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Introduction

Assessing soil water content (0) at various spatial
and temporal scales is important for a wide range of
applications, such as water dynamics and hydrological
modeling (Bertoldi et al., 2014; Zhou et al., 2018),
management of water resources (Dobriyal et al., 2012),
and irrigation planning (Hillel, 2013). Electromagnetic
(EM) sensors are a well-established and widely available
technique for measuring 6 (Mittelbach et al., 2012). Topp
etal. (1980) established the theoretical and practical basis
for determining 0 from the soil dielectric constant (g},
providing an equation for sensor calibration. Although
this equation works for a wide range of soils, it may be
unsuitable for soils with low bulk density (Regalado et
al., 2003; Silva et al., 2012) and with high contents of
clay (Kargas et al., 2013), organic matter (Shibchurn et
al., 2005), and Fe and Al oxides (Kaiser et al., 2010).
Most commercial sensors operate with calibrations
specified by their manufacturers (Bogena et al., 2015),
which do not take into account specific EM properties
inherent to each soil (Kargas et al., 2013; Matula et al.,

ABSTRACT: Electromagnetic sensors are widely used to monitor soil water content (6);
however, site-specific calibrations are necessary for accurate measurements. This study
compares regression models used for calibration of soil moisture sensors and investigates
the relation between soil attributes and the adjusted parameters of the specific calibration
equations. Undisturbed soil samples were collected in the A and B horizons of two Ultisols
and two Inceptisols from the Mantiqueira Range in Southeastern Brazil. After saturation, the
Theta Probe ML2X was used to obtain the soil dielectric constant (¢). Several readings were
made, ranging from saturation to oven-dry. After each reading, the samples were weighted to
calculate 6 (m® m=3). Fourteen regression models (linear, linearized, and nonlinear) were adjusted
to the calibration data and checked for their residue distribution. Only the exponential model with
three parameters met the regression assumptions regarding residue distribution. The stepwise
regression was used to obtain multiple linear equations to estimate the adjusted parameters of
the calibration model from soil attributes, with silt and clay contents providing the best relations.
Both the specific and the general calibrations performed well, with RMSE values of 0.02 and
0.03 m3 m=3, respectively. Manufacturer calibration and equations from the literature were much
less accurate, reinforcing the need to develop specific calibrations.

Keywords: soil dielectric constant, soil water content, model selection, dielectric-based sensor

Site-specific calibrations are usually performed by
adjusting linear (Fares et al., 2011; Kaiser et al., 2010;
Rowlandson et al., 2013) and polynomial equations
(Kaiser et al., 2010; Matula et al., 2016; Mortl et al., 2011;
Sharma et al., 2017). Despite significant models, the
analysis of the regression residuals is seldom performed,
thus, checking the regression assumptions is critical for
linear models; otherwise, the adjusted models may not
be valid (Bates and Watts, 1988).

This study investigated the use of linear, linearized,
and nonlinear models for calibration of an EM sensor
based on electrical impedance to monitor soil moisture.
We hypothesized that nonlinear equations properly
represent the relation between soil water content and
dielectric constant, thus, linear and linearized models
may not comply with the regression assumptions
regarding residue distribution, which should be
addressed in the analyses of the regression residues. We
obtained specific and general calibration equations for
four soils from the Brazilian Mantiqueira Range, which
could be used for other similar soils and equipment
(impedance sensors operating at 100 MHz).

2016). Accurate assessment of 6 requires calibrations

specific to the soils (Feng and Sui, 2020; Mortl et al.,
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2011; Rowlandson et al., 2013; Stangl et al., 2009) and

horizons (Evett et al., 2006). Previous studies on Brazilian

Study site and soil sampling

soils have been limited to the Cerrado region (Silva et al.,

2012), the gently rolling hills of the Southeast (Tomasella
and Bachi, 2001) and South (Kaiser et al., 2010), and the
semiarid Northeast (Silva et al., 2007). However, there
are no calibrations for tropical mountainous soils, which
usually have a shallow solum, a deep weathering profile,

and high silt and organic matter contents.
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The study site is located in the watershed of Posses,
in the municipality of Extrema, Minas Gerais State,
southeastern Brazil, in the southern boundary of the
Mantiqueira Range (Figure 1). This watershed covers
an area of 1,200ha and is a pilot site of the Water
Conservation Project, a pioneer initiative established
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Figure 1 - Location of the study site in the Brazilian Atlantic rainforest biome. Digital elevation models showing the study site in the Mantiqueira
Range. Digital elevation models and slope in the watershed of Posses and location of the sampling points next to moisture sensors.

