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Abstract

Soil sampling for fertility mapping remains a challenge in agricultural management, mainly
due to high costs. Several technigues have been employed to mitigate this issue, each with
its own advantages and limitations. This study proposes an approach based on the
delineation of management zones, considering soil classification, topography, and Apparent
Magnetic Susceptibility (MSa). MSa was combined with each covariate to create two distinct
sampling-zone configurations. We evaluated this methodology in a 107-ha area, assessing
the representativeness of the zones for mapping potassium (K), phosphorus (P), and clay
and seeking to determine the minimum number of subsamples required within each zone.
We considered three error levels relative to the reference mean (10%, 20%, and 30%). The
results indicated that zone-based sampling is effective for attributes with a well-defined
spatial pattern, but limited for attributes with random distribution, such as phosphorus. Both
zone configurations showed good capacity to represent variability. A 20% error level
provided a balance between cost and accuracy, with about 12 subsamples per zone, which
is considered feasible and consistent with field practice.

Keywords: management zones, digital soil mapping, soil fertility, sampling density, number
of subsamples.

Introduction Soil sampling adopts multiple approaches,

Precision Agriculture (PA) aims to investigate
and address crop demands in a spatially explicit
manner, supplying the right amount of inputs
precisely where they are needed (Gebbers &
Adamchuk, 2010). In this context, sampling design is
one of the most critical steps for investigating the
spatial variability of soil properties for variable-rate
fertilizer recommendations, such that decision-
making and its outcomes are directly tied to sampling
quality (Cherubin et al., 2022). Thus, understanding
soil spatial variability is a prerequisite for more
efficient agriculture (Kountios et al., 2018).
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each with its own advantages and disadvantages
(Valente et al., 2024); however, the most widespread
method for variable-rate fertilizer prescriptions is the
regular grid. To design the sampling mesh, users
commonly employ evenly spaced points, because
this ensures homogeneous spatial coverage, which is
an appealing feature when there is little prior
knowledge about the area to be sampled (Brus,
2019) and also simplifies field operations. However,
soil chemical attributes, in particular, often require
high-density sampling for effective mapping
(Cherubin et al., 2015; Amaral & Justina, 2019), and
sampling and laboratory analysis costs can hinder
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the construction of a grid that meets these
requirements. Consequently, alternatives to grids
have been sought to optimize sampling, such as
targeting based on simulated annealing of spatial
covariates (Pusch et al, 2023), hierarchical
stratification (Melo et al., 2025; Wang et al., 2023),
and conditional Latin hypercube sampling (Ghotbi et
al., 2021), among others. These directional
techniques are generally used when financial
constraints limit sample size; however, several of
them are computationally expensive or too labor-
intensive to be readily implemented in the field by
PA practitioners.

Considering the above challenges associated
with adopting grid-based sampling, the use of
management zones (MZs) emerges as an alternative
for understanding and managing soil variability. MZs
correspond to portions of an agricultural field that
share similar characteristics in terms of limiting
factors and vyield potential, enabling the efficient use
of a single input application rate within each zone
(Doerge, 1999). Typically, MZs can be delineated
using environmental covariates that exhibit temporal
stability (Cordoba et al., 2016). This field-partitioning
method proves effective because it accurately
represents local variability while minimizing the labor
required for sample collection (Trivedi et al., 2025).
Sampling is conducted by traversing the entire MZ to
collect subsamples, which are then combined into a
single composite sample representing the mean
attribute values for that zone. This single composite
sample suffices for each MZ, based on the
assumption of reduced within-zone variability.
Although applying this technique is challenging due
to the unique variability of each field, it remains
promising and is supported by solid studies in the
scope of Precision Agriculture (Oldoni et al., 2025;
Kerry et al., 2024; Almeida et al., 2023; Cérdoba et
al., 2016).

