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Abstract.  
This study evaluated different approaches for quantifying uncertainty in machine-learning-based 
digital soil mapping using soil organic matter data from several agricultural fields. Two quantile-
based algorithms, Quantile Regression Neural Networks (QRNN) and Quantile Regression 
Forests (QRF), were compared. Uncertainty was estimated through model-based quantile 
predictions, bootstrap resampling, and the Area of Applicability (AOA). Results showed that QRF 
achieved lower prediction errors in 57% of the fields, particularly when sample sizes were small, 
while QRNN produced wider prediction intervals and higher coverage probabilities. Spatial 
patterns of uncertainty were consistent across fields. Overall, integrating accuracy and uncertainty 
metrics provided a more comprehensive evaluation of soil maps, enabling more informed 
management decisions and helping identify areas where additional sampling or more cautious 
recommendations may be required. 
Keywords.   
spatial interpolation, neural networks, regression forest, digital soil mapping 

 
 



Proceedings of the 17th International Conference on Precision Agriculture and 11th Brazilian Congress on 
Precision and Digital Agriculture: 13-15 July, 2026, Porto Alegre, Brazil 
  

2 

 

Introduction 
Field-scale maps of soil properties are a key component of precision agriculture, as they are 
routinely used as inputs for variable-rate fertilization, zone delineation, and site-specific 
management. Conventional geostatistical methods such as Kriging (Oliver, 2010) are commonly 
used to obtain these maps. This technique provides uncertainty maps, giving individual standard 
deviation values for each predicted position. Additionally, Kriging can be integrated with multiple 
regression models (regression Kriging; Odeh et al., 1995) in order to use covariates to augment 
the map’s accuracy. 
Machine learning (ML) and deep learning algorithms were recently applied to digital soil mapping, 
increasing the accuracy of spatial predictions (Pereira et al., 2022; Liu et al., 2024; García Seleme 
et al., 2026). However, these methods do not inherently yield uncertainty estimates as Kriging 
does, limiting the reliability of soil maps as decision-support tools. Quantifying prediction 
uncertainty is essential not only to assess map quality, but also to identify areas where predictions 
are less reliable and data-driven decisions should be taken with caution.  
The literature currently identifies three main strategies to achieve uncertainty measures for ML 
spatial predictions (Paranavithana et al., 2024). First, the usage of model-embedded quantile 
predictions, using quantile regression algorithms such as Quantile Regression Forest (QRF; 
Meinshausen & Ridgeway, 2006). Hengl et al. (2018) suggested a formula (equation 1) that 
estimates individual standard deviation values for each predicted site using QRF. 

  𝑆𝐷!# = "!.#$%&# $"!.%'(&#

%
                                                     (1) 

where 𝑆𝐷!#  is the predicted standard deviation for each i site and 𝑄".$%&!% 	 and 𝑄".&'(!%  the predicted 
0.841 and 0.159 quantiles for each i site, respectively.  
This formula estimates a 68.27% prediction interval which is used to obtain the standard deviation 
value. There is no published evaluation of this formula on other quantile regression algorithms, 
such as quantile regression neural networks (QRNN; Cannon, 2011). 
Another method, mainly useful for non-quantile algorithms, applies resampling techniques on the 
original training dataset. Paranavithana et al. (2024), evaluating tropical paddy soils of Sri Lanka, 
performed bootstrapping (Efron, 1979) a hundred times on the training dataset, and fitted 
Regression Forest for each one, obtaining a hundred predictions for each position. With these 
values, estimated 90% prediction intervals. Kakhani et al. (2024) performed bootstrapping on 
LUCAS land use and coverage dataset and fitted Random Forest algorithms. This paper didn’t 
report the prediction intervals, but used them to estimate several uncertainty measures. 
A third method, recently developed by Meyer & Pebesma (2021), called Area of Applicability 
(AOA), evaluates the covariates distribution at the training dataset and compares it to the 
prediction sites’ covariates distribution. The standardized covariates are used to create a 
Dissimilarity Index (DI), which is used to obtain a critical DI, i.e., the maximum dissimilarity 
between a predicted point and the training data that allows a confident prediction. Following this 
calculus, DI values are estimated for each prediction site, and then are compared to the critical 
DI. Sites with a DI lower than the critical are considered inside the area of applicability of the 
model, and those with a higher DI are considered outside of this area. The final report often 
includes the percentage of the original prediction area that gets included in the AOA and a map 
of the included/not included areas. Paranavithana et al. (2024) used this method in addition to the 
mentioned bootstrapping technique. All of the published applications of this method took place on 
large-scale mapping topics, and the method wasn’t evaluated yet at field-scale. Considering the 
real limitations of soil sampling on agricultural fields, the AOA index could prove useful as a map 
validation tool. 
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This study evaluates strategies to quantify prediction uncertainty in machine-learning-based 
digital soil mapping. 

