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• The Nix Color Sensor (NCS) can identify
soil colors using variables beyond
hue, value, and chroma of the Munsell
system.

• NCS variables could modestly (hue) or
moderately strongly (value, chroma)
predict Munsell Soil Color Chart
(MSCC) variables.

• Further study of the NCS is needed to
discern its usefulness in assessing wet-
land soil colors and delineating hydric
soils.
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While theMunsell Soil Color Chart (MSCC) is themost frequently used, well-establishedfieldmethod for reading
soil color, theNix Color Sensor (NCS) is an inexpensive, app-based alternative that can complement or potentially
substitute for the MSCC. Soils were collected and their colors were measured from four forested sites across
Northern Virginia within the Chesapeake Bay Watershed using both the MSCC and NCS. Three MSCC variables
and 15 NCS variables were collected in the field; a methodology was established to use these “measured”
(M) variables to derive 9 NCS calculated (C) variables. A stepwise correlation identified NCS variables most suit-
able for relating the NCS to each of the MSCC attributes: hue (H), value (V), and chroma (CM). Ultimately, H, V,
and CM were deemed to be best represented by HRGB calculated from the RGB color space (ρ = 0.56), L from
the CIE-Lab color space (ρ = 0.73), and ẑ = Z/(X + Y+ Z) from the XYZ color space (ρ =−0.80), respectively
(p < 0.001). The corresponding explanatory powers of final NCS variables (i.e., HRGB, L, and ẑ) for H, V, and CM
were 26%, 54%, and 62%, respectively (p < 0.01). Significant differences in ẑ between soils identified as hydric
and nonhydric, but lack of nonoverlapping ranges, indicate a potential for the NCS to complement the MSCC in
assessing wetland soil color in an accessible and reproducible manner, including hydric soil identifications for
wetland delineation practices. Further study with more data over various types of soils is necessary to establish
stronger relationships between the NCS andMSCC. Nonetheless, themethod of characterizing soil color variables
from the two field methods presented in the study can serve as a template for future studies or environmental
education programs desiring to use the NCS as a complement to the MSCC.

© 2021 Elsevier B.V. All rights reserved.
shee Reeks; C, calculated; CIE,
z Wetland Bank; M, measured;
Nix Soil Sensor; NRCS, Natural
artment of Agriculture.
1. Introduction

Color's prominence in human observation of the environment has
rendered soil color an accessible and readily apparent indicator of the
structural and functional properties of soils. Soil colors are reflective
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of, and thus serve as indicators for, organicmatter content, productivity,
mineralogy, and hydrologic conditions, among others (Evans and
Franzmeier, 1988; Guertal and Hall, 1990; Ibáñez-Asensio et al., 2013;
Ketterings and Bigham, 2000; Malone et al., 2018; Moonrungsee et al.,
2015; Moritsuka et al., 2014; Pretorius et al., 2017; Sánchez-Marañón,
2011; Schwertmann, 1993; Vepraskas, 2015). Because of its link to
such ecosystem attributes, soil color has been incorporated into assess-
ments of ecosystem development: for example, the United States
Department of Agriculture–Natural Resources Conservation Service
(USDA–NRCS) standard for wetland delineation relies on identifying
soil color to determine if soils are capable of supportingwetland ecosys-
tems (Simonson, 1989, 1993; Vepraskas and Craft, 2016).

The Munsell Soil Color Chart (MSCC) has become a key tool in using
soil color as an indicator of past and present environmental conditions
by providing a means of quantifying a categorically described attribute.
While the physical basis of color is derived from quantitative attributes
of light, humans struggle to evaluate and communicate perceived differ-
ences of multiple colors because its perception is categorical. By provid-
ing an ordered and quantitative system to color judgments, the MSCC
has thus served an essential purpose in soil science since the 1930s
(Al-rasheed, 2015; Kellogg, 1937). In particular, the chart standardizes
color descriptions and allows for color comparisons by noting three
qualities of color: Hue (H), or spectral attribute of color consisting of
red, yellow, green, blue, and purple; Value (V), or color lightness; and
Chroma (CM), or color purity (Munsell, 1905). 440 color chips of discrete
hue, value, and chroma combinations, designed to resonate with per-
ceivable color differences, span over 13 hue pages in a common version
of the chart (Munsell Color, 2009; Torrent and Barrón, 1993). The adop-
tion of the MSCC revolutionized the field of soil science by providing a
standardizedmethod of color measurement while also opening investi-
gations into soil color relationships with environmental factors
(Genthner et al., 1998; Gupta et al., 2008).

Soil color's relationship to hydrology has been thoroughly investi-
gated to the point where a subset of soils, called hydric soils, have been
defined based on indicators related to soil morphology, many of which
rely on color. Hydric soils are defined by unique colors and patterns re-
lated to iron/manganese reduction and oxidation because they have
“formed under conditions of saturation, flooding, or ponding long
enough during the growing season to develop anaerobic conditions in
the upper part” (Federal Register, 1994; Vasilas et al., 2018). Reddish
ferric iron (Fe3+) oxides typical in terrestrial soils become reduced to
Fe2+, dissolved, and subsequently translocated within or (with enough
time) below the soil profilewhen anaerobic conditions arise, leaving be-
hind light and gray-colored soil grains (Richardson and Hole, 1979;
Schwertmann, 1993; Schwertmann and Lentze, 1966; Simonson,
1993; Simonson and Boersma, 1972). The USDA's Field Indicators of Hy-
dric Soils in the United States includes 51 indicators that outline specific
soil characteristics, primarily color patterns, reflecting historical or re-
cent hydrological conditions that indicate the soil is in fact a hydric
soil (Vasilas et al., 2018). While wetland delineation andmonitoring in-
corporate hydrologic, vegetative, and soil aspects (Tiner, 2017), soils are
particularly informative: they can respondmore swiftly than vegetation
to changing hydrology, but also form lasting morphological features
that indicate long-term conditions even after saturation, flooding, or
ponding conditions disappear (He et al., 2003; Vepraskas et al., 2004;
Vepraskas and Lindbo, 2012).

Many hydric soil field indicators designate thresholds of H, V, and CM
to discriminate between hydric and nonhydric soils. For example, over
10 indicators identify a soil as hydric based on the presence of iron
and/or manganese depletions, defined as “bodies of low chroma (2 or
less) having a value of 4 or more where Fe-Mn oxides have been
stripped …”; identifying depletions thus requires both CM ≤ 2 and V ≥
4. Furthermore, almost all indicators require certain soil layers to
“have a dominant chroma of 2 or less” (Vasilas et al., 2018). Field and
laboratory studies have corroborated that anaerobic environments ca-
pable of supporting wetland ecosystems will produce low-chromas
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soils (CM ≤ 2) when initial iron concentrations are sufficient
(Vepraskas, 2015). In conjunction with hydric soil field indicators, the
MSCC thus serves as a bridge between human observations of color
and the capacity to identify wetland soils.

The MSCC is not without its disadvantages; for decades, one of the
foci within soil science has been researching alternative methods of
soil color determination that can complement or supersede the MSCC.
Color readings using the MSCC are based on human judgment, and the
MSCC requires training and practice to increase accuracy and diminish
user-based variability in color determinations. Thus, while laypeople
unfamiliar with the MSCC may be able to perceive soil colors, they can-
not easily utilize the MSCC for accurate rapid soil color determination.
Additionally, MSCC color readings are affected by manufacturing vari-
ability, lighting conditions affected by time of day and weather, MSCC
aging over time, and anatomical and psychological differences between
individuals perceiving colors (Fairchild, 2013; Rabenhorst et al., 2015;
Sánchez-Marañón et al., 2011).

