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ABSTRACT 

Detecting spatial yield variability is essential for precision agriculture, as it reduces 

environmental impact and improves economic returns. This study evaluates Gaussian 

Process Regression (GPR), Ordinary Kriging (OK), and Support Vector Machine (SVM) 

under different sampling densities. GPR and OK perform similarly, with GPR showing a 

slight advantage in low-sampling conditions. With 322 samples, GPR achieves higher 

accuracy (RMSE = 0.64 t/ha, R² = 0.68) than OK (RMSE = 0.72 t/ha, R² = 0.60), while 

SVM performs worse (RMSE = 0.76 t/ha, R² = 0.55). Regardless of sample size, SVM-

generated maps exhibit a smoothing effect, reducing sensitivity to local variations. OK 

remains effective but is more sensitive to sample density due to its reliance on the 

semivariogram model and the assumption of isotropy. These findings highlight GPR as a 

robust method for spatial yield prediction, particularly in sparse data conditions. The 

study was conducted in Patos de Minas, Brazil, using 795 georeferenced soybean yield 

samples over 3.7 hectares. From a practical perspective, GPR and OK remain strong 

candidates for yield interpolation, reinforcing the importance of model selection based on 

data availability and spatial variability. 
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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 Ordinary Kriging 

(OK) and Support Vector Machine (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 [1]. 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 [2]. Recent 

studies have compared geostatistical and machine learning approaches for spatial 

predictions in precision agriculture, emphasizing the importance of selecting appropriate 

interpolation methods [3]. 

Gaussian Process Regression (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. [4] employed GPR to estimate the Leaf Area Index 
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(LAI) from smartphone images, demonstrating its potential for precision agriculture. 

Similarly, Martínez-Ferrer et al. [5] 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. [6] 

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 

[7]. 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 18º 51’ 32”S 

latitude and 46º 29’ 49”W longitude (WGS84), with an average elevation of 
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approximately 832 m. The region's climate falls under the "Aw" category in Köppen’s 

climate classification system, which corresponds to a humid subtropical or mild temperate 

climate. Additionally, the average temperature is 21.8 ºC, and the annual average 

precipitation is 1296 mm [8]. 

 
Figure 1: Study area 

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.  

This study utilized 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. 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. The highest yield values are observed in the central region of the 
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field (red circle), while the edges exhibit lower productivity (blue circle). This 

phenomenon is attributed to the border effect, which is common in cultivated areas where 

plants near the edges are more exposed to external factors such as microclimatic 

variations and pollutant contamination. 

 
Figure 2: Spatial distribution of sampling points with yield variability in the field. 

Gaussian Process Model for Soybeans Yield Estimation 

Gaussian Process Regression (GPR) was employed to model and predict soybean yield 

based on spatial data. In this approach, the input variables consisted of the cartesian 

coordinates (𝑥, 𝑦) representing the spatial location of each sampling point, while the 

output variable corresponded to yield mass (t/ha). The model was trained using the 

available sample data and subsequently applied to generate an interpolated yield map. 

GPR is a nonparametric Bayesian regression method that defines a distribution over 

possible functions that fit the observed data. Given a set of training points 𝑿 = {(𝑥𝑖, 𝑦𝑖)} 

SciELO Preprints - This document is a preprint and its current status is available at: https://doi.org/10.1590/SciELOPreprints.11312



and corresponding yield values 𝒀 = {𝑦𝑖}, GPR estimates the yield at any unobserved 

location (𝑥̅, 𝑦̅) by assuming that the observed values follow a multivariate Gaussian 

distribution. The model's behavior is determined by a covariance function (kernel), which 

defines the similarity between neighboring points. 

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 [9]. 

 The Rational Quadratic Kernel is given by: 

𝑘(𝑥, 𝑥′) = σ2 (1 +
|𝑥−𝑥′|2

2αℓ2
)
−α

      (1) 

where  𝜎2 is the variance parameter; ℓ is the length-scale parameter, adapted separately 

for each predictor (𝑥, 𝑦); α 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, 2006 [10]. 

