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Abstract.  

Precision agriculture hinges on soil information at spatial resolutions that capture within-field 
variability, yet conventional laboratory workflows often constrain sampling density due to cost and 
turnaround time. In this study, we evaluated a laboratory-based sensor inference service for mapping 
soil organic matter (OM) and texture (clay) using visible and near-infrared spectroscopy (vis-NIR) 
and X-ray fluorescence (XRF) spectroscopy. We further evaluated whether the resulting maps are 
consistent with those derived from traditional laboratory analyses and with apparent electrical 
conductivity (ECa), an on-the-go sensor frequently related to textural variability in Brazilian soils. 
Texture was predicted from XRF data, whereas OM was predicted using vis-NIR+XRF data fusion. 
Two calibration strategies were compared: (i) a “global” approach using a generalist model trained 
on a national spectral library and (ii) a “local” approach combining field-specific samples with 
selected national samples. Local modeling consistently improved accuracy compared with global 
models. For OM, the local model achieved R² = 0.91, RMSE = 2.7 g kg⁻¹, and bias = −0.4 g kg⁻¹, 
while the global model achieved R² = 0.81, RMSE = 6.9 g kg⁻¹, and bias = 4.7 g kg⁻¹. For clay, the 
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local model achieved R² = 0.67, RMSE = 52.3 g kg⁻¹, and bias = −13.1 g kg⁻¹, whereas the global 
model achieved R² = 0.63, RMSE = 94.8 g kg⁻¹, and bias = −76.6 g kg⁻¹. For sand, the local model 
achieved R² = 0.72, RMSE = 52.5 g kg⁻¹, and bias = -15.3 g kg⁻¹, while the global model achieved 
R² = 0.68, RMSE = 69.2 g kg⁻¹, and bias = 45.5 g kg⁻¹. Despite their higher bias, global models 
reproduced spatial patterns similar to those derived from laboratory analyses, especially for clay, 
whereas the global OM model showed weaker spatial agreement due to the overestimation of a 
specific group of samples. Apparent electrical conductivity (ECa) showed only weak-to-moderate 
agreement with clay spatial variability, likely because its readings were influenced by site-specific 
management or other factors beyond texture. Soybean yield showed low and non-significant 
relationships with the evaluated soil properties. Overall, these results provide field-scale evidence 
that laboratory-based proximal sensing, particularly when coupled with local spiking and multisensor 
fusion, can monitor OM and texture variability while maintaining consistency at a lower analytical 
cost than conventional workflows and without the use of chemical reagents. 
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Introduction 

Precision agriculture depends on soil information collected at spatial resolutions that represent 
within-field variability. However, conventional laboratory analysis often limits sampling density 
because it is costly, time-consuming, and dependent on chemical reagents (Molin & Tavares, 2019). 
These constraints are particularly relevant in intensive agricultural systems, such as those with two 
crop seasons per year, where decisions must be made within short operational windows. Sensor-
based soil analysis, conducted both in the lab and/or in the field, has therefore emerged as a practical 
complementation to increase analytical throughput, reduce costs, and support spatially explicit soil 
management. 

Among proximal sensing techniques (Viscarra Rossel et al., 2011), visible and near-infrared 
spectroscopy (vis-NIR) and X-ray fluorescence (XRF) spectroscopy are particularly promising for 
soil characterization (Javadi et al., 2021; Xu et al., 2019). Vis-NIR is primarily sensitive to organic 
and mineral absorption features associated with soil organic matter, clay minerals, water, and iron 
oxides (Ben-Dor et al., 2015), whereas XRF provides elemental information from the inorganic soil 
matrix, including elements linked to texture and mineral composition. Because these techniques 
capture different but complementary soil properties, their combined use can improve the inference 
of complex attributes such as organic matter (OM) (Shi et al., 2023), while XRF alone can provide 
useful information for texture prediction (Tavares et al., 2020). This complementarity makes vis-NIR 
and XRF suitable for laboratory-based sensor inference services aimed at mapping key soil 
attributes with lower cost and faster turnaround than conventional methods. Apart from the potential 
number of characterizable properties, these techniques are particularly interesting because they 
require minimal sample preparation for proper utilization, namely drying and sieving (< 2mm) (Ben-
Dor et al., 2015; Tavares et al., 2019), and can be applied together in analytical laboratories as 
sensor-based inference services (Tavares et al., 2025).  

