglis and Koch, 1977).
After correction for the prevalence effect a substantiedrgjth of agreement is
reached, indicated by values of 0.634 and 0.676. In termsigf; the IK method
scored best with &joc 0f 0.86. The spatial context was taken into account with S
Fuzziness of category was not considered and fuzzinessatiém was set with an
exponential decay function (with a halving distance of twtiscand a neighbour-
hood defined by a radius of two cells). This measure was fdr bnathods higher
(0.819 and 0.841) than the indices calculated on a pixetb&si we can conclude
that the delineation was good in terms of spatial agreenidr.IK based method
was found to be the most accurate, but it is also a more el&borethod based on
a PR threshold value obtained from the fuzzyeans method. Nevertheless, the
IK based method was preferred to delineate the clay lens.

The accuracy of the IK probability method was also confirmgdt® ROC
curve (Fig. 7.9). The AUC value of this curve was 0.770, iatling a 77% likeli-
hood that a presence of the clay substratum - randomly cHom®rthe map - has
a higher predicted probality than a randomly chosen abseRokowing Swets
(1988), an AUC value between 0.7 and 0.9 indicates reaserthftriminating
ability. Thus processing the EM38DD measurements allowthi@delineation of
a clay substratum in a sandy soil with an acceptable levat@iracy.
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FIGURE 7.9— The ROC curve of the IK probability method (AUC = 0.770) ipmesented
by the blue line. The green line indicates a model with a diaasion performance no
better than chance (AUC = 0.5).

7.3.5 Depth of the clay lens

The depth to the upper boundary of the clay layeg)(ldas reported to be an
important factor for biomass development in pine standolfigev and Vanclay,
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1995). In our study site a significant relationship betwegn(easured at 42
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FIGURE 7.10- (a) Scatterplot of EEV vs the depth of the clay substratumdjtand (b)
the depth of the textural discontinuity (clay substraturmieters below the surface).

locations) and EgV was found, with a Pearson correlation coefficient of -0.64
(Fig. 7.10(a)). Following Doolittle et al. (1994), we fitt@th exponential regres-
sion model which appeared to be the best model to pregi¢RD= 0.43):

D¢ = 0.986+ e1438-0347EG-V, (7.8)

The closer the textural discontinuity was to the surfacentiore it contributed
to the response of the sensor. Fig. 7.10(b) shows the peeldist The central part
of the clay lens occurred closest to the surface, with a minindepth of 1.1 m.

7.4 Conclusions

Analyzing the EM38DD data resulted in an accurate identificeof the location
of the clay lens, but tended to underestimate the spatiahéxf the clay substra-
tum. The most appropriate processing technique appeatsslitalicator kriging
through the use of a probability map showing the probahilityhe clay substratum
to occur. The fuzzyk-means algorithm was used as an initial step to determine the
optimal (and objective) PR threshold. In delineation stsdhe spatial context of
similarities should be taken into account, baik and S were found to give good
results.

The EM38DD sensor appeared to be a suitable instrument fectiteg lateral
and vertical soil textural variability important for fotasanagement applications.



LOCATING CLAY IN A SANDY FOREST SOIL USING THEEM38DD 7-19

To determine a pedological discontinuity both orientagiohthe EM38DD sensor
were essential because only the PR value was useful for zanglyhe vertical

heterogeneity of the soil profile. We concluded that the diyable version of the
sensor allows extra opportunities for EMI applications.edield survey with the
EM38DD is sufficient to characterize the spatial texturalafaility, to locate the

presence of a clay substratum and to map its depth appradynat
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8.1 Introduction

Detailed information on the variation of topsoil texturéngortant for optimizing
soil and crop management due to its influence on soil fggtiater-holding capa-
city, and crop germination (Chen et al., 2004). A common agph to acquire fine
scale soil textural information is based on multivariateq)gtatistical techniques
given a significant relation between the target soil vagaid an easy-to-measure
ancillary variable (McBratney et al., 2006). This has leadn increasing interest
in proximal soil sensors by which high resolution soil infa@tion can be collected
in a short time (Adamchuk et al., 2004; Vitharana et al., 3006

Proximal soil sensors based on EMI have been used widely powithin-field
soil heterogeneity by measuring the &8 a soil (Abdu et al., 2007; Johnson et al.,
2001; McCutcheon et al., 2006). Under non-saline condstibie soil properties
which influence soil Eg include the porosity, the amount of colloids, the soil
moisture content and the soil temperature (Rhoades et®§)1 Actually, an
EMI sensor translates the depth-weighted average respdiadiethese factors in
one measurement of the soil EGowever, the response of an EMI sensor is non-
linear with depth and depends on the coil orientation anekaail spacing of the
sensor (Wait, 1955). Besides, the degree of heterogenfeityedop- and subsaoil
properties is also a factor at play (Frogbrook and Olive®72)0large variations in
one of the EG-influencing soil properties can dominate the responsardégss
its depth. Therefore, the straightforwardness of extngcinformation about the
top- or subsoil from EMI measurements also depends on thieaksoil variation.

Most studies that predicted the clay content by EMI-sens&gere based on
a single sensor orientation (Jung et al., 2006; Weller g2@07). Few studies com-
bined EMI sensed data: at a within-field scale taking theratitwo EM38 ori-
entations increased the information present in each atientseparately (Cockx
et al., 2007; Mankin and Karthikeyan, 2002) while at a laageclevel the clay
content of the upper 7 m was best predicted using a hieraictpatial regression
of a composite of EM34 and EM38 data (Triantafilis and Les€i93).

The approach in this study was to investigate the potentiaktificial neu-
ral networks (ANNS) to extract topsoil information from tvizeC, signals. Like
a human brain system, ANNs are very efficient at processiteyfiam a variety
of sources. Intelligent data fusion through ANNs improves process of infor-
mation extraction (Dai and Khorram, 1999). Data fusion iral as the combi-
nation of data from complementary sources and as such sinedtisly obtained
EC, measurements each with a different depth-response curvbectreated as
multi-source data. An advantage of working with ANNs is ttiety are able to
model complex non-linear relationships without any a pramsumptions about
the nature of the underlying processes (Haykin, 1998; S§6R0Ihe interactions
of top- and subsoil properties influencing the J£ignal represent such a com-
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plex relationship. ANNs already proved their success ihssiénce, for example,
relating soil EG to crop yield (Miao et al., 2006), classifying soil textuéh@i
et al., 2006), developing neural-network-based peddieafsctions for the pre-
diction of soil hydraulic properties (Pachepsky et al., @;99chaap et al., 1998).
Still, this analysis has been much less explored for soiltek predictions and to
our knowledge, no research focuses on the extraction obtidpformation from
simultaneous Egsignals.