Given these shortcomings, a subset of soil studies concerned with
soil color have focused on field alternatives to the MSCC, including
handheld colorimetry (Campos and Demattê, 2004), spectroscopy
(Shields et al., 1966; Summers et al., 2011; Torrent and Barrón, 1993;
Viscarra Rossel et al., 2009; Jones and McBratney, 2016), and digital
photography using medium- to high-end cameras and mobile phone
cameras (Aitkenhead et al., 2016; Fan et al., 2017; Gómez-Robledo
et al., 2013; Han et al., 2016; Moonrungsee et al., 2015; O'Donnell
et al., 2010; Viscarra Rossel et al., 2008). While most alternatives are
not field-based, app-based color measurement instruments like the
Nix Color Sensor (NCS)may provide a means of field-based color deter-
mination that is resistant to thehuman judgment and subjective aspects
of MSCC readings. The NCS uses a highly consistent pre-calibrated LED
light to scan a surface, which is isolated from ambient light by the
sensor's diamond shape and 1.5 cm diameter aperture (Schmidt and
Ahn, 2019). When a surface is scanned, colors are automatically mea-
sured, transmitted to a Bluetooth-linked smartphone app, and stored.
In contrast to the MSCC, the NCS offer a promising avenue of rapidly
identifying soil colors without requiring experience and familiarization
or additional data recording. It has been successfully deployed in
nonhydric soil color determination and education endeavors; promising
findings of its accuracy encourage further investigation into its utility for
hydric soil identification (Stiglitz et al., 2016a, 2016b; Stiglitz,
Mikhailova, Post, Schlautman, & Sharp, 2017; Stiglitz, Mikhailova, Post,
Schlautman, Sharp et al., 2017).

The goal of this study was to better understand how the NCS can
complement and/or act as a substitute for the MSCC in observing soil
color. We investigated if the NCS can identify hydric soils, as identified
by hydric field indicators reliant on the MSCC, for the purpose of wet-
land delineation. We observed and analyzed soil colors in forested eco-
systems with mapped hydric soils in Northern Virginia using both the
MSCC and NCS. The main objectives were: (1) to create a methodology
to characterize color variables used by the NCS and compare themwith
those of the MSCC; (2) to assess correlations between MSCC and NCS
variables for soil colors in order to identify the most suitable NCS vari-
able(s) to represent each of the three commonly observed Munsell var-
iables (H, V, and CM); (3) to investigate the explanatory power of each
NCS variable for respective MSCC variables through regression; and
(4) to better understand if the NCS can aid in discriminating between
hydric and nonhydric soil colors as identified through use of the MSCC.

2. Materials and methods

2.1. Site description

The study was conducted at four wetland sites within Northern
Virginia, all located in the Chesapeake Bay Watershed: Mason Neck
Wildlife Refuge (MN) in Fairfax County, Julie J. Metz – Neabsco Creek
Wetland Bank (JJM) in Prince William County, and Banshee Reeks
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Nature Preserve (BR) and Algonkian Regional Park (ARP) in Loudoun
County (Fig. 1). Similar to the previous years, average temperatures
were 56.3 °F (7 °F to 95 °F) in 2018 and 57.2 °F (−2 °F to 100 °F) in
2019; total precipitation was 169.5 cm in 2018 and 103.7 cm in 2019,
with 2018 being the wettest year of the decade by over 50 cm (Menne
et al., 2012).

BothMN and JJM sites fall within the Coastal Plain physiographic re-
gion of Northern Virginia. The four study plots atMN (38° 38′ 28″N, 77°
9′ 54″W) belong to a hardwood forest and palustrine forested wetland
with rolling microtopography consisting of high points (hummocks)
and low points (hollows) adjacent to a riverine freshwater marsh. Hy-
drologic inputs originate primarily from precipitation. Hollow locations
are composed of the hydric Gunston silt loamand experience occasional
to frequent standing or flowing water, depending on seasonal weather
patterns (Ahn et al., 2009). Hummock locations, mapped as the
nonhydric Matapeake silt loam and Mattapex loam, are conversely
rarely to never ponded or flooded (USDA–NRCS Soil Survey Staff,
2020a). Adjacent to Neabsco Creek near the Potomac River, JJM (38°
36′ 25″ N, 77° 16′ 34″ W) is the first created mitigation wetland in the
nation and contains both tidal and nontidal sections. Monitoring up to
20 years after its creation in 1994 confirmed the presence of wetland
hydrologic conditionsper theArmyCorps of Engineerswetland delinea-
tion manual (Environmental Laboratory, 1987; Wetland Studies and
Fig. 1. Regional map displaying the four study sit
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Solutions Inc., 2020). Several plots are flooded year-round, whereas
others experience frequent to occasional surface saturation. Soils at
JJM plots are mapped as hydric and include the very poorly drained
Featherstone mucky silty loam and the Hatboro-Codorus complex
(USDA–NRCS Soil Survey Staff, 2020c). Plots receive water inputs from
a range of hydrologic sources such as tidal freshwater, groundwater re-
charge, precipitation, and stream surface flow.

BR (39° 1′ 48″ N, 77° 35′ 46″W) and ARP (39° 3′ 25″ N, 77° 21′ 50″
W) fall within the Piedmont physiographic region. BR plots experience
occasional to frequent flooding or ponding, and have been mapped to
contain both the hydric Albano silt loam as well as the nonhydric
Codorus andManassas silt loams (Fuller, 2007; USDA–NRCS Soil Survey
Staff, 2020b). Plots have dynamic hydrologic characteristics: some re-
gions of the preserve are primarily influenced by groundwater connec-
tion with subsurface flow from Goose Creek, while others primarily
receive inputs from precipitation and surface runoff near small tribu-
taries of Goose Creek (Paul, 2017). Finally, ARPplots along the Sanctuary
Trail occur within riparian forests, freshwater forested wetlands, and at
the fringes of a freshwater emergent wetland. Mapped soil series in-
clude the Rowland silt loamon floodplains and Lindside silt loamon ter-
races; while neither is classified as hydric, vegetative and hydrologic
scouting before sampling began indicated a propensity of flooding
and/or ponding at plots to support wetland vegetation (USDA–NRCS
es located in Northern Virginia (NOVA), USA.
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Soil Survey Staff, 2020b). Water inputs include overland flow from the
Potomac River, overland flow and groundwater connectionwith nearby
emergent wetlands, and precipitation. Water tables range from 0 cm
near emergent habitat and reach 60 cm within forested floodplains
(US Fish and Wildlife Service, 2010).

2.2. Soil collection

Per site, 4 to 5 randomly selected plots (each 1m×1m)were visited
inMarch–April, June–July, and August–September of 2018 and 2019 for
soil sampling. A 10-cm diameter auger (AMS) was used for soil profil-
ing; while augering cannot provide an in-tact and undisturbed core
from sampling, it provides an adequate sample size for identifying pres-
ent redoximorphic features in a relatively short time period without
large plot disturbance, allowing it to be scaled to both professional
and nonprofessional soil investigations (O’Donnell et al., 2011).

After removing surface debris, soil was collected from each plot.
Given variability in plots' soil textures, moisture, and compactness, a
variable amount of soil ranging from 10 to 30 cm in depthwas removed
at a time and laid on a white sheet to reflect in-situ soil horizonation.
Concurrent measurement of soil depth was conducted, and every 5 to
10 cm interval was noted to establish depth markers. While peds
were naturally separated during transfer from the auger to the sheet,
care was taken to maintain in-situ ordering. After all 60 cm of soil had
been sampled and transferred, color recordings began.