The development of soil spectral libraries has expanded the potential of these techniques beyond 
small experimental datasets. Large spectral libraries enable the calibration of generalist models that 
predict soil attributes across broad geographic and pedological conditions (Viscarra Rossel et al., 
2016). In Brazil, a national-scale library developed in a lab-based environment has shown potential 
for predicting attributes such as OM and texture (Demattê et al., 2019), supporting their use in 
commercial analytical workflows and digital soil mapping. Nevertheless, broad-scale models may 
not fully represent local soil variability, especially when field-specific mineralogical, textural, or 
management conditions differ from those included in the calibration set. Under these conditions, 
local modeling strategies can improve prediction accuracy (Ng et al., 2022). 

One practical approach to improve local predictions is by enriching the global spectral library, or part 
of it, with local samples. This strategy, often referred to as local spiking (Guerrero et al., 2014), in 
theory preserves the advantage of large spectral datasets while increasing the representativeness 
of the calibration set for the target field. In this context, global models can provide a scalable first 
approximation, whereas localized models can reduce bias and improve the spatial reliability of 
predictions for farm-level mapping. 

Despite growing evidence of the predictive capacity of vis-NIR and XRF models, most studies 
evaluate sensor-based inference primarily using non-specific metrics such as the coefficient of 
determination (R²) and the ratio of performance to interquartile distance (RPIQ). For precision 
agriculture (PA) applications, however, the spatial consistency of sensor-derived maps is equally 
important. Comparing maps generated from sensor-based predictions with those obtained from 
conventional laboratory analysis, apparent electrical conductivity (ECa), and crop yield can provide 
a more practical assessment of whether sensor inference captures meaningful field variability. 

In this context, the present study aimed to evaluate whether sensor-based inference (using XRF and 
Vis-NIR libraries) for soil texture and organic matter achieves mapping performance comparable to 
conventional methods (wet chemistry). Specifically, outputs for OM and texture prediction, derived 
from global and local modeling strategies, were evaluated on an independent local dataset against 
traditional wet-chemistry tests. In addition, the resulting maps were also assessed against 
conventional laboratory maps, as well as ECa and soybean yield maps. 
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Material and Methods 

National spectral library for texture and OM prediction 
Two national spectral libraries were used in this study. Clay prediction was performed using an XRF 
spectral library composed of approximately 4,437 Brazilian soil samples with reference texture 
values. OM prediction was performed using a larger national library composed of approximately 
12,800 soil samples with both vis-NIR and XRF spectra available. 

Under laboratory conditions, XRF data were acquired using a portable energy-dispersive 
spectrometer (S1 TITAN Model 800, Bruker AXS, USA) equipped with a Rh X-ray tube and a Silicon 
Drift Detector (Bruker, USA), and vis-NIR measurements were performed using a benchtop 
spectrometer (Model SM-3500, Spectral Evolution, USA), covering 350–2500 nm at a resolution of 
< 8.0 nm. Vis-NIR spectra were reduced to the 380–2480 nm range and converted from reflectance 
to absorbance using log(1/R). XRF spectra were organized as intensity channels and transformed 
to logarithmic intensity.  

For OM prediction, vis-NIR and XRF spectra were standardized to the minimum and maximum 
values from the national calibration database, then concatenated into a single predictor matrix. This 
preprocessing step normalized both sensors to a comparable intensity scale and enabled the 
combined use of organic/mineral information from vis-NIR and elemental information from XRF. For 
texture prediction, only XRF spectra were used due to their direct relationship to elemental 
composition (Tavares et al., 2020).   

Reference analysis of OM was performed from organic carbon measured by the Walkley–Black 
method, following the standard procedure adopted by the commercial soil laboratory. Soil texture 
was determined using the pipette method, and clay content was the primary textural variable 
evaluated in this study. These laboratory results were used as reference values for evaluating the 
sensor-based predictions. 

The global clay model was calibrated using XRF spectra (n = 4,437), whereas the global OM model 
was calibrated using the concatenated vis-NIR + XRF matrix (n = 12,829). Cubist regression was 
used as the generalist modeling algorithm because it is well-suited to high-dimensional spectral 
datasets and can produce rule-based local regressions for groups of samples with similar spectral 
behavior (Minasny and McBratney, 2008). Thus, the global models represented a generalist 
prediction strategy based on broad-scale spectral information from the national libraries. 

