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Abstract: Currently, a gap exists in inventorying and monitoring the impact of land use and man-
agement on soil resources. Reducing the number of samples required to determine the impact of
land management on soil carbon (C) and mineral constituents via proximal sensing techniques
such as hyper-spectral radiometry can reduce the cost and personnel required to monitor changes
in our natural resource base. Previously, we used an expensive, high signal-to-noise ratio (SNR)
field spectrometer to correlate soil constituents to hyperspectral diffuse reflectance (HDR), over the
350–2500 nm (VIS-SWIR) wavelength range. This research is an extension of preceding research but
focuses solely on the 400–1000 nm (VIS-NIR) region of the electromagnetic spectrum. This region can
be measured using less expensive (albeit with lower SNR), miniaturized, field spectrometers that
allow minimal sample preparation. Our objectives are to: (1) further evaluate the use of soil HDR
in the visible and near-infrared (VIS-NIR) region acquired using an expensive field hyperspectral
spectroradiometer for prediction of soil C and selected fractions and nitrogen (N) constituents, (2)
repeat the above measurements using HDR data from samples examined in objective (1) using lower
SNR hyperspectral radiometers, and (3) add to the limited literature that addresses determinations of
selected soil properties using proximal sensing in the VIS-NIR region. Data analyzed in this study
confirms that good to satisfactory prediction equations for soil constituents can be developed from
spectral reflectance data within the 400–1000 nm wavelength region obtained using relatively inex-
pensive field radiometers. This application could reduce the time and resources required to monitor
gains or losses in carbon constituents, information that can be used in programing such as Conser-
vation Technical Assistance (CTA), the Conservation Reserve Program (CRP) and Climate-smart
agriculture (CSA).

Keywords: proximal sensing; soil organic carbon; soil nitrogen; particulate organic matter; acid
hydrolysis resistant carbon; visible-near-infrared spectrum

1. Introduction

Laboratory benchtop near-infrared spectroscopy (NIRS, 780 nm to 2500 nm), a form
of proximal sensing which typically measures hyperspectral diffuse radiation (HDR) in
the UV-SWIR (300–2500 nm) portion of the electromagnetic spectrum, was evaluated early
on and found to be useful in quantifying some soil properties. For example, Dalal and
Henry [1] showed that NIRS could be used to develop multiple regression equations to
predict soil moisture content, organic carbon (C), and total nitrogen (N). Reeves et al. [2]
showed that NIRS was useful in determining total C and N in low organic matter soils,
but that NIRS may or may not be useful in quantifying biomass N, or active N depending
upon the nature of the research question. Terhoeven-Urselmans et al. [3] demonstrated
that NIRS provided good predictions of soil C:N ratios, and percentages of carbonyl,
aromatic, O-alkyl, alkyl, alkyl/aromatic, and alkyl/O-alkyl C components of soil organic
matter. Zornoza et al. [4] found that spectra from NIRS provided “good” predictions of
water-soluble C, and water holding capacity.
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The use of field-portable radiometers as a replacement for NIRS, or as a proxy for
laboratory protocols that require additional expenditures for laboratory analytical equip-
ment, chemicals, supplies, and personnel, will expedite analyses, reduce cost and waste as
well as lead to possible in-situ measurements of soil and terrain properties. A number of
investigators have investigated HDR acquired in the UV-SWIR from portable field proximal
sensors for a variety of soil and geologic applications. For example, Gras et al. [5] used
HDR in the UV-SWIR to successfully quantify carbonates, total N, and organic C, and Liu
et al. [6] and de Paul Obade et al. [7] used it to quantify organic C and total N.

