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Previsão exacta do carbono orgânico do solo utilizando técnicas espectroscópicas
e aprendizado de máquina

María A. García-Zambrano2 , Victoria E. Cusme-Zambrano2 ,
Luis Cedeño-Valarezo2*  & José L. Reyna-Bowen2,3

ABSTRACT: Soil organic carbon is a key indicator for assessing soil quality and condition. Its estimation can be conducted 
through hyperspectral imaging spectroscopy within the visible and near-infrared (VNIR) range. This study aimed to 
evaluate the potential of spectroscopic techniques to accurately predict soil organic carbon (SOC) content by comparing 
direct field measurements with laboratory-processed samples. The efficiency and reliability of this approach were assessed. 
A rigorous exploratory data analysis (EDA) was conducted to identify key spectral features and minimize noise. Support 
vector machine (SVM) consistently outperformed other machine learning algorithms, demonstrating high accuracy and 
reliability. It is concluded that the model has been calibrated very well in the field, a breakthrough for science; spectroscopy 
offers a rapid, cost-effective and non-destructive alternative to traditional laboratory methods for SOC assessment. This has 
significant implications for sustainable agriculture and soil health monitoring, allowing for timely and accurate assessment 
of soil carbon stocks.
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RESUMO: O carbono orgânico do solo é um indicador importante para avaliar a qualidade e condição do solo. Sua estimativa 
pode ser realizada por meio de espectroscopia de imagem hiperespectral na faixa do visível e do infravermelho próximo 
(VNIR). Este estudo teve como objetivo avaliar o potencial das técnicas espectroscópicas para prever com precisão o teor de 
carbono orgânico do solo (SOC), comparando com medições diretas no campo com amostras processadas em laboratório. 
A eficiência e a confiabilidade dessa abordagem foram avaliadas. Foi efectuada uma análise exploratória rigorosa dos dados 
(EDA) para identificar as principais caraterísticas espectrais e minimizar o ruído. O SVM superou consistentemente outros 
algoritmos de aprendizagem de máquina, demonstrando elevada precisão e confiabilidade. Conclui-se que o modelo foi 
calibrado muito bem no terreno, o que constitui um avanço para a ciência, uma vez que a espetroscopia oferece uma 
alternativa rápida, econômica e não destrutiva aos métodos laboratoriais tradicionais para a avaliação de solos. Isto tem 
implicações significativas para a agricultura sustentável e para a monitorização da saúde do solo, uma vez que permite uma 
avaliação em tempo hábil e exata das reservas de carbono do solo.
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HIGHLIGHTS:
An innovative method to estimate soil carbon content without traditional laboratory procedures.
A reliable predictive model for preliminary soil classification and trend detection.
A safe and sustainable approach that eliminates the use of hazardous chemicals.
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Introduction

Soil organic carbon (SOC) is a vital component of soil 
health, influencing essential chemical, physical, and biological 
processes (Ashida et al., 2021). As a key indicator of soil 
degradation and fertility, SOC provides valuable insights into 
soil quality. However, despite its importance, SOC remains a 
complex and poorly understood component of the soil system 
(Yang et al., 2022). Initially derived from plant, microbial, 
and animal residues, secretions, and soil humus, SOC is a 
significant carbon sink, making it a major constituent of 
organic matter (Ashida et al., 2021; Du et al., 2022).

The determination of SOC involves differentiating between 
total carbon and inorganic carbon (Oliveira et al., 2019), 
necessitating the consideration of additional inorganic carbon 
content in the soil (Shamrikova et al., 2023). Two primary 
methods are employed for this: dry combustion and wet 
oxidation (Murindangabo et al., 2023). The Walkley-Black 
(WB) method, a wet oxidation technique, is widely used 
for SOC determination (Vaudour et al., 2022). This method 
involves adding an acidic potassium dichromate solution 
to the soil sample (Shamrikova et al., 2022; Guillén et al., 
2023; Murindangabo et al., 2023). However, it has several 
drawbacks, including the use of large quantities of hazardous 
reagents, generation of toxic waste, time-consuming analysis, 
and high cost (Okolo et al., 2019; Barrezueta-Unda et al., 
2020; González-Aguiar et al., 2020; Reyna-Bowen et al., 2020; 
Shamrikova et al., 2022).

