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A B S T R A C T

Methods for assessing soil carbon must be fast and accurate to support soil health and security evaluation, 
measurement, reporting and verification of carbon stocks. Visible-near infrared (Vis-NIR) spectroscopy mini
mizes the costs and time required for assessing soil carbon. Soil samples were obtained at 189 sites from the 
National Forest Inventory (NFI) of Rio de Janeiro state (~43,782 km²), Brazil, between 2013 and 2016, at 0–20 
and 30–50 cm, with a total of 373 recovered samples. The objective was to compare different preprocessing 
transformations of spectral curves, and calibration methods to predict soil carbon contents from soil Vis-NIR 
spectral curves in NFI samples from Rio de Janeiro state. Soil carbon contents were measured by dry combus
tion in a CHNS elemental analyzer, and soil spectral curves were obtained in the laboratory. Cubist combined 
with log(1/reflectance) preprocessing emerged as the optimal combination to predict soil carbon content (root 
mean square error of cross-validation of 5.1 g kg-1), whereas elastic net obtained good soil carbon content 
predictions consistently in both cross-validation and external validation. Partial least squares regression, random 
forest, support vector machines, and model ensemble produced poorer results. The results agree with previous 
studies comparing calibration methods for soil carbon content prediction, and stress the importance of pre
processing soil spectral curves, as well as testing different methods to produce robust results. Soil Vis-NIR 
spectroscopy can be used to assess soil carbon contents in Rio de Janeiro, supporting expedited and accurate 
soil carbon stock, and stock change assessments in future phases of the NFI.

1. Introduction

Soils are a crucial resource for producing food, fiber, and energy, 
essential for supporting human life and sustaining terrestrial ecosys
tems. They play a key role in the biogeochemical cycles of major nutrient 
elements. Carbon contributes to soil quality by regulating nutrients and 
toxic substances, storing water, stabilizing soil aggregates and structure, 
and controlling microbial activity, ultimately influencing biodiversity 
and ecosystem sustainability (Banwart et al., 2019; Gama, 2023). 
Assessing soil carbon is critical for monitoring agricultural, livestock, 
and forestry activities, as well as restoration, reforestation, and soil 
ecosystem services in support of programs and activities aiming to 
promote and improve soil security.

The Brazilian National Forest Inventory (NFI) is a cornerstone 

program for monitoring the country's forest resources, providing data to 
support public policies and meet international climate commitments. A 
key component of the NFI is the systematic assessment of soil carbon, a 
primary indicator of soil health and a major factor in national carbon 
budgets. To support such programs, there is a growing demand for new 
procedures to assess soil carbon that are faster and more cost-effective 
than traditional techniques but still provide comparable accuracy 
(Viscarra Rossel et al., 2024). This is the case of visible-near infrared 
(Vis-NIR) spectroscopy, an analytical method that relies on the inter
action of electromagnetic radiation in the Vis-NIR range (350–2500 nm) 
with the soil constituents, allowing to predict soil carbon content and 
other soil properties (Soriano-Disla et al., 2013; Viscarra Rossel et al., 
2022). This method is non-destructive, rapid, inexpensive, and precise.

When infrared energy is emitted into the soil, the light spreads inside 
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the sample, causing the bonds in the molecules that compose it to vibrate 
and stretch, absorbing part of this light, while some of the energy is 
diffusely reflected back. A Vis-NIR spectrometer measures the diffuse 
reflectance of light from the soil at narrow wavelength intervals across 
the Vis-NIR range, building a soil reflectance curve by plotting the soil 
reflectance against the wavelength. Since the soil constituents and other 
properties affect the reflectance behavior of the soil, this curve can be 
used to predict their amounts, including soil color (Viscarra and Lark, 
2009), iron oxide contents (Viscarra Rossel et al., 2010), clay mineral 
content (Viscarra Rossel et al., 2011), and soil moisture (Baumann et al., 
2022).

To use soil spectral curves to predict soil properties, one must first 
develop a soil spectral library (SSL), which is a collection of soil spectral 
curves accompanied by the values of the soil properties of interest 
measured using conventional laboratory analysis. Then, this SSL is used 
to calibrate a predictive model for a target soil property as a function of 
the spectral curves, for which different calibration methods can be used. 
Accordingly, different preprocessing transformations can be applied to 
the soil spectral curves to remove noise, improve signal-to-noise ratio, 
remove undesirable artifacts, smooth their variation, and transform the 
spectral data aiming to improve the quality of the soil property pre
dictions (Dotto et al., 2017a, b). For instance, derivative transformations 
are frequently applied to spectral data using Savitzky-Golay polynomial 
filters (Savitzky and Golay, 1964).