Despite the presumed homogeneity of MZs,
there remains an open question regarding within-
zone soil sampling. This gap concerns the number of
subsamples required to compose a composite
sample that can efficiently represent the area of each
zone. Kerry et al. (2024) note that, in the past, a
density of 1 subsample per hectare was assumed to
characterize MZs effectively. However, although
economically feasible, this sampling density can
introduce errors because it disregards the spatial
variability of multiple soil attributes (Kerry et al.,
2024). Such error arises because each attribute
exhibits natural variability at larger or smaller spatial
scales (Cherubin et al., 2015). In principle, a high
density of subsamples could meet the sampling
need. Thus, as the cost of mapping attributes within
each MZ depends on the number of soil subsamples
collected, there is an economic incentive to minimize
the size of the subsample set. However, reducing the
number of subsamples without sound technical—
methodological support may compromise data
representativeness, affecting the accuracy of zone
mapping and, consequently, the efficiency of input
recommendations. Thus, it is pertinent to determine a

minimum number of subsamples that can efficiently
represent the sampled area.

Recent studies have sought to refine MZ
delineation techniques to reduce soil variability in
agricultural fields (Tripathi et al., 2024; Ameer et al.,
2022; Mazur et al., 2022). However, to the best of our
knowledge, there are no consolidated studies that
determine the ideal minimum number of subsamples
for representative sampling within zones; therefore,
such research is justified. Kerry et al. (2024),
examining differences among MZs delineated in
agricultural areas, suggest a subsample density of 6—
8 to accentuate contrasts among multiple soil
attributes within a zone. However, their study was
validated by the pronounced differences between
MZs and by comparing MZ maps with interpolated
maps, which themselves entail uncertainty-related
error due to the interpolation technique. Moreover,
Kerry et al. (2024) emphasize the need for studies in
areas with different levels of soil variation because,
depending on the degree of local variability, the
number of samples could be reduced or increased.
Thus, even with an adequate delineation of zones, it
is equally essential to ensure an efficient
characterization of soil attributes after zone definition
to support robust decision-making. Therefore,
ensuring a representative sample for each zone is
fundamental to avoid fertilizer over- or under-
application issues and to achieve better financial
and environmental outcomes with variable-rate
input application.

Accordingly, we employed two approaches to
define management zones: (1) combining a detailed
soil map with apparent magnetic susceptibility; and
(2) elevation-based clustering in conjunction with
apparent magnetic susceptibility. Additionally, our
objective was to investigate whether there is an
adequate minimum number of subsamples to
represent the management zones and whether the
characteristics of soil variables and the method used
to create the zones affect this number.

Material and Methods

The research workflow can be described in
four main steps. (1) First, the study area was divided
into macro-zones through a spatial blocking scheme
using two distinct approaches: (1a) delineation based
on soil classes at the great group level; and (1b)
application of the Fuzzy C-Means (FCM) algorithm to
the Digital Elevation Model (DEM), supported by the
Fuzzy Performance Index (FPI) and the Modified
Partition Entropy (MPE), resulting in elevation-based
macro-zones. (2) The number of sampling zones
(predefined as N = 10 for the entire area) was
proportionally distributed among the macro-zones
according to an equation adapted from Wang et al.
(2023), accounting for internal variability and macro-
zone size. (3) Next, the Fuzzy C-Means algorithm
was applied again—this time to the raster of soil
apparent magnetic susceptibility (MSa) within each
macro-zone—to define the sampling zones (micro-
regions), meeting the previously stipulated number of
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& Calvin (1965), adopting three acceptable error
thresholds: 10%, 20%, and 30%. A schematic
representation of this sampling approach is
presented in Figure 1.

zones. (4) Finally, the ideal minimum number of
subsamples to compose a representative sample of
phosphorus (P), potassium (K), and clay was
determined using the equation proposed by Petersen

(1) Division of the study area into
macrozones (two approaches)

(1b) Fuzzy C-means applied
to elevation

(1a) Soil classes - great group
level

(2) Definition of the number of sampling zones
within each macrozone - N =10

- Distribution among macrozones based on the
adapted calculation from Wang et al. (2022)

v
(3) Generation of sampling zones

- Fuzzy C-means applied to MSa

— Number of zones per macrozone defined
in Step 2.