Due to the importance of soil C and the need for rapid and timely assessments of C
stocks [8,9], it is not surprising that the use of proximal sensing to quantify soil C, and
its various fractions, is well represented in the literature [10–13]. Vasques, Grunwald and
Sickman [10] collected VIS-SWIR (400–2500 nm) HDR spectra from 141 dried and sieved
soil samples representing seven soil types and several different land uses in the Santa Fe
River watershed (Florida, USA). These researchers found that the HDR data accounted
for about 86% of the variability in measured total soil organic carbon (TSOC), and that 82,
70, 65, and 40% of the measured variability in recalcitrant organic C (RCAH), hot-water
soluble organic C (HWOC), mineralizable organic C (MOC), and hydroloyzable organic
C (HOC, equivalent to RCAH in our study), respectively, was accounted for by the HDR
data. Sarkhot et al. [11] collected HDR in the VIS-SWIR region for soils in a 35-ha field
under two land uses. Soil cores were collected down to 50 cm and each core divided into
five 10-cm segments (n = 514). The soils were dried and sieved and the HDR data collected
via a portable field spectrometer. Validation statistics from the study indicated that 77 and
86% of the variability in measured HWOC and TSOC was accounted for by the proximally
sensed data. Rossel and Hicks [14] investigated the use of VIS-SWIR data for prediction of
TSOC, bulk density, ROC (equivalent to RCAH), and particulate and humic C fractions
(POMC and HOC). Proximal sensing data from 141 samples of dried and sieved soils were
collected via a portable field spectrometer. Their analysis indicated that TSOC and bulk
density were well predicted. According to these authors, prediction equations for POMC,
HOC, and ROC/RCAH were found to have small to moderate uncertainty. All of the
studies noted here used an expensive, high signal-to-noise ratio (S-N-R). Our previous
research, Fortuna et al. [15], used HDR UV-SWIR data, acquired via a high S-N-R, portable
field spectrometer to predict total whole and ground soil carbon (TSOC) and nitrogen
(TSN), particulate soil C and N (POMC, POMN), residual C of acid hydrolysis (RCAH)
in both ground and unground dried and sieved soils. Performance metrics from both
the equation calibration and validation phases indicated that >90% of the variability in
each of the measured variables was accounted for by the proximally sensed data. Cursory
analysis (unpublished), by the current authors, suggested that proximal sensing of soil C
concentrations of soil C, N and mineral fractions could potentially be predicted via spectral
reflectance data within the narrower VIS-NIR (400–1000 nm) portion of the spectrum.

Literature addressing the use of the VIS-NIR region for the quantification of soil C and
its fractions is limited. Rossel and Hicks [14] stated that about one-half of the diagnostic
wavelengths from the VIS-SWIR data that they used in their study to predict TSOC were
located in the VIS (400–700 nm) portion of the spectrum. Stenberg et al. [16] noted that
soil organic matter could have strong absorbance in the VIS due to the dominance of
chromophores and due to the darkness of organic matter that may be present in the soil.
Recently, Thaler et al. [17] developed a SOC index based only on HDR data collected
in the VIS from 7916 soil samples collected from over 2000 locations across the United
States. These authors indicated that this index yielded an RMSE of 1.3%, which was
comparable to the RMSE (1.5%) from predictions of SOC using the SWIR/NIR ratio. It
should be noted that the spectra used in the development of this index were acquired using
a high-end (high SNR) spectroradiometer. Literature describing the use of the VIS and
VIS-NIR region as acquired from portable, lower cost and lower S-N-R proximal sensors
is also limited. Aldana-Jague et al. [18] evaluated the use of multispectral images for
quantification of SOC over the Rothamsted experimental field. Images of the field were
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acquired at 480, 550, 670, 7880, and 880 nm (±10 nm) with a UAV-mounted camera. During
calibration, equation predictions accounted for 98% of the variability in measured SOC and
equation cross-validation indicated an RMSE of 0.26%. Crucil et al. [19] evaluated both
inexpensive multi-spectral and hyperspectral devices for application of predicting SOC
under laboratory and outdoor conditions. Performances of these devices were compared
to that obtained from a high-end spectroradiometer, and it was found that coefficients
of determination (r2) under laboratory conditions were > 0.93 for all sensors, with the
high-end spectroradiometer yielding a 0.96. The r2s were generally lower under outdoor
conditions but >0.85.

The research reported herein is an extension of our previous work reported in
Fortuna et al. [15], but correlates the same variables (TSOC, total soil N (TSN), ROC,
POMC and particulate soil N (POMN) to the HDR data collected only in the VIS-NIR
region of the spectrum. Our analysis also evaluates VIS-NIR HDR data acquired not
only from the high-end PSR + 3500 spectroradiometer, but also that from comparatively
inexpensive and low S-N-R proximal (low-end) sensors. The specific objectives of this
research were: (1) to further evaluate the use of soil HDR in the VIS-NIR acquired a
high-end spectroradiometer, (2) collect spectral data from the same soils in (1) using
less expensive and lower S-N-R hyperspectral spectroradiometers and compare results
to those generated in (1).

2. Materials and Methods
2.1. Soil Samples

Details of collection and processing of the soil samples used in this study are found in
Fortuna et al. [15]; therefore, only a brief summary is provided here. The soil samples were
collected from three 1.6 ha sized watersheds at the USDA-ARS Grazinglands Research
Laboratory, located in El Reno, OK, USA (35◦32′28′′ N, 98◦02′56.5′′ W). Soil samples
were taken from the three self-contained watersheds established in 1976 that represent
southern tallgrass prairie, or winter wheat (Triticum aestivum) management. Prior to
construction of the individual 1.6 ha watersheds, the site was in southern tall grass prairie.
Watershed units 1 and 2 were maintained as southern tall grass prairie; primarily big
bluestem (Andropogon gerardii Vitman), indiangrass [Sorghastrum nutans (L.) Nash], and
little bluestem [Schizachyrium scoparium (Michx.) Nash]. Watershed unit 5 was managed
under low-disturbance (no or minimal tillage), planted to winter wheat since 1976 with an
additional warm season forage sorghum-sudangrass (Sorghum bicolor (L.)) in some years.
Soil samples were taken from watersheds 1, 2 and 5 to calibrate and validate equations
developed from proximal sensor HDR data for determination of changes in total soil
organic carbon (TSOC), total soil nitrogen (TSN), residual C of acid hydrolysis (RCAH),
and particulate organic matter C (POMC) and N (POMN) [20–22].