As the most appropriate preprocessing transformations and multi
variate calibration methods greatly depend on the soil characteristics, a 
common strategy to improve the quality of soil property predictions 
involves comparing different combinations of preprocessing trans
formations and calibration methods, and selecting those that yield the 
highest predictive performance (Rinnan et al., 2009; Rinnan, 2014). 
Thus, this study aims to build a soil carbon content prediction model 
from a statewide SSL for Rio de Janeiro state by comparing five spectral 
preprocessing transformations and five multivariate calibration 
methods. The model will support assessing soil carbon contents and 
stocks, as well as their changes across the Rio de Janeiro state between 
National Forest Inventory campaigns.

2. Materials and methods

2.1. Study area and sampling design

The study was conducted in the state of Rio de Janeiro, southeastern 
Brazil, with approximately 43,782 km². The state is characterized by 
humid tropical climate with high annual rainfall and average tempera
tures above 20 ◦C. The region has a complex topography and diverse 
vegetation cover, including remnants of the Atlantic Forest. The pre
dominant soil types include Ferralsols (Oxisols), Acrisols (Ultisols), and 
Cambisols (Inceptisols), which are typically acidic and highly weath
ered, with variable organic matter content depending on the land use/ 
land cover.

The soil samples used in the study were obtained from the first NFI of 
Rio de Janeiro state (SFB, 2018). The NFI employed a systematic sam
pling scheme with sampling sites distributed on a grid of about 20 × 20 
km, with a total of 251 sampled sites. At each site, soil samples were 
collected using a borehole at depths of 0–20 and 30–50 cm, and analyzed 
for chemical and physical properties. A total of 373 samples (186 at 
0–20 cm, and 187 at 30–50 cm) could be recovered from the stored NFI 
samples and were used in the study (Fig. 1).

As a reference, across the Rio de Janeiro state, soil carbon stocks vary 
from 9.1 to 96.7 Mg ha-1 at 0–20 cm, and from 7.0 to 63.8 Mg ha-1 at 
30–50 cm (Vasques et al., 2025). Highest soil carbon stock values are 
found in the central, southwestern and northwestern mountainous re
gions of the state, and at the Paraíba do Sul River delta at the eastern 
boundary of the state. The same spatial trends are observed for the soil 
carbon contents measured at the NFI sites across the state (Fig. 1).

2.2. Laboratory soil analysis

The 376 soil samples were ground, sieved (2 mm), and dried at room 
temperature for 48 h. Soil carbon content was measured by dry com
bustion in a CHNS 2400 elemental analyzer (Perkin Elmer, Waltham, 
EUA). For measuring the Vis-NIR spectral reflectance, the samples were 
dried at 45 ◦C overnight for 15 h to harmonize the water content. Then, 
they were placed in a 10-cm-diameter Petri dish on an ASD Turntable 
(Malvern Panalytical, Malvern, United Kingdom) rotating at 22 rpm and 

Fig. 1. Location of the study area – Rio de Janeiro state, Brazil – and soil carbon contents observed at the sampling sites. The smaller and larger dots refer to soil 
carbon contents at 0–20 and 30–50 cm, respectively.
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illuminated by a 20 W halogen bulb. The soil Vis-NIR curves were ac
quired using an ASD FieldSpec 4 spectroradiometer (Malvern Pan
alytical, Malvern, United Kingdom), averaging 100 repetitions per 
sample. Spectralon® panel (Labsphere, North Sutton, USA) was used as 
a white reference (100 % reflectance), and scanned before each block of 
10 readings.

2.3. Preprocessing of soil spectral curves

To ensure the development of a robust calibration model, a diag
nostic analysis was performed to identify potential outliers that could 
exert undue leverage on the results. Using Oja distance (Oja, 1983; Zuo 
and Serfling, 2000), a multivariate distance metric suitable for 
high-dimensional data, 21 samples were identified and removed as 
spectrally distinct from the main population in the SSL, leaving 355 
samples (174 at 0–20 cm, and 181 at 30–50 cm). The removal of these 
samples did not significantly compromise the soil spectral variability.

After outlier removal, the soil spectral curves were preprocessed 
using five spectral transformations (Table 1). First, to remove noise, the 
curves were smoothed across a moving window of 9 nm using the 
Savitzky-Golay algorithm with a third order polynomial (SGS; Savitzky 
and Golay, 1964). Then, four preprocessing transformations were 
applied to the smoothed spectral curves, including: Savitzky-Golay first 
derivative with a first-order polynomial and moving window of 9 nm 
(SGD); standard normal variate (SNV; Barnes et al., 1989); log 
(1/reflectance) (LOG); and continuum removal (CR; Clark and Roush, 
1984). Spectral preprocessing was implemented using the prospectr 
package (Stevens and Ramirez-Lopez, 2025) in R (R Core Team, 2024).

