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ABSTRACT 

In arid and semi-arid regions where evapotranspiration exceeds precipitation, soils 

often undergo salinization over time, which can negatively affect soil structure and crop 

yield. Cost-effective and accurate methods for measuring soil salinity are needed by 

producers and land managers to allow them to make decisions about salt management. 

Our project seeks to assess and, when possible, establish accurate conversion regressions 

between three commonly used methods for measuring salinity; soil:water extracts, in-situ 

capacitance sensors, and spectroscopy. Small-scale agricultural producers and land 

managers can benefit from the sensor measurements while land management agencies 

and large-scale agricultural producers could benefit from the spectral assessment. It was 

found that soil similarities should be considered when choosing 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 to monitor 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 due to soil moisture spectral interference and lack of 

salt spectral features. 
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INTRODUCTION 

 

Currently, approximately 7.4 billion people inhabit the Earth, with the population 

expected to reach between 9.6 and 12.3 billion in 2100 [Gerland et al., 2014]. To feed 

that ever-increasing population, the Worldôs 54 million km2 of land dedicated to 

agriculture will  need to be producing approximately 70% more food by 2050 [FAO, 

2009; FAO ESS Statistics Division 2015]. Despite the increased demand, arable land is 

being lost to degradation processes such as erosion, pollution, leaching, and salinization. 

As of 2014, roughly 20% of the Worldôs irrigated agricultural soils have been impacted 

by salinization and that percentage continues to rise [2014].  

Salinization is the process of salt accumulation in soils and occurs naturally; 

driven by mineral weathering, groundwater transport, sea water intrusion, or atmospheric 

deposition in combination with high evapotranspiration (ET) rates. Salinization may also 

be caused by anthropological processes such as irrigation, especially when agricultural 

producers in semi-arid areas use substandard water for irrigating crops, such as brackish 

groundwater [Bouaroudj et al., 2019; Minhas et al., 2019].  

Salinization causes chemical and physical changes to the soil that reduce crop 

yields or can prevent crop production all together. High concentrations of Ca2+ and other 

polyvalent ions in the soil solution causes a highly negative osmotic tension outside of 

crop roots. Crops must then use resources to correct for that tension difference or suffer 

reduced water uptake. In addition, ions such as sodium, chlorine, and boron can 

accumulate to toxic levels in the cropôs cytoplasm [Flowers et al., 2015]. The presence of 

high fractions of sodium (Na+) in soil can cause a breakdown of soil structure due to clay 
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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 swelling resulting in soil loss and reduced water infiltration [Minhas 

et al., 2019].  

Soil salinization can be mitigated by leaching soils with low-salinity water; 

sometimes in combination with amendments depending on the type of salts present in the 

soil. When soils are leached, salts can be pushed down into the soil profile but when 

leaching stops, salt can migrate up as ET pulls water to the soil surface. However, access 

to clean water and amendments is limited in poor regions of the world, so oftentimes land 

cannot be reclaimed and must be taken out of production. If salinity levels cannot be 

reduced, potentially farmers can use more salt-tolerant crop varieties 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 identify salinization intensity and 

type on a wide range of temporal and spatial scales to determine best management 

practices.  

Currently, several methods exist to directly and indirectly measure soil salinity.  

Since the 1950ôs, the saturated paste extract method has been the preferred method for 

quantifying soil salinity for roughly 74 years by the United States Department of 

Agriculture [Aboukila and Abdelaty, 2017; Burt and Survey Staff, 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 
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measurement of the electrical conductivity of this extract. This method measures what is 

referred to as the effective electrical conductivity (ECe). The saturated paste method had 

been used as the standard method for determining soil salinity because the water content 

of the mixture is closest to field conditions under irrigation and generates enough 

extraction liquid for analysis [Rhoades et al., 1989b]. The water content of the soil 

mixture impacts the solute concentration in the soil water and resulting ECe of the extract. 

Although this method is considered the gold standard, it is susceptible to preparation bias 

due to variable moisture content between samples and the qualitative procedure to 

determine saturation. To avoid preparation bias, other methods to prepare soil-water 

extracts using fixed ratios of soil to water have been developed and related back to ECe 

[Sonmez et al., 2008]. Ratios of 1:1 and 1:5 are most commonly used but other ratios 

such as 1:2 and 1:2.5 have also been related to ECe [Aboukila and Abdelaty, 2017; 

Salinity Laboratory, 1954; Hogg and Henry, 1984]. One drawback of all extraction 

methods is that they are relatively labor intensive, which limit spatial and temporal 

resolution. These limitations have led to the development of new methods that still use 

ECe as a reference value but are more cost-effective and can improve temporal and 

spatial resolution.  

As early as 1897, electrical arrays have been used to measure a soilôs resistivity 

(or the inverse of the bulk electrical conductivity; ECb)[Whitney and Means, 1897]. The 

ECb measured by electrical arrays is different from ECe, 1:1, 1:2, or 1:5 since ECb includes the 

overall electrical conductivity of the soil matrix; liquid, gas, and solid phases instead of 

the conductivity of the water extract alone[Rhoades et al.., 1989; Scudiero et al., 2012]. 

Current arrays take the form of in-situ sensors that are easy to install, affordable, and 
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simple to operate. Typically, these sensors measure the dielectric permittivity (ὑb, 

unitless). The ὑb is a measure of a soilôs ability to hold an electrical charge [Scudiero et 

al., 2012]. Measurements of ὑb can be made using a variety of methods but the most 

common method for in-situ sensors is Frequency Domain Reflectometry (FDR). The 

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

as a dielectric for a capacitor, which is why these sensors are also known as capacitance 

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

equation to approximate soil volumetric water content (VWC)[Topp et al., 1980]. Sensors 

are also commonly equipped to measure soil temperature (T) using a thermistor. In 

contrast to soil extracts, these in-situ sensors can provide high temporal resolution but 

given that sensors measure small soil volumes, they still provide low spatial resolution. 

Data collected by these sensors combined with soil characteristic data opens 

possibilities to estimate the electrical conductivity of the liquid phase of soil contained in 

pore spaces, or ECp, utilizing empirical equations [Hilhorst, 2000; Scudiero et al., 2016]. 

Many of these equations attempt to separate ECp from ECb by estimating and subtracting 

the contribution of the solid and gas phases to the ECb [2018; Rhoades, 1981]. ECe is 

then determined by a simple equation that is based on the idea of diluting the pore water 

to the point of saturation and relating that dilution to EC [2018].  

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 time-consuming and expensive. Traditional soil extraction methods do not allow for 

high temporal resolution due to the relatively high labor requirements. In-situ sensor 
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measurements are only feasible for large areas when sizable monetary and labor 

investments are made. However, in recent years remote sensing approaches have been 

developed that could potentially allow for large scale soil salinity monitoring at a wide 

range of temporal resolutions.  

By the early 1800ôs the father of spectroscopy and inventor, Joseph von 

Fraunhofer, was the first person to use diffraction grating to produce a spectrum from 

white light [Benson, 2010]. Advances in technology have built upon Fraunhoferôs work 

to develop spectroradiometers, which are stand-alone systems that measure radiance for a 

wide range of wavelengths. The radiance is then compared to the radiance of a spectral 

control with a Lambertian surface. The ratio of the control radiance to sample radiance is 

known as the reflectance (unitless). Plotting the reflectance value for each wavelength 

results in a graph known a spectrum. When measuring spectra of soil surfaces, the 

characteristics of spectra depend on soil composition, soil texture, atmospheric 

interference, back scattering, and light source [Keshava and Mustard, 2002; Piekarczyk et 

al., 2016]. One important spectral characteristic is the absorption feature representing a 

wavelength or range of wavelengths with lower 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 still exist. Several studies have used laboratory experiments to assess 

the suitability of spectral measurements for assessing soil salinity. Spectra of specific 

salts as well as salt mixtures in and outside of soil have given us some idea of how to 
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approach taking these measurements. The more hygroscopic a salt is, the lower the 

reflectance and the shallower and wider its absorption bands become with increasing salt 

concentrations [Howari et al., 2002; Pessoa et al., 2015; Pessoa et al., 2016]. In mixed 

salt experiments, the absorption features of spectra typically reflect the most soluble salt 

that forms last on the surface of the soil [Howari et al., 2002]. Salt crystal size has been 

shown to influence reflectance with small crystals causing higher reflectance [Howari et 

al., 2002]. The soil texture however does not have strong effects on spectra [Pessoa et al., 

2015]. Some studies have observed that soil texture can affect soil spectra in the presence 

of lower hygroscopic salts such as NaCl and Na2SO4 [Farifteh et al., 2007]. The studies 

mentioned above helped to build our understanding of saline soil spectra, but few studies 

have conducted experiments with soils of varying soil moisture contents potentially 

because of the ability of water to ómaskô other absorption features that maybe present 

[Yang and Yu, 2017].  