In this study EM38DD based E@neasurements were used in an ANN analysis
to extract information about the topsoil clay content foragmicultural field in the
Polder area of East-Flanders, Belgium. The aim was to isertfze information
available from the two sensor orientations separately Binfuthe signals in an
ANN. Therefore, we examined the sensitivity of the ANN pred topsoil clay
content to the number of sensor orientations (only hor&loot horizontal plus
vertical) and the usefulness of incorporating contextu@} Exformation in the
ANN input.

8.2 Material and Methods

8.2.1 Site Description

The study was performed on a 10.5 ha arable field in WatervBetigium
(51°1617" N, 3°4035"E). The field is located in the Polder area of East-Flanders
(Fig. 8.1). The topography was nearly flat with a maximum heigriation of
60 cm and the soil was classified as Aquic Udifluvent (Soil Syr8taff, 1999).
The dominant Belgian soil series of the field is sEdp, indiicp moderately wet
(drainage class ‘d’) clayey topsoil texture (textural sl&s') with a shallow sandy
substrate (‘s’) and little profile development (profile deyanent ‘p’).

The top 110 cm are calcareous Holocene deposits, wherepsrdagers are
Pleistocene sediments. Van Meirvenne et al. (1990) fourtldisnarea a lithologi-
cal discontinuity at a depth between 40 and 50 cm where theredcomposition
changes from alluvial loamy material in the topsoil to agolsandy loam in the
subsoil. A series of Holocene marine transgressions diggbkiamy to clayey
material on top of the Pleistocene, predominantly sandyen@. The transgres-
sions occurred through a network of creeks which were sulesgly filled with
clayey material, resulting in a large subsoil textural @goin, up to a 2 m depth.
This creek pattern was clearly visible on an aerial photolgiet the field, taken in
the summer of 1989 (Fig. 8.2). At that time, the sugar beqi esthibited a differ-
ential growth due to the large subsoil textural variahilithe creek pattern is well
represented by the crop marks: a darker green colour oatting iclayey creeks.
The narrow linear features on the photograph represenbtineef drainage ditch
network constructed at the time of land reclamation.
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FIGURE 8.1- Location of the study site in the Polder region of East-&&e (Belgium).

The polder area is of high agricultural importance due tdatsile soil and
from the 14" century on, dikes were constructed to protect the land agagw
marine incursions. A typical crop rotation in the area isagpot sugar beet, and
winter wheat.

FIGURE 8.2— Oblique aerial image of the arable field, taken in July 198@®fo: J. Semey,
source: Department of Archeology and Ancient History ofdpa, Ghent University).
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8.2.2 Electromagnetic Induction: Survey and Processing

During the summer of 2006, E@ata were collected with the EM38DD sensor in
a mobile configuration. The sensor was connected to a GPS f&ld aomputer
and pulled by an ATV at an average speed of 8 kmh.hEvery second a sensor
measurementwas recorded along lines about 2 m apartingsala measurement
resolution of 2 by 2 m. The EM38DD sensor measures simuligsigdhe soil
EC, in the horizontal (EG-H) and vertical (EGV) modes of operation. With a
fixed inter-coil spacing of 1 m, the response of the EM38DDhfkienced by the
coil orientation, each orientation having its own (theiwad) depth-response curve
(see Fig. 2.10). Theoretically, the vertical orientatienaives 50% of its response
from the top 0.85 m of soail, while for the horizontal oriendaita similar response
is achieved from the top 0.40 m of soil (McNeill, 1980b). Tlsponse peaks at
the surface for EGH and between the 0.3 and 0.5 m depth for,BCIn general

it is said that EG-H is mainly influenced by topsoil properties, while E& gets
the highest contribution from the subsaoil.

Before interpolating the high resolution E@ata, two preprocessing steps
were taken. First, due to a lag of 2.5 m between the GPS ancetisoss a shift
correction was applied to the recorded measurements. 8gib@mnoise presentin
the EG-H data was reduced using a Z-score filter: values deviatioigrihan two
standard deviations from their local mean (within a radiusm) were replaced
by the local mean E£H value.

Then, continuous E£maps with a pixel resolution of 1 by 1 m were ob-
tained using ordinary point kriging, taking into accourd gpatial autocorrelation
among the Egdata (Goovaerts, 1997). The sensitivity of the measuregt&®e
operating speed induces a measurement error of about 1 Th$3udduth et al.,
2001). As in kriging with uncertain data, this uncertairgytaken into account
by replacing the variances in the diagonal of the A matrixhef ordinary kriging
system (Eq. 3.11) with the measurement error (Triantafiled.e2001). This had
a smoothening effect on the interpolation since no exaerpmiations could be
made. The Egmaps were made using the VESPER-software (Minasny et al.,
2002).

8.2.3 Soil Data Set

At 78 locations soil samples were taken according to ag-@ifected sampling
scheme to ensure that the existing soil variability waswagot Topsoil (0-40 cm)
and subsoil (50—80 cm) samples were analyzed for texturddéyconventional
pipette-sieve method. At those 78 locations the,#Cand EG-V values were
extracted from the interpolated maps to complete the stdl siet that was used to
predict the topsoil clay content through a series of ANNSs.
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8.2.4 Artificial Neural Networks: A Brief Introduction

Already in the 1990s, the potential of ANNs to predict diffteto-measure soll
properties was announced (Levine et al., 1996). The ANN isnapaitational ap-
proach, which mimics the capacity to learn through a complathematical struc-
ture of interconnecting layers, inspired by the biologioaliral system. A network
structure exists of nodes which are organized into inpdilém, and output layers
(Haykin, 1998). An example of an ANN structure with one hiddigyer is given
in Fig. 8.3.

Input Layer Hidden Layer Output Layer

FIGURE 8.3- Basic network architecture; the input laygy)(is connected with the hidden
layer () through the weightsyj, while wy; are the weighted links that connect the hidden
layer with the output layeryf). wig, Wig are the bias terms added to the hidden, respectively
output layer.

The most used network type is the feed-forward back-prap@agaetwork and
its algorithm is based on two phases.

In the feed-forward pahse, each neuron of the hidden layerX(..., Nniq)
computes an outpur by summarizing the input data( j = 1,..., Nin), multiplied
with their respective weightwjj) and using this sum as an input in a nonlinear
activation function ¢):

z = fi() WijXj +Wo) (8.1)
7

A bias term (vp) was added, serving as a constant added to the weighted sum.
Initially, the weights are chosen randomly. Then, the sanoegxure is repeated

in the output layer transforming the output from the hiddeyer to the final output

(Y, k=1, ..., Nout), with weightswy; and biaswyo:
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Yie = fk(Y WiiXi +Wio) (8.2)

The feed-forward phase stops after the outputas been predicted. A commonly

used activation function to introduce non-linearity is 8wshaped hyperbolic tan-

gent function:
ePx _ g Bx
f(BX) = taanX - m

wherex is the input of the activation function afidcontrols the slope of the linear
part of the curve.