To address the limitations of conventional methods, 
spectroscopic methods have gained prominence. These 
physical analysis techniques study the interaction between 
electromagnetic waves and soil samples, allowing for the 
quantification of soil characteristics (Barra et al., 2021; 
Di Martino & Garcia, 2022). Visible and near-infrared 
spectroscopy (VIS-NIR) is particularly effective and cost-
efficient for measuring SOC (Liu et al., 2019). VIS-NIR 
spectroscopy was developed to reduce the time and cost 
associated with conventional techniques (Alomar et al., 
2022; Reyna-Bowen et al., 2025). It has proven to be efficient, 
productive, and environmentally friendly, enabling effective 
management of spatial variability in soil properties (Gozukara 
et al., 2021; Mendes et al., 2022; Bai et al., 2023; Zhao et al., 
2023).

While VIS-NIR models have shown promise in aligning 
with conventional WB methods, most research focuses 
on controlled laboratory conditions (Gholizadeh et al., 
2020; Thomas et al., 2021). Direct field application presents 
challenges due to environmental factors. This study aimed to 
evaluate the potential of spectroscopic techniques to accurately 
predict soil organic carbon (SOC) content by comparing direct 
field measurements with laboratory-processed samples.

Material and Methods

The study was conducted on an experimental farm in 
Hinojosa del Duque, Córdoba, Spain, at 543 m above sea 
level. The site features a “Dehesa” pasture system with young 
Holm oaks (Quercus ilex) planted in a 12 m × 12 m grid at a 
density of 70 trees per ha. The area receives 437 mm of rainfall 
annually and has an average temperature of 15.1 °C. The pasture 
is grazed by Merino sheep at a stocking rate of three sheep per 
ha. In 2016, the pasture was fertilized with 40 kg of P₂O₅ ha-1.

Four soil pits were dug in 2017, two in each area, starting 
near the tree trunk and extending beyond the tree crown 
projection. Undisturbed soil samples were collected at four 
soil layers (0-5, 5-10, 10-20, and 20-30 cm) using a hand 
soil sampler. A total of 180 soil samples were collected for 
subsequent analysis.

Soil samples were dried at 40 ºC, passed through a 2 mm 
sieve, and homogenized. SOC concentration was determined 
according to Walkley (1947). The results of SOC content are 
shown in Table 1.

Soil samples collected for laboratory analysis were scanned 
using a portable LabSpec 5000 spectrometer in the 350-2500 
nm wavelength range. A contact probe was employed to acquire 
spectral measurements, with four consecutive scans recorded 
per sample. A Spectralon white reference panel was measured 
every 50 samples during the scanning session to account for 
potential instrumental drift and compute the reflectance factor. 
The reflectance factor was calculated as the ratio of the spectral 
response of the sample to that of the white reference. This 
methodology aligns with the procedure described by Salgado 
et al. (2025), who utilized a Spectralon panel to calibrate the 
spectroradiometer before and after each session, performing 
calibration every 20 spectral acquisitions.

The other group scanned, which was taken directly in 
the soil profile, at the same depth as the samples were taken 
for laboratory analysis with the mobile equipment. These 
measurements reflected actual field moisture conditions during 
the spring season, close to field capacity.

The collected spectra were processed using WinISI IV 
software. The raw spectral data were interpolated to 1 nm 
intervals and averaged to obtain a single spectrum for each 
sample. The spectrophotometer is a portable, post-dispersive 
NIR analyzer with a resolution of 1 nm at 700 nm and 10 nm 
at 1400/2100 nm. Three scans were averaged for each spectrum 
using a direct-contact sensor for each soil property (Figure 1).