To assess generalization performance, k-fold cross-validation was conducted with 𝑘 = 5, 

following the same procedure adopted in Ordinary Kriging (OK) and Support Vector 

Machine (SVM) in QGIS [11]. 

 

 

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 
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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 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 [12]. 

Under the internal validation experiment, the original dataset used for training and cross- 

(557 sample points) was also progressively reduced to 90% (501), 80% (446), 60% (334), 

40% (223), and 20% (112), as can be seen in Figure (3). For each reduced training set, k-

fold cross-validation (𝑘 = 5) was applied to optimize the model and select the best 

hyperparameters.  
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Figure 3: Progressive reduction of the training dataset used for GPR modeling: (a) 100% 

(557 points), (b) 90% (501 points), (c) 80% (446 points), (d) 60% (334 points), (e) 40% 

(223 points), and (f) 20% (112 points). The color scale represents soybean yield (t/ha), 

illustrating the point-by-point of yield across different sampling densities. 
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Once the models were selected during internal validation for each reduced sample 

scenario in Figure 3, they were evaluated on a fixed test set (238 out-of-sample points – 

external validation dataset), which remained unchanged throughout the entire process 

(Figure 4). This approach enables a systematic assessment of the impact of sample size 

reduction on GPR performance while ensuring an unbiased evaluation under real-world 

conditions, where new data become available. This step aimed at analyzing the model’s 

generalization capability under different sampling constraints, particularly in scenarios 

with limited data availability, a critical challenge in spatial interpolation and predictive 

modeling [13]. 

 
Figure 4: Spatial distribution of the 238 out-of-sample points used for external validation. 

 

For each scenario presented in Figure 3, the corresponding GPR-fitted model was applied 

to a regular spatial grid covering the study area, enabling the interpolation of yield values 

at unsampled locations. The predicted yield values were then visualized as an interpolated 

yield map, facilitating the analysis of spatial productivity patterns and assessing the 

impact of different training sample sizes on model performance. 
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Subsequently, a second experiment evaluated GPR performance in comparison to OK and 

SVM, both implemented using the Smart-Map plugin in QGIS. In that case, two datasets 

were analyzed: one with 768 points and another with 322 points, which resulted from an 

outlier filter applied in QGIS to the original 795-point and 334-point datasets, 

respectively (Figure 5). 

 
Figure 5: Randomly selected samples for GPR, OK, and SVM comparison: (a) 768 points, 

(b) 322 points. 

 

The analysis relies on statistical metrics such as the coefficient of determination (R²), 

Root Mean Squared Error (RMSE) and Mean Absolute Error (MAE) to assess the 
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prediction accuracy of each method under different sampling scenarios. While RMSE and 

R² evaluate accuracy (including relative RMSE – rRMSE), MAE was also computed to 

capture the presence of systematic effects in the estimates. MAE is always lower than 

RMSE and it serves as an indicator of systematic biases, whereas RMSE accounts for 

both systematic and random errors. 

RESULTS AND DISCUSSION 

Evaluation of GPR Performance Under Different Sample Sizes 

The results indicate that GPR maintained high performance in terms of accuracy for 

sample sizes down to 60% of the internal validation dataset, with 𝑅2 = 0.79 and RMSE 

of 0.77 t/ha (rRMSE = 11.17%) for external validation. Additionally, MAE remained 

stable at approximately 0.35 t/ha for these scenarios (Figures 6, 7, 8, 9).  

 
Figure 6: GPR-based yield spatial prediction and model performance using 557 samples. 

 

SciELO Preprints - This document is a preprint and its current status is available at: https://doi.org/10.1590/SciELOPreprints.11312



 
Figure 7: GPR-based yield spatial prediction and model performance using 501 samples. 