In the back-propagation phase, the error, defined as trexelifte between the
predictionsyy) and the actual values is minimized by optimizing the wesgtitthe
connections. In an iterative process, called training gtiner is back-propagated
from the output nodes to the hidden and from the hidden nad#éeetinput nodes
and the weights are altered according to the generalizad dgke (Rumelhart
etal., 1986):

(8.3)

Aw(t) = —n% +oaAw(t—1) (8.4)
whereAw(t — 1) is the previous weight chang#w(t) is the actual weight change,
n is the learning rate parameter, E is the error between predscand actual
values andx is the momentum parameter.

The adjustment of the weights should be proportional to #gative deriva-
tive of the error with respect to each weight and is set by ¢laerling rate). The
smaller the learning rate, the smaller the changes to thghisaivill be from one it-
eration to the following and the smoother the error curvélé| but the slower the
rate of training. A large learning rate on the other hand &esjpup the the rate of
learning might result in an unstable netwerk (oscillatimpecurve). The momen-
tum parametea makes the change in weights dependent of past weight changes
and improves as such the convergence rate of the network.mbhngentum pa-
rameter may also prevent the learning process to convergddoal minimum
(Haykin, 1998).

We used the early stopping-cross-validation method fanitrg, which seeks
the minimum error of an independent test set to determinatingber of training
cycles (Fig. 8.4). The data are split into a training set Wwhgcused to train the
network and a test set. The training is stopped periodic¢alier a fixed numer
of cycles) and the network is tested on the test set after padghd of training.
Typically the error of the training set is smaller than theoepof the test set. The
training learning curve decreases monotonically for areiasing number of cycles
while the test learning curve decreases monotonically taranmm and then it
starts to increase as the training continues. At that pbatraining should stop to
avoid overfitting: no better generalization will be obtairedter this point.
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Error

Test

Training

Number of cycles

FIGURE 8.4 - Error curve with illustration of the early-stopping cresdidation method.
The dotted line indicates when the training should stop.

8.2.5 Datasets, Network Architecture and Data Preparation

Due to its small size, the soil dataset was only split into 8gts: a training set
of 50 samplesrg;) and a test set with the 28 othersd]. In case of no data li-
mitations an independent validation set is used for erriimesion in a validation
phase. To compensate for this lack, 10 splits, & 10) into training (B, i =
1,...,nsp) and testing (i, i = 1,,nsp) were randomly generated. This resampling
method could be called a repeated split sample cross-tialidaBesides, each
of these training sets was run 10 timeg, = 10) to account for different random
initializations and eliminate the effect of the initial vgéits. In total 1001fsp.nin)
neural network models were trained and the final predictias @btained by aver-
aging the outcome of all models. These two steps indireesited the robustness
of the method.

The number of neurons in the hidden layer indicates the cexitglof the
relationship to be modeled. Too few hidden neurons will galhegive high er-
rors due to under-fitting, while too many hidden neurons reidult in over-fitting
(Bishop, 1997; Van Coillie et al., 2007). To determine thenber of hidden neu-
rons Hecht-Nielsen (1987) was followed who stated thilf(2 1) hidden neurons
should be sufficient to model any continuous function. Thalber of inputs Kin)
was altered in two ways:

e Contextual neural networks were used to incorporate &pa@;, informa-
tion around each soil sample. Around each soil sample a wineis drawn
to define the number of E(heighbours that were taken into account. The
window size (WS) determindg, and we tested a series of windowsxdiy
X pixels, withx=1, 3,5, 7,9, 11.
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* The effect of using one (E£H) or two (EG-H and EG-V) sensor orienta-
tions was investigated for a window sizeoby x pixels, withx = 1, 3, 5.
In the former case, the ES&/ data were treated as unavailable and instead
their mean was used.

According to the input, the models were abbreviated as Hy WHHV_WS,
and in total nine different input layers were tested. Duéédompositional nature
of texture data, two textural fractions were used as outpubbles Noyt = 2):
the topsoil clay and topsoil sand content. The results hewemly focus on the
topsaoil clay content (referred to as tclay). The valuestierdlope of the activation
function, the learning rate and the momentum term were s8t%00.01 and 0.1,
respectively.

Two preprocessing steps were performed: (i) the input date wormalized to
a mean of zero and a unit standard deviation and (ii) the oatga were rescaled
to the interval [-0.9,0.9] to avoid the ends of the transterction. This allows the
network to produce an output when an observed-Z&lue lies outside the range
used for the ANN development and avoids slow learning rates.

The ANN analysis was performed using LNNS, an atrtificial aduret-
work simulator developed at the Laboratory of Forest Manag® and Spa-
tial Information Techniques of the Ugent, Belgium, whichd®vnloadable from
http://dfwm.ugent.be/forsit/.

8.2.6 Validation Procedure

As stated above (section 8.2.5), there was no independkaéatian data set, in-
stead the performance of the different neural network nsogtek evaluated based
on the average validation indices of the ten test sets. Tltieduced some bias
in the validation indices, resulting in slightly better uéts than would obtained
with an independent validation data set (Ozesmi et al., ROB6ur validation in-
dices were calculated: (i) the mean estimation error (MEE)the mean squared
estimation error (MSEE), (iii) the coefficient of determiioam (R?), and (iv) the
uncertainty or variance (VAR) among thep.ni, realizations of each observation
of the test datasets. The following formulae were used:
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1 Nsp Nin 1 Nte

MEE = 8.5
Nsp-Nin i;lj Z Y= y*Jk (8:5)

1 Nsp Nip 1 Me
MSEE= 8.6
nsp.nin izl le Nte k= (ylk yjk) ( )

1St e (Vi — )2
nsp Nin |ZI Y1 (Vik— V)2

1 Nsp Nte 1 Nin 2 8.8
Nsp.Nte i;kzl Nin —1 J-Zl(yrjk Vi (6:8)

whereyi is the observed tclay content of samplef test seti, yjj, is the
predicted tclay content of sampleof test sef for initialization j, y; is the mean
observed clay content of test $g§; is the mean predicted tclay content of sample
k of test sef over all initializations e is the number of samples in each test set,
Nsp is the number of splits into test and training data setsrani the number of
initializations in each training process.

The MEE measures the biasness of the predictions; the MSEHtifjes the
prediction accuracy, while the’Rneasures the variability of the tclay observations
that is explained by the model. In addition, the VAR indexidadies the reliability
of the tclay predictions. Since all four indices had a défarfocus, we determined
the best model performance using a rank score that pays atjeation to each
of them. Suppose there apemodels, for each validation index, the models were
ranked from best to worst. A score of 1 is assigned to the bedeirandp to the
worst model. For each model, the scores are then summedamdbe overall
rank score R With g validation indices R values are in the range,[pg]. For
the ease of interpretation,,Rvas normalized to the normalized rank score R
(Parasuraman et al., 2006):

(8.7)

VAR =

Pq—Ro
pqg—p
A model with a good overall performance has gnvalue close to 1.