in 2006 to implement payment for ecosystem services
in Brazil. Several studies have been conducted in this
watershed to monitor hydrological phenomena, which
motivated the current study. Soil moisture sensors
(model PR2 Profile Probe) have recently been installed
and the calibration equations developed here are
also used for these field sensors. The local climate is
classified as Cfb (Képpen-Geiger climate classification),
mesothermic with no dry season and warm summers
(Alvares et al., 2013).

Ultisols and Inceptisols are the dominant soils
in the watershed, derived from granulitic orthogneiss
(Ultisols and Typic Humudept) or recent alluvial-
colluvial sediments weathered and eroded from this
same rock (Fluventic Dystrudept) (Silva et al., 2019).
The original vegetation is montane ombrophilus forest,
a subtype of the Brazilian Atlantic rainforest, but most
of the watershed is now covered with Brachiaria-grass
pastures (Urochloa decumbens).

Soil samples with undisturbed structure were
collected within rigid PVC cylinders (10 cm height
and 10 cm diameter) in the A and B horizons of the
following soil classes (Table 1): Typic Hapludult, Typic
Rhodudult, Typic Humudept and Fluventic Dystrudept
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(Soil  Survey Staff, 2010), which correspond,
respectively, to the following soils in the Brazilian
classification: Argissolo Vermelho-Amarelo; Argissolo
Vermelho; Cambissolo Humico; and Cambissolo
Flavico (Santos et al., 2018). For the texture analysis,
the soil was dispersed in 1 mol L' NaOH, the sand
fraction was separated by sieving (retained in 0.053
mm opening) and the silt and clay fractions were
separated by sedimentation (Donagemma et al.,
2017). The clay content was determined with a
hydrometer and the silt content was calculated as the
remaining fraction. Particle density was determined
in volumetric flasks with ethanol (Viana et al., 2017).
The OM content was determined by wet oxidation
(Fontana and Campos, 2017).

Most sampling sites were in extensive grazing
pastures, the major land use in the watershed of Posses,
except for the Typic Hapludult, which was sampled
in a reforestation site. At each soil and horizon, four
undisturbed samples were taken (4 soils x 2 horizons
x 4 replicates = 32 samples). Each sample pair (A and
B horizons) was taken from a separate trench dug a few
meters apart from the soil moisture sensors (PR2 Profile
Probe) installed in the field.
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Table 1 - Characterization of the soils and horizons in this study.

Soil moisture sensor calibration

Soil class Hz Depth Clay Silt Sand SOM Py Py n
cm g kg! Mg m-3 Mg m=3 m3 m3
Typic Hapludult A 0-20 570 200 230 21 2.50 1.00 0.60
B 4060 650 170 180 14 2.56 0.87 0.66
Typic Rhodudult A 0-20 380 140 480 20 2.43 1.24 0.49
B 40-60 590 90 320 11 2.53 1.05 0.58
Typic Humudept A 0-20 410 210 380 31 2.58 0.85 0.67
B 40-60 340 310 350 34 2.68 0.67 0.75
Fluventic DystrudeptA 0-20 80 50 870 5.0 2.67 1.28 0.52
B 40-60 220 430 350 16 2.34 0.97 0.58

Hz = horizon; SOM = soil organic matter; p, = particle density; p, = bulk density; n = total porosity.

Calibration procedure

In the laboratory, soil excess was carefully trimmed from
the cylinders and a nylon cloth was attached to its bottom
to prevent soil losses and allow water evaporation,
resulting in a more uniform water content throughout
the sample. The undisturbed samples were placed in
plastic trays to saturate and gradually filled with water.
The calibration procedure for the soil moisture sensor
began soon after saturation. The ML2X Theta Probe is
an impedance sensor commonly used that generates
an electromagnetic signal (100 MHz), which extends
to the soil through four metallic rods. This sensor was
chosen for its availability, small probe size (compatible
with the undisturbed samples used) and same operation
frequency as the PR2 Profile Probe installed in the field.
The signal generated suffers impedance that depends
mostly on the apparent soil dielectric constant (Delta-T
Devices, 1999). As the water dielectric constant (~ 81) is
greater than that of the soil solids (typically from 3 to 5)
and that of air (1), the soil dielectric constant is defined
mostly by its water content (Topp, 2003).