Only interior colors were examined as to avoid including smudged
colors in the readings. Starting at the top of the profile, each ped was
broken in half. For each ped, the two halves were inspected for interior
colors, and colors were recorded using both the MSCC and the NCS at
each site visit. When scanning matrix colors, relatively flat surface
areas of the peds were chosen for NCS scanning to reduce sources of
error. After colors were recorded, each half was iteratively broken
along structural voids to form smaller peds. At each stage of the process,
newly exposed interior soils were visually scanned for new colors;
when new colors were identified, MSCC and NCS colors were recorded.
This process was repeated to a ped diameter of roughly 3–5 cm. Color
readings did not go past the 3–5 cm diameter ped size for either the
MSCC or NCS because of the size of the aperture of the NCS (~1.5 cm):
as the NCS requires a planar surface to ensure the edges surrounding
its aperture are tightly touching the surface of color recording, smaller
fractions (e.g., diameter < 3–5 cm) risk the introduction of uneven inte-
rior and edge surfaces which would introduce error into the measure-
ments. Per initial ped, this required about 3 to 5 steps of halving.

This process was repeated for all peds down to 60 cm; however, for
peds of the same horizon with visible equivalences in interior matrix
and RMF colors, MSCC and NCS color recording were not repeated.
When possible, surfaces were smoothed using pressure to create an
even surface formeasuring colorwith theNCS; this was not always pos-
sible when physical pressure affected the visibility of the color. The
identification and recording of each color took one to two minutes for
the MSCC, and one minute or less for the NCS.

2.3. Determination of soil colors

For each identified color, 18measured (M) variables were collected:
3 from theMSCC (H, V, and CM), and 15 from theNCS (L, a, b, C, h, X, Y, Z,
R, G, B, CK, MK, YK, and KK). Per color, the three variables from the
Munsell color space (H, V, and CM) and the 15 variables from the NCS
were measured and recorded (Table 1). Procedures for MSCC use
were followed, such as reading soil colors from the chart in daylight
and with moist soil samples. While specific “gley” or bluish gray or
greenish gray colors with low chroma (CM ≤ 2) and high value (V ≥
4) are common to wetland soils and were observed, they were not in-
cluded in the analysis given their coincidence with high soil moisture
that, in the context of the data set, reduced replicability and
reproducibility.
4

As hue is an alphanumeric variable (e.g., “10YR”; Fig. 2) a numeric
variable H#was recorded as a quasi-equivalent expression to aid in sta-
tistical analyses. H# was recorded by denoting hues with negative
values equal to numerical distances from 10R if redder than 10R (5R
and 7.5R), and with positive values equal to numerical distances from
10R if yellower than red (2.5YR to 5Y). Thus, H# = −5 for 5R and 15
for 5Y (Kirillova et al., 2015). All further discussion of MSCC variables
used in statistical analyses relies on the “measured” (M), or directly
measured, variables H# (as a proxy for H), V, and CM.

The NCS was concurrently used tomeasure all identified colors with
the exception of those unable to fit within the NCS aperture (e.g., color
feature diameters < 1.5 cm). Measurements were made in triplicate by
moving the sensor to three areas of a perceptually uniformly colored
soil fraction. To record and store colors, the NCS was connected to a
smartphone running the Nix Pro Color Sensor app, which automatically
recorded and stored scanned colors alongside timestamps and typed
descriptors. The use of the NCS and resulting color measurement were
stored on the smartphone app and exported in a CSV file (Fig. 2). Each
color measurement made by the NCS is automatically represented as
15 measured variables from five color spaces: (1) The International
Commission on Illumination (CIE) Lab, or CIE-Lab; (2) CIE-LCh, which
shares the variable L with the CIE-Lab space; (3) CIE-XYZ; (4) the RGB
model (including color spaces RGB, sRGB, and Lin.sRGB) commonly
used with digital displays; and (5) CMYK (Table 1). Each space is
named according to the variables which define colors in said space;
for example, a color defined in the LCh space is represented as a three-
dimensional vector composed of an L dimension, a C dimension, and
an h dimension, respectively. For the purposes of this study, only the
first RGB space data was utilized from the RGB color model. More infor-
mation on the genesis and applicability of these color spaces is outlined
in Viscarra Rossel et al. (2006).

2.4. Formulation of calculated variables

Calculated (C) variables were identified as a relatively rapid and ac-
cessible method for arithmetically manipulating measured MSCC and
NCS variables to increase the potential likelihood formoderate to strong
relationships to surface between the two methods. A list of calculated
variables to considerwasproduced from color science literature indicat-
ing the formulation of color-relevant variables from measured color
space variables. For NCS color variables, calculationswere based in liter-
ature recommendations on (1) the de-correlation of linearly dependent
color variables and the reduction of color space dimensions; and (2) the
basis of absent color spaces non-identical but linked to the color spaces
provided by the NCS. In all cases, measured variables from one color
space were used as the basis of derivation for each new variable.

2.5. Processing of soil color data

For the set of measured (n = 18) and final calculated variables (n
provided in Section 3.2), descriptive and normality statistics were con-
ducted on all variables using Microsoft® Excel 2013 to better under-
stand variable distribution. Next, a stepwise investigation of variable
relationships was conducted via Spearman correlation analysis to
yield a final list of one NCS variable most capable of relating to MSCC
variables representative of H, V, and CM. The analysis contained two
key procedures: the identification of strong Spearman correlation coef-
ficients (ρ) for MSCC-NCS variable pairs, and the removal of variables
with high intra-method (MSCC-MSCC or NCS-NCS) correlations,
i.e., collinearity, from further consideration.

Correlation coefficients were studied between all measured and cal-
culatedMSCC variables and (1) allmeasuredNCS variables plus (2) final
calculated NCS variables. Generally, 0.70 is accepted as a threshold sep-
arating moderately strong from strong relationships (Akoglu, 2018;
Dancey and Reidy, 2007; Mukaka, 2012); thus, strong correlations,
i.e., those with |ρ| ≥ 0.70, were flagged for further analysis. If the



Table 1
Summary of all measured and calculated color (space) variables obtained using the Munsell Soil Color Chart (MSCC) and Nix Color Sensor (NCS).

Measured

or

calculated b
Instrument Color space Description Variable name Label Variable description (where applicable)

Range for 

common soil colors

Measured Munsell 

Soil Color 

Chart 

(MSCC)

Munsell Perceptually linear 

color space with 24 

categorical color 

hues and discrete and 

independent 

luminance and 

chromatic variables

Hue

(Alphanumeric) a
H Spectral attribute of color (yellow, red, green, blue, 

purple); the MSCC is composed of 9 main pages 

relating to distinct hues in steps of 2.5:  

- red:                    5R,        7.5R,       10R

- yellow-red:        2.5YR,  5YR,   7.5YR,    10YR

yellow:              2.5Y,      5Y

5R through 10Y

Hue

(Numeric)

H# Linear ranking of MSCC hues, where 10R=0. Each 

2.5-unit increase in H equates to a 2.5-step decrease 

(redder) or increase (yellower) from 0 

10R = 0;      2.5YR = 2.5;      5YR = 5   7.5YR = 7.5;    

10YR = 10;      2.5Y = 12.5;    5Y = 15

2.5 to 15 (5Y) 

Value V Lightness of color (0=black, 10=white) 0 – 8

Chroma CM Intensity or purity of color (0=achromatic) 0 – 8

Nix 

Color

Sensor   

(NCS)

CIE Lab d Device-independent 

color space that 

separates luminance 

and chromatic 

components of color

L* L Lightness 0 - 100

a* a Chromaticity, where  -: green;    +: red  Hue dependent

b* b Chromaticity, where  - : blue;     + : yellow Hue dependent

CIE XYZ Device-independent 

color space which 

includes virtual 

components 

X and Z

X X Virtual and nonnegative mix of shorter- and higher-

wavelength light; orthogonal to Y

Hue dependent; 

0 – 15

Y Y Luminance Hue dependent

Z Z Shorter-wavelength light (corresponds to blue) Hue dependent

CIE LCh c, d Device-independent 

color space which 

separates luminance 

and chromatic 

variables

L* L Lightness 0 - 100

C* C Chroma 0 - 100

h* h Hue 0 – 360 (degrees)