Ry = (8.9)

8.2.7 Multiple Linear Regression

As an alternative for the prediction of the tclay contentdaaen EM38DD data,
the use of stepwise multiple linear regression (SMLR) waduated. In SMLR
modeling, predictor variables are added one at a time tcetipession to see if the
model improves upon the addition of that variable. The m@ifid based on least
squares: the sum-of-squares of the differences betweermnausand predicted
values is minimized. Adding the first predictor is based am ¢brrelation with
the output (dependent variable) and by this, the secondgboeds fixed in case
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of two predictor variables. A multiple linear regressiondrbis defined by the
following:

K
Y=a0+ ) aX (8.10)
k=1

whereY is the dependent variabl¥, is thek!" independent variablep, as, ..., ax
are the regression coefficients afds the number of independent variables.

The two EM38DD orientations were used as independent Vas#b = 2) and
due the limited soil dataset, all 78 soil samples were useth®®SMLR analysis.
The validation however was performed in an equivalent matothe ANN analy-
sis since the indices were calculated and averaged outddrhest sets. It should
be noted that no VAR index could be calculated since thermaiaitializations
in SMLR.

8.3 Results and Discussion

8.3.1 EG and Texture

Table 8.1 shows that the values of £ were slightly larger than those of B
and skewed to the right. Nevertheless the coefficients oatian (CVs) were in
the same order and the linear correlation between them wa&swhich is rather
low compared with other studies (Korsaeth, 2005; Triansadihd Lesch, 2005).

TABLE 8.1- Descriptive statistics of the B&H, ECs-V (n = 19694) and the textural frac-
tions of top- and subsoil.

Min  Max Mean Skewness CV [%)]

ECa[mS m ]
ECs-H 109 30.1 18.0 0.38 15
EC-V 147 337 21.2 1.07 13
Textural fractions
Topsoil clay 14.30 23.71 19.12 -0.04 13
silt 20.80 54.20 35.06 0.58 21
sand 23.10 64.80 45.82 -0.23 20
Subsoil clay 3.20 22.11 9.07 0.85 45
silt 3.70 46.30 16.80 0.95 55
sand 31.70 92.90 74.14 -0.91 18

The interpolated ECmaps (Fig. 8.5) show that both orientations were clearly
influenced by the subsoil creek pattern: a similar pattembm observed, with
the highest Egvalues occurring in the channels. On both maps two dominant
linear features (channels) of increased,Ee present: one in the eastern part
of the field, parallel to the boundary with clear side brarscaed one diagonally
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crossing the western part of the field. So regardless thedtieal depth-response
curve, the subsoil variability also influenced the B€data strongly.

2181501
218100
218050
2180001 24
T 23
‘o 2179501 22
=
= 21
2179001
5 20
=z
2178501 19
1 18
7800 17
217750 16
15
217700 . ' '
100900 101000 101100 101200
Easting [m] (a)
218150+
2181001
218050+
2180004 e
T 23
‘o 2179504 22
=
£ 21
217900
E 20
217850 19
, 18
217800 17
2177501 16
15
217700+ ————
100900 101000 101100 101200
Easting [m] (b)

FIGURE 8.5— Maps of (a) EG-H and (b) EG-V. The map units are ms n.

Both EG signals exhibited the same spatial behaviour represegtadibuble
nested spherical variogram model, but more noise was ezgisby the horizontal
orientation of the sensor (Fig. 8.6). The relative nuggfeict{RNE) of the EG-V
measurements was 4%, while for the originabE€data the RNE was 30%. After
filtering the EG-H data, its RNE reduced to 23%. A first scale of variabilitylb
be related to the creek pattern of the subsoil which is ptesignin the range of 35
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m, while the second range of 200 m represents the wider witbld variability.
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FIGURE 8.6— Variograms of (a) EgH before and after the application of a Z-score filter,

(b) EC,-V.

The large textural variability of the subsoil is expressgdlygh CVs for clay
and silt in the subsoil (Table 8.1). For the clay fractiorg €V of the subsoil was
45%, compared to a CV of 13% for the topsoil. The topsoil textuas loam and
clay loam, while in the subsaoil it ranged over five USDA texuclasses (sand,
loamy sand, sandy loam, loam and silt loam) (Vitharana ¢2@06).

The 78 top- and subsoil samples are presented in Fig. 8.7edBais these
samples only, no channel pattern could be recognized inofheotl, the highest
tclay values were situated around a northeast line in theecand in the bottom
left corner of the field. The subsoil clay content on the othend followed the
observed Egvariability.

The Pearsonrf and Spearmarpj correlation coefficients between the textu-
ral fractions and extracted BGt the sampled locations are given in Table 8.2.
The differences between the Pearson and Spearman cametatfficients were
limited, so the degree of linearity is expressed well by tlearBon correlation
coefficient. Subsoil texture correlated strongly with Z€ and EG-V, with an
r-value around 0.7. This also points to the influence of thessillbon the EG-H
measurements. EEH correlated even better with the subsoil clay content (
0.70) than with tclayr(= 0.61). The relation of tclay observations and the two
sensor orientations was shown in Fig. 8.8. The topsoil ctaytent had the most
linear relation with EG-H although the correlation coefficient was moderate (
0.61) and quite some spread was found. With&the cloud of data points be-
came more scattered and thgalue was only 0.44. This rather limited linearity
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FIGURE 8.7 — Map indicating the location and the clay content [%] of (a¢ topsoil
samples and (b) the subsoil samples.

motivates the use of ANNS.

8.3.2 Artificial Neural Network Analysis

The effect of changing the input layer of the ANN by incregsihe window size
or eliminating the vertical sensor orientation is given able 8.3. The validation
indices of the tclay predictions are shown for the nine déffeé model architec-
tures. The MEE of all models was smaller than the precisiotiaf determined
using the pipette procedure, which is 1% (Gee and Baudef)18®licating the
low mean error of all network models. As a consequence, th& Mot used
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TABLE 8.2— Pearson and Spearman correlation coefficients betwegmifitCthe textural
fractions = 78).

Topsoil Subsoil
clay silt sand clay silt sand
Pearsonr()

ECyH 061 0.74 -0.77 0.70 0.72 -0.72
ECyV 0.44 0.66 -0.65 0.69 0.71 -0.72
Spearmang)

ECyH 0.63 0.77 -0.79 0.75 0.76 -0.76
ECyV 049 0.69 -0.69 0.74 0.75 -0.75
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FIGURE 8.8— Scatterplots of (a) the topsoil clay content andy#¢C (b) the topsoil clay
content and EGV.

further to compare the models. Concerning the differenngka in the input
layer, the MSEE, the R and the VAR followed the same trend. Increasing the
amount of contextual information or ignoring the infornaetiobtained with the
vertical EM38DD orientation deteriorated the accuracy dredreliability of the
tclay predictions. According to the?Rand the VAR indices, the best model was
HV_WS1 explaining 65.5% of the tclay variability with an wrtainty of 0.052%.