An exploratory data analysis was conducted using Python 
to gain insights into the data. The datasets were clear, strong, 
and free from significant outliers. Spectral data, spanning the 
350-2500 nm wavelength range, were extracted and visualized 
to understand the spectral characteristics of the samples.

By comparing the average spectra of the two datasets, 
distinct spectral signatures were observed, potentially 
attributable to laboratory processing. These spectral differences 

n - Number of samples

Farm n SOC (%) Std. Dev. CV (%) Min. Max. Median 
Total 180 0.9 0.49 51.5 0.19 2.56 0.89 

 

Table 1. Mean of soil organic carbon (SOC), standard deviation (Std. Dev.), coefficient of variation (CV), median, minimum 
(Min.), and maximum (Max.) values
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may be exploited to develop predictive models for predicting 
SOC content with higher accuracy and precision. Specific 
spectral regions, particularly between 350-550 nm and 2300-
2500 nm, were identified as introducing noise and reducing the 
signal-to-noise ratio. To improve the accuracy and reliability of 
subsequent analyses, these noisy spectral regions were removed 
from further consideration, resulting in a more improved 
spectral clarity and consistency dataset for model development.

To gain a comprehensive understanding of the dataset, an 
EDA was conducted. This involved examining the distribution 
of variables, identifying outliers, and assessing the relationships 
between different parameters (Hidalgo, 2019). The dataset 
consisted of samples from various locations, with one subset 
undergoing preliminary laboratory processing and another 
collected directly from the field. Through EDA, potential 
data quality issues were addressed, ensuring the reliability of 
subsequent analyses.

The datasets, each comprising 180 samples and 2154 
spectral features, were sourced from a specific location in Spain. 
The first dataset represents samples in their fresh state, directly 
collected from the field. The second dataset corresponds to the 
same samples after undergoing a laboratory processing step.

A diverse range of machine learning algorithms, including 
K-Nearest Neighbors (KNN), Random Forest (RF), Support 
Vector Machines (SVM), Partial Least Squares Regression 
(PLSR), and Multiple Linear Regression (MLR), were 
considered for predicting SOC content from spectroscopic 
data (Vite et al., 2020). However, SVM was selected as the main 
algorithm due to its proven effectiveness in handling complex 
and high-dimensional data sets, followed by PLSR, which has 
high dimensionality and can extract meaningful information 
from spectral data.

To train and evaluate the data set, the machine learning 
models, a 70/30 split was used, assigning 70% of the samples 
to training and 30% for testing. The regression models (KNN, 
RF, SVM, PLSR, and MLR) were implemented with the 
following configurations: KNN with five nearest neighbors, RF 
with 100 decision trees, SVM with a radial basis kernel and a 
regularization parameter, that is, ten components, PLSR with 
15 latent components and MLR without additional parameters. 
Also, 5-partition cross-validation (K-Fold Cross-Validation) 
was performed on the training set. The models were evaluated 
using the mean squared error (MSE), the mean absolute error 
(MAE), and the coefficient of determination (R²) to assess their 

predictive performance. A random seed of 42 was set to ensure 
reproducibility of the results.

The selected machine learning algorithms were trained 
and evaluated using appropriate performance metrics such 
as the coefficient of determination (R²) and mean square 
error (MSE). In addition, the validation models Range Error 
Ratio (RER) and Ratio of Performance to Deviation (RPD) 
Eqs. 1 and 2, commonly used in spectroscopy calibration 
analysis, were employed to assess the quality of the predictions 
(Estupiñán et al., 2021). The most efficient algorithm for SOC 
prediction was identified by comparing the different models’ 
performance. This approach provides a fast and accurate 
method for estimating SOC content, allowing agronomists to 
make informed decisions and optimize agricultural practices 
(Reyna-Bowen et al., 2025). 