10YR 10Y

10GY

10G

10BG

10B 10PB

10R 

10RP 

10P 

Measured Nix 

Color

Sensor   

(NCS)

RGB, 

sRGB,

Lin.sRGB

Additive and device-

dependent cube-

shaped space

R R Red 0 - 255

G G Green 0 – 255

B B Blue 0 – 255

CMYK Subtractive space 

used for printing

C CK Cyan 0 - 100%

M MK Magenta 0 - 100%

Y YK Yellow 0 - 100%

K KK Black 0 - 100%

Calculated
CIE XYZ Device-independent 

color space which 

includes virtual 

components 

X and Z

X / (X+Y+Z) x̂ Proportion of X in X+Y+Z 
0 – 1 

Y / (X+Y+Z) ŷ Proportion of Y in X+Y+Z 0 – 1

Z / (X+Y+Z) ẑ Proportion of Z in X+Y+Z 
0 – 1

RGB, 

sRGB,

Lin.sRGB

Additive and device-

dependent cube-

shaped space

(2G – R – B)/4 HRGB Linear combination of G, R, and B to produce linear 

independence (Viscarra Rossel et al., 2006) -25 – 25

(R + G + B)/3 IRGB Linear combination of G, R, and B to produce linear 

independence (Viscarra Rossel et al., 2006) 30 – 200

(R – B)/2 SRGB Linear combination of R and B to produce linear 

independence (Viscarra Rossel et al., 2006) 
0 – 80

CMYK Subtractive space 

used for printing

CK – YK Co Linear combination of CK and YK to produce linear 

independence (Malvar et al., 2008) -1 – 0

YK + (CK - YK)/2 Cg Linear combination of CK and YK to produce linear 

independence (Malvar et al., 2008) 0.50 – 0.75

1 – (2MK + YK + CK)/4 Ym Linear combination of MK, CK and YK to produce 

linear independence (Malvar et al., 2008) 0.25 – 0.75

(a) H is an inherent variable of the MSCC but is not included in statistical analyses or variable counts mentioned in results and discussion.
(b) Measured variables were directly measured using the prescribed method (MSCC or NCS); calculated variables required arithmetical operations (addition, subtraction, multiplication,
and/or division) to combine multiple variables belonging to a single color space into one variable.
(c) While total number of measured variables from the NCS sums to 16 from this table, L is a part of CIE-Lab and CIE-LCh color spaces; thus there are 15 measured NCS variables. d The
asterisks that follow the alphabetical notations of the CIE variables L*, a*, b*, C*, and h* are inherent aspects of the variable names and are not additions relevant to a footnote.
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Fig. 2. Demonstration of color measurements in the field using the Munsell Soil Color Chart (MSCC; left) and the Nix Color Sensor (NCS) paired with the smartphone app (right).
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threshold was not met by at least one NCS variable for either H, V, or CM
variables, the threshold was lowered in steps of 0.05 until at least one
NCS variable met the threshold. Strong (|ρ| ≥ 0.70) correlations with V
and CM variables, and modest (|ρ| ≥ 0.50) correlations with H variables,
were subsequently flagged. NCS and MSCC variables showing zero
strong or modest correlations with variables of the opposing method
(i.e., MSCC and NCS, respectively) were removed.

Intra-method variable redundancy was identified by flagging very
strong MSCC-MSCC and NCS-NCS correlations (|ρ| ≥ 0.90),
i.e., collinear pairs (Mukaka, 2012; Schober et al., 2018). Where one col-
linear variable was more strongly correlated with variables of the op-
posing method (|Δρ| > 0.02), all other collinear variables were
removed. Where collinearity was found between variables that shared
similar correlation coefficients with variables of the opposing method
(|Δρ| ≤ 0.02), the followingordered criteriawere used to give preference
to: (1) measured over calculated variables; (2) variables commonly
used in the literature (e.g., L for V) (Mahyar et al., 2010; Marqués-
Mateu et al., 2015; Moonrungsee et al., 2015; Torrent and Barrón,
1993; Viscarra Rossel et al., 2006; Yang et al., 2001); and (3) visual
goodness of fit of scatterplots when plotted against themost highly cor-
related variable of the opposing method. A similar set of criteria were
subsequently used to eliminate all but one NCS variable per H, V, and
CM variables—i.e., yielding three variable pairs. Maximal |ρ| was used
as the single criterion to choose between variable pairs for a given
MSCC variable when |Δρ| > 0.02.Where |Δρ| ≤ 0.02, oneMSCC-NCS var-
iable pair was chosen with preference using the three criteria.

For final MSCC-NCS variable pairs, simple linear regressions were
conducted to identify explanatory or predictive power of each NCS var-
iable with respect to its MSCC pair using r2 statistics (at p < 0.01). Re-
gression models with r2 ≥ 0.50 were assessed to be adequate, as this
threshold is common for appropriately identifying predictor variables
that outweigh other noncontrolled variables or sources of error
(e.g., Sanyal et al., 2017). For regressionmodels that were deemed inad-
equate (i.e., r2 < 0.50), the dataset was split by physiographic region
(Coastal Plain - MN and JJM; Piedmont - BR and ARP) to identify if
more control over soil texture—where Coastal Plain sites are sandier—
would improve predictive power.

Additionally, colors were separated into two sets: one with colors
that, after MSCC readings, satisfied a necessary condition of any hydric
soil field indicator (e.g., depleted matrix colors; prominent concentra-
tion colors; gley colors; n = 162) and those not indicative of hydric
soils (e.g., faint concentration colors; non-depleted or reducedmatrices;
n= 57) (Vasilas et al., 2018). Using these datasets, descriptive statistics
and 2-sample t-tests were conducted on V and CM, plus final Nix
6

variables related to V and CM (total n = 4), to compare colors related
to hydric soils (“hydric”) versus colors not related to hydric soils
(“nonhydric”).

3. Results

3.1. Describing measured variables for MSCC and NCS

3.1.1. Measured MSCC variables
TheMSCC contains 9 hue pagesmost commonly used byMSCC users

representing quarter-steps of Munsell hues red (R), yellow-red (YR),
and yellow (Y), and are ordered from5R (most red) to 5Y (most yellow)
(Table 1). Each page includes up to 40 color chips with discrete values
for V (vertical axis) and CM (horizontal axis) each ranging from 0 up
to 8 depending on hue (Table 1). Higher V corresponds to lighter colors;
higher CM corresponds to purer colors (Fig. 2; Table 1). CM and V are dis-
crete variables denoted as whole numbers (0, 1, 2, 3, …, 8). Half-step
judgments are possible, but not easily judged, between each unit.

3.1.2. Measured NCS variables
The color spaces included in the NCS app represent common color

spaces and variables used across color science and color-related subdis-
ciplines. While some NCS variables are meaningless in terms of percep-
tual attributes of color such as hue or saturation (e.g., the virtual X from
the XYZ color space), most variables are related to properties of hue,
value, and/or chroma (Table 1). L (CIE-Lab and CIE-LCh) corresponds
to lightness like MSCC V, with lower numbers representing darker
colors. The Lab variables a and b provide a green (−a) to red (+a)
and yellow (−b) to blue (+b) spectrums of hues. The LCh space is sim-
ilar to theMunsell space, with variablemeanings for L (V), C (CM), and h
(H) directly linking to those of their MSCC counterparts. CMYK and RGB
color spaces have variables related to specific hues—cyan, magenta, yel-
low, and black for CMYK, and red, green, and blue for RGB. For each of
these color spaces, all variables encompass a quality of lightness and
are not linearly independent. For example, in the RGB (red, green, and
blue) color space, a unit-increase for each variable relates to an overall
lightening of color, as the red, green, and blue components “add” to in-
crease lightness. The opposite is true of the subtractive CMYK (cyan,
magenta, yellow, and black) color space.