At the beginning of saturation, the ML2X probe
was inserted vertically into the soil samples (kept
within their PVC containers), and the response signal
(in volts) was registered. The probe was inserted and
removed from the samples at each reading, a procedure
often adopted in calibration studies (Delta-T Devices,
1999). The samples were left to dry in the laboratory
to obtain a wide range of water contents and periodical
readings with the ML2X sensor were taken. At the
beginning, while the soil was close to saturation and
the gravitational gradient drained rapidly the water,
the readings were taken at 12 h intervals. The time-
lapse between consecutive readings increased gradually
as the samples dried and the hydraulic conductivity
became smaller. Water loss and redistribution were
rapid during the first readings (gravity-driven flow), but
soon evaporation became the main driver for water loss
and the gradient of matrix potential started to account
for water redistribution. The samples were weighed
following each reading. After the last reading, the
samples were oven-dried to determine the dry soil mass
to calculate the water content 0 (v/v) at each calibration
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step (thermo-gravimetric method) and the soil bulk
density (Blake and Hartge, 1986; Klute, 1986).

The sensor response was provided in volts (V) and
was converted to the soil apparent dielectric permittivity
(¢) by the third-degree polynomial according to the
manufacturer (Eq. 1). Sensor outputs ranged from 0 to
1V for all the measurements except for readings on the
first day (close to saturation). In this case, the sensor
output exceeded 1 V, mainly for the Typic Humudept.
This procedure provided several ordered pairs of ¢ and
0 (abscissa and ordinate, respectively) for each soil and
horizon to perform the calibration, as recommended
by the manufacturer (Delta-T Devices, 1999). The
calibration equations proposed here could also be
used with other EM sensors, such as the PR2 Profile
Probes installed in the same study site. According to the
manufacturer, the measurements provided as voltage for
both sensors may differ, but they could be converted
to dielectric constant with specific equations for each
equipment (Delta-T Devices, 1999), like Eq. (1).

£ =1.07+6.4V-6.4V* +4.7V* (1)
Calibration equations and statistical analysis

The ML2X sensor has a standard calibration provided by
the manufacturer, indicated by Eq. (2). Different values
for the parameters a, and a, allow using this calibration
equation in mineral soils (a, = 1.6 and a, = 8.4), with
the OM content below 7 % and bulk density above 1.0
Mg m™, and in organic soils (a, = 1.3 and a, = 7.7), with
the OM content above 7 % and bulk density below 1.0
Mg m™ (Delta-T Devices, 1999). In the current study, we
only used the calibration parameters for mineral soils,
since the soil organic matter (SOM) content (Table 1) was
much lower (up to 34 g kg™') than the content established
by the manufacturer (70 g kg™).

e =a,+a, x0 (2)

Unlike the procedure set by the manufacturer
(Eq. 2), the calibration equations here are defined as the
functional relation that allows transforming ¢, provided
by the sensor (the sensor actually provides a reading
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in voltage converted to &€ with equation 1 as justified
previously), to 8 (m® m™), that is, ¢ is the independent
or predictor variable and 6 is the dependent or response
variable. We tested 14 different equations (Table
2), including three linear models (first, second and
third degree polynomials), three linear models (first,
second and third degree polynomials) with square-root
transformation in the predictor variable to stabilize
variance (also because this is a common practice in EM
sensor calibration), two linearized models (power and
exponential models linearized by log transformations),
and six nonlinear models (power, exponential and
hyperbolic models with two or three parameters).

The models were adjusted to the observed data
and the primary analysis investigated the regression
assumptions by the residue analysis with graphical
procedures (Bates and Watts, 1988). The residues were
checked for normality (QO-Q plot), constant variance (plots
of square-root of standardized residues x fitted values
for the linear and linearized models and standardized
residues x fitted values for the nonlinear models) and
independent distribution (residuals x fitted values). A
single model that best met these criteria was chosen for
further analyses.

The best model chosen was investigated to relate
its adjusted parameters to the soil attributes from
Table 1 to enable the use of the specific calibrations
obtained in this study in different similar conditions

Soil moisture sensor calibration

(same predominantly kaolinitic clay mineralogy, but
with different soil texture, OM content, structure,
among others). This analysis was conducted by the
forward stepwise regression, starting with the simplest
model (with only the intercept) and proceeding to the
full model (with all of the attributes from Table 1). The
soil attributes were kept in the model according to the
Akaike information criteria.