2.4. Multivariate calibration methods

After the preprocessing transformations of soil spectral curves, the 
samples were split into calibration and validation sets by assigning 70 % 
of the sampling sites to calibration (248 samples), and the remaining 30 
% to the validation set (107 samples), respectively. The calibration 
samples were used to train the soil carbon content prediction models 
from soil spectral curves, using five different multivariate calibration 
methods (Table 2), including: partial least squares regression (PLSR; 
Wold et al., 2001); elastic net regression (Tibshirani, 1996); cubist 
(Quinlan, 1993); random forest (RF; Breiman, 2001); and support vector 
machine (SVM; Cortes and Vapnik, 1995).

Partial least squares regression and elastic net are the two linear, 
parametric methods compared in the study. Partial least squares 
regression reduces data dimensionality by transforming the predictor 
variables into orthogonal (uncorrelated) latent variables, while preser
ving most of their information. It was implemented using the pls R 
package (Liland et al., 2024). Elastic net regression works by shrinking 
the coefficients of the predictor variables, combining ridge regression 
and least absolute shrinkage and selection operator (LASSO) regulari
zations by adjusting the alpha hyperparameter between 0 (ridge 
regression) and 1 (LASSO). The shrinkage strength is controlled by the 
lambda hyperparameter. Elastic net was implemented using the glmnet 
R package (Friedman et al., 2010).

Cubist and random forest are the two tree-based methods compared 
in the study. Cubist combines decision trees with linear regressions by, 

first, generating a set of rules to segment the data into smaller subsets 
(leaves), and then, fitting linear regression models to each of these 
subsets to make predictions. It was implemented in R using the Cubist 
package (Kuhn and Quinlan, 2024). Random forest builds a collection (a 
forest) of decision trees using a bootstrap aggregating (bagging) 
approach. For each individual tree, random selections of training and 
validation samples, as well as predictor variables, are used to build the 
tree and make predictions of the target variable. Then, the predictions 
from the individual trees are averaged to generate the final predictions. 
The randomForest R package (Liaw and Wiener, 2002) was used to 
derive the RF models.

The last method – SVM – works by separating samples using linear or 
non-linear boundaries (hyperplanes). In this study, linear hyperplanes 
were used. The cost (penalty) regularization hyperparameter (C) con
trols the trade-off between maximizing the margins of the hyperplanes 
that separate the samples leading to larger prediction errors and more 
generalization capacity (smaller C), and narrowing the margins forcing 
the model to minimize the prediction errors (larger C), which may lead 
to overfitting. It was implemented using the e1071 package (Meyer 
et al., 2023) in R. Together, these methods cover linear versus non-linear, 
and parametric versus non-parametric approaches, allowing for 
comprehensive performance comparison aiming at improving soil car
bon content predictions.

For each calibration method, selected method hyperparameters 
(Table 2) were optimized to ensure the best prediction accuracy of soil 
carbon content. This was done with the caret package (Kuhn, 2008) in R 
via 10-fold cross-validation using the samples from the training set, with 
the best hyperparameters selected by minimizing the root mean square 
error (RMSE; Eq. 1) of cross-validation. Once the best hyperparameters 
were selected, a single model was derived from the training set using 
these hyperparameters, and then validated on the validation set, 
respectively. Model performance and prediction errors were evaluated 
using the RMSE and other error metrics, including: mean absolute error 
(MAE; Eq. 2); mean error (ME; Eq. 3); coefficient of determination (R2; 
Eq. 4); and residual prediction deviation (RPD; Eq. 5). The smallest 
RMSE of cross-validation was used as criteria to select the best model for 
soil carbon content prediction, as it assesses the generalization capacity 
of the model, that is, its ability to make predictions on unknown 
samples. 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑

(yi − ŷi)
2
/

n
√

(Eq. 1) 

MAE =
1
n
∑

|yi − ŷi| (Eq. 2) 

ME =
1
n
∑

(yi − ŷi) (Eq. 3) 

R2 = 1 −
∑

(yi − ŷi)
2
/∑

(yi − y)2 (Eq. 4) 

Table 1 
Preprocessing transformations of soil spectral curves.

Preprocessing transformation Abbreviation

Savitzky-Golay smoothing with a third-order polynomial and 
moving window of 9 nm

SGS

Savitzky-Golay first derivative with a first-order polynomial and 
moving window of 9 nm

SGD

Standard normal variate SNV
Log(1/reflectance) LOG
Continuum removal CR

Table 2 
Multivariate calibration method optimized hyperparameters values.

Method Hyperparameter Values

Partial least squares 
regression

Number of latent variables 
(ncomp)

1,2,…,24

Elastic net Mixing parameter (alpha) 0,0.1,0.2,…,1
​ Regularization strength (lambda) 0.001,0.002, 

…,0.1
Cubist Number of committees 

(committees)
1,2,…,10

​ Number of nearest neighbors 
(neighbors)

1,2,…,9

Random forest Number of trees (ntree) 100,200,…,500
​ Number of split variables (mtry) 20,40,…,200
Support vector machine Cost (C) 0.1,0.2,…,1
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RPD = SDval

/
RMSEv

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
n/(n − 1)

√
(Eq. 5) 

Where: ŷi = predicted values; yi = observed values; y = mean of 
observed values; n = sample size; SDval = standard deviation of the 
observed values in the validation set; RMSEv= root mean square error of 
validation.

