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Abstract

Soil is highly variable, and an efficient survey requires consideration of the characteristics of the 
interpolation method and sampling density. The objective of this study was to analyse the impact of 
sampling density on the accuracy of different interpolation methods in a sugarcane area in Brazil, 
evaluating five interpolation techniques and three levels of sampling density. During the investigation, 
it was found that increasing sampling density does not always improve interpolation accuracy, while 
machine learning methods lost effectiveness due to the reduced number of samples. This highlights 
the importance of selecting an appropriate interpolation method to generate accurate maps based 
on the sampling characteristics and the study parameters.
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Introduction

The soil is a heterogeneous system whose properties vary spatially and temporally, depending on 
the processes governing soil formation and agricultural practices (Pusch et al., 2022). To understand 
this behaviour and improve agricultural decision-making, soil mapping is carried out based on grid 
sampling without consensus on the size of grid or the interpolation methods. Achieving adequate 
accuracy requires dense soil sampling, which demands significant effort, time, and resources (Abdel 
Rahman et al., 2021). Therefore, it is essential to use appropriate interpolation techniques and 
efficient sampling configurations to reduce errors and uncertainty. 
Most studies rely on the importance of choosing the best interpolator but do not consider the 
sampling density (Pusch et al., 2022) even if this is a critical factor in determining costs and 
efficiency in the mapping process in precision agriculture. Moreover, some studies centre on the 
optimal sampling density but using just one interpolation method (Yang et al., 2020); however, the 
wide variety of interpolation methods available has advantages and disadvantages depending on 
the type and sample size, and context of the variable to interpolate.
Qu et al. (2024) mention that mapping performance depends on the method and sampling density. 
In their study, they found that for sand content prediction, ordinary kriging (OK) performed better 
with high sampling density, outperforming machine learning (ML) methods; however, with sparser 
densities, ML methods were better, suggesting that selection of the interpolation method depends 
on the nature of the variable, availability of samples and the covariates used in multivariate methods. 
This study aimed to evaluate whether increasing the sampling density improves accuracy of the 
interpolation methods and whether implementing more complex models improves the mapping 
accuracy compared to simpler methods.
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Materials and methods

Study area and soil sampling
The research was conducted in a sugarcane production area in the municipality of Sales Oliveira, São 
Paulo, Brazil (20°51′26.17″S; 47°57′4.21″W). This area covers 70 ha, and the soil is predominantly 
classified as an Oxisol (USDA, 2022).
In 2023, soil sampling was conducted at a density of 6 sample/ha, collected at a depth of 0.25 m using 
an all-terrain vehicle equipped with an auger (Melo and Amaral, 2024). Each sample comprised 
six subsamples collected within a 5 m radius from the central point. In the laboratory, phosphorus 
content (P, mg/dm3) was determined. Four data subsets were generated based on these samples, 
corresponding to three sampling densities for evaluation (1 sample/ha, 0.5 sample/ha, 0.2 sample/
ha) and one external validation set comprised by the samples not included in the previous subsets 
(Figure 1).

Spatial dependence
The degree of spatial dependence of the variables was determined by fitting spherical, exponential, 
and Gaussian stochastic spatial models to experimental variograms. The best model was selected 
through leave-one-out cross-validation using the coefficient of determination (R²) and root mean 
square error (RMSE) values. Spatial dependence (SD) was calculated using Eq. (1), applying the 
classification by Cambardella et al. (1994), where SD≤25% is considered a strong spatial dependence, 
25<SD≤75% is moderate, and SD > 75% is weak. Moran’s Index (MI) was also calculated to assess 
variable autocorrelation.

	 SD = (nugget/sill) * 100 � (1)

Interpolation methods
Five spatial interpolation methods, comprising geostatistical, deterministic, and machine learning 
(ML) approaches, were selected to predict the soil P content:
1.	 Ordinary kriging (OK): a geostatistical method that makes predictions based on stochastic 

spatial models, considering the data’s semivariance (Oliver and Webster, 2015). The theoretical 
model with the best adjustment determined in the spatial dependence step was used.