Calibration of local models for texture and OM prediction 
The farm evaluated in this study comprises a commercial agricultural field located in the municipality 
of Balsas, Maranhao State, Brazil, covering 3500 ha used for grain production. A total of 99 soil 
samples were selected for XRF scanning and reference texture analysis, whereas 121 soil samples 
were selected for vis-NIR+XRF spectral acquisition and reference OM analysis. These datasets were 
used to build the local calibration databases for texture and OM prediction, respectively.  

The local spectra were processed using the same transformations and standardization parameters 
applied to the national spectral libraries, ensuring compatibility between local and national spectral 
data. The local databases were then combined with their respective national libraries to identify 
national samples that were spectrally similar to the field samples. 

Spectral similarity was assessed in the principal component space of the spectral data. Mahalanobis 
distances were calculated among samples in this reduced spectral space, and one spectrally similar 
national sample was selected for each local sample. The selected national samples were then added 
to the corresponding local calibration set. This procedure generated locally enriched calibration 
libraries composed of field-specific samples and spectrally similar samples selected from the national 
databases. 
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The final enriched local library for texture prediction contained 198 samples, including 99 local 
samples and 99 selected national samples. For OM prediction, the final enriched local library 
contained 242 samples, including 121 local samples and 121 selected national samples. 

Local independent set for model validation and spatial mapping 
An independent sampling campaign was conducted before the 2025/2026 crop season to validate 
the global and local predictive models for soil organic matter (OM) and texture. A total of 598 soil 
samples were collected using a georeferenced sampling grid of 223 × 223m, designed to represent 
the spatial variability of the field. Samples were collected from both the surface layer, at 0–10 cm 
depth, and the subsurface layer, at 20–40 cm depth. 

The predictive performance of both global and local models was evaluated by comparing sensor-
based predictions with conventional laboratory reference values. Model performance was assessed 
using the coefficient of determination (R²), the ratio of performance to interquartile distance (RPIQ), 
the systematic deviation from the reference value (bias), and the root mean squared error (RMSE) 
(Belon-Maurel et al., 2010). In addition, to better characterize the prediction error profile, the 50th, 
90th, and 95th percentiles of the absolute error were calculated, together with the maximum 
observed error, as recommended by Tavares et al. (2025). Absolute error was calculated as the 
modulus of the difference between measured and predicted values. 

Sensor-based predictions of texture and OM obtained from both global and local models, as well as 
the conventional laboratory reference values, were used for spatial map comparison. Only surface 
soil data, corresponding to the 0–10 cm layer, were used for mapping assessment. Spatial 
interpolation was performed following the recommendations of Oliver and Webster (2014), using 
ordinary kriging (OK) or universal kriging (UK) depending on the exhibition of trends in the 
coordinates (x + y). The nugget effect, partial sill (sill minus nugget), and range of the variogram 
were calculated in gstat package (Pebesma, 2004), being fitted for three distinct models: spherical, 
Gaussian, and exponential. The optimal model was identified via k-fold cross-validation, selecting 
the configuration that yielded the lowest root mean squared error (RMSE) and the highest coefficient 
of determination (R²). For texture and OM, validation and kriging used leave-one-out cross-validation 
(LOOCV) on all available data; for yield and ECa, a 20-fold cross-validation with a maximum of 200 
neighbors was used for computational viability. The resulting maps were compared to evaluate 
whether sensor-based predictions reproduced the main spatial patterns observed with conventional 
laboratory analysis. Regarding the geostatistical parameters, the spatial structure of the data was 
gathered following Bejarano et al. (2026), calculating both spatial dependence (SD) and Moran’s 
bivariate index. SD was quantified by the ratio between partial sill and the sill (partial sill + nugget). 
The classes of spatial dependence followed Konopatzki et al. (2012): <20 (Very Low - VL); [20–40) 
(Low - L); [40–60) (Moderate - M); [60–80) (High - H); and ≥ 80 (Very High - VH). Moran’s index 
depends on the neighborhood order and directionality of the data; therefore, to provide a 
representative assessment, the spatial weights matrix was computed using the average across all 
directions (omnidirectional approach).  