A
(4) Determination of the ideal number of
subsamples per sampling point
- Calculation based on Petersen and Calvin
(1965)
— Number of zones per macrozone defined
in Step 2. 1

Assessment of P, K, and clay contents
—Acceptable errors: 10%, 20%, and 30%

Figure 1. Research workflow.

mean annual temperature of 20-22°C. The relief is
gently undulated and the soil is predominantly a
Latossol (Oxisol), with surface (0-20 cm) texture
classes ranging from clay to loam—clay—sand. Grain
cropping predominates in the area, with soybean in

Study area

The study area covers 107 hectares and is
located in the municipality of Cosmépolis, Sao Paulo
State, Brazil, at 22°41'55.16"S, 47°10'34.15"W
(Figure 2). The climate is classified as Cwa—humid

subtropical with a hot summer—according to Képpen,
with a mean annual precipitation of 1,400 mm and a

the first season, alternating between oat and grain
sorghum in the second season.
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Figure 2. Study area showing: dense-grid sampling points (a), digital elevation model (b), soil apparent magnetic susceptibility

(c), and soil classes (d).

Soil sampling

Across the entire study area, dense soil
sampling was conducted using a regular 40 x 40 m
grid, corresponding to 6 sampling points per hectare
(Figure 2a). Each sampling point represents a
composite sample formed from six subsamples
collected within a 5 m radius of the central point using
an instrumented quad bike equipped with an
automated auger. The sampling dataset is available
in Melo & Amaral (2024). Samples were collected at
a depth of 0—20 cm, as recommended for fertilizer
prescription in grain-producing areas (Cantarella
et al., 2022). This high sampling density enabled us to

simulate several sampling configurations within the
area. The composite samples were sent to a
commercial soil testing laboratory for chemical and
physical analyses. For this study, we selected three
soil attributes: available phosphorus (P; mg dm™),
available potassium (K; mmolc dm~3), and soil texture
represented by clay content (g kg™) (Figure 3).
Descriptive statistics for these attributes are provided
in Table 1. Phosphorus and potassium were chosen
because they are the nutrients most frequently
replenished by fertilization in agricultural areas, while
clay was included due to its influence on soil fertility
through its relation with cation exchange capacity
(CEC) and water storage.
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Figure 3. Spatial distribution maps for the study variables (available P and K, and clay content).

Table 1. Descriptive statistics (n = 650) and degree of spatial clustering estimated by Moran’s | for available phosphorus (mg

dm™), potassium (mmolc dm™3), and clay content (g kg™).

Soil property Mean Median Std. Dev.
Potassium, K 6.0 5.3 3.0

Phosphorus, P 50.5 45 23.5
Clay content 460.5 459 108.6

C. Var. (%) Moran’s Index
50.5 0.8 19.3 0.66
46.5 13 164 0.2
23.5 108 750 0.85

Environmental covariates

The proposed methodology aimed to infer
variability in the study areas through soil macro- and
micro-variability, a strategy used by Wang et al.
(2023) and Melo et al. (2025). The purpose of
dividing the area into macro-zones is to use a block-
like scheme that enables the identification of
homogeneous zones at a broader scale. This
approach helps reduce part of the field variability and
then allows these zones to be subdivided into micro-
regions. These micro-regions are defined as the
sampling zones, which serve as the fine-tuning step
to reduce variability across the sampled area,
enabling the collection of subsamples that faithfully
represent the attributes of interest within each zone,
thereby ensuring improved efficiency in variable-rate
fertilizer application.

For this study, we tested two scenarios for
delineating macro-zones: soil taxonomic classes
(Figure 1d; EMBRAPA SOLOS, 2018), which provide
fundamental information for grouping regions with
similar soil characteristics; and elevation derived from
the digital elevation model (DEM), following the
original proposal of Wang et al. (2023). The DEM
was obtained directly from the Google Earth Engine
platform (Copernicus DEM), whose original imagery
is available at 30 m spatial resolution and was
subsequently resampled to 10 m using the bilinear
method (Figure 1b). The suite of DEM-derived
variables has been widely investigated for soil class
mapping (Bazaglia Filho et al., 2013; Brungard et al.,
2015; Ma et al., 2019) and for digital soil mapping
(DSM) (Wang et al., 2023; An et al., 2018), which
justifies its use in this project as an alternative to soil
class maps, given that producers do not always have
access to farm-scale soil class mapping.