3.2. Calculation of variables to increase MSCC-NCS variable pairs

The method of identifying calculated variables relevant for relating
NCS and MSCC measurements led to an expansion of measured
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(M) variables (MSCC: n = 3; NCS: n = 15) to include an additional 9
calculated (C) variables (MSCC: n = 0; NCS: n = 9), yielding 27 total
variables (Table 1).

For the MSCC, three calculated variables were considered for analy-
sis—angular hue, or H°, which represents hues as angles on a circular
color wheel; sinH°; and cosH° (Schmidt and Ahn, 2019). However,
none were deemed useful for this study's application. Because angular
hue (H°) was defined with 5R set equal to 0° (Ruck and Brown, 2015;
Sánchez-Marañón et al., 2011), it shared a direct linear relationship
with H# and added no value to the study. Additionally, while sinH°
and cosH° could have benefited our research aims, they were redun-
dant: the dataset only included hue calculations for H# that, when
transformed to H°, fell within quadrant one (i.e., yielding monotonic
changes to both cosH° and sinH°, respectively). Indexing H# and H° dif-
ferently and independently (e.g., 5R = 0 for H# but 10R = 0° for H°)
was deemed unnecessary and nonproductive due to the absence of
colors with hues redder than 2.5YR (e.g., 10R, 7.5R, …; n = 0). For
soils of Northern Virginia which are not often redder than 5YR, it was
determined that derivations of MSCC variables are simply not necessary
to augment the color information provided by MSCC.

With respect to V and CM, zero calculated variables were deemed
suitable for relating NCS-measured colors to MSCC-measured colors.
While other calculations exist in the literature, transformations that
characterize soil color patterns instead of color (e.g., redoximorphic fea-
tures) or combine variables into multivariable expressions do not serve
the need of linking NCS color variables to the MSCC color aspects hue,
value, and chroma. Thus, arithmetic operations including more than
one of H, V and CM or relating to color patterns instead of colors were
deemed unsuitable (Evans and Franzmeier, 1988; Jien et al., 2004;
Thompson and Bell, 1996).

In contrast to the MSCC, calculated variables (C) derived from the
NCSmeasured variables were deemed useful to color relationship stud-
ies between the NCS and the MSCC. RGB and CMYK include dependent
variables; thus, linearly independent variables from the RGB and CMYK
color space were calculated from transformations delineated by Malvar
Table 2
Descriptive statistics for all measured and calculated variables from the Munsell Soil Color Cha

Variable type Color space Variable Shapiro normalitya Median

Measured MSCC H# <0.001 7.5
V <0.001 4
CM <0.001 3

NCS – Lab L 0.113† 36.7
a 0.010⁎ 7.9
b 0.006 16.0

NCS – LCh C 0.002 18.4
h <0.001 65.3

NCS – XYZ X <0.001 10.3
Y <0.001 9.4
Z <0.001 4.2

NCS – RGB R 0.629† 108
G 0.006 81
B 0.009 60

NCS – CMYK CK <0.001 0.47
MK <0.001 0.60
YK 0.002 0.74
KK 0.005 0.36

Calculated NCS – XYZ x̂ 0.045⁎ 0.405
ŷ 0.008 0.467
ẑ 0.001 0.178

NCS – RGB HRGB <0.001 −0.25
IRGB 0.082⁎ 82.7
SRGB <0.001 22.5

NCS – CMYK Co 0.003 −0.266
Cg <0.001 0.599
Ym <0.001 0.403

a Shapiro normality refers to the p-value obtained from the Shapiro test for normality; variab
are non-normally distributed.

† Shapiro p-value is not significant (p > 0.10), indicating the variable is normally distributed
⁎ Shapiro p-value is significant at 0.01 < p < 0.10, indicating the variable is likely to be non
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et al. (2008). The derived variables provide a simple algebraic transfor-
mation of R, G, and B and CK, MK, YK, and KK, respectively, and have been
shown to be useful in color science (Malvar et al., 2008; Viscarra Rossel
et al., 2006). Calculations to normalize the XYZ color space and create
variables used in the CIE-xyY color space, not included in NCSmeasure-
ments, were also made (Viscarra Rossel et al., 2006).

This approach led to the inclusion of 9 calculated variables for the
NCS: (1–3) x ̂, or X / (X + Y + Z); ŷ, or Y / (X + Y + Z); and ẑ, or Z /
(X + Y + Z) from the XYZ color space; (4–6) HRGB, or (2G − R − B) ·
4−1; IRGB, or (R + G + B) · 3−1; and SRGB, or (R − B) · 2−1 from the
RGB color space; and (7–9) Co, or CK − YK; Cg, or YK + [(CK − YK) ·
2−1]; and Ym, or 1 − [(2MK + YK + CK) · 4−1] from the CMYK color
space. The XYZ color space variables provide chromaticity coordinates
between 0 and 1 and provide a means of including the CIE Yxy color
space in the analysis. While Z / (X + Y + Z) is usually ignored in color
sciences due to its linear dependence with X / (X + Y + Z) and Y / (X
+ Y + Z), it is included here as not all normalized variables were to
be used in concert.

3.3. Describing observed colors through MSCC and NCS variables

Descriptive statistics for all measured (n = 3) MSCC variables indi-
cate H# ranged from 2.5 (=2.5R) to 15 (=5Y) with a mean of 8.4, or
8.4YR; this most closely mirrors the MSCC hue page 7.5YR, with H#
(7.5YR) = 7.5 (Table 2). V ranged from 2 to 7 with a mean of 4.3 ±
0.1, and CM ranged from 1 to 6 with a mean of 3.1 ± 0.1. Measured var-
iables V and CMwere nonnormal per the Shapiro test for normality (p<
0.001).

Descriptive and normality statistics for all measured (n = 15) and
calculated (n = 9) NCS variables indicate that L and R were the only
measured variables to display normal distributions per the Shapiro
test (p > 0.05; Table 2). Additionally, X and Y from the XYZ color
space were almost identically distributed with similar means, medians,
ranges, and skewness and kurtosis. From R, G, and B, B displayed the
lowest range and did not surpass 99 out of a possible 355. At the α =
rt (MSCC) and Nix Color Sensor (NCS) used in this study.

Mean ± SE Kurtosis Skewness Range (Min, Max)

8.4 ± 0.2 −0.328 −0.083 12.5 (2.5, 15)
4.3 ± 0.1 −0.363 −0.074 5.0 (2, 7)
3.1 ± 0.1 −0.327 0.154 5.0 (1, 6)
37.6 ± 0.7 −0.271 −0.016 47.4 (13.2, 60.5)
7.9 ± 0.2 −0.787 0.205 12.7 (1.9, 14.6)
16.8 ± 0.4 −0.830 0.223 22.4 (5.4, 27.8)
18.7 ± 0.4 −1.062 0.022 23.5 (6.2, 29.7)
64.9 ± 0.5 −1.206 0.202 24.3 (54.6, 78.9)
11.5 ± 0.4 0.335 0.782 28.0 (1.7, 29.6)
10.8 ± 0.4 0.469 0.875 27.1 (1.6, 28.7)
4.9 ± 0.2 0.029 0.787 11.0 (0.9, 12.0)
107.8 ± 1.9 −0.330 −0.039 131 (40, 171)
83.9 ± 1.6 −0.296 0.243 108 (32, 140)
61.9 ± 1.2 −0.431 0.168 73 (26, 99)
0.47 ± 0.06 −0.552 0.132 0.32 (0.32, 0.64)
0.58 ± 0.06 −0.170 −0.829 0.27 (0.41, 0.67)
0.73 ± 0.04 0.724 −0.536 0.23 (0.60, 0.83)
0.35 ± 0.14 −0.280 0.339 0.70 (0.06, 0.76)
0.423 ± 0.001 −0.075 −0.229 0.086 (0.377, 0.462)
0.396 ± 0.001 −0.449 0.320 0.036 (0.381, 0.416)
0.181 ± 0.002 −0.217 0.465 0.105 (0.135, 0.240)
−0.50 ± 0.12 −0.798 0.154 6.75 (−3.50, 3.25)
84.5 ± 1.45 −0.322 0.064 103 (32.7, 136.0)
22.9 ± 0.5 −1.034 0.062 31.5 (7.0, 38.5)
−0.267 ± 0.006 −0.777 0.234 0.340 (−0.410, −0.070)
0.599 ± 0.003 0.268 −0.124 0.170 (0.505, 0.675)
0.413 ± 0.003 0.035 −0.697 0.210 (0.333, 0.543)

les assuming statistically significant p valueswhere p< 0.01 (without individual footnotes)

.
-normally distributed.