The model performance was compared in terms
of the mean bias error (MBE) (Eq. 3), which indicates
under- and overestimation by the model, and the root
mean squared error (RMSE) (Eq. 4), which indicates
overall agreement between predicted and observed
values in the same unit as the data (in this case, m® m®
since the objective is to predict soil moisture).

Z(Predicted — observed) (3)
Number of observations

MBE =

(4)

. _ 2
MBE = \/ X(Predicted — observed)
Number of observations

For the specific calibration equations, RMSE
values were also calculated for all the data in each soil
and horizon and using 10-fold cross-validation. Data for
each soil and horizon was randomly partitioned into 10
divisions. The regression model was fitted to nine of the
partitions at each time and the RMSE was calculated using
the observed and predicted values of the 10% partition.

Table 2 - Models tested in this study and from the manufacturer and the literature.

Models tested in the present study

D Models

Equations

| Linear
I Linear (polynomial 2 degree)
il Linear (polynomial 3" degree)

0=a+be
0 =a+be+ce?
0 =a + be + ce? + de?

v Linear - square root transformation 0=a+bve
\% Linear (polynomial 2" degree) - square root transformation 0=a+bvs+bye’
Vi Linear (polynomial 3 degree) - square root transformation D=a+bys+cve +dve
Vil Linearized (power) N6 =a+be
Vil Linearized (exponential) INn6=Ina+bine
IX Nonlinear (power) 0=all +¢f
1

i 0=1+——
X Nonlinear (power) + T+ae
Xl Nonlinear (exponential) 0 =a(l - e®)
Xl Nonlinear (exponential) 0=a(l -b?)
Xl Nonlinear (exponential) 0=a+b(l-c)
XV Nonlinear (hyperbolic) 0=a+ b%g

Models taken the manufacturer and other studies
Reference Models
Topp et al. (1980) 0=-53x102+292x10%-5.5x 10*&? + 4.3 x 10-%3
. ~Je-0.819-0.168p-0.159p?

Malicki et al. (1996) 0= 717+1.18p
Vaz (2008) 6=-3.166 x 102+ 3.317 x 102-9.178 x 10*¢? + 1.130 x 10
Manufacter =3 +a, x0

¢ = Dielectric constant; 6 = volumetric water content (m3 m=3); p = bulk density (Mg m-3).

Sci. Agric. v.79, n.4, e20200253, 2022
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This procedure was repeated 10 times for each soil and
horizon and the mean RMSE value was then calculated.
All the statistical procedures were performed
in R statistical software using basic functions and the
package nls.tools (Baty; Delignette-Muller, 2015) to
obtain the residue distributions. The model chosen to
perform the calibration was compared with models
from the manufacturer and the literature (Table 2).

Results and Discussion

Calibration models: quality assessment and model
selection

The different models varied greatly regarding the residue
distribution (Table 3). Most models met the assumption
of residue normality (observed in more than 50 % of
the fitted equations for almost all 14 models tested),
while constant variance and independence between the
residues were more difficult to meet. These assumptions
are especially important for linear models, because if
they are violated, the resultant analysis may not be valid
(Bates and Watts, 1988).

These criteria are related to the assumption of
identically and independently distributed residues. The
normal distribution is a description of the randomness
of these errors and this assumption was more easily met
because often only minor deviations were observed in the
Q-0 plots. The non-constant variance and autocorrelation
indicate that the regression residues are not identically
and independently distributed, that is, the magnitude
of the errors changes as the predictor variable changes
(variance is not constant) or the residues present some
sort of structure, with higher or lower values occurring
together (correlated to each other).

Table 3 — Models tested in this study, percentage of models that
met the assumptions of residue normality, constant variance, and
independent distribution.

