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ABSTRACT

In arid and sermarid regions where evapotranspiration exceedsipitation, soils
often undergo salinization over time, which can negatively affect soil structure and crop
yield. Costeffective and accurate methods for measuring soil salinity are needed by
producers and land managers to allow them to make decaions salt management.
Our project seeks to assess and, when possible, establish accurate conversion regressions
between three commonly used methods for measuring salinity; soil:water extradis, in
capacitance sensors, and spectroscopy. Soalé agcultural producers and land
managers can benefit from the sensor measurements while land management agencies
and largescale agricultural producers could benefit from the spectral assessment. It was
found that soil similarities should be considered whesosing a regression equation.
The 1:1 soil:water ratios showed best correlation to effective electrical conductivity
(ECe) as measured using the saturated paste method, the standard method to measure soil
salinity. In-situ sensors may be best suited tanitar temporal changes in bulk electrical
conductivity (ECb) and volumetric water content (VWC) but correlations between ECb
and ECe were typically poor. Results indicate that methods of assessing salinity utilizing
spectroscopy would be unreliable dueséd moisture spectral interference and lack of

salt spectral features
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INTRODUCTION

Currently,approximately7.4 billion people inhabit the Eartwith the population
expected to reach between 9.6 and 12.3 billion in 26G@0land et al. 2014] To feed
thateverincreasingpopulation, thaVorldé §4 million kn? of landdedicated to
agriculturewill need to be producing approximately 70% more food by 26BQ,
2009;FAO ESS Statistics Divisid2015] Despite tle increased demand, arable land is
being lostto degradation processsgch agrosion, pollution, leaching, and salinization.
As of 2014 roughly20% of theWorldés irrigated agricultural soils have been impacted

by salinization and that pgentage continues to e§2014].

Salinization is the process of salt accumulation in soilsoaondrsnaturaly;
driven bymineral weathering, groundwea transportsea water intrusiorgr atmospheric
deposition in combination with high evapotranspiration (ET) r&abnization may also
be caused by anthropological processes such as irrigation, especially when agricultural
producers in sermrid areasise substandard water for irrigating crops, such as brackish

groundwatefBouaroudj et al.2019;Minhas et al. 2019]

Salinization causes chemical and physatanges to the soil that reduce crop
yields or can prevent crop production all together. High concentratid®& bénd other
polyvalent ionsn the soil solution causes a highly negative osmotic tension outside of
crop roots. Crops must then use resasitoecorrect for that tension difference or suffer
reduced water uptake. In addition, ions such as sodium, chlorine, and boron can
accumul ate to toxi c I|[Fowardesal 201b] Thehpeeseace ofp 6 s

high fractions of sodium (&) in soil can cause a breakdown of soil structure due to clay



dispersion. Dispersed clays lead to reduced infiltration and hydraulic conductivity,
thereby limiting root growth, and seedling establishment. Clay dispersion also increases
soil erosion and clay sWimg resulting in soil loss and reduced water infiltratjiMinhas

et al, 2019]

Soil salinization can be mitigated by leaching soils Jatk-salinitywater;
sometimes in combination with amendments dependirtetype of saltpresent in the
soil. When soils areached, salts can be pushed down into the soil profilemngn
leachingstops, saltanmigrate up as ET pulls water to the soil surfatewever,access
to cleanwaterand amendments limited in poor regions of the wial, sooftentimes land
cannot be reclaimed and must be taken out of produdtisalinity levelscannotbe
reduced, potentially farmers can use moretsédrant crop vaaties if salinity levels are
not too high, but again developing regions may have limited access to these salt tolerant
varieties.Producers and land managers must be able to ideatifyizationintensityand
typeon awide range of temporal and spatiables to determinkest management

practices.

Currently, several methods exist to directly and indirectly measure soil salinity
Since the 195006s, t he hashbheenuhearefardd nethaifoe e xtr
guantifying soil salinity for roughly4 years by the United States Department of
Agriculture[Aboukila and Abdelaty2017;Burt and SirveySaff, 2014;McMains and
Hill, 1940;Salinity Laboratory, 1954] The saturated paste method begins by adding
water to a dry soil sample until it reaches saturation; where the point of saturation is

determined qualitatively. The soil water is then extracted from the mixture, followed by



measurement of the electrical costlvity of this extractThis methodneasures what is
referred to as the effective electrical conductivity §£The saturated paste method had
been used as the standardthod for determining soil salinityecause the water content

of the mixtures closest to field conditions under irrigation and generates enough
extraction liquid for analysigRhoades et g11989b] The water content of the soil

mixture impacts the solute concentration in the soil water and resultiangf B extract.
Although this method is considered the gold standard, it is susceptible to preparation bias
due to variable moisture content between sangidsthe qualitative procedure to
determine saturatiom o avoidpreparatiorbias, other methods prepae soil-water

extracts using fixed ratios of soil to water have been developed and related bagk to EC
[Sonmez et g12008] Ratios of 1:1 and 1:5 are most comnyomsedbut other ratios

such as 1:2 and 1:2.5 have also been related §pABGukila and Abdelay2017;

Salinity Laboratory, 1954 Hogg and Henry1984] One drawback of all extraction
methods is that thegre relatively labor intensive, which limit spatial and temporal
resolution.These limitations have led to the development of new methods that still use
EC. asareference value but are more ceffective and can impwve temporal and

spatialresolution.

As early as 1897, electrical abwtyays hayv
(or the inverse of the bulk electrical conductivity; Jf@/hitney and Mean4.897] The
EC, measured by electrical arrays is different fromE& 1.2, or 1::5inCe EG includes the
overall electrical conductivity of the soil matrix; liquid, gas, and solid phases instead of
the conductivity of the water extract alpRboades et al 1989;Scudiero et a).2012]

Currentarrays take the form of isitu sensorghatare asy to install, affordable, and



simple to operateTlypically, these sensorseasure the dielectric permittivitys(

unitless). Thexi s a measure of a soil 6dScadieroéti ty to
al., 2012] Measurementsf O, can be made using a variety of methods but the most

common method for k3itu sensors iBrequencyDomainReflectometry (FDR). The

FDR method useanoscillating current to generate an electromagnetic field that uses soil

as a dielectric for a capacitor, which is whyshaensorare also known asapacitance

or resistance sensdrBopp et al. 1980] In-situ sensors then commonly apply the Topp

eguaion to approximate soil volumetric water content (CWropp et al. 1980] Sensors

are also commonly equipped to measure sailgeraturé€T) using athermistor In

contrast to soil extracts, thesesitu sensors can provide high temporal resolution but

given that sensors measure small soil volumes, stikprovide low spatial resolution.

Data collected by these sensors combined with soil characteristic @éats op
possibilities to estimate the electrical conductivity of the liquid phase of soil contained in
pore spaces, or EQutilizing empirical equationgHilhorst, 2000;Scudiero et a).2016]

Many of these equations attempt to separatefieé@ EG, by estinating and subtractig
the contributiorof the solid and gas phagesthe EG [2018;Rhoades1981] ECeis
then determined by a simple equation that is based on the idea of dilutingdiveaper

to the point of saturation and relating that dilution to[EL8].

Even though the mentioned methods allow for assessment of soil salinity,
conducting accurate salinity measurements for large areas at a high spatial resolution can
be timeconsumng and expensive. Traditional soil extraction methods do not allow for

high temporal resolution due to theatively highlabor requirenents In-situ sensor



measurements are only feasible for large areas when sizable monetatycand
investments are made. However, in recent years remote sensing approaches have been
developedhat could potentially allow for large scale soil salinity monitoah@ wide

range of temporal resolutions

By the early 18000 sandihventofJeséephwn of spect
Fraunhofer, was the first person to use diffraction grating to produce a spectrum from
white light[Benson 2010] Advances in technology habeiltuponFa un hof er 6 s wor
to develop spectroradiometemshich arestandalone systemthat measure radianéer a
wide range of wavelengthghe radiance is thecompared to the radiance of a spectral
controlwith aLambertian surfacé he ratio of thecontrol radance to sample radiance is
known as the reflectance (unitlesB)otting the reflectance valder each wavelength
results in a graph known a spectt When measuring spectra of soil surfaces, the
characteristics of spectra depend on soihposition, soil texture, atmospheric
interference, back scatterirand light sourc¢Keshava and Mustar@®002;Piekarczyk et
al., 2016] One important spectral characteristic is the absorption feature representing a
wavelength or range of wavelengthghnower reflectance The position, width, depth,
slope, shape, and symmetry of these features may be indicative of specific soil

characteristics.

While previous studies have shown promise using soil spectra to quantify soil
salinity, challenges stikxist. Several studies have used laboratory experiments to assess
the suitability of spectral measurements for assessing soil saipiggtra of specific

salts as well as salt mixtures in and outside of soil have given us some idea of how to



approach takg these measurements. The more hygroscopic a salt is, the lower the
reflectance and the shallower and wider its absorption bands becomeonetisingsalt
concentrationfHowari et al, 2002;Pessoa et al2015;Pessoa et al2016] In mixed
saltexperimentsthe absorption featuresf spectraypically reflectthe most soluble salt
thatforms last on the surface of the ddilowari et al, 2002] Salt crystal size hdseen
shown to influence reflectanegth small crystals causing higher refleataffHowari et

al., 2002] Thesoil texturehowever does not have strong effects on sp¢eeasoa et al.
2015] Some studies hawbserved thasoil texturecanaffectsoil spectran the presence

of lowerhygroscopic salts such as NaCl an@$@; [Farifteh et al, 2007] Thestudies
mentioned abovhelpedto build our understanding of saline soil spectra, but few studies
have conducted experiments with soils of varying soil moistonéens potentially
because of the ability of water to Omask?éd

[Yang and Yu2017]

Our studywill focus onassessing the suitability dfreetechnique®f obtaining
salinity datasoil-water extracts, wsitu sensors, and spectral measuremeéintsour
study, we used twdlifferentsoilsand modifiedsalt types, concentrations, and volumetric
water contents/Ne also evaluated existing calibrations to predict soil salinity from
extracts and capacitance measurements and we derived new calibrations to correlate soil

ratio extracts with EC

o



MATERIALS AND METHODS

Materials collection, characterization, and preparation

Two soils were used for this study: a smmmonly found irNevada and a pre
washedpuresand. ThéNevadasoil, (fine-loamy, mixed, superactive, mesic, aridic
argixerol), was collectechearPe avi ne Peak, NV (39%8506320N,
collection arean Peavine Peak has an average yearly ¢eatyreof 9°C,500mm of
precipitation, and the main plant community is a sagebrush steppe. This soil was chosen
for having a relatively high pH but low salt contehhe secondoil wasa quartz sand
chosen as a 6 c on nainitial altslays, lor otgdnia matter.cCoarsa i n e d
fragments were removed from both soils using a 2mmesh sieve and the fine earth
fractionswere characterizefbr soluble salts, Na C&*, Mg?* Cl-, CQs*, HCGOs', pH,
sodium absorption ratio, exchangeable sodium percentage, organic matter, cation
exchange capacitpercent cation saturatipand particle densities (Tallg The soils
were then separated into 400g subsamplesraated withi25 ml of either0.25 nol L*
or 0.5 molL* solutions ofNaCQOs, N&SQy, and CaCl. For the NaCl samples we used
larger samples (280§ for sand and 240§ for Peavine samples), and therefore we
treated these samples with I@binstead of 25 mbf the samesolution. Triplicates of

each combination were prepared, and oven d

Saturated paste, 1:1, 1:2, and 1:5 Extract Measurements and Analysis

Dry subsamples were taken from all samples for measuriggEEE®1, EG .2, and
ECu:5 using saturated pastes, 1:1, 1:2, and 1:5veaiér mixtures respectively. The

saturated paste, 1:2, and 1:5 mixtures were created according<ellthggy Soil Survey



LaboratoryMethods Manua]Burt and Survetaff 2014] The 1:1 sodwater mixtures
were made by modifying the ratio used by the Kellogg Manual for 1:2 measurements.
Soil solutions were extracted using a Sampletek programmableim extractor
(MAAVCO Industries) The extract were stored at 4°C and electticanductivity was
measured within 72 hours of extractidhectrical conductivityneasurementsavetaken

using a Fisher Scientific AR50 bench top metieapproximately 25C.

