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Abstract: This study assessed whether stratifying agricultural areas into macro- and micro-
variability regions allows targeted sampling to better capture soil attribute variability,
thus improving digital soil maps compared to regular grid sampling. Allocating more
samples where soil variability is expected offers a promising alternative. We evaluated
two sampling densities in two agricultural fields in Southeast Brazil: a sparse density (one
sample per 2.5 hectares), typical in Precision Agriculture, and a denser grid (one sample
per hectare), which usually provides reasonable mapping accuracy. For each density, we
applied three designs: a regular grid and grids with 25% and 50% guided points. Apparent
soil magnetic susceptibility (MSa) delimited macro-homogeneity zones, while Sentinel-
2’s Enhanced Vegetation Index (EVI) identified micro-homogeneity, guiding sampling to
pixels with higher Fuzzy membership. The attributes assessed included phosphorus (P),
potassium (K), and clay content. Results showed that the 50% guided sample configuration
improved ordinary kriging interpolation accuracy, particularly with sparse grids. In the six
sparse grid scenarios, in four of them, the grid with 50% of the points in regular design
and the other 50% directed by the proposed method presented better performance than
the full regular grid; the higher improvement was obtained for clay content (RMSE of
54.93 g kg−1 to 45.63 g kg−1, a 16.93% improvement). However, prior knowledge of soil
attributes and covariates is needed for this approach. We therefore recommend two-stage
sampling to understand soil properties’ relationships with covariates before applying the
proposed method.

Keywords: precision agriculture; digital soil mapping; management zones; soil sampling;
remote sensing; proximal sensing

1. Introduction
Sampling planning is a critical step in investigating the spatial variability of soil

properties, and soil mapping accuracy is linked to sampling reliability. Agricultural areas
are non-uniform, and soil variability can be found even in small areas [1]. Therefore,
decision-making and input application must assume the existence of spatial variability.
That is, application should be conducted at variable rates according to the demand and
availability of nutrients in each situation, aiming to increase crop yield potential without
depleting natural resources.

Soil fertility mapping for phosphate and potassium fertilizer prescriptions at variable
rates has been performed using regular grid sampling [2]. Such regular grids emphasize
uniform spatial coverage, ensuring a good representation of the entire field at regularly
spaced intervals. This coverage provides an equal sampling grid in the area, especially
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favoring mapping when there is no prior knowledge of the area [3]. However, such equal
distance in sparse grids can impair variogram modeling, compromising the characterization
of the nugget effect, as there are no points at short distances [4]. In sampling planning,
the sample amount usually varies according to the financial and operating constraints
established by the practitioners. In Brazil, the sampling grid size varies widely depending
on the region and the producer profile, and sampling grids with densities sparser than
one sampling point every two hectares have been widely used [5]. However, this typical
management contradicts recommendations for ideal grid size, which should be based
on the variability of attributes of interest rather than financial constraints [6,7]. It may
compromise the response of the fertilizer application rates, making it necessary to find
solutions that circumvent this problem.

Studies have been focusing on optimizing sampling grids to obtain more accurate
digital soil maps [8], especially in situations of low sampling density [9]. Some approaches
are based on targeting sampling points using auxiliary terrain information, which exhibits
spatial relationships with the soil variables to be mapped. Subdividing fields into smaller
areas and guiding sampling locations with the assistance of auxiliary variables has proven
to be a promising alternative to improve soil mapping accuracy [10,11]. Wang et al. [12]
used stratification techniques based on covariates derived from Digital Elevation Model
(DEM) data to infer soil macro-variability, called macro-zones, allowing the identification of
higher-heterogeneity areas. Subsequently, they subdivided these macro-zones into micro-
zones and guided sampling points to them, achieving higher mapping accuracy than when
it is exclusively based on regular grids. Therefore, dividing the area to be mapped into
sampling zones to infer soil macro- and micro-variability becomes a promising approach,
as these areas represent sub-regions of a field with some homogeneity among attributes.
However, relying solely on topography data can be limited in areas with gentle relief
and high anthropic influence (soil management). In this context, apparent soil magnetic
susceptibility (MSa) and vegetation indices (VI), obtained through remote sensing, can be
alternatives to MDE products. These variables have a direct relationship with soil attributes,
are easy to obtain, offer high resolution [13–15], and provide economic advantages. The
cost associated with sampling based on MSa and VI is comparable to mapping using a
regular grid, as satellite images are generally obtained for free, and MSa readings do not
require repeated measurements, given that it is a temporally stable variable. Another issue
is that this method of sampling point allocation results in an irregular grid, which may
impair spatial interpolation [3,10].

