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ABSTRACT

Detecting spatial yield variability is essential for precision
agriculture because it minimizes environmental impact
and enhances economic returns. This study proposes
Gaussian Process Regression (GPR) as a predictive model
for yield estimation, particularly in cultivated areas where
the highest yields appear in the central region of the field,
while the edges exhibit lower productivity. The study was
conducted in Patos de Minas, Brazil, using 795 georef-
erenced soybean yield samples over 3.7 hectares. The
analysis evaluates GPR across different sample sizes and
compares it with Ordinary Kriging (OK) and Support Vec-
tor Machine (SVM). The results indicate that GPR and OK
perform similarly under high sampling densities, but GPR
achieves higher predictive accuracy under low-sampling
conditions. A sample size of at least 60% of the full dataset
is necessary to maintain reliable spatial prediction, as
smaller sample sizes lead to greater prediction errors and
less defined spatial patterns. SVM, in contrast, produces a
smoothing effect across all sampling densities, which re-
duces its ability to capture local variations. These findings
highlight GPR as a robust alternative for yield mapping,
particularly in scenarios with limited data availability.
From a practical perspective, GPR and OK remain strong
candidates for yield prediction, reinforcing the importance
of model selection based on data availability and spatial

variability.

Keywords: modeling, geostatistics, machine learning,
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INTRODUCTION

The accuracy of the spatial interpolation method used to
generate soybean yield distribution maps directly influences
their reliability. Methods such as OK and SVM provide
different approaches to spatial data interpolation, each with
specific data requirements and analytical complexity.

OK remains a widely used geostatistical approach that
models spatial correlations through a semivariogram, based
on the assumption that nearby points exhibit greater similarity
than distant ones. While it provides unbiased estimates
and allows for uncertainty quantification, its performance
depends on a well-defined spatial structure and tends to
decline with sparse data or when stationarity assumptions are
violated.!” Alternatively, machine learning methods, such as
SVM, can capture complex, nonlinear spatial relationships
without requiring a predefined statistical model. However,
their effectiveness depends on careful parameter tuning and
the availability of a sufficiently large dataset, as performance
tends to deteriorate when sample density is low.?® Recent
studies have compared geostatistical and machine learning
approaches for spatial predictions in precision agriculture,
emphasizing the importance of selecting appropriate
interpolation methods.®

GPR represents a promising alternative for crop
yield modeling, offering a nonparametric, kernel-based
probabilistic framework that eliminates the need to assume
a predefined functional relationship between variables.
GPR has been extensively applied in agriculture to model
nonstationary and nonlinear relationships. For example,
Campos-Taberner et al.¥ employed GPR to estimate
the Leaf Area Index (LAI) from smartphone images,
demonstrating its potential for precision agriculture.
Similarly, Martinez-Ferrer et al.® applied GPR for crop
yield estimation and interpretability, integrating multisensor
satellite observations and meteorological data to represent
complex spatial and temporal dynamics. Additionally,
Alebele et al.®® explored Gaussian Kernel Regression to
estimate crop yield from combined optical and Synthetic
Aperture Radar (SAR) imagery, reinforcing its effectiveness
in agricultural monitoring. These studies highlight GPR’s
capacity to handle sparse sampling scenarios and enhance
yield prediction accuracy, positioning it as a robust tool for
spatial interpolation in precision agriculture.

This study investigates the use of GPR to estimate
and analyze the spatial variability of soybean yield. As a

crop of significant global economic importance, soybean
production requires an understanding of yield spatial
variability to optimize input allocation and minimize the
impacts of environmental and physiological factors on field
performance.” Soybean yield depends on a combination of
biotic and abiotic factors that directly influence its spatial
distribution, posing challenges for accurate modeling.

To address these challenges, this study evaluates the
accuracy of the GPR method under different sample sizes to
determine the extent to which a reduction in sample density
affects the quality of spatial estimates. Additionally, the
performance of GPR is compared with SVM and OK, both
implemented in the Smart-Map plugin integrated into QGIS.

MATERIAL AND METHODS

Study Area and Available Dataset

The data for this study were collected in the municipality
of Patos de Minas, specifically in the Santana de Patos
neighborhood (Figure 1). The study area is located at 18°
517 32”S latitude and 46° 29’ 49”W longitude, with an
average elevation of approximately 832 m. The region's
climate falls under the "Aw" category in K&ppen’s climate
classification system,® which corresponds to a humid
subtropical or mild temperate climate. Additionally, the
average temperature is 21.8 °C, and the annual average
precipitation is 1296 mm.®

The study area covers approximately 3.7 hectares.
Soybean seeds were planted in August 2022 and harvested
in November 2022. Immediately after harvesting, the data
were extracted from the grain harvester in “.csv”’ format
and later converted into a shapefile format for processing.