Constant  Independent

Models Identifier Normality variance  distribution
0=a+be [ 62.5 25.0 0.00
0 =a+bs+ ce? I 100.0 25.0 375
0 =a+bs+ce?+ ded Il 100.0 25.0 375
0=a+bye vV 750 0.00 0.00
8=a+bye +bye’ vV 100.0 37.5 37.5
f=a+bve+cde +dve. VI 100.0 12.5 25.0
N6 =a-+be Vi 50.0 0.00 0.00
ne=Ina+blne Vil 875 0.00 0.00
0=all +epP X 625 0.00 62.5
= +m X 62.5 375 62.5
0 = a(l - e®) X 625 50.0 62.5
0=all -b) Xl 625 50.0 62.5
0=a+b(l-c) Xl 100.0  100.0 100.0
0=a+ XV 750 500 75.0

Sci. Agric. v.79, n.4, e20200253, 2022
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The failure to meet these assumptions may
indicate model inadequacy to fit the data, possibly due
to lack of a nonlinear term in a linear model or fitting a
non-asymptotic model (e.g. polynomial) to an asymptotic
phenomenon. The common procedure to calibrate
sensors involves taking repeated measurements from
the same sample, which may lead to auto correlated
residues. The exponential model (model XIII) with
three parameters had the best performance, meeting
the criteria in all the fittings (Table 3), followed by the
hyperbolic model (model XIV).

Electromagnetic sensors calibration is usually
performed with linear models and the second- and third-
degree polynomials are the most common (Fares et al.,
2011; Matula et al., 2016; Mortl et al., 2011; Vaz et al.,
2013). However, most studies do not check the regression
assumptions, although the uncertainty analysis or other
forms of validation are sometimes performed (Logsdon
et al., 2009; Vaz et al., 2013). Table 3 shows that these
assumptions are frequently violated by most models,
indicating the strong need to perform this check after
fitting.

Exponential model: interpretation and relevance

Model XIII was chosen to perform the calibration,
despite some disadvantages of this model. Its intercept
term (the "a" parameter) frequently resulted in negative
values thus indicating negative water contents for ¢
values close to zero. This is only a theoretical concern,
because the smallest possible value for ¢ is 1.0 (for
vacuum). However, as ¢ for the soil solids (i.e. dry soil) is
within the range of 3 to 8 (Hillel, 1998; Topp, 2003) and
the model did not return negative values of 6 for these
¢ values, there are no practical concerns about physical
inadequacies. The only practical consequence of this
fact is that this parameter may lack some meaningful
interpretation. This was the only parameter with
some non-significant values and presented the highest
standard errors, while for the "b” and “c" parameters
the standard errors were within the range of 1.7-4.8 %
and 0.4-1.3 % of their estimated values respectively
(Table 4). Nevertheless, the inclusion of this intercept
term is essential for the model performance, as the other
exponential models without this term (models XI and
XII) had a poor performance in the residue analysis
(Table 3).

Parameter “c" controls the model curvature: the
lower its value (Table 4), the sharper the model initial
ascent (Figure 2), while higher values (closer to one) are
related to a smoother rise. Parameter "b" is multiplicative
and is related to the change rate in the response variable
for each unitary change in the independent variable.
However, parameters "b" and “c” are correlated to
each other (r = -0.83) and should not be analyzed
separately. This does not mean they are redundant, as
they obviously perform unique effects in the equation
("c" is for curvature and "b" is multiplicative), but that
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Figure 2 — Observed data and adjusted calibration equations for the different soils and horizons. The adjusted parameters of the exponential

models are shown in Table 4.

Table 4 - Estimated parameters (“a”, “b” and “c”) for the chosen exponential model (Table 2, model Xlll), standard error of estimated parameters
and number of data points from the calibration procedure of the models for each soil class and horizon.

“a” parameter

“b” parameter

wan

c” parameter

Soil class Estimated value ~ Standard error ~ Estimated value  Standard error ~ Estimated value ~ Standard error N. obs
Typic Hapludult A 0.090*** 0.012 0.474*** 0.008 0.929*** 0.004 72
B -0.003r 0.020 0.546*** 0.014 0.915*** 0.006 73
Typic Rhodudult A 0.006" 0.029 0.539*** 0.023 0.936*** 0.012 72
B 0.042** 0.021 0.453*** 0.015 0.912*** 0.010 72
Typic Humudept A -0.175*** 0.042 0.766*** 0.037 0.895*** 0.007 54
B -0.100*** 0.026 0.690*** 0.021 0.911*** 0.006 51
Fluventic Dystrudept A -0.088** 0.029 0.545*** 0.023 0.913*** 0.010 65
B -0.302*** 0.031 0.868*** 0.028 0.880*** 0.005 65

Hz = soil horizon; *Number of observations in each model; **Significant at 5 % (p < 0.05); ** *Significant at 1 % (p < 0.01); ns = not significant (p > 0.05).

they work together: a smoothest initial rise (higher "c")
is related to a lower change rate in 0 for each increment
in ¢ (lower "b").