Table 3
Spearman correlation matrix for all measured color variables from the Munsell Soil Color
Chart (MSCC) and Nix Color Sensor (NCS) used in this study.

Nix Color Sensor –
measured (n = 15)

Munsell Soil Color Chart –measured (n= 3)

H# V CM

L 0.31 0.73a 0.39
a −0.24 0.15 0.60
b 0.20 0.61 0.76a

C 0.12 0.56 0.77a

h 0.54b 0.44 −0.08
X 0.29 0.73a 0.43
Y 0.31 0.73a 0.39
Z 0.32 0.66 0.18
R 0.25 0.72a 0.49
G 0.33 0.73a 0.34
B 0.32 0.63 0.12
CK −0.13 −0.62 −0.67
MK −0.47 −0.63 −0.13
YK −0.11 −0.06 0.53
KK −0.31 −0.73a −0.37

Note. All correlations with |ρ| ≥ 0.21 are significant at p < 0.001.
a Boldface indicates |ρ| ≥ 0.70.
b Italics indicate |ρ| ≥ 0.50 (only highlighted for MSCC H#).

Table 4
Spearman correlation matrix between all measured Munsell Soil Color Chart (MSCC) var-
iables and all calculated variables from the Nix Color Sensor (NCS) used in this study.

Nix Color Sensor –
calculated (n = 9)

Munsell Soil Color Chart – measured (n = 3)

H# V CM

x̂ −0.18 0.14 0.69
ŷ 0.42 0.53 0.69
ẑ −0.01 −0.35 −0.80a

HRGB 0.56b 0.41 −0.05
IRGB 0.30 0.72a 0.36
SRGB 0.12 0.57 0.74a

Co −0.06 −0.47 −0.80a

Cg −0.20 −0.62 −0.30
Ym 0.36 0.68 0.21

Note. All correlations with |ρ| ≥ 0.21 are significant at p < 0.001.
a Boldface indicates |ρ| ≥ 0.70.
b Italics indicate |ρ| ≥ 0.50 (only highlighted for MSCC H#).
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0.10 level, all calculated variables were significantly nonnormal. HRGB

andCowere primarily negativewhereas IRGB, SRGB, Cg, andYmconsisted
exclusively of positive values.

3.4. Correlation

3.4.1. Pre-screening results: MSCC-NCS variable correlations
An assessment of Spearman correlations betweenMSCC variables (n

= 3) and measured NCS variables (n = 15) highlighted that NCS vari-
ables a, Z, B, CK, MK, and YK failed to hold strong (V, CM) or modest
(H) correlations with MSCC variables (Table 3). These variables were
thus removed from further analysis. H# was modestly correlated with
h only (|ρ| = 0.53; p < 0.001). V was strongly positively correlated
with L, X, Y, and G (ρ = 0.73) and strongly negatively correlated with
KK (ρ = −0.73); V also showed strong correlation with R (ρ = 0.72)
(p < 0.001). CM was strongly correlated with b (ρ = 0.76) and C (ρ =
0.77) (p < 0.001).

Several variable sets displayed high intra-method (MSCC-MSCC or
NCS-NCS) correlations: (1) L, X, Y, Z, R, G, B, and Kk and (2) C and b.
The collinearity criteria of Section 2.5 were used to remove NCS vari-
ables X, Y, R, G, KK from further analysis. In conjunction with NCS vari-
ables removed for failing to hold strong (V, CM) or modest
(H) correlations with NCS variables, NCS variables L, C, and h remained
for further analysis, and remaining correlation pairs were V and L; CM
and C; and H# and h.

Between all MSCC variables (n= 3) and calculated NCS variables (n
=9), ẑ, HRGB, IRGB, and Co displayed strong (H) ormodest (V, CM) corre-
lations with MSCC variables; x ̂, ŷ, SRGB, Cg, and Ym were only weakly
(H) or moderately (V, CM) correlated with MSCC variables and were
thus removed from further analysis (Table 4). HRGBwasmodestly corre-
lated with H# (ρ= 0.56). V was not more strongly correlated with cal-
culated NCS variables than measured NCS variables; the maximum
coefficient was ρ = 0.72 between V and IRGB (p < 0.001). CM showed
strong correlations with ẑ (ρ = −0.80), Co (ρ = −0.80) and SRGB
(ρ=0.74) (p < 0.001). No pairs of NCS calculated variables were highly
collinear (|ρ| < 0.90). Given the remaining four calculatedNCS variables,
strong (V, CM) andmodest (H) correlation pairswere V and IRGB; CM and
ẑ; CM and SRGB; CM and Co; and H# paired with HRGB.

3.4.2. Choosing final variables
From the remainingMSCC-NCS variable pairs for H, selection criteria

were employed to choose between H#-h and H#-HRGB. Comparing the
scatterplots of similarly correlated pairs H#-HRGB and H#-h (|Δρ| ≤
0.02; Tables 3 and 4), HRGB was chosen as the most suitable variable
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for relating to MSCC H. Next, to choose between V-L and V-IRGB (|Δρ| ≤
0.02; Tables 3 and 4), L was chosen over IRGB due to being a measured
versus calculated variable as well as its prevalence in soil and color sci-
ence literature. Finally, for CM correlations with b, C, ẑ, Cg, and Co, CM-ẑ
and CM-Co were most strongly correlated than the other pairs (|Δρ| >
0.02). Scatter was similar between CM vs. ẑ and CM vs. Co plots. Ulti-
mately, ẑ was selected due to the relationship between ẑ and the pre-
established CIE-xyY (or x̂ŷY using our notation), a color space discussed
in color science literature where ẑ=1− (x̂ + ŷ) (Viscarra Rossel et al.,
2006).

In summary, three MCS-NCS variable pairs were ultimately chosen
to allow MSCC measurements to be complemented with the NCS: H#
and HRGB (ρ = 0.56); V and L (ρ = 0.73); and CM and ẑ (ρ = −0.80)
(p < 0.001).

3.5. Quantification of relationships between MSCC and NCS

Regression analysis indicated that variable pairs H# and HRGB, V and
L, and CM and ẑ can be defined through linear relationships inwhich26%
of variation in H# can be explained by HRGB calculations; 54% of varia-
tion in V can be explained by L measurements; and 62% of variation in
CM can be explained by ẑ calculations (Fig. 3; p<0.01 for all). The regres-
sion between H# and HRGB is weak; residuals are not randomly distrib-
uted, and a pattern is evident where low H# values (H# ≤ 5) have the
largest residuals and tend to share a distinct relationship with HRGB

when compared to the pattern for H# ≥ 5 (Fig. 3). When separated by
physiographic region, regression results between HRGB and H# did not
improve (r2 = 0.07 for Coastal Plain sites, p > 0.01; r2 = 0.33 for Pied-
mont sites, p < 0.01). The regression between V and L indicates a mod-
erately strong linear relationship with more pronounced scatter for
more frequently observed values like 3 through 5, but themodel tended
to overestimate V for low (<3) values, and underestimate V for high
(>6) values. Finally, the regression model for CM versus ẑ highlights a
moderately strong negative linear relationship. Residuals are generally
negative for CM < 3 and positive for CM ≥ 4; in particular, the model un-
derestimates observed CM for all observations above CM = 4.