The dataset is composed by 795 sampling points,
characterized by yield mass, measured in tons per hectare
(t/ha), and spatial location in Cartesian coordinates within
the UTM projection system (E, N) — 23S zone. Yield data
were obtained using a John Deere S440 combine harvester
equipped with a factory-installed yield monitoring system.
The monitor recorded yield at a rate of approximately
one point per meter of harvester movement. Soybean
rows were spaced 0.50 m apart, which is the standard
row configuration commonly used in Brazilian soybean
production. The spatial distribution of the samples is
shown in Figure 2, with coordinates standardized using
the z-score method to ensure a mean of 0 and a standard

deviation of 1.
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Figure 1. Study area.

Figure 2. Spatial distribution of sampling points with yield variability in the field. (The gaps observed in some portions of the field,
particularly within central rows, resulted from the removal of inconsistent yield readings. These included isolated zero-value measure-
ments, sensor dropouts, and outlier points inherent to harvester-based yield monitoring systems. Such values were excluded during
preprocessing to ensure the reliability of the spatial analysis).

According to Figure 2, the highest yield values are Gaussian Process Model for Soybeans Yield
observed in the central region of the field (red circle), Estimation
while the edges exhibit lower productivity (blue circle).

GPR is a nonparametric Bayesian regression method

This phenomenon is attributed to the border effect, which C . .
p ’ that defines a distribution over possible functions that fit

is common in cultivated areas where plants near the edges the observed data. GPR was employed here to model and

are more exposed to external factors such as microclimatic . . .
predict soybean yield based on spatial data, we assume

variations and pollutant contamination.
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4 Vinicius Francisco Rofatto et al.

that the yield function follows a Gaussian Process (GP),
meaning that the function values at any finite set of points

follow a multivariate Gaussian distribution:

f(x) ~ GPIm(x), £(x, x")] (1
where m(x) is the mean function (expectation):

m(x) = E[f(x)] @)

#(x,x") is the covariance function (kernel):

£(x,x") = E[($(x) — m()(#(x") — m(x"))] A3)

The kernel function defines spatial similarity between
points, i.e., determines the smoothness and generalization
of the predictions and can be fine-tuned to model different
data patterns. A GP assumes that any finite subset of points
x follows a multivariate Gaussian distribution. In this
approach, the input variables x consisted of the cartesian
coordinates (x,y) representing the spatial location of each
sampling point, while the output variable f(x) corresponded
to observed soybean yield values (t/ha).

The GPR Model can be then formulated as follows. Let’s

start by considering that a training dataset is available as:

D = {(x;, y} 4)
where:

vi = $(x) +,e~N(0,0;%) )
GPR assumes that the data follows a joint Gaussian
distribution:

y ~N(m, X + 027, (6)
where:

y=[uy2 ., ya]l" is the observation vector
composed by the yield values from training dataset;
m = [m(xy),m(xy), ...,m(x,)]" is the mean vector; K is the
covariance matrix, where K;; = £(x;,x;); 0°l, represents
the uncertainty (noise) of the observations (I is the identity
matrix by assuming the observations are independent).

For a new test point x,, we want to estimate its output f,.
The joint distribution between the observed data and the

new prediction is given by:

G-l [ W) o

where m, m(x,) is the predicted mean and
k, = [#(x,,x1), ..., £(x,,2,)]" is the covariance between

the new point and training data.

The conditional distribution of f, given the observed
data follows a Gaussian distribution:

fol %, D ~ N (u., 07) @)
where the predicted mean can be computed as:

weo=m. + kI (K +0?1) 7 (y —m) ©)
and the variance as:

o? = f(x,,x,) — kI (K + 0%1,) "k, (10)

The performance of GPR strongly depends on the choice
of kernel function. In this study, the Rational Quadratic
Kernel with a separate length scale per predictor was
chosen due to its ability to handle multi-scale variations
in spatial data, making it well-suited for yield prediction
in heterogeneous fields. This approach has been shown
to improve model generalization in environmental data
applications by capturing both global and local variations
in spatial relationships.!'?