Each watershed contained four replicate sampling stations 4.6 m × 3.8 m in size at
three landscape positions (tread, riser and toe slopes) representing four replicate sampling
zones that captured the catena effects, slopes and aspects. Four random soil cores 0–30-cm
were taken from each sample station using a Model HDGSRPS hydraulic probe (Giddings,
Windsor, CO, USA) and further divided into three depths, 0–5-cm, 5–15-cm and 15–30-cm.
Four soil cores were collected from each of the four replicates at the three landscape
positions in each of the watersheds and cut into three depths, yielding 144 soil cores. For
each landscape position, one soil core from each of the replicates was randomly chosen
and combined and composited, by depth increment (0–5, 5–15, 15–30 cm) to represent
the soil conditions in a given watershed at that landscape position and depth increment
(n = 108 soil samples). Sub-samples of each soil sample were dried at 40 ◦C in a drying
oven, after which half-gram samples of oven-dried soil, POM, and RCAH were analyzed
for total TSN, TSOC, POMN, POMC, and RCAH analysis on a 928 Series LECO C/N
Analyzer (Leco Corporation, St. Joseph, MI, USA) via dry combustion.
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2.2. Hyperspectral Data Collection and Proximal Sensor Characteristics

In this study, we employed four spectroradiometers: a Spectral Evolution PSR + 3500
(Spectral Evolution, Inc., Haverhill, MA, USA), a StellarNet EPP2000 (StellarNet Inc., Tampa,
FL, USA), and Ocean Optics (Ocean Insight, Dunedin, FL, USA) STS-VIS and STS-NIR
radiometers. The PSR + 3500 is a high-end field portable spectroradiometer that uses three
separate detectors to cover the spectral range indicated in Table 1. The first detector is a 512-
element silicon diode (Si) array covering the ultraviolet and NIR (UV-NIR) 350–1000 nm
region of the spectrum. Center point separation between adjacent wavelengths is 1 nm, but
detector elements are sensitive to contributions from other wavelengths as indicated by
the detector’s full-width-half-maximum (FWHM, Table 1). Thus, for the PSR + 3500, an
HDR measurement at a center wavelength of 700 nm actually includes soil reflectance from
698.6–701.4 nm. The second and third detectors are 256-element, thermo-electrically cooled
InGaAs arrays covering the shortwave infrared 1 (SWIR1, 970–1910 nm), and shortwave
infrared 2 (SWIR2, 1900–2500 nm) regions, respectively, but the data from these two
detectors are not used in this study. Results from using the complete spectrum (UV-SWIR)
and full chemometric treatment (spectral smoothing, noise reduction, and derivatives) are
reported by Fortuna et al. [15]. The VIS-NIR data reported in [15] were parsed from the
full UV-SWIR data for reanalysis and comparison of results from the other sensors used in
this study. A minimal log (1/R) transformation (where R is the soil reflectance at a given
wavelength) of the spectral data was chosen to reflect a probable application of proximal
sensing in a real-time, in-situ field setting.

Table 1. Characteristics of the spectroradiometers used in this study.

Sensor Spectral Range
(nm)

Distance
between

Wavebands (nm)

Spectral Range
Used in This
Study (nm)

Spectral Resolution
(nm @ FWHM) 1

Signal-to-Noise
Ratio

Fiber Optic
Field of View

(deg)

PSR + 3500 350–2500 1.0 400–1000 ≤2.8 @ 700 >15,000:1 25
EPP2000 195.0–1100.5 0.50 436–1000 10.0 <2000:1 11
STS-VIS 335.286–821.946 0.48 435–822 1.5 >1500:1 15
STS-NIR 632.482–1122.341 0.48 632–1000 1.5 >1500:1 15

1 Full-width-half-maximum (FWHM).

The EPP2000 used in this study consists of one 2048-element Si diode array detector
and is characterized by a 0.5 nm separation between adjacent wavebands (Table 1). The
FWHM is about 3.5 times larger than that of the PSR + 3500 and 6.7 times larger than
that of the STS devices; thus, reflectance in each EPP2000 waveband had contributions
from more regions of the spectrum than that for the other sensors. The S-N-R is about
an order of magnitude lower than that of the PSR + 3500, but similar to that of the STS
sensors. The EPP2000 measures reflectance in the 195.0–1100.5 nm range, but only the
VIS-NIR portion is used in this study. Further, the spectral data from this device where
exceptionally noisy below 436 nm; thus, HDR data below this value were eliminated from
analysis. The remaining HDR data were transformed in the same manner as that indicated
for the PSR + 3500.