The covariate used to delineate the micro-
regions—corresponding to the sampling zones—was
soil apparent magnetic susceptibility (MSa), an
attribute that has proven effective for identifying site-
specific management zones (Melo et al., 2025; Matos
et al., 2023). In addition, MSa has been employed in
soil studies for attribute prediction (Ramos et al.,
2021), to support mapping (Pusch et al., 2023), and
to refine the delineation of boundaries between
different soil classes (Silva Junior et al., 2021). In
seemingly homogeneous areas, MSa can reveal
subtle variations due to its association with soil
mineralogy, enabling separation into zones of interest
that may exhibit different levels of soil fertility. MSa
data were acquired for a depth of up to 37.5 cm using
a real-time electromagnetic induction instrument
(EM38-MK2, Geonics Ltd., Canada). The instrument
was towed by a quad bike along passes spaced 30 m
apart, resulting in a data-collection density of
approximately 150 readings per hectare. A
continuous raster was subsequently produced
through ordinary kriging (Figure 1c).

Delineation of sampling zones

For the scenario using soil classification as the
primary information to delineate macro-zones, the file
was produced in vector format by a specialist
pedologist, and the number of macro-zones
corresponded to the number of soil classes defined
down to the great group level, resulting in three
macro-zones. In the case in which the DEM served
as the primary information, because it is a raster
without predefined classes, we classified it using
fuzzy C-Means clustering (Cordoba et al., 2016;
Oldoni et al., 2019). The selection of the optimal
number of macro-zones was based on the joint
analysis of the Fuzzy Performance Index - FPI

Eng. agric., Jaboticabal, v.46, €20250063, 2026



Derlei D. Melo, Isabella A. Cunha & Lucas R. do Amaral

(McBratney & Moore, 1985) and the Modified
Partition Entropy - MPE (Boydell & McBratney, 2002),
which have been used in studies for defining
management zones (Melo et al., 2025; Oldoni et al.,
2025; Oldoni et al., 2019). Three DEM clusters were
identified as optimal, as this was the clustering level
at which both indices were low, particularly the FPI

(Figure 4), resulting in three macro-zones (Figure 5).
Finally, we applied the majority (mode) filter in the
Precision Zones plugin (11x11-pixel window) to
reduce salt-and-pepper noise, removing small pixel
clusters of one zone embedded within another and
making the map more continuous and operational
(Melo et al., 2025).

0.11

0.1
0.09
0.08
0.07
0.06
0.05
0.04

MZ7Z2 MZ3 MZ4 MZ5
=-FPI -e—MPE

Figure 4. Fuzzy Performance Index (FPI) and Modified Partition Entropy (MPE) used to select the optimal number of macro-
zones, showing results from two (MZ2) to five (MZ5) clusters.

A

@ ZONE ONE
@ ZONETWO

(O ZONE THREE

Figure 5. Macro-zones created through DEM elevation using Fuzzy C-Means clustering.
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The optimal number of sampling zones within
each macro-zone (soil class or elevation—DEM) was
determined as a function of MSa variability and class
area (Eq. 1). The basic premise is that greater
variability in MSa likely reflects greater variability in
soil attributes. The equation adapted from Wang et
al. (2023), which determines the number of soil
sampling zones within each macro-zone, starts from
an arbitrarily defined number of samples—which
commonly occurs in field practice, typically
constrained by the available budget. In this study, we
assumed the budget was limited to ten samples for
the entire area, providing zones with an average area
of ~10 ha, which falls within the range recommended
for conventional soil sampling in agriculture
(Cantarutti et al., 2007; van Raij, 2017). The sampling
zones within each macro-zone were created using
the fuzzy C-means clustering method, as in Melo et
al. (2025). Noise filtering was performed as

previously  described for the  macro-zone
segmentation (Melo et al., 2025).
SNh = SN-Ah-CVh/ YAh - CVh )

Where:

SNh — Number of sampling zones in each macro-
zone.