Any outliers for EG, EC.1, EG2, and EG:swere determined using the
interquartile range (IQR) methddPatten 2018]and removed from further analysis. We
conducted bedit linear regression relating E@ ECi2, and EG:s to ECe measurements.
Regressions were determined by forcing the regressions throtigh) @1 by allowing
the calculation ofthea x i s i ntercept (+int). These reg
three datasets; (1) the sa&rsd (HPmmlvene@d@®jsanm
combined sand and P e alwaddten, weaastpd ifublisied c o mb i n
regressions using different extraction ratios were able to predict our measydred EC
values.Our regressions and published regressions were testegthe sand, Peavine,
and combined datasets, but we excluded the controlireated, nofsaline, samples
[Aboukila and Abdelaty2017;He et al, 2013;Hogg and Henry1984;Klaustermeier et
al., 2016;Matthees et a).2017;Regional Salinity1954;Sonmez et gl2008;Visconti et

al., 2010;Zhang et al.2005] DataDesk version 6.3.1. was used for statistical analysis.

Capacitance sensor measurements

Bulk electrical conductivit{ECp; dSm™) was measured using a Decagon Inc.

(METER Group Inc.) 5TE capacitance senddris sensomallows for simultaneous



measurement of saih, EC,, and temperatur@). As mentioned aboveg tmeasure,

(unitless)the 5TE uses a 70 MHz oscillatafterwhich (y is converedto a measure of

VWC using the Topp equatid2018; Topp et al. 1980] The senseestimated VWC will

be referredtoasVW§&a nd a sampl eds aThe WdGh wa¥iié@surads V WC
by determininghe volume of water added to the soil sample diviggthe total volume

of the sample. ThEG, is measured using a tesensor electrical array consisting of two
stainless steel s crTenpsratuglC)is rheasursedsingsaor 6 s s ur
thermistor located in #hsensor and with an instant readrmometer. Data were

collected using a Decagon ProCheck reading device.

To limit the number of samples and the amount of soil needed, we only conducted
sensor measurements on samples treated with NaCl. Thetfdatéld samples were
made with larger voluems of s oi | due to the 5TEG6s meast
(see above). The moisture content of the samples was adjusted to 0%, 10%, and 30%
VWCa using eeionizedwater. For each measurement, the sensoingasted
perpendicular to the soil surfacenly one 5TE measuremewiismade for eaciNaCF
treatedsampleto limit soil disturbanceThe samples were then oven dried once again for

subsequent extraction and spectroradiometer measurements (see below).

If a samplehada measuredCy,=0, it wasnot includel in the subsequerinalysis
becausavhen EG=0, all estimates of ECand EG are =0 bydefault This was observed
whensoilswere dry Dielectric permittivity (») values of all samples were tested tfoe
presence of outlierd.hese dielectripermittivity values have real and imaginary

mathematical componentBhe real dielectric permittivitgf thebulk soil is measured by
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the 5TE senswsing FDR Outliers were considered to hawgevalues that exceeded one
standard deviation from the me&imilarly, smpleshathad an EE€that was considered

an outlier were not included in the sensor measurenieatten 2018]

Subsequently, we testéaket performance of two published methodestimating EG
from EG, [Hillhorst, 2000;Scudiero et a).2012] one published method of estimating
ECe from EG, [Rhoades1981;Rhoades et 31198%], and one noipeer reviewed
method of estimating EGrom EG, [2018]for our Sand and Peavine sddtasetsThe
Modi fied Archiedbs and Hil horst mdrdnhaods ar e
variety of soil parameters including EfHilhorst, 2000;Scudiero et a).2012] The
Modi fi ed Ar chi e OGpsporosayt soilborhanic eathoni(SOE) % &ag and
% silt to calculate EE The Hilhorst methodequires EG, T, O, andU p=o (the real
portion of the soil 6sy,=0)toealcdatetEEL Thet p-pienotmi t t i v
directly measuredyutit is an offset term derived from the intercept of a best fit linear
regression betweam and EG for a specific soil. Hilhorst (2@) suggest an average
value of 4.1 foio b=0 while the manufacturers of the 5BEnsoisuggest a value of 6
[2018; Hilhorst, 2000] Soilspecific values fob »,=0 were calculated foour Sand and
Peavine datasets using the Hilhorst (2000) method and evalgatiedtahe

recommended values by Meter and Hilhorst.

In our study, we did not directly measured=C but r at her wused the |
and Hilhorst methods to estimate this paramétera resultthe accuracy of EC
estimate®f the two methods couldob be directly assessddext, an equation presented

in the 5TE manual by METER Group Inc was used to estimasdr&@ EG,; which
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allowedfor assessmeffi2018] 1]. The equation assumes thatd@n be estimated by

diluting the pore water with DI water, which has an EC=0, taraéion.Except under

saturated condition§Cewill be less tharEC,, andtherefore EGis assumed to be
proportional to the ratio of-(#pfRhoades | 6s VW

1981]

1] ®0

Wherej b is the bulk density of the soil apdis the particle density of the mineral
fraction. Both the Mo dvauésevere udadtolestimabesECand H
using equatioil]. Theequation may be simplified to BEECy(d /) due to EG

representing the electrical conductivity of DI wale€q4) which can be assumdakzera

Finally, we tested anethod of estimating EQising measureBC, and soil texture
values|Rhoades1981;Rhoades et 31198%]. Rhoades (1989) presents a simple linear
regression method to estimated&S a function oEGC;, [ equation 11Rhoades et al.
198%][2]. The slope (m) and the apparent EC of the solid phase of the sg)ilafeC
estimated by equations presented in table 2 of Rhoades @®&dne functions of
saturation percentage afigclay [Rhoades1981] DataDesk veien 6.3.1. was used for

statistical analysis.
[2] ®0 & EG-EC)

Spectroradiometer Measurements

A 60 g subsample from each sample replicate (soil type, VWC and salt addition)

wasplacedin petri disles, for a total of 162 samples. The subsamples were then saturated
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with deionized water and ovetried The rewetting and drying procedunelpsthe sals

to migrate to the surface and more closelynic natural sil-salt distributionunder
natural conditions Deionized water was then added evemiythe surface o$elect
samples to reach VWCa of 10% or 30%whereas for other samples VW@&mained at
0%. Subsamples were sealed after water addition and allowed to rest for at least 10
minutes to assurenaven water distribution in the sof\fter 10 minutes, gectral
measurementsf reflectancevere takerfor wavelengths between 450 and 2500usimg
an Analytical Spectral Devices (ASD) FieldSpec ProspBctroradiometgMalvern
Panalytical Ltd.Jn combination with a ASD contact probe. The contact probe has an
internal halogen light source and measarspot size roughly 15mm in diameter. Prior
to measuring a sample, the instrument was calibrated against a spectralon target so that
data are reported in reflectance. Periodicakbration was performed during the

acquisition of the soil samples, appiroately every 18 samples.

Coll ected spectcroa rwerte dfoi,r ¢to fasdg luisae f or
occasionally occur at the boundaries of the three measurement ranges (near 1000 and
1700 nm; FigurdA). This procedure was performed using ASDrimstent software
tools and the data were exported to text files. Data were then imported into ENVI to
compare individual spectra. To compare changes in absolute band strength and shapes,
spectra were converted to Continuum Removed (CR) format, an ENNfiedhat
normalizes spectra by determining an envelope that fits an upper hull to the measured
spectrum and divides the original spectrum by the hull so thabwbances a fraction
between 0 and (Figure1B). Continuum removal alsemovesany smadkscale

reflectance changes fromarying sufface compaction or porosit¢lark and Roush
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(1984) showed that continuum removal is required to accurately determine absorption
feature center and strendtblark and Roush1984] The CR spectra were then exported

to Microsoft Excel tacompare the effects of sample characterigfiantitatively(soil

type, VWC and salt additiowith control9. For simplicity and in order to have a baseline
centered on zero rather than 1, the CR spectra were subtracted from 1 at each wavelength
(&) as i llul€trdhedei spEicgume wi | | be referr
The three replicates fdhe sand and Peavine soil contrelatmers (no salt additionsat

each VWC were averaged and used to assess the effects of soil type, salt type and
concentration, and volumetric water (Fig@)e To look at the differences between

absorption features,sep | e @ spectra were subtracted fr
spectra with the samevw@ndt he resulting graph is referr
spectra (FigurdD; Figure3). We then used an equation similar to the root mean square

error equation to look dhe overall variation in the spectra, and these values will be

referred to as psi ()[3].

[3] [e

In equatiord, the variablex is the total number ahdependent wavelengtis
the spectragn=2050for our study. The variable representseflectancevaluein each
channel andrnis the mean reflectanower all wavelengthé = #/ n).&his equation
was used on both tlgpandq values, referred to aspandl ¢ respectively. The
showsthe absoluteariation of the spectrahile] ¢ shows the overall variation of a

spectraelative to thecontrolsamples
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RESULTS

Saturated paste;ll, 1:2, and 1:5 Extrast

The EG.1 values correlated well with the E@easurements and all the &@
EC. conversion equations haevplues of less than 0.001 arfdvalues exceeding 0.91
for the Sand (S), Peavine (P), and Combined (C) datasets & d&btpire4). Although
ECi.1 and EG were highly correlatedb5% of t +intand 63% of theint regressions
testedoverpredicted EGQvaluesbetweer? and22% (Table2). The S+int equatiomost
closely predicted Egfor S, the P+inperformed bedor P, while S-int performed
marginally better than C+int for C. Similar to the results for the 1:1 extracts, the 1:2
extracs were able to predict EQvith most egressions havingyalues less than 0.001
and ¢ values exceeding 0.84 (Talde The C+int equation pfarmed best for S, P+int
for P, and @nt for C. The 1:5 extract regressions were still highly significant (p<0.001
for all datasets) buf values wee lower than for the 1:1 and 1:2 extracts (>0T&hle
2). The best performing equation for S, P and C were S+int, P+int, andr€sjetctively

predicting EG within 1%.

Twelve published regressions were used to predicECe valuesusing their
intended soil:water extract ratio (1:1, 1:2, 1:5) for the S, P, and C datasets3)T dlie
published E@1to EG equations had-palues of <0.001 andv al ues OO0. 9.
Klaugermeier (2016) EG.1to EG equationperformedbest,but undeprediced ECe by
6% andoverpredictd ECe by 9% depending on the dataset us8dGC or P. The
Klausterneier equation was the only E€equation to overpredict EGor P and C; the

34 other equaticnataset combinationgpically underpredicted ECThe USDA (1954)

The
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equation also performed well but underpredicted $@9¢, P by 3%, and C bi0%. The
Sonmez (2008) equations for sandy soils worked bettetthiogedeveloped for loamy
soilswhen applied to albur threedatasetsStill, both Sonmez (2008) equations
performed better for P than for S or C. The best performing Sonmez (2008) eguasion
the sandy+int equation for P, but it still underpredicted B8CL4%. Mattees (2017)
equations undepredicted E€by 27 - 37%, Zhang (2005) by0- 50%, and Hogg and

Henry (1984) by33 - 56% (Table3).