Therefore, studying different sampling grid sizes and the percentage of points to be
targeted is necessary to determine the sampling designs that produce better mapping results.
Our hypothesis is that stratifying fields into hierarchical levels of homogeneity zones based
on environmental covariates allows for the representation of local soil variability and, thus,
can be useful information to guide soil sampling points. In this context, this research aimed
to test whether guiding sampling points based on macro- and micro-zones allow for more
accurate soil property maps than maps originating from the traditional regular grid. In
addition, this study aimed to evaluate whether sample density affects the results of such a
target-sampling approach.

2. Materials and Methods
This study was conducted in two agricultural areas located in the state of São Paulo,

Brazil. We used two covariates (soil and plant) to determine the variability of the area,
subdividing it into macro- and micro-zones. Based on the area variability, previously dense
soil sampling allowed different simulations on how to allocate sampling points in two
densities (one sample per hectare and one sample every 2.5 hectares), integrating regular
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grid with targeted points in different percentages (25 or 50%), according to the delineated
zones. We created maps of the soil attributes using ordinary kriging from the samples
selected in each grid simulation. The quality of the maps was compared by the correlation,
RMSE, and RPIQ of the actual values of soil attributes at the external validation points
randomly distributed in the study areas.

2.1. Study Areas

The first study area, called Field 1 (Figure 1a), has 107 hectares and is in the municipal-
ity of Cosmópolis, state of São Paulo, Brazil, at coordinates 22◦41′55.16′′ S and 47◦10′34.15′′

W. The climate is classified in the Köppen system as Cfa, a subtropical climate with hot
summers, a mean annual precipitation of 1400 mm, and a mean annual temperature of
20–22 ◦C. The terrain is gently wavy, and the predominant soil is an Oxisol (Latossolo
Vermelho distrófico according to the Brazilian Soil Classification System [16]), with a texture
ranging from clayey to very clayey. Grain cultivation is predominant in the area, with
soybean planting in the first growing season and intercropping between oat and grain
sorghum in the second.
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The second study area, Field 2 (Figure 1b), has 72 hectares and is in the municipality
of Sales Oliveira, state of São Paulo, Brazil, at coordinates 20◦51′42′′ S and 47◦57′15′′ W.
The soil type in the region is the same in Field 1, with a very clayey texture, and the
climate is classified in the Köppen system as Cwa, a humid subtropical climate with a
sizzling summer, a mean annual temperature of 22 ◦C, and a mean annual precipitation
of approximately 1300 mm. The field has a history of sugarcane cultivation and has been
worked for ten years without reform (no new planting).

2.2. Soil Sampling

A dense soil sampling was collected in both study areas, with a 40 × 40-m regular
sampling grid corresponding to six soil samples per hectare (reference grid—Figure 1).
Each sampling point is a composite sample from six subsamples collected within a radius
of five meters from the central point using an automated drill installed on a quad bike.
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This robust sampling density of the reference grid allowed the simulation of different
sampling designs within the areas. The samples in Field 1 were collected at a depth
of 0 to 20 cm, as this is the recommended depth for diagnosing soil fertility in grain-
producing areas, while the sampling depth in Field 2 was 0 to 25 cm, as the recommended
sampling depth for sugarcane crop [17]. The composite samples were sent to the same
commercial soil analysis laboratory to determine chemical and physical analyses. For this
study, we used three soil attributes due to their relevance to crop development and the
extensive usage by precision agriculture practitioners for variable-rate fertilizer application:
available phosphorus (P—mg dm−3) [18], potassium (K—mmolc dm−3) [19], and clay
content (g kg−1) [20]. Table 1 shows the descriptive statistics of the soil analysis.

Table 1. Descriptive statistics of the reference grid analysis for available phosphorus (mg dm−3),
potassium (mmolc dm−3), and clay content (g kg−1) in Fields 1 and 2.

Field 1 Mean Median SD CV% Minimum Maximum

Clay 460.57 459.00 108.68 23.60 108.00 750.00
K 6.08 5.30 3.07 50.52 0.80 19.30
P 50.60 45.00 23.56 46.56 13.00 164.00

Field 2 Mean Median SD CV% Minimum Maximum

Clay 530.16 531.50 36.14 6.82 426.00 626.00
K 1.42 1.30 0.37 26.07 0.80 3.30
P 15.06 14.00 6.76 44.90 6.00 45.00

2.3. Field Covariates

The proposed methodology aimed to infer the variability of the study areas using
the macro- and micro-zones. The purpose of dividing the macro-regions was to infer
homogeneous zones in terms of soil and subdivide these zones into micro-regions that
represent the crop’s response to soil variability to target the sampling points. The covariate
used to delimit the homogeneous macro-zones throughout the study areas was the apparent
soil magnetic susceptibility (MSa). A historical series of satellite images was used to obtain
the micro-regions and infer the homogeneity of the vegetation across the growing seasons
(Figure 2).