2.	 Kriging with external drift (KED): a multivariate geostatistical interpolation method that 
estimates a target variable based on auxiliary variables (covariates) that show a linear correlation 
with the primary variable (Goovaerts and Kerry, 2010). Like OK, the best theoretical model was 
selected.

Figure 1. Spatial map of sampling dataset and validation dataset.
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3.	 Inverse Distance Weighting (IDW): a univariate deterministic method that uses nearby samples to 
estimate the values of the target variable. It considers the power p, which controls the importance 
of the sampled values based on their distance from the points to be interpolated. In this case, 
the power was selected as 2, one of the most commonly used values (Wong, 2017).

4.	 Support vector machine (SVM): this was used in its regression version for value prediction. 
This machine learning method employs kernel functions to project the data into a hyperspace, 
where nonlinear patterns are utilised in simplified versions (Pereira et al., 2022); this method 
is also multivariate and uses the covariates for training and prediction.

5.	 Spatial Random Forest (RF): a ML method based on decision trees in which segmentations are 
generated to minimise variance. This method uses covariates to make predictions. Since the 
conventional RF technique does not consider the spatial component, a covariate defined as the 
observations at the n nearest locations and the distances from these locations to the prediction 
location is used to make predictions (Sekulić et al., 2020).

Covariates and selection
Soil apparent electrical conductivity (ECa) and soil apparent magnetic susceptibility (MSa) obtained 
with an EM38 sensor at a depth of 0.35 m were used. In addition, a digital elevation model (DEM) 
obtained from the PALSAR sensor was used to determine the elevation of the study area, which 
was re-sampled by the bilinear method to get a spatial resolution of 10 m.
The covariates were standardised using a z-score, and subsequently, the Pearson correlation of 
the covariates with the target variable was calculated with a 95% confidence, selecting those that 
presented |r>0.2| and that did not present collinearity between them (Pearson correlation |r>0.70|).

Validation
Using the external validation dataset (n=333) (Figure 1), Lin’s concordance correlation coefficient 
(LCC) and RMSE were determined for each interpolated map.

Results

The analysis of spatial dependence and autocorrelation of P content showed variations in spatial 
structure depending on the sampling density. As sampling distances increase, both MI and range 
increase and the nugget increase, indicating weaker autocorrelation (Figure 2). As seen in the 
figure 2, for 0.2 samples ha-1, there is not enough samples to adjust the semivariogram model due 
to low number of samples (15). However, despite the semi-variogram adjustment requires at least 
50 samples for the adjustment to be reliable, the analysis was conducted to reflect industry practice, 
where this method is applied despite not meeting the sample requirement.
The P content correlates significantly with ECa and Elev (r=0.49 and 0.28, respectively) at 1 sample/
ha, having moderate and weak correlation. At lower densities, it correlates significantly with MSa, 
with r=0.54 at 0.5 sample/ha and r=0.60 at 0.2 sample/ha. Thus, for the density of 1 sample ha-1, 
ECa and Elev were selected; for the other densities, MSa was used as a covariate.
While most interpolation methods exhibited a smoothing effect as sampling density decreased, 
KED and SVM retained finer spatial details due to the influence of covariates. This effect was not 
observed with RF, which displayed smoothed results across all densities. Even though IDW showed 
a smoothing effect, it introduced artefacts and unrealistic patterns in the higher densities (Figure 3).
Except for SVM and IDW, all the interpolation methods evaluated showed an increase in LCCC 
and a decrease in RMSE as the sampling density increased. The SVM exhibited a drop in LCCC at 
intermediate density and increased again at higher density; on the other hand, the IDW showed a 
slight decrease in LCCC at higher density, a pattern also reflected by the increase in RMSE (Figure 
4). These results emphasise the distinct responses of each method to varying sampling densities.
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It is also noted that the two ML methods did not outperform the other interpolation methods at 
any of the sampling densities evaluated (Figure 4). The most accurate results for P interpolation in 
the evaluation area were achieved at the density of 1 sample ha-1, with OK performing as the most 
effective method, closely followed by KED.