Our study will focus on assessing the suitability of three techniques of obtaining 

salinity data: soil-water extracts, in-situ sensors, and spectral measurements. For our 

study, we used two different soils and modified salt types, concentrations, and volumetric 

water contents. We also evaluated existing calibrations to predict soil salinity from 

extracts and capacitance measurements and we derived new calibrations to correlate soil 

ratio extracts with ECe. 
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MATERIALS AND METHODS 

 

Materials collection, characterization, and preparation 

 Two soils were used for this study: a soil commonly found in Nevada and a pre-

washed pure sand. The Nevada soil, (fine-loamy, mixed, superactive, mesic, aridic 

argixeroll), was collected near Peavine Peak, NV (39Á35ô32òN, 119Á54ô17òW). The 

collection area on Peavine Peak has an average yearly temperature of 9°C, 500 mm of 

precipitation, and the main plant community is a sagebrush steppe. This soil was chosen 

for having a relatively high pH but low salt content. The second soil was a quartz sand, 

chosen as a ócontrolô soil that contained no initial salts, clays, or organic matter. Coarse 

fragments were removed from both soils using a 2 mm-mesh sieve and the fine earth 

fractions were characterized for soluble salts, Na+, Ca2+, Mg2+ Cl-, CO3
2-, HCO3

-, pH, 

sodium absorption ratio, exchangeable sodium percentage, organic matter, cation 

exchange capacity, percent cation saturation, and particle densities (Table 1). The soils 

were then separated into 400g subsamples and treated with 25 ml of either 0.25 mol L-1 

or 0.5 mol L-1 solutions of Na2CO3, Na2SO4, and CaCl2. For the NaCl samples we used 

larger samples (2800 g for sand and 2400 g for Peavine samples), and therefore we 

treated these samples with 125 ml instead of 25 ml of the same solution. Triplicates of 

each combination were prepared, and oven dried at 105 C for 12 hours after treatment.  

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

 Dry subsamples were taken from all samples for measuring ECe, EC1:1, EC1:2, and 

EC1:5 using saturated pastes, 1:1, 1:2, and 1:5 soil-water mixtures respectively. The 

saturated paste, 1:2, and 1:5 mixtures were created according to the Kellogg Soil Survey 
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Laboratory Methods Manual [Burt and Survey Staff, 2014]. The 1:1 soil-water mixtures 

were made by modifying the ratio used by the Kellogg Manual for 1:2 measurements. 

Soil solutions were extracted using a Sampletek programmable vacuum extractor 

(MAAVCO Industries). The extracts were stored at 4°C and electrical conductivity was 

measured within 72 hours of extraction. Electrical conductivity measurements were taken 

using a Fisher Scientific AR50 bench top meter at approximately 25°C. 

 Any outliers for ECe, EC1:1, EC1:2, and EC1:5 were determined using the 

interquartile range (IQR) method [Patten, 2018] and removed from further analysis. We 

conducted best-fit linear regression relating EC1:1, EC1:2, and EC1:5 to ECe measurements. 

Regressions were determined by forcing the regressions through 0 (-int) or by allowing 

the calculation of the y-axis intercept (+int).  These regressions (ä) were performed for 

three datasets; (1) the sand samples (ósandô), (2) Peavine samples (óPeavineô), and (3) 

combined sand and Peavine samples (ócombinedô). In addition, we tested if published 

regressions using different extraction ratios were able to predict our measured ECe 

values. Our regressions and published regressions were tested using the sand, Peavine, 

and combined datasets, but we excluded the control, non-treated, non-saline, samples 

[Aboukila and Abdelaty, 2017; He et al., 2013; Hogg and Henry, 1984; Klaustermeier et 

al., 2016; Matthees et al., 2017; Regional Salinity, 1954; Sonmez et al., 2008; Visconti et 

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

Capacitance sensor measurements 

Bulk electrical conductivity (ECb; dS m-1) was measured using a Decagon Inc. 

(METER Group Inc.) 5TE capacitance sensor. This sensor allows for simultaneous 
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measurement of soil ὑb, ECb, and temperature (T). As mentioned above, to measure ὑb 

(unitless) the 5TE uses a 70 MHz oscillator, after which ὑb is converted to a measure of 

VWC using the Topp equation [2018; Topp et al., 1980]. The sensor-estimated VWC will 

be referred to as VWCS and a sampleôs actual VWC as VWCA. The VWCA was measured 

by determining the volume of water added to the soil sample divided by the total volume 

of the sample. The ECb is measured using a two-sensor electrical array consisting of two 

stainless steel screws on the sensorôs surface. Temperature (°C) is measured using a 

thermistor located in the sensor and with an instant read thermometer. 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. The NaCl-treated samples were 

made with larger volumes of soil due to the 5TEôs measurement volume requirements 

(see above). The moisture content of the samples was adjusted to 0%, 10%, and 30% 

VWCA using deionized water. For each measurement, the sensor was inserted 

perpendicular to the soil surface. Only one 5TE measurement was made for each NaCl-

treated sample to limit soil disturbance. The samples were then oven dried once again for 

subsequent extraction and spectroradiometer measurements (see below). 

 If a sample had a measured ECb=0, it was not included in the subsequent analysis 

because when ECb=0, all estimates of ECp and ECe are =0 by default. This was observed 

when soils were dry. Dielectric permittivity (ὑb) values of all samples were tested for the 

presence of outliers. These dielectric permittivity values have real and imaginary 

mathematical components. The real dielectric permittivity of the bulk soil is measured by 
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the 5TE sensor using FDR. Outliers were considered to have ὑb values that exceeded one 

standard deviation from the mean. Similarly, samples that had an ECe that was considered 

an outlier were not included in the sensor measurements [Patten, 2018].  

Subsequently, we tested the performance of two published methods of estimating ECp 

from ECb [Hillhorst, 2000; Scudiero et al., 2012], one published method of estimating 

ECe from ECb [Rhoades, 1981; Rhoades et al., 1989a], and one non-peer reviewed 

method of estimating ECe from ECp [2018] for our Sand and Peavine soil datasets. The 

Modified Archieôs and Hilhorst methods are both methods used to estimate ECp from a 

variety of soil parameters including ECb [Hilhorst, 2000; Scudiero et al., 2012]. The 

Modified Archieôs method requires ECb, porosity, soil organic carbon (SOC), % clay and 

% silt to calculate ECp. The Hilhorst method requires ECb, T, ὑb, and ὓb=0 (the real 

portion of the soilôs dielectric permittivity when ECb=0) to calculate ECp. The ὓb=0 is not 

directly measured, but it is an offset term derived from the intercept of a best fit linear 

regression between ὑb and ECb for a specific soil. Hilhorst (2000) suggest an average 

value of 4.1 for ὓb=0 while the manufacturers of the 5TE sensor suggest a value of 6 

[2018; Hilhorst, 2000]. Soil-specific values for ὓb=0 were calculated for our Sand and 

Peavine datasets using the Hilhorst (2000) method and evaluated against the 

recommended values by Meter and Hilhorst. 

In our study, we did not directly measure ECp, but rather used the Modified Archieôs 

and Hilhorst methods to estimate this parameter. As a result, the accuracy of ECp 

estimates of the two methods could not be directly assessed. Next, an equation presented 

in the 5TE manual by METER Group Inc was used to estimate ECe from ECp; which 
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allowed for assessment [2018][1]. The equation assumes that ECe can be estimated by 

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

saturated conditions, ECe will be less than ECp, and therefore ECe is assumed to be 

proportional to the ratio of the soilôs VWC (ɗ and total porosity (ū=1-(ɟb/ɟs))[Rhoades, 

1981]. 

[1] é Ὁὅ  

 Where ɟb is the bulk density of the soil and ɟs is the particle density of the mineral 

fraction. Both the Modified Archieôs and Hilhorst ECp values were used to estimate ECe 

using equation [1]. The equation may be simplified to ECe=ECp(ɗ/ū) due to ECd 

representing the electrical conductivity of DI water (ECd) which can be assumed be zero.  

Finally, we tested a method of estimating ECe using measured ECb and soil texture 

values [Rhoades, 1981; Rhoades et al., 1989a]. Rhoades (1989) presents a simple linear 

regression method to estimate ECe as a function of ECb [ equation 11; Rhoades et al., 

1989a][2]. The slope (m) and the apparent EC of the solid phase of the soil (ECs) are 

estimated by equations presented in table 2 of Rhoades (1981) and are functions of 

saturation percentage and % clay  [Rhoades, 1981]. DataDesk version 6.3.1. was used for 

statistical analysis.  