The models from both Inceptisols presented a
sharp initial rise (Figure 2) due to higher values of "b" and
lower values of “c” (Table 4). The soil dielectric constant
rapidly increased with increasing water content, then

Sci. Agric. v.79, n.4, e20200253, 2022

stabilizing at ¢ values around 15-20, when the change rate
decreased. Therefore, a linear relation between 0 and ¢
only exists for 0 values up to approximately 0.3-0.4 m3
m-3. For the other soils, the initial rise of the model was
not as sharp, following a clear nonlinear trend starting at
low values of 0 and e. The inclination of the calibration
curves for the Ultisols (indicate the change rate in 0 for
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each increment in ¢) markedly decreased at & values of
20-30. These ¢ values correspond to 6 values close to 0.4-
0.5 m®* m™, indicating that the departure from a linear
trend is more conspicuous when the soil is wetter than
this range. The manufacturer, however, claims that their
linear calibration equation may work for 6 as high as
0.55 m®* m* (Delta-T Devices, 1999), which is clearly not
corroborated by our results (the relation departs from
linear when 0 is lower).

The studied soils are in a catena with Typic
Rhodudult at the summit, Typic Hapludult in more
gentle slopes, Typic Humudept in steep slopes, and the
Fluventic Dystrudepts in the foot slope. Although they
occur close to each other, the soils presented notable
differences in their calibration equations (see Table 4 for
adjusted parameters and Figure 2 for calibration curves)
because of the differences in their soil attributes (Table
1). Additionally, great differences in the calibration
equations may exist within the same soil profile, such
as the A and B horizons of the Fluventic Dystrudept,
which were highly different in their calibration model
(Figure 2), because they are inherently different in their
soil attributes (Table 1). These results allow a better
understanding of the importance of specific calibrations,
since the relation between 0 and ¢ is specific to each soil
and horizon. Another aspect of the calibration equations
that becomes very clear is how much they depart from a
linear trend. Possibly, this relation could be represented
by a straight line for a narrow range of water contents,
as is the case for the manufacturer calibration (Delta-T
Devices, 1999). However, a model with such a narrow
range has little value for monitoring soil moisture, which
may range from saturation to almost dry conditions.

Influence of soil attributes in the general
calibration model

As the soils and horizons differed in their calibration
equations (Figure 2), the relation between these equations
and the soil attributes was investigated by the stepwise
linear regressions to develop a more general calibration
equation. Although these calibrations are only empirical
equations without any clear physical meaning, this
approach may help the general use of our results to
other similar soils. Significant equations were obtained
(Table 5), which allow estimating the parameters for the
exponential model from the soil attributes. Although the
linear equation for parameter “c” was non-significant,

Soil moisture sensor calibration

the linear correlation coefficient of 0.62 indicates a fair
agreement degree between both variables.

The silt content was the most important soil
attribute affecting the exponential model parameters,
as it was the first variable incorporated by the stepwise
regression. This is surprising because the manufacturer
(Delta-T Devices, 1999) and most studies usually
highlight the effect of the OM content and bulk density
as the most important for this type of model (Jacobsen
and Schjonning, 1993; Jin et al., 2017; Malicki et
al., 1996; Silva et al., 2019). Some studies have also
discussed the effect of soil texture on sensor calibration
(Kargas et al., 2013; Zanetti et al., 2015), but without
acknowledging the importance of silt. The silt content
is a very important soil attribute to understand the
physical properties and erosion resistance of tropical
mountainous soils, being related to soil water retention
capacity (Costa et al., 2013) and aggregate stability (Sung,
2012). The clay content was the second most important
soil attribute in the stepwise regression, reinforcing
the importance of soil texture in defining the relation
between soil moisture and its dielectric constant.