MSa is a physical property of matter that depends on the magnetic moments of
atoms [21]. In soil, MSa is influenced by the amount of magnetic minerals and is mainly
controlled by the concentrations of magnetite and maghemite [22]. The MSa application in
soil has been the subject of studies in agriculture, as it allows the identification and charac-
terization of homogeneous areas [23], which can be used in the creation of management
zones due to the correlation with agronomic properties [24], synthesizing information on
the spatial variability of the soil. We used MSa data obtained at a depth of up to 37.5 cm
from the EM38-MK2 sensor (Geonics Limited, Mississauga, ON, Canada), which was
towed by a quad bike with passes every 30 m. This sensor has the operating capacity
to obtain a large amount of data (approximately 150 points per hectare) and cover large
areas [13]. We created continuous raster files using ordinary kriging to obtain a spatialized
MSa distribution in both areas.
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historical mean of the 5-year EVI vegetative peak—Field 1.

Orbital remote sensing was the adopted alternative to characterize crop variability
across the study areas and identify regions of micro-variability. Using vegetation indices
through remote sensing provides information on plant health and vigor, which may be
related to soil fertility [25,26]. In this sense, we used EVI (Enhanced Vegetation Index)
(Equation (1)), which is an index that aims to reduce the saturation problem presented by
NDVI while minimizing the effects of soil and atmosphere, presenting a high response to
plant phonological changes [26]. EVI has proven effective when plant vigor is high and
has been used to infer crop yield [14,15,27,28]. Sentinel-2 images from the last five years
of the areas (2019–2023), with one image at the annual vegetative peak for each growing
season (Table 2), were used for this study. Field 1 had no good-quality image to represent
the vegetative peak of 2019 (presence of clouds); for this reason, we used two images in
2022, with the second image corresponding to the peak of the second growing season of
the year. The mean EVI value was calculated for each pixel from the five images, resulting
in a synthetic image for each area.

EVI = 2.5 × (NIR − RED)/(NIR + 6 × RED − 7.5 × BLUE + 1) (1)

where NIR is the reflectance in the near-infrared band (Sentinel-2 Band 08), RED is the
reflectance in the red band (Sentinel-2 Band 04), and BLUE is the reflectance in the blue
band (Sentinel-2 Band 02).
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Table 2. Dates of the images collected in each growing season to represent the vegetative peak of the
crops planted in the two study areas, composing the synthetic images used to create the micro-zones.

Season 1 Season 2 Season 3 Season 4 Season 5

Field 1 20 June 2020 23 February 2021 21 January 2022 30 June 25 June 2023

Field 2 24 February 2019 10 March 2020 23 February 2021 4 April 2022 25 March 2023

2.4. Inference of Soil Macro-Homogeneity

The areas were divided based on the MSa raster through c-means cluster analysis
to create homogeneous macro-zones [29,30]. The selection of the ideal number of zones
was based on the simultaneous analysis of the Fuzzy Performance Index (FPI) [31] and
the Modified Partition Entropy (MPE) [32]. FPI reflects the degree of segregation between
the observations and the formed clusters, while MPE expresses the degree of disorder
established between the clusters, providing a comprehensive view of the resulting structure.
The adequate number of clusters was determined based on the transition point in the
curve, which indicated a stabilization in the spatial heterogeneity of the data so that the
curve became smooth and the marginal gain with the increased number of zones became
unnecessary. The minimal point at which a sharp change in the slope of the curve occurred
was identified as the ideal number of clusters. Thus, we obtained the total number of three
clusters for Field 1 and two for Field 2 (Figure 3), with each of them consisting of a zone
based on MSa.
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2.5. Determination of the Ideal Number of Points per Homogeneous Macro-Zone

The ideal number of points to be targeted per zone was determined based on the MSa
variability (coefficient of variation—CV%) and the size of each zone. Thus, the larger the
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area and the higher the CV, the more points the zone received. The formula that determined
the number of points was adapted from Wang et al. [12] (Equation (2)), which starts from an
arbitrarily defined number of samples, which is usually based on the investment released
for the survey. In this sense, two sampling densities were explored: (1) one point per
hectare, which is often considered a target density, and (2) one sample every two and a half
hectares, which is often adopted in field practice to make the survey viable due to the costs
involved in sampling and laboratory analysis. Both sampling densities were targeted at
25% and 50% of the total points sampled in the grid (Table 3). The number of points was
rounded to the nearest integer.

SNh = SN × Ah × CVh/∑Ah × CVh (2)

where SNh is the number of points in each macro-zone, SN is the number of samples to be
targeted in the total area, arbitrarily defined, Ah is the area of the macro-zone under study,
and CVh is the coefficient of variation of MSa in each macro-zone.

Table 3. The amount of regular and guided sampling points according to two sampling densities for
the two fields and sampling designs.