To further improve soil carbon content predictions, an ensemble 
model was derived by fitting a generalized linear model with a Gaussian 
error distribution and identity link function, using as input variables the 
predictions from the best model obtained by each method, respectively. 
This model ensemble approach aimed to produce more robust soil car
bon predictions by harnessing the advantages of each method while 
minimizing their individual limitations. Training and validation errors 
were calculated for the ensemble model, and compared against the in
dividual models.

2.5. Variable importance

In PLSR, the variable importance was calculated as its proportional 
contribution to the reduction in sums of squares. It was calculated as the 
weighted sum of the absolute value of the regression coefficient, with 
the weights derived from the reduction in sums of squares over the PLSR 
components. In elastic net, since the variable coefficients are shrunk 
towards zero, effectively performing automatic variable selection, var
iable importance was directly inferred from the absolute value of the 
coefficients, with larger coefficients indicating more important vari
ables. In cubist, variable importance was calculated by how frequently 
each variable is included in decision rules along the trees and in the 
linear regression models at the leaves.

In RF, variable importance was calculated as follows. First, the pre
diction accuracy on the out-of-bag samples is calculated. Then, this 
process is repeated after randomly permuting the values of each pre
dictor variable. Variable importance is assessed by the difference in 
prediction accuracy between these two cases averaged across all trees 
and normalized by the standard error. Finally, in SVM, variable 
importance was calculated as the absolute values of the coefficients.

3. Results and discussion

3.1. Descriptive statistics

Soil carbon contents varied from 0.1 to 49.5 g kg-1, with a median of 
13.2 g kg-1, mean of 15.5 g kg-1 and standard deviation of 9.9 g kg-1, 
showing a slightly right-skewed distribution (Table 3). Soil carbon 
content variation in the training set was similar to, and encompassed the 
variation of the validation set. This large variation in soil carbon content 
directly reflects the heterogeneity of the soils in the state of Rio de 
Janeiro, ranging from carbon-poor sandy soils to carbon-rich organic 
soils.

The soil spectral curves show distinct spectral signatures among the 
samples, characterized by variations in albedo, shape, and absorption 
features (Fig. 2a, b). Despite these differences, the soils exhibited 
notable similarities in the general shape of their spectral curves and in 
the position of key absorption bands, mainly associated with dominant 
components including minerals, organic matter, and moisture. Pre
processing transformations considerably changed the shape of the 
original spectral curves (Fig. 2c, d, e, f), marking and strengthening 

distinct absorption features that were captured by the different cali
bration methods.

3.2. Performance of individual prediction models

Based on the RMSE of cross-validation (RMSEcv), the cubist model fit 
to LOG data derived the best soil carbon content predictions, with a 
RMSEcv of 5.1 g kg-1, followed by PLSR-LOG and SVM-SNV models, both 
with a RMSEcv of 5.4 g kg-1 (Table 4). The cross-validation approach is 
particularly valuable for addressing the heterogeneity of the statewide 
soil samples, providing more conservative and reproducible error esti
mates than a single external validation set (Kuhn and Johnson, 2013).

Based on the average RMSEcv, the performance of calibration 
methods was as follows, from best to worst (RMSEcv in parentheses, in g 
kg-1): SVM (5.7) > cubist (5.8) > PLSR (5.9) > elastic net (6.1) > RF 
(6.5). Accordingly, the performance of preprocessing transformations 
was as follows: LOG (5.8) > SNV (5.9) > SGS (6.0) = SGS (6.0) > CR 
(6.4). Comparatively, SVM, cubist and PLSR had similar performance, 
whereas RF degraded the soil carbon content predictions, with RF-LOG 
and RF-SGS showing the poorest performance among all method and 
preprocessing transformation combinations. Among preprocessing 
transformations, CR showed poorer performance, especially in PLSR, 
elastic net, and SVM, where it derived the worst predictions. One 
possible explanation is that CR transformation suppressed chemically 
meaningful variance removing important features, patterns and corre
lations from the spectral curves that could otherwise be exploited by the 
multivariate methods.

Overall, PLSR demonstrated consistent prediction accuracy across 
preprocessing transformations, except CR, where its performance 
notably declined. Based on the RMSEcv, the best PLSR model was ob
tained using LOG transformation, similarly to cubist. This model ach
ieved a RMSE of external validation (RMSEv) of 5.8 g kg-1, and a RPD of 
1.72 (Table 4), meaning that the standard deviation of the errors is 
considerably smaller than the standard deviation of the observed soil 
carbon content, indicating that the model can be used for soil carbon 
content prediction with moderate accuracy (Chang et al., 2001). This is 
confirmed by the predicted versus observed plot (Fig. 3), which shows 
overall consistent predictions of soil carbon content along the 1:1 cor
relation line, with a few exceptions.