Figure 1. LabaSpec 5000 ASD (A) and direct-contact sensor (B) 

( )Min Max
RER

SEC
−

=

where:
RER - Range Error Ratio;
Min - Minimum value;
Max - Maximum value; and,
SEC - Standard error of calibration.

SDRPD
SEC

=

where:
RPD - Ratio of performance to deviation; 
SD - Standard deviation; and,
SEC - Standard error of calibration.

According to established guidelines, RPD values below 2.0 
are qualified as “very poor” and discourage the use of the model. 
Values between 2.0 and 2.49 are considered “poor”, and limited 
to rough screening tasks. A RPD of 2.5 to 2.99 is classified 
as “acceptable”, and suitable for basic screening applications. 
Values between 3.0 and 3.49 are considered “good” and suitable 
for quality control, while those from 3.5 to 4.09 are rated as 
“very good”, and suitable for process control. Finally, models 
with a RPD of 4.1 or higher are rated as “excellent”, allowing 
their application in any scenario. This classification system 
ensures the proper selection and application of prediction 
models according to their calibration performance (Table 2).

Results and Discussion

Both Laboratory-processed and fresh soil samples (Figure 
2) display a similar, non-uniform distribution of organic 
carbon. A mean of 0.96 was obtained, with a skewness of 
0.7974, indicating a slight positive skewness, which shows 
that more values are concentrated in the lower range with 
a longer tail to the right. The kurtosis of 0.1084 indicates 
that the distribution is meso-kurtic, in other words, similar 
to the normal distribution in terms of the concentration of 
extreme values. Most values cluster between 0.5 and 1.5%, 
with a small number of outliers reaching 2% or higher. This 

(1)

(2)
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This dispersion is much more likely to be due to the humidity 
of the soil without having been treated or processed as the 
soil processed in the Laboratory. Likewise, humidity can play 
a fundamental role in causing the spectral signature to suffer 
a change and the model to fail to calibrate with the reference 
values. However, there is a dispersion in the spectral signatures 
of Laboratory origin. In this case, this dispersion can be 
assumed by the organic carbon content at the different soil 
layers because the soil sample was homogenized before taking 
the spectral signature. Therefore, the model was adjusted with a 
cut of the extremes to reduce the noise of the database analyzed 
for the calibration of the model. The scientific literature has 
documented that different spectral ranges are associated with 
specific soil properties, such as mineral content and organic 
matter. In particular, wavelengths between 400 and 600 nm 
show a significant correlation with organic matter, as evidenced 

Table 2. Calibration model of Ratio of Performance to 
Deviation (RPD)

RPD value  Rating NIR application 
0.0 - 1.99  Very poor   Not recommended 
2.0 - 2.49 Poor  Rough screening 
2.5 - 2.99 Fair Screening 
3.0 - 3.49  Good Quality control 
3.5 - 4.09  Very good Process control 
 4.1 - 5.00 Excellent Any application 

 Adapted from Vigo et al. (2022). NIR - Near-Infrared spectroscopy technique and its 
practical use

SOC - Soil Organic Carbon. Scatter diagram showing the distribution of carbon percentage across individual soil samples. Each blue dot represents the carbon percentage of a distinct 
soil sample. Frequency distribution of Soil Organic Carbon (SOC%) in fresh soil samples overlaid with a density curve. The dashed red line indicates the mean carbon percentage, 
while the dashed green line represents the median carbon percentage

Figure 2. Variability and central tendency of Soil Organic Carbon (SOC) content in the analyzed samples

indicates that the Laboratory processing techniques did not 
significantly affect the overall variability in organic carbon 
content, suggesting that the Laboratory samples represent the 
original fresh samples.

The main finding is illustrated in Figure 3. The signatures 
from fresh soil are dispersed in comparison to the lab signature. 

A.