One Sample/ha One Sample/2.5 ha

Field 1 Regular 25% 50% Regular 25% 50%

Guided pts 0 27 53 0 11 21
Regular pts 107 80 54 43 32 22

Field 2 Regular 25% 50% Regular 25% 50%

Guided pts 0 18 36 0 7 14
Regular pts 72 54 54 29 22 15

2.6. Inference of Soil Micro-Homogeneity and Location of Targeted Sampling Points

The macro-zones were divided into micro-zones to subdivide the homogeneous zones
into smaller regions and indicate the collection sites for each soil sample. For such, we
performed the Fuzzy c-means (FCM) clustering method [33] on the synthetic EVI images to
create the homogeneous micro-zones. This approach allowed the subdivision of the macro-
homogeneity zones originating from the MSa into homogeneous micro-zones of plant vigor.
The number of micro-zones was defined by the number of samples indicated by Equation
(2) and shown in Table 3. Thus, each micro-zone received one sample point. Therefore, the
pixels of the zones generated by the Fuzzy c-means clustering have a dynamic classification
and can have different degrees of relevance in each cluster (micro-zone) for each pixel
on the map [34]. Thus, seeking to sample the location with the highest probability of
representing the micro-zone in question, the pixel with the relevance value closest to one,
i.e., 100% certainty, in each micro-zone was adopted as the sample point selected from the
reference grid.

2.7. Interpolation

Both sampling densities were configured in three sampling designs after allocating the
guided sampling points: a completely regular grid and two other grids combining regular
and guided points, comprising 25% and 50% of guided points (Figures 4 and 5), which,
subsequently, underwent the process of generating maps by spatial interpolation. For this,
ordinary kriging was used following all the precepts of variogram modeling suggested by
Oliver and Webster [35].
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Figure 5. Sampling designs for Field 2, comprising one sample per 2.5 ha grid ((a) regular grid,
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2.8. Analysis of Results

The external validation procedure was adopted to evaluate whether targeting samples
based on the proposed methodology improves the soil fertility maps’ accuracy compared to
the regular sampling grid with the same number of total samples. To this end, the sampling
points from the reference grid not used in the sampling scenarios worked as validation
samples, totaling 273 samples for Field 1 and 212 for Field 2. The interpolation values of
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the different soil properties were extracted for the coordinates of these external validation
points, and thus, the actual values were compared with those predicted from the following
metrics: root mean square error (RMSE), Spearman’s correlation coefficient (r), and the
ratio of performance to interquartile distance (RPIQ) [36]. RPIQ were interpreted following
the classes suggested by Nawar and Mouazen [37]: excellent model (RPIQ > 2.5), very good
model (2.5 > RPIQ > 2.0), good model (2.0 > RPIQ > 1.7), regular model (1.7 > RPIQ > 1.4),
and poor model (RPIQ < 1.4).

In addition, the adjustment of variograms was explored to identify whether the
increase in the percentage of guided samples improved the ability to capture soil spatial
variability. Furthermore, the Moran index [38] was also calculated for each field to infer
whether the soil properties’ spatial cluster influenced the sampling optimization results.

3. Results and Discussion
The sampling designs influenced the mapping performance of soil attributes in the

two studied areas (Table 4). For Field 1, the one sample per hectare grid with 50% of
guided samples demonstrated higher accuracy than the regular. However, regardless of the
sampling design, available P prediction was inefficient due to its low spatial dependence
and randomness (Table 5). For Field 2, the one sample per hectare grid with regular
sampling points was more efficient in mapping all analyzed soil attributes. On the other
hand, guiding sample points based on the hierarchical zones in the sparse grid (one sample
every 2.5 hectares) was crucial to improving predictions on both fields. It shows that such a
guided sampling approach is more likely to generate returns when the sampling grid is
sparser (lower density). These results highlight the need to adapt sampling strategies to
maximize mapping accuracy and optimize the resources available for efficient management.

Table 4. Classification of the performance of prediction models based on the RPIQ of the external
validation set for different sampling designs.

One Sample per 2.5 ha One Sample per ha
Field 1 Reference 25% 50% Regular 25% 50% Regular

P 1.30 1.10 1.14 1.17 1.13 1.24 1.19
K 2.13 1.63 1.75 1.64 1.79 1.94 1.82

Clay 4.12 2.18 2.60 2.19 3.03 3.82 3.13
Field 2 Reference 25% 50% Regular 25% 50% Regular

P 2.09 1.62 1.79 1.49 1.75 1.58 1.80
K 1.37 1.05 1.11 1.08 1.17 1.17 1.21

Clay 1.78 1.41 1.28 1.31 1.37 1.49 1.49

Reference: Grid with all sampled points in the study areas, i.e., density of six samples per ha.
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Table 5. Variogram model, parameters (range—m (A), nugget effect (C0), and contribution (C1)),
and leave-one-out cross-validation (RMSE and R between predicted and observed) for available
phosphorus (P), potassium (K), and clay content. Spatial clustering measured by the Moran index
and its significance (p-value).