Overall, elastic net was superior to RF, but slightly inferior to all 
other calibration methods. The smallest RMSEcv (5.6 g kg-1) was ob
tained from SNV data. The elastic net results align with the results from a 
recent study in Pernambuco, northeastern Brazil, where elastic net 
(LASSO, specifically) achieved a RMSEcv of 4.1 g kg-1 predicting soil 
organic carbon content (Santos et al., 2023). The best elastic net external 
validation results were derived from SGS data, and correspond to a 
RMSEv of 6.4 g kg-1, and RPD of 1.55. Previous Vis-NIR spectroscopy 
studies have also shown that preprocessing transformation of soil 
spectral curves enhances model accuracy (Dotto et al., 2017a; Mour
a-Bueno et al., 2018). The predicted versus observed plot (Fig. 4) shows a 
trend of underestimating large values and overestimating small ones, 
which is common for regression models, especially linear-based ones.

Cubist obtained the best overall model among all method and pre
processing transformation combinations. This best model, which used 
LOG data as input, also performed best in external validation, obtaining 
a RMSEv of 5.8 g kg-1, and RPD of 1.72. This is the largest RPD among all 
models, which was also achieved by the PLSR-LOG model. This shows 

Table 3 
Descriptive statistics of soil carbon content (g kg-1).

Sample set Sample size Mean SD Median Minimum Maximum Skewness Kurtosis

Whole 355 15.5 9.9 13.2 0.1 49.5 1.09 1.15
Training 248 15.4 9.8 13.3 0.1 49.5 1.16 1.47
Validation 107 15.9 10.1 12.8 2.7 49.1 0.93 0.43

SD = standard deviation.
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the good generalization capacity of the cubist-LOG model to make soil 
carbon content predictions across the Rio de Janeiro state, as also 
observed in Fig. 5. A key strength of cubist lies in its consistent use of 
three or five committees, which refine and stabilize predictions by 
boosting rule-based ensembles, reducing overfitting. On the other hand, 
larger datasets might require more committees to capture complex 
patterns, which may compromise the model’s efficiency in terms of 
processing time, and its ability to generalize predictions.

Since minimizing the RMSE of cross-validation was used to both 
optimize the model hyperparameters and select the best prediction 
method, this may have led to model overfitting in the training phase, 
which possibly degraded the predictions in external validation. In effect, 
the cubist models had very large R2 of training, suggesting overfitting, 
which was also the case for RF models. On the other hand, their error 
metrics from cross-validation and external validation are larger, and 
comparable to those from the other methods.

These results corroborate the findings of Demattê et al. (2019) who 
evaluated the potential of a Vis-NIR spectral library for predicting soil 
organic carbon content, clay content, and other soil properties across 
Brazil using cubist. They found a RMSEv of 6.9 g kg-1 using a nationwide 
dataset. A similar study by Moura-Bueno et al. (2021) also using cubist 
achieved RMSE of 5.3 to 6.6 g kg-1 for soil organic carbon content pre
diction in Brazilian subtropical soils, using soil Vis-NIR data or 
combining Vis-NIR, spectral classes and environmental data. In another 
study in soils from the Brazilian Cerrado to Atlantic Forest transition, 
cubist obtained the smallest RMSEv (4.9 g kg-1) compared to PLSR and 
RF, agreeing to this study. However, across preprocessing trans
formations, cubist showed a similar performance to PLSR (RMSEv of 5.6 
to 7.0 g kg-1) and RF (RMSEv of 5.5 to 6.8 g kg-1) (Mendes et al., 2021).

Random forest models delivered the poorest soil carbon content 
predictions among the multivariate calibration methods, with both 
cross-validation and external validation metrics consistently showing 
poor model performance. The best-performing RF model used SGD and 
obtained a RMSEcv of 6.1 g kg-1, comparable to other methods. However, 
all other preprocessing transformations lagged behind the alternative 
methods, with RMSEcv consistently larger than 6.4 g kg-1. In external 
validation, the best RF model also used SGD data as input, reaching 
RMSEv (6.9 g kg-1) and RPD (1.44) metrics worse than all other methods, 
except SVM. Along the same lines, the point cloud is more dispersed in 
the predicted versus observed plot (Fig. 6) compared to the other 
methods, except SVM, whose external validation was the poorest among 
the calibration methods.

The RF models consistently underperformed compared to the PLSR, 
cubist, and SVM models. This was also the case in Mendes et al. (2021), 
where RF was outperformed by cubist predicting soil pH, and carbon, 
clay and sand contents. Although RF effectively handles regression tasks, 
its structure can sometimes lead to decreased model generalization ca
pacity, especially when applied to highly heterogeneous datasets. The 
lack of parametric and linear structures in RF, compared to other 
methods such as PLSR, elastic net, or cubist, may hinder its ability 
capture strong correlations among soil carbon and soil spectral reflec
tance. Moreover, RF model outputs are less interpretable than linear 
models (Breiman, 2001).