CEa and yield data 
ECa data were collected during 16 days of field expedition (from 25/02/2026 to 13/03/2026) using 
the tractor-driven Veris-3100 Soil Electrical Conductivity Sensor (Veris®, Salina, KS, USA). Data 
acquisition was performed with a pass-to-pass spacing of 30 m and a sampling frequency of 1 Hz, 
corresponding to one measurement per second and totaling approximately 32 points ha⁻¹. The ECa 
dataset was filtered to remove inconsistent observations, including inliers, outliers, and points 
associated with equipment maneuvers or acquisition artifacts.  

Soybean yield data were recorded during harvest using a John Deere GS4 yield monitor, totaling 
approximately 326 observations ha⁻¹. The yield monitor was calibrated using the real weight 
measured on the farm. Yield data were filtered to remove inconsistent values, including errors 
associated with harvester maneuvers, abrupt changes in grain flow, positioning errors, and outliers. 
After filtering, the yield and ECa dataset were interpolated, using the same procedure described in 
the above section, and used as an ancillary spatial layer to evaluate whether OM and texture maps 
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derived from sensor-based predictions were consistent with crop performance patterns observed in 
the field. 

RESULTS AND DISCUSSION  
The descriptive statistical analysis of the calibration and validation set of the national and local 
libraries is presented in Table 2. The validation subset showed means and coefficients of variation 
(CVs) consistent with the local training library for both clay and OM; although, the range of 
concentrations in the local calibration set was slightly lower than that in the validation set for both 
clay and organic matter. This was because the samples for the local calibration set were selected at 
random from a wide geographical area of the farm. Conversely, the global training subset 
encompassed a significantly broader and certainly more heterogeneous pedological domain, which 
is explained by national-scale soil variability rather than farm-scale variability. The calibration subset 
is usually selected to be broader than the validation set, ensuring that predictions are made solely 
within a range to which the algorithm was already exposed. The rationale is to avoid analyzing the 
potentiality of an algorithm or, in this case, a library, based on extrapolation errors caused by 
extrapolating beyond the calibration range rather than the true efficacy of the technique (Stenberg 
et al., 2010). 
 

Table 2. Descriptive statistics of soil attributes for the calibration and validation set of both national 
and local libraries. 

 Clay OM 
  National Local National Local 
  -------------g kg-1------------- 

 ---------------- Calibration set---------------- 
n 4,437 99 12,829 121 
Minimum 16.0 341 2.0 14 
Maximum 770.0 656 73.0 42 
Mean 268.0 512 23.9 25 
1st Quartile 116.0 451 15.0 18 
3rd Quartile 410.0 579 31.0 30 
SD 184.3 82 10.7 8 
CV (%) 68.8 16.1 44.6 31.0 

 ---------------- Independent validation set---------------- 
n 626 598 
Minimum 165.0 14.0 
Maximum 793.0 45.0 
Mean 547.3 25.8 
1st Quartile 487.3 17.0 
3rd Quartile 602.8 32.8 
SD 82.8 8.3 
CV (%) 15.1 32.0 

 
The performance of the different calibration scenarios (global vs. local) for sensor-based inferences 
is shown in Fig. 2 and Table 3. Overall, local libraries provided satisfactory predictions for clay using 
pXRF and for organic matter (OM) using pXRF–VNIR fusion, with RPIQ > 2.2 and R² > 0.67. 
Compared with global models, local models generally reduced RMSE by approximately 50% and 
showed lower bias, indicating a better representation of the farm-specific variability. Although global 
models achieved R² values similar to those of local models, their higher bias and lower RPIQ suggest 
that, despite capturing the general linear relationship with the reference analyses, they were less 
accurate for local prediction. This pattern is also evident in the scatterplots, where predictions for 
clay and OM followed a linear trend close to the 1:1 line, but global models showed greater 
systematic deviation. For OM, the global model also overestimated a specific group of samples, a 
behavior not observed in the local model, likely because the global training subset did not include 
samples representative of those local conditions. 
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The performance for clay prediction via pXRF aligns with previous tropical soil characterizations 
(Silva et al., 2020; Gozukara et al., 2025). Guzukara et al. (2025) reported a mean clay prediction 
accuracy (R²) across various articles of 0.73 ± 0.17, which aligns with the 0.63 and 0.67 found in this 
study. For predicting OM using the fusion of VNIR and pXRF, Tavares et al. (2020) reported R² 
values between 0.72 and 0.85 for tropical soils, which align with the accuracy found in this study 
(0.81 and 0.91), especially given the higher sampling density used here. Xu et al. (2019) reported 
R² values of approximately 0.58 and 0.76, depending on the fusion strategy, which were lower than 
those reported above, possibly due to differences in soil between China and Brazil. The better 
performance of the local libraries can be explained by the inherent limitations of directly applying 
broad-scale national (or global) soil spectral libraries to local datasets (Viscarra Rossel et al., 2024). 
Consequently, to achieve accurate local predictions using a global library, it can be recommended 
to employ localization techniques such as transfer learning or "spiking" (enriching the global dataset 
with representative subset of local samples) to improve accuracy (Bellinaso et al., 2021; Ng et al., 
2022). Furthermore, the discrepancy between the training subsets (Table 2) explains the differences 
in model performance. The global library’s exposure to a wider range of pedological conditions, many 
of which are unrepresentative of the specific farm soil conditions, ultimately limited its predictive 
capabilities. 