The Rational Quadratic Kernel is given by:

[l = [\
£(x,x") =0%|1 +T

where ¢ is the variance parameter; € is the length-scale

(11)

parameter, adapted separately for each predictor (x,y); o
is the scale-mixing parameter, controlling how much local
variation is modeled; and x = (x,y) are spatial locations.
More details about GPR can be found in Rasmussen
and Williams."? This model was trained according to
experimental setup and subsequently applied to generate
an interpolated yield map. Here, the hyperparameters o2, /,
were optimized through Maximum Likelihood Estimation
(MLE). All analyses involving GPR were performed using
MATLAB software, employing the Statistics and Machine
Learning Toolbox. The GPR models were implemented
using the built-in “fitrgp” function, with hyperparameters
optimized via MLE.

Experimental Setup

To ensure an unbiased evaluation, the dataset was
randomly split into two subsets, namely the internal
validation set in which 70% (557 sample points) of the
data was used for k-fold cross-validation; and the external
validation set which consisted of 30% (238 sample
points) of the original dataset, excluded from the entire
k-fold cross-validation process and only used for final

performance assessment. The external validation set was
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used to simulate real operational conditions, assessing
the model’s ability to generalize when new data becomes
available. This realistic evaluation provides a more reliable
estimate of the model’s predictive performance beyond the
k-fold cross-validation process.?

The internal validation set (IVS) corresponds to 70% of
the original dataset (557 sample points). The IVS (100%)
represents the complete internal validation set and therefore
does not correspond to the full dataset. The IVS was then
randomly and uniformly subsampled into smaller subsets,
namely 80% IVS (446 points), 60% IVS (334 points), 40%
IVS (223 points), and 20% IVS (112 points), as displayed
in Figure 3. This methodology allowed for an assessment
of how reducing the number of observations impacts
model performance while maintaining the statistical

representativeness of the data.

Table 1 presents the mean, median, standard deviation
(Std. Dev.), maximum (Max.), minimum (Min.), coefficient
of variation (CV %), and Range for each sample size.

The statistical analysis of the subsamples compared
to the full dataset (795 sample points) indicates that their
characteristics have been largely preserved (Table 1).
The mean and median remain stable across the different
subsamples, with only minor deviations. The largest
difference is observed in the 20% IVS sample, where the
median decreases by -1.05%. The standard deviation shows
a slight increase in dispersion in smaller subsamples,
reaching +3.17% in the 40% and 20% IVS samples.

Regarding the maximum and minimum values, the
maximum Yyield remains nearly constant in the larger
subsamples, but a slight reduction of -1.01% is observed in

smaller subsets. In contrast, the minimum value increases

Figure 3. Distribution of sampled points at different dataset sizes: (a) Full dataset available (795 points), (b) 100% IVS (557 points), (c)
80% IVS (446 points), (d) 60% IVS (334 points), (¢) 40% IVS (223 points), and (f) 20% IVS (112 points). The color scale represents
soybean yield (t/ha), illustrating the point-by-point of yield across different sampling densities.

Table 1. Statistical summary of sample sizes

Sample Size Mean(t/ha) Median(t/ha)  Std. Dev. (t/ha) Max(t/ha). Min. (t/ha) CV (%) Range (t/ha)
Full dataset 4.89 4.77 1.26 8.94 0.60 25.66 8.34
557 points (IVS 100%) 4.93 4.79 1.28 8.94 0.60 26.06 8.34
446 points (IVS 80%) 4.93 4.80 1.26 8.85 0.60 25.66 8.24
334 points (IVS 60%) 4.93 4.75 1.29 8.85 1.60 26.27 7.24
223 points (IVS 40%) 4.88 4.72 1.30 8.85 1.60 26.74 7.24
112 points (IVS 20%) 4.83 4.59 1.30 8.85 1.60 26.93 7.24
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6 Vinicius Francisco Rofatto et al.

significantly (+166.67%) from the 60% IVS sample
onwards, suggesting that very low values were excluded
from these subsets. The coefficient of variation (CV%)
shows a gradual increase, reaching +4.21% in the 40% IVS
sample, indicating a slight loss of homogeneity in smaller
subsets.

The range, representing the difference between the
maximum and minimum values, decreases progressively.
This effect is noticeable from the 80% IVS sample (-1.20%)
and becomes more pronounced in smaller subsets, with a
reduction of -13.19% in the 60% and 40% IVS samples.
This suggests that extreme values, particularly at the lower
end, were removed in these cases.