Support vector machine models exhibited solid performance across 
preprocessing transformations in cross-validation, with the best RMSEcv 
among all the methods. However, in external validation, it failed to 
provide strong predictions, achieving the poorest average RMSEv (7.9 g 
kg-1) and average RPD (1.27) among the methods. This is clear from the 
widespread and oval-shaped distribution of predicted versus observed 
validation samples (Fig. 7). In comparison, better results were obtained 
by Terra et al. (2015), who predicted soil organic carbon content using 
SVM from 1259 samples from four Brazilian states. They obtained a 
RMSEv of 0.16 log10(g kg-1) compared to the 7.3 g kg-1 obtained from 
the SVM-SGS model, the best SVM model in external validation in this 
study. Support vector machine showed comparable performance to 
PLSR for predicting soil clay, and organic matter contents in 7172 

Fig. 2. Preprocessed spectral curves: (a) Original curves; (b) Savitzky-Golay 
smoothing with a third-order polynomial and moving window of 9 nm; (c) 
Savitzky-Golay first derivative with a first-order polynomial and moving win
dow of 9 nm; (d) Standard normal variate; (e) Log(1/reflectance); and (f) 
Continuum removal.
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samples from different regions of Brazil (Araújo et al., 2014).

3.3. Performance of the ensemble model

The ensemble model training R2, MAE, and RMSE were 0.98, 1.1 g 
kg-1, and 1.5 g kg-1, respectively. In external validation, the ensemble 
model produced slightly worse predictions than the PLSR, elastic net, 
and cubist best models, but outperformed RF and SVM, with R2 of 0.52, 
RPD of 1.43, MAE of 5.3 g kg-1, and RMSE of 7.0 g kg-1. The predicted 

versus observed plot of external validation (Fig. 8) shows a tendency of 
underestimation of large soil carbon values, and overestimation of small 
ones, similar to the individual models. Moreover, like the other models, 
the variance of prediction errors is not constant across the soil carbon 
range. In this sense, the ensemble model did not fix the individual model 
drawbacks when predicting soil carbon on unknown samples.

Compared to individual models, the model ensemble approach takes 
one more step in data processing, making it less parsimonious, and prone 
to error propagation. Thus, although the training errors were very good, 
probably due to overfitting, the large validation errors combined to the 

Table 4 
Optimized method hyperparameters and prediction error metrics.

Method Preprocessing Optimal hyperparameters RMSEcv MAEcv R²cv RMSEt MAEt MEt R²t RMSEv MAEv MEv R²v RPDv

PLSR SGS ncomp=16 5.7 4.3 0.66 5.1 3.7 0 0.72 5.9 4.5 − 0.0 0.65 1.68
PLSR SGD ncomp=11 5.8 4.3 0.67 5.0 3.7 0 0.73 6.1 4.7 − 0.2 0.63 1.64
PLSR SNV ncomp=16 5.8 4.3 0.65 5.2 3.7 0 0.71 9.7 5.1 − 1.1 0.37 1.03
PLSR LOG ncomp=16 5.4 4.0 0.71 4.7 3.4 0 0.76 5.8 4.1 0.2 0.66 1.72
PLSR CR ncomp=27 6.7 5.0 0.57 4.4 3.3 0 0.79 9.6 6.2 − 0.7 0.30 1.05
Elastic net SGS alpha=1, lambda=0.05 6.1 4.5 0.61 5.9 4.2 0 0.63 6.4 4.8 − 0.1 0.60 1.55
Elastic net SGD alpha=0.1, lambda=0.1 5.6 4.3 0.67 4.3 3.2 0 0.80 6.5 4.8 − 0.2 0.57 1.53
Elastic net SNV alpha=0.9, lambda=0.05 6.0 4.4 0.63 5.8 4.1 0 0.64 7.0 5.0 − 0.4 0.51 1.42
Elastic net LOG alpha=1, lambda=0.04 6.1 4.4 0.59 5.8 4.1 0 0.65 6.5 4.7 0.2 0.58 1.54
Elastic net CR alpha=1, lambda=0.03 6.7 5.1 0.53 5.4 4.0 0 0.69 7.2 5.6 − 0.5 0.49 1.39
Cubist SGS committees=3, neighbors=5 5.7 4.0 0.66 0.4 0.1 0 1.00 7.2 5.4 − 1.3 0.54 1.40
Cubist SGD committees=5, neighbors=5 6.4 4.8 0.59 0.3 0.1 0 1.00 7.5 5.8 − 1.8 0.48 1.34
Cubist SNV committees=5, neighbors=5 5.7 4.1 0.65 0.2 0.1 0 1.00 6.6 4.8 − 0.9 0.58 1.52
Cubist LOG committees=5, neighbors=0 5.1 3.5 0.73 3.4 2.4 0.1 0.89 5.8 4.1 − 0.1 0.66 1.72
Cubist CR committees=5, neighbors=5 6.0 4.4 0.58 0.4 0.1 0 1.00 7.3 5.4 − 0.8 0.48 1.38
RF SGS ntree=250, mtry=50 6.7 5.0 0.53 2.7 1.9 0 0.95 7.8 6.1 0.1 0.39 1.28
RF SGD ntree=750, mtry=50 6.1 4.6 0.65 2.4 1.7 − 0.1 0.97 6.9 5.4 − 0.7 0.55 1.44
RF SNV ntree=750, mtry=50 6.4 4.9 0.56 2.6 1.9 − 0.1 0.95 7.6 6.0 − 0.1 0.43 1.32
RF LOG ntree=750, mtry=50 6.8 5.0 0.52 2.7 1.9 − 0.1 0.94 7.8 6.1 − 0.1 0.40 1.29
RF CR ntree=750, mtry=50 6.5 4.9 0.57 2.6 1.9 − 0.1 0.96 7.5 6.2 − 0.7 0.47 1.34
SVM SGS C = 1 5.7 4.1 0.67 6.1 4.0 0.5 0.63 7.3 5.5 0.7 0.47 1.36
SVM SGD C = 0.1 5.9 4.3 0.64 7.1 4.7 1.4 0.63 8.2 6.3 1.7 0.45 1.22
SVM SNV C = 0.9 5.4 3.9 0.71 5.6 3.6 1.0 0.69 7.6 5.9 0.8 0.43 1.32
SVM LOG C = 1 5.5 4.0 0.69 5.8 3.9 0.7 0.68 7.6 5.6 0.9 0.43 1.31
SVM CR C = 0.2 5.9 4.4 0.64 7.0 4.6 1.2 0.57 8.6 6.7 1.1 0.30 1.16

