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Abstract: Building machine learning (ML) calibrations using near-infrared (NIR) soil spectroscopy
direct in agricultural areas (online NIR), soil attributes can be fine-scale mapped in a faster and more
cost-effective manner, guiding management decisions to ensure the maintenance of soil functions.
However, a financially and environmentally unattractive density of 3–5 laboratory soil samples per
ha is required to build these calibrations. Since no reports have evaluated if they are reusable or if
a new calibration is required for each acquisition, this study’s objective was to acquire online NIR
spectra in an agricultural field where ML models were previously built and validated, assessing their
performance over time. Two spectral acquisitions were held over a fallow tropical field, separated by
21 days. Soil properties (clay, organic matter, cation exchange capacity, pH, phosphorus, potassium,
calcium, and magnesium) were predicted using principal components regression models calibrated
with day 1 spectra. Day 1 and day 21 predicted values and maps interpolated by ordinary kriging were
compared. Spectra characteristics (morphology, features, and intensity) were evaluated. Predicted
values from the two days were not correlated, as no causal relationship was found for the only
Pearson’s correlation coefficient (r) significative at 99% (p < 0.01) (calcium, with r = 0.22 in the
comparison pairing the nearest neighbors from the two days). For clay, organic matter, and cation
exchange capacity, despite their robust prediction on day 1, no significative r values were found,
ranging from −0.14 to 0.32, when comparing day 1 with day 21. The maps of the two days presented
no similar spatial distribution, hindering their use for management decisions. Soil moisture is a
suggested source of variation, but the analysis indicated that it was not the only one, requiring further
investigation of the effect of soil surface conditions and environmental variables. Although further
investigations should be performed, the results presented suggest that online NIR spectra ML models
require spatio-temporal local calibrations to perform properly.

Keywords: precision agriculture; proximal soil sensing; soil management; machine learning;
environmental factors; diffuse reflectance spectroscopy

1. Introduction

In precision agriculture (PA), efforts are being made towards identifying spatial and
temporal variability of agricultural systems to support management decisions aiming for
efficient resource use, profitability, and sustainability of agricultural production [1]. The
soil is essential to agriculture, providing water, nutrients, air, and mechanical sustentation
for plants. Its intrinsic and extrinsic variability identification and management practices
regulate the variability of agriculture [2,3] and ensure continued soil fertility, upholding
food production [4]. Its conscious management is also of world interest as agricultural
soils are of prime importance for environmental protection, the carbon cycle, and society’s
sustainable development in the long term [5,6]. Therefore, techniques to acquire soil
data faster, more efficiently, and cost-effectively are of interest to soil scientists and PA
researchers [2,7,8].
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Diffuse reflectance spectroscopy (DRS) is a technique of energy–matter interaction that
allow obtaining inherent data about the soil. The near-infrared region (NIR) is an alternative
for DRS application that has proven its potential in soil science [9]. Initially tested in the
laboratory, researchers have identified specific wavelengths of interaction between diverse
soil properties with NIR spectra that were called the primary NIR response attributes [8].
These are mineralogy [10], texture [11], organic matter (OM), and organic carbon [11–13].
In addition, attributes related to a covariation with primary response attributes can be
predicted, also known as secondary or indirect NIR response attributes, such as cation
exchange capacity (CEC), potential of hydrogen (pH), and plant nutrients such as soil
nitrogen, phosphorus (P), potassium (K), calcium (Ca), and magnesium (Mg) [14–16].

An adjacent research area was started trying to adapt the DRS NIR for proximal soil
sensing (PSS) [17], acquiring soil spectra direct from agricultural areas in high spatial
density, the so-called online spectra [18–20]. Jointly with the introduction of machine
learning (ML) techniques to quantify soil attributes using DRS [21,22], the online spectra
with soil laboratory analysis as reference values allow training models that will later only
need the soil spectra to predict the attributes in the field. The possible advantages are the
primary goals of acquiring soil data faster, reducing the cost of acquisition per sample,
the laboratory reagent waste, and the laborious work that laboratory spectral analysis
demands, such as soil drying, grinding, and sieving.

Researchers have been reporting positive results on mapping soil attributes using
DRS NIR online spectra for both the primary and secondary response attributes. However,
studies are mainly reported in temperate regions [15,16,23] and few studies in tropical
soils [24,25].