Its MSEE of 2.829% was slightly larger than the MSEE of the HV_WS3 model,
so based on the MSEE only no differentations could be madedeet HV_WS1
and HV_WSa3.

Focusing on the effect of an increasing input window size, ldast signifi-
cance difference (LSD) tesP(< 0.05) was used to compare the different levels
of contextual information. A least significant differencativeen the means of the
validation indices is calculated as the product of the stashdeviation of the mean
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TABLE 8.3 - Validation indices of the different network architectsirerdered according
to a change in the input window size or a change in the numbsergor orientations.

MEE  MSEE R VAR Rn
Effect of window size

HV_ WS, 0.459 2.828*) 0.65% 0.052 0.96
HV_WS; 0.130 2.769 0.55¢ 0.222 0.83
HV_WSs 0.210 3.53% 0.549 0.80° 0.54
HV_WS; -0.329 6.057 0.356 3.046 0.25
HV_WSo -0.356  7.75% 0.30% 4.408 0.13
HV_WS1; 0.325 11599 0.208' 7.67% 0.00
Effect of EM38DD orientation

WS, H WS  -0.179 3.048*Y 0.472 0.05% 0.75

HV_WS; 0.459 2.829 0.65% 0.052 0.96
WS; H WS  0.159 3.24% 0.466° 0.09P2 0.63

HV WS 0.130 2.769 0.55¢ 0.222 0.83
WSs H WS  0.206 4.328 0.44R 0.234 0.42

HV_WS 0.210 3.53% 0.54% 0.80° 0.54

* Values with the same letter are not significanfy<(0.05) different by an LSD-test.

** Values with the same letter are not significanfly<0.05) different according to a Student’s t-test.

difference and its associated t-value (Webster, 2007). diffigrence that exceeds
this LSD is considered to be significant. Up to a window sizé& dify 5 pixels
the MSEE values were comparable, higher window sizes egbirta significant
increase of the MSEE. The?Raind the VAR significantly differed between models
with (WS > 1) and without (WS = 1) contextual input informatidSo, contextual
information did not contribute to an improved model. Thesexpected results
were probably due the small dataset which resulted in togtemetwork archi-
tectures when taking into account contextual informatlbis known that ideally
the size of the dataset should exceed the number of weigttts imetwork (Burn-
ham and Anderson, 2002). So if the number of soil sampledddoeilextended,
the influence of contextual information would probably ie&se. Besides, the re-
liability of the predictions clearly depended on the numbkinput nodes as the
VAR index increased when a more complex input layer was u3éxs conclu-
sion was valid regardless the nature of the input data: gtudeor extra sensor
information.

The relative importance of incorporating both sensor datons in the net-
work was indicated by a deterioration of the MSEE, &d VAR indices when
treating the EGV data as unavailable. This trend was valid for all tested-wi
dow sizes. Nevertheless, almost no significant differemegr® found with the
Student's test P < 0.05).

Comparing the overall performance of all the models was digniategrating
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the different indices into the [Rscore. Based on the,Ra well-defined order in
the performance of the network models was obtained (TaBleR8g. 8.9). The
best model was HV_WS1 with an,Rf 0.96, followed by HV_WS3 (R= 0.83).
The negative effect of including contextual informationri@ased with an increas-
ing window size, due to the increasing complexity of the reekw On the other
hand the effect of including the vertically sensed;f@d a stable and positive ef-
fect on the tclay predictions. On average thedRore increased with 30% (with a
standard deviation of 2%) when both € and EG-H data were used instead of
only EGy-H. Information obtained with the vertical sensor orieitiatseemed to
be essential to optimize the tclay predictions. This alstficmed our hypothesis
that under circumstances of very heterogeneous subsgikepies, the EGH is
strongly influenced by the subsoil, masking informationwttibe topsoil variabi-
lity. A neural network analysis seemed to be an appropretkrtique to extract
the topsoil information from the two signals obtained witle EM38DD sensor.

19 HV WS
1 HV_WS3
0.8 H_\WS1
7 H_WS3
0.6 HV_WSs
Rn -
H_Wss
0.4
1 HV._Wis7
0.2
HV_WSo
HV_WS11
o L ) ) ) L L ) ) ) 1

FIGURE 8.9— The Ry-score of all models.

8.3.3 Comparison with SMLR

Concerning the advantage of using a more complex technigaeANNs the
comparison was made with stepwise multiple linear regoessihe SMLR was
performed with EG-H and EG-V as predictor variables. Both orientations con-
tributed significantly to the model and following regressamuation was found:

tclay = 13.25+ 1.53EG-H — 0.99EGV (8.11)

The goodness-of-fit of the model{Rwvas 0.488 and the adjusted Ras 0.47.
The goodness-of-fit of a univariate regression based qpHE@ata only was 0.37
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(adjusted R = 0.36), indicating that also in this analysis adding thetigal ori-
entation improved the tclay prediction. Neverthelessjndée/idual importance of
each orientation was not assessed due to a multicolliyezmitcern since the lin-
ear correlation between the two predictor variables wasidenably high (0.78).
The predictor variables in any regression problem mighhbercorrelated and the
term multicolinearity is used to describe the case whenrttezdorrelation of pre-
dictor variables is high. Multicolinearity does not pretduthe use of regression,
but can make it impossible or difficult to assess the relatiyeortance of indivi-
dual predictor variables from the estimated coefficienthefregression equation.
With variance inflation factors of 6.96 no serious problerhsnalti-collinearity
arise however (Neter et al., 1996).

The model was validated based on the average indices ofriltesedata sets:
the MVLR model had a MEE of -0.045, an MSEE of 3.72 and 41% ofttiesy
variability was explained. Compared to the HV_WS1 mode#, MSEE and R
indices were considerable worse. So using ANNs clearly avga the clay pre-
dictions. This indicated the outperformance of ANNSs to stisp multiple linear
regression, probably due to the nonlinear depth responae &Ml sensor, the
limited linear relation with the tclay content and the compinteractions of all
the EG-influencing soil properties.