The STS-VIS and STS-NIR are miniaturized radiometers, each with a small footprint
(40 × 42 × 24 mm) and weight ~60 g. Although the STS-VIS and STS-NIR devices cover
different spectral ranges (Table 1), they exhibit similar features in terms of spectral res-
olution which is about one-half that of the PSR + 3500′s first detector. Spectra from the
STS-VIS sensor were noisy below 435 nm and were removed from analysis. Spectra from
the STS-NIR sensor above 1000 nm were removed from analysis as they were outside the
VIS-NIR region used in this study. The HDR data collected with these devices were trans-
formed in the same manner as described for PSR + 3500. A fiber optic cable was attached
to the entrance port of each spectroradiometer for collection of the HDR of samples. Due
to the types of optics and accessories specific to each spectroradiometer, the experimental
apparatus used for illuminating the soil samples and the subsequent capture of the spectra
varied between devices.
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2.2.1. PSR + 3500

One end of a fiber optic probe was attached to the spectroradiometer and the other
to a contact probe with an integrated illuminating lamp. The contact probe was mounted
on a tripod to maintain a consistent distance (~1.5 cm) and view angle (~8◦ from vertical)
with respect to the samples being scanned.

Samples were packed into black circular cups (inside diameter of ~2 cm) and scanned
three times. A white reference panel (Labsphere Inc., North Sutton, NH, USA) scan was
acquired prior to every six experimental samples. Reflectance factors (R) were calculated
using the internal spectrometer software in which each sample scan was divided by the
most recent reference panel scan. The R data were downloaded and the three scans for a
given sample were averaged and converted to pseudo-absorbance by calculating the log
(1/R). The resulting averaged scan for a given sample was then paired with the appropriate
laboratory measurement of TSOC, TSN, POMC, POMN, or RCAH.

2.2.2. EPP2000 and STS Devices

The viewing end of the fiber optics for these devices were attached to a lab stand
and were held at ~5 cm from the soil sample and at ~45◦ angle to the down-welling light
provided by an overhead halogen mug lamp located approximately 50 cm above the soil
sample. The distance and view angle were chosen in such a way as to avoid casting a
shadow from the apparatus onto the sample. Due to the increased viewing angle, with
respect to that of the PSR + 3500, we increased the soil surface area to be viewed by placing
the soil samples in a flat-black painted aluminum weigh boat having an internal diameter of
~5 cm. Each soil sample was scanned three times and R spectra calculated by the software
in the same way as described for the PSR + 3500. The R spectra for a given sample were
averaged and associated with the appropriate TSOC, TSN, POMC, POMN, and RCAH
data for analysis.

To match the spectral distance between adjacent wavelength peaks of the PSR + 3500
(1 nm), the wavelengths of the EPP2000 and STS devices (each having ~0.5 nm distances
between adjacent wavelengths, Table 1) were rounded to the nearest 1 nm. The procedure
generally produced two “replicate” HDR measurements at a given wavelength. These
replicates were averaged to produce R spectra having a 1 nm separation. The R data were
then converted to log(1/R) values as described above.

2.3. Calibration and Statistical Analysis of Spectroradiometry Data

The log(1/R) VIS-NIR data sets from the PSR + 3500, STS, and EPP2000 spectrometers
were analyzed using partial least squares (PLS) regression in JMP 14 Pro (SAS Institute,
Cary, NC, USA). Prior to analysis, and within the JMP software, each device-specific data
set was randomly divided into a calibration subset (consisting of 70% of the data set) and
a validation subset (the remaining 30%). The data sets were analyzed for outliers using
plotting features within the software, including statistical distance, normal quantile by
residual, and Hotelling’s T2. The final number of samples after the removal of outliers,
is reported within the tables containing the calibration and validation results. Objective
functions used to assess the performance of the calibration equations and their validation
consisted of the ratio of the standard deviation to the RMSE for the calibration data set
(RPDc) or ratio of the standard deviation for the validation data set (RPDv), slope, RMSE,
and r2. We calculated RPDc according to Bellon-Maurel et al. [23]:

RPDc or v =
SDc or v

RMSEc or v
( n

n−1
)0.5 (1)

where SD = standard deviation. In Equation (1), the subscript c or v indicates whether
the calibration or validation data subsets were used in the calculation. Further, we used
the RMSE of the PSR + 3500 as a reference against which we compared RMSEs from the
other proximal sensor dataset. Based on the guidance provided in Chang et al. [24] and
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Ludwig et al. [25], a good prediction equation is one that has a r2 > 0.9, a slope between 0.9
and 1.1, inclusive, a RPD > 2, whereas a satisfactory prediction equation should a r2 ≥ 0.64,
a slope between 0.8 and 1.2, inclusive, and a RPD between 1.4 and 2.0, inclusive.