Discussion

In agricultural areas, smaller farms often have small sample numbers even with dense sampling, 
such as the 1 sample/ha proposed in this study. For sparser sampling densities, applying certain 
interpolation methods becomes problematic. Oliver & Webster (2015) indicated that at least 
100 sampling points are required to estimate a variogram reliably using geostatistical methods, 
highlighting the limitations of having too few data points. Alternative approaches to adjust the 
variogram, such as residual maximum likelihood (REML), can offer better accuracy with fewer 
data (between 50 and 100) (Kerry and Oliver, 2007). However, in some cases, like this study with 
38 samples at a density of 0.5 sample ha-1, sparse densities may not reach the 50-sample threshold, 
making geostatistical methods impractical in these scenarios.

Thus, the smoothing effect can be observed as the density decreases, represented by the increase in 
nugget variance (Figure 2), showing how P loses spatial autocorrelation with distance (Webster and 
Oliver, 2007), which leads these geostatistical methods to smooth further to reduce the uncertainty 
in the prediction (Oliver and Webster, 2015).
Increasing the sampling density by reducing the distance between samples is expected to resolve 
the variability and spatial structure better of soil variables. This was seen by the change in spatial 

Figure 2. Semiovariograms and spatial dependency for P content. SD: Spatial dependence degree; 
MI, Moran’s Index; Exp, Exponential model; Gau, Gaussian model; Shp, spherical model; M, moderate; 
S, strong.
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dependence (SD) from moderate to strong as density increased, along with an increase in Moran’s 
Index (MI) (Figure 2). This enhancement allows methods like OK, KED, and RF to deliver better 
results (Figure 4). These findings align with those of Qu et al. (2024), who found that increasing 
sampling densities improved the accuracy of geostatistical and machine learning models, with OK 
outperforming methods such as RF, SVM, cokriging, and Cubist. Similarly, our results confirmed 
OK as the most effective method at higher densities (Figure 4), with KED presenting comparable 
performance, emphasising the importance of both sampling density and method selection.

Figure 3. Spatial behaviour of phosphorus (P) content with different methods of interpolation and 
soil sampling densities.

Figure 4. Validation metrics for phosphorus content (P) according to the sampling density and the 
interpolation method. (A) Lin’s concordance coefficient correlation (LCCC); (B) root mean square 
error (RMSE).
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However, increasing density does not always improve the accuracy of interpolation models, as 
observed in the Inverse Distance Weighting (IDW) method (Figure 4), where a slight decrease 
in accuracy was noted at the highest density. This phenomenon can occur due to the creation 
of unnatural patterns known as bull’s eyes, which may not adequately represent the soil spatial 
variability (Karp et al., 2024) and which may be associated with the p value (set at 2) used during 
the evaluation, and can be improved by optimising this value to present a smoother result (Sobjak 
et al., 2023). This aligns with the findings of Li (2010), who evaluated the prediction of organic 
matter content using different interpolation methods, such as OK, Universal Kriging (UK), and 
Regression Kriging (RK), at various sampling densities. This author found that, beyond a certain 
point, increasing density began to increase the RMSE of predictions, indicating that higher density 
does not always equate to greater interpolation accuracy. 
On the other hand, ML methods did not perform well in any of the scenarios but were poor even 
at the sparsest density. This can be mainly attributed to the fact that these more advanced models 
have a limitation in the number of samples they require to be trained and outperform traditional 
methods (Sekulić et al., 2020). However, this issue might also be related to the amount of data and 
correlation with covariates; Kerry et al. 2024 emphasised that using covariates improves model 
prediction when the Pearson correlation exceeds 0.40 with the soil property. In this study, ECa and 
MSa exhibited correlations above this threshold with P content, but Elev, which showed a weaker 
correlation, may have contributed less to the predictive performance. These findings underline 
the necessity of ensuring adequate sampling density and carefully selecting covariates with strong 
correlations to the target soil property to enhance the performance of multivariate models.

Conclusions

The sampling density and interpolation method are critical for generating accurate maps that 
reflect the spatial variability of the soil parameters. While increasing sampling density generally 
enhances map accuracy, its effect varies by interpolation methods. At higher densities OK, KED 
consistently performed well, whereas IDW and SVM showed reduced accuracy, particularly at 
denser configurations. These findings emphasise the need for studies on a selection of sampling 
configuration and interpolation methods in an agricultural context where areas tend to be smaller, 
and some methods may become less effective.
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