The central point is that the ML calibrations reported in these studies invariably use
a density of 3 to 10 soil samples per ha, with studies that indicate strategies to optimize
this number to 3–5 samples per ha to enable good prediction accuracy [26]. Nevertheless,
this is still higher than the common sampling density used by producers on a commercial
scale of, at maximum 0.5 sample per ha, becoming unfeasible for commercial scale for
multiple reasons, such as the enhanced laborious traditional soil sampling and laboratory
work, reagents waste of wet chemistry, being environmentally and financially unattractive.
One potential solution for attaining the advantages of input distribution optimization,
resource efficiency, profitability, and sustainability lies in ensuring the temporal stability of
the spectra acquisition and ML calibrations. This stability enables their reutilization over
time, effectively reducing the initial resource demand.

Researchers have identified the importance of local calibrations for predicting soil
attributes using visible and NIR spectra [27–29], and although efforts are being made
trying to overcome this limitation, there is not a well-established strategy [29–31]. Soil is a
complex system of biological, physical, and chemical interactions that, at every moment,
can reflect the energy–matter relationship upon which DRS is based. In addition, it is
crucial to evaluate the spatial and temporal specificity of ML calibrations based on DRS
NIR spectra. The motivation behind this study stems from the lack of reports regarding the
long-term applicability of ML calibrations utilizing online NIR spectra, which consequently
examines the need for temporal local model calibrations.

We hypothesized that if the online NIR spectra present spatio-temporal stability, even
the models with poor prediction performance will present similar patterns in the field, de-
noting that a model calibrated using online NIR spectra can yield similar products generated
for soil attributes prediction along the time. Therefore, this study revisited an agricultural
field where previous spectral acquisition and ML models were built and validated. The
full report for the methods of acquisition, spectrophotometer functioning, and ML model
validation for each soil attribute tested can be found in Canal Filho and Molin [28]. This
study aimed to assess the performance of predictive models over time using the same
sensor, operational, and instrumental conditions.
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2. Material and Methods

This study was carried out following the steps presented in Figure 1, detailed in
Sections 2.1–2.4. Only the details regarding the objective of this study are presented.
Additional information and specificities can be found in the previous study that aimed to
validate the methods and ML models used as the basis for the present study [28].
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Figure 1. Flowchart of the methodology developed in this study, exemplifying the steps regarding the
field data acquisition separated by 21 days, machine learning modeling and subsequent comparisons
between day 1 and day 21 spectra.

2.1. Study Area

The study area is a 6.0 ha sandy loam (average of 12% clay) experimental field at the
University of São Paulo (USP), located in Piracicaba, state of São Paulo, Brazil (22◦43′03.51”
S, 47◦36′50.03” W). The mean annual temperature and annual total rainfall are 21.6 ◦C and
1230 mm, respectively (CWa—Köppen classification). In the last three years, a soybean-
fallow system was conducted. The study was conducted in November 2021, at the end
of the fallow phase, before soybean seeding. During the 21 days that separated the two
spectral acquisitions, the area was kept fallow.

The area presents a mid-west highest point of 586 m, with a declivity direction to the
south, with the lowest point of 576 m. Two north–south terraces divide the area and delimit
the lowest portions at the east. The north portion of the area is a plateau with low altitude
variation (Figure 2). The altimetry map was generated due to water topsoil dynamic
dependence of altimetry [32–34] since soil moisture is known to affect NIR spectra [35,36].
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2.2. Online Spectra Acquisition and Soil Sampling

Online soil spectral data were acquired using a subsoiler shank making a 0.15 m-deep
furrow, attached to a structure mounted on the three-point hydraulic hitch of a tractor. This
shank carried a steel armored case protecting the NIR spectrophotometer (MicroNIR from
VIAVI Solutions Inc., Scottsdale, AZ, USA), acquiring 125 wavelength bands from 908.10 to
1676.20 nm with a spectral resolution of 6.14 nm. Acquisition points were georeferenced
using a Global Navigation Satellite System (GNSS) Ag-Star (Novatel, Calgary, AB, Canada)
receiver with TerraStar-C differential correction (Hexagon, AL, USA).