[2] é Ὁὅ ά ECb-ECs) 

Spectroradiometer Measurements 

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

was placed in petri dishes, for a total of 162 samples. The subsamples were then saturated 
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with deionized water and oven-dried. The rewetting and drying procedure helps the salts 

to migrate to the surface and more closely mimic natural soil-salt distribution under 

natural conditions.  Deionized water was then added evenly on the surface of select 

samples to reach a VWCA of 10% or 30% whereas for other samples VWCA remained at 

0%. Subsamples were sealed after water addition and allowed to rest for at least 10 

minutes to assure an even water distribution in the soil. After 10 minutes, spectral 

measurements of reflectance were taken for wavelengths between 450 and 2500 nm using 

an Analytical Spectral Devices (ASD) FieldSpec Pro FR spectroradiometer (Malvern 

Panalytical Ltd.) in combination with an ASD contact probe. The contact probe has an 

internal halogen light source and measures a spot 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. Periodic re-calibration was performed during the 

acquisition of the soil samples, approximately every 18 samples. 

Collected spectra were first ñsplice-correctedò, to adjust for sharp offsets that 

occasionally occur at the boundaries of the three measurement ranges (near 1000 and 

1700 nm; Figure 1A). This procedure was performed using ASD instrument 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 ENVI routine that 

normalizes spectra by determining an envelope that fits an upper hull to the measured 

spectrum and divides the original spectrum by the hull so that the absorbance is a fraction 

between 0 and 1 (Figure 1B). Continuum removal also removes any small-scale 

reflectance changes from varying surface compaction or porosity. Clark and Roush 
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(1984)  showed that continuum removal is required to accurately determine absorption 

feature center and strength [Clark and Roush, 1984]. The CR spectra were then exported 

to Microsoft Excel to compare the effects of sample characteristics quantitatively (soil 

type, VWC and salt addition with controls). 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 

(ɚ) as illustrated in Figure 1C. These spectra will be referred to as the delta (ȹ) spectra. 

The three replicates for the sand and Peavine soil control treatments (no salt additions) at 

each VWC were averaged and used to assess the effects of soil type, salt type and 

concentration, and volumetric water (Figure 2). To look at the differences between 

absorption features, sample ȹ spectra were subtracted from the averaged control ȹ 

spectra with the same VWC; and the resulting graph is referred to as the omega (ɋ) 

spectra (Figure 1D; Figure 3). We then used an equation similar to the root mean square 

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

referred to as psi (‪)[3]. 

 [3] é ‪
В

                                                           

In equation 4, the variable ɚn is the total number of independent wavelengths in 

the spectra, ɚn=2050 for our study. The variable r i represents reflectance value in each 

channel i and rm is the mean reflectance over all wavelengths (=Ɇi r i / ɚn). This equation 

was used on both the ȹ and ɋ values, referred to as ‪ȹ and ‪ɋ respectively. The ‪ȹ 

shows the absolute variation of the spectra while ‪ɋ shows the overall variation of a 

spectra relative to the control samples.  
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RESULTS 

 

Saturated paste, 1:1, 1:2, and 1:5 Extracts 

The EC1:1 values correlated well with the ECe measurements and all the EC1:1 to 

ECe conversion equations had p-values of less than 0.001 and r2 values exceeding 0.91 

for the Sand (S), Peavine (P), and Combined (C) datasets (Table 2; Figure 4). Although 

EC1:1 and ECe were highly correlated, 55% of t +int and 63% of the -int regressions 

tested over-predicted ECe values between 2 and 22% (Table 2). The S+int equation most 

closely predicted ECe for S, the P+int performed best for P, while S-int performed 

marginally better than C+int for C. Similar to the results for the 1:1 extracts, the 1:2 

extracts were able to predict ECe with most regressions having p-values less than 0.001 

and r2 values exceeding 0.84 (Table 2). The C+int equation performed best for S, P+int 

for P, and C-int for C. The 1:5 extract regressions were still highly significant (p<0.001 

for all datasets) but r2 values were lower than for the 1:1 and 1:2 extracts (>0.69; Table 

2). The best performing equation for S, P and C were S+int, P+int, and C+int respectively 

predicting ECe within 1%. 

Twelve published regressions were used to predict our ECe values using their 

intended soil:water extract ratio (1:1, 1:2, 1:5) for the S, P, and C datasets (Table 3). The 

published EC1:1 to ECe equations had p-values of <0.001 and r2 values Ó0.9. The 

Klaustermeier (2016) EC1:1 to ECe equation performed best, but underpredicted ECe by 

6% and overpredicted ECe by 9% depending on the dataset used; S, C, or P. The 

Klaustermeier equation was the only EC1:1 equation to overpredict ECe for P and C; the 

34 other equation-dataset combinations typically underpredicted ECe. The USDA (1954) 
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equation also performed well but underpredicted S by 16%, P by 3%, and C by 10%. The 

Sonmez (2008) equations for sandy soils worked better than those developed for loamy 

soils when applied to all our three datasets. Still, both Sonmez (2008) equations 

performed better for P than for S or C. The best performing Sonmez (2008) equation was 

the sandy+int equation for P, but it still underpredicted ECe by 14%. Mattees (2017) 

equations under-predicted ECe by 27 - 37%, Zhang (2005) by 40 - 50%, and Hogg and 

Henry (1984) by 33 - 56% (Table 3).  

The three equations by Hogg and Henry (1984) were the only EC1:2 to ECe 

equations evaluated in our study. The r2 values for the S, P, and C datasets exceeded 0.84 

and all regressions had p-values of <0.001 (Table 3). Despite the highly significant 

correlations, these equations underpredicted ECe between 52% and 62% for all datasets.  

Twelve EC1:5 to ECe equations were analyzed in our study. Except for four 

combinations of equations used on specific datasets using the He (2013) equations, all 

regressions had p-values of <0.001. In addition, except for the He (2013) and 

Klaustermeier (2016) equations, all regressions had r2 values that exceeded 0.69 (Table 

3). In general, while the Chi and Wang (2009) equations performed best, they still 

underpredicted ECe by up to 13%, 30%, and 25% for S, P, and C, respectively. The 

equations developed by Sonmez (2008) performed slightly worse than those developed 

by Chi and Wang (2009). Their equation developed for sandy soils outperformed the one 

developed for loamy soils for both our Sand and Peavine soils. The predictions of ECe 

from EC1:1 for S were better than those for C and P but the Sonmez (2008) equation still 

underpredicted ECe by 31% on average across the sand, Peavine and combined datasets.  
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The equations developed by Visconti (2010), Aboukila (2017), and Klaustermeier (2016) 

underpredicted  ECe by 59%, 64%, and 58% on average, respectively. The CL and L 

equations developed by He (2013) performed the worst and underpredicted ECe by 68% 

on average. In one case, these equations overpredicted ECe by 231%. The L equation 

developed by He (2013) underpredicted ECe by 82% on average. The He (2013) 

equations worked best when the boundary conditions mentioned in He (2013): ECe < 4 or 

EC1:5 < 0.4 mScm-1 for the curvilinear equation and ECe > 4 or EC1:5 > 0.4 mScm-1 were 

used. However, these equations did not perform well overall. 

For most equations developed in this study or those presented in the literature, the 

slope of the regressions decreased with increasing clay content for all soil:water extract 

ratios (Figure 4, 5, & 6). For example, the slopes of our 1:1-int for S, C, and P were 3.36, 

3.16, and 2.92, respectively. Similarly, the slopes of the 1:5-int regressions developed by 

Sonmez (2008) were 7.98 for sandy and 7.62 for loamy soils.  

Capacitance Sensor Results 

 Following the outlier analysis, 10 sand 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 (Figure 7). Of the samples removed, 9 sand and 14 Peavine samples were 

removed for having an ECb= 0, at a 0% VWCA. The remaining samples were removed 

for having an outlying ὑb between triplicates. The resulting sand dataset of 17 samples 

had an ECb range of 0.06-0.86 mScm-1, ὑb range of 4.4-10.5, and a VWCS range of 12-

33%. The Peavine dataset had 8 samples with an ECb range of 0.02-0.16 mScm-1, ὑb 

range of 7.28-17.78, and a VWCS range of 7-19%. The ὑb and VWCS were significantly 
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correlated with VWCA and ECb for both datasets (Table 4). In addition, ECb was highly 

correlated to ECe in both datasets. However, only the Peavine soils showed significant 

correlations between ὑb and ɟb and between VWCS and ɟb.  The presence of these 

correlations was important given that the models we tested depended on these significant 

correlations between the abovementioned variables. The sensor predicted VWCA with a 

RMSE, of 4.3 for sand and 8.9 for Peavine (Table 4). The predictive ability differed for 

the 10% or 30% VWCA samples depending on the soil type. For the sand samples, 

prediction of VWCA was better at 30% VWCA than at 10% VWCA, having a 2.8 and 5.6 

RMSE respectively. In contrast, for the Peavine soils, VWCA was predicted more 

accurately for the 10% than for the 30 % VWCA samples; with a RMSE of 1.8 and 12.4 

respectively.   

The Modified Archieôs method estimated ECp using ECb, % SOC, %clay, % sand, 

and porosity. These ECp values were then used to estimate ECe using equation [1]. 