3. Results
3.1. PSR + 3500 Calibration Performance

The values of the objective functions used to evaluate the performance of the cali-
bration equations are given in Table 2. For the PSR + 3500, ≥91% of the variation of the
measured data within each soil constituent data set was explained by the HDR data. The
slope of the equations for each soil constituent was 1 and all RPDc were ≥3.4, indicating
that all the PSR + 3500 calibration equations performed at the good level. In comparison
to the other proximal sensors, the PSR + 3500 produced the lowest RMSEs for TSN and
RCAH only; however, the PSR + 3500, STS-NIR and STS-VIS + NIR provided comparable
RMSEs for POMN.

Table 2. Calibration and validation statistics for each device and soil constituent. RMSE = root mean square error, r2 =
coefficient of determination, RPD is the ratio of the standard deviation to the standard error of calibration (C) or standard
error of prediction (V), and n is the number of samples.

Calibration Validation

Device Slope RMSE r2 RPDc n Slope RMSE r2 RPDv n

TSN
(g kg−1)

PSR + 3500 1 0.14 0.94 4.3 76 0.96 0.23 0.88 2.0 23
EPP2000 1 0.24 0.83 2.1 59 1.17 0.21 0.89 2.3 20
STS-VIS 1 0.20 0.88 2.6 64 1.14 0.29 0.79 1.4 18
STS-NIR 1 0.27 0.84 1.9 61 1.15 0.24 0.82 1.7 21

STS-VIS + NIR 1 0.35 0.64 1.3 60 0.84 0.20 0.83 2.4 27

TSOC
(g kg−1)

PSR + 3500 1 2.11 0.90 3.4 76 0.94 2.83 0.86 1.8 23
EPP2000 1 2.77 0.83 2.1 59 1.14 2.45 0.89 2.3 20
STS-VIS 1 3.51 0.73 1.6 64 0.81 2.90 0.75 2.0 21
STS-NIR 1 2.42 0.89 2.8 63 1.1 2.67 0.87 2.3 22

STS-VIS + NIR 1 1.80 0.93 3.5 64 1.45 3.61 0.75 1.2 23

POMN
(mg kg−1)

PSR + 3500 1 46.23 0.91 4.1 70 0.95 47.33 0.89 3.2 23
EPP2000 1 64.17 0.83 2.2 41 0.92 56.33 0.85 2.7 11
STS-VIS 1 53.24 0.85 2.5 50 1.18 62.70 0.84 1.7 19
STS-NIR 1 45.65 0.91 3.0 50 0.81 78.34 0.65 1.9 20

STS-VIS + NIR 1 44.71 0.92 3.5 60 0.96 68.82 0.75 2.0 20

POMC
(g kg−1)

PSR + 3500 1 0.74 0.92 4.4 70 0.90 0.92 0.84 2.8 23
EPP2000 1 1.16 0.80 2.1 41 0.91 0.96 0.81 2.7 11
STS-VIS 1 0.88 0.84 2.3 54 0.92 0.51 0.93 3.8 15
STS-NIR 1 0.36 0.96 6.6 56 1.15 1.07 0.81 2.0 19

STS-VIS + NIR 1 0.48 0.97 5.2 60 0.79 0.96 0.82 2.3 20

RCAH
(g kg−1)

PSR + 3500 1 1.09 0.95 4.4 71 1.07 1.57 0.93 3.2 20
EPP2000 1 1.65 0.92 3.3 52 0.77 1.77 0.86 2.9 13
STS-VIS 1 1.38 0.93 3.8 47 1.04 1.42 0.94 3.6 13
STS-NIR 1 1.26 0.94 3.8 44 1.03 2.08 0.88 2.4 13

STS-VIS + NIR 1 1.62 0.91 3.1 45 0.95 1.14 0.93 4.4 14
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With the possible exception of POMC, the EPP2000 calibration equations also per-
formed at the good level (all slopes = 1, r2 > 0.81, and RPDc ≥ 2.0). Two of the three
objective functions for POMC fell within the “good” category; however, the r2 value for
POMC was 0.80 resulting in the overall classification of satisfactory. The RMSE values of the
EPP2000 equations were from 1.3 to 1.6 times larger than observed for the corresponding
PSR + 3500 equations.

The STS-VIS HDR data produced equations that performed at the good level for
all soil constituents, except TSOC which performed at the satisfactory level (r2 = 0.73,
RPDc = 1.6). The RMSEs of the calibration equations were generally higher (ranging from
1.2 to 1.7 times larger than observed for the corresponding PSR + 3500 equations.