Overall, the statistical characteristics of the subsamples
remain closely aligned with those of the full dataset,
confirming that they are well-representative of the original
distribution. However, smaller subsets tend to exclude
extreme values, particularly at the lower end of the yield
range.

For each sample size scenario presented in Figure 3
and Table 1, the GPR model was internally validated using
5-fold cross-validation, following the common setting
reported in the Smart-Map/QGIS workflow for Ordinary
Kriging (OK) and Support Vector Machine (SVM)."® Once
trained within each scenario, the fitted model was applied
to an external validation sample (30% of the full dataset,
comprising 238 points) to assess its predictive performance
in an independent dataset (Figure 4).

This evaluation enabled the comparison of spatial yield
patterns and the impact of different resampling methods
and validation sample sizes on model generalization.
Subsequently, each GPR-fitted model was applied to a regular
spatial grid covering the study area. This process allowed the
interpolation of yield values at unsampled locations, which
resulted in spatial yield maps. These interpolated yield
maps facilitated the assessment of spatial yield patterns and
the impact of different resampling methods and validation
sample sizes on model performance, a critical challenge in
spatial interpolation and predictive modeling.!¥

Additionally, a second experiment was conducted to
compare the performance of GPR with OK and SVM,
both implemented using the Smart-Map plugin in QGIS.
In this case, the evaluations were also performed on the
sample subsets presented in Figure 3, ensuring a consistent
comparison across different dataset sizes.

The analysis relies on statistical metrics such as the
coefficient of determination (R?), Root Mean Squared
Error (RMSE) and Mean Absolute Error (MAE) to assess
the prediction quality of each method under different
sampling scenarios. While RMSE and R? evaluate accuracy
(including relative RMSE — rRMSE), MAE was computed
to quantify the average magnitude of the prediction errors,
regardless of their sign. In contrast to RMSE, MAE is less
sensitive to large deviations, whereas RMSE penalizes
larger errors more strongly and therefore reflects both
random variability and the presence of larger deviations in

Standardized X «

External Validation (238 sample points)

Yield (tons/ha)

Figure 4. Distribution of the 238 out-of-sample points used for external validation.
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the estimates. When analyzed jointly with RMSE, MAE
provides complementary information that may suggest the
presence of non-random or persistent error patterns.

The RMSE measures the quadratic mean error between
predicted and actual values and the relative RMSE (rRMSE
%) expresses the RMSE as a percentage of the mean of the
ground truth values, as follows:

n
1
RMSE = HZ(Yi - )? (12)
i=1
rRMSE = % x 100 (13)

where )i is the observed actual value of soybean yield,
Vi is the predicted value from GPR, ¥ is the mean of the
observed actual values, and » is the number of observations.

The MAE measures the absolute mean error between

predicted and actual values:

n
1
MAE=—Z =9
n. 1|Y1 ¥il
i=

The R? coefficient measures the proportion of variability

(14)

in the data explained by the model:

s (yi — )A’i)z

RP=1-"F]—F—"=
Y — V)2

(15)
To assess generalization performance, k-fold cross-

validation was conducted with k = 5, following the same

procedure adopted in OK and SVM in Smart-Map QGIS.1®

RESULTS AND DISCUSSION
Evaluation of GPR Performance Under Different

Sample Sizes

The performance of GPR was evaluated across different
sample sizes using internal (Int.) and external (Ext.)
validation datasets. The evaluation of GPR across different

sample sizes demonstrates aprogressive declinein predictive

Table 2. Statistical summary of sample sizes

accuracy as the sample size decreases (Table 2). The
regression figures are provided in supplementary material.

For the full dataset (795 sample points), the internal
validation achieved an RMSE of 0.47, MAE of 0.33,
and an R? of 0.86, with an rRMSE of 9.64%. The model
performed well, capturing most of the variability in the
data. When using 100% of the Int. dataset (557 points), the
performance remained close to that of the full dataset, with
an RMSE o0f 0.53 (Int.) and 0.51 (Ext.), MAE of 0.38 (Int.)
and 0.35 (Ext.), and an R? of 0.83 (Int.) and 0.81 (Ext.).
The relative RMSE (rRMSE) slightly increased to 10.81%
for Int. and 10.66% for Ext., suggesting a minor decline in
generalization capability.