SN — Number of sampling points to be targeted
across the entire area, arbitrarily defined (n = 10).

Ah — Area of each macro-zone under study (ha).

CVh — Coefficient of variation of apparent magnetic
susceptibility (MSa) in each macro-zone.

Determination of the optimal number of
subsamples

After delineating the sampling zones, we
sought to infer the optimal number of soil subsamples
needed to represent the mean values for clay, P, and
K based on the reference-grid sampling points
located within each zone. The optimal number of
subsamples was determined using [eq. (2)], as
proposed by Petersen & Calvin (1965). We adopted a
5% significance level, and the optimal number of
subsamples for each sampling point was computed
considering maximum allowable errors of 10%,
20%, and 30% relative to the mean, as in Pias
et al. (2018).

n=((t-S) / D)2 )
Where:

n = required number of subsamples

t = Student's *t* distribution value for the
significance level (a) and degrees of freedom (DF)
in each sampling zone (DF = number of samples in
the sampling zone - 1).

S = sample standard deviation of each attribute
measured within each sampling zone.

D = mean of each attribute within the sampling zone
divided by the allowable percentage variation
around the mean (10%, 20%, and 30%).

Analysis of the results

The clustering of sampling points within each
of the two sampling-zone configurations was
assessed visually using boxplots and compared with
the entire dataset for the full area, considered here as
the conventional approach. Next, we calculated the
optimal number of sampling points with the
corresponding allowable sampling errors (10%, 20%,
and 30%—Equation 2) for each sampling zone,
enabling the determination of the ideal number of
subsamples per zone. The two macro-zone
configurations were then compared based on the
mean optimal number of subsamples required in
each sampling zone, in order to identify the one with
better performance in terms of homogeneity and
reduced ideal number of subsamples. To explore
potential relations among the evaluated attributes, we
computed Spearman’s correlation between MSa and
the tested soil attributes to help explain possible
discrepancies among results (Figure 8). Finally, we
evaluated zone homogeneity considering the
recommended optimal number of subsamples and
compared these values with the mean of all sampling
points within each zone, used as the reference.

Results and Discussion

Partitioning the agricultural field into macro-
zones and subsequently into sampling zones enabled
efficient mapping under both scenarios tested. In
total, we obtained 10 sampling zones in each macro-
zone delineation configuration (Figure 6). For the soil-
class configuration, we obtained four zones in macro-
zone 1, five in macro-zone 2, and one in macro-zone
3. For the configuration based on DEM elevation,
clustering provided four sampling zones in zone 1,
four in zone 2, and two in zone 3. Regarding the ideal
minimum number of subsamples per zone, the
results indicated that approximately 12 subsamples
are needed to characterize the tested attributes in
each zone, regardless of MZ size. Another important
point is that using the DEM to subdivide the area into
macro-zones can be a practical alternative, since
several producers lack detailed pedological mapping
available, which could otherwise limit adoption of the
technique. These findings underscore the need to
tailor sampling strategies to maximize mapping
accuracy and optimize available resources for
efficient management.

Eng. agric., Jaboticabal, v.46, €20250063, 2026
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(@)

(©)

Area-ha

Zones Soil class DEM

1 2.84 535
2 5.29 7.08
3 5.09 10.84
4 20.98 5.01
S 13.06 5.63
6 9.27 7.61
T 27.01 8.12
8 12.05 21.93
9 523 17.64
10 5.83 17.51

Figure 6. Soil sampling zones (b & d) with their respective areas indicated in the adjacent table: macro-zones generated from
the three soil classes (a) and their respective sampling zones derived from soil apparent magnetic susceptibility (MSa) (b); three
macro-zones generated from DEM elevation (c) and their respective sampling zones derived from soil apparent magnetic

susceptibility (MSa) (d).