The STS-NIR HDR data produced a satisfactory equation for TSN and good equations
for all other soil constituents. Although the slope and r2-values for TSN indicated a good
equation, the RPDc = 1.9, which is just lower than the recommended value for a good
equation. The POMN and POMC RMSEs were comparable to and lower than, respectively,
those observed for the PSR + 3500 equations. The remaining RMSEs were from 1.2 to
1.6 times higher than observed for the corresponding PSR + 3500 equations.

Except for the TSN equation, all equations produced from the STS-VIS + NIR (compos-
ited) HDR data were classified as good, and yielded RPDc ≥ 3.1. The TSN equation fell just
under the satisfactory category due to a low RPDc value (1.3) and its RMSE was 2.5 times
larger than observed for the corresponding PSR + 3500 equation. The RMSEs for TSOC,
POMN, and POMC were 15, 3, and 35% lower and the RMSE for RCAH was 1.5 times
larger than observed for the corresponding PSR + 3500 equations.

The composited data provided better performance for TSOC and POMN than did
the STS-VIS and STS-NIR data when used separately. Correlograms of STS composited re-
flectance data for each soil constituents contained unique diagnostic absorptions (Figure 1).
All STS-based equations were classified as good for RCAH, with the STS-VIS and STS-NIR
equations having slightly higher r2 and much higher RPDc values. Similarly, all STS-based
equations performed at the good level for POMN, with the the STS-NIR and STS-VIS + NIR
HDR data accounting for >90% of the variability in the measured data, while the STS-VIS
sensor accounted for 85%. The RPDc values ≥ 3.0 for STS-NIR and STS-VIS + NIR, and
2.5 for the STS-VIS. For POMC, the STS-NIR and STS-VIS + NIR performed comparably:
both equations accounted for ≥96% of the variability in the measured data and RPDc > 5.0.
The STS-VIS HDR data also produced a good equation for POMC, accounting for 84%
of the variability in the measured data and yielding a RPDc or 2.3. The STS-NIR and
STS-VIS + NIR data produced good equations for TSOC, accounting for 89 and 93% of the
variability in the measured data, respectively. When used on its own, STS-VIS accounted
for 73% of the variability in TSOC and yielded a RPDc of 1.6; resulting in a satisfactory
calibration equation.

3.2. PSR + 3500, EPP2000, and STS Validation Performance

When applied to the validation datasets, the predictive equations developed from the
PSR + 3500 data were classified as good for all soil constituents, except TSOC. Both the
slope and r2-values were within the bounds of a good validation, but the RPDv = 1.8 of
this data set forced the equation for TSOC into the satisfactory class. All RPDv were ≥2.0
for all other soil constituents.

The predictive equations developed from the EPP2000 data revealed good validation
performance for TSOC and POMN, and satisfactory performance for TSN (large slope),
POMC (small r2), and RCAH (small slope). The EPP2000 RMSEs were smaller and larger for
TSOC and POMN, respectively, than observed for the corresponding PSR + 3500 validation
equations. The EPP2000 RMSEs were lower, slightly higher, and higher than observed for
their PSR + 3500 counterparts for TSN, POMC, and RCAH, respectively (Table 2).
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The STS-VIS predictive equations exhibited satisfactory performance for TSN, TSOC,
and POMN and good performance for POMC and RCAH. The RMSEs for TSN and POMN
were 1.3 times larger and the RMSES for POMC and RCAH were 45 and 10% smaller,
respectively, than observed for the corresponding PSR + 3500 equations. The RMSEs for
TSOC were similar between the STS-VIS and PSR + 3500 equations.

For the STS-NIR sensor, satisfactory predictive equations for the validation data sets
were observed for TSN, POMN, and POMC. Good performance was observed for TSOC
and RCAH. The TSN and TSOC RMSEs were slightly larger and slightly smaller than
observed for the corresponding PSR + 3500 equations, whereas the STS-NIR RMSEs for
POMN, POMC, and RCAH were about 1.7, 1.2, and 1.3 times larger than that for the
corresponding PSR + 3500 equations.

The composited STS HDR data performed at the good level for RCAH and at the
satisfactory level for TSN, POMN, and POMC. The respective RMSEs were 0.73, 0.87, 1.5,
and 1.04 times, respectively, that of their PSR + 3500 counterparts. The performance of the
predictive equation for TSOC was deemed unsatisfactory due to a low RPDv and large
slope. The composited HDR data performed better than the STS-VIS or STS-NIR data alone
for TSN, TSOC, and POMN. However, the STS-VIS data performed better than STS-NIR or
STS-VIS + NIR for POMC and RCAH.