8.3.4 Mapping the topsoil clay content

The predictions of tclay obtained with the HV_WS1 model aneven in Fig.
8.11(a). The tclay data ranged between 16 and 23.5%, withiteest clay con-
tent in the center of the field. Despite the integration of B®-V and EG-H
data, a linear channel pattern of increased tclay contesstilavisible in the west
of the field. A map indicating the locations and the magnitafithe estimation
errors was projected on a classified EZmap with the mean ELV value (21.2
mS nr1) as cutoff value (Fig. 8.11(b)). This boolean classificatghows the
most clayey zones of the field and as such the subsoil cretderpas apparent.
The largest errors occurred in the channel of the west: ttieréclay content of
the samples was clearly overestimated by our model. So ffibet ef the subsoil
was not filtered out completely by the neural network techeiq

However, if only the EG-H data (H_WS1) were used, the maximum predicted
tclay reduced to 21% and the channel pattern was clearlylgigi the tclay pre-
dictions (Fig. 8.11(c)). The errors of this model indicatiedt not only the topsoil
clay content in the western channel was overestimated |$uirathe central part
of the field the errors increased (mainly underestimati¢fg). 8.11(d)). This
prompted the need for subsoil textural information wherdoténg the clay con-
tent of the topsoil. Therefore, fusing the two EM38DD oraitns in an ANN
masked out the subsoil influence on the BT signal considerably, increasing
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FIGURE 8.10- (a) Map of the tclay content predicted by the HV_YM8odel and (b)
Location map of the estimation error of the HV_Wi®odel, projected on a classified EC

V map.

consequently the accuracy of the predicted tclay content.

8.4 Conclusions

In this study, the two signals (E&/ and EG-H) obtained with an EM38DD sen-
sor were combined in an ANN model to estimate the clay coritetite topsoil.
Based on both orientations, the influence of the heterogermdsoil on the tclay
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FIGURE 8.11- (a) Map of the tclay content predicted by the H_Wodel and (b) Loca-
tion map of the estimation error of the H_W8odel, projected on a classified & map.

prediction reduced considerably. Compared with an ANNysisabased on E

H data only, the tclay predictions were more accurate in $asfiMSEE, R, and

also the uncertainty of the predictions was lowest. The @adized rank score in-
creased with 30% when two sensor orientations were useshitistf only the hor-
izontal one. Integrating contextual information in the AKMdel did notimprove
the tclay predictions: the validation indices deteriodatgth an increasing input
window size. This was probably caused by the small size ostliledataset, but
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further research to explore the possibilities of large sketafor use in contextual
neural networks is required.

It can be concluded that fusing the two EMI signals by an ANIdlgsis in-
creased the topsoil information present in only one sigiiais approach opens
perspectives for the optimal use of proximally sensed satibd Artificial neu-
ral networks appeared to be a useful tool for optimizing thegljction of textural
information from depth-weighted EMI responses.






General conclusions and future
research
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9.1 Introduction

Knowledge of the spatial variability of a soil is the key tdig@ently managing
natural soil resources. Soils are inherently highly vdeamnd this characteristic
complicates the spatial characterization of a soil. Soitses were developed as an
alternative for intensive soil sampling since it is an-etspbtain source of high-
resolution soil information. This thesis concentrates orew type of EMI-based
soil sensor, the EM38DD, developed in 2001. Different apphes to analyzing
EM38DD signals were adressed.

The final chapter reflects on the most important conclusiétisi® thesis and
discusses the research questions as postulated in Chapiésolsome ideas for
future research are put forward.

9.2 General conclusions

9.2.1 Answers to the research questions

The general aim of the thesis was to investigate the use obxmal EMI soil
sensor to inventory and characterize soil properties agh fésolution. Nine
research questions were posed to reach this aim. Througdfiffaeent research
chapters answers were given to these questions and surechhare.

Question 1. Which soil management applications can benefit from an Endce
based approach?

In this thesis, five soil management applications were aéks

« Site specific soil management by adjusting agriculturahaggment to the
observed within-field soil variability

« Soil quality evaluation through the spatial variabilitiyearthworms occur-
rence

» Detecting geogenic traces in soil to provide informatiboat Pleistocene
periglacial periods

 Forest site planning through the characterization oful@ttheterogeneities
in forest soils

* Improved mapping of soil textural properties by fusing ldeisl signals

The identification of within-field soil classes for use ineséipecific manage-
ment can be performed succesfully with EMI-based measurtsnén Chapter 4
this method was applied to the domain of soil chemistry, @@ihapter 5 focused
on soil biology. Using an EMI sensor to characterize soilstoal properties only
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works if the following condition is met: the soil chemicalgperty of interest has
to interact with at least one of the E@fluencing properties, as is the case for
soil nitrate. EMI clearly improved the characterizationnitfate dynamics since
nitrate movement depends on the soil texture: the risk tateiteaching decreases
in soils with a higher silt and clay content. Also the chagaisation of soil bio-
logical variability by EMI performs well through the intextéon with soil texture.
Deep burrowing species were found to live in spatially safeaf clusters and this
occurrence pattern was in accordance with the subsoilrextariability.

Chapter 6 illustrated that former geogenic phenomena bisif periglacial
features can be detected by an EMI sensor. Their detectibased on a con-
trast between properties of these features and the surirauadil. Frost-wedge
pseudomorphs introduce a textural heterogeneity in thedwils since the cracks
were filled with wind-blown sand and silt material. Besidgepmorphological
features (like the former creeks in Chapter 8) were alsdMsin high resolution
EC, maps.

Site characterization by EMI was applied succesfully in ee$try context
(Chapter 7). More specifically, a textural discontinuitysrekelineated by a proba-
bility approach based on the ratio of the horizontal to thieal signals. Although
EC, measurements were taken manually at a resolution of 20 m lny, 20e pre-
sence of a clay substratum in the sandy forest soil was figshtivell by analyzing
both the EM38DD signals.

In Chapter 8, the dual EM38DD signals were fused in an ANN arxhelped
to filter out the dominant influence of a very heterogeneohsailion the horizon-
tal signal. The accuracy of topsaoil clay predictions insezhby using two instead
of one EM38DD signals as an input in an ANN.

Yet, the here mentioned applications do not form a compraherist. How-
ever, they all have one important characteristic in commefateral or vertical
change in one of the E@nfluencing factors.

Question 2. Does the within-field soil variation of Flanders (Belgiungquire
high resolution soil data?

Yes.

A common criticism to site specific soil management in Flaade the rela-
tively small size of the agricultural fields. Nevertheldss study sites used in this
thesis have areas ranging from 1 ha to 10.5 ha and all of tharhited reasonable
EC, variability. In Chapter 4 the difference between the infation present on a
conventional soil map and on an E@ap is illustrated. Even this small field (1
ha) exhibits a considerable soil textural variability. Afeliential N management
in the two distinct EG zones could be an efficient way to reduce the amount of
nitrate leached in autumn. To capture that variability gsanclassical soil sam-
pling approach, the labour and economic costs are high die targe number of
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soil samples. Here high resolution soil sensor fit perfedtigy provide a quick
view on the variability present in the soil which can be useéfficiently reduce
the number of soil samples and determine their locations.

Question 3. Lateral and vertical soil heterogeneity: a single or dual B&pro-
blem?

Both lateral and vertical soil variability were adressethiis thesis: lateral soil
variability was studied in Chapter 4, 5 and 6, while in Cha@tand 8 both lateral
and vertical soil variability were adressed.