B.
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by the selection of visible bands (520-580 nm) in spectral 
reflectance studies (Henderson et al., 1989). Other works 
associate it up to the 1001 nm range (Liu et al., 2023). This range 
variability can also be related to the clay content of the soil. 

Fresh Samples have higher spectral values than Laboratory 
samples (Figure 4). This means that fresh samples have a 
higher spectral intensity in the measured range due to storage, 
processing, and treatment conditions.

The first derivative of the mean reflectance spectrum 
was calculated further to investigate the spectral differences 
between the two sample types. This technique is commonly 
employed to enhance subtle spectral features and minimize the 
influence of baseline variations (Chinilin et al., 2023). Moreover, 
derivative spectroscopy has proven valuable as an independent 
quantitative technique and an effective preprocessing step for 
the subsequent application of chemometric methods (Frost, 
1999).

Figure 5 shows the resulting peaks in the first derivative 
spectra, which may be associated with specific physical and 
chemical properties of the soil samples, including those affected 

by Laboratory processing (Bou-Orm et al., 2020). Well-defined 
peaks are observed in the derivative spectra, some of which are 
commonly attributed to specific chemical bonds—for instance, 
in the spectral regions between 4100-4500 cm⁻¹ and 5100-
5300 cm⁻¹, where organic chemical bonds tend to dominate 
(Russell et al., 2019). These spectral features could potentially 
be leveraged to develop more accurate models for predicting 
soil organic carbon content using spectroscopic techniques.

The peak wavelengths and corresponding local maxima 
(positive peaks) from the first derivative of the reflectance 
spectra, derived from both fresh and Laboratory-processed 
soil samples, are presented in Table 3. These peaks represent 
significant spectral features that may be associated with specific 
soil properties and Laboratory processing effects.

A rigorous exploratory data analysis (EDA) was crucial 
for identifying key spectral features and potential noise 
sources. By focusing on the most informative spectral regions 
and excluding noisy bands, as suggested by previous studies 
(Esquivel-Valenzuela et al., 2018; Shen et al., 2020; Xu et al., 
2021), the model’s performance was significantly enhanced. 

A.

B.

A. Reflectance spectra acquired from average fresh soil samples (collected in the field). The individual lines represent the reflectance spectrum for each fresh sample, showing how 
much light was reflected at different wavelengths (visible to near-infrared range). The average spectrum (thicker line) is overlaid to represent the general spectral characteristics and 
trends of the fresh samples within the dataset. B. Reflectance spectra obtained from the laboratory soil samples (drying, grinding, and sieving to standardize the sample condition). 
Each line corresponds to the reflectance spectrum of a laboratory-prepared sample, illustrating how light is reflected across different wavelengths. The average spectrum (thicker line) 
is overlaid to show the laboratory-processed samples’ overall spectral signature and central tendency. The vertical gray band, typically associated with organic matter, lies within the 
1300-1450 nm range, while the vertical purple band, also linked to organic matter in previous studies, spans the 2100-2300 nm range

Figure 3. Spectral profiles of soil samples (350-2500 nm)
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Figure 4. Comparison of the two databases of spectral profiles of soil samples fresh samples (red line) and Laboratory samples 
(blue line) (350-2500 nm)

Figure 5. First derivative of the average reflectance spectrum highlighting peak regions. (A) Fresh soil samples measured in 
the field; (B) laboratory-processed soil samples
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It was performed a comparative analysis of various machine 
learning algorithms, including KNN, RF, SVM, and PLSR 
(Khosravi et al., 2021; Biney et al., 2022; Wang et al., 2023). 