 
Fig 2. Scatterplot of the predicted and observed values for the exclusively external validation subset. 
A) Clay prediction using local XRF library; B) Clay prediction using global XRF library; C) Organic 
Matter prediction using local XRF+VNIR library; D) Organic Matter prediction using local XRF+VNIR 
library. 
 
Table 3. Performance of clay and organic matter prediction models for local and global libraries. 

  ——Clay [g kg-1]—— ——Organic Matter [g kg-1]—— 
  Local Global Local Global 

Mean Error 43 87.2 2.2 4.9 
Error 90% 83 142 4.4 9.9 
Error 95% 98 164.9 5.1 16.6 
Error max. 641 575 11 27.4 
RMSE 52.3 94.8 2.73 7 
RPIQ 2.2 1.2 5.8 2.3 
bias -13.1 -76.6 -0.4 4.7 
R² 0.67 0.63 0.91 0.81 
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The descriptive statistics for the ECa and Yield data (Table 4) indicate that the soybean yield was 
consistent across the measured points, with a moderate CV (15%) and first (Q1) and third quartiles 
(Q3) close to the mean, with respectively values of 51.4, 61.4 and 56,3 t ha-1, indicating that most of 
the field was close to the mean. At the same time, the minimum (21.8 t ha-1) and maximum (107.2 t 
ha-1) yields showed a wide productive range at the field's extremes, indicating heterogeneity that 
could be explained, among other factors, by soil variability, which will be further discussed. The ECa 
showed similar behavior, with Q1 (4.8 ms m-1) and Q3 (6.5 ms m-1) close to the mean (5.7 ms m-1) 
but a minimum (2.6 ms m-1) and a maximum (11.8 ms m-1), indicating field heterogeneity that may 
also be explained by soil variability. 

Table 4. Descriptive statistics of soybean yield and apparent electrical conductivity (ECa). 
  Yield [t ha-1] ECa [ms m-1] 

n (samples) 460,416 94,163 
Minimum 21.8 2.6 

Q1 51.4 4.8 
Mean 56.3 5.7 

Q3 61.4 6.5 
Maximum 107.2 11.8 

Standard Deviation 8.6 1.3 
Coefficient of Variance (%) 15.2 21.9 

 
Regarding the correlation between soil properties, both statistical (Spearman’s correlation - Fig. 3) 
and geostatistical (Moran’s bivariate index - Fig. 4) correlations agreed with each other. Regarding 
Spearman’s correlation, the local, global, and laboratory approaches were strongly correlated, with 
the local library approach closer to the laboratory than the global one, corroborating external 
validation modeling results. Clay exhibited the strongest relationships across the estimation methods 
(Fig. 3). The local library prediction for clay showed a high correlation with the laboratory data (r = 
0.81), outperforming the global library prediction (r = 0.76), indicating that accounting for site-specific 
soil variance improved the predictive relationship. This was particularly true for OM, which showed 
a strong correlation with the laboratory (r = 0.68), whereas the global approach showed a weaker 
correlation (r = 0.39). 