Two subsequent spectral acquisitions occurred in the area, separated by 21 days. The
tractor traveled the area limited by the presence of terraces, making 12 acquisition lines on
day 1. The speed was set to 0.583 m s−1 (2.1 km h−1). A total of 383 spectral points were
acquired on day 1, followed by a filtering process of measurement errors that excluded
80 spectra. Day 1 was used to validate the methods of spectra acquisition, associated
soil sampling, calibrate and evaluate the robustness of ML models for prediction. Data
acquisition on day 21 followed the same experimental and instrumental conditions from
day 1. Once the models were calibrated and validated, on day 21 only the odd lines of day
1 were acquired, resulting in six acquisition lines and 140 spectra. Then, for the comparison
between the spectra and product generated on both days, acquisition from day 1 was
reduced to the same lines of day 21 (six acquisition lines), resulting in the same number
(140 points) of soil spectra being compared.

Soil sampling occurred on day 1 and was used as reference values to compose the
dataset for ML model calibration and evaluation. The soil was sampled in the bottom of
the furrow left by the subsoiler shank in the spectral acquisition transect to ensure that soil
analysis was correspondent to the area previously sensed. For this, the spectrophotometer
acquisition time of one spectrum (10 s) was multiplied by the operation speed, resulting in
the transect length sensed (7 m). As the spectrophotometer acquisition software indicates in
real-time the starting point of each spectrum, the demarcation of 72 random starting points
allowed the afterward soil sampling. To reduce uncertainty, one meter was removed from
the beginning and end of each transect sampled, resulting in a five-meter-long soil sample
along the furrow (Figure 3). Soil analysis in the laboratory was conducted following the
methods described by Teixeira et al. [37]. The attributes and respective analysis methods
considered were: clay (HMSF + NaOH); OM (oxidation); CEC, the sum of basis (resin) plus
soil total acidity (KCl); pH (CaCl2); P, K, Ca, and Mg (resin).
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Figure 3. Spectral acquisition and associated soil sample scheme used in day 1 for prediction
models calibration.

On each day of acquisition, ten soil samples were randomly collected at the bottom of
the furrow left by the subsoiler shank to monitor the soil moisture. These samples were
collected during the field operation, sealed, and weighed in field conditions. Then, they
were taken to a forced ventilation oven at 105 ◦C for 72 h to obtain their dry weight [37]. The
soil moisture on each day was considered as the mean value for the ten samples collected.
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2.3. Machine Learning Models and Data Interpolation

The ML models for soil attributes prediction were calibrated using principal compo-
nents regression (PCR), a well-described technique applied to cope with multivariate data
such as soil NIR spectra, allowing the reduction of noisy, redundant, and sparse data [38,39].
PCR occurs in three steps: (a) a principal components analysis (PCA) is applied in the
entire data matrix; (b) a linear regression is used to obtain the vector of estimated regression
coefficients; (c) the eigenvectors, as the loadings of PCA are used to obtain the estimators
of PCR, as shown in Equation (1).

β̂k = Vk δ̂k (1)

where β̂ = PCR estimator, k belongs to {1, . . . , p}, p = number of covariants, V = orthonormal
set of eigenvectors, δ̂ = coefficients vector of estimated regressors. The number of principal
components (PC) used in the regression was set following the criteria of reducing the
RMSE and using at most 10 PCs to avoid the model’s overfitting [40,41]. Data modeling
was developed using Jupyter Notebook software [42,43]. The dataset composed of online
near spectra from day 1’s acquisition and analysis of corresponding soil samples was
divided into the proportion of 70% for calibration and 30% for validation. The k-fold cross-
validation (k = 10) was applied to reduce the bias of the results reported [44]. The function
random state was set to n = 456 to ensure the repeatability of results after validation.

The strategy of using only local samples from the experimental area yielded the best
predictions and, therefore, was applied in this study. Further description of ML models
applied in this study can be found in the beforementioned paper [28]. These same models
were applied to the online spectra acquired on day 21.

After the prediction of the 140 points for both days of acquisition, variograms for each
individual attribute were adjusted with the data for posterior interpolation by ordinary
kriging, using the software Vesper [45]. Variograms were fitted within the software that
provides RMSE and Akaike information criterion (AIC) index for model adjustment. These
two parameters are evaluated as minimization parameters since they refer to the error in
variogram modeling. Vesper also gives the parameters nugget (C0)—portion of variance
that cannot be explained by spatial dependence, sill (C1)—the structural component of the
spatial dependence, and range (A)—the minimum distance in meters between samples that
present relationship for the evaluated attribute [45]. The method used was block kriging in
3.0 m × 3.0 m pixels, and the minimum and maximum neighboring points for interpolation
were set to software minimum and maximum possible values of 4 and 300, respectively.
The kriging results were converted to a raster format to be exported and analyzed in a
geographic information system software.