Dividing the area into ten sampling zones
reduced the variability of clay and potassium data
across all zones when compared with the full dataset
that would represent conventional sampling,
regardless of the variable used to delineate the
macro-zones of homogeneity. This can be observed
in the boxplots of Figures 7 and 8: for the complete
set of soil samples (n = 650), once the area was
partitioned into ten zones, the boxplots became less
dispersed, indicating greater within-zone
homogeneity for both attributes. For clay, both
methods for creating macro-zones (soil classes and
DEM elevation) provided four out of ten zones with
100% of points falling within the same textural class,
while six zones had at least 75% of points in the
same class (Figures 7 and 8). For potassium,

delineating macro-zones based on soil classes
produced two zones with 100% of points within the
same level, five zones with 75% of points at the same
level, and all zones with at least 50% of points at the
same level (Figure 8). In contrast, zones generated
from the DEM resulted in one zone with 100% of
points at the same level, four zones with 75%, and the
remaining five zones with 50% (Figure 7). Because the
MZ strategies effectively reduced dispersion for clay
and K, variables that exhibited spatial clustering (Table
1) and correlated with nearly all analyzed attributes
(organic matter = OM, base saturation = SB(%), cation
exchange capacity = CEC, calcium = Ca, and
magnesium = Mg), except P and pH (Figure 9), we
consider this subdivision approach suitable for
characterizing soil chemical fertility in the study area.
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Figure 9. Spearman’s correlation among soil attributes (K = available potassium, P = available phosphorus, Ca = exchangeable
calcium, Mg = exchangeable magnesium, Clay = clay content, SB(%) = base saturation, CEC = cation exchange capacity, SB =
sum of bases, OM = organic matter, pH = hydrogen potential, MSa = apparent magnetic susceptibility). \* = Significant at the 5%

level (n = 650).

Regarding available soil phosphorus, the
zoning approaches were not effective at reducing
within-zone variability, with boxplots exhibiting
distributions similar to those of the full dataset and
across zones (Figures 7 and 8). As shown in Figures
7 and 8, seven of the zones contained only 50% of
the data within the same availability level, regardless
of the method used. This behavior can be attributed
to the low mobility of phosphorus in the soil profile
and the high fertilization demand for this nutrient
(Cantarella et al., 2022), factors that contribute to its
high randomness and variability—corroborated by a
non-significant Moran’s | for P (Table 1). This
indicates that, in this study area, delineating sampling
zones did not assist in mapping available P.
However, mapping attributes with weak spatial
dependence is particularly challenging even under
grid sampling, which hampers variogram estimation
(Melo et al., 2025; Amaral & Justina, 2019) and
negatively affects interpolation for map creation.
Given this limitation, a conventional sampling
strategy representing the entire area could be used
here. Nevertheless, although zoning did not aid P
mapping in this field, it did not impair it either, and it
remains a safe approach that may deliver results in
other areas and has demonstrably helped with other
attributes such as K and clay noted above.

The size of the sampling zones obtained by the
different methods had no influence on the number of
soil subsamples required to represent each zone. For
the zones generated based on soil classes, four were
larger than 10 hectares, while six were smaller. In

contrast, the distribution was reversed for zones
delineated by elevation, with six zones smaller than
10 hectares and four larger (Figure 6). For example,
zone  3—defined  from soil classes—has
approximately 5 hectares and required the highest
number of subsamples for clay and K (22 and 70,
respectively) for an allowable error of 10% (Figures
10b and 10d). Conversely, zone 7—also delineated
by soil classes—with about 27 hectares, demanded
only one-third of that number to characterize clay at
the same allowable error (Figure 10b). Zone 3
(Figure 6b) was delineated by soil classes and, due
to its small size and the variability of MSa, it received
only one sampling zone within its class (Entisols)
according to the calculation of Wang et al. (2023).
This zone (3) showed highly discrepant subsample
requirements relative to the others (Figures 10b and
10d) because it encompassed the Entisols (Figure
2d), which naturally exhibits high variability due to
fluctuations in the water table. This phenomenon
affects redox processes, altering nutrient availability
(Guimarées et al., 2013) and requiring a greater
number of subsamples for representative sampling.
This same pattern—namely, no relation between
zone size and subsample needs, to greater or lesser
degrees—can be extended to all zones under both
delineation methods. Thus, working with a fixed
number of subsamples per sampling zone appears
appropriate, especially since within-macro-zone
variability was reduced by grouping micro-zones
based on soil apparent magnetic susceptibility (MSa).
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Figure 10. Number of subsamples per sampling zone required to estimate soil clay, potassium, and available phosphorus with
maximum errors of 10%, 20%, and 30% relative to the mean, considering different zoning criteria: (a, b) clay in zones delineated
by elevation + MSa and by soil classes + MSa, respectively; (c, d) potassium in zones delineated by elevation + MSa and by soil
classes + MSg; (e, f) phosphorus in zones delineated by elevation + MSa and by soil classes + MSa.