Peavine ECe values at 0% and 30% VWCA did not have statistically significant 

relationships with the Modified Archieôs estimated ECe but the sand ECe values were 

significant at both VWCAs (Table 5; Figure 9). The regression used to estimate sand ECe 

values had r2 values of 0.91 at 10% VWC and 0.81 at 30% VWC. However, the 

regressions underpredicted ECe by approximately 82% and 88%, for 10% and 30% 

VWCA respectively. 

Hilhorst (2000) and METER Group Inc suggested a value of 4.1 and 6 for ὓb=0, 

respectively. Using the Hilhorst (2000) method, we derived soil-specific values for ὓb=0 

of 6.9 for Sand and 13.9 for Peavine (Figure 10)[2018; Hilhorst, 2000]. However, using 
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values of ὓb=0 Ó4.5 for sand and Ó7.3 for Peavine caused ECp values to become negative, 

which is not physically possible. When predicting ECe with the dilution method using 

ECp values calculated by Hilhorst (2000), ECe was best predicted using values of ὓb=0 

between 2 to 3 for sand and <3.5 for Peavine based on the r2 and p-values (Figure 11). 

The Hillhorst-ECe method using an ὓb=0 value of 2.5 for Sand resulted in ECe being 

underpredicted by 56% at 10% VWCA and 62% at 30% VWCA. Still, the regressions 

were highly significant with r2 values exceeding 0.85, and p-values being less than 0.05 

(Figure 12; Table 6). Estimations of ECe for the Peavine dataset using ὓb=0 of 2.5 resulted 

in underprediction of ECe by 61% at 10% VWCA. The r2 was 0.845 but the regression 

was insignificant. At 30% VWCA, we were not able to estimate ECe for the Peavine soils.  

The Rhoades (1989) model uses a linear relationship to estimate ECe from 

measured ECb values. In this regression, the slope and the apparent EC of the solid phase 

of the soil (ECs) are estimated based on specific soil properties[Rhoades et al., 1981]. 

Slope and ECs values were estimated using functions that included percent clay and silt 

(CS%), percent clay (C%), and the saturation percentage (SP%) based on Rhoades (1981; 

Table 2)( Table 7)[Rhoades, 1981]. Best fit linear regressions between ECb and ECe on 

both datasets resulted in slopes of 13.6 and 25.8, for sand and Peavine respectively 

(Figure 13). The slopes for both datasets were underestimated by the Rhoades (1981) 

functions. ECs is not a value that was directly measured in our study, so it was only 

estimated from the Rhoades (1981) functions.  

Combinations of the slopes and ECs values predicted by the Rhoades (1981) 

functions were tested on both datasets (Table 8). The Rhoades (1981) equation that 
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predicted the slope to be used in the Rhoades (1989) regression as a function of (CS%) 

worked best for the Sand dataset but underpredicted ECe by 19%. The Rhoades (1981) 

(SP%) equation performed best on the Peavine dataset, but it still underpredicted ECe by 

67%. ECs predicted by the (C%) or (SP%) function or the Rhoades (1981) did not 

influence the performance of the regressions on either dataset. The Rhoades (1989) 

method worked best for Sand; with the r2
s of 0.806 and p-values of 0.0015 for 10% 

VWCA and r2s of 0.926, and p-values Ò0.0001 for 30% VWCA.  The Rhoades (1989) 

method did not work as well for the Peavine soil. At 10% VWCA, ECe was estimated 

with r2 values of 0.901 and p-values of 0.0336. However, at 30% VWCA Peavine soil 

predictions were insignificant and had negative slopes and r2 values.  

Spectroradiometer Measurements 

Moisture effects  

The CR spectra were used to help identify absorption features and their 

approximate centers and characteristics of the surrounding wavelengths (Appendix CR). 

At 0% VWC the averaged control sand spectra had absorption features centered 

approximately at 480, 1410, 1920, and 2200 nm (Figure 14). At 10% VWC absorption 

feature centers of the 1410 and 1920 nm absorption features were shifted to the right; to 

longer wavelengths 1447 and 1927 nm respectively. Increasing the VWC to 30% resulted 

in additional right shift in the 1410 nm feature to 1438 nm but the 1920 nm feature for the 

sand spectra at 30% VWC was the same as for 10% VWC. The other sand absorption 

features were not influenced by VWC. At 0% VWC, the averaged control Peavine 

spectra had absorption features centered approximately at 480, 670, 1410, 1910, 2200, 
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and 2440 nm (Figure 14). The 650, 1410, 1910, and 2440 nm absorption features were 

influenced by VWC. At 10% VWC the 650, 1410, 1910, and 2440 nm feature centers 

were shifted to, 666, 1414, 1918, and 2455 nm respectively. Additional center shifting of 

4, 3, 6, and 3 nm were seen for the Peavine 670, 1410, 1910 and 2400 nm absorption 

features at 30% VWC.  

Delta (ȹ) spectra were created as an intermediary step between CR and ɋ spectra: 

1-CRsample=ȹsample to ȹcontrol ï ȹsample = ɋsample. However, sample values of ‪ɝ for Peavine 

and sand showed that the spectra became more variable as VWC increased (Figure 15). A 

higher abundance and/or increased strength of absorption features can all cause increased 

spectral variation resulting in a higher ‪ɝ value. This increase in spectral variation with 

increased VWC was more pronounced in sand than Peavine soils between 0% and 10% 

but the change in variation between 10% and 30% was similar for both soils.  

Assessing effect of salt type and concentration  

Omega (ɋ) spectra were derived by subtracting an averaged ȹ spectrum 

associated with the non-saline control from the ȹ spectrum of a sample with the same soil 

type and VWC (Appendix Omega). The ɋ reflectance values, which serve as the y-axis, 

are only due to the salt effect at that VWC. Therefore, ɋ spectra allow for us to see and 

determine if and how much the salt shifted absorption feature centers, influenced feature 

strengths, and the range of wavelengths effected, or width. For the purpose of this study 

any variation in ɋ reflectance >-0.05 or <0.05 was deemed insignificant. If a significant 

absorption feature was present in at least 2 out of 3 replicates, the salt effect on the 

nearest absorption feature was deemed significant. The averaged salt effected absorption 
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feature characteristics of width (W), center (C), and strength (S) are summarized in Table 

10 and 11. The width represents the wavelengths at which the ɋ reflectance values were 

significant. Centers were determined as the wavelength(s) which had the most strength. 

Strengths values, which are the ɋ reflectance values, indicate if the addition of salt has 

strengthened or weakened the absorption feature. Negative ɋ reflectance values indicate 

a strengthening and positive values, a weakening.  

Values of ‪ɋ for ɋ spectra provide an indication of the degree of difference in the 

spectra due to salt addition (Figure 17). Values of ‪ɋ>0.025 were likely significantly 

impacted by salt addition. If the value of ‪ɋ for a certain sample deviates from its 

replicates, it may indicate an outlier. However, a dissimilar ‪ɋ alone may not justify 

removing a spectra from the dataset because the values do not allow for assessing the 

cause of variation. For example, a spectrum associated with a 0.50 mol L-1 CaCl2 treated 

sample at 10% VWCA had a higher ‪ɋ value than its replicates, 0.033, 0.020, and 0.014. 

In total, two sand samples at 10% VWCA were found to be true outliers; a Na2CO3 0.50 

mol L-1 and a Na2SO4 0.50 mol L-1 treated sample. Those outliers are shown by dotted 

line spectra in the appendixes.  

Sand absorption features 480nm, 1410nm, and 1920nm and Peavine absorption 

features 480nm, 1410nm, 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 not result in any absorption feature center shifts or 

change in absorption feature strengths (Table 10; Table 11).  
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The Peavine spectra were also unaffected by NaCl at 0% VWC. At 10% VWC the 

addition of NaCl influenced the 480nm and 1910nm absorption features. The 480nm 

feature was influenced most by the addition of NaCl 36nm right at 0.25mol L-1 and left -

26nm at 0.50 mol L-1 (Table 11). NaCl strengthened the 480nm feature at 10% VWC; the 

0.50 mol L-1 feature center was 86.6% weaker than the 0.25 mol L-1 feature center (Table 

10). The 1910nm feature was shifted to the right approximately 28nm at both 

concentrations at 10% VWC. NaCl strengthened the 1910nm feature at both 

concentrations; the 0.50 mol L-1 feature was 84% stronger than the 0.25 mol L-1. At 30% 

VWC the 1910nm Peavine feature was shifted 36nm right at 0.25 mol L-1 and 50nm at 

0.50 mol L-1. The 1910nm feature strength at 0.50 mol L-1 was 1.92% weaker than 0.25 

mol L-1.  

Na2CO3 

 Na2CO3 addition to Sand only impacted the 480 nm absorption feature at 0% 

VWC. The center was shifted left 29 nm at 0.25 mol L and -17 nm at 0.50 mol L-1. The 

480 nm sand feature at 0.50 mol L-1 was 46.9% stronger than 0.25 mol L-1.  