The three equations by Hogg and He(lr984) were the only ESto EG
equations evaluated in our study. Thealues for the S, P, and C datasets exceeded 0.84
and all regressions haevalues of <0.001 (Tabl8). Despite the highly significant

correlations, these equations underpredict€glietweerb2% and62% for all datasets.

Twelve EG:sto EG equations were analyzed in our study. Except for four
combinations of equations used on specific datasets using the He (2013) equations, all
regressiondiad pvalues of <0.001n addition, ecept for the He (2013) and
Klausterngier (2016) equations|l regressions had valuesthatexceeded 0.69 (Table
3). In generalwhile the Chi and Wang (2009) equations performed iesy,still
underpredicted E{by up t013%, 30%, and25% for S, P, andC, respectivelyThe
equationgleveloped bysonmez (208) performed slightly worse than those developed
by Chi and Wang (2009). Their equation developed for sandy soils outperformed the one
developed fofoamysoilsfor bothour Sand and Peavine soils. The predictions of EC
from EC.1 for S were better thatosefor C andP butthe Sonmez (200&quationstill

underpredicte&Ce by 31% on average across tsand Peavineand combined datasets.
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The guationsdevelopedy Visconti (2010), Aboukila (2017), and Klaustesar (2016)
underpredicted E€by 59%, 64%, and 58% on average, respectividlg. . and L
equations developed by He (201@rformedhe worstandunderpredicted E<by 68%
on averageln one case, these equatiaverpredictedECe by 231%. The Lequation
developedy He (2013underpredictedCe by 82% on average.he He (2013)
eguations worketlest when the boundary conditions mentioned in He (2EX2)< 4 or
ECi:5< 0.4 mScm? for the curvilinear equatioandECe > 4 or ECy1:5> 0.4 mScm™ were

used However theseequations did notgsform well overall.

For most equations developed in this stadthosepresented in the literatyrthe
slope of the regressions decreased with increasingotagntfor all soil:water extract
ratios (Figuret, 5,& 6). For examplethe slopes obur 1:%int for S, C, and P were 3.36,
3.16, and 2.92, respectivelgimilarly, the slopes of the 1:ht regressions developed by

Sonmez (2008yvere 7.98 for sandy and 7.62 for loamy soils.

Capacitance Sensor Results

Following the outlier analysis, 1§and samples and 19 Peavine samples were
removed from the two datasets resulting in a Sand dataset of n=17 and a Peavine dataset
of n=8 (Figure7). Of the samples removed, 9 sand and 14 Peavine samples were
removed for havingraEG,= 0, at a 0% VWG. The remaining samples were removed
for havinganoutlying U, between triplicates. The resulting sand dataset of 17 samples
had an EGrange of 0.08.86mScm™, (, range of 4.410.5, and a VWErange of 12
33%.The Peavinglataset had 8 samples with an,Eéhge of 0.0D.16mScm?,

range of 7.28L7.78, and a VWE€range of 719%. Thel, and VWG weresignificanty
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correlaedwith VWCa and EG for both datasets (Tab#g. In addition,EC, was highly
correlated to E€in both dataset$lowever, only the Peavine soils showed significant
correlations betweeiy a n @ ang between VWE€a n d. The presence of these
correlations wa importangiven thatthe models we testldependd on theseignificant
correlationsbetween the abovementioned variablese sensor predicted VW@vith a
RMSE, of 4.3 for sand and 8.9 for Peaviialgle 4. Thepredictive ability differed for
the 10% or 30% VW& samplesiepending on thsoil type. For the sand saies,
prediction of VWG was better at 30% VW Cthan at 10% VW&, having a 2.8 and 5.6
RMSE respectivelyln contrast, for th€eavinesoils, VWCa waspredictedmore
accuratelyfor the 10%than for the 30 %W WCa sampleswith a RMSE of 1.8 and 12.4

respedwely.

The Modi fied Ar chi guisgEC&4dSOCXclag %tsandnat e d
and porosity TheseEG, values were then used to estimate B€ing equationl]].
Peavine E@values at 0% and 30% VWGIid not have statistically significant
relationshipsvi t h t he Modi f i e debuhthecshnd E{labiesweset | mat e d
significantat both VWGs (Table5; Figure9). Theregression used &stimate sand EC
values had%values 0f0.91 at 10% VWCand0.81 at 30% VWC. Howeveithe
regressionsinderpredictedCe by approximate\82% and 8%, for 10% and 30%

VWCa respectively.

Hilhorst (2000) and METER Group Inc suggasa valueof 4.1 and 6 foo p=o,
respectively Using theHilhorst (2000) method, we derivaoil-specific values fob p=o

of 6.9 for Sand and 13.9 for Peavine (FigL@2018;Hilhorst, 2000] However, using
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values ofrp-004 . 5 f or sand aauskdEQ Valusto hecome rregative i n e
which is not physically possible. When predictingeE@h the dilution method using

EG, values calculated biilhorst (2000) ECe was best predicted usivglues of b=o

between 2 to 3 for sand and <3.5 for Peavine based ofiahd pvalues (Figure. ).

The HillhorstECe method using an =0 value of 2.5 foiSand resulted in E{being
underpredictedby 56%at 10% VWG and62% at 30% VWG@. Still, the regressions

were highly significanwith r? valuesexceeding.85, and praluesbeing less thad.05
(Figure12, Table6). Estimations of E€for the Peavine dataset using-oof 2.5 resulted

in underprediction oECe by 61% at 10% VWG. Ther? was0.845but the regression

wasinsignificant At 30% VWG, we were not able to estimate ECe for Beavinesoils.

The Rhoades (1989) modedes dinearrelationship to estimate E@om
measuredGCy, values. In this regressiotiie slope anthe apparent EC of the solid phase
of the soil ECs) are estimatetasedon specific soil propertifRhoades et g11981].

Slope and E€values werestimated using functioribat includedoercentclay and silt
(CS%) percentclay (C%), and the saturation percentd§&o0) based on Rhoades (1981;
Table 2)( Tabl&)[Rhoades1981] Best fit linear regressions betweenyia@d EG on

both datasets resulted in slopes of 13.6 and 25.8, for sand and Peavine respectively
(Figurel3). The slopes for both datasets were underestimated by the Rhoades (1981)
functions. EGis not a value that was directly measured in our study, so it vijas on

estimated from the Rhoades (1981) functions.

Combinations of the slopes and &@luespredicted by the Rhoades (1981)

functions were tested on both datasets (T@pl&€he Rhoades (1981) equation that
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predicted the slope to be used in the Rhoade®jI88ression as a function & $%)
worked best for the Sand dataset but underprediie€e by 19% The Rhoades (1981)
(SP%)equationperformed best on the Peavine datasetit still underpredicted E<by
67% EG predicted bythe (C%) or (SP%) functioror the Rhoades (1981) did not
influence the performance of the regressions on either dafageRhoades (1989)
method worked best for Sanaith ther?s of 0.806and pvalues of 0.0015 for 10%
VWCa andr?s of 0.926, ang-v a | u e s faDB0% ¥\W@.1The Rhoades (1989)
method did not work as wefibr the Peavine soil. At 10% VWCEC: was estimated
with r? values of 0.901 and-palues of 0.033@4owever, at 30% VW& Peavine soil

predictions werénsignificantandhad negative slopes arfdvalues.

Spectroradiometdvleasuremerst

Moisture effects

The CR spectra were used to help identify absorption features and their
approximate centers and characteristics of the surrounding waveléhggendixCR).
At 0% VWCthe averagedontrol sand spectfaad absorptiofeatures centered
approximately a#t80, 14D, 1920, and 220 nm (Figure14). At 10% VWC absorption
featurecenters of thd410 and 192@m absorption featuresere shifted to the right; to
longer wavelengths 1447 and 1927 nm respectiwetyeasing the VWC to 30% resulted
in additionalright shift in the 1410 nrfeature to 1438 nrhut the 1920 nm feature for the
sand spectrat 30% VWC was the same dsr 10% VWC.The other sand absorption
features were rionfluenced by VWC. At 0% VWC(Cthe averaged control Peavine

spectra had absorption features centered approximately at 480, 670, 1410, 1910, 2200,
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and 2440 nm (Figurg4). The 650, 1410, 1910, and 2440 absorption features were
influenced byVWC. At 10% VWC the 650, 1410, 1918nd 2440 nm feature centers
were shifted tp666, 1414, 1918, and 2455 nm respectivaljditional centershifting of
4,3, 6, and 3 nm were seen for the Peaging, 1410, 1910 ah2400 nmabsorption

featuresat 30% VWC.

Delta () spectra were created as an 1in
1-CRsampi&0@ampletO QRontrol | Oample= (| sample HOWeEVer, sample values ot for Peavine
and sanghowed that thepectra became more variable as VWC increased (Flguré&
higher abundance and/or increased strength of absorption features can all cause increased
spectral variation resulting in a highes value. This increase in spectral variatiofthv
increased VWC was more pronounced in sand than Pesaiisbetween 0% and 10%

but the change imariation between 10% and 30&&s similarfor both soils.

Assessing effect of salt type and concentration

Ome ga ( qWweresigrieed ly subtractingn averagedpspectrum
associated witthe nonsalinec ont r ol f r anmof & shneple gith the samd soil
type and VWC (Appendix Omepdl h e q r evallegwhithservwe as the-gxis
are only due to the salt effedttaat VWC Thereforeq s pectra all ow for |
determine if and how much the sdiifsedabsorption featureenters, influecedfeature
strengthsand the range of wavelengtéected or width For the purpose of this study
anyvari ati on i f.050r <083 waededamadirsignificdht significant
absorption feature was present in at leamit2of 3 replicates, the salt effect on the

nearest absorption feature was deemed signifi¢duetaveragedalt effectecabsrption
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feature characteristics of wid{kV), center(C), and strengtliS) are summarized ifiable

1l0and1l The width represents the wavelengths
significant. Centers were determined as the wavelength(s) which had the most strength.
Strengths values, which are the q reflecta
strengthened or weakened the absorption fe

a strengthening and positive values, a weakening.

Valuesof| q for q spectra provide an indication of the degree of differemtiee
spectra due to salt additigRigurel7). Values of ¢>0.025were likely significantly
impacted by salt additionf the value of q for a certain sampldeviatedrom its
replicates, it may indicate an outlier. Howeeedissimilar q alone may not justify
removing a spectra from the dataset because the values do not allmsdssing the
cause of variation. For example, a spectrum associated with en6150* CaCkb treated
sample at 10% VWghad a highefr ¢ value than its replicates, 0.033, 0.020, and 0.014.
In total, two sand samples at 10% VWwere found to be true outliers; a 2&&; 0.50
mol L tand a NaSQs 0.50mol L treated sampléhose outliersare shown bylotted

line spectran the appendixes

Sand absorption features 480, 1410m, and 1920nm and Peavine absorption
features 480m, 1410vm, and 1910nm were impacted by salt additions. These are the

features that will be the focus of the rest of the spectra results and discussion.