The equation to predict parameter “c” had
the worst performance in terms of its coefficient of
determination of only 0.38 (Table 5); nevertheless, it
presented the lowest standard error (0.015 or only
1.6 % of the average observed values). Because this
parameter presented the smallest amplitude (only 0.034,
with an average value of 0.91), the equation from Table
5 was still capable of delivering fair estimates for this
parameter, despite its poor performance (Figure 3).
The equation for estimating parameter "b" presented
the highest coefficient of determination (0.79) and
depicted a rather low standard error of only 13 % of
the average parameter value (standard error of 0.08 and
average value of 0.61). The equations in Table 5 usually
performed poorly in the Typic Humudept and in the
A horizons in general (Figure 3), indicating a possible
effect of OM or even structure that was not captured
by the stepwise regression. The OM content and bulk
density are also important attributes affecting calibration
and performance of electromagnetic sensors to measure
the soil water content (Jacobsen and Schjonning, 1993;
Jin et al., 2017; Malicki et al., 1996; Silva et al., 2019).
The lack of significance for these parameters may be
due to the small number of observations, since these
parameters came from the eight calibration equations
fitted to model XIII (one for each soil and horizon).

Table 5 - Linear equations to estimate the parameters of the exponential model (model XIll in Table 2) from soil attributes for the general

calibration model (using all data).

Parameter Equation p-value R? c

a a =-0.086 - 0.006 x Silt + 0.004 x Clay 0.029* 0.756 0.075
b b =0.535 + 0.009 x Silt - 0.003 x Clay 0.019* 0.794 0.080
c ¢ =0.929 - 0.001 x Silt 0.102n 0.383 0.015

Silt = silt content (%); Clay = clay content (%); o = residual standard error. *Significant at 5 % (p < 0.05); ns = not significant (p > 0.05).

Sci. Agric. v.79, n.4, e20200253, 2022
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Accuracy improvements with specific and general
calibration models

The specific calibration improved the estimation of
0 for all the soils and horizons in comparison to the
other equations tested (Table 6). The manufacturer
establishes a RMSE value of 0.05 m® m as a threshold
for acceptable calibration error (Delta-T Devices, 1999).
Only the specific and the general calibrations are
considered adequate for all the soils and horizons. The
RMSE values for the specific calibrations ranged from
0.013 to 0.032 m*® m™® considering all the data for each
soil and horizon and from 0.001 to 0.01 m® m™ for the
10-fold cross-validation, whereas the RMSE ranged from
0.02 to 0.05 m® m~* for the general calibration (Table 6).

According to MBE and RMSE values, the
performance of calibrations was as follows: specific >
general > Malicki et al. (1996) > Vaz (2008) > Topp et al.
(1980) ~ manufacturer. The calibration equation from
Malicki et al. (1996) also outperformed the calibration
from Topp et al. (1980) in other studies with tropical
soils (Coelho et al., 2006; Teixeira et al., 2003). In a
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previous study, Jacobsen and Schjonning (1993) detected
improvements of TDR calibrations with the inclusion of
soil bulk density, which explains the outperformance of
the equation from Malicki et al. (1996) in relation to the
others.

These results reinforce the importance of
employing specific calibrations for EM sensors or at
least general calibrations that properly represent the
soils studied. The adequate performance of the specific
and general calibrations proposed here can also be
noted by their fair agreement to the 1:1 line (Figure 4);
however, rather less accurate for the A horizons of both
Inceptisols.

The calibration equations from other studies often
underestimated 6 with most points remaining below the
1:1 line (Figure 4). This underestimation averaged from
0.02 to 0.14 m®* m™ (Table 6). Other studies, including
in tropical soils, have also shown that the calibration
from Topp et al. (1980) usually underestimates 6 (Fares
et al., 2011; Teixeira et al., 2003; Tommaselli and Bacchi,
2001; Silva et al., 2019). The underestimation worsens
the lower the soil bulk density (Regalado et al., 2003),
also observed for the Typic Humudept (Figure 4).

Figure 3 - Prediction of the calibration model parameters from the soil attributes (clay and silt contents), showing the ordinate pairs of observed
(Table 4) and predicted (equations from Table 5) parameter values, 1:1 lines, and the significant soil attributes for each parameter (the arrows
indicate direct or inverse tendencies between the predicted parameter and the attributes).

Table 6 — Mean bias error (MBE) and root mean squared error (RMSE) to estimate 6 from ¢ with different calibration equations.

