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Soil degradation monitoring strategies using infrared spectroscopy 

 

ABSTRACT 

 

Soil degradation represents a critical global challenge, threatening food security, 

biodiversity, and environmental stability through processes including organic matter 

depletion, erosion, contamination by potentially toxic elements (PTEs), salinization, and 

desertification. Traditional soil monitoring approaches, while accurate, are costly, labor-

intensive, and logistically demanding, raising a need for more efficient assessment methods. 

Infrared spectroscopy (IRS) has emerged as a promising alternative, offering rapid, non-

destructive, and cost-effective soil assessment. This work evaluated innovative 

methodological approaches for monitoring soil degradation with IRS, with emphasis on 

predicting soil attributes such as PTEs. The research is comprised of three axes: 1. a 

comprehensive review synthesizing current scientific knowledge on IRS applications for soil 

degradation monitoring, with the addition of case studies comprised of diverse datasets; 2. an 

assessment of near-infrared (NIR), mid-infrared (MIR), and spectral fusion (NIR+MIR) 

approaches for predicting metal contents in Technosols derived from scheelite mining 

residues across different accumulation periods (2, 10, and 40 years), and; 3. an evaluation of 

Convolutional Neural Networks (CNN) for predicting Ba, Cd, Cu, and Pb concentrations 

using a global mid-infrared soil spectral library. Both Partial Least Squares regression (PLSR) 

and CNN modeling approaches were systematically compared across diverse datasets. The 

results demonstrated significant potential for IRS-based soil degradation monitoring across 

multiple settings. The comprehensive review revealed substantial advances in IRS modeling 

capabilities through machine learning integration, successful applications across diverse 

environments supported by spectral libraries, and promising developments in the soil 

assessment of carbon, pollutants, erodibility, and salinity-related properties. For the 

Technosols, MIR and fusion spectra outperformed NIR, with the best performances for Cu 

(R² = 0.69, RPD = 1.81) and Sr (R² = 0.67, RPD = 1.76). The global spectral library modeling 

showed a superior performance for CNN over PLSR, achieving excellent predictions for Cd 

(R² = 0.81, RPD = 2.32) and reliable results for Ba, Cu, and Pb (R² > 0.70, RPD > 1.8). 

Elements with strong geochemical associations with potential spectrally active components 

exhibited better predictive performance across studies. These findings reinforce IRS as an 

efficient tool for environmental monitoring, supporting sustainable land management and the 

development of rapid soil contamination assessment systems. 

 

Keywords: Chemometrics. Proximal sensing. Machine learning. Land degradation. 



Estratégias para monitoramento da degradação do solo utilizando espectroscopia no 

infravermelho 

 

RESUMO 

 

A degradação do solo representa um desafio global crítico, ameaçando a segurança 

alimentar, a biodiversidade e a estabilidade ambiental por meio de processos como a depleção 

de matéria orgânica, erosão, contaminação por elementos potencialmente tóxicos (PTEs), 

salinização e desertificação. As abordagens tradicionais de monitoramento do solo, embora 

precisas, são onerosas, exigem muita mão de obra e são logisticamente complexas, o que 

ressalta a necessidade de métodos de avaliação mais eficientes. A espectroscopia no 

infravermelho (IRS) surgiu como uma alternativa promissora, oferecendo uma avaliação do 

solo rápida, não destrutiva e de baixo custo. Este trabalho avaliou abordagens metodológicas 

inovadoras para o monitoramento da degradação do solo com IRS, com ênfase na predição de 

atributos do solo como PTEs e propriedades relacionadas à salinidade. A pesquisa foi 

composta por três eixos: 1. uma revisão abrangente que sintetiza o conhecimento científico 

atual sobre aplicações da IRS no monitoramento da degradação do solo, com a adição de 

estudos de caso compostos por conjuntos de dados diversos; 2. uma avaliação das abordagens 

no infravermelho próximo (NIR), infravermelho médio (MIR) e de fusão espectral 

(NIR+MIR) para a predição de teores de metais em Tecnossolos derivados de resíduos de 

mineração de scheelita, ao longo de diferentes períodos de acúmulo (2, 10 e 40 anos); 3. uma 

avaliação de Redes Neurais Convolucionais (CNN) para a predição das concentrações de Ba, 

Cd, Cu e Pb utilizando uma biblioteca espectral global de solos no infravermelho médio. As 

abordagens de modelagem por regressão de mínimos quadrados parciais (PLSR) e CNN 

foram comparadas sistematicamente em diferentes conjuntos de dados. Os resultados 

demonstraram um potencial significativo para o monitoramento da degradação do solo com 

IRS em múltiplos contextos. A revisão revelou avanços substanciais nas capacidades de 

modelagem da IRS por meio da integração com aprendizado de máquina, aplicações bem-

sucedidas em ambientes diversos apoiadas por bibliotecas espectrais e desenvolvimentos 

promissores na avaliação do solo em relação a carbono, poluentes, erodibilidade e  

propriedades relacionadas à salinidade. Nos Tecnossolos, os espectros MIR e de fusão 

superaram o NIR, com os melhores desempenhos obtidos para Cu (R² = 0,69; RPD = 1,81) e 

Sr (R² = 0,67; RPD = 1,76). A modelagem com a biblioteca espectral global mostrou 

desempenho superior das CNNs em relação ao PLSR, alcançando predições excelentes para 

Cd (R² = 0,81; RPD = 2,32) e resultados confiáveis para Ba, Cu e Pb (R² > 0,70; RPD > 1,8). 