2.4. Prediction Values, Spectra Characteristics, and Maps Analysis

Three populations were created to be compared:

1. Overlap population: an ellipse buffer of 2.5 m radius in the direction of the tractor’s
movement was created to extract overlap points, as the soil sampling was carried in
the length of five meters to match the transect of spectral acquisition (see Section 2.2).
This analysis was considered since, at the field operation, two spectra would hardly
be acquired at the same point. Although the tractor’s operator, operation speed, and
acquisition lines were the same, variations in orientation or border maneuvers could
offset the spectra from day 21 from the location of day 1. This would hinder the direct
comparison of day 1 vs day 21 as: spectrumday1 1 vs. spectrumday21 1; spectrumday1 n
vs. spectrumday21 n; . . . ; spectrumday1 140 vs. spectrumday21 140;

2. High correlated population: the 20 highest correlated spectra pairs (day 1 vs. day 21) were
identified using Pearson’s correlation analysis. For this purpose, the 125 wavelengths
measured were the variables compared for spectra correlation;

3. Total population: the nearest neighbors from day 1 and day 21 were joined in pairs,
yielding 140 pairs used for correlation analysis. The total population was of higher
attention in our study since its analysis can lead to understanding if field management
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decisions based on the predictive performance of the models over time would be
stable and, therefore, reliable—the main goal of this study.

A 99% significance (p < 0.01) Pearson’s correlation analysis was used to compare the
prediction values between day 1 and day 21 of the three populations (total, highly correlated,
and overlap). The correlation among soil attributes on day 1 and day 21 predictions, as
well as the statistical distribution of values predicted, were evaluated considering all the
140 spectra from the two days, using r and kernel density estimate function.

Spectra characteristics such as morphology, intensity, and absorption features were
also compared. These are important characteristics affected by mineralogy, texture, OM
content, and soil moisture [8]. The location of spectra acquisition was compared for the
highly correlated population to verify if the high correlation in reflectance values of spectral
bands meant they were acquired in near locations.

The maps were generated using the total population due to its higher density of
sample points compared to the other two populations. The comparison was aimed to assess
the similarity between the final products of DRS NIR soil attributes prediction from day
1 and day 21. For that, C0, C1, and A parameters from the variograms fitted for day 1
and day 21 values were compared. Also, kriged values converted to raster format were
exported to QGIS software [46] to spatialize the differences of prediction in the experimental
area. Individually, each attribute difference of prediction was obtained by subtracting the
map of day 1 from the map of day 21. Positive values in the residual map mean day 21
overestimated the prediction from day 1, and if the opposite, underestimated.

3. Results and Discussion

The results for k-fold cross-validation of ML models used in this study are presented
in Table 1, and their validation is reported in the previous study [28]. Primary response
attributes, clay and OM, have well-known wavelengths of response [10,47]. Both clay and
OM models allowed robust mapping of the experimental area, although clay reported
a considered low R2 = 0.17. Of secondary response attributes, CEC model successfully
achieved the field patterns of those observed in laboratory analysis, presenting an accurate
prediction of R2 = 0.60 and RMSE = 3.51 mmolc kg−1. The poor parameters, especially of
R2, of 0.03 for pH, 0.02 for P, 0.14 for K, 0.39 for Ca, and 0.01 for Mg was confirmed as poor
prediction results.

Table 1. Results of principal components regression models k-fold cross-validation for clay, organic
matter (OM), cation exchange capacity (CEC), potential of hydrogen (pH), phosphorus (P), potassium
(K), calcium (Ca), and magnesium (Mg).

Unit Min Max Range R2 RMSE MAE NC % Var

Clay
g kg−1 51 - 183 132 0.17 19.88 15.08 4 24.01

OM 12 - 35 23 0.75 3.11 2.28 9 40.69
CEC mmolc kg−1 45 - 68 24 0.60 3.51 2.78 6 26.70
pH - 4.1 - 6.8 2.7 0.03 0.32 0.27 4 12.09
P mg kg−1 5 - 68 63 0.02 9.39 8.59 3 18.42
K

mmolc kg−1
0.4 - 5.0 4.6 0.14 0.93 0.77 6 32.68

Ca 10 - 34 24 0.39 2.54 2.08 10 58.62
Mg 5 - 22 17 0.01 1.83 1.41 1 5.85

min: minimum value inserted in calibration; max: maximum value inserted in calibration; range: range of
values inserted in calibration; R2: coefficient of determination; RMSE: root mean squared error; MAE: mean
absolute error; NC: number of principal components used in regression; % var: percentage of the total of outcome
variance explained.