 Peavine spectra was only influenced at the 670nm and 1910nm features at all 

VWCs. The width of additional absorption for the 670nm Peavine feature is large. At 0% 

VWC the 480nm feature was significantly influenced by Na2CO3 over 327nms at 0.25 

mol L-1 and 457nm at 0.50 mol L-1. At all VWCs the 670nm Na2CO3 featureôs center is 

shifted left by -84nm. The 670 nm feature centers at 0.50 mol L-1 are significantly 

stronger at 0% and 10% VWC, 279% and 132% respectively, but significantly weaker by 

84.5% at 30% VWC.  At 0% VWC the 1910nm feature was shifted right by 
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approximately 14nm at both concentrations. The 1910nm feature was 1.36% weaker at 

the higher concentration of Na2CO3. The 1910nm feature was shifted right 29nm at 0.25 

mol L-1 and 18nm at 0.50 mol L-1. The 0.50 mol L-1 feature was only 3.03% stronger than 

0.25 mol L-1. The 1910nm feature only showed significant salt effects, -0.0540 ɋ 

reflectance at center, at 0.50 mol L-1. The 1910nm feature shifted left minimally, by 5nm.  

Na2SO4 

Addition of Na2SO4 only influenced the sand spectraôs 480nm ɋ absorption 

feature at 0.50 mol L-1 and 0% VWC (Table 10). Center of the feature was shifted 23nm 

to the left, and was marginally significant; ɋ reflectance at center of -0.0580.  

At 0% VWC the 1910nm absorption feature was significantly strengthened and 

shifted right approximately 13nm. An increase in concentration of Na2SO4 resulted in a 

40.8% increase in center strength. Peavine spectraôs 670nm and 1910nm absorption 

features were influenced by Na2SO4 at 10% VWC. The 670nm feature center was shifted 

left approximately -90nm at both concentrations. The higher concentration 670nm feature 

was 16.8% stronger than the low concentration of Na2SO4. The 1910 nm feature is shifted 

right 35nm at both concentrations and did not significantly strengthen with increased 

concentration. No significant effects of Na2SO4 were found at 30% VWC. 

CaCl2 

Sand spectra absorption features at 480nm, 1410nm, and 1920nm were influenced 

by addition of CaCl2. Influences of salt seen at 1910nm 0.25 mol L-1 absorption feature at 

0% and 10% VWC are likely insignificant due to the lack of effect at 0.50 mol L-1. At 0% 

VWC the 480nm feature is shifted left 17nm at 0.25 mol L-1 and right 29nm at 0.50 mol 
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L-1. The higher concentration 480nm feature is 15.9% stronger than the lower 

concentration spectra. The 1410nm feature was shifted right, to the longer wavelengths 

by 31 at 0.50 mol L-1 with an ɋ reflectance of -0.0609 at 10% VWC. At 30% VWC the 

1920nm feature is shifted right 35nm and made stronger to a significant strength, -0.2685 

ɋ reflectance.  

At 0% VWC the Peavine absorption features 480nm was shifted left 7 at a low 

concentration of CaCl2 and right 4 at the higher concentration. The 480nm feature also 

uniquely showed a significant weakening of the feature with CaCl2 addition. With 

increased concentration, 480nm becomes weaker by 18.6%. The 1910 nm feature is 

shifted 42nm right at 0.25 mol L-1 and at 0.50 mol L-1 the center was flattened so the 

center was shifted between 33 to 45nm. The 1910 nm feature became 23.3% stronger 

with higher concentration. At 30% VWC the 0.50 mol L-1 CaCl2 1910nm featureôs center 

is also flattened and was shifted between 15 to 37nm right. No CaCl2 related spectra 

effects were found for Peavine at 30% VWC. 

Influence of soil moisture on salt effects 

Sand spectra showed no significant effect of NaCl on their ɋ reflectance at any 

VWC. Na2CO3 significantly influenced 480nm at 0% VWC for both concentrations, but 

not at 10% or 30% VWC. Similarly, Na2SO4 only had significant impact at 0% VWC on 

480nm at the highest concentration. Effects of CaCl2 on 480nm only occurred at 0% 

VWC. On the other hand, CaCl2 feature effects at 1920nm became stronger with 

increased VWC. 

 



25 
 

DISCUSSION 

 This study focused on investigating the ability of soil-water extracts, in-situ 

capacitance sensors, and spectroscopy to assess soil salinity with varying soil moistures. 

We found that 1:1 soil-water extractôs electrical conductivities (EC1:1) showed the 

strongest correlations with saturated paste electrical conductivity (ECe), which is 

currently used as the standard method for assessing soil salinity. Published regression 

functions often showed high correlations with our measured ECe values, but absolute 

values of ECe were often underestimated. Of the sensor methods, Hilhorst (2000), 

Modified Archieôs, and Rhoades (1989), the simple linear regression method by Rhoades 

(1989) performed best when paired with the dilution method [1] and allowed for 

estimating ECe based on bulk soil salinity measurement (ECb). However, suggested 

values of ὓb=0 given by Hilhorst (2000; 3.76-7.60), Meter Group Inc (2018; 6), and 

Scudiero (2012; 5.16-7.85) resulted in unrealistic estimates of ECp and ECe indicating the 

need for site-specific calibrations.  Salt effects were more pronounced in Peavine spectra 

than Sand spectra. Salt effects on sand spectra were only visible when Na2CO3 and CaCl2 

were added but Peavine spectra were affected by all four salts tested (NaCl, Na2CO3, 

Na2SO, and CaCl2) 

Soil Extractions 

Our study found that overall, our 1:1 extract regressions showed the best ability to 

predict ECe; followed by 1:2 and 1:5 for sand, Peavine soils and combined datasets. This 

1:1>1:2>1:5 performance trend was also true for the published regressions [Aboukila and 

Abdelaty, 2017; Klaustermeier et al., 2016]. However, it is worth nothing that these ratios 
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are approximations and not replacements for ECe measurement [Zhang et al., 2009]. Still, 

despite potential methodological issues such as qualitative assessment of saturation, the 

saturated paste extract method, is considered to be the most accurate and realistic 

measure of salinity.  Salinity as determined by the saturated paste method has been found 

to correlate well with plant response, making it most useful in agricultural applications 

[Aboukila and Abdelaty, 2017]. The often more diluted fixed-ratio extracts may be biased 

by potential dissolution of less soluble sulfate and carbonate salts such as calcite or 

gypsum [Aboukila and Abdelaty, 2017; Chi and Wang, 2010; Hogg and Henry, 1984; 

Regional Salinity, 1954]. As more water is added to the soil, some of the less soluble salts 

such as carbonates may dissolve, thereby contributing to the conductivity of the solution 

in the ratio extractions, which would not be the case in the saturated paste extracts 

[Aboukila and Abdelaty, 2017]. The difference in the solubility between salts has been 

recognized in the literature and authors have indicated that the applicability of specific 

regressions may depend on the type of salt present [Klaustermeier et al., 2016]. This 

increased dissolution of salts in more dilute extracts may explain why the predictive 

ability of fixed-ratio extracts decreases as soil:water ratios decrease [Aboukila and 

Abdelaty, 2017; Hogg and Henry, 1984; Klaustermeier et al., 2016]. 

The effect of salt dissolution on EC in more diluted extracts is further shown by 

comparing the slopes of the different regression functions used to predict ECe. If no 

additional salts dissolved upon dilution, the slope of the regression line for 1:5 extracts 

would be five times that of the slope for 1:1 extracts. However, slopes of the 1:5 ratios 

were less than five times larger than the slopes of the 1:1 ratios, indicating contribution of 

additional salts to the salinity of the more diluted suspensions.   



27 
 

Several studies suggested that the amount and type of clay can affect the slope of 

regressions equations predicting ECe from fixed-ratio extracts. Regression slopes 

decreased with increasing clay content for all ratio extract regressions in this study and 

previous studies [Hogg and Henry, 1984; Sonmez et al., 2008]. This decrease in slope 

with increased clay content is likely due to clayôs negatively charged surfaces more 

readily absorbing ions. The effect of clay content is also apparent in ECe measurements 

of our soils; the averaged ECe of the Peavine soil was 1.72 mScm-1 less than Sand despite 

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 the sand. Many studies 

developed different regressions as a function of soil texture to ensure that the texture of a 

soil being analyzed was similar to the texture of the soil for which regressions were 

developed [Klaustermeier et al., 2016; Sonmez et al., 2008]. As a result, studies may 

present their regression equations as a function of clay content, textural class, or 

saturation percentage (e.g., Chi and Wang, 2009). Similarly, organic matter content may 

also influence the ion concentrations in soil extracts [Zhang et al., 2005]. 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 that regression equations developed for 

specific soil types may not transfer well to other soils, several of the published 

regressions predicted ECe well [Zhang et al., 2005]. The best performing published 1:1 

regressions for our datasets were developed by Klaustermeier et al. (2016) and the 

Regional Salinity (1954)(USDA). Linear regressions are the most common type of 

equation [Aboukila and Abdelaty, 2017; Chi and Wang, 2010; He et al., 2013; Hogg and 
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Henry, 1984; Matthees et al., 2017; Sonmez et al., 2008; 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 datasets. In contrast, the regressions published by Hogg and Henry (1984) for 1:2 

extracts performed poorly.  