NaCl

Addition of NaCl to sand did naesult in anyabsorption feature centshifts or

change in absorption feature strendthable 10 Tablel11).
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The Peavine spectra were also unaffebiediaClat 0% VWC. At 10% VWGQChe
addition ofNaClinfluencedthe 480nm and 1910nnabsorptiorfeatures The 480nm
featurewasinfluenced mosby the addition of NaC36nmright at 0.25molL ! and left-
26nmat 0.50mol L (Table 1). NaCl strengthened the 480nm featat&0% VWG, the
0.50 mol L! featurecenterwas 86.6% weaker than tBe25 mol L featurecenter(Table
10). The 1916m feature was shifted to the right approximately 28nm at both
concentrations at 10% VWGIaCl strengthened the 1@nm featureat both
concentrationsthe 0.50mol L featurewas84%stronger than the 0.280l L. At 30%
VWC the 1910nnPeavindeature was shiftedénmright at 0.25mol Lt and50nm at
0.50mol L. The 1910nm featurstrengthat 0.50mol L was1.92%weaker than 0.25

mol L.

NaCOs

Na.COs addition to Sanadnly impactedhe480 nm absorption feature at 0%
VWC. The center was shifted |6 nmat 0.25mol L and-17 nm at 0.50 moL 1. The

480 nmsandfeatureat 0.50 moL ! was46.9%strongerthan 0.25 moL ™.

Peavine spectra was only influenced at@@gnm and1910nm features at all
VWCs. The width ofadditional absorption for th&0nm Peavine feature ligrge At 0%
VWC the 480nm featurevassignificantlyinfluencedby NaCOs over327nns at 0.25
mol L't and457nm at 0.5@nol L. At all VWCsthe670nmNaCOs featurd s cig nt e r
shiftedleft by -84nm. The670 nm featureentes at 0.50mol L™ aresignificantly
strongerat 0% and 10% VW(2279% and 132% respectivelyt significantly weakeby

84.5%at 30% VWC At 0% VWC the 1910nm feature was shifted rigit
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approximately 14nm at both concentrations. The 1910nm featsd .366 weakemt

the higher concentration of M2Os. The 1910nm feature was shifteght 29nmat 0.25
mol Lt and 1&mat 0.50mol L. The 0.50mol L™ feature wa®nly 3.03% stronger than
0.25mol L. The 1910nm feature only showsignificant salt effects-0 . 054 0 q

reflectance at centeat 0.50mol L. The 1910nm feature shiftéeft minimally, by 5nm.

NaSQy

Addition of NaSQs only influenced thes a n d s $86nen¢, abaogpson
feature aD.50mol L™t and 0% VWC(Table 10. Centerof the featuravas shifted23nm

to the left,andwas marginallysignificant;q reflectance at centef -0.0580.

At 0% VWC the 1910nm absorption feature samificantly strengthened and
shifted rightapproximately 13nmAn increase in concentration of 20, resulted in a
40.8% increase in center streng®eavines p e ¢ 670nm and 1910nm absorption
features were influencda/ NSOy at 10% VWC The670nm feature centevasshifted
left approximately-90nm at both concentrationhe higher concentratioi’Onm feature
was16.8% stronger than the low concentration ob8@&. The 1910 nm feature is shifted
right 35nmat bothconcentrations and did not significantly strengthen with increased

concentrationNo significant effect®f NaoSQs were found at 30% VWC.

CaCb

Sand spectrabsorption featureast 480nm, 1410vm, and 1920nnwereinfluenced
by addition ofCaCb. Influencesof saltseen at 1910n®.25mol L absorption featurat
0% and 10% VWC are likely insignificant due to the lack of effect at @aid . At 0%

VWC the 480nm feature is shifted leftrird at0.25mol L't and right 2@m at 0.50mol
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L1, The higher concentratid80nm feature i45.9%strongerthan the lower
concentration spectra. The 1410nm featwas shifted right, to the longer wavelengths
by 31 at0.50nolLtwithan ¢ r e dfi0.8609 aa 1% ¥WC. At 30% VWC the
1920nmfeature is shifted right 3Bn and made strongéo a significanstrength-0.2685

q refl.ectance

At 0% VWC the Peavine absorption features 480nm was shifteddefh Tow
concentration of Caghnd right 4 at the higher concentratidihe 480nnfeaturealso
uniquelyshowed aignificantweakening bthe feature with CaGladdition. With
increased concentratiph80nmbecomesveakerby 18.6%.The 1910 nm feature is
shifted42nm right at 0.2%nol L't and at 0.5@nol L™ the center was flattened g
center was shifted between 33 to 45iine 1910 nm featudeecame23.3%stronger
with higher concentratiorAt 30% VWC the 0.50nol Lt CaCbk 1910nm featui@s cent er
is also flattened and was shifted between 15 to 37nm NghtaCb related spectra

effects were found for Peavine at 30% VWC.

Influence of soil moisture osalt effects

Sand spectrahowedno significanteffectof NaClontheirq r ef |laany anc e
VWC. NaCG;s significantlyinfluenced 480nm at 0% VWior both concentrationgut
not at 10% or 30% VWGCSimilarly, N&SQs only had significant impacit 0% VWCon
480nmat the highest concentratioiffects of CaGlon 480nm only occurred at 0%
VWC. On the other handaCh featureeffects at 1920nrbecame stronger with

increased VWC.
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DISCUSSION

This study focused on investigatitige ability ofsoil-water extracts, Hsitu
capacitanceensors, and spectroscdpyassess soil salinityith varying soil moistures
We foundthat1:1 soilwater extradi slectrical conductivies(ECi.1) showed the
strongest correlations wittaturated pasteectrical conductivity (E€}, which is
currently used as the standard method for assessing soil s&uriyshed regression
functions ofte showed high correlations with our measured &ues, but absolute
values of EGwere often underestimate@f the sensor methoddjlhorst (2000)
Mo di f i e d andRhoddefl®&Dsthesimple linear regressiamethodby Rhoades
(1989)performedbestwhen paired with the dilution methodi] [and allowed for
estimating EGbased on bulk soil salinity measurement {EEowever, sggested
valuesof U b= given by Hilhorst(2000;3.76-7.60) Meter Group lo (2018; 6) and
Scudiero(2012; 5.167.85)resulted inunrealistic estimates of F@ndEC: indicating the
need for sitespecific calibrations Salt effects were more pronoundadPeavine spectra
than Sand spectr&alteffects on sand spectra were only visible wNegCOsz and CaCl
were added buReavine spectraaveaffectedby all four salts teste@NaCl, NaCQOs,

N&SO, and CaGl)

Soil Extractions

Our study found that overathur 1:1 extract regressiorshiowed thdestability to
predict EG,; followed by 1:2 and 1:%or sand, Peavine soils and combined data3éiis
1:1>1:2>1:5 performance trend walsotrue for the published regressidigoukila and

Abdelaty 2017;Klaustermeier et al.2016] However, it is worth nothinghat these ratios
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are approximationandnot replacements for E@easuremeriZhanget al, 2009] Still,
despite potential methodological issues such as qualitative assessment of satiueation,
saturated paste extract method;assidered to bthe most accuratend realistic

measure o$alinity. Salinity as determined by the saturated paste method has been found
to correlate well witlplant response, making it mastefulin agricultural applications
[Aboukila and Abdelaty2017. Theoften more diluted fixedatio extractsnay be biasg#

by potentialdissolution of less solubkulfate and carbonagalts such as calcite or
gypsum[Aboukila and Abdelaty2017;Chi and Wang2010;Hogg and Henry1984;

Regional Salinity1954] As more water is added to the soil, some of thedeksble salts
such as carbonates may dissolve, thereby contributing to the conductivity of the solution
in the ratio extractionsvhichwould not bethe casén the saturated paste extracts
[Aboukila and Abdelaty2017. The difference irthe solubility between salts has been
recognized in the literature and authors have indicated that the applicatbdfigcific
regressionsnay depend on the type of salt predétaustermeier et al 2016]. This

increased dissolution of salts in more dilaigracts may explain why the predictive

ability of fixed-ratio extracts decreases as soil:water ratios decfrdbsekila and

Abdelaty 2017;Hogg and Henry1984;Klaustermeier et aJ2016]

Theeffectof salt dissolutioron ECin more diluted extracts is furthehownby
comparing the slopes of the different regression functions used to preditt i
additional salts dissolved upon dilution, the slope of the regressiciotides extracts
would be five times that dhe slope for 1:1 extractslowever, slopes of the 1.5 ratios
wereless than five times larger than the slopes of the 1:1 ratdisating contribution of

additional salts to the salinity of the more dilugegpensions
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Several studies suggested ttiet amount and type ofay canaffectthe slope of
regressiongquations predicting EGrom fixed-ratio extractsRegression slopes
decreased with increasing clay content for all ratio extract regressitimis study and
previous studiefHogg and Hery, 1984;Sonmez et gl200§. This decrease in slope
with increased clay contergtlikely duetoc | ay 6 s negatively charged
readily absorbing iong he effect of clay content is also appari@ntCe measurements
of our soils; he averaged E®f the Peavine soil wak72mScm™ less tharBanddespite
adding the same amounts of salt to the Peavine soil and the sand, and despite the
saturation percentage being smaller in the Peavine soil than in thé/earydstudies
developedifferent regressionas a function o$oil textureto ensure thahe texture oha
soil beinganalyzedwvas similar to the texture of theoil for which regressions were
developedKlaustermeier et al2016 Sonmez et gl200§. As a result, studies may
present their regression equations as a function of clay content, textural class, or
saturation percentage (e.Ghi and Wang2009) Similarly, organic matter contenmay
also influence the ion concentrat&in soil extracs [Zhang et al, 20(]. The difference
in texture between soils used in our study and soils used in previous studies may explain

why several regression functions reported in the literature may not work for our soils.

Although several authors observed tfegression equations developed for
specific soil types may not transfer well to other soils, several of the published
regressions predicted E@ell [Zhang et al.2005]. The best performing published 1:1
regressions for our datasets were developed byskaweier et al. (2016) and the
Regional Salinity (1954)(USDA). Linear regressions are the most common type of

equationAboukila and Abdelafy2017;Chi andWang 2010;Heet al, 2013;Hogg and
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Henry, 1984;Matthees et a]2017;Sonmez et gl2008;Visconti et al. 2010;Zhang et

al., 2005] For the 1:5 ratios, the equations developed by Chi and Wang (2009) and the
1:5 ratio equations developed by Sonmez et al. (2008) for sandy soils performed best for
our datasetdn contrast, lte regressias published by Hogg and Henry (1984) for 1:2

extracts performed poorly.

Besides specific soil conditiongteviously developed regressiamsy not have
performed satisfactorily for our soils dteedifferences irextraction preparation
methodology espeilly equilibration timesHowever Klaustermeier et a{2016)found
that differences irquilibration time did not significantly change &£ is important to
note that theonclusions irour study are applicable to extractions not suspensidmes.
EC of soil extractions are higher thamil-water suspensions due to the lower

conductivity of soil particlesHogg and Henry1984].

Another reason why some published equations may not perfodnonvelr soils
may be the lack of similarity of tf@OCthat were used to derive the regressions. For
instance, the 1:5 regressions by Chi and Wang (2009) performed better than Aboukila
(2018) regression®espiteAboukila and Abdelat (20176 methodology for EGs being
more analogous to ours and sharing the same SP methods with Chi and Wang (2009),
Aboukila and Abdelat (2017)regressions performed poorly. The region Chi and Wang
(2009) collected their soils from shares more similarities, agalegetation and
precipitation, with the Peavine soil region thmoukila and Abdelat (2017)again
highlighting the need for making sigpecific calibrations rather than using published

regressions
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In conclusion, the results from applying our ownresgions and regressions
developed in previous studies reinfortesconclusiondy Aboukila and Abdelat
(2017)who observed that it is challenging to determine which regression equations can
be applied to specific soil conditions. While it is clear that soil texture, salt compaosition
and possibly other soil parameters affect regression functions, there do nottajygea
uniform rules on how to account for differences in soil characteristics between soils. As a
result,differences in regression values between stuthesbe due to clay type, clay
content soluble saltomposition and content, organic mattargd méhodologiedChi
and Wang2010;Klaustermeier et a).2016;Zhang et al.2005] These sitespecific
considerations ke it difficult to selectan appropriateéegressiorwhen desiredior

reliableECe estimates.