As the sample size decreased to 80% (446 points), the
performance degraded slightly, with RMSE increasing to
0.55 (Int.) and 0.52 (Ext.), MAE to 0.39 (Int.) and 0.36
(Ext.), while R? remained stable at 0.81 for both Int. and
Ext. validation. The rRMSE increased slightly to 11.24%
(Int.) and 10.76% (Ext.), indicating a marginal loss in
predictive power.

At 60% (334 points), a more noticeable drop in
performance occurred. The RMSE increased to 0.66 (Int.)
and 0.54 (Ext.), and MAE increased to 0.47 (Int.) and 0.39
(Ext.), while R? declined slightly to 0.74 (Int.) and 0.79
(Ext.). The rRMSE increased to 13.37% (Int.) and 11.17%
(Ext.), suggesting a greater loss in accuracy, particularly
for internal validation. However, given that R? remained
above 0.79, this sample size still provided a relatively
robust model.

When reducing the dataset further to 40% (223 points),
the performance deteriorated significantly. The RMSE
increased to 0.77 (Int.) and 0.66 (Ext.), while MAE rose to
0.57 (Int.) and 0.48 (Ext.). The R? dropped more noticeably
to 0.65 (Int.) and 0.69 (Ext.), reflecting a substantial
reduction in model reliability. The rRMSE increased to
15.75% (Int.) and 13.70% (Ext.), showing a higher degree

of error propagation.

Sample Size RMSE (t/ha) (Int./Ext.) MAE (t/ha) (Int./Ext.) R? (t/ha) (Int./Ext.) rRMSE (%) (Int./Ext.)
Full Dataset(795 points) 0.47/- 0.33/- 0.86/- 9.64%/-
100%(557 points) 0.53/0.51 0.38/0.35 0.83/0.81 10.81%/10.66%
80%(446 points) 0.55/0.52 0.39/0.36 0.81/0.81 11.24%/10.76%
60%(334 points) 0.66/0.54 0.47/0.39 0.74/0.79 13.37%/11.17%
40%(223 points) 0.77/0.66 0.57/0.48 0.65/0.69 15.75%/13.70%
20%(112 points) 1.01/0.91 0.77/0.67 0.39/0.41 20.86%/18.91%
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8 Vinicius Francisco Rofatto et al.

With the smallest dataset, 20% (112 points), the model
struggled considerably. The RMSE reached 1.01 (Int.) and
0.91 (Ext.), while MAE increased to 0.77 (Int.) and 0.67
(Ext.). The R? values plummeted to 0.39 (Int.) and 0.41
(Ext.), indicating a weak relationship between predictions
and actual values. The rRMSE reached its highest values,
at 20.86% (Int.) and 18.91% (Ext.), confirming that the
model lacks robustness at this sample size.

The prediction maps generated for each sample size
visually illustrate the impact of reducing the dataset
(Figure 5). The full dataset (795 points) shows a well-
defined structure of yield variability, with clear high- and
low-yielding regions. As the sample size decreases, the
prediction maps become progressively smoother, with less
defined local spatial structures.

From 100% (557 points) to 60% (334 points), the
spatial patterns remain largely intact, demonstrating that
GPR can still generalize well with moderate data reduction.
However, at 40% (223 points), the prediction quality
degrades significantly, as visible smoothing effects reduce
the contrast in yield variability. The 20% (112 points)
prediction map shows a severe loss of spatial resolution,
with highly smoothed and less reliable predictions, further
confirming the poor performance indicated by R? and
RMSE.

The prediction maps further reinforce these findings,
showing that the model maintains spatial coherence until
60%, after which the patterns degrade significantly. Thus,

to ensure optimal GPR performance, a sample size of at
least 60% should be maintained to balance predictive
accuracy and dataset efficiency, while using 40% or less
leads to significant performance degradation. These results
suggest that, although accuracy metrics indicate a slight
decline with lower sample densities, GPR retains its ability
to capture yield spatial patterns. This is consistent with
findings from,'” who reported that GPR models provide
excellent generalization ability even with small sample
sizes.

The main limitation was not the GPR itself, but the
insufficient number of samples, which prevented the model
from effectively capturing local yield variations. The
reduced sample density led to an oversmoothing effect,
where finer spatial details were lost. These results highlight
the importance of optimizing sample sizes to balance
the trade-off between capturing detailed local patterns
(which requires a higher number of samples) and reducing
operational costs (which benefits from lower field sampling
efforts). This balance is crucial in precision agriculture
applications, where economic constraints often limit
extensive data collection, yet spatial heterogeneity must be
accurately represented for effective decision-making.