RMSE = Root mean square error; MAE = Mean absolute error; R2 = Coefficient of determination; ME = Mean error; RPD = Residual prediction deviation; cv = cross- 
validation; t = training; v = validation; PLSR = Partial least squares regression; RF = Random forest; SVM = Support vector machine; SGS = Savitzky-Golay smoothing; 
SGD = Savitzky-Golay first derivative; SNV = Standard normal variate; LOG = Log(1/reflectance); CR = Continuum removal.

Fig. 3. Predicted versus observed soil carbon content of external validation for 
the partial least squares regression–log(1/reflectance) model. R2 = Coefficient 
of determination; MAE = Mean absolute error; RMSE = Root mean 
square error.

Fig. 4. Predicted versus observed soil carbon content of external validation for 
the elastic net–Savitzky-Golay smoothing model. R2 = Coefficient of determi
nation; MAE = Mean absolute error; RMSE = Root mean square error.
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abovementioned limitations make the ensemble model less attractive for 
a practical routine use.

3.4. Variable importance

The performance of the soil carbon content prediction models is 
primarily driven by specific wavelengths identified as important vari
ables, which include the spectral bands most relevant for soil carbon 
prediction. The most important wavelengths to predict soil carbon 
content varied by calibration method, appearing in different regions of 
the Vis-NIR range (Fig. 9). In the PLSR model, the most important var
iables were observed near 1400 and 2500 nm, whereas they were 
concentrated in the 1400 nm region in the SVM model. The band around 

1400 nm is typically associated with O–H stretching related to residual 
water retained in the soil, while the range from 2200 to 2500 nm is 
linked to molecular vibrations including O–H stretching and metal–OH 
bending particularly associated with Al–OH and clay minerals such as 
kaolinite and smectites (Viscarra Rossel et al., 2005; Stenberg et al., 
2010).

For the elastic net model, the most important wavelengths for soil 
carbon content prediction were located around 460, between 1400 and 
1650, and at 2500 nm. The reflectance at 460 nm is likely related to 
goethite, an iron oxide common in tropical soils. The 1400–1650 nm 
region contains absorption features related to O–H functional groups 
(Stenberg et al., 2010; Terra et al., 2015), while 2500 nm may be related 
to the last bands of the soil spectral curves, which showed greater 

Fig. 5. Predicted versus observed soil carbon content of external validation for 
the cubist–log(1/reflectance) model. R2 = Coefficient of determination; MAE =
Mean absolute error; RMSE = Root mean square error.

Fig. 6. Predicted versus observed soil carbon content of external validation for 
the random forest–Savitzky-Golay first derivative model. R2 = Coefficient of 
determination; MAE = Mean absolute error; RMSE = Root mean square error.

Fig. 7. Predicted versus observed soil carbon content of external validation for 
the support vector machine–Savitzky-Golay smoothing model. R2 = Coefficient 
of determination; MAE = Mean absolute error; RMSE = Root mean 
square error.