Capacitance Sensor

The besestimation of EGutilizing 5TE capacitance sensor measuremiamts
Sand and Peavirsilswasusingtheapproach outlined birhoades (1989 able8). For
the sand, the slope of the regression line was predicted most accurately when using the
percent sand plus silt (CS%). For the Peavine soil, using the saturation percentage (SP%)
yielded the most accurate prediction of the sldpe use of eithethe C% or SP%
function from Rhoades (1981) to estimatesBI@ not influence thegrformance oftte
regression equation developed by Rhoades (1989) to estimatéleRhoades method
performedbest forthe Peavinesoilsbut only at 10% VWG&. However, even in this case
ECe was still underpredicted by more tha@%. At 30% VWCa the Rhoades (1989) EC
method @ not produe anysignificant resultsRhoades et a(198%) stated that the

slope for their regression method niayestimated if the solil is near field capacity
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[Rhoades et al., 198P As a result, w expectedhat theRhoade®t al (198%) method
would perform bettefor both soils at 30% VWgthan 10% VWG. At 30% VWG, the
sandEC. estimateshowed less variabilitgndthe regressions becamre significant
buteven under these conditions Efasstill underpredictedAt 30% VWG, theECe
estimates for th®eavinesoil became insignificant anevenresulted in negative values
and slopesdlt is unclear why the Rhoades et al. (1888id not perform satisfactorily but
one possible reason for the rel&tiv poor performance of the Rhoades (1®88odel is

thatthey used a different capacitance sensor than we used in our study.

In ourstudy, wedid not directly measure EGo we were unable to directly
assess the accuracy of the Hilhorst or Modified Arehd s  srHowever, dve included
the dilution method]] to convert theestimated=G, values fronthe Hilhorst and
Modi fi ed Ar dohEGewhish wasmeasu directly. The dilution method
[1] is asimple equation based on the idea of diluting the pore water to the point of
saturation and relating that dilution to EC [20M8hen appliedthe dilution method
caused aimcreasan the ¢ valueswhenconverting EG as measured with our senstws
ECsforbotht he Hi | hor st a methodFdure9,ild. dhesetwo hi e 6 s
methods used in succession akmemparison oéstimated E@values with measured

EC: values.

Still, our study found that thlilhorst method did ngberform well on either sbi
Estimates of and EC valueswere insignificant and the Peavine &@lues were
significant buthadrelatively low correlation coefficients.405 Figurell). An

important variablaised inthe Hilhorst (2000) method e real portion of thdielectric
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permittivity when EG=0 (U b=0) of thesaoil. Hilhorst (2000) suggested values oo
ranging from3.76to 7.60while Scudiercet al.(2012 suggested values tweeen5.16and
7.85with the higher valuet be usedor finer texturegHilhorst, 2000;Scudiercetal.,
2012] Hilhorst (2000)suggeste@ methodor estimatinga soitspecificl b=o valueby
plotting b, as a function of EE The intercept with thg-axis would yield a value for

U b=0. When we used this method, we were able to estitnaie However, using this
value inthe Hilhorst (2000) metha®sulted inb p=0 valuesthatyieldednegative
estimates of EE; which is physicallympossibleIf no soil-specific information was
present, Hilhorst (2000) suggestediasno value of 4.1while Meter Group Inc. suggested
anU p=0 value of 6 for most soilddilhorst stated that their method should work for most
normal soils with VWCs >109%Hilhorst, 2000] However,in our studies, the EC
estimates for the sand and Peavine soil became worse as water content increased for

reasons that were not clear.

Hilhorst (2000) suggested that his approach should not be usedthdtEq,
exceedss mScmt. However, Scudieret al.(2012) observed that the Hilhorst method
yielded reliable E€estimates at EG<10mScm™ [Scudiero et a).2012] Scudiero
(2012) hypothesized that theason for producing reliable E&t higher EG estimates
may be due to the 5TEOGs operating frequenc
sensor used by Hilhorst (2000hich was30 mHz. At lower frequenciethe influence
of EG, on the dielectric is greater thabhigher frequenciesvhich is why many sess

today function at higher frequencig&/obschall et al.2005] Since EG was not directly
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measuredn our study we camot determine ifwe were within thes 210mScm™ limit for

the Hilhorst (2000) method as found by Scudiero et al (2012).

The Modi f inodeluferprddicted &and E€alues bymore tharB2%
despite theestimatedeinghighly significantMo di f i ed Ar c hPeavins est i ma
ECevalues were insignificantandn der predi ct ed. The accuracy
- EC: predictionsdecreased with increasing moisture content for Batid and Peavine
soils Scudiero et al. (2012)testddé Mo di f i e d uAingbTcisensdors mo d e |
similar to the one used iour study.Scudiercet al.(2012) observed that the Modified
Archi eds method worked over a wide range o
[Scudiero et a).2012] All our samples fell within this raregso it is not entirely clear

why the method did not provide reliable results in our soils

The Modi fied Archieds, Hi | h®&GandEG and Rh
values bettethan the Peavine E®@aluesusing the5TE sensor Thethreemethodsmay
have issues with estimating the&Cf t he Peavine soil due to c
water . Wit h thighercld emtentpossiblytess pdredvatemvasavailable
for measurementt is important that there is adequatare water becausas discussed in
Rhoadest al.(198%), the electrical charge used to measurg €4b take many
pathwaysut two are dependent on soil moistutes solidliquid and liquid pathway.
These two pathways are wRhoade<t al.(198%) stated thathe accuracy ipredicting
soil salinity decreases with decreasing VWWowever,in our studya decrease in
VWCa resulted in better accuracy forh e Hi | hor st , Modi fied Arch

methodson both soil types, the only exceptionrgeithe Rhoades method on sand. This
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decreased in performance with increased \WM@s an unexpected result as most

methodsare supposedly more reliable when soils contain more wataestential

limitation of our study was that when water was added td”eavinesampleghesoil
volumedecreased comparedttee initially measured volume$his change in volume

caused the porosity to decrease hulit densityto increase, both of which are important
parametersusedtinh e Hi | hor st and Mrthdchandgeawblunfernfc hi e 6 s
the and samplewas smaller than that of the Peavine soil samples follothi@@ddition

of water, which may explairwhy the moels performedbetterin sand. Still, it is unlikely

that slight changes in bulk density and porosity caused the models to perform as poorly as

they did.

In summary, none of the methods used to convestas@neasured by the 5TE
sensors to EQusingphysically basedpproaches yielded satisfactory results for
estimating EGfor reasons that are unclear. Potentially, the soil types used in our study
deviated too much from the ones used in the other studiear study, we were not able
to directly compare moddlased estimates of E@ith actual EG measurements. If this
had been possible, we would have been &btketerminef estimates of Egwere not
reliable or if other aspects of the model causedds@mates to be inaccurate.
Regardless, conversion of EGhat can easily and accurately be measured using
capacitanceensors to E£ the standard measure of soil salinity, is not straightforward.
Similar to the equations derived to convert EC, meadurdiferent soil:water

extraction ratios, to ECwill require sitespecific calibrations.
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Spectroradiometdvieasurements

Soil moisture, texture, and composition effects

Increased soil moisture resultedsiimengthening of theandCRs p e ¢ 480nan§ s
1410nm, 1920nm, and 2200rabsorption features and a strengthening oPisavine
CRs p e ¢ 480nen,0680nm, 1410nm, 1910m, 2200nm, and 2400nm absorption features
(Appendix B) As soil moisture increasdérbm 0% to 30% VWCso did the strength of
the featues.In the visible range of our spectra, 4680nm, the effects soil moisture are
closely tied to soil texture due to the interaction between the soil particle surfaces and the
water molecule§Yang and Yu2017] When water is added to a soil, the 8asl
composition such as organic matfemd texturdargely determines how much water will
beabsorbed intsoil particles angmall soil aggregatd€2mm). Once the amount of
water exceeds the absorption capacftgoil particleswater will form a thin layer on the
particle surface. When light reflects off a moistened soil particle, the light energy is
reflected between the particle surface and water present on the $¥dageand Yu
2017] The energy may be reflected multiple times leading to a decrease in reflectance
observed by the spectroradiometer. Also, water is a strong absorbenarabita mask
other spectral features of the soil. This effect is best illustrated by Ri§uvkich plots
Y ofor every sample separated by soil type and W\&ince thdiner-texturedPeavine
soil has moresoil particlesthat camabsorb water more readitpmpared to the santhe
averaged di f fpealuesatd% ano 2000W'Bi@&rne less for Peavine than
Sand. At longer wavelengths, >1400nm, water has a significant impact on the strength of
spectra. Spectral features al@4m, 1910nm, and920nm become stronger, duette

stretching of GH aniors and bending of HO-H molecules[Yang and Yu2017] The
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additionalabsorptiordue toH>O and OHmovemenis strong in the 1910nm and
1920nm featurethe 2200nm feature a n mhsked@ &or example, in the Peavine CR
spectra, the 2200 nm feature becams pesnounced with increasing VWC due to
increased strength of the Ihm feature (Appendix BOur observations wemnsistent

with those ofYang and Yu (2017).

Additionally, some of the soils CR abso
with increased VWC. Again, shifting refers to the movement of the centers to a shorter
wavelength or to a longer wavelengdhn |l vy t he sanddés 1410nm and
Peavineds 670nm, 1410nm, 1910nm, and 2400n
increased VWCThe aldition of salts also resulted in shifts of absorption feature centers
as demonstrated by the q spectra. The shif
seen in the CR spectra. This could indicate that shifts seen in the spectra could be
dominatedoy the presence of salts. Only significant shifts in center due to salts (>5nm) in
sand were observed for dz0Os; 480 nm 0% VWC and in Peavine at many absorption

features Table 1) .

Our findings contradict conclusions draw by Howari et al. (2000) archRiEyk
et al. (2016) that finreextured soil had higher reflectivity than coategtured soils due
to smoother and brighter surfaces of clay compared to sand pdttoleari et al, 2002;
Piekarczyk et a].2016] Howari et al. (2002) hypothesizes that the smoother clay particle
surfaces result in less shadowing across the soil surface, resulting in higher reflectivity.
Similarly, Piekarczyk et al. (2016) hypothesized that the increased reflectivity was due to

silts and clays on the surface having move cohesion than sands. Our results better agree
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with the conclusion by Pessoa et al. (2015), that soil texture does not significantly impact
soil spectra reflectance since the difference in reflectance was mgRps0a et al,

2015] Still, the sands very dissimilaito the Peavine soitith the Peavine soil
containingmoresilts, iron oxideson clay surfacesnd organic mattehan the sand

(Table 1).

Howari et al. (2002) found that salt crystals precipitated ontéreired soils
weresmaller than those that precipitated on co#eséured soilsHowari et al. (2002)
hypothesized thahe smakr salt crystalslecrease the shadowing effect mentioned
above and reswdin higheroverallreflectane, also known as albedblowever,in our

studythe salts did not appearbe changing albedo on either soils

In general, soil moisture made a much larger effect on spectra than salt regardless
of concentration. These findings correspond to Yang and Yu (2017) who noted that, as a
result, salt estimates become unreliable at high V{¥@ag and Yu2017] However,
given that the salinity levelssed in our study were relatively low, (average E@.92
mScmt and maximum Egis 12.4mScm?, it is unclear if salt effects become more
pronounced at higher E@vels. One challenge with comparing our results and those
obtained by others is that many studies, including Yang and Yu (2017) report salinity in
terms of soil salt content (e.g. mg/kg) rather thar. ECaddition, aher studies only
mention salt congerations of solutions added to the soil without mentioning the
resulting soil salt concentration or E€arifteh et al. (2007), however, reportedeEC
values of their samples, and these varied between 0.2nm&ad6 ™. Unfortunatelythey

didnotspecith ow t hey me as u rFaritehetlalg2007]. Gverall,lthé BC E C



37

levels used in our study are realistic for most conditions observed in the field and higher

levels are not very commoRggional Salinity1954.