3.1. Prediction Values, Spectra Characteristics, and Maps Analysis

Almost all the predicted values of day 1 and day 21 presented a low correlation
(Table 2). The significative but negative Pearson correlation coefficient (r) values presented
by pH and P are not of agronomic interest for use in the ML models since they denote
that zones predicted with high values on day 1 were inverted into zones of low P and
pH values on day 21, and vice versa. The pH significative r appeared only for the total
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population, being −0.26. P prediction had an alternate distribution in the three populations
comparison, represented by the r of −0.73, −0.80, and −0.56 for overlap, highly correlated,
and total population spectra, respectively.

Table 2. Pearson’s correlation coefficient of predicted values for the three populations considered.

Clay OM CEC pH P K Ca Mg

Overlap −0.10 0.09 −0.11 −0.19 −0.73 ** −0.22 0.33 0.13
High correlated −0.06 0.19 0.32 0.04 −0.80 ** −0.03 0.24 0.19

Total −0.02 −0.03 −0.14 −0.26 ** −0.56 ** −0.01 0.22 ** 0.20
OM: organic matter; CEC: cation exchange capacity; pH: potential of hydrogen; P: phosphorus; K: potassium; Ca:
calcium; Mg: magnesium. ** 99% significative correlation.

The attribute P has no direct response in NIR spectra, and its successful prediction
is hardly obtained with this technique, particularly in tropical soils, because of the great
adsorption specificity of this attribute with iron and aluminum oxides, and 1:1 clay minerals
such as kaolinite [48]. Usually, the best predictions of P are observed in temperate soils,
especially those under organic fertilization, since the organic amendments compete for
site-specific P adsorption, leaving more P labile [49]. In this situation, a positive correlation
is frequently observed between P and OM. The last one is a direct NIR response attribute
that allows to map P using the technique. In this context (tropical soils), the P prediction
was not expected to work properly in the present study.

However, the inversion of patterns in P prediction can further indicate that when the
model identifies no pattern for an attribute, it will randomly assign values depending on
the conditions of the spectra. Therefore, using DRS NIR spectra for indirect calibrations
have to be strictly used after a covariation analysis with primary attributes in the desirable
area [8,39]. As a random attribution of values will follow, there is the risk of still presenting
a reasonable prediction, but the absence of causality in this situation hinders the leverage
of the technique to be used as a reliable PA tool.

3.1.1. Overlap Population

The overlap predictions represent those spectra acquired in the same location in the
area. The greatest positive correlation was observed for Ca prediction, with r = 0.33.
Nevertheless, attributes like clay, OM, CEC, and Mg were nearly independent between day
1 and day 21 predictions, while pH, P, and K had negative correlations, which are also not
desirable for the use of a ML calibration of NIR spectra over time. Especially for primary
NIR attributes, these contents are well-known for being stable in an agricultural area over
a short-medium period, either for clay that changes along soil weathering stages [50] or
for OM, even with long-term applications and conservationist management [51,52]. The
predictions for these attributes separated by 21 days, as was made in this study, were
expected to reach similar values.

3.1.2. Highly Correlated Population

The highly correlated pairs from day 1 and day 21 had their r ranging from 0.76–0.91,
and all were significant at 99% (p < 0.01). The spectra intensity was higher on day 1 on
16 of the 20 most correlated pairs, which can denote an influence of soil moisture on its
acquisition on day 21, reducing the reflectance [22,36,47]. On day 1, the soil gravimetric
moisture (θ) was 4.16%, while on day 21, θ was 6.95%. Water has an effect on DRS NIR
spectra of augmenting absorption [9,22,36,47]. The interaction of energy with matter can
happen as transmission, reflection, or absorption [53]. The higher the absorption, the lower
the reflectance. Even a tender rise in soil moisture could have reduced the mean reflectance
values from approximately 0.135–0.145 to 0.110–0.120.