In summary, H# and HRGB ranged from 2.5 to 15 and −3.5 to 3.25,
respectively, with medians of 7.5 (7.5YR) for H# and −0.25 for HRGB

(Table 5).MeanH# (8.4YR) falls between 7.5YR and 10YRbut is best ap-
proximated by the hue page 7.5YR (Table 5). V and L ranged from 2 to 7
(V) and 13.2 to 60.5 (L), with medians of 4 and 36.7, respectively. Fi-
nally, CM and ẑ ranged from 0 to 6 and 0.172 to 0.240 with medians of
4 (CM) and 0.179 (ẑ).

Table 5 also indicates statistics for colors that aided in identifying hy-
dric soils and those that did not; t-distribution confidence intervals
highlight that statistically significant differences in CM and ẑ occurred
between colors involved in hydric soil identification and all other colors
(p < 0.05). However, L did not differ between hydric versus nonhydric
groups (p > 0.05).



Fig. 3. Scatterplots including regression model trendlines and r2 coefficients for final NCS-MSCC variable pairs.
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4. Discussion

4.1. MSCC and NCS variables

The 15 variables recorded by the NCS provide a broader set of vari-
ables and meanings to describe soil color beyond the MSCC. The color
spaces supplied through the NCS are not relatable to MSCC variables
through well-defined mathematical equations, but certain color spaces
have been constructed in such a way—and thoroughly researched
with respect to theMSCC—to render them relevant to our study's objec-
tive. For example, Lab and LCh were specifically created to relate to
human perception of color (e.g., hue, lightness or tone, and chroma or
saturation) similar to the MSCC; additionally, the transformation from
MSCC to CIE-XYZ, followed by a transformation to CIE-Lab or CIE-LCh,
has been studied extensively, making CIE variables attractive for MSCC
color space conversions (Fan et al., 2017; Kirillova et al., 2018; Mahyar
et al., 2010; Moonrungsee et al., 2015; Torrent and Barrón, 1993;
Viscarra Rossel et al., 2006, 2008). While RGB and CMYK variables are
device-dependent and not directly related to human perception of
color qualities like the MSCC, they have been the focus of previous
soils research (Gómez-Robledo et al., 2013; Moonrungsee et al., 2015;
Stiglitz et al., 2016a), and their inclusion in our statistical analysis im-
proved chances of identifying strong inter-space correlations. Because
eachNCS instrument is calibrated before consumer usewith guaranteed
high inter-instrument agreement, the device dependence of HRGB, se-
lected as the variable most representative of hue, was not deemed an
issue for this study. Furthermore, CMYK was chosen as the color space
for analysis in a previous study relating the NCS toMSCC soil color mea-
surements, giving precedence to the suitability of such spaces in soil sci-
ence (Stiglitz et al., 2016a).

4.2. Correlation between soil color variables

The correlation analysis produced promising albeit not affirmative
correlations between the NCS and MSCC methods of soil color determi-
nation. Intuitively understood NCS variables—for example, L, C, and h—
proved most useful for relating NCS colors to MSCC value, but not
chroma or hue (Table 3). While V was best correlated with L, CM was
more strongly correlatedwith calculated variables like ẑ thanwithmea-
sured chroma-related variables like C.

The correlation results were not optimal for several reasons. First,
the relatively weak correlation coefficients between all NCS variables
and MSCC variables—in particular, H#—were unexpected. Research
has identified that the mathematical relationship between H and h is
more complex than would be expected from their shared meaning
(Simon and Frost, 1987). Beyond differences associated with complex
color theory, this relatively weak result may be attributable to the
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relatively low number of MSCC hue pages (and thus values for H#).
The introduction of multiple subdivisions between hue pages within
the MSCC could provide a higher correlation between MSCC and NCS
hue determinations, but would not aid in allowing the NCS to comple-
ment conventional color descriptions. Incorporating more complicated
calculations such as a redness index, which includes a quotient with
cubed variables, may have allowed nonredundant relationships to sur-
face and subsequently may have augmented correlation strengths
with h, but would also hinder the goal of this study to find accessible
and relatively simple NCS variables to use as proxies for MSCC variables
(Kirillova et al., 2015; Sánchez-Marañón et al., 2011; Viscarra Rossel
et al., 2006).

A one-to-one transformation between NCS and MSCC color mea-
surementswas not achievable from this sample data, but the strong cor-
relation between CM and ẑ highlights a utility of the XYZ color space for
relating NCS measurements to the MSCC. It was expected that L and V
would have a strong correlation closer to 0.90, demonstrated in past lab-
oratory studies (r > 0.90) (Viscarra Rossel et al., 2006); however, the
field focus in this study greatly affected the potential to obtain such
high correlations. In relating observed MSCC colors to recorded NCS
colors, Stiglitz et al. (2016a) found “moderately strong” correlations be-
tween MSCC and MK, YK, and KK of the CMYK color space, where corre-
lation coefficients were 0.51, 0.59, and 0.58 in moist soils, respectively.
Our study thus contributes to the literature finding that, while MSCC
and NCS colors may be moderately strongly correlated, there exists a
high degree of variation amongMSCC observations in the field that can-
not be explained byNCSmeasurements. Stiglitz et al. (2016a) converted
Munsell readings to CMYK; therefore, it is not possible to tell if the var-
iance for each MSCC reading for V and C mirrored that found in this
study. Another study used a model to predict MSCC observations from
NCS measurements and found that predictions differed by 0.5 to 3
units in V and 0 to 3 units in CM (Mancini et al., 2020). Most relevant
to using the NCS for hydric soil identification, Mancini et al. (2020) ob-
served that low-chroma colors identified using theMSCCwere correctly
estimated by the NCS. Their results generally show potential for using
the NCS for color measurements when amodel has first been calibrated
and validated in relating NCS to MSCC. Thus, simple measurements of
soil color using both the NCS and MSCC would benefit from models
that are calibrated using NCS measurements of MSCC chips.

Within our study, deviations from strong correlations (|ρ| ≥ 0.80)
may be explained by an inability to control for surface texture and soil
moisture in the field. These are variables that are always controlled
under laboratory settingswhenhigh correlationshave beendetermined
between MSCC readings and other device readings, and a history of
strong evidence exists that indicates they influence both perceived
and objective soil color determinations (Fan et al., 2017; Malone et al.,
2018; Moonrungsee et al., 2015; Torrent and Barrón, 1993).
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Nonetheless, these are properties of soil that cannot always be con-
trolled in the field; one recommendation for future studies using the
NCS in the field would be to moisten soils enough to be able to form a
flat smooth surface upon which the NCS can be placed when doing
color measurements and avoiding soil saturated beyond a certain ex-
tent. However, as soil colors can become homogenized when rubbed,
such a protocol may risk a loss of in-situ soil colors. Because high soil
moisture is likely to be encountered when investigating wetland soil
colors, further study is necessary to quantify the relationship between
the hydrologic conditions of sites and their soil colors to build a much
stronger and universal relationship for many different types of soils
over a large geographic extent.

4.3. Relationships between NCS and MSCC variables

Overall, the high collinearity identifiedwithin each methodmakes a
strong case for relying on univariate regression instead of using amulti-
dimensional approach that requires multiple NCS variables to explain
each MSCC variable. Nonetheless, while the regression analysis high-
lights that V and CM can be explained by NCS variables to a modest de-
gree identified as adequate by this study's standards (r2 ≥ 0.50), large
spread and nonrandom residuals indicate that MSCC readings may not
be dependably estimated from NCS variables using our regression
models (Fig. 3).