Salt typeandconcentratioreffects

Addition of NaCl did not have a significant impact &and spectra but was able
to influence Peavine spectra at 10% and 30% V®@.nd spectrads | ack o
reasonable given that NaCl does not have any unique absorptiaes$¢gauifteh et al,
2007] The 480 nm and 1910nm Peavitsarption featuregerestrengthenedAs stated
before thechangan the480nm feature idueto texture and thehange in910nm idue
to moisture effectfYang and Yu2017] The 480nm feature was only influenced at 10%
VWC not 30% Theincrease in the 1910nm feature at 10% and 30% VWC is due to the
hygroscopic nature of NaQFarifteh et al, 2007]Na C| 6 s urligaete&tureaniakes
it difficult to distinguish in the spectra, even at our higher concentrdticargteh et al,

2007;Howari et al, 2002]

Sodium carbonate (N@QOs) only significantly influenced a n 4B0ns feature at
0% VWC. Thefeature isstrengthenetb the leftat both concentrationand this effect
becamestrongerat higher concentratiaPeavine spectraeveinfluenced at the 670nm
and 191@mfeatures. The 670nm feature is strengthesigaificantlyby Na&COs but its
effectdecreasedith increased VWCThis salt influenceeatureshifts the center to the
left and it isexceptionally wide>80nmat all VWCs. This features theprimaryreason
why these spectra have exceptionally hyghandy q values.The 1910nnfeature was
shifted right and strengthened RgCQOs, more so at the higher concentratidhe

feature @l howeverbecome weaker witincreased VWCThe hygroscopic nature of
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Na,COs mayexplainthe 1910nm absorption feature. However, minaratgaining CQ?
typically exhibit absorption features at 1800nm, 1900nm, 2200nm, and 238@map |
and Yy 2017. These obseations especially 670nnsuggest that carbonate salts such
as CaC@may be detected using remote sensing methods, even at higher moisture
contentsAbsorption bands for C9Owere not observed in the spectra which was
unexpected, due to dissolution of CagzBut was likely not observed due to

reprecipitation of CaC®

Sodium sulfate (N&sQy) only influenced Sand 480nm feature significantly at
when added at a concentratior0dB0 mol L. This suggest that our concentration of
NaSQy in the treatment solution was below detectable levels in this soil. The Peavine
soil howevemdid havesalt effectsat 670nm and 1910nnthe increased strength of the
featuresismi ni mal ( <0 . and wup influerfcd v fouad@@ye\V\WC.Our
findings are similar to those found by Farifteh et al. (2007) who found no significant
influence of NaSQu on spectrdFarifteh et al, 2007] Howatri et al. (2002) found that the
reflectivity of the spectra increased with increased concentraétinnhis was not
observed in the daf#owari et al, 2002]. lon absorptionbands forSQ;? were not

observed in the spectwehichwas unexpectediue to dissolution of N&Qu.

Calcium chloride (CaG), a hygroscopic salt, increased absorptiofh&inm,
1410nm, and 1920nim thesand spectréTable10)[Pessoa et al2015] No shift vaue
was clear folSand 0% VWC 480nm but the 1410nm and 1920nm features were shifted
right. The Peavine soil was influenced at 480nm and 1910iwa only spectra to display

a loss in absorptiois thePeavine480nm spectra at 0% VWE®eavine absorption
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features also showed the same ghattern as sané.essoa et al. (2015) found a strong
response in their spectra as a function of @a@hcentration but our sand and Peavine

soil did not show #argeresponséo increased concentration
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CONCLUSIONs

Our study focused on investigating three methods of determining soil salinity;
soil-water extracts, Hsitu sensors, and spectroscoplie use of establishedgression
equations to convert between £G2, & 1:5and EG provides an opportunitior
ecoromical extract analysis. However, soil texture, composition, and preparation make
choosing a regression that will yield satisfactory estimates efiEcult. We suggest
that if using ratio extracts for analysis, 1:1 regressions work best and to choost g 6 s
regression that best matches oneds own soi
reference summary of all regressions available, detailing the soils used, and their
limitations. While our study does not suggest one sensor related conversiogptof EC
EC; these insitu sensors do provide high temporal resolution and can demonstrate EC
trends. Additional research on how to estimate soil spakifigvalues for the Hilhorst
method are needed. Sand was mostly impacted B@®éaand CaCl and the Pavine
soil by NaCQs. Depending on your soil and salts; features 480nm, 670nm, 1410nm,
1910nm, and 1920nm were influenced. Remote sensing methods to determine soil
salinity require complermethodde hat may need to be speciali z
conten, texture, composition, and salts present. Our study also demonstrates that remote
sensing methods looking to asses soil salinity by identifying salts would not likely work
in agricultural applications duegthisduesoi | m
to saltsMore extensive research using complex methods suceural networks or

PLSRcould be more promising.
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TABLES

Table 1:Physical and chemicaharacteristics of the Sand and Peavine So

Soil Type
Characteristic Sand Peavine
Texture
% Sand 86 62
% Silt 14 22
% Clay 0 16
Particle density (g/cf) 2.6 2.4
Organic matter
Percent rating (%) 0.2 1.7
SOC (%)** 0.1 0.9
Cation exchange capacity (meq/100g) 0.8 9.8
Na (meqg/100g) <0.1 <0.1
Ca(meq/1009) 0.5 6.3
Mg (meq/100g) 0.2 2.0
K (meq/1009) <0.1 0.7
pH 8.8 6.5
Sodium absorption ratio 0.3 0.5
ESP <0.1 <0.1
ECe (dS/m) 0.1 0.2
Na(meq/L) 0.2 0.4
Ca(meg/L) 0.6 0.9
Mg (meg/L) 0.4 0.5
COz (meq/L) 0.0 0.0
HCOz (meq/L) 1.3 1.0
Cl (meq/L) 0.3 0.3
Saturation prcentag€%) 33.2 19.3

** - Walkley, A., and I. A. Black (1934), ABxamination of Degtjareff
Method forDeterminingSoil OrganicMatter, and &@roposed
Modification of theChromicAcid Titration Method,Soil Sciencg37(1),
29-38.
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Table 4:Correlations between soil dielectric permittivity, bulk electrical conductivity,
and volumetric water content measured with a capacitance sensor and bulk density
volumetric water content and EC

Correlation Correlation Regression Intercept
Test Test n r? p-value slope p-value
Independent  Dependent Soll
Variable Variable Dataset
U VWCa Sand 17 0.912 <0.0001 4.6218 0.0002
VWCa Peavine 8 0.880 0.0004 2.2926 0.1213
Bulk Density = Sand 17 0.051 0.1918 - <0.0001
0.0019
Bulk Density Peavine 8 0.632 0.0112 0.0191 <0.0001
ECe Sand 17 -0.044 0.5771 0.2545 0.5771
ECe Peavine 8 -0.166 0.9547 - 0.0263
0.0091
EG VWCa Sand 17 -0.043 0.5683 5.9619 0.0006
VWCa Peavine 8 0.147 0.1880 - 0.0029
113.17
Bulk Density  Sand 17 0.033 0.2325 - <0.0001
0.0149
Bulk Density Peavine 8 -0.161 0.8722 - <0.0001
0.1429
ECe Sand 17 0.870 <0.001 13.579 0.5989
ECe Peavine 8 0.502 0.0297 25.798 0.0006
VWCs VWCa Sand 17 0.895 <0.0001 1.1670 0.0172
VWCa Peavine 8 0.858 0.0006 2.1266 0.1075
Bulk Density Sand 17 -0.014 0.3930 - <0.0001
0.0332
Bulk Density Peavine 8 0.657 0.0090 1.8257 <0.0001
ECe Sand 17 -0.041 0.5542 6.8715 0.3478
ECe Peavine 8 -0.141 0.7252 - 0.0213
5.2400

- Dielectric Permitivity [unitless]

VWCa - Actual Volumetric Water Content [%]

VWCs- Actual Volumetric Water Content [%]

EGCs - Bulk Electrical Conductivity [dSr]

EC.- Saturated Paste Electrical Conductivity [d§m

Grey text- The two variables correlation is not significant
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par amet e

Table5:Cal cul ati on of the sl ope
the Modid i e

linear regressions between&Cs t i mat ed by
measured in this study.

Modi fied Arc Modi fi ed-E@r ch
Sand slope r? p-value slope r? p-value

10% 1.147 0.742 0.0037 5.494 0.911 0.0001

30% 3.803 0.794 0.0008 8.525 0.807 0.0006
Peavine

10% 8.545 0.869 0.0446 51.89 0.755 0.0852

30% -26.87 0.023 0.4096 -111.3 0.071 0.3831

Table 6:Calculation of the slope parameter as used in the Hilhorst model and lineal
regressions between EE€stimated by the Hilhorst method andcfB@easured in this
study using am p=, of 2.5.

Hilhorst Hilhorst- ECe
Sand slope r? p-value slope I p-value
10%  0.617 0.939 O00. 00 2271 0.859 0.0006
30% 1.186 0.861 0.0002 2.633 0.868 0.0002
Peavine
10%  2.549 0.845 0.0532 15.35 0.732 0.0938
30% -7.736 0.034 0.4034 -32.00 0.079 0.3785

Table7: Regression slope and Efredicted as a function of percent silt plus clay and
saturation percentage using RReoadeg1981) model. These estimates are needed to
estimate EGusing measured E@alues (see equation 3).

Sand Peavine
Slope =a( CS%) 9.58 7.85
=a( SP%) 7.35 10.4
EC =a( C%) -0.02 0.37
=a( SP%) 0.26 0.06

CS%- The combined % of clay and silt
SP%- The saturation percentage
C%- The % clay
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Table 8:Slope and E€calculated using thRhoades (1989) method and regressions
between Egpredictions using Rhoades (1981) and: BE@asured in this study.

Sand
10%
10%
10%
10%
30%
30%
30%
30%
Peavine
10%
10%
10%
10%
30%
30%
30%
30%

Rhoades (1989) Regressic

Slope

9.58
9.58
7.34
7.34
9.58
9.58
7.34
7.34

7.85
7.85
10.4
10.4
7.85
7.85
10.4
10.4

EC
-0.02
0.26
-0.02
0.26
-0.02
0.26
-0.02
0.26

0.37
0.06
0.37
0.06
0.37
0.06
0.37
0.06

Performance Reqgression

slope
1.226

1.226
1.599
1.599
1.629
1.629
2.125
2.125

4.072
4.072
3.073
3.073
-4.857
-4.857
-3.665
-3.665

r2
0.806
0.806
0.806
0.806
0.926
0.926
0.926
0.926

0.901
0.901
0.901
0.901
-0.248
-0.248
-0.248
-0.248

p-value
0.0015

0.0015
0.0015
0.0015

00 .

00 .

00 .