The bivariate Moran's index (Fig. 4) confirmed that the predictive relationships observed in 
Spearman’s correlation consistently translate into spatial dependence. For the clay fraction, the 
spatial correlation between the local library and the laboratory data was high (I = 0.87), slightly 
surpassing that of the global library (I = 0.83), indicating that the local calibration better predicts site-
specific variance. For the OM, this was especially true, with the local library surpassing the global 
one (I = 0.61 versus I = 0.23), probably due to the overestimated group of samples, which disrupted 
the spatial correlation. 
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Fig 3. Spearman’s correlation coefficient matrix of predicted and measured soil properties, Yield, 
and ECa. Cells marked with ‘X’ indicate that the Spearman correlation was not significant at the 5% 
level. 
 
 

 
Fig 4. Bivariate Moran’s Index matrix (mean between both directions) of predicted and measured 
soil properties, Yield, and ECa. Cells marked with ‘X’ indicate that the Spearman correlation was not 
significant at the 5% level. 

Regarding the mapping capability, the spatial results corroborate the previously disclosed models, 
both for soil properties and across libraries. The local library inference maps were much more similar 
than those from the global library (Fig. 5). This was particularly true for the OM mapping. The local 
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OM model successfully captured a moderate spatial structure (R² = 0.34, Moran's I = 0.37), whereas 
the global model largely failed to represent the field's variability (R² = 0.05, very low spatial 
dependence). This discrepancy in OM global map is likely due to an overestimated group of samples, 
which could have interfered with the interpolation of the results. Clay mapping with the global library, 
however, showed spatial distribution consistent with the laboratory version, supported by strong 
spatial dependence (Moran's I = 0.55) and moderate model accuracy (R² = 0.59). This indicates the 
potential of global libraries in sensor-based inference. Unlike the texture and OM maps, which were 
interpolated for the entire study area, the extensive data in the Yield and ECa maps (approximately 
460,000 and 100,000 observations, Table 4) preclude calculation of variograms. Rather, 
interpolation was performed for each of the seven individual fields; thus, the geostatistical 
parameters for yield and ECa are omitted from Table 5, which, in turn, presents all geostatistical 
parameters from the texture and OM mapping tests. 

Although with generally good relationships between ECa and textural components, especially the 
clay fraction (Corwin & Lesch, 2005), this trend was not seen visually across maps (Fig. 2). The ECa 
spatial variability (map J, Fig.2) did not follow the visual patterns of clay (maps A-C, Fig. 2); Rather, 
it showed the presence of striated and geometric visual patterns, suggesting that ECa readings were 
dominated by anthropogenic and site-specific management practices, which alter soil density and 
water microdynamics, ultimately masked the mineralogical and textural influence on the proximal 
sensor. The anthropogenic factor is commonly seen in ECa mapping (Corwin & Lesch, 2005). It is 
important to note that because the interpolation was performed for each individual field rather than 
the entire area, the field edges were more pronounced, which may further reduce the relationship. 
Moreover, the Spearman correlation (Fig. 3) and the Moran’s index (Fig. 4) indicated a moderate 
relationship between ECa and clay (0.40 - 0.43 and 0.41 - 0.47, respectively), corroborating the 
discussion that the mineralogical relation of the ECa is present, but its spatial distribution is partially 
confounded by other factors (Sanches et al., 2018), possibly management-induced noise. 

The yield map (map K, Fig. 2) showed one field with a contrasting pattern among the others, with 
very low soybean yield (~26-50 t ha-1) and an anthropogenic characteristic, totally different from the 
neighboring fields. The texture (map C, Fig. 2), OM (map I, Fig. 2), slope, fertility, and compaction 
(data not shown) of that field are similar to those of the adjacent fields. Also, the variety chosen was 
the same. Possibly, the low yield was due to management-specific reasons, especially the post-
emergence herbicide used. Apart from this field, the yield did not follow the studied soil properties 
(clay and OM) patterns, having a more pronounced chance in neighbor harvesting rows than along 
the area, and, when not considering the low-yield field previously discussed, it appeared to have a 
low range of variability (spatially). The quantitative results corroborate these findings, showing low 
(and non-significant) Spearman correlations (Fig. 3) and Moran’s bivariate Index (Fig. 4) between 
yield and the other studied properties. While soil matrix properties establish the long-term attainable 
yield potential of an area, seasonal crop performance is highly sensitive to immediate, dynamic 
interactions like localized microclimate shifts, weed pressure, or chemical management footprints 
(Pusch et al., 2022; Sudduth et al., 2005). Although not specific to this study, these findings indicate 
that soil-based sensors alone sometimes are insufficient to predict yield variability, suggesting that 
incorporating vegetative information (such as vegetation indices) could improve prediction. 
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Fig 5. Spatially interpolated maps: A) Clay with local library (lib); B) Clay with global lib; C) Clay by 
wet chemistry; D) Organic Matter (OM) with local library (lib); E) OM with global lib; F) OM by wet 
chemistry; G) apparent Electrical Conductivity (ECa); H) Yield. 
 