Fig. 8. Predicted versus observed soil carbon content of external validation for 
the ensemble model. R2 = Coefficient of determination; MAE = Mean absolute 
error; RMSE = Root mean square error.
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spectral variation among the soil samples. For the cubist model, the 
variables with the highest importance clustered in the 1400 and 2200 
nm regions, and in the visible region between 500 and 650 nm, the latter 
influenced by the presence of different minerals and organic matter with 
different colors, although specific assignments in this region are less 
commonly emphasized in Vis-NIR soil spectroscopy because they have 
limited chemistry specificity compared to bands with known absorption 
features from molecular groups (Stenberg et al., 2010).

The RF model highlighted variables around 1850, 1950, and 2200 
nm. The 1850 nm band is often attributed to carbonate (–CO₃) over
tones, while 1950 nm is strongly associated with water absorption. The 
2200 nm region is related to C–H and C–O stretch combinations, as well 
as N–H stretch interactions (Burns and Ciurczak, 2007). In addition, 
multiple models consistently identified important bands at 1100, and 
1900 nm, which are the absorption regions of functional molecular 
groups including carboxyl (1100 nm), methyl (1100 nm), and hydroxyl 
(1900 nm) (Stenberg et al., 2010; Burns and Ciurczak, 2007).

Similar Vis-NIR bands were selected in the same spectral regions by 
two variable selection methods to predict soil organic carbon and par
ticle size fractions in southern Brazil using PLSR and SVM (Dotto et al., 
2017b). In Florida, USA, important bands for soil total carbon and soil 
organic carbon prediction by PLSR were observed at around 1000, 1850 
and 1920 nm (Knox et al., 2015), and 500–700, 1400, and 1800–2400 
nm (Vasques et al., 2010), coinciding with some of the important vari
ables observed in this study. In addition, using a global, and local 
Vis-NIR datasets to predict soil organic carbon in different parts of the 
world, Viscarra Rossel et al. (2024) identified important bands and 
spectral regions similar to those observed in this study. For the Brazilian 
site, they concentrated around 600, 800, 1400–1500, 1900, and 
2000–2200 nm.

4. Conclusions

Soil carbon plays a crucial role as a key indicator of soil functionality, 
and is essential for monitoring and promoting soil health and long-term 
soil security to benefit the society. Visible-near infrared spectroscopy 
shows potential for soil carbon content prediction, with most multi
variate methods yielding reasonable models, with RPD > 1.5. Among 
the methods evaluated, on average, SVM produced the models with the 
smallest RMSEcv. However, the SVM models failed in external valida
tion, with limited capacity to make soil carbon content predictions on 
unknown samples. Cubist, followed by elastic net, had the best 
compromise between RMSEcv and RMSEv, showing robust prediction 
performance in cross-validation as well as in external validation. As 
such, they can be used for carbon content prediction in the soils from the 
state of Rio de Janeiro, Brazil, within landscapes and geological contexts 
similar to those studied.

Preprocessing soil spectral curves is recommended for improving soil 
carbon content predictions, with log(1/reflectance) transformation 

emerging as a strong approach to prepare soil spectral curves before 
multivariate chemometric calibration. The combination of log(1/ 
reflectance) preprocessing followed by cubist calibration produced the 
best soil carbon content predictions, with the smallest cross-validation, 
and external validation errors, being well suited for use in future soil 
carbon assessment projects in Rio de Janeiro. On the other hand, model 
ensemble is not recommended for assessing soil carbon in future projects 
as it did not improve predictions while adding an extra step in data 
processing.

This study has direct implications for global soil security and climate 
change challenges, particularly within the context of the United Nations 
Framework Convention on Climate Change (UNFCCC), and United Na
tions Convention to Combat Desertification (UNCCD). These conven
tions require countries to monitor, report, and verify changes in soil 
carbon stocks, a core indicator of land health and security. However, the 
feasibility of such programs is often constrained by the high costs and 
slow turnaround of conventional laboratory analyses, which can be 
overcome by adopting faster and reliable soil carbon assessment 
methods like the one presented in this study.
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Gomez, C., Guerrero, C., Peng, Y., Ramirez-Lopez, L., Shi, Z., Stenberg, B., 
Webster, R., Winowiecki, L., Shen, Z., 2022. Diffuse reflectance spectroscopy for 
estimating soil properties: a technology for the 21st century. Eur. J. Soil. Sci 73 
(e13271). https://doi.org/10.1111/ejss.13271.

Viscarra Rossel, R.A., Shen, Z., Lopez, L.R., Behrens, T., Shi, Z., Wetterlind, J., 
Sudduth, K.A., Stenberg, B., Guerrero, C., Gholizadeh, A., Ben-Dor, E., Luce, M.S., 
Orellano, C., 2024. An imperative for soil spectroscopic modelling is to think global 
but fit local with transfer learning. Earth-Sci. Rev. 254, 104797. https://doi.org/ 
10.1016/j.earscirev.2024.104797.
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