Besides specific soil conditions, previously developed regressions may not have 

performed satisfactorily for our soils due to differences in extraction preparation 

methodology, especially equilibration times. However, Klaustermeier et al. (2016) found 

that differences in equilibration time did not significantly change ECe. It is important to 

note that the conclusions in our study are applicable to extractions not suspensions. The 

EC of soil extractions are higher than soil-water suspensions due to the lower 

conductivity of soil particles [Hogg and Henry, 1984].  

Another reason why some published equations may not perform well on our soils 

may be the lack of similarity of the SOC that were used to derive the regressions. For 

instance, the 1:5 regressions by Chi and Wang (2009) performed better than Aboukila 

(2018) regressions. Despite Aboukila and Abdelaty (2017)ôs methodology for EC1:5 being 

more analogous to ours and sharing the same SP methods with Chi and Wang (2009), 

Aboukila and Abdelaty (2017) regressions performed poorly. The region Chi and Wang 

(2009) collected their soils from shares more similarities, such as vegetation and 

precipitation, with the Peavine soil region than Aboukila and Abdelaty (2017) again 

highlighting the need for making site-specific calibrations rather than using published 

regressions. 
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In conclusion, the results from applying our own regressions and regressions 

developed in previous studies reinforces the conclusions by Aboukila and Abdelaty 

(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 composition 

and possibly other soil parameters affect regression functions, there do not appear to be 

uniform rules on how to account for differences in soil characteristics between soils. As a 

result, differences in regression values between studies can be due to clay type, clay 

content, soluble salt composition and content, organic matter, and methodologies [Chi 

and Wang, 2010; Klaustermeier et al., 2016; Zhang et al., 2005]. These site-specific 

considerations make it difficult to select an appropriate regression when desired for 

reliable ECe estimates.  

Capacitance Sensors 

The best estimation of ECe utilizing 5TE capacitance sensor measurements for 

Sand and Peavine soils was using the approach outlined by Rhoades (1989; Table 8). 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 slope. The use of either the C% or SP% 

function from Rhoades (1981) to estimate ECs did not influence the performance of the 

regression equation developed by Rhoades (1989) to estimate ECe. The Rhoades method 

performed best for the Peavine soils but only at 10% VWCA. However, even in this case 

ECe was still underpredicted by more than 30%. At 30%, VWCA the Rhoades (1989) ECe 

method did not produce any significant results. Rhoades et al. (1989a) stated that the 

slope for their regression method may be estimated if the soil is near field capacity 
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[Rhoades et al., 1989a]. As a result, we expected that the Rhoades et al. (1989a) method 

would perform better for both soils at 30% VWCA than 10% VWCA. At 30% VWCA, the 

sand ECe estimates showed less variability and the regressions became more significant 

but even under these conditions ECe was still underpredicted. At 30% VWCA, the ECe 

estimates for the Peavine soil became insignificant and even resulted in negative r2 values 

and slopes. It is unclear why the Rhoades et al. (1989a) did not perform satisfactorily but 

one possible reason for the relatively poor performance of the Rhoades (1989a) model is 

that they used a different capacitance sensor than we used in our study.  

In our study, we did not directly measure ECp, so we were unable to directly 

assess the accuracy of the Hilhorst or Modified Archieôs methods. However, we included 

the dilution method [1] to convert the estimated ECp values from the Hilhorst and 

Modified Archieôs methods to ECe; which was measured directly. The dilution method 

[1] is a simple equation based on the idea of diluting the pore water to the point of 

saturation and relating that dilution to EC [2018]. When applied, the dilution method 

caused an increase in the r2 values when converting ECb as measured with our sensors to 

ECe for both the Hilhorst and Modified Archieôs methods (Figure 9, 12). These two 

methods used in succession allows comparison of estimated ECe values with measured 

ECe values. 

Still, our study found that the Hilhorst method did not perform well on either soil. 

Estimates of sand ECe values were insignificant and the Peavine ECe values were 

significant but had relatively low correlation coefficients (<0.405; Figure 11). An 

important variable used in the Hilhorst (2000) method is the real portion of the dielectric 
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permittivity when ECb=0 (ὓb=0) of the soil. Hilhorst (2000) suggested values for ὓb=0 

ranging from 3.76 to 7.60 while Scudiero et al. (2012) suggested values between 5.16 and 

7.85 with the higher values to be used for finer textures [Hilhorst, 2000; Scudiero et al., 

2012]. Hilhorst (2000) suggested a method for estimating a soil-specific ὓb=0 value by 

plotting ὑb as a function of ECb. The intercept with the y-axis would yield a value for 

ὓb=0. When we used this method, we were able to estimate ὓb=0. However, using this 

value in the Hilhorst (2000) method resulted in ὓb=0 values that yielded negative 

estimates of ECp, which is physically impossible. If no soil-specific information was 

present, Hilhorst (2000) suggested an ὓb=0 value of 4.1 while Meter Group Inc. suggested 

an ὓb=0 value of 6 for most soils. Hilhorst stated that their method should work for most 

normal soils with VWCs >10% [Hilhorst, 2000]. However, in our studies, the ECe 

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 used when the ECp 

exceeds 3 mScm-1. However, Scudiero et al. (2012) observed that the Hilhorst method 

yielded reliable ECe estimates at ECp <10 mScm-1 [Scudiero et al., 2012]. Scudiero 

(2012) hypothesized that the reason for producing reliable ECe at higher ECp estimates 

may be due to the 5TEôs operating frequency, 70 mHz, being higher than that of the 

sensor used by Hilhorst (2000), which was 30 mHz.  At lower frequencies, the influence 

of ECb on the dielectric is greater than at higher frequencies, which is why many sensors 

today function at higher frequencies [Wobschall et al., 2005]. Since ECp was not directly 
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measured in our study we cannot determine if we were within the < 10 mScm-1 limit for 

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

The Modified Archieôs model underpredicted Sand ECe values by more than 82% 

despite the estimates being highly significant. Modified Archieôs estimates of Peavine 

ECe values were insignificant and underpredicted. The accuracy of the Modified Archieôs 

- ECe predictions decreased with increasing moisture content for both Sand and Peavine 

soils. Scudiero et al. (2012) tested the Modified Archieôs model using 5TE sensors 

similar to the one used in our study. Scudiero et al. (2012) observed that the Modified 

Archieôs method worked over a wide range of soil moistures, salinities and textures 

[Scudiero et al., 2012]. All our samples fell within this range so it is not entirely clear 

why the method did not provide reliable results in our soils. 

The Modified Archieôs, Hilhorst, and Rhoades models all predicted Sand ECe 

values better than the Peavine ECe values using the 5TE sensor. The three methods may 

have issues with estimating the ECe of the Peavine soil due to clayôs proclivity to absorb 

water. With the Peavine soilôs higher clay content, possibly less pore water was available 

for measurement. It is important that there is adequate pore water because, as discussed in 

Rhoades et al. (1989a), the electrical charge used to measure ECb can take many 

pathways but two are dependent on soil moisture; the solid-liquid and liquid pathway. 

These two pathways are why Rhoades et al. (1989a) stated that the accuracy in predicting 

soil salinity decreases with decreasing VWC. However, in our study, a decrease in 

VWCA resulted in better accuracy for the Hilhorst, Modified Archieôs, and Rhoades 

methods, on both soil types, the only exception being the Rhoades method on sand. This 
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decreased in performance with increased VWCA was an unexpected result as most 

methods are supposedly more reliable when soils contain more water. A potential 

limitation of our study was that when water was added to our Peavine samples the soil 

volume decreased compared to the initially measured volumes. This change in volume 

caused the porosity to decrease and bulk density to increase, both of which are important 

parameters used in the Hilhorst and Modified Archieôs models. The change in volume of 

the sand samples was smaller than that of the Peavine soil samples following the addition 

of water, which may explain why the models performed better in 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 convert ECb as measured by the 5TE 

sensors to ECe using physically based approaches yielded satisfactory results for 

estimating ECe for reasons that are unclear. Potentially, the soil types used in our study 

deviated too much from the ones used in the other studies. In our study, we were not able 

to directly compare model-based estimates of ECp with actual ECp measurements. If this 

had been possible, we would have been able to determine if estimates of ECp were not 

reliable or if other aspects of the model caused ECe estimates to be inaccurate. 

Regardless, conversion of ECb, that can easily and accurately be measured using 

capacitance sensors to ECe, the standard measure of soil salinity, is not straightforward. 