Table 5. Geostatistical parameters of the interpolated soil properties (Clay and Organic Matter) 
maps. 

  ------------- Clay ------------- ------- Organic Matter------- 
  Local Global Lab Local Global Lab 

Model Gau Sph Exp Exp Exp Exp 
R² 0.64 0.59 0.71 0.34 0.05 0.57 

RMSE 42.93 34.04 39.06 3.01 5.36 2.79 
Range 1573 1803 1016 2698 609 8399 

SD. 71.1 (VH) 80.7 (VH) 100 (VH) 51.1 (M) 17.6 (VL) 88.0 (VH) 
Moran’s I 0.59 0.55 0.63 0.37 0.1 0.58 
Cluster / 
Random Cluster Cluster Cluster Cluster Cluster Cluster 

SD., Spatial dependence; Cluster or Random based on the Moran’s bivariate Index p-value (α = 0.05). 
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Soil analysis using sensor-based methods and spectral libraries is the key to meeting the data needs 
of agricultural and environmental monitoring. There is a demand in the market for sensor-based 
inference services; for example, we highlight the recent protocols from VERRA (e.g., Verra’s Verified 
Carbon Standard - VM0042 and VT014, Social Carbon Standard’s SCM0005), which suggest the 
complementary use of sensors to expand the spatial coverage and frequency of measurements for 
Monitoring, Reporting, and Verification (MRV) of soil carbon stocks. In addition, there is a growing 
number of Brazilian laboratories offering sensor-based analysis services alongside traditional 
methods. This adoption, still in its early stages, aims to reduce reagent use and shorten analysis 
time. Despite these demands, sensor-based inferences are still viewed with some skepticism by 
users, especially because the method lacks regulation/standardization and compliance, and 
certification mechanisms (e.g., proficiency tests), as discussed by Tavares et al. (2025).  

In this context, the results of this study show that sensor-based inference services using local models 
provided more accurate predictions than global models. Local calibration reduced RMSE, increased 
RPIQ, and minimized bias for both clay and OM, indicating a better representation of farm-specific 
variability. Nevertheless, although global models were more biased, they are precise and still 
reproduced the main spatial variability patterns observed in laboratory-derived maps. For example, 
clay RMSE was 52.3 and 94.8 g kg⁻¹ for the local and global models, respectively, but their spatial 
agreement with the laboratory map remained high, with bivariate Moran’s I values of 0.87 and 0.83. 
The main exception was the global OM model, which showed weaker spatial agreement with the 
laboratory map, likely due to the overestimation of a specific group of samples. 

Finally, even when global models are less accurate than local calibrations, their performance may 
still be useful for decision-making if the sensor-based error remains below the analytical tolerance 
required for a given application (Tavares et al., 2026). Therefore, future studies should define 
application-specific error thresholds for sensor-based soil analysis, allowing different sensor 
strategies, including global and locally calibrated models, to be evaluated more objectively according 
to their intended use.  

CONCLUSION: This case study demonstrated that laboratory-based sensor inference can support 
the mapping of clay and OM variability under field conditions. Local spectral libraries provided the 
best predictive performance, reducing RMSE and bias compared with global models for both 
attributes. However, despite their higher bias, global models were still able to reproduce spatial 
patterns similar to those obtained from conventional laboratory analyses, especially for clay. The 
main limitation was observed for the global OM model, which overestimated a group of samples and 
showed weaker spatial agreement with the laboratory map. Overall, these results indicate that 
proximal sensing, particularly when combined with local calibration, can increase the spatial density 
of soil information while reducing analytical cost, turnaround time, and reagent use compared with 
conventional laboratory workflows. 
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