00 .

oNoNoNe]
oNoNoNe]

0.0336
0.0336
0.0336
0.0336
0.5900
0.5900
0.5900
0.5900
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Table9'Summari zed results of q spectra for bot
30% VWC. Only effects that were reflectamroeed si ¢
valugy-axi for at | east two out of three repl:i
and strengths (S) in nm of the significant spectra were averaged. Positive (S) values mean
that those absorption features were weakened by the addition of the salt at either 0.25

molL-1 or 0.50 molL1.

Nacl Na,CO; Na,S0, Cacl,

1 =1l =1l -1 =1l

Sand
0.25 moll™ 0.5 moll™|0.25 moll™ 0.5 moll ™ [0.25 moll™ 0.5 moll ™ [0.25 moll™ 0.5 moll ™

450-524 | 450-519 450-501 | 450-544 | 450-549
457
-0.0580

0%

10%

30%

wOoS=Swvwn =N Sl 2N = VD S|l S VN S VWA S
1920 nm | 1410 nm 480 nm | 1920 nm 1410 nm 480 nm |1920 nm 1410 nm 480 nm
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Peavine

0%

10%

30%

WO = w0 s o S Sl S LD 2o Sl Sl SO S VLA S LA S

670 nm 480 nm

1910 nm 1410 nm 670 nm | 480 nm | 1910 nm | 1410 nm

1910nm | 1410 nm 670 nm | 480 nm

450-567
516
-0.5362

450-528
473
0.0739

547-674 | 450-907

450-545
454
-0.0717
529-656 | 450-734 | 549-621 | 529-645

581 579
-0.0649 | -0.0758

451-510
484
0.0610




Table 10Su mmar i z e d speetra forlbatrssand &nd Beavine soil at 0, 10, and
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30% VWC(listed in farleft column) for various salts added at concentratiors 28
molL*or0.50molL.The values sOBovamdi M StaHea 66 H ows sh
feature centers fararious wavelengths (next column) due to water or salt. The

6 Do mi

nated row indicates which effect

Sand

Na,CO, Na,S0,

0.25 moll™ 0.5 molt™[0.25 molt™ 0.5 molt ™ [0.25 moll™ 0.5 moll™

cacl,
0.25 moll™ 0.5 moll™*

0%

H,0
Salt
Dominate
H,0
Salt
Dominate
H,0
Salt
Dominate

10%

H,0
Salt
Dominate
H,0
Salt
Dominate
H,0
Salt
Dominate

30%

H,0
Salt
Dominate
H,O
Salt
Dominate
H,O
Salt
Dominate

1920 nm | 1410 nm 480 nm [1920nm | 1410 nm 480 nm 1920 nm 1410 nm 480 nm

caus
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) Nacl
Peavine

H,0
Salt
Dominate
H,O
Salt
Dominate
H,0
Salt
Dominate
H,0
Salt
Dominate

0%

H,O
Salt
Dominate
H,0
Salt
10% Dominate
H,0

Salt
Dominate

H,0
Salt
Dominate

salt

670 nm | 480 nm | 1910 nm| 1410nm 670nm 480 nm

1910 nm 1410 nm

H,0
Salt
Dominate
H,0
Salt

30% Dominate
H,0

Salt
Dominate
H,0
Salt
Dominate

1910 nm | 1410 nm 1410 nm 480 nm

0.25 moll™ 0.5 molL™ [0.25 molL™ 0.5 molL™ [0.25 molL™ 0.5 molL™|0.25 nmL™ 0.5 nmL*

salt

Na,CO0;4 Na,SO, cacl,

0
-84
salt

0

14
salt

0
-85
salt
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FIGURES
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021
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Wavelength (1)
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Figure 1:Example of each type of spectra used for our study. (A) Original Spectra (B)
Continuum Removed Spectra (C) Delta (m Sp
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1.05
1.00

0.95 4 \F
0.90
0.85 4
0.80
0.75

0.70
0.65

CR Spectra

500 1000 1500 2000 2500

Wavelength (A)

— Aweraged Replicate Spectra
—— Replicate Spectra [Offset by -0.05]

Figure 2:Example of three replicates (grey) that are offsefdfy and a averagespectra
using these three replicat@dack).

Peavine Spectra

1.0 —= = == =7
08 // B \\ N \ 1Y

.8 =g
0.6 _Ev \‘ \//

0.4 é NN

e I} \

02 E AN - ! \

BERE L N / N

0.0 3 /A_"_f}_.-:,’,_ﬂ_‘,,‘.-:.-r..,._.\/_ e >l e T

T e ; ]
-0.2 N _+7
500 1000 1500 2000 2500
Wavelength (1)

Original Spectra
— — — - Continuum Removed (CR) Spectra
—————— Dela (A) Spectra
RN Omega (Q) Spectra

Figure 3:Original (A), continuum removed (CR; Bjelta( pt), ando me g aD) ¢f Y
one characteristic Peavine spectra
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Best fit linear regressions with and without an intercept are plotted for all three datasets.



61

. Sand
12 y=6.15x+0.24 i
] —— y=6.35x Ny
—‘A IU ) + +
‘g 8 ] + :‘: ¢ M
@ =7 a2 o
g 4 4 e
] P,
5
0 ‘ '
0 1 - ’ '
. -1
EC]:z (mSem )
» Peavine
5] y=5.75%-0.13 .
] —— y=5.64x e
_‘"‘ 10 )
£ ] +
% 8 | *
Y\; 6 7_ + +f *
8 4 L
2 gt
0 ‘ : ‘
0 1 2 ’ ‘
ECys (mScm-])
5 Combined
5 o] s y=6.02x+0A0] (3
{ —— y=6.03x . by
£ 10 T
I % +‘
e § + G b
5 g i P
2 ] v
£ ] +
L 0 Y AN '
8 4 Tk ikl
M +
2 A v
e
0 ' ‘
2 3 &

FCio (mScm-])

Figure 5:Saturated paste electrical conductivity @@s a function of 1:2 soil to water
ratio extract electricatonductivity (EG:2) for the Sand, Peavine, and Combined datasets.
Best fit linear regressions with and without an intercept are plotted for all three datasets.



62

14 Sand
i =12:55x+1.12
12 A : %
] ¥ — =1477x
SE% 0 Wb
= 1 Tk .
S ¢
o °
IR I /< S
| A
2 -
0 - r . :
0 1 2 3 4
EC.5 (mSem |
1:5 (mSem °)
4 Peavine
1 ] . e < y=15.48x-0.57
1 O 4 —— y=14.18x
_“»—\ 10 il - +
é 8 —_ ¢++
& g o +
% 4 £
B4 wy*
2 ] -
0 r " .
0 1 2 3 4
EC|5 (mScm-l)
14 Combined
i =14.51x+0.01
12 - * + Y=
1 g =, oy, — y=14.53x
< 10 L
‘E ] .;" halE )
15} 8 ¥ *
z 1 VAL
= 6 +
SRy V.
1 ¥
2 1 /2
0 - r T .
0 1 2 3 4

ECis5 (mScm-])

Figure 6:Saturated paste electrical conductivity @e@s a function of 1:5 soil to wet
ratio extract electrical conductivity (&€) for the Sand, Peavine, and Combined datasets.
Best fit linear regressions with and without an intercept are plotted for all three datasets.



Sand
20
18
16
3
L 144
2
B
j o]
& ®
10 A
8 ¢
8 °
o 81
= .
6 =l
°
s
4 N
2 *
10% VWC 0% VWC 30% VWC
Untreated Outlier
0.25 molL-1 Outlier
0.50 molL-! Outlier
Untrcated
0.25 moll - !
0.50 moll - |
Pcavine
20 X
18 1 .
x ®
16
2
\;% 14 ~
2
= 2|
£ 12
& X
o 101
151
2 8 .
A ®
6 "
47 X
x X
2 0% VWC 10% VWC 30% VWC

Figure 7:Distribution of dielectric prmi t i v p) fori Sarsl and Beavine soil by

® ® X X

Untreated Outlier
0.25 molL-1 Outlier
0.50 molL-1 Outlier
0.25 molL-1

0.50 molL-1

63

volumetric water content (VWC) and concentration of treatment solution. Outliers

removed

from

t he

dat aset

used

for

anal ysi s



VWC, [%]

o+—+—F——7—"7T " T 7T T T T
5 10 I3 20 25 30 35

VWC, [%]

® Sand

® Peavine

— Y=1.1671x-6.5754
— Y=2.1266x-8.6535

Figure 8:Actual volumetric water content (VWA plotted as a function okssor
volumetric water content (VW§ measured by the 5TE capacitance sensor.

64



65

Modificd Archic's

Actual EC
o
|
S~

0 2 4 6 8 10
Estimated EC P

4 Sand 10% VWCy
v Sand 30% VWC,
A Peavine 10% VWC 5
v Peavine 30% VWC 5

Moditied Archie's - EC,

.
.
e

.
ot

Actual EC,,

.
.
.ett
.
.
..
.

Estimafkd EC,, 6 8

A Sand 10% VWCp
v Sand 30% VWC 5
v Pcavinc 10% VWC p
v Peavine 30% VWC
...... y=x

Figure9'Re sul t s of t h emeihodtbi Sand andl Peavine $oil a& 0% and

30% VWCGCa. The actual E€is shownas a function of estimated E@nd as a function of
estimated E€



66

Hilhorst (2002) Sand & 5=

€b

0.0 0.2 0.4 0.6 0.8 1.0
LECy

— Y= 1T8R69

Hilhorst (2002) Peavine & gp,—()

€b
I~

0.0 0.2 0.4 0.6 0.8 1.0
ECy,

— Y=-38.8x+13.9

Figure 10:Plotted results of the Hilhorst and HilhofsEC. for Sand and Peavine soil at
10% and 30%ctual volumetric water contenf\WCa) f o ab =#.5. The actual EQs
plotted asa function of estimated EGor Hilhorst and as a function of estimatedE@
the Hilhorsti EC..



67

Peavine
100 0.6
——tr— R - Squared
80 4| —9— P - Vahe r 05
———P- Valuc =005
3
3 2
| K
A a
o
-20 T " = 0.1
0 2 4 6
Eab=0
Sand
100 - 0.6
.
80 4 S 05
—tr—— R - Squared
60 1| —v— P-Vahe 04
g — —— P - Vahe = 0.05
7 2
2 d
T e
o

-20 T . = -0.1
Egb=0
Figure 11:Results of the Hilhoratnethodfor Sand and Peavine soil at 10% and 30%

VWCaf 0 gb==8.5. The actual EQs shownas a function of estimated E@nd as a
function of estimated EC



68

Hillhorst &:Gb =25

Actual EC,
o
¢

0 wHY 4

0 5 10 15 20 25
Estimated ECF

4 Sand 10% VWC 4

v Sand 30% VWCp

A Peavine 10% VWC 5
Peavine 30% VWC 4

Hillhorst o, =2.5" HC,

Actual EC,,

4
Estimated HC,,

4 Sand 10% VWC A
v Sand 30% VWC 4
v Pcavinc 10% VWC 5
v Peavine 30% VWC 5

...... =X

Figure 12:Results of theHilhorstd methodfor Sand and Peavine soil at 10% and 30%
VWCa using’ b=0=2.5 The actual E€is shownas a function of estimated E@nd as a
function of estimated EC



69

Measured EC, v Measured EC_

0.0 0.2 0.4 0.6 0.8 1.0
EC,

@ Sand

® Peavine
— Y =13.6x+-0.3
— Y=25.8x+4.2

Figure B: The saturated paste electrical conductivity {E45 a function of bulk
electrical conductivity (E€) as measured by the 5TE senwrboth Sand and Peavine

soil.