On the fresh sample database, in the cross-validation 
on the training set, the PLSR model presented the best 
performance with a R² of 0.7181, followed by SVM with 
0.6995 and Random Forest with 0.6589. RLM achieved a R² 
of 0.657, while KNN presented the lowest value of 0.5964, 
suggesting a less accurate fit to the training data. As for the 
error metrics, PLSR obtained the lowest MSE, 0.0667, and 
the lowest MAE, 0.1962, indicating predictions closer to the 
real values. SVM also performed well, with a MSE of 0.0712 
and a MAE of 0.2119. In contrast, KNN obtained the worst 
results, with a MSE of 0.0956 and a MAE of 0.2421, which 
suggests a higher margin of error.

In the evaluation of the test set (Figure 6), the model that 
stood out is SVM with a R² of 0.7544, followed by PLSR with 
0.7283, both maintaining a satisfactory performance similar to 
that of the training data. RLM obtained a R² of 0.7187, showing 
a solid performance on the test data. On the contrary, Random 

Forest and KNN presented the worst performances on the test 
set, with R² of 0.5312 and 0.4704, respectively, showing that 
they have a lower generalization ability. As for the error metrics, 
SVM obtained the lowest MSE of 0.0621 and MAE of 0.1966, 
followed by PLSR with a MSE of 0.0687 and MAE of 0.2001. 
KNN showed the highest MSE of 0.134 and the highest MAE 
of 0.2998, indicating a higher error in model predictions. 

In the Laboratory samples, during cross-validation on the 
training set, the PLSR model showed the best performance 
with a R² of 0.6467, followed by SVM with 0.6117 and Random 
Forest with 0.4417. RLM achieved a R² of 0.5273, while KNN 
obtained the lowest value of 0.3449, which means that the fit 
is less accurate on the training data. As for the error metrics, 
PLSR obtained the lowest values for MSE and MAE (0.0837 
and 0.2086). SVM also showed satisfactory performance with a 
MSE of 0.0919 and a MAE of 0.2287. KNN obtained the worst 
results, with a MSE of 0.1551 and a MAE of 0.2978.

In the test set (Figure 7), SVM stood out with a R² of 
0.7081, followed by PLSR with 0.6351. The RLM achieved a 
R² of 0.5399, indicating a moderate predictive performance. 
In comparison, Random Forest yielded a higher R² of 0.6107, 
while KNN showed a lower value of 0.4321. These results 
suggest that, among the models tested, Random Forest 
demonstrated the strongest generalization capacity on the test 
dataset. As for the error metrics in the test set, SVM presented 
a MSE of 0.0738 and a MAE of 0.2118, followed by PLSR with a 
MSE of 0.0923 and a MAE of 0.2122. KNN showed the highest 
MSE of 0.1436 and the highest MAE of 0.2842, showing a 
greater prediction error.

Considering these results obtained in field and Laboratory 
samples, SVM emerged as the most effective model for 

Table 3. Positive peak values (local maxima) from the first 
derivative of the mean reflectance spectra in soil samples

Fresh soil samples Laboratory-processed soil 
samples 

Wavelength 
(nm) 

Peak 
value 

Wavelength 
(nm) 

Peak 
value 

560 0.000754 559 0.001130 
1000 0.000751 1000 0.000889 
1500 0.001072 1422 0.002121 
1806 0.000069 1831 0.000497 
2008 0.000945 1928 0.001160 
2218 0.001117 2218 0.002402 

 

R2 - Coefficient of determination; SVM - Support Vector Machine; KNN - K-Nearest Neighbors and PLSR - Partial Least Squares Regression

Figure 6. Fresh Sample test set prediction of the different algorithms
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predicting soil organic carbon content. The PLSR model also 
showed satisfactory performance, especially in the Laboratory 
samples, where it obtained a R² of 0.6351 and presented the 
lowest MSE in both data sets.

The SVM model exhibited satisfactory predictive 
performance, showing superior performance in SOC 
prediction, coinciding with previous research highlighting 
its ability to capture nonlinear relationships and handle high-
dimensional data effectively (Zhang et al., 2024). It has even 
been recognized as an efficient regressor in small data sets, 
reinforcing its applicability in limited-sample contexts (Zhang 
et al., 2024). Similarly, SVM-R has shown higher RPD values 
than PLSR (Sarkar et al., 2020).