In Chapter 4 and 5, one single orientation was sufficient @ratterize the
lateral soil variation. The EQpatterns were similar for the dual signals. Notwith-
standing, the presence of nested textural variability ield tan complicate a sin-
gle signal interpretation. Nested soil variability occuisen spatially continuous
patterns of soil variability are present whithin the ‘nothtateral soil variability
(as in Chapter 6 and Chapter 8). In these chapters, the vansgof the Eg
measurements were all modeled using a nested structurghd-study site with
the pleistocene wedge casts the textural variability ofibst material appeared to
be larger than the textural contrast of wedge versus hostriahtA single EM38
signal did not reveal the polygonal pattern. To eliminate dfominant textural
variability of the host material, the dual signals were canagl in the profile ra-
tio (PR). Looking relatively at the two EM38DD signals relezhthe polygonal
pattern.

However, the presence of a strong textural discontinuity@soil profile re-
sults in differential spatial patterns for both orientaso The relation between the
dual signals expresses the degree of vertical soil vaitightihe higher EG values
differ, the stronger the textural discontinuity. In Chaptehe ratio of the horizon-
tal to the vertical signal (PR) was used to reveal the thacanprofile variability
since the delineation of a clay was not obvious from a singkntation. In Chap-
ter 8 combining the dual signals in ANNs improved the pradicof topsoil clay
content.

It was concluded:

« for homogeneous soil profiles without nested variabilisirsgle EM38DD
orientation suffices;

» for homogeneous soil profiles with nested variability th&a of the dual
EM38DD signals can eliminate the dominant lateral varigbdnd reveal
the remaining variability;

« for heterogeneous soil profiles the dual EM38DD signalsemsential to
capture the vertical soil variability

In this context homogeneous profiles refer to soil profilethaut a strong textural
discontinuity.
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Question 4. Is there a difference in characterizing top- or subsoil pedes?

Yes.

From the theoretical response curves (Fig. 2.10) it was loded that the
horizontal EM38 signal is dominantly influenced by the tapsehile the vertical
signal has a dominant influence of the soil at 0.30-0.50 mhdépbwever, these
EMS38 signals also have contributions from the entire safifg. Material below
a depth of 2 m even contributes 12 % and 25 % to the horizorgapectively
vertical response.

In Chapter 8 the horizontal signal was dominantly influenogthe very het-
erogeneous subsoil. So although the peak response to tizertat signal comes
from the near surface soll, it is too easily ignored that thiessil still contributes
significantly. The degree of influence of the subsoil on thezomtal reading de-
pends on the conductivity values of the subsoil layer. Inafdiet with a highly
variable subsoil texture due to the presence of a formerrveat@nnels, the hori-
zontal reading reflected mainly the subsoil variability.tBe theoretical response
curves should be interpreted with caution to the condugtivi the different soll
layers (top- and subsoil). For homogeneous soil layers,avident that the hori-
zontal signal provides information about the topsoil prtipe and vice versa, the
vertical signal has to be used to characterize subsoil ptiepeFor heterogeneous
soil profiles, one has to take into account the conductiviffeences between
sub- and topsoil to decide wether one signal is sufficientether dual signals are
required to obtain the desired sub- or topsoil information.

Question 5. Does the dual dipole character supply complementary séirma-
tion?

Yes.

In Chapter 6, 7 and 8 dual signals were needed to reach thefahme study.
These chapters were concerned with the inventory of bogrbgéneous soil pro-
files and homogeneous soil profiles characterized by a neatability. A single
EMI signal only provides information concerning the latesail variability. No
conclusions related to the soil profile characteristicstsmamade. Dual EMI sig-
nals allow the characterization of a soil profile: homogersesoil profiles have
similar EG, patterns while differing E€patterns indicate a soil textural disconti-
nuity in the soil profile.

Question 6. Are soil samples and lab analyses now redundant?

No.

High resolution EG data allow for a fast and cost-efficient characterization of
a site. Nevertheless the E@alues are not interpretable as such since they are con-
trolled by a variety of factors. Always soil samples are sseey to interpret the
absolute Eg values. However, compared to a traditional soil survey tinaier
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of soil samples reduces considerable in an EMI-based saiéguln a traditional
way, soil samples are the only means of soil information,@nduch the number
of soil samples needed is proportional to the required Hetadoil information.

So mostly the economic consequences of high resolutiorsaoikying in a tra-
ditional way are large. To that aspect, EMI soil sensorsrafeolution. An EG
map is a major source of information concerning the spa#ighbility of soil pro-
perties. This Egmap serves as a guide to locate a limited number of soil s&anple
In fact, the EG data range should be captured with special attention t@iees
and spatial outliers. So, an EMI soil sensor does not reflaEesoil auger; soil
samples still need to be collected and analyzed.

As an illustration, the costs and quality associated withtsgtural mapping
are discussed for both a traditional and an EMI-based apprioea Belgian con-
text. Traditionally, soil textural classes were deterndibg palpation during soil
auger observations, at an average density of one obsenadioha. In this way
one person can map the textural classes of approximatehaZtehday with a
resolution of 100 by 100 m. To map the same area by an EMI sunveye day a
line interval of 5 m can be obtained at a speed of 10 km/h. Withé lines the EE
data are separated 3 m when measurements are taken evarg.selge quality of
the soil classes can be expressed by the resolution of taewldh an EMI-based
approach 20 times more detail is obtained. Neverthelesgdst of an EMI survey
at this resolution i£100/ha including the variable costs of transport and fltel.
is upon the user of the map to decide what amount of detailesled For each
purpose one should balance the quality and the economi twostap soil texture.

If a high resolution map of the percentage clay is requiredtHe same area
of 25 ha, the samples should by analysed in the laboratorgfiedvards the re-
sulting clay fraction has to be interpolated to a grid. With prior (ancillary)
information available, 100 locations separated by an gpate interval are re-
commended for reliable variogram modeling and high resmiunapping of soil
properties (Webster and Oliver, 2001). Therefore, an audit collection of 75
soil samples or one extra day of field work is required in aiti@uhl approach.
With the EMI approach the resulting E@ap can be used for targeted sampling
in areas of significantly different ECKerry and Oliver (2007) demonstrated that
based on ancillary data a sampling intensity of 50 samplegldisuffy for kriging
soil properties for precision agriculture purposes. Hasvesther geostatistical
methods using ancillary information (like regression krgg can further reduce
this number. With the cost for one textural analysis in thmtatory being€82
per sample, the two approaches can be compared econontfoally25 ha area):

 Traditional soil survey

— 100 samples to be analysed in the laborat&@g200
— 2 days of fieldwork for the collection of the soil samples
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* EMI-based soil survey

— laboratory cost for analysing a maximum of 50 samp#®4100 max

— 2 days of fieldwork: 1 day for the EMI soil survey plus 1 day foet
collection of the samples

— EMI survey:€2500

It can be concluded that an EMI-based soil mapping approactptemented
with a useful number of soil samples reduces the costs agedcivith a tradi-
tional approach. An EMI based approach to target soil sasripleelieved to be
an appropriate way to balance the accuracy and the costglofrésolution soil

mapping.
Question 7. Which processing techniques are suitable to analyse EM38&B8?