In general, while RMSE progressively increases with
reduced sample size, R? remains stable up to 60%, meaning
the model still captures most of the data variability.
However, at 40%, a significant decline in R? (0.65 Int.)
and an increase in RMSE (0.77 Int.) indicate the model

Figure 5. Soybean yield spatial prediction at different dataset sizes: (a) Full dataset (795 points), (b) 100% (557 points), (c) 80% (446
points), (d) 60% (334 points), (e) 40% (223 points), and (f) 20% (112 points).
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Gaussian process regression as an alternative to kriging and SVM for spatial yield prediction 9

starts losing predictive strength. At 20%, both R? and
RMSE confirm that the model is no longer reliable, with R?
dropping below 0.50 and RMSE surpassing 1.0, meaning

prediction errors are large.

Performance Evaluation of GPR, Ordinary
Kriging, and SVM in Yield Prediction

OK is the default interpolation method in the Smart-
Map module. This method relies on the calculation of a
semivariogram, which enables the analysis of the spatial
dependence of soybean yield. To optimize performance,
different semivariogram models were tested, and those with
the lowest RMSE were selected. The analysis of the kriging
interpolation parameters reveals that reducing the sample
size directly influences estimation accuracy (Table 3). The
best-fitting model was the exponential model, which was
used for all cases. As the number of points decreases from
557 (100%) to 112 (20%), variations in both the R? and the
RMSE indicate that the model's predictive performance is
affected. However, contrary to a consistent decline in fit
quality, the results suggest that adjusting spatial parameters
can mitigate some of the negative effects of reduced
data availability. Importantly, the maximum distance for
interpolation was fixed at 60 m across all cases.

As the sample size decreases, the lag distance increases,
ranging from 6.59 for the largest dataset to 13.58 for the
smallest. This trend suggests that, with fewer available data
points, the spacing between pairs used in the semivariogram
becomes larger, potentially reducing the ability to capture
finer spatial variations. Despite the reduction in sample
size, the nugget effect (CO) remains zero across all cases,
indicating that no unexplained small-scale variability or
measurement noise is present.

The sill (CO + C) remains relatively stable between
1.77 and 1.87, with the highest value observed for the
334-sample dataset. However, for the smallest sample size
(112 points — 20%), the sill decreases to 1.65, suggesting a
reduction in the total variance accounted for by the spatial

Table 3. Kriging interpolation parameters for each sample size

model. Similarly, the range, which represents the spatial
correlation distance, remains close to 57.5 m for most
sample sizes but drops significantly to 46.92 m for the
112-sample dataset. This reduction suggests that with fewer
data points, the detected spatial dependence is weaker.

The RMSE fluctuates across sample sizes, generally
increasing as the dataset is reduced. However, an exception
is observed for the 223-sample dataset, where RMSE
decreases slightly compared to the 334-sample case. This
suggests that, for certain sample sizes, the spatial model
maintains good predictive performance despite a reduction
in available data. The R? remains high for larger sample
sizes but drops from 0.943 for 557 samples to 0.77 for
112 samples, indicating a loss of model reliability in the
smallest dataset.

Overall, the results indicate that reducing the sample
size influences kriging interpolation by affecting the range,
sill, RMSE, and R2. However, while a decrease in R? and
an increase in RMSE are expected, the magnitude of these
changes suggests that spatial parameters such as the lag
and range should be carefully adjusted when working with
limited data. The fact that CO remains zero throughout the
analysis suggests that the dataset is relatively clean, free
of significant noise or measurement errors. The decrease
in range for the smallest dataset highlights the importance
of optimizing interpolation parameters to compensate for
the loss of spatial correlation when working with fewer
observations.

For SVM, the choice of kernel function is a crucial
hyperparameter. In the Smart-Map plugin, the Radial Basis
Function (RBF) kernel is the default, as it has been found to
be well-suited for most datasets due to its ability to capture
nonlinear relationships.(

The spatial distribution of soybean yield is influenced
not only by the choice of interpolation method but also
by the sampling density used to generate yield maps.
The results displayed in Figure 6 indicate that, although
GPR, OK, and SVM achieved similar performance in

Sample Size Lag (m) Co Co+C Range(t/ha) RMSE(t/ha) R?