On the other hand, it is important to note that in other 
investigations, the RF model has been chosen as the most 
suitable for predicting SOC due to its ability to capture 
nonlinear interactions in carbon cycle processes, obtaining 
consistent and acceptable R² and RMSE values (Carbajal et 
al., 2024). In this study, RF was the algorithm that showed the 
worst performance compared to the other models evaluated, 
indicating that the effectiveness of each model can be 
influenced by various extrinsic and intrinsic factors (Yao et al., 
2020), from fertilizer use to soil composition, organic matter, 
moisture and spectral characteristics of the data analyzed.

Proceeded to train the Support Vector Regression Machines 
(SVR) model, a variant of SVM focused on spectroscopic 
data. The data set was split by 80% for training and 20% for 
testing. In addition, a normalization was performed using 
StandardScaler, to ensure that the variables have a mean 
of 0 and a standard deviation of 1 to have better numerical 
stability. To reduce the dimensionality of the data, a Principal 

Component Analysis (PCA) was performed, in which 50 
principal components were retained. The optimization of the 
hyperparameters included regularization by the C parameter 
with a range of 0.1, 1, 5, 10, 50, 100, 500, and gamma 
adjustment of 0.1, 0.01, 0.001, 0.0001, 0.00001, was conducted 
using RandomizedSearchCV, with five-fold cross-validation 
and 15 iterations. The selection of these hyperparameters was 
performed by maximizing the coefficient of determination 
(R²) using the full processing power of the computer, which 
allowed several tasks to run at the same time and accelerated 
the search for the best parameters.

The values obtained from the model show moderate 
performance according to the evaluation metrics. The 
coefficient of determination (R²) was 0.7444 on the training 
set and slightly increased to 0.7640 on the test set, indicating 
good generalization ability without signs of overfitting. These 
results suggest the model successfully captures a substantial 
portion of the data’s variability. Nevertheless, these values are 
not high enough to consider that the model is excellent, so 
it is strongly recommended to improve its predictive ability.

Regarding errors, the MSE and MAE values were relatively 
low, 0.0591 and 0.1893 for the training set and 0.0675 and 
0.2085 for the test set, respectively, reflecting appropriate 
performance, although with room for improvement in 
accuracy, especially in the test data. The RER was high for 
training 9.7571 and test 7.1691, demonstrating the model 
has optimal predictive ability. Notwithstanding, the RPD was 
1.9779 for the training set and 2.0587 for the test set, which 
places the model in the “poor” category according to the 
established guidelines, limiting its usefulness only to rough 
selection tasks rather than tasks requiring near precision.

R2 - Coefficient of determination; SVM - Support Vector Machine; KNN - K-Nearest Neighbors and PLSR - Partial Least Squares Regression

Figure 7. Laboratory sample test set prediction of the different algorithms
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The scatter plot in Figure 8 further highlights the 
performance of the SVM model. The points are clustered 
around the ideal 1:1 line, indicating a high correlation between 
the predicted and observed values. This visual representation 
confirms the model’s ability to capture the underlying trends 
and variability in the data accurately. The residual analysis 
shows a relatively balanced distribution around zero, with 
values varying between -0.4 and 0.6, indicating that the model 
does not present significant biases in its predictions.

The results achieved for the Laboratory processed sample 
show similar performance to the field samples. The coefficient 
of determination (R²) was 0.7533 in the training set and 0.7622 
in the test set, indicating that the model captures a considerable 
proportion of the variability in the data. Although these values 
are slightly higher than those obtained in the fresh sample, they 
still do not reach a perfect level; in other words, the accuracy 
of the model can still be better.