Although both delineation approaches reduced
data variability (Figures 7 and 8), they led to different
numbers of subsamples needed to efficiently
represent the attributes within zones (Figure 10), and
these differences were unrelated to either zone area
or MSa variability. Because the two zoning methods
produced distinct zone areas and boundaries,
examining the subsample counts for each zone
individually precludes inferring a single per-zone
sample size or determining which delineation
provided better clustering of data. Thus, a sound
strategy is to adopt an average number of

subsamples across zones within each sampling
configuration—one that is feasible to collect in the
field and adequately represents most attributes of
interest. As discussed above, the spatial pattern of
phosphorus was not adequately captured by the
sampling zones and was therefore removed from the
analysis. Using soil classes to delineate macro-zones
produced sampling zones that were more
homogeneous in terms of K and clay contents, as
evidenced by the lower mean subsample requirement
(Figure 11) relative to elevation-based zones. This
greater efficiency of soil-class-based macro-zones
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may be associated to expert-driven delineation,
which, despite its subjectivity (Bazaglia Filho et al.,
2013), involves field investigation and renders
zones more representative. Moreover, terrain
attributes are not always ideal for inferring surface

(a) Clay - Sampling zones

soil properties (Nalin et al., 2023). Hence, using soil
classes proved a more effective approach for
grouping sampling zones and provides an additional
application for detailed pedological surveys in
agricultural areas.

(b) Potassium - Sampling zones
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Figure 11. Average number of subsamples required to represent soil attributes as a function of error thresholds (10%, 20%, and
30%) according to the sampling-zone delineation methods: elevation plus apparent magnetic susceptibility (MSa) shown in
white, and soil-class-based zones plus apparent magnetic susceptibility (MSa) shown in black.

Because clay content in the area exhibits
stronger spatial clustering than available K (higher
Moran’s |—Table 1), its subsample demand was
lower: 9, 3, and 2 subsamples in the zones
delineated by soil classes, while potassium required
41, 11, and 5 subsamples, corresponding to
allowable errors of 10%, 20%, and 30% of the mean,
respectively. The interpolated maps (Figure 3)
highlight the spatial variability of the two evaluated
attributes. Clay shows a more continuous pattern,
indicating greater homogeneity, whereas potassium
(K) shows greater spatial discontinuity, possibly
associated with anthropogenic management and the
intrinsic variability of chemical attributes at smaller
scales—thereby corroborating the differing
subsample requirements within zones for the two
attributes. Since it is common to perform a single
sampling to analyze a suite of attributes (i.e., P, K,
pH, texture, Ca, Mg, etc.), to ensure reliable
representation of all of them, the minimum number of
subsamples can be set based on the attribute that
required the highest quantity. Assuming an
acceptable error of 10%, the subsample demand
would be very high—namely, at least 41 subsamples
for accurate determination of soil K (Figure 11). Such
number would render sampling excessively expensive
due to the operational costs of soil collection. Thus,
even though it could provide good results, such
sampling density becomes operationally unfeasible.