Field 1 C0 C1 A RMSE R Model Moran p-Value

P 0 500 251 22.14 0.33 Exp 0.2 0.001
K 2.93 2.6 485 1.78 0.81 Gau 0.66 0.001

Clay 0 10,000 600 28.88 0.95 Exp 0.85 0.001

Field 2 C0 C1 A RMSE R Model Moran p-Value

P 12 30 400 4.78 0.70 Exp 0.46 0.001
K 0.04 0.1 395 0.29 0.57 Exp 0.29 0.001

Clay 200 1000 220 26.06 0.68 Exp 0.36 0.001



AgriEngineering 2025, 7, 10 10 of 17

3.1. Clay Content Mapping
3.1.1. One Sample per Hectare

The one sample per hectare grid with 50% of guided points provided the best clay
content prediction in Field 1 (Table 6). The RMSE was 31.12 g/kg for the grid with 50% of
guided points, 38.01 g/kg for the regular grid, and 39.23 g/kg for the grid with 25% of
guided points. This difference of 8.17 g/kg between the highest and lowest RMSE values
is considered low, given that the variation of the total sampling data ranges from 108 to
750 g/kg of clay (Table 1). On the other hand, the best results for Field 2 were found with
the regular grid (Table 6), with the RMSE for clay content showing slightly better results,
with a value of 31.07 g/kg, while the error for the grid with 50% of guided points was
31.12 g/kg, followed by 33.88 g/kg for the grid with 25% of guided points. However,
these values are remarkably close, indicating a slight difference between the sampling
approaches. This similarity may be associated with the homogeneity of the soil in Field
2, as evidenced by the low range of the values observed in the reference dataset (Table 1).
Moreover, this difference between the fields is evident when analyzing the predicted versus
observed values in Table 5, with a correlation of 0.54 for the best scenario in Field 2 and
correlations of up to 0.93 for Field 1 (Table 6). However, despite the differences in the
prediction performance in both fields, the grids with 50% of guided points delivered the
best results for mapping this attribute (higher RPIQ) (Table 4). Thus, guided sampling is
a viable alternative for mapping, especially when there are smaller and more prominent
spots that the distance between points on the regular grid cannot capture. However, when
the variability of the mapped attribute is low, in general, both forms of point allocation
characterize the target attribute similarly.

Table 6. Performance of the clay content interpolation measured to the validation samples according
to the method of sampling allocation for the two sampling densities. The best results are in bold.

Regular 25% 50%

Field 1 RMSE r RMSE r RMSE r

One sample per ha 38.01 0.93 39.23 0.92 31.12 0.92
One sample per 2.5 ha 54.33 0.86 54.41 0.86 45.63 0.88

Field 2 RMSE r RMSE r RMSE r

One sample per ha 31.07 0.49 33.88 0.44 31.12 0.54
One sample per 2.5 ha 35.42 0.38 32.85 0.44 36.09 0.39

RMSE: Root mean square error; r: Spearman’s correlation coefficient.

3.1.2. One Sample per 2.5 Hectares

Targeting sample points was more effective for mapping in both fields when consider-
ing the characterization of clay through the grid of one sample point for every 2.5 hectares
(Table 5). The reduction in sampling uncertainty was pronounced when targeting the
points. In Field 1, where there is considerable variation in clay contents (Table 1) and spatial
dependence is high, as evidenced by the Moran index (Table 5), guiding 50% of points
resulted in more accurate predictions. The RPIQ index suggests that only the model with
50% of guided points is considered excellent (Table 4) for this sampling density in this field.
Thus, a 2.5 ha grid could be enough to accurately map the clay content in Field 1, as it is in
the same model adjustment class as the grids of one sample per hectare.

Moreover, for Field 1, the results show that the targeting in this sample configura-
tion became more efficient in this field due to the correlation between clay and auxiliary
variables. MSa presented a significant inverse correlation with clay (r = −0.62), while the
synthetic EVI image also showed a considerable inverse correlation (r = −0.49) (Table 7).
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Thus, the 50% guided grid is a better option for soil maps when there is a correlation
between the covariates and the primary attribute.

Table 7. Spearman’s correlation between soil attributes and covariates (MSa—magnetic susceptibility;
EVI—enhanced vegetation index) used for macro- and micro-zone delimitation in Field 1 (bold) and
Field 2.

Attribute P K Clay MSa EVI
P 0.170 −0.003 ns −0.370 −0.350
K 0.250 0.086 −0.001 ns −0.059 ns

Clay 0.015 ns 0.470 0.140 0.012 ns
MSa 0.078 ns −0.610 −0.620 0.310
EVI 0.079 ns −0.280 −0.490 0.310

All significant correlations at 1%; ns: non-significant correlations.