First, a preprocessing phase investigates the distritbaiial spatial behaviour
of the collected Eg measurements. Here outliers, erronaneous measurements or
noise in the data can be removed or filtered. Then, thgrB€asurements are in-
terpolated. Depending on the resolution of the EMI soil syrthe interpolation
phase becomes more or less crucial. Finally, thg E@ps should be interpreted.
A fuzzy-k-means classification of one or more FIgnals identifies groups of pi-
xels with similar EG values and this facilitates the interpretation of the sp&C,
variability. It should be noted however that a classificafrmplies a simplification
of the reality (i.e. the E@variability) which is not always wanted. The resulting
ECamap is in fact a source of exhaustive, ancillary informatidmch can be used
to predict other soil properties not intensively samplid oil nitrate (Chapter 4),
soil texture (Chapter 8) or the presence/absence of a tdxtiscontinuity (Chap-
ter 7). Here geostatistical methods play an important rdégending on the goal
of the study strafied simple kriging, ANN or indicator kriginvas used. Addi-
tionally, map comparison statistics allow the determmratif similarities between
an EG map and a map of the soil property of interest. In a spatiateoxdnmap
comparison statistics that go beyond the pixel by pixel carspn assessed the
map similarities better. Also in the presence/absenceestiide prevalence effect
can play a major role arki gains interest.

Question 8. What is the optimal procedure to increase information estican from
dual signals?

It was concluded that rather than interpreting dual signaig to each other,
integrating them improved the soil inventory. A differeet¢l of integration was
applied throughout the thesis. In Chapter 5 with a homogessoil profile, the
arithmetic average of the dual signals was used. Herewitlextra information
concerning the soil variability was obtained, it only comdxl the information of
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both EM38DD signals. In Chapter 6 with a homogeneous sofilprbut a conti-
nuous pattern present in the soil, the dual EM38DD signale nagionalised and
clearly the information increased. The soil variability tbk host material was
filtered out on the PR map and by this the polygonal patternastfwedge pseu-
domorphs became visible. In Chapter 7 with a heterogenemlysrefile, also the
PR appeared to be most informative. On neither of the origi@a maps the clay
substratum could be delineated. In Chapter 8 the methogblogever oversteps
the simple combination of the dual signals in a ratio. ANNseygroven to be the
optimal procedure to extract information about the toptoiture from the dual
EM38DD signals by filtering out the influence of the subsoibn@pared to pre-
dictions based on single signal, the topsoil clay predigimcreased when fusing
both the horizontal and the vertical E@easurements in an ANN. ANNs offer
perspectives to optimally combine multi-sensor data toease the information
present in one sensor.

Question 9. What are the limitations of the EM38DD soil sensor?

The main limitation of the EM38DD sensor is the fact that itS;Feading
is an integrated value over all soil layers. Two signals aeasared by the sensor
orientations but each signal has contributions from thele/boil profile according
to their depth response curves. As such, the electricaluivity value of each
soil layer also plays an important role in the final measur@me&onsequently
the EM38DD sensor is unable to link its readings directly wo# property at a
specified soil depth. The soil profile cannot be reconstdibie EM38DD data
solely. Top- or subsoil influences can be enhanced or filtéiikel in Chapter
8), but for accurate depth profiling additional informatismeeded, either by soil
sampling, either by another complimentary proximal sailsse. Nevertheless, the
EM38DD soil sensor provides indications about the degresodtheterogeneity
and thus enables the identification of zones of interesto Alssolute Egvalues
are not interpretable in se. But, the power of an EMI soil syiiies in the relative
EC, changes in field, reflecting the soil spatial variability.

9.2.2 Impact of conclusions

This thesis clearly illustrated that soil E@ata are a valuable source of ancillary
information to improve soil inventories. The objective loétinventory appeared to
be a crucial factor determining the approach to EM38DD dedagssing. A wide
range of soil management applications can benefit from anlidéd soil inven-
tory. The condition to be fulfilled is that one of the Eidfluencing factors plays
a key role in the application. Moreover, the dual charasterof the EM38DD
soil sensor was found to be primordial for adequate laterdhertical soil inven-
tories. High resolution soil E£data were proved to increase the quality of soil
inventories for multiple purposes.
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9.3 Future perspectives

When you use information from one source, it's plagiarism;
When you use information from many, it's information fusion
Belur V. Dasarathy

In general, it can be concluded that a multi-sensor apprshohild be sup-
ported on the condition that the sensor signals are compime Soil sensors
not only produce large amounts of soil data in a relativey 8ad economic way,
combining complementary signals seeks to obtain moreenfas than can be
derived from a single sensor. The challenge now lies in Etmg the optimal
sensor combination with the maximum predictive capacitirsythe postulated
objective. New data analyzing techniques should be exglioréhis context. Soil
survey methods are changing from strong interpolation odtimeeded in the sit-
uation of poor soil data availibility to methods focusinginformation extraction,
data fusion and filtering in the situation of high resolutionlti-dimensional sen-
sor data (in information space). Spatial wavelets analgsea multi-resolution
based method, factorial kriging as a scale-decomposingadetrtificial neural
networks as a data fusion method and principal componehtsisas an informa-
tion extraction method all appear powerfull techniquesgd@pplied to proximally
sensed soil data. Besides, techniques applied succesjulgmote sensing data
can be explored for adaptation to proximally sensed soilagament applications.

Another idea for future research refers to the scale of théystin this the-
sis the within-field scale was focused. However proximal sensors also have
potential on a landscape and even a regional scale. A magileoe in using
EC, to model soil spatial variability across a larger scale s ho integrate and
utilize data collected in different fields and/or at diffetémes. For proximal soil
sensors, a larger scale entails a loss of data resolutidre ibtlvantage of rela-
tively quick surveying should be maintained. At a largeriscéusion of remote
and proximal sensors can be targeted for processes actirggional level. Simi-
larly, if the focus is on a smaller scale, very detailed,E&ta are needed. Proximal
sensing for archeological purposes is an example of ther le¢ise and has gained
a lot of interest the last years. The implementation of theafly of Malta (1992)
state that the archaeological potential of a site to be etear reconstructed should
be assessed prior to the works. Through this conventiomplgesical soil sensors
are now succesfully used in archeological prospectioris bi¢lieved that the con-
clusions of this thesis can be translated to solutions fibnsapping problems on
a landscape and regional scale. It is hoped that this workeatribute to policy
measures and incentives for proximal soil sensor basedtories.
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