Elementos com fortes associações geoquímicas com componentes potencialmente ativos 

espectralmente apresentaram melhor desempenho preditivo nos estudos. Esses resultados 

reforçam a IRS como uma ferramenta eficiente para o monitoramento ambiental, apoiando a 

gestão sustentável da terra e o desenvolvimento de sistemas rápidos de avaliação da 

contaminação do solo. 

 

Palavras-chave: Quimiometria. Sensoriamento proximal. Aprendizado de máquina. 

Degradação da terra. 
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1 GENERAL INTRODUCTION 

 

Soil is a vital, non-renewable resource essential for the survival of terrestrial 

ecosystems. It supports agriculture, sustains biodiversity, regulates hydrological cycles, and 

contributes significantly to climate regulation. Yet, despite its importance, soils worldwide 

face escalating threats from degradation processes. These include the loss of organic matter, 

erosion, contamination by hazardous substances, salinization, and desertification. Often 

interlinked, these processes undermine soil functionality, impose difficulties on food 

production, reduce ecological stability, and carry substantial socioeconomic consequences. 

Addressing soil degradation is fundamental to sustainability goals. However, effective 

mitigation depends on the ability to monitor soil conditions with accuracy, efficiency, and 

spatial coverage. Traditional monitoring approaches, which are based on extensive sampling 

and traditional laboratory analyses, are accurate but costly, labor-intensive, and logistically 

demanding. These limitations are especially problematic in resource-constrained settings or 

when timely data is needed for decision-making. As pressures from land-use change, 

population growth, and climate change increase, more efficient monitoring solutions become 

essential. 

Infrared spectroscopy (IRS) has emerged as a promising alternative for soil 

assessment. It enables rapid, non-destructive, and cost-effective analysis of soil properties by 

measuring the interaction of infrared radiation with matter. This spectral information is able to 

reflect a range of characteristics, including organic carbon content, nutrient content, texture, 

mineralogy, salinity, and contaminant content. When combined with appropriate data 

modeling, IRS allows for efficient assessments suitable for environmental and agricultural 

monitoring. 

Recent advances in instrumentation, computing, and chemometrics have propelled IRS 

from an experimental technique to a versatile tool capable of field deployment and remote 

sensing integration. The construction of soil spectral libraries and the adoption of machine 

learning models have enhanced both the accuracy and the applicability of IRS across diverse 

environments. Portable devices now extend IRS reach, while satellite-based spectral data open 

possibilities for large-scale diagnostics. 

The multidimensional nature of soil degradation makes IRS particularly relevant. 

Depletion of organic carbon, for instance, weakens soil structure and reduces fertility. Erosion 

strips away topsoil and associated nutrients. Pollution, both organic and inorganic, 
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compromises biological activity, ecosystem safety, and may directly affect human health. 

Salinity alters soil chemistry, reducing agricultural viability. Desertification, driven by these 

and other factors, marks the ultimate collapse of once productive lands. Each of these 

degradation processes are in need of proper monitoring strategies, which can be directly or 

indirectly assisted by spectral data obtained with IRS. 

Maximizing IRS effectiveness requires robust predictive models that correlate spectral 

data with physical or chemical soil attributes. This calibration process relies on paired spectral 

and laboratory reference datasets. Once validated, these models can enable fast, repeatable 

analysis of new samples. There are many different modeling methods, such as partial least 

squares regression, support vector machines, random forests and neural networks, among 

others. Novel modeling approaches allow for the enhancement of predictive performance, and 

drive further innovation in the applicability of this technique. 

One of the core advantages of IRS is that it enables integrated soil assessments. Unlike 

conventional methods focused on single properties, IRS supports simultaneous prediction of 

multiple properties from a single measurement. This is particularly useful for assessing 

degradation as a composite process, where changes in one variable (e.g., carbon content) often 

reflect or influence others (e.g., erodibility). When linked to spatial modeling, IRS may help 

identify degradation hotspots and support targeted interventions. 

While promising, IRS is not without challenges. Variability in soil composition 

demands region-specific calibrations. Low pollutant concentrations fall below detection 

thresholds as they lack visible spectral features. Spectral noise and signal overlap can 

complicate interpretation. However, ongoing research continues to improve