For Field 2, guiding 25% of sample points was more effective for clay content mapping
(Table 6). Unlike Field 1, the correlation between the covariates and clay content suggests
that the improvement was unrelated to the guiding method, as there was no clear correlation
between the covariates and the attribute (Table 7). In the 2.5 ha grid, the distance between
the sample points was approximately 158 m, while variogram parameters for the reference
grid showed a range of 220 m (Table 5), indicating a short-range variability of this attribute.
This pattern is corroborated by the Moran index, which also suggests a smaller spatial
clustering when compared to Field 1 (Table 5). Previous studies have pointed out that
the distribution of random points within a regular grid tends to reduce mapping errors
compared to a completely regular grid [8]. The results of this study are aligned with our
findings because the targeting was effective even in the absence of a clear relationship
between the target attribute and the covariate, as it prioritized spatial coverage at 75% of
regular points, while 25% targeted allowed points at shorter distances, thus improving the
interpolation accuracy. In contrast, a higher loss of equidistance between points is observed
when targeting 50% of points, generating the worst results between the three grid designs
for Field 2. Clay interpolation performance was considered “good” (RPIQ = 1.78) even
for the reference grid of six points per hectare but “regular” and “bad” for the other grid
designs, regardless of the density (Table 4). The low variability of clay content in Field
2 makes the targeting of 50% of sample points inefficient, as the methodology demands
attribute variability and correlation between it and the covariate, which was not found in
this study. Thus, targeting is not indicated to map clay in a sparse grid under low variability
conditions and without correlation with the covariate. In this situation, the regular sample
grid is recommended.

3.2. Phosphorus Mapping
3.2.1. One Sample per Hectare

The chemical attributes showed a discrepancy between the results for the two experi-
mental fields. The phosphorus content available along Field 1 presented reduced spatial
variability, i.e., much of the data variability is not a function of its location, which can be
verified by the result of the leave-one-out cross-validation of the ordinary kriging (Table 5)
even for the reference dataset (650 samples, six samples per hectare). The Moran index
also had low data grouping (Table 5), and the model performance by the RPIQ index was
considered poor for all scenarios (Table 4). In addition, the correlation between the actual
and predicted values for all grids ranged from 0.09 to 0.3, demonstrating the inefficiency of
interpolation in mapping the attribute spatial behavior. These results show that the high
sample density does not always generate good fertility maps. This low spatial dependence
and high randomness between soil samples is often observed for available P and has already
been reported in several studies [39–41]. Random and non-clustered behavior becomes
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even more noticeable in grain-producing areas, as P fertilization is usually required in high
quantities, and the P that is not exported by the crop tends to remain in the labile P pool
due to its low mobility in the soil profile [17], as Brazilian soils are poor in P and have a
strong interaction with clay minerals. Although these factors result in the application of
fertilization in high quantities, phosphorus is the macronutrient required to a lesser extent
for crop growth and production. Thus, there is a reduction in spatial dependence over
the years with fertilizer applications at high uniform rates and variable crop extraction.
Therefore, the interpolation becomes inefficient for areas with these characteristics regard-
less of the sample grid size, and the average sampling for fixed-rate management of the
area can be adopted, as it leads to results equivalent to site-specific application due to high
interpolation uncertainty but with lower sampling costs.

Regular grid sampling for Field 2 resulted in the best P mapping, followed by the
grid with 25% of targeted sampling points and the grid with 50% at one sample per
hectare density. The predictive performance of the two best sampling configurations
was considered “good,” with RPIQ = 1.75 for the grid with 25% of guided points and
RPIQ = 1.80 for the regular grid, while the performance for the grid with 50% of guided
points was considered “regular”, with RPIQ = 1.58. Thus, the RPIQ index suggests that
the two best grids have similar predictive performance. This high spatial dependence
of available P is not commonly observed, as phosphorus often has a highly random
distribution, as reported in several studies [39,40]. However, this field has a history of
sugarcane cultivation for ten years without area renewal (replanting), where fertilization
with this nutrient is applied at low rates along the ratoons, aiming to maintain soil fertility
without its depletion, which contributes to a certain stability in soil nutrient levels due to
natural conditions, favoring its mapping.

The optimal RMSE and correlation outcomes between predicted and observed p-values
were observed in the grid with one sample per hectare, specifically associated with the
regular grid design (Table 8). This result was expected, as one sample per ha grid provides
adequate support for digital mapping using ordinary kriging [6,42]. In addition, the number
of sampling points (n = 71), when guided by covariates that have a correlation with the
attribute of interest, meets the recommendations for improving variogram adjustments [43].
Therefore, like what was observed for clay content, stratification with covariates in macro-
and micro-zones to direct sampling points does not contribute to modeling the variability
when the sample density used is sufficient to capture the soil property variability even if
the covariates show high correlations with the soil attribute (Table 7). Thus, regular grid
sampling is recommended for dense mapping, as it maps the attribute with higher accuracy
without requiring higher computational and operational effort.

Table 8. Performance in mapping available P content for validation samples based on different
sampling point allocation methods at two sampling densities. The best results are in bold.