In Fortuna et al., [15] calibration and validation results were reported for TSOC, TSN,
POMN, POMC, and RCAH based on UV-SWIR (350–2500 nm) HDR data acquired with
the PSR + 3500 used in the current study. The spectra used in [15] had received various
mathematical transformations, noise reduction, and spectral smoothing; thus, those results
provide a “baseline” against which the PSR + 3500 VIS-NIR results reported herein may be
compared. The baseline results showed that all calibration models were classified as good;
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each equation explained >92% of the variation observed in the measured data and all RPDc
were >2.8. The validation performance of these equations also indicated good performance
for all soil constituents: each equation accounted for >90% of the variation observed in the
measured data, and all RPDv > 2.6. The calibration results obtained herein indicated that
all equations using the PSR + 3500 VIS-NIR data provide good performance: all r2 ≥ 0.9
and all RPD ≥ 3.4, and all but the TSOC equation had RPD ≥ 2.0, but all validation r2

indicated that from 84 to 93% of the variation was accounted for in the measured data.

4. Discussion

Results from the calibration phase indicated that the data collected from each sensor
was capable of delivering datasets that produced satisfactory to good equations, as a
function of sensor or soil constituent with one exception the STS-VIS + NIR for TSN,
classified as satisfactory. When the calibration (predictive) equations were applied to
the validation data sets, all of the less expensive sensors accept the STS-VIS + NIR for
TSOC produced at least satisfactory results. In contrast, the high-end field radiometer
achieved good performance for all soil constituents. Side-by-side comparison of the STS
devices indicated that the STS-VIS sensor was more effective at predicting POMN, POMC,
and RCAH.

Crucil et al. [19] included an analysis using the STS-VIS and STS-NIR sensors and two
multi-spectral cameras (each having four to six wavebands, all in the visible to near infrared
region) for prediction of soil organic C. They compared their results to that obtained from
an ASD FieldSpec 3 (comparable to our PSR + 3500). Spectral data was collected in both
the lab and field. Laboratory measurements obtained an RPD = 3.9 and r2 = 0.94 for
the STIS-VIS+NIR; the field obtained an RPD = 2.6 and r2 = 0.85. The above authors
performed mathematical transformations on the spectra before developing/validating the
equations. In contrast, we obtained similar results without any transformation apart from
a log(1/R) transformation.

In the current study, calibration equations based on the PSR + 3500 VIS-NIR spectra
also provided good equations; each equation accounted for >90% of the variation in the
measured data and all RPDc were ≥ 3.4. Validation performance metrics also indicated
good performance for all soil constituents except TSOC, which was classified as satisfactory
(r2 = 0.86, RPDv = 1.8). The validation performance metrics for all soil constituents indicated
that each equation accounted for ≥84% of the variation in the measured data and all RPDv
(except for TSOC) ≥2.0. Overall, the results reported herein for the PSR + 3500 indicate that
higher precision will likely be obtained using the UV-SWIR, but that the VIS-NIR portion
of the spectrum can also provide good estimates of TSN, POMC, POMN, and RCAH, and
satisfactory estimates for TSOC.

Additional absorption features associated with mineralogical features associated with
the VIS range include Fe-oxide minerals such as goethite that are associated with the
sand sized POM fraction absent from the RCAH fraction [15,26]. The STS-NIR device
was better used for TSOC. Recent research comparing hyperspectral data from STS-NIR
(650–1100 nm), STS-VIS (350–800 nm) and ASD (350–2500 nm) have verified that there
were 78 wavelengths that correlated with carbon in the 450–1050 nm range and this region
could be used to measure soil carbon in-situ with the aid of laboratory calibration [19].

Whole soil contains major absorption features attributed to amides (1001 nm) lignin,
starch, protein (1288 nm), cellulose, lignin, starch (1361 nm), carboxylic acids (1443 nm),
methyls (C-H) (1748 mn) and amid II, protein (2192 nm) all within the NIRS range
(750–2500 nm) [15,25]. Combining the STS-VIS and STS-NIR data produced satisfactory
performance for POMN and POMC (but not better than STS-VIS alone) and good perfor-
mance for RCAH (marginally better than STS-VIS alone). RCAH contains major absorption
features attributed to amines (990 nm), carboxylic acids (1450 nm) and aliphatics (1758 mn)
in the NIR region [15,27]. The VIS range (350–780 nm) includes major absorption fea-
tures associated with chromophorous groups and organic pigments associated with plant
residues and other organic constituents associated with POM and SOM [10,15,27].
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Whole soil N and C absorption patterns were the most similar and overlapped with
RCAH. In contrast, POM C only overlapped with C and N between ~436–532 nm. The
correlogram for POM N did not overlap with any other constituent, but the shape of the
unique diagnostic absorptions of POM C and N were similar. Tahler et al. [17] developed
a soil carbon index using only the VIS portion of the spectrum. They used soils data and
spectra obtained by NRCS (acquired using a high-end spectrometer; ASD FieldSpec). It is
not indicated in the article if the spectra underwent any mathematical transformation, other
than converting the digital numbers into reflectance (R) values. The data was parsed to
reflect only the VIS (400–700 nm) wavelengths. Authors reported that their SOC index had
an RMSE of 1.5%. This study included satellite applications. Comparisons of the accuracy of
NIRS and VIS technologies to measure SOC were conducted based on the spectral regions’
accuracy, cost and ease of application were conducted by Viscarra-Rossel et al. [28]. The
minor increase in accuracy of predicting shifts in SOC associated with the use of NIRS
relative to VIS was not sufficient to justify the added cost and time required to use NIRS.

