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ABSTRACT 

 
Soil organic carbon (SOC) modeling is essential for assessing 

soil fertility, soil health, and carbon sequestration potential. 

Visible and near-infrared (Vis-NIR) and mid-infrared (MIR) 

spectroscopy have gained global popularity for SOC 

prediction as a cost-effective method in socioeconomic and 

environmental terms. This study explores the use of Vis-NIR 

and MIR spectroscopy to model organic matter (OM) content 

in soils from northeastern Brazil. The dataset included 629 

samples from 7 of the 9 states in the region. We used the 

Cubist model to predict OM content, with R software aiding 

in statistical processing. Our results showed that the MIR 

technique performed better, with an R² of 0.78 for validation 

data and 0.92 for training data than Vis-NIR range. This 

suggests the potential of spectroscopy techniques to support 

or even replace conventional physical-chemical analysis 

methods, presenting a viable alternative, especially when 

comprehensive and optimized calibration databases are 

available. 
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reflectance spectroscopy, organic matter. 

 

1. INTRODUCTION 
 

Soil organic carbon (SOC) is important driver for 

maintaining soil quality and has a significant impact on the 

global carbon cycle. It directly affects the biological, 

chemical, and physical properties of soils and soil functions 

[1], which involves ecosystem services [2]. SOC content has 

been measured, traditionally, using dry combustion or 

chemical analysis. However, both methods have drawbacks, 

including the use of hazardous chemicals, high costs, and 

being time-consuming [3]. In comparison, visible, near-

infrared (Vis-NIR) and mid-infrared (MIR) spectroscopy 

offer a more efficient alternative, enabling the estimation of 

multiple soil attributes with a single measurement [4].  

Studies using spectroscopy to evaluate soils in semi-arid 

regions worldwide are limited [5, 6], and research on tropical 

soils under various land uses is also scarce [7]. In particular, 

there is a significant gap in data on soils from Brazil's 

Northeast region, which features the country's highest 

climatic variability and a remarkable diversity of soil 

types[11]. Soil spectroscopy is an emerging tool that has 

potential to significantly reduce the cost and time involved in 

routine soil analyses [9]. Specifically, diffuse reflectance 

spectroscopy in combination with statistical modeling 

methods has been shown to provide good predictions of a 

number of soil properties [4, 10]. This study explores the use 

of Vis-NIR and MIR infrared spectroscopies data to predict 

SOC content in northeastern Brazil. 

 

2. MATERIAL AND METHODS 
 

2.1. Study site and sample processing 

 

The study was carried out with soil samples from the 

northeast region of Brazil (Figure 1). A total of 629 soil 

samples from agricultural and native areas were selected for 

this study. 

The Brazilian Northeast has a hot, humid tropical 

climate along the coast. The terrain is composed of plateaus 

and depressions, and its geology includes crystalline rocks 

and sedimentary formations. The soils are fertile in the 

coastal areas but poorer in the semi-arid inland. Vegetation 

ranges from the Atlantic Forest to the Caatinga, adapted to 

the dry hot climate. The economy is mainly based on 

agriculture, such as grains, cassava, sugarcane and fruit 

cultivation, as well as extensive livestock farming [11]. 

 

 
Figure 1 – Soil sampling locations in the northeast region of 

Brazil. 
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The selection process of soil samples involved the 

collection of points in surface (up to 20 cm) and subsurface 

(80 to 100 cm) horizons georeferenced using Global 

Positioning System (GPS) coordinates, mixed, and a 

representative sample was taken for laboratory OM and 

spectral analysis. All soil samples were oven-dried (45 °C) 

and sieved to pass a 2 mm mesh. Organic matter (OM) 

content was determined using the Walkley and Black method 

[12, 13]. 

 

2.2. Data analysis and spectroscopy measurements 

 

MIR and Vis-NIR infrared spectra were obtained from 

soil aliquots sieved to 2 mm for Vis-NIR and 0.149 mm for 

MIR. MIR infrared spectra were captured using a Fourier-

transform infrared (FTIR) spectrometer, scanning from 4000 

cm⁻¹ to 600 cm⁻¹ at a resolution of 1 cm⁻¹, with each spectrum 

derived from an average of 32 scans. A background spectrum 

(from an empty sample compartment) was recorded as the 

mean of 32 scans before sample measurements. Vis-NIR 

infrared spectra were recorded in triplicate, with three 

separate subsamples collected from each soil sample, each 

placed in a glass Petri dish. Vis-NIR infrared spectral 

reflectance data were acquired with a FieldSpec Pro 3 

spectroradiometer, using a 9 cm diameter sensor to form a 1.5 

cm thick soil layer and capturing data over a wavelength 

range of 350 to 2500 nm with 1 nm intervals. The average of 

the three acquisitions was used for subsequent classification 

analysis [14]. 

 

2.3 Spectra preprocessing 

 

Techniques of spectral preprocessing were evaluated 

using R software to enhance the quality of the data set. Root 

mean square error (RMSE) was used to quantify prediction 

accuracy. We also calculated coefficients of determination 

(R2) values to compare our estimates with those found in 

other studies. 
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Equation 2 

 

Where, 𝑦𝑖 are the observed values, 𝑦̂𝑖 are the predicted 

values by the model, 𝑦̅𝑖 is the mean of the observed values, 

and 𝑛 is the total number of observations. 