Regular 25% 50%

Field 1 RMSE r RMSE r RMSE r

One sample per ha 24.93 0.22 25.44 0.12 23.32 0.30
One sample per 2.5 ha 24.72 0.24 26.20 0.22 25.26 0.09

Field 2 RMSE r RMSE r RMSE r

One sample per ha 5.54 0.65 5.69 0.63 6.30 0.62
One sample per 2.5 ha 6.69 0.54 6.14 0.52 5.57 0.66

RMSE: Root mean square error; r: Spearman’s correlation coefficient.
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3.2.2. One Sample per 2.5 Hectares

The allocation of 50% of points to the sparse grid of one sampling point every
2.5 hectares in Field 2 using the proposed methodology allowed a reduction in sampling
error, followed by the allocation of 25% of points and, finally, the regular grid (Table 8).
Targeting proved to be efficient in this case, as it met the principle of spatial coverage,
allowing the allocation of points at short distances, favoring variogram adjustments. Direct
soil samples allow for better identification of areas with sharp variations, unlike the regular
grid, which tends to smooth estimates due to the absence of lags in points with shorter
distances in the experimental variogram. Another point to be highlighted is the correlation
between the measured variables and the target attribute (Table 7). The presence of correla-
tion is one of the keys to success, as the methodology consists of capturing the variability
of the attributes based on the variability of the covariates. Thus, the correlation between
the measured variables and the target attribute reinforces the approach’s effectiveness,
showing that dividing the field according to a hierarchical zoning approach is essential to
obtain more accurate estimates through improved modeling.

Finally, the clustering technique used to create the zones seeks the minimum variation
of the covariates within each zone and the maximum differentiation between clusters, re-
quiring variability in the target attribute and correlation with the covariate for this objective
to be achieved. It can be observed in the soil sampling data (Field 2), where the highest
variability of the attributes is found for phosphorus (Table 1) and has a correlation with
the covariates (Table 7). Thus, preliminary exploration of correlations between variables
must be carried out when using this method, seeking to use one or more auxiliary variables
related to the variable to be mapped [10]. Plant, soil, topography, and even management
covariates may be related to the spatial distribution of soil chemical properties, and, there-
fore, the dataset needs to be extensively explored in each specific situation. In this case, a
two-stage sampling plan may be an option [44]. Grid sampling targeted for P mapping at
low sampling densities is indicated if these observations are met, as it tends to reduce the
passive sampling error of the regular grid.

3.3. Potassium Mapping
3.3.1. One Sample per Hectare

Available potassium (K) mapping showed the opposite result for P in both fields.
Targeted grid sampling of one sample per hectare provided better predictive results for
Field 1. However, the same pattern was not achieved in Field 2 (Table 9). The best prediction
results in Field 2 were observed for the grid with 50% of guided points, followed by the
regular grid and the grid with 25% of guided points (Table 9). The RPIQ index indicates
that the models can be classified as “good” for the three tested grids in Field 1 (Table 4).
The Moran index demonstrated considerable spatial clustering among the samples for the
reference grid, and the leave-one-out cross-validation parameters indicated high efficiency
in modeling spatial dependence (Table 5). These parameters, combined with the high
sampling variability and the correlation of K with the covariates (Table 7), led to the
targeting of 50% of points being the most assertive in the Field 1 mapping. These same
parameters are not observed for Field 2, as the spatial dependence of K was low even in the
reference grid, i.e., high nugget effect and low contribution, which expresses that much
of the data variability is not a function of its location (Table 5). Although the prediction
performance was better for the regular grid in Field 2 (Table 9), the difference between
the grid designs was minimal (Table 9), with all of them showing unsatisfactory mapping
results, and even the performance of the reference grid was considered “poor” (RPIQ = 1.37)
(Table 4). The sugarcane crop requires substantial amounts of this nutrient [17], which is
applied at fixed rates throughout the areas. Furthermore, sugarcane can absorb more of
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this nutrient than is necessary for its optimal growth and production (luxury consumption),
significantly reducing its contents in the soil [45]. Thus, the spatial distribution of this
attribute throughout the fertilization cycles becomes more random, depending on the
management and extraction by the crop, with the gain tending to be smaller when using
sample optimization methods combined with covariates. However, all grid configurations
presented “poor” quality according to the RPIQ index (<1.4) (Table 4), which makes grid
recommendations difficult in this situation. However, using the grid with 50% of guided
points would be more appropriate when there is variability in K and correlation between it
and the covariates, as the regular percentage ensures uniform coverage of the area, and the
other 50% captures the variability present.

Table 9. Performance in mapping available K content for validation samples based on different
sampling point allocation methods at two sampling densities. The best results are in bold.

Regular 25% 50%

Field 1 RMSE r RMSE r RMSE r

One sample per ha 2.08 0.70 2.12 0.69 1.95 0.71
One sample per 2.5 ha 2.31 0.64 2.33 0.61 2.17 0.61

Field 2 RMSE r RMSE r RMSE r

One sample per ha 0.33 0.49 0.34 0.49 0.34 0.42
One sample per 2.5 ha 0.37 0.38 0.38 0.44 0.36 0.39

RMSE: Root mean square error; r: Spearman’s correlation coefficient.