The MSE and MAE present relatively low values of 0.0571 
and 0.1786 in the training set and 0.0680 and 0.1866 in the test 
set, respectively. These results reflect stable behavior between 
the two sets, with no obvious signs of overfitting, which 
supports the usefulness of the model for preliminary estimates. 
The RER, with values of 9.9321 in training and 7.1418 in test, 
indicates an acceptable predictive ability. However, the RPD 
remains low, with 2.0133 for training and 2.0509 for testing, 
classifying the model within the “poor” category.

The superior performance of SVM on Laboratory data 
is illustrated in the scatter plot of predicted versus observed 
organic matter (Figure 9). While the alignment of the data 
points with the ideal red diagonal line indicates reasonable 
accuracy, the clustering pattern suggests potential areas 
for further optimization or feature engineering, such as 
incorporating additional spectral features or refining the model 
parameters. The predicted values of SOC% ranged from 0.5 to 

2.5, with a distribution of residuals ranging from 0.2 to 2.0, 
implying that the model does not have significant biases in its 
predictions.

The spectroscopy-based approach offers a cost-effective 
and time-efficient alternative to traditional Laboratory analysis 
(Jakkan et al., 2023; Das et al., 2023; Liu et al., 2023). By 
leveraging spectroscopic techniques, it is possible to predict 
SOC content accurately, streamlining the analysis process and 
reducing associated costs. This has significant implications for 
sustainable agriculture and soil health monitoring, enabling 
rapid and accurate assessment of soil carbon stocks. 

Future research could explore integrating additional 
spectral ranges, such as the visible and shortwave infrared 
(SWIR) regions, to improve model performance further. 
Additionally, incorporating other soil properties, such as soil 
texture and moisture content, could enhance the predictive 
capabilities of the models. Developing real-time monitoring 
systems based on spectroscopic sensors would enable 
continuous soil health and carbon sequestration tracking. By 
addressing these areas, applying spectroscopic techniques and 
machine learning can significantly contribute to sustainable 
soil management and climate change mitigation.

This research is important because spectroscopy can 
provide good SOC prediction results without the need for soil 
modification, which offers a significant advantage in terms of 
efficiency and cost (Soriano-Disla et al., 2014). Therefore, it 
is essential to increase and diversify the spectral libraries to 
improve the accuracy of the models, adjusting to the specific 
conditions of each region (Viscarra et al., 2016). Studies such 
as Stevens et al. (2013) and Were et al. (2015) have highlighted 
the importance of adjusting models to local soil characteristics 
since the use of global spectral libraries being so large and 
diverse often gives biased predictions at the local level, while 
Ramirez-Lopez et al. (2013) demonstrated how the use of 

R2 - Coefficient of Determination; MSE - Mean Squared Error; MAE - Mean Absolute Error; RER - Range Error Ratio and RPD - Ratio of Performance to Deviation

Figure 8. Soil Organic Carbon (SOC) content comparison for fresh soil samples comparison between the predicted and observed 
values (left); matching residual analysis for the Support Vector Machine (SVM) model (right)
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spectral libraries can significantly improve SOC prediction. 
These findings support the need for further development and 
expansion of spectral libraries to optimize the applicability of 
models in different agricultural and environmental contexts.

Conclusions

1. This study showed the integration of spectroscopic 
techniques, integrated with machine learning algorithms—
particularly Support Vector Machines (SVM)—to accurately 
predict soil organic carbon (SOC) content. By strategically 
selecting relevant spectral regions, the predictive accuracy of 
the model was improved compared to traditional Laboratory 
methods.

2. When applied with visible and near-infrared (Vis-
NIR) spectroscopy, the Support Vector Machine (SVM) 
model demonstrates predictive performance comparable to 
conventional methods for estimating organic carbon content 
in agricultural soils.

3. The Support Vector Machine (SVM) is time-efficient for 
the analysis of agricultural soils, as it allows corroborating the 
estimation of organic carbon content without the need for time-
consuming Laboratory post-processing of soil samples and the 
use of chemical inputs for organic carbon determination.
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