For the spectra morphology, similar shapes and absorption features can be observed
along the wavelengths of NIR spectra. Figure 4 exemplifies two pairs of correlated spec-
tra separated by approximately 30 m. As was observed by other authors, the primary
attributes have characteristic wavelengths of interaction [35,47]. Despite the fact that the
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data acquisition occurred within a range of 21 days, the sensor perceived the same soil-
spectra peculiarities, implying that the core of the DRS technique was maintained on both
acquisition days.
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Figure 4. Spectra morphology analysis of two pairs of high-correlated spectra presenting comparable
shape and absorption features. Arrows and circles highlight common absorption features observed
in both spectra compared.

Analyzing the location of the 20-most correlated day 1 vs. day 21 spectra pairs, a
distance between 20 and 40 m was observed in 12 of these pairs (Figure 5). The other pairs
were separated by more than 40 m. The pair represented by the orange triangle, for example,
were separated by up to 500 m. This implies that the correlation of 8 out of the 20 most
correlated pairs (or 40%) was not due to the proximity in the field, as it was expected
and observed for the other 60%. Despite two locations with similar contents, in quantity
and quality, of primary NIR response attributes would probably yield highly correlated
spectra since the sensor would perceive the same wavelengths of response [8,23,35], this
was not the case since the predicted values for the high correlated population had no
positive and significative correlation, as observed in Table 2 (Section 3.1). Therefore, this
indicates that in whichever way the wavebands of a spectra present correlation, similar
shape, or absorption features, the ML models also consider other characteristics for the
attribute’s quantification. Perchance, the spectra intensity is one of the major characteristics
considered, as properties such as moisture, mineralogy, clay content, and OM directly affect
the reflectance intensity [8,54].
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3.1.3. Total Population

The total population presented the only positive and significant correlation, for Ca
prediction, with r = 0.22. As Ca is a secondary NIR response attribute, therefore depending
on the prediction of a primary NIR attribute, and neither of these showed a significative cor-
relation, its exceptional 99% significative correlated prediction indicates no causal relation.

The mean spectra from day 1 and day 21 showed that the intensity of reflectance was
higher on day 1 (Figure 6), corroborating the spectra intensity observed for the highly
correlated population and the possible implication of the higher soil moisture observed in
the acquisition of day 21.
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Figure 6. Mean spectra from day 1 and day 21 representing the intensity of reflectance on each
acquisition day obtained by averaging the reflectance values of the wavelengths read by the sensor.

As a possible result of this reduced spectra intensity on day 21, the KDE plots showed
a tendency of overestimation of clay content in comparison with day 1 (Figure 7). Both
water and clay had a positive influence in absorption features of NIR spectra and a negative
influence on spectra intensity [36,54], and overtones of water and clay can also be observed
in the same wavelengths [8,47]. Soil moisture was 2.79% higher in the acquisition of day 21.
As the physical properties of soils dictate that the higher the clay content, the higher the
water-holding capacity due to micropores augmentation [55], it can be suggested that the
model identified the greater absorption features and lower intensity on day 21 and assigned
that to clay content.
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Figure 7. Kernel density estimation plots of clay, organic matter (OM), cation exchange capacity
(CEC), potential of hydrogen (pH), phosphorus (P), potassium (K), calcium (Ca), and magnesium
(Mg) predicted using the 140 online spectra from each acquisition day.

The indication of soil moisture as the main or only source of variation is nevertheless
doubted, as indicated by the subsequent analysis. The correlation among soil attributes in
day 1 and day 21 predictions shows a pattern of intensification in correlations of day 21,
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despite no relationship being inverted (positive turning to negative, or the contrary),
especially observing those of primary NIR attributes (Figure 8). Other attributes that
presented a similar pattern to clay—of overestimation on day 21—were CEC, K, and
Mg. However, CEC and K prediction was related to the covariation with OM content, as
indicated by the independent correlation with clay on day 1, when the ML models were
calibrated and validated. OM also has the property of water absorption and regulates
negative charges in soil [56,57]. CEC is directly related to the proportion of negative charges
per mass unit, and also K and Ca, as their cation forms will be attracted by the negative
charges of soil. However, Ca prediction, which also presented a strong correlation with
OM, did not present the same pattern of overestimation that would be likely attributed to
soil moisture augmentation.

AgriEngineering 2023, 5, FOR PEER REVIEW  11 
 

 

per mass unit, and also K and Ca, as their cation forms will be attracted by the negative 
charges of soil. However, Ca prediction, which also presented a strong correlation with 
OM, did not present the same pattern of overestimation that would be likely attributed to 
soil moisture augmentation. 