557 (100%) 6.59 0 1.80 57.84 0.09 0.94
446 (80%) 7.37 0 1.77 57.50 0.07 0.94
334 (60%) 7.37 0 1.87 57.49 0.14 0.92
223 (40%) 10.42 0 1.81 57.61 0.08 0.91
112 (20%) 13.58 0 1.65 46.92 0.14 0.77
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10 Vinicius Francisco Rofatto et al.

cross-validation based on regression plots and statistical
quality indicators (RMSE, MAE, R? and rRMSE), a
smoothing effect was clearly present in the SVM-generated
yield maps (Figure 7).

The GPR model used in this study is anisotropic,
employing a Rational Quadratic Kernel with a separate

length scale per predictor. This structure allows GPR to

model spatial relationships independently along each
predictor axis, making it more flexible in capturing local
variations than isotropic approaches such as OK, which rely
on a single spatial dependency structure for all directions.
For larger sample sizes, GPR and OK exhibited similar
performance, but GPR demonstrated a clear advantage

when the number of sampled points was reduced (Figure 6).

Figure 6. Regression Plots (Observed vs. Predicted Yield) for GPR, OK and SVM, respectively.
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Figure 7. Yield spatial distribution using GPR, OK and SVM at different sample sizes.

As the sample density decreased, the yield maps generated
by SVM became increasingly smoothed, indicating that
SVM struggled to capture fine-scale spatial variations,
likely due to the limited number of support vectors
available for training. This behavior suggests that SVM
is less sensitive to local spatial trends, which can lead to

an oversimplified representation of yield variation. In
contrast, OK and GPR better preserved spatial patterns,
with GPR showing superior adaptability in regions with
fewer observations.

OK leverages the spatial dependence structure of the

data via the semivariogram, making it well-suited for sparse
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datasets. However, the anisotropic GPR used in this study
exhibited greater flexibility, as its kernel function allows
it to learn distinct spatial scales for different predictor
dimensions. This property becomes particularly relevant
in fields with complex spatial structures, where different
factors influence yield variability at different scales.

In scenarios with high spatial heterogeneity due to
biotic and abiotic factors, GPR emerged as the most robust
alternative. The observed yield variations in the study area
were strongly influenced by soil properties, topography,
and microclimatic differences. The heterogeneity of the
Red Latosol, including variations in organic matter content,
water retention capacity, and nutrient distribution, created
complex spatial patterns that GPR captured with higher
precision than OK and SVM. Additionally, topographical
variations influenced soil moisture distribution and nutrient
transport, further reinforcing the need for interpolation
models that can account for such spatial complexity.

The spatial variability observed in soybean yield
in the study area was driven by multiple interacting
environmental, biological, and management-related factors.
The field was located on a Red Latosol (Oxisol), a soil type
characterized by high clay content, strong aggregation, and
moderate natural fertility, where small-scale variations in
organic matter, nutrient distribution, and water availability
commonly generated heterogeneous crop responses. Gentle
topographic undulations influenced runoff, infiltration, and
soil moisture retention, creating localized zones of higher
or lower productivity. Microclimatic conditions, including
differences in solar radiation exposure, temperature
gradients, and wind incidence further contributed to
spatial variability, especially near the field borders where
plants were exposed to greater environmental fluctuations.
Border effects were particularly evident in this area, likely
reflecting increased sensitivity to microclimate variability
and edge-related stressors.

In addition to abiotic influences, biotic factors such
as pest distribution and irregular crop emergence also
played a role in shaping localized yield patterns. Historical
management practices including tillage intensity,
machinery traffic, crop rotation, and localized compaction
may have left lasting spatial imprints on soil structure and
nutrient availability. These combined factors explained
the heterogeneous spatial distribution of soybean yield
and clarified why interpolation methods differed in their
ability to capture fine-scale variation. While GPR and OK
were able to model these complex spatial patterns, SVM

consistently produced over-smoothed predictions and
failed to detect localized trends, particularly under reduced
sample density. These observations reinforced that GPR
exhibited the highest resilience to sampling reduction,
followed by OK, whereas SVM showed the greatest loss of
spatial detail under sparse data conditions. This underscores
the importance of selecting interpolation methods that
maintain stability and accuracy under different sampling
scenarios. In precision agriculture, where accurate yield
estimation is critical for optimizing input management
and maximizing profitability, GPR stands out as a reliable
option, particularly in environments with limited sample
availability.

From a practical perspective, these findings confirm
that anisotropic GPR is a powerful tool for yield mapping,
providing a balanced trade-off between interpolation
accuracy and computational efficiency. The ability of GPR
to incorporate different spatial scales via its kernel function
makes it a highly adaptable method for spatial prediction,
ensuring robust and detailed yield estimates even in data-
limited regions.