Materials and Methods 
To illustrate results, soil organic matter (SOM) datasets from seven agricultural fields in the 
Pampean region of Argentina were used: two fields were located in Santiago del Estero province, 
while the other five fields were located in the province of Córdoba. Each field was sampled at a 
density of 0.3 samples per hectare, recording several soil features (e.g., SOM, cation exchange 
capacity, sulphur, pH). High-density covariates were obtained for these sampling sites: crop yield, 
electrical conductivity at surface and sub-surface levels, and elevation. These covariates were 
standardized, interpolated using Kriging and then the prediction for each sampling site was 
extracted. The final dataset contained 217 rows. 
Two quantile-based algorithms were compared for mapping: Quantile Regression Neural 
Networks (QRNN) and Quantile Regression Forests (QRF). Each algorithm was fitted separately 
for each one of the seven fields. Crop yield, surface and sub-surface level electrical conductivity 
and elevation were used as covariates. Overfitting was evaluated in the different algorithms, using 
L1 loss function if required. 
Three uncertainty estimation approaches were used. First, model-embedded quantile prediction 
was performed in order to derive prediction intervals and standard deviation (SD) of predictions 
using equation 1. In second place, following the Paranavithana et al. (2024) procedure, bootstrap 
resampling was performed on the training dataset, obtaining 100 bootstrapped datasets, fitting 
QRNN and QRF algorithms with each one of them, obtaining 100 predictions for each site. The 
SD of these predictions was estimated.  Additionally, the uncertainty metrics reported by Kakhani 
et al. (2024) were calculated, using 90% prediction intervals for each site. This included Prediction 
Interval Coverage Probability (PICP), Prediction Interval Normalized Average Width (PINAW) and 
Interval Score (IS).  Finally, for each field the Area of Applicability (AOA) was estimated. The 
average Dissimilarity Index (DI) was also calculated in order to evaluate its relation with 
established numerical uncertainty metrics. 
The accuracy of the different algorithms was evaluated with the normalized Root Mean Squared 
Error (nRMSE). Model validation occurred with k-fold cross-validation (k = 5). Uncertainty maps 
were produced with the three different methods previously detailed. The analysis was performed 
using software R and the packages caret (Kuhn, 2008), h2o (Fryda et al., 2024), gstat (Gräler et 
al., 2016), meteo (Sekulic et al., 2020), and sf (Pebesma & Bivand, 2023). 

Results and Discussion 
Across fields, QRF achieved lower RMSE than QRNN in 4 of 7 fields, mainly in those with smaller 
sample size (Table 1). The nRMSE values obtained in this study are similar to those obtained by 
Liu et al. (2022, nRMSE = 8%) with similar sampling conditions, and those reported by Guo et al. 
(2013, nRMSE ~10%) with similar covariates. 

Table 1. Observed mean (Avg., %) and standard deviation (𝐒𝐃𝐎𝐛𝐬) of soil organic matter; normalized root mean squared 
error (%) and standard deviation (𝐒𝐃𝐏𝐫𝐞𝐝) of predictions obtained via Quantile Regression Forest (QRF) or Quantile 

Regression Neural Networks (QRNN). 

Field Avg. 𝐒𝐃𝐎𝐛𝐬 
nRMSE 𝐒𝐃𝐏𝐫𝐞𝐝 

QRF QRNN QRF QRNN 
A 1.9 0.38 11.7 11.0 0.30 0.33 
B 2.1 0.35 12.3 11.1 0.17 0.30 
C 2.1 0.35 19.8 21.2 0.18 0.30 
D 1.8 0.25 14.4 16.7 0.11 0.25 
E 1.5 0.27 16.4 18.9 0.08 0.26 
F 2.7 0.28 9.2 6.8 0.14 0.20 
G 2.3 0.26 12.7 18.1 0.06 0.27 

The SD of the predictions on each field were similar to the respectively observed SD (Table 1), 
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most commonly lower. QRF predictions were less variable between sampling sites, while QRNN 
showed similar variability inside each field. The high capability of the neural networks to detect 
small details and non-linear relations on the data may explain this difference. However, this 
similarity at the SD level was not reflected in improved accuracy metrics. 
Focusing on uncertainty metrics, both the quantile difference and the bootstrapping methods 
report generally lower prediction uncertainty on QRF algorithms (Table 2). As an exception, both 
SD estimations were lower for QRNN than for QRF at the field D. The quantile-difference SD is 
lower for QRNN at the field E by a minimum margin (0.009). Although these two metrics are 
considered SD estimations, their values show substantial differences for all fields, showing 
inconsistency. Resampling method delivered lower estimates for all fields and algorithms, 
excepting QRNNs on field E. 
Table 2. Average on-site standard deviation of predictions, estimated by quantile difference (Q-SD) and bootstrapping (Bs-

SD) for Quantile Regression Forest (QRF) and Quantile Regression Neural Networks (QRNN) methods. 