CR Spectra
Sand and Peavine Controls
1.0 ] - ke
0 :/ \\\\\ V V——\\\{,,W
1.7 \
0.8 - ~/
Y ]
e
2 1
S 044
0.2 ]
0.0 1— T T . :
500 1000 1500 2000 2500
Wavelength (1)
1.0 4
0.8
U
2 061
X ]
S 041
0.2 ]
0.0 1— T T : :
500 1000 1500 2000 2500
Wavelength (1)

103 p——~aeee
] /
0.8 4

O b
E 0.6
2 ]
2 0.4é
0.2 ]
0.0 L— T T T T
500 1000 1500 2000 2500
Wavelength (1)
Sand
——— DPeavine

Figure 14:Averagedcontinuum removed (CRontrol spectra for Sand (solid) and
Peavine (dashedpil at 0%, 10% and 30% VW between 45500 nm.

70



71

YOMA %0€ sTeS TV pues
VOMA %01 SHES TV pues
VOMA %0 SIES IV pues
VOMA %0€ Tom0)) pues
VOMA %01 [onu0D) pues
VOMA %0 10100 pues

4 4 4 @ © ©

.va.o.o.o\

pueg

000

Foro

FSro

00

0£'0

Vi

VOMA %0€ SIS [IV suaead
VOMA %01 STeS TV Suaead
VOMA %0 SHES [IV suaeaq
VOMA %0€ [00u0D) suaeay
VOMA %01 101U0D) auiAeag
<U>>> %0 —O.—«F—OU OENOQ

4 4 4 @ ® O

awAraq

000

F SO0

Foro

rSro

r0zo

r S0

0g'0

Vi

Figure B: Representativeariation in thegpspectray o of averaged triplicate spectra for
both sand and PeavinEhey pVvalues of 0%, 10% and 30% actual volumetric water

content (VWG@) are indicated by datapoint color.



72

¥,
°®
. 300
@ W
t ° O )
. S | |zEE
> %%
¥ |25
5 ° 28 gz 8
-] o 5) ® & ®©
< (] w n v
7 ® ® = = =
3 <= =z =<
° E | T EE
. S & &
.g} wn v n
® ® @ O
‘..
ooo.
ALY
g n = g g
S =] =] S 3
(S5
e %o
’o...g
) = %
o Q < ot
RO )
o8 gz 2
° ) 255
2 RN
50 s =R
» L) a3 g
B @ 'y S @ ©
- .. w v
3 > = = =
a ) o < < <
° ® 2 g2
. . £ EE
& § 5§
L ™ e Ay el
°®
Og e o
°e
%
o o°
» )
P
] = £ g ]
= (=3 < < (=1
U

Figure B: Representativeariation in theg spectray v) of averaged triplicate spectra
for both sand and Peavinkheyy values of 0%, 10% and 30% actual volumetric water
content (VWG@,) are indicated by datapoioblor. The dotted line representants a

Y q=0.025.



Appendix A

0% VWC

10% VWC

30% VWC

0.6

0.5

04

03

02

0.1

0.6

0.5

04

03

02

0.1

0.0

0.6

0.5

04

03

02

0.1

0.0

APPENDICES

Original Spectra
Sand Controls

PN A SUA A A S AUAT SIS A AR

Wavelength (i)

500 1000 1500 2000 2500
Wavelength ()

500 1000 1500 2000 2500
Wavelength (%)

500 1000 1500 2000 2500

73



0% VWC

10% VWC

30% VWC

0.6

04

03

02

0.1

0.0

0.6

0.5

04

03

02

0.1

0.0

0.6

0.5

04

03

02

0.1

0.0

Original Spectra
Sand NaCl0.25 molL."

P A SIS I S A SO A A T A

500 1000 1500 2000 2500

Wavelength ()

saa e b b b L

500 1000 1500 2000 2500

Wavelength (%)

coa e b b b b a e b

500 1000 1500 2000 2500

Wavelength (i)

74



0% VWC

10% VWC

30% VWC

0.6

04

03

02

0.1

0.0

0.6

0.5

04

03

02

0.1

0.0

0.6

0.5

04

03

02

0.1

0.0

Original Spectra
Sand NaCl 0.50 mollL”

P A SIS I S A SO A A T A

500 1000 1500 2000 2500

Wavelength ()

saa e b b by L

500 1000 1500 2000 2500

Wavelength (%)

caa e b b b b aa b

500 1000 1500 2000 2500

Wavelength (i)

75



0% VWC

10% VWC

30% VWC

0.6

04

03

02

0.1

0.0

0.6

0.5

04

03

02

0.1

0.0

0.6

0.5

04

03

02

0.1

0.0

Original Spectra
Sand Na,CO, 0.25 molL."

500 1000 1500 2000 2500
Wavelength ()

500 1000 1500 2000 2500
Wavelength (%)

500 1000 1500 2000 2500

Wavelength (i)

76



0% VWC

10% VWC

30% VWC

0.6

0.5

04

03

0.2

0.1

0.0

0.6

04

0.3

0.2

0.1

0.0

0.6

0.5

04

0.2

0.1

0.0

77

Original Spectra
Sand Na,CO;, 0.50 molL"

s b e b baa s b

500 1000 1500 2000 2500

Wavelength ()

500 1000 1500 2000 2500
Wavclength (1)
1 T T T T T
500 1000 1500 2000 2500

Wavelength ()



0% VWC

10% VWC

30% VWC

0.6

04

03

02

0.1

0.0

0.6

0.5

04

03

02

0.1

0.0

0.6

0.5

04

03

02

0.1

0.0

Original Spectra
Sand Na,SO, 0.25 molL”

P A SIS I S A SO A A AR

500 1000 1500 2000 2500

Wavelength ()

500 1000 1500 2000 2500
Wavelength (%)
500 1000 1500 2000 2500

Wavelength (i)

78



0% VWC

10% VWC

30% VWC

0.6

0.5

04

03

0.2

0.1

0.0

0.6

04

0.3

0.2

0.1

0.0

0.6

0.5

04

0.2

0.1

0.0

79

Original Spectra
Sand Na,SO, 0.50 molL"

s b b b b b

500 1000 1500 2000 2500

Wavelength ()

500 1000 1500 2000 2500
Wavclength (1)
1 T T T T T
500 1000 1500 2000 2500

Wavelength ()



0% VWC

10% VWC

30% VWC

0.6

04

03

02

0.1

0.0

0.6

0.5

04

03

02

0.1

0.0

0.6

0.5

04

03

02

0.1

0.0

Original Spectra
Sand CaCl, 0.25 molL"

500 1000 1500 2000 2500
Wavelength ()

500 1000 1500 2000 2500
Wavelength (%)

caa b b b b a e b

500 1000 1500 2000 2500

Wavelength (i)

80



0% VWC

10% VWC

30% VWC

0.6

04

03

02

0.1

0.0

0.6

0.5

04

03

02

0.1

0.0

0.6

0.5

04

03

02

0.1

0.0

Original Spectra
Sand CaCl, 0.50 molL"

500 1000 1500 2000 2500
Wavelength ()

500 1000 1500 2000 2500
Wavelength (%)

500 1000 1500 2000 2500

Wavelength ()

81



Peavine soil

0% VWC

10% VWC

30% VWC

0.6

04

03

02

0.1

0.0

0.6

0.5

04

03

02

0.1

0.0

0.6

0.5

04

03

02

0.1

0.0

82

Original Spectra
Peavine Controls

500 1000 1500 2000 2500

Wavelength (%)

s e b b b Laaa

500 1000 1500 2000 2500

Wavelength (%)

coa b b b b b

500 1000 1500 2000 2500

Wavelength (i)



0% VWC

10% VWC

30% VWC

0.6

04

03

02

0.1

0.0

0.6

0.5

04

03

02

0.1

0.0

0.6

0.5

04

03

02

0.1

0.0

Original Spectra
Peavine NaCl 0.25 molL."

500 1000 1500 2000 2500
Wavelength ()

500 1000 1500 2000 2500
Wavelength (%)

soa e b b b b aa b

500 1000 1500 2000 2500

Wavelength (i)

83



0% VWC

10% VWC

30% VWC

0.6

04

03

02

0.1

0.0

0.6

0.5

04

03

02

0.1

0.0

0.6

0.5

04

03

02

0.1

0.0

Original Spectra
Peavine NaCl0.50 moll.”'

500 1000 1500 2000 2500
Wavelength ()

500 1000 1500 2000 2500
Wavelength (%)

500 1000 1500 2000 2500

Wavelength (i)

84



0% VWC

10% VWC

30% VWC

0.6

04

03

02

0.1

0.0

0.6

0.5

04

03

02

0.1

0.0

0.6

0.5

04

03

02

0.1

0.0

Original Spectra
Peavine Na,CO, 0.25 molL"

500 1000 1500 2000 2500
Wavelength ()

500 1000 1500 2000 2500
Wavelength (%)

500 1000 1500 2000 2500

Wavelength (i)

85



0% VWC

10% VWC

30% VWC

0.6

04

03

02

0.1

0.0

0.6

0.5

04

03

02

0.1

0.0

0.6

0.5

04

03

02

0.1

0.0

Original Spectra
Peavine Na,CO, 0.50 molL"

500 1000 1500 2000 2500
Wavelength ()

500 1000 1500 2000 2500
Wavelength (%)

500 1000 1500 2000 2500

Wavelength (i)

86



0% VWC

10% VWC

30% VWC

0.6

04

03

02

0.1

0.0

0.6

0.5

04

02

0.1

0.0

0.6

0.5

04

03

02

0.1

0.0

Original Spectra
Peavine Na,SO, 0.25 moll.”

P SIS NI S A SO A SR B A

500 1000 1500 2000 2500

Wavelength ()

saa e b b by L

500 1000 1500 2000 2500

Wavelength (%)

caa e b b b b a s b

500 1000 1500 2000 2500

Wavelength (i)

87



0% VWC

10% VWC

30% VWC

0.6

04

03

02

0.1

0.0

0.6

0.5

04

03

02

0.1

0.0

0.6

0.5

04

03

02

0.1

0.0

Original Spectra
Peavine Na,SO, 0.50 moll.”

P A SIS I S A SO I A T A

500 1000 1500 2000 2500

Wavelength ()

saa e b b by L

500 1000 1500 2000 2500

Wavelength (%)

coa e b b by b a e b

500 1000 1500 2000 2500

Wavelength (i)

88



0% VWC

10% VWC

30% VWC

0.6

04

03

02

0.1

0.0

0.6

0.5

04

03

02

0.1

0.0

0.6

0.5

04

03

02

0.1

0.0

Original Spectra
Peavine CaCl, 0.25 moll"
500 1000 1500 2000 2500
Wavelength ()
500 1000 1500 2000 2500
Wavelength (%)
500 1000 1500 2000 2500

Wavelength (i)

89



0% VWC

10% VWC

30% VWC

0.6

04

03

02

0.1

0.0

0.6

0.5

04

03

02

0.1

0.0

0.6

0.5

04

03

02

0.1

0.0

Original Spectra
Peavine CaCl, 0.50 moll"

500 1000 1500 2000 2500

Wavelength ()

500 1000 1500 2000 2500

Wavelength (%)

coa e b b by b a e b

500 1000 1500 2000 2500

Wavelength (i)

90



Appendix B

Sand

0% VWC

10% VWC

30% VWC

0.8

0.6

04

02

0.0

0.8

0.6

04

02

0.0

08

0.6

04

02

0.0

CR Spectra
Sand Control
500 1000 1500 2000 2500
Wavelength (2.)
500 1000 1500 2000 2500
‘Wavelength (1)

N N e

i I

500 1000 1500 2000 2500

Wavelength (1)

91



92






















