 

 
Figure 8: GPR-based yield spatial prediction and model performance using 501 samples. 
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Figure 9: GPR-based yield spatial prediction and model performance using 334 samples. 

For 40% of the internal validation set (223 points), GPR still performed reasonably well, 

with 𝑅2 = 0.69, RMSE at 0.65 t/ha (rRMSE = 13.59%), and MAE at 0.48 t/ha (Figure 

10). 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 He et al. (2024) [9], who reported that GPR models provide 

excellent generalization ability even with small sample sizes.  

SciELO Preprints - This document is a preprint and its current status is available at: https://doi.org/10.1590/SciELOPreprints.11312



 
Figure 10: GPR-based yield spatial prediction and model performance using 223 samples. 

 

The effect of data scarcity became more pronounced when only 112 points (20% of the 

internal validation dataset) were used. This limitation is particularly evident in localized 

patterns, where GPR's capacity to model finer spatial details diminishes (Figure 11). 

However, in this scenario, 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. 
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Figure 11: GPR-based yield spatial prediction and model performance using 112 samples. 

 

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

Ordinary Kriging (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 

Exponential model was chosen for both 768-sample dataset and 369-sample dataset 

(Figure 12). For the sample of 768 points, OK was performed with a search radius of 

49.132 meters, considering up to 16 neighboring points for interpolation. The variogram 

model presented a nugget effect of 0.02, a sill of 1.268, and a coefficient of determination 

of 0.931, indicating a good model fit. The RMSE was 0.06, suggesting a low discrepancy 

between predicted and observed values. For the sample of 322 points, the results were 

like those obtained for 768 points, using the same exponential model but with different 

parameter values. In this case, the nugget effect was 0.06, the sill 1.455, and the range 
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59.144 meters. The coefficient of determination (0.945) remained high and RMSE low 

(0.063), indicating a low discrepancy between predicted and observed values. 

 
Figure 12: Semivariogram and fitted models: Exponential for both 768 sample points (a) 

and for 322 sample points (b). 
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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 [10]. 

The spatial distribution of soybean yield is influenced not only by different interpolation 

methods but also by the sampling density used to generate yield maps. The results 

displayed in Figure 13 indicated that there were no significant differences between 

Gaussian Process Regression (GPR), Ordinary Kriging (OK), and Support Vector 

Machine (SVM) in cross-validation, based on the analysis of regression plots and quality 

indicators (RMSE, MAE, R², and rRMSE). However, a smoothing effect was observed in 

the yield maps generated by SVM in Smart-Map. 

The performance of GPR and OK remained similar for larger sample sizes, but GPR 

exhibited a slight advantage, particularly in scenarios with reduced data availability 

(Figure 14). As the number of sample points decreased, a smoothing effect became more 

apparent in the yield maps generated by SVM, suggesting lower sensitivity to local 

variations and a potential loss of critical spatial trends. This behavior can be attributed to 

the limited number of support vectors available for training, which prevents SVM from 

capturing finer-scale yield variations. When support points are too widely spaced, the 

resulting surfaces tend to be overly smoothed, leading to less detailed and less precise 

estimates [14]. Despite these limitations, SVM has evolved into an efficient paradigm for 

handling nonlinear problems [15], yet it struggles in spatial interpolation where spatial 

continuity is key. 
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Figure 13: Predictive Performance of GPR (a), Ordinary Kriging (b), and SVM-RBF (c) 

for Soybean Yield Prediction at 768-sample points dataset. 
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Figure 14: Predictive Performance of GPR (a), Ordinary Kriging (b), and SVM-RBF (c) 

for Soybean Yield Prediction at 322-sample points dataset. 
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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. 

In scenarios where yield spatial distribution is highly variable due to biotic and abiotic 

factors, GPR emerges as a more robust alternative. For large sample sizes (e.g., 768 

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 [11, 16]. 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 [5]. 

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 
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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 modeled 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 [17]. 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 modeling. 

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 [18]. 
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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 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. 

CONCLUSION 

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. 
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