 

3. RESULTS 

 

The results indicate that MIR spectroscopy technique 

showed the best performance, with an R² of 0.78 in the model 

Cubist with the total database, followed by the native area 

samples with an R² of 0.72. 

Vis-NIR spectroscopy achieved a performance of 0.75, 

with agricultural areas reaching an R² of 0.71. The RMSE for 

the MIR technique was 5.72 g.kg-1 in the general dataset, 5.48 

g.kg-1 for the agricultural area, and 7.46 g.kg-1 for the native 

area. In the Vis-NIR processing, the RMSE model was 6.88, 

4.88, and 8.74 g.kg-1, respectively (Figure 2). Although our 

study presents an interesting sample set, some areas of the 

Northeast were not included. Adding samples from other 

specific regions and soil classes could strengthen our 

database and provide a more accurate assessment for the 

entire study area. 

 

 
Figure 2 - Comparison of R² (a) and RMSE (Bb of Cubist 

performance for the raw database, agricultural and native 

area. The shaded areas in blue and orange indicate the best 

and worst statistics. 

 

These sampling gaps, however, do not diminish the 

advantages of spectroscopy, which offers a simpler, cleaner, 

and more cost-effective alternative to the dry combustion 

method and is more accurate than the chemical methods 

currently used in the region (Figure 3). 

 

 
Figure 3 - Validation data for observed and predicted of OM 

using Cubist model in different ecosystems. 
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4. DISCUSSION 

 

4.1. Implications of using soil spectroscopy for carbon 

study 

 

Overall, better predictions of C concentration were 

achieved using the MIR region compared to the Vis-NIR. The 

lower predictive capabilities of Vis-NIR spectra are likely 

due to the region's low absorption, where overlapping 

spectral bands create a weak signal for chemical compounds 

[15]. In contrast, the MIR region captures stronger absorption 

signals from well-defined organic molecules, such as 

aliphatic hydrocarbons, aromatic compounds, amines, 

amides, and carboxylic acids, leading to enhanced predictive 

accuracy [11]. 

Spectroscopy applied to the study of soil carbon offers 

practical and strategic implications for agriculture and 

climate change mitigation. With techniques such as mid-

infrared (MIR) and visible-near infrared (Vis-NIR), it is 

possible to quickly and cost-effectively estimate SOC content 

over extensive areas. This reduces the need for conventional 

physicochemical analyses, which are more expensive and 

time-consuming. The use of these spectral methods is 

especially advantageous in regions like northeastern Brazil, 

where soil type diversity and climatic variability are high, and 

traditional analysis costs can be prohibitive [1,6,10]. Thus, 

spectroscopy can provide a viable and accessible alternative, 

promoting continuous monitoring of soil organic matter and 

identifying more sustainable management practices. 

 

4.2. Perspectives 

 

Vis-NIR and MIR spectroscopy hold promising 

prospects for studying SOC, particularly in regions like 

northeastern Brazil, where conventional analysis methods 

may be less accessible [11]. These techniques enable large-

scale, cost-effective approaches for modeling and 

continuously monitoring OM in agricultural and natural soils, 

which is essential for sustainable soil management. MIR 

spectroscopy, in particular, has demonstrated superior 

performance (with an R² of up to 0.92 in training data), 

indicating that, with robust spectral libraries and models such 

as Cubist model, it can provide precise and replicable SOC 

estimates. Integrating these tools into agricultural and 

environmental monitoring has the potential to accelerate the 

development of sustainable management practices and to 

expand understanding of soil carbon sequestration. 

 

4.3. Limitations 

 

Spectroscopy has limitations that must be considered. 

First, the method requires rigorous calibration and the 

availability of large spectral databases specific to the region 

and soil type to ensure accuracy [10,11]. This calibration 

process can be challenging, costly, and time-consuming, 

especially in areas with high soil type variability, such as 

northeastern Brazil. Additionally, spectral interferences and 

the method's sensitivity to environmental changes may affect 

estimate accuracy, necessitating continuous adjustments and 

model re-evaluations. Spectroscopy's limitation in 

distinguishing specific forms of C is another factor that may 

compromise analysis and result applicability. 

 

4.4. Social and environmental impacts 

 

Socially, adopting these techniques can democratize soil 

monitoring access, particularly in economically 

disadvantaged regions, such as certain areas of northeastern 

Brazil. With a more accessible method, farmers and 

environmental managers can monitor soil fertility and health, 

fostering agricultural practices that regenerate soil and 

maintain productivity [14]. Environmentally, spectroscopy 

enables more agile and detailed monitoring of organic 

carbon, which is crucial for developing carbon sequestration 

practices and mitigating climate change. By facilitating the 

adoption of more sustainable management, the technique also 

contributes to soil biodiversity conservation and ecosystem 

resilience. 

 

5. CONCLUSION 

 

We found strong relationships between MIR reflectance 

with an R² of 0.78 for validation data. The worst performance 

was observed for Vis-NIR spectroscopy techniques in native 

areas, with an RMSE of 8.74 g.kg-1and an R² of 0.64. The 

recommended procedure is to obtain the spectra in the MIR 

spectral range, which provided better results than spectra in 

the Vis-NIR range. 

The fact that information on fundamental soil 

properties, such as OM, can be obtained simultaneously with 

spectroscopy techniques offers a promising perspective for 

the use of sensors in many practical agronomic and 

environmental applications, including the development and 

monitoring of soil health indicators. 
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