3.3.2. One Sample per 2.5 Hectares

The sparse grid (one sample every 2.5 ha) presented better prediction results when the
points were targeted (RMSE and r), with the allocation of 50% of sample points achieving
the best results (Table 9). The spatial dependence of K contents in Field 1 is high (Table 5),
and, therefore, even the regular grid could capture the soil variability for this attribute
(r = 0.64). However, targeting 50% of points allowed for the capture of variability at shorter
distances, resulting in a prediction model with similar performance to the grid of one
sample per ha, leading to RPIQ = 1.75, which is considered “good”. Previous studies have
shown that sparse regular grids are not recommended, as they lose the ability to capture
spatial dependence [6]; however, the use of covariates to allocate closer points decreases
the effect of reducing the sampling density of soil properties [46]. We corroborated these
findings in this research, as the allocation of points at short distances through auxiliary
information for stratification improved predictions due to the capture of this low spatial
dependence. Wang et al. [12] also reported that the targeting of sample points by the
hierarchical zoning approach leads to minor sampling errors than other sampling targeting
methods to map K in situations in which there is a limited number of soil samples, as
the sample points are targeted to locations where there is higher heterogeneity in the
study area.

The interpolation performance for all sampling designs was “poor” for Field 2, with
RPIQ < 1.4 (Table 4), as the spatial dependence of this element is low (Table 5), in addition
to the observed range being smaller than that of Field 1, which has very high contents of
the element (13–164 mmolc dm−3) (Table 1). Therefore, the regular grid of Field 2 could not
capture the spatial dependence of K or the guided grid. However, the mapping for K in
Field 2 was poor, but like Field 1, a predictive improvement was observed relative to the
other grids when we targeted 50% of sampling points. Mapping this attribute in areas with
low spatial dependence and reduced K levels due to insufficient fertilizer rate application,
or even the luxury consumption by sugarcane, is challenging, as the predictions were
not good even with robust sampling density (reference grid). However, the proposed
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methodology reduced the RMSE of predictions (Table 9). Therefore, targeting 50% of
sampling points to characterize K in a sparse sampling grid may be a viable alternative to
obtain more accurate digital soil maps.

3.4. Final Considerations and Opportunities of Hierarchical Stratification

The results of this study demonstrate that guided sampling provided more accurate
digital soil mapping than the “standard” regular grid. To determine the soil sampling loca-
tions, two environmental covariates were used: the historical series of vegetation indices
(VI) and apparent soil magnetic susceptibility (MSa). However, there are opportunities
to further improve these results. This study offers insights that can support future work
focused on sampling optimization, particularly through the incorporation of additional
covariates related to plants, soil, and terrain that may exhibit stronger relationships with
the analyzed soil attributes or other agronomic attributes of interest. Furthermore, mapping
results could be refined by applying different interpolation methods, such as multivariate
kriging or machine learning techniques. Thus, despite the favorable results we found, other
covariables and mapping approaches can be tested. Moreover, guiding sampling points
based on hierarchical stratification proves to be a superior approach compared to using
regular grids for digital soil mapping, and we recommend its use for digital soil mapping
in precision agriculture.

4. Conclusions
Guiding 50% of sampling points to map soil attributes produces better prediction re-

sults than the other studied grid designs. Seven out of twelve studied situations (two areas,
three attributes, and two densities) presented better results, and only one worsened the
results. However, the prediction gains with higher sampling densities are not very robust,
as the regular grid generally can meet the needs for correct attribute mapping. Moreover,
using the regular grid in more sparse grids, such as sampling with one sampling point
every 2.5 ha, is not recommended, as it loses the ability to capture the spatial dependence
of attributes. Thus, direct sampling points are an alternative that can assist in mapping.
Therefore, using the sampling grid with 50% of guided points for mapping multiple soil
attributes by the proposed methodology can be recommended for dense and sparse grids.

Targeting allows for more accurate capture of field variability by inferring the variabil-
ity of macro- and micro-zones. However, there were situations in which interpolation was
poor, even in the grid with total points, as the randomness of the data did not allow for
obtaining clustering patterns or spatial dependence. Both the regular grid and the targeted
grid methods may prove ineffective in these cases. This mapping scenario is challenging,
as the spatial dependence of the attributes is not known a priori. The proposed approach
can be adopted as a strategy for two-stage mapping, in which a percentage of sample
points from the grid are performed beforehand, thus overcoming this problem. It would
allow the analyst to understand the behavior of the attributes in the area relative to the
data range and their spatial variability, enabling an overview of the soil characteristics and,
subsequently, the adoption of the target sampling based on the proposed methodology.
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