Similar to the equations derived to convert EC, measured in different soil:water 

extraction ratios, to ECe will require site-specific calibrations.  
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Spectroradiometer Measurements 

Soil moisture, texture, and composition effects 

Increased soil moisture resulted in strengthening of the sand CR spectraôs 480nm , 

1410nm, 1920nm, and 2200nm absorption features and a strengthening of the Peavine 

CR spectraôs 480nm, 670nm, 1410nm, 1910m, 2200nm, and 2400nm absorption features 

(Appendix B). As soil moisture increased from 0% to 30% VWC, so did the strength of 

the features. In the visible range of our spectra, 450-780nm, the effects soil moisture are 

closely tied to soil texture due to the interaction between the soil particle surfaces and the 

water molecules [Yang and Yu, 2017]. When water is added to a soil, the soilôs 

composition, such as organic matter, and texture largely determines how much water will 

be absorbed into soil particles and small soil aggregates (Ò2mm). Once the amount of 

water exceeds the absorption capacity of soil particles, water 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 surface [Yang and Yu, 

2017]. The energy may be reflected multiple times leading to a decrease in reflectance 

observed by the spectroradiometer. Also, water is a strong absorber and can easily mask 

other spectral features of the soil. This effect is best illustrated by Figure 15 which plots 

ɣȹ for every sample separated by soil type and VWCA. Since the finer-textured Peavine 

soil has more soil particles that can absorb water more readily compared to the sand, the 

averaged difference between ɣȹ values at 0% and 10% VWCA are less for Peavine than 

Sand. At longer wavelengths, >1400nm, water has a significant impact on the strength of 

spectra. Spectral features at 1410nm, 1910nm, and 1920nm become stronger, due to the 

stretching of O-H anions and bending of H-O-H molecules [Yang and Yu, 2017]. The 
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additional absorption due to H2O and OH- movement is strong in the 1910nm and 

1920nm features the 2200nm feature can be ómaskedô. For example, in the Peavine CR 

spectra, the 2200 nm feature became less pronounced with increasing VWC due to 

increased strength of the 1910nm feature (Appendix B). Our observations were consistent 

with those of Yang and Yu (2017).  

Additionally, some of the soils CR absorption features centerôs position shifted 

with increased VWC. Again, shifting refers to the movement of the centers to a shorter 

wavelength or to a longer wavelength. Only the sandôs 1410nm and 1920nm and 

Peavineôs 670nm, 1410nm, 1910nm, and 2400nm feature centers were shifted with 

increased VWC. The addition of salts also resulted in shifts of absorption feature centers 

as demonstrated by the ɋ spectra. The shifts due to water alone were less than the shifts 

seen in the CR spectra. This could indicate that shifts seen in the spectra could be 

dominated by the presence of salts. Only significant shifts in center due to salts (>5nm) in 

sand were observed for Na2CO3 480 nm 0% VWC and in Peavine at many absorption 

features (Table 11) .  

Our findings contradict conclusions draw by Howari et al. (2000) and Piekarczyk 

et al. (2016) that fine-textured soil had higher reflectivity than coarse-textured soils due 

to smoother and brighter surfaces of clay compared to sand particles [Howari et al., 2002; 

Piekarczyk et al., 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 marginal [Pessoa et al., 

2015]. Still, the sand is very dissimilar to the Peavine soil with the Peavine soil 

containing more silts, iron oxides on clay surfaces, and organic matter than the sand 

(Table 1).  

Howari et al. (2002) found that salt crystals precipitated on fine-textured soils 

were smaller than those that precipitated on coarse-textured soils. Howari et al. (2002) 

hypothesized that the smaller salt crystals decreased the shadowing effect mentioned 

above and resulted in higher overall reflectance, also known as albedo. However, in our 

study the salts did not appear to be 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 VWCs [Yang and Yu, 2017]. However, 

given that the salinity levels used in our study were relatively low, (average ECe is 4.92 

mScm-1 and maximum ECe is 12.4 mScm-1, it is unclear if salt effects become more 

pronounced at higher ECe levels. 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 than ECe. In addition, other studies only 

mention salt concentrations of solutions added to the soil without mentioning the 

resulting soil salt concentration or ECe. Farifteh et al. (2007), however, reported ECe 

values of their samples, and these varied between 0.2 to 75 mScm-1. Unfortunately, they 

did not specify how they measured their soilôs EC [Farifteh et al., 2007]. Overall, the ECe 
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levels used in our study are realistic for most conditions observed in the field and higher 

levels are not very common [Regional Salinity, 1954].  

Salt type and concentration effects  

Addition of NaCl did not have a significant impact on Sand spectra but was able 

to influence Peavine spectra at 10% and 30% VWC. Sand spectraôs lack of response is 

reasonable given that NaCl does not have any unique absorption features [Farifteh et al., 

2007]. The 480 nm and 1910nm Peavine absorption features were strengthened. As stated 

before, the change in the 480nm feature is due to texture and the change in 1910nm is due 

to moisture effects [Yang and Yu, 2017]. The 480nm feature was only influenced at 10%  

VWC not 30%. The increase in the 1910nm feature at 10% and 30% VWC is due to the 

hygroscopic nature of NaCl [Farifteh et al., 2007]. NaClôs lack of unique features makes 

it difficult to distinguish in the spectra, even at our higher concentrations [Farifteh et al., 

2007; Howari et al., 2002].  

Sodium carbonate (Na2CO3) only significantly influenced sandôs 480nm feature at 

0% VWC. The feature is strengthened to the left at both concentrations, and this effect 

became stronger at higher concentrations. Peavine spectra were influenced at the 670nm 

and 1910nm features. The 670nm feature is strengthened significantly by Na2CO3 but its 

effect decreased with increased VWC. This salt influence feature shifts the center to the 

left and it is exceptionally wide >80nm at all VWCs.  This feature is the primary reason 

why these spectra have exceptionally high ɣȹ and ɣɋ values. The 1910nm feature was 

shifted right and strengthened by Na2CO3, more so at the higher concentration. The 

feature did however become weaker with increased VWC. The hygroscopic nature of 
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Na2CO3 may explain the 1910nm absorption feature. However, minerals containing CO3
-2 

typically exhibit absorption features at 1800nm, 1900nm, 2200nm, and 2300nm [Yang 

and Yu, 2017].  These observations, especially 670nm, suggest that carbonate salts such 

as CaCO3 may be detected using remote sensing methods, even at higher moisture 

contents. Absorption bands for CO3
- were not observed in the spectra which was 

unexpected, due to dissolution of CaCO3, but was likely not observed due to 

reprecipitation of CaCO3. 

Sodium sulfate (Na2SO4) only influenced Sand 480nm feature significantly at 

when added at a concentration of 0.50 mol L-1. This suggest that our concentration of 

Na2SO4 in the treatment solution was below detectable levels in this soil. The Peavine 

soil however did have salt effects at 670nm and 1910nm. The increased strength of the 

features is minimal (<0.1 ɋ reflectance) and no influence was found at 30% VWC. Our 

findings are similar to those found by Farifteh et al. (2007) who found no significant 

influence of Na2SO4 on spectra [Farifteh et al., 2007]. Howari et al. (2002) found that the 

reflectivity of the spectra increased with increased concentration, but this was not 

observed in the data [Howari et al., 2002]. Ion absorption bands for SO4
-2 were not 

observed in the spectra which was unexpected, due to dissolution of Na2SO4. 

Calcium chloride (CaCl2), a hygroscopic salt, increased absorption at 480nm, 

1410nm, and 1920nm in the sand spectra (Table 10)[Pessoa et al., 2015]. No shift value 

was clear for Sand 0% VWC 480nm but the 1410nm and 1920nm features were shifted 

right. The Peavine soil was influenced at 480nm and 1910nm. The only spectra to display 

a loss in absorption is the Peavine 480nm spectra at 0% VWC. Peavine absorption 
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features also showed the same shift pattern as sand. Pessoa et al. (2015) found a strong 

response in their spectra as a function of CaCl2 concentration but our sand and Peavine 

soil did not show a large response to increased concentration. 
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CONCLUSIONS 

 Our study focused on investigating three methods of determining soil salinity; 

soil-water extracts, in-situ sensors, and spectroscopy. The use of established regression 

equations to convert between EC1:1, 1:2, & 1:5 and ECe provides an opportunity for 

economical extract analysis. However, soil texture, composition, and preparation make 

choosing a regression that will yield satisfactory estimates of ECe difficult. We suggest 

that if using ratio extracts for analysis, 1:1 regressions work best and to choose studyôs 

regression that best matches oneôs own soil. A future study should look at making a 

reference summary of all regressions available, detailing the soils used, and their 

limitations. While our study does not suggest one sensor related conversion of ECb to 

ECe; these in-situ sensors do provide high temporal resolution and can demonstrate EC 

trends. Additional research on how to estimate soil specific ὓb=0 values for the Hilhorst 

method are needed. Sand was mostly impacted by Na2CO3 and CaCl2 and the Peavine 

soil by Na2CO3. Depending on your soil and salts; features 480nm, 670nm, 1410nm, 

1910nm, and 1920nm were influenced. Remote sensing methods to determine soil 

salinity require complex methods that may need to be specialized to a soilôs moisture 

content, 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 due to soil moistureôs uneven effect on feature strengths due 

to salts. More extensive research using complex methods such as neural networks or 

PLSR could be more promising. 
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TABLES 

Table 1: Physical and chemical characteristics of the Sand and Peavine Soils. 