Adopting allowable errors of 20% and 30%
substantially reduced the number of subsamples
needed to stabilize the mean K value—from 12 and 4
subsamples in the elevation-derived zones to 11 and
3 in the soil-class-based zones, respectively (Figure
11b)—, which is close to guidance for subsampling
homogeneous fields under the traditional “mean-
based” approach (Cantarutti et al., 2007; van Raij,
2017). Thus, assuming a 20% acceptable error
provides practical results: for example, if the mean K
in a zone is 4.9 mmolc dm™3, then with a 20% error

the values range from 3.92 to 5.88 mmolc dm7,
maintaining the same nutrient-availability class (High
= 3.1-6.0 mmolc dm™). By contrast, with a 30%
error, this same example would range from 3.43 to
6.37 mmolc dm™3, which would already fall outside
the same availability class (Very high > 6.0 mmolc
dm™3), compromising decision-making (Cantarella et
al.,, 2022). To assess the stability of zone mean
representation, we simulated three subsampling
scenarios, randomly selecting 12 samples from each
zone to compare the resulting K maps—i.e.,
assuming a maximum error of 20%. When examining
the available-potassium maps, there was virtually no
difference among the simulations, nor any relevant
difference compared with the map generated from all
subsamples (reference grid, n = 650) (Figure 12). In
contrast, when we ran the same simulations using
only 4 subsamples—the number that would be ideal
for the attribute with lower variation (clay), also at a
20% error—the resulting maps showed markedly
different K values for the same zones (Figure 12).
This reinforces that, in the case of a single sampling
to represent multiple attributes, the number of
subsamples should follow the requirement of the
attributes with the greatest variability. For illustration,
zone 5 (generated from elevation + MSa) has a
reference mean K of 7.2 mmolc dm™3; however, with
a reduced number of subsamples (n = 4), the means
ranged from 5.45 to 10.17 mmolc dm™ (data not
shown). In this situation, values varied by
approximately +41.25% and —-24.31% relative to the
mean of all samples within the zone, which would
alter the nutrient-availability class when compared
with technical bulletins and fertilization manuals,
leading to erroneous fertilizer recommendations.
Therefore, to achieve efficient mapping results, it is
necessary to follow the recommendation of a
minimum of 12 subsamples, thereby avoiding
potential overestimation or underestimation of values
within the sampling zones.
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Figure 12. Sampling zones generated from elevation (DEM) and apparent magnetic susceptibility (MSa) showing mean values
of available potassium in the soil (mmolc dm™): (a) mean of all sampling points (reference); (b, ¢, d) mean K from simulations of
distinct walking paths with 12 subsamples (recommended) per zone; (e, f, g) mean K from simulations with only 4 subsamples

for comparison.

Conclusions

Soil classes are slightly more effective than
elevation for delineating macro-zones within the
experimental area. However, detailed pedological
classification is still uncommon on farms because it
requires an expert with tacit knowledge and field
visits. Alternatively, using more readily available data,
such as elevation, emerges as a viable option for
generating sampling zones.

Management zone-based sampling using
apparent magnetic susceptibility to define micro-
zones and consequently characterize multiple soil
attributes enables grouping areas with similar
characteristics for attributes that exhibit spatial
clustering. However, the proposed methodology
becomes inefficient for mapping attributes that lack
spatial clustering (as with phosphorus in this study),
though it does not preclude or undermine its use.

Although soil attributes tend to exhibit some
degree of interrelation, each shows a minimally
distinct spatial behavior, meaning there is no single
number of subsamples that is suitable for all; it varies
according to spatial clustering and the magnitude of
variation. Because soil sampling usually targets a
suite of attributes rather than a single one, the
minimum number of subsamples for a composite
sample should be determined based on the attribute
that requires the largest sample size to represent the
mean within the zone. In this experiment, we tested
three error levels (10%, 20%, and 30%) relative to
the mean of all points. Since fertilizer prescriptions
follow technical bulletins that classify nutrient
availability into a few ranges, small deviations in the
estimated zone mean would not change the final
recommendation. However, variations up to 10% may

represent an overly fine adjustment that would greatly
increase sampling costs (n > 41). Therefore,
balancing survey quality and operational complexity,
a 20% error threshold appears more appropriate,
providing a feasible number of subsamples, close to
what is traditionally used (between 10 and 20). Using
30% may cause coarser shifts among nutrient-
availability levels, potentially affecting soil fertility
diagnosis and fertilizer recommendations.
Accordingly, a subsample count close to 12 seems
adequate for accurately representing the mean value
of each zone, regardless of its size. However, this
may vary depending on the variability levels of the
measured attributes, thus justifying studies under
diverse conditions.
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