Despite these limitations, SVM has evolved into an
efficient paradigm for handling nonlinear problems,!>
yet it struggles in spatial interpolation where spatial
continuity is key. OK leverages the spatial dependence
structure of yield data through the semivariogram, making
it a suitable method in sparse data conditions. However,
GPR’s structure, particularly with the Rational Quadratic
Kernel with a separate length scale per predictor, ensures
a higher level of detail in regions with fewer observations.
GPR model fitting involves estimating covariance function
parameters and noise variance, optimizing hyperparameters
using maximum likelihood estimation (MLE). The model’s
kernel function plays a fundamental role in adjusting to
different spatial patterns, allowing GPR to capture finer
spatial details more effectively than OK, especially when
the sampling density is reduced.

For large sample sizes (e.g., 795 samples in this study
area), GPR and OK performed similarly, both outperforming
SVM. However, previous studies suggest that SVM may
surpass OK in certain conditions, such as when dealing with
high-dimensional feature spaces rather than pure spatial
interpolation tasks.(*!9 On the other hand, research has also
shown that GPR offers noticeable gains in terms of accuracy
and robustness when compared to other machine learning

approaches for soybean yield estimation.®
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The differences observed between GPR, OK, and SVM in
estimating soybean yield can be explained by various biotic
and abiotic factors influencing spatial yield distribution in
the field. Specifically, in this study area, soil variability and
topography played crucial roles. The heterogeneity of soil
properties, including organic matter content, water retention
capacity, and nutrient availability in the Red Latosol,
created complex spatial patterns that GPR captured more
accurately due to its ability to model spatial autocorrelation
through kernel functions and optimized hyperparameters.
Topography also influenced the distribution of soil moisture
and nutrients, which was better represented by GPR and OK.

Additionally, microclimatic variations within the study
area, such as differences in solar radiation and temperature,
likely contributed to spatial yield patterns. GPR and OK
effectively modelled these variations, whereas SVM tended
to produce overly smoothed predictions, failing to capture
localized fluctuations. Among the biotic factors that impacted
yield estimates, pest and disease distribution, uneven crop
growth, and past agricultural management practices played
key roles.!” The irregular presence of soybean pests, such
as caterpillars, created patches of low productivity, which
GPR and OK identified more effectively due to their reliance
on spatial dependence modelling. Uneven crop growth,
resulting from emergence variability and intraspecific
competition, also introduced complex patterns that GPR and
OK captured with greater accuracy.

Furthermore, historical agricultural practices, such as
variable-rate fertilization and crop rotation, left spatial
imprints on yield distribution, which GPR and OK detected
more effectively, whereas SVM may require a larger dataset
to learn these spatial relationships.

The results suggest that GPR exhibited the least
sensitivity to sample density reduction, followed by OK,
while SVM suffered the most from data sparsity. This
highlights the importance of selecting interpolation models
that maintain stability under different sampling conditions,
reinforcing that GPR is the most resilient option in this
study. In soybean cultivation, characterized by its specific
nutritional requirements and strong dependence on climatic
conditions, the ability to accurately detect yield variations
can mean the difference between a profitable harvest and
significant losses.('®

From a practical standpoint, these findings confirm that
GPR is a valuable tool for precision agriculture applications,
particularly when sample availability is limited. The balance

between interpolation accuracy and computational efficiency
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makes GPR a promising alternative for large-scale yield
mapping. Furthermore, its kernel-based structure allows
for flexible adaptation to different spatial patterns, ensuring

robust predictions even in regions with fewer observations.

CONCLUSIONS

This study evaluates the impact of interpolation methods
and sample size reduction on soybean yield prediction.
GPR and OK consistently outperform SVM, with GPR
showing the highest robustness to sample size reduction.
OK remains effective but is more sensitive to sample
density and relies on the assumption of isotropy, which may
not always hold in agricultural fields. SVM in Smart-Map
suffers the most from data sparsity, producing smoother
estimates and failing to capture finer spatial variations.
However, optimizing SVM with a more suitable kernel
function could enhance its performance. From a practical
perspective, GPR and OK remain strong candidates for
yield interpolation, reinforcing the importance of selecting
methods based on data availability and spatial variability to
ensure accurate predictions in precision agriculture.

A preprint version is published and available from:
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