 Soil Type 

Characteristic Sand Peavine 

Texture   

% Sand 86 62 

% Silt 14 22 

% Clay 0 16 

Particle density (g/cm3) 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 (meq/100g) <0.1 <0.1 

Ca (meq/100g) 0.5 6.3 

Mg (meq/100g) 0.2 2.0 

K (meq/100g) <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 (meq/L) 0.6 0.9 

Mg (meq/L) 0.4 0.5 

CO3 (meq/L) 0.0 0.0 

HCO3 (meq/L) 1.3 1.0 

Cl (meq/L) 0.3 0.3 

Saturation percentage (%) 33.2 19.3 

** - Walkley, A., and I. A. Black (1934), An Examination of Degtjareff 

Method for Determining Soil Organic Matter, and a Proposed 

Modification of the Chromic Acid Titration Method, Soil Science, 37(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, actual 

volumetric water content and ECe. 

Correlation 

Test 

Independent 

Variable 

Correlation 

Test 

Dependent 

Variable 

Soil 

Dataset 

Regression Intercept 

n r2 p-value slope p-value 

ὑb 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 -

0.0019 

<0.0001 

 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 -

0.0091 

0.0263 

        

ECb VWCA Sand 17 -0.043 0.5683 5.9619 0.0006 

 VWCA Peavine 8 0.147 0.1880 -

113.17 

0.0029 

 Bulk Density Sand 17 0.033 0.2325 -

0.0149 

<0.0001 

 Bulk Density Peavine 8 -0.161 0.8722 -

0.1429 

<0.0001 

 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 -

0.0332 

<0.0001 

 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 -

5.2400 

0.0213 

ὑb -  Dielectric Permitivity [unitless] 

VWCA -  Actual Volumetric Water Content [%] 

VWCs - Actual Volumetric Water Content [%] 

ECb - Bulk Electrical Conductivity [dSm-1] 

ECe - Saturated Paste Electrical Conductivity [dSm-1] 

Grey text - The two variables correlation is not significant 
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Table 5: Calculation of the slope parameter as used in the Modified Archieôs method and 

linear regressions between ECe estimated by the Modified Archieôs method and ECe 

measured in this study. 

 Modified Archieôs Modified Archieôs - ECe 

Sand slope r2 p-value slope r2 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 linear 

regressions between ECe estimated by the Hilhorst method and ECe measured in this 

study using an ὓb=o of 2.5. 

 Hilhorst Hilhorst - ECe 

Sand slope r2 p-value slope r2 p-value 

10% 0.617 0.939 Ò0.0001 2.271 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 

 

Table 7: Regression slope and ECs predicted as a function of percent silt plus clay and 

saturation percentage using the Rhoades (1981) model. These estimates are needed to 

estimate ECe using measured ECb values (see equation 3). 

  Sand Peavine 

Slope =ä(CS%) 9.58 7.85 

 =ä(SP%) 7.35 10.4 

ECs  =ä(C%) -0.02 0.37 

 =ä(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 ECs calculated using the Rhoades (1989) method and regressions 

between ECe predictions using Rhoades (1981) and ECe measured in this study. 

 Rhoades (1989) Regression Performance Regression 

Sand Slope ECs slope r2 p-value 

10% 9.58 -0.02 1.226 0.806 0.0015 

10% 9.58 0.26 1.226 0.806 0.0015 

10% 7.34 -0.02 1.599 0.806 0.0015 

10% 7.34 0.26 1.599 0.806 0.0015 

30% 9.58 -0.02 1.629 0.926 Ò0.0001 

30% 9.58 0.26 1.629 0.926 Ò0.0001 

30% 7.34 -0.02 2.125 0.926 Ò0.0001 

30% 7.34 0.26 2.125 0.926 Ò0.0001 

Peavine      

10% 7.85 0.37 4.072 0.901 0.0336 

10% 7.85 0.06 4.072 0.901 0.0336 

10% 10.4 0.37 3.073 0.901 0.0336 

10% 10.4 0.06 3.073 0.901 0.0336 

30% 7.85 0.37 -4.857 -0.248 0.5900 

30% 7.85 0.06 -4.857 -0.248 0.5900 

30% 10.4 0.37 -3.665 -0.248 0.5900 

30% 10.4 0.06 -3.665 -0.248 0.5900 
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Table 9: Summarized results of ɋ spectra for both sand and Peavine soil at 0, 10, and 

30% VWC. Only effects that were deemed significant (Ó0.0025 or Ò0.0025 ɋ reflectance  

value; y-axis) for at least two out of three replicates. The effectôs widths (W), centers (C), 

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 molL-1. 
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Table 10: Summarized results of ɋ spectra for both sand and Peavine soil at 0, 10, and 

30% VWC (listed in far-left column) for various salts added at concentrations of 0.25 

mol L-1 or 0.50 mol L-1. The values shown in the óH2Oô and óSaltô rows show the shift in 

feature centers for various wavelengths (next column) due to water or salt. The 

óDominateô row indicates which effect caused the largest shift in that featureôs center. 
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FIGURES 

 

Figure 1: Example of each type of spectra used for our study. (A) Original Spectra (B) 

Continuum Removed Spectra (C) Delta (ȹ) Spectra (D) Omega (Ý) Spectra. 
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Figure 2: Example of three replicates (grey) that are offset by -0.5 and an average spectra 

using these three replicates (black). 

 

Figure 3: Original (A), continuum removed (CR; B), delta (ȹ; C), and omega (Ý; D) of 

one characteristic Peavine spectra. 
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Figure 4: Saturated paste electrical conductivity (ECe) as a function of 1:1 soil to water 

ratio extract electrical conductivity (EC1:1) for the Sand, Peavine, and Combined datasets. 

Best fit linear regressions with and without an intercept are plotted for all three datasets. 
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Figure 5: Saturated paste electrical conductivity (ECe) as a function of 1:2 soil to water 

ratio extract electrical conductivity (EC1:2) for the Sand, Peavine, and Combined datasets. 

Best fit linear regressions with and without an intercept are plotted for all three datasets. 
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Figure 6: Saturated paste electrical conductivity (ECe) as a function of 1:5 soil to water 

ratio extract electrical conductivity (EC1:5) for the Sand, Peavine, and Combined datasets. 

Best fit linear regressions with and without an intercept are plotted for all three datasets. 
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Figure 7: Distribution of dielectric permitivities (Ůb) for Sand and Peavine soil by 

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

removed from the dataset used for analysis are indicated by xôs.  
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Figure 8: Actual volumetric water content (VWCA) plotted as a function of sensor 

volumetric water content (VWCS) measured by the 5TE capacitance sensor. 
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Figure 9: Results of the Modified Archieôs method for Sand and Peavine soil at 10% and 

30% VWCA. The actual ECe is shown as a function of estimated ECP and as a function of 

estimated ECe. 
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Figure 10: Plotted results of the Hilhorst and Hilhorst ï ECe for Sand and Peavine soil at 

10% and 30% actual volumetric water content (VWCA) for Ůůb=0 =2.5. The actual ECe is 

plotted as a function of estimated ECP for Hilhorst and as a function of estimated ECe for 

the Hilhorst ï ECe. 



67 
 

 

Figure 11: Results of the Hilhorst method for Sand and Peavine soil at 10% and 30% 

VWCA for Ůůb=0 =2.5. The actual ECe is shown as a function of estimated ECP and as a 

function of estimated ECe. 
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Figure 12: Results of the Hilhorstôs method for Sand and Peavine soil at 10% and 30% 

VWCA using ̀ b=0=2.5. The actual ECe is shown as a function of estimated ECP and as a 

function of estimated ECe. 
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Figure 13: The saturated paste electrical conductivity (ECe) as a function of bulk 

electrical conductivity (ECb) as measured by the 5TE sensor for both Sand and Peavine 

soil. 
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Figure 14: Averaged continuum removed (CR) control spectra for Sand (solid) and 

Peavine (dashed) soil at 0%, 10% and 30% VW between 450 ï 2500 nm.  
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Figure 15: Representative variation in the ȹ spectra (ɣȹ) of averaged triplicate spectra for 

both sand and Peavine. The ɣȹ values of 0%, 10% and 30% actual volumetric water 

content (VWCA) are indicated by datapoint color. 
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Figure 16: Representative variation in the ɋ spectra (ɣÝ) of averaged triplicate spectra 

for both sand and Peavine. The ɣÝ values of 0%, 10% and 30% actual volumetric water 

content (VWCA) are indicated by datapoint color. The dotted line representants a 

ɣɋ=0.025. 
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