Field Q-SD Bs-SD 
QRF QRNN QRF QRNN 

A 0.167 0.514 0.144 0.299 
B 0.223 0.308 0.119 0.149 
C 0.274 0.627 0.082 0.322 
D 0.186 0.127 0.110 0.097 
E 0.179 0.170 0.109 0.232 
F 0.189 0.537 0.105 0.254 
G 0.179 0.372 0.092 0.278 

The different uncertainty metrics used in Kakhani et al. (2024) study show higher PINAW and 
higher PICP values for QRNN models in five of the seven fields (Table 3). The average PINAW 
for QRNN models is 80% higher than the one obtained with QRF models. The average PICP on 
the other hand is 37.5% higher on QRNN models. In the fields B and D QRF prediction intervals 
got higher PICP and PINAW, but the difference between QRF and QRNN is minimal (less than 
10%). The Interval Score (IS) is consistently lower (i.e., better) in QRNN models. QRNN models 
produce wider intervals which naturally get a better coverage of the observed values. QRF on the 
other hand produces more precise prediction intervals that often fail to include the observed 
values. These metrics must be evaluated as a whole, since they analyse different issues on the 
prediction intervals. The dissimilarity index was positively correlated with other uncertainty 
metrics, supporting its use as a practical indicator of spatial prediction reliability. 
Table 3. Uncertainty metrics per field obtained from prediction intervals generated with Quantile Regression Forest (QRF) 

or Quantile Regression Neural Networks (QRNN). IS: interval score; PICP: prediction interval coverage probability; PINAW: 
prediction interval normalized average width; DI: dissimilarity index; AOA: area of applicability. 

Field QRF QRNN 
IS PICP PINAW DI AOA IS PICP PINAW DI AOA 

A 1.38 60.0 0.184 0.911 96.0 1.03 94.5 0.503 0.911 96.7 
B 1.88 59.7 0.164 0.865 99.0 1.61 56.1 0.150 0.873 99.1 
C 3.46 41.2 0.333 1.101 94.6 2.21 70.6 0.719 1.120 94.0 
D 1.68 62.5 0.416 0.917 97.8 1.22 50.0 0.395 0.878 97.3 
E 1.88 58.8 0.307 1.030 95.4 1.22 82.4 0.467 1.023 95.4 
F 1.64 50.0 0.310 1.422 83.2 0.70 96.4 0.625 1.430 84.2 
G 2.63 40.7 0.163 1.076 96.8 1.98 63.0 0.518 1.160 94.6 

Although field-level sample size affected accuracy metrics—yielding RMSE values 35% lower in 
fields with more than 25 samples—it did not substantially influence uncertainty metrics. QRNN-
derived uncertainty showed no differences across sample sizes, whereas QRF models exhibited 
a 25% reduction with the biggest sample sizes.  
The SD maps show scale differences between QRF and QRNN (Figs. 1 and 2), particularly at 
fields A and F. Maps of quantile-difference and resampling SD estimations exhibited strong spatial 
coherence for each method, showing some differences between QRF and QRNN. Most of the 
maps didn’t show lines or other undesired artifacts.  
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Fig 1. Standard Deviation of Quantile Regression Forest predictions estimation maps obtained using the quantile 

difference formula. 

 
Fig 2. Standard Deviation of Quantile Regression Neural Networks predictions estimation maps obtained using the 

quantile difference formula. 

AOA values exceeded 94% in six of the seven fields and both methods, indicating good 
representativeness of the training data. It was expected that the AOA didn’t show differences 
between QRF and QRNN due to its calculus, based mainly on the covariates. The only factor that 
varies between methods within the AOA estimation is the different variable importance that each 
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method assigns to each covariate, and it was expected that this single difference did not affect 
the final output. However, slight differences appear on AOA values between fields despite using 
the same sampling method and density. Most of the area of “non-applicability” is found at the 
borders of the fields, with a notable exception being the field F, where a substantial portion at the 
SE was excluded from the AOA. The area of “non-applicability” didn’t correlate to areas of higher 
uncertainty as reported by the other metrics (Fig. 3). 

 

 
Fig 3. Area of Applicability of Quantile Regression Forest (up) and Quantile Regression Neural Networks (down) 

algorithms. Green: area of applicability; red: area of non-applicability. 
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Conclusions 
These results demonstrate that integrating accuracy and uncertainty metrics provides a more 
comprehensive assessment of spatial prediction quality. Uncertainty-aware soil property maps 
enable more robust interpretation of management zones and variable-rate recommendations, 
helping producers and agronomists decide where predictions can be trusted and where additional 
sampling or conservative management is required. 
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