 
Figure 8. Pearson’s correlation among clay, organic matter (OM), cation exchange capacity (CEC), 
potential of hydrogen (pH), phosphorus (P), potassium (K), calcium (Ca), and magnesium (Mg) 
predicted using online NIR spectra from day 1 and day 21 acquisitions. 

The analysis of maps generated also corroborates other variables than the soil mois-
ture, influencing the lack of correlation between the two daysʹ prediction. For primary 
response attributes, OM had a similar A of 23.0 m for day 1 and 21.1 m for day 21. Clay 
range increased by 50%, 24.1 m on day 1, and 36.8 m on day 21. CEC had the closest values 
for day 1 and day 21, for C0, C1, and A (Table 3). For pH, P, K, Ca, and Mg, the changes 
in variogram parameters were expected, not only because of the differences above de-
scribed in soil spectra of the two days but also due to the inability of ML models to predict 
these attributes on day 1. As described by Huang et al. [58], outputs generated from gath-
ered data and various processes have sources of errors that can accumulate, especially 
when applying machine learning to chemistry data [59]. 

Table 3. Parameters of fitted variograms for predicted attributes using Day1 and Day2 spectral ac-
quisitions for clay, organic matter (OM), cation exchange capacity (CEC), pH and soil available nu-
trients, phosphorus (P), potassium (K), calcium (Ca), and magnesium (Mg). 

 Day 1 Day 21 
 Model C0 C1 A Model C0 C1 A 

Clay Sph 13.59 102.60 24.10 Exp 42.71 59.70 36.80 
OM Exp 1.82 3.85 23.00 Gau 0.00 10.18 21.10 
CEC Exp 0.00 8.50 18.50 Gau 0.00 10.82 20.50 
pH Lin 0.00 0.01 88.90 Exp 0.00 0.02 16.70 
P Gau 0.24 21.40 32.90 Exp 0.03 0.80 37.60 
K Gau 0.10 0.46 27.30 Lin 0.01 0.19 35.90 
Ca Sph 5.62 4.50 95.60 Gau 0.00 26.79 25.20 
Mg Exp 0.42 0.32 46.40 Exp 0.02 0.26 17.50 

C0: nugget; C1: sill; A: range; ratio; Sph: spherical; Exp: exponential; Gau: Gaussian; Lin: linear 
with sill. 

The clay residual map tended to be positive, showing the pattern of day 21 in over-
estimation compared with the day 1 prediction (Figure 9). However, if moisture was the 
only factor actuating, traces of water topsoil dynamic would appear in the clay residual 
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Figure 8. Pearson’s correlation among clay, organic matter (OM), cation exchange capacity (CEC),
potential of hydrogen (pH), phosphorus (P), potassium (K), calcium (Ca), and magnesium (Mg)
predicted using online NIR spectra from day 1 and day 21 acquisitions.

The analysis of maps generated also corroborates other variables than the soil moisture,
influencing the lack of correlation between the two days’ prediction. For primary response
attributes, OM had a similar A of 23.0 m for day 1 and 21.1 m for day 21. Clay range
increased by 50%, 24.1 m on day 1, and 36.8 m on day 21. CEC had the closest values for
day 1 and day 21, for C0, C1, and A (Table 3). For pH, P, K, Ca, and Mg, the changes in
variogram parameters were expected, not only because of the differences above described
in soil spectra of the two days but also due to the inability of ML models to predict these
attributes on day 1. As described by Huang et al. [58], outputs generated from gathered
data and various processes have sources of errors that can accumulate, especially when
applying machine learning to chemistry data [59].

Table 3. Parameters of fitted variograms for predicted attributes using Day1 and Day2 spectral
acquisitions for clay, organic matter (OM), cation exchange capacity (CEC), pH and soil available
nutrients, phosphorus (P), potassium (K), calcium (Ca), and magnesium (Mg).