Particularly for the weak H#-HRGB regression model (r2 = 0.26),
large ranges in NCS measurements for a given discrete MSCC measure-
ment (e.g., HRGB=0.5) suggest inadequate control over sources of error
using the NCS. Controlling for physiographic region reduced predictive
power of the regression models, with high standard errors in NCS mea-
surements for each discrete H# despite similar ranges (see Section 3.5);
this indicates that measuring soils with similar texture characteristics
may not be sufficient to reduce error. Instead, increasing the predictive
power ofMSCC-NCS regressionmodels should focus on the standardiza-
tion of methods after sampling soils and before measuring color—
e.g., controlling for soil moisture, surface roughness, lighting conditions
when using the MSCC.

Stiglitz et al. (2016a) highlighted the strong capacity for the NCS to
detect color changes due tomoisture, which suggests that theNCSmea-
surements may be more sensitive than human-dependent MSCC judg-
ments concerning color changes due to moisture. Furthermore, light
scattering is known to depend on surface roughness or evenness, and
this relationship can extend to micro-scale roughness within the NCS
aperture that affects color determinations (Wu et al., 2009). Finally,
while standard operating procedures for MSCC use advise users to
take measures to limit misinterpretations due to lighting conditions,
field operations—particularly in forested wetlands—are not necessarily
able to work around time of day or micro-habitat lighting conditions
that are affected by canopy cover and may affect MSCC judgments
(Turk and Young, 2020). While lab-based studies can better control
moisture content, surface evenness, and lighting-dependent judgments
of soil color, steps can nonetheless be taken in the field to minimize the
error due to these issues. For example, higher priority should be placed
on creating a smooth surface for each soil ped using a knife while min-
imizing the mixing of colors present on the soil surface. Additionally,
when using both methods of color determination, taking NCS measure-
ments before MSCCmeasurements, or ensuring that each soil ped is re-
wetted before utilizing the opposing method, may reduce changes in
soil moisture that affect objective and perceived soil color. Further
study should specifically focus on how to control these issues without
manipulating in-situ soil colors through reducing roughness and with-
out overcomplicating the efficiency that theNCS can offer in theprocess.

Regression models between MSCC variables and HRGB, L, and ẑ may
also improve through increasing the sample size and diversity of mea-
sured colors, as the observations of this study were comprised of only
53 unique combinations of (H, V, CM) common to the Virginia Piedmont
and Coastal Plain. For example, very few soils with colors redder than
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5YR were identified at our field sites. If the medians of HRGB are exam-
ined for each discrete H# in Fig. 3, it appears that the more commonly
observed colors—i.e., H# = 5 (5YR), 7.5 (7.5YR), 10 (10YR), and 12.5
(2.5Y) – follow a slightly different trendwith a steeper slope than iden-
tified using the regression equation; this is the result of HRGB values for
H#= 2.5 (H = 2.5YR) plotting considerably higher than would be ex-
pected from the perceivable H#-HRGB relationship for yellower hues
(higher H#). More measurements for soils with hues of 2.5YR and red-
der may be necessary to determine if our data accurately depict an in-
ability for the NCS to follow a predictable trend in soil redness past a
certain threshold.

The scatterplots of Fig. 3 also indicate large spread and nonrandom
residuals for the CM-ẑ model despite the pair's high correlation coeffi-
cient. For CM = 1, outliers appear to be decreasing the explanatory
power of the line of best fit; for CM > 5, the onset of a nonlinear trend
produces systematically positive residuals (Fig. 3). The results of the re-
gression may be improved by creating a regression modeled from the
median and interquartile range associated with each discrete chroma
rather than using the entire dataset; for example, obtaining ẑ < 0.175
would be indicative of CM > 2 with a higher degree of certainty. The
nonlinear relationship for CM > 5 may suggest a nonlinear relationship
even with improved quality control and method standardization,
warranting further study.

Overall, the discrete nature of H#, V, and CM complicate regression
interpretation even with normal residuals: MSCC versus NCS
scatterplots are unlikely to be either onto or one-to-one, with a spec-
trum of NCS variable measurements mapped to a single MSCC variable
measurement, and multiple MSCC measurements mapped to a single
NCS variablemeasurement. Therefore, using the NCS as a color determi-
nation tool is more likely to provide range estimates of MSCC variables
instead of point estimates. However, point estimates can still be useful
and can be improved through regression analyses with reduced vari-
ances and randomly distributed residuals.

4.4. Utility of methodology for soil science and education

Our analysis does not support the notion that the NCS can be
depended upon by professionals to identify soil colors, including wet-
land soil colors, without greater method standardization and quality
control. An important aspect of color determination in assisting hydric
field indicators is the capacity to discriminate between chromas of 2
or less and chromas greater than 2, but large overlap occurred for ẑ be-
tween these two sets such that professionals characterizing soil color
would not be able to discern the hydric nature of a soil if ẑ fell within
this range of overlap (e.g., 0.175 to 0.225).

Nonetheless, the methodology of identifying relationships between
NCS and MSCC variables was able to identify moderately strong to
strong correlations that suggest a focus on characterizing NCS variables
is relevant to its application to soil science and education. Certain NCS
measured and calculated variables can be linked to the aspects of
color from the MSCC—hue, value, and chroma—in a generalized way
through identifying trends in increasing/decreasing NCS variables as a
signal of higher or lower numbers for MSCC variables, or extrema in
NCS variable ranges highlighting extrema in MSCC variable ranges. For
example, citizen science education endeavors using theNCS inNorthern
Virginia could highlight the high probability that colors do not meet
the hydric soil thresholds for depletions if L and ẑ do not fall within
the hydric ranges of Table 5. Such an approach would augment the
shortcomings of using the MSCC—requiring familiarity for proper
judgment, influenced by sunlight and moisture, and requiring some-
times time-consuming judgments—and provide an accessible, relatively
fast method of exploring soil colors.

Furthermore, the NCS has the capacity to be used cautiously in
assisting MSCC measurements and identifying hydric soils in less tech-
nical and more education-focused endeavors when users are more fa-
miliar with alternative color spaces like CIE-Lab, RGB, or CMYK. While
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variables like HRGB and ẑ may be unfamiliar to users, their introduction
into soil science and education could yield a new pathway of character-
izing and parametrizing soil colors that ultimately appear less like alge-
braic calculations andmore like intuitive indicators of color.With future
efforts focused on improving the breadth of colorsmeasured using both
measurement devices and removing sources of error by working to
standardize surface texture, moisture, and other confounding variables
met during field work, the shortcomings highlighted in this study can
be addressed with promising applications.

5. Conclusions

This study shows that NCS variables can be characterized and quan-
titatively related to MSCC variables to a modest or strong degree. The
correlation and regression analyses of the two field methods for soil
color measurement indicate that MSCC H, V, and CM variables of soil
colors, commonly observed and reported for wetland delineation, can
be represented from modest (H), moderately strong (V), and strong
(CM) relationships with NCS variables HRGB, L, and ẑ, respectively.
With over 35% of variation in each MSCC variable left unexplained by
matching NCS variables, field use of the NCS by professionals cannot
yet be supported using the methods of this study; nonetheless, correla-
tions between MSCC V and CM and NCS variables indicate a promising
role of the NCS in characterizing soil colors with further refinement fol-
lowing similar calculations and statistical analyses presented herein.
More fine-tuning is necessary to properly harness what the NCS can
offer, and future endeavors should determine if a standardization of
field methods can render the NCS able to measure color accurately
and reliably as related to MSCC measurements.
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