Soil class Hz Specific calibration General calibration Manufacturer Topp et al. (1980) Malicki et al. (1996) Vaz (2008)
MBE RMSE! RMSE? MBE RMSE MBE RMSE MBE RMSE MBE RMSE MBE RMSE
Typic A <0.001 0.013 0.001 0.003  0.020 -0.12 0.127 -0.11 0.125 -0.06 0.078 -0.10 0.104
Hapludult B <0.001 0.016 0.001 0.02 0.030 -0.11 0.117 -0.11 0115 -0.04 0.055 -0.09 0.094
Typic A <0.001 0.026 0.003 0.02 0.034 -0.07 0.078 -0.07 0.076 -0.04 0.05 -0.05 0.054
Rhodudult B <0.001 0.023 0.004 0.01 0.028 -0.11  0.117 -0.11 0.115 -0.06 0.075 -0.08 0.089
Typic A <0.001 0.032 0.010 -0.04 0.055 -0.13 0.15 -0.14 0.149 -0.06 0.092 -0.09 0.14
Humudept B <0.001 0.026 0.007 -0.01 0.027 -0.10 0.129 -0.10 0.125 -0.01 0.091 -0.04 0.243
Fluventic A <0.001 0.029 0.003 -0.01 0.035 -0.03 0.056 -0.02 0.05 0.002 0.046 -0.02 0.037
Dystrudept B <0001 0.014 0.002 0.01 0.020 -0.12 0.134 -0.13 0.134 -0.07 0079 -0.11 0.112
Hz = soil horizon; 'Calculated from all the data; 2Calculated from 10-fold cross-validations.
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Figure 4 — Relation between the determined soil moisture (0, v/v) and the values estimated from the different calibration equations (Tables 3 and 4).

However, some studies have reported overestimation
of 6 (Huang et al., 2004; Kargas and Kerkides, 2008).
These equations also overestimated 0 in tropical soils
with high Fe content (Kaiser et al., 2010}, because
of its interference in the propagation velocity of
electromagnetic waves (Tomaselli and Bacchi, 2001).
The calibration equations from the literature
performed better in the A horizons of the Typic
Rhodudult and the Fluventic Dystrudept, which
present the highest sand contents and the highest
bulk densities. Kargas et al. (2013) pointed out that
the equation from Topp et al. (1980) was satisfactory
only for a material composed entirely of sand because
dielectric dispersion (from clay and silt particles)
and the effect of soil electric conductivity may have

Sci. Agric. v.79, n.4, e20200253, 2022

increased the apparent permittivity for the low-
frequency TDR sensor tested (TDR300, operating
frequency < 100 MHz). Since the ML2X probe used
in our study has an operating frequency of 100 MHz,
the equation from Topp et al. (1980) works better for
soils less prone to increased electrical permittivity due
to the dielectric dispersion of clay. Feng and Sui (2020)
also reported that the manufacturer's calibration for
TDR only achieved satisfactory results for sandy loam
soils. Literature calibrations had the worst performance
in the Typic Humudept (especially in the A horizon),
which is the soil with the lowest bulk density and
the highest OM content. Figure 4 also reinforces
another important aspect previously discussed that the
polynomial models may not be fit for electromagnetic
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sensor calibration. For 6 values close to saturation,
the literature models, especially Malicki et al. (1996),
shifted from underestimating to overestimating 6. For
example, the calibration from Vaz (2008) indicated 0
values above 1.00 m*® m= in the B horizon of the Typic
Humudept and resulted in the highest RMSE value
(0.243 m® m3). The polynomial model is not asymptotic
and indicates a continuous growth in the relation
between 6 and &. The exponential model used in this
study is asymptotic and therefore better represents the
actual relation between 6 and ¢ near saturation.

Conclusion

The exponential model performed better than the other
models tested, not only because it more properly meets
the regression assumptions for residue distribution, but
also because its asymptotic behavior better represents
the relation between the soil water content and its
dielectric constant.

The adjusted parameters of the exponential
model were significantly related to the soil attributes.
Three linear equations were obtained to predict these
parameters from the silt and clay contents.

The specific calibration equations performed the
best, with an average error of only 0.02 m® m=3, while
the general calibration equation (with the parameters
estimated from soil attributes) also performed well,
with an error of 0.03 m® m=. Both accuracy errors are
considered below the threshold levels.

Calibrations from the manufacturer and the literature
failed to provide accurate estimates, reinforcing the strong
need to perform specific calibrations or apply these general
calibrations only to soils similar to their parent soils.
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