Day 1 Day 21

Model C0 C1 A Model C0 C1 A

Clay Sph 13.59 102.60 24.10 Exp 42.71 59.70 36.80
OM Exp 1.82 3.85 23.00 Gau 0.00 10.18 21.10
CEC Exp 0.00 8.50 18.50 Gau 0.00 10.82 20.50
pH Lin 0.00 0.01 88.90 Exp 0.00 0.02 16.70
P Gau 0.24 21.40 32.90 Exp 0.03 0.80 37.60
K Gau 0.10 0.46 27.30 Lin 0.01 0.19 35.90
Ca Sph 5.62 4.50 95.60 Gau 0.00 26.79 25.20
Mg Exp 0.42 0.32 46.40 Exp 0.02 0.26 17.50

C0: nugget; C1: sill; A: range; ratio; Sph: spherical; Exp: exponential; Gau: Gaussian; Lin: linear with sill.
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The clay residual map tended to be positive, showing the pattern of day 21 in over-
estimation compared with the day 1 prediction (Figure 9). However, if moisture was the
only factor actuating, traces of water topsoil dynamic would appear in the clay residual
map, highlighting the regions where altimetry would conduct the water [32–34]. The lower
portions of the area, following the altimetry and agricultural terraces, were not where the
higher differences in prediction appeared. OM had a more random residual distribution
than the observed for clay, with more portions where day 21 underestimated the prediction
of day 1, despite the greater soil moisture and related wavelengths of OM and water in
NIR spectra [36,47].
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Figure 9. Maps of clay, organic matter (OM), cation exchange capacity (CEC), potential of hydrogen
(pH), phosphorus (P), potassium (K), calcium (Ca), and magnesium (Mg) demonstrating the spa-
tialization of the differences observed in the predictions of the two days, calculated by subtracting
Day 21—Day 1.

The literature recognizes that soil moisture can influence soil attribute prediction
using NIR spectra. Alternatives to deal with this factor’s variation in NIR laboratory
spectra [9,25,60] should also be considered for online NIR spectra calibrations. Never-
theless, these strategies often use the consecutive spectral acquisition of soil samples in
different moisture contents. Authors resort to soil drying and rewetting and then build
ML calibrations that consider the moisture level in prediction. This may be a challenge to
applying for online spectra since the acquisition must be made in field conditions.

Despite that, the scenario presented in this study leads to conclude that:

1. Water could intensify the values predicted. However, this may not be the only expla-
nation for the differences in day 21 spectra prediction using ML models calibrated on
day 1. The analysis of predicted values, as shown in Table 2, are not intensified but
almost independent from each other;
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2. Other environmental factors must be interfering in spectra acquisition, which can
explain the differences between the two days’ predictions. Since it is harder to control
the circumstances of a field operation than of a laboratory, any peculiarity can change
the aspects of acquired spectra. One possibility to be tested is the measuring chamber
designed and validated by Rodionov et al. [61]. No other studies report a methodology
to isolate the visible-NIR spectra acquisition during field operations, simulating a
laboratory condition, as the usual is the subsoiler shank and spectrophotometer being
carried in an open field. This strategy can be tested for acquisitions over time since
spectral acquisition will still suffer from topsoil particle size variation, soil moisture,
and tractor movement but can isolate other environmental factors.

3. A further investigation into factors such as sunlight, soil temperature, air temperature,
etc., needs to be carried out. This means investigating the possibility of providing the
models’ auxiliary data to deal with spectra variation and guaranteeing more stability
for the ML calibrations which depend on it.

This study may lead to different analyses of online NIR spectra. Other factors not
mentioned in this study can also be proposed as sources of variation. The elucidation of
these questions may clarify to the DRS community if there are strategies to consolidate
the stability of online NIR spectra over time. In the current scenario, the prediction of
soil attributes using DRS in the NIR region indicates the need for spatio-temporal local
calibrations, and further strategies to turn the technique more sustainable and economically
feasible are necessary to leverage it into agricultural production.

4. Conclusions

Validated ML models of online NIR spectra for soil attributes prediction were sub-
mitted to a test of performance over time. The analysis considered spectra in overlapped
locations between the two days, highly correlated spectra pairs, and the total population
of day 1 x day 21. The initial hypothesis of online spectra spatio-temporal stability is
not supported. Overlapped spectra presented independent values in prediction. Highly
correlated spectra between the two days were observed independently of the distance
of acquisition in the field. However, high spectra correlation did not mean a correlation
of values predicted. The total populations had their only significative correlation for an
indirect NIR attribute, but no causal relation was found. The values predicted, statistical
distribution, and spatial distribution of residuals between day 1 and day 21 suggested
that soil moisture was not the only source of variation. Therefore, ML models calibrated
on the first day did not perform as consistently when used spectra acquired on day 21,
suggesting the requirement of spatio-temporal local calibrations for DRS NIR prediction of
soil attributes.
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