Aldana-Jague et al. [18] used multi-spectral data (six wavebands, centered on 480,
550, 670, 780, 880, 1000 nm; all ±10 nm) in the VIS-NIR. Their application was to mount
the sensor on a UAV so they could map soil C. They report a R2 of 0.98 and RMSE of
0.17%C for calibration, with a cross-validation of R2 = 0.95 and RMSE of 0.21%C. They also
used an external validation data set and found a good fit with an RMSE = 0.26% C. Other
researchers that have measured the 350–2500 nm spectrum have found similar predictive
capabilities within the visible spectrum for soil N and N at 400–480 nm, 640–700 nm,
418 nm, 470 nm, 760 nm, and ferrous and ferric iron oxides at 400 nm, 450 nm, 510 nm,
550 nm, 700 nm, 870 nm and 1000 nm across a range of Oxisols in Madagascar. Use of
the visible spectrum to monitor soil carbon constituents has been scaled up to regional,
national and global scales via efforts such as the NRCS Soils2026 initiative [29,30] and for
implementing global policies that foster Sustainable Development Goals. The application
of portable field -based active and passive remote and spectroradiometers proximal sensors
to measure soil properties is a growing area of research and is a natural progression to
expedite further the measurement of soil properties. Visible and near-infrared reflectance
spectroscopy (VNIR, 350–2500 nm), the study of light of the visible and near-infrared
reflected from material surfaces, is a quick, cost-efficient, and nondestructive technique
in soil sciences [31]. A number of agencies and organizations are involved in creating
and maintaining soil spectral libraries to predict soil properties [32–34]. United States
Department of Agriculture (USDA) initiatives that inventory and assess the impact of land
use and management on soil resources are limited by a lack of site-specific information and
scope of measurements required to aggregate and interpret natural resource databases at
regional, national and global scales [29,35]. The current Natural Resources Conservation
Service (NRCS) digital mapping of dynamic soil properties to quantify soil landscapes and
properties to enhance conservation planning is also limited by the number of measurements
required to complete the Soils2026 initiative [30,36]. Therefore, a gap exists with respect to
radiometry methods (measures of electromagnetic radiation that include the visible and
near infrared spectrum of light) that can be used to evaluate changes in soil properties
resulting from the effects of implementing conservation practices as well as measure,
manage and implement policies that utilize and enhance natural resources [30,37]. Edaphic
indicators currently employed as traditional measures of soil fertility (C, N) analyzed by
soil testing laboratories for fertilizer recommendations can be estimated using radiometry
techniques [38]. Development of new cultivars and the introduction of specialty crops
also require the revision and development of soil fertility recommendations to reflect
more accurately current and future markets along with soil types. Additional incentives
include the need for methods that increase throughput, reduce cost, and minimize chemical
waste. These requirements have spurred researchers to evaluate proximal sensing as a
more convenient and efficient way to quantify important physical, chemical and biological
soil properties.
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5. Conclusions

Currently, a gap exists in inventorying, monitoring, parameterizing, and validating the
impact of land use and management on soil resources. Radiometry techniques and applica-
tions has the potential to expedite measurements of soil carbon and mineral constituents in
a timelier, cost-efficient, and possibly, in-situ manner. We confirmed that hyperspectral dif-
fuse reflectance data in the 400–1000 nm region of the electromagnetic spectrum can be used
to develop good prediction equations that can be used to estimate of TSOC, TSN, POMN,
POMC, and RCAH relative to results acquired using the full spectrum (350–2500 nm) that
received full chemometric/manipulations with relatively inexpensive radiometers. The use
of such spectrometers will facilitate application of in-situ field research, and increase the
timeliness of results, reduce laboratory chemical wastes, reduce costs, and increase sample
analysis throughput. The ability to predict soil C fractions with fewer direct chemometric
measures coupled with the added benefit of light weight, small inexpensive sensors in the
350–1000 nm range to be integrated into unmanned aerial vehicles (UAV) units will enable
researchers to monitor larger areas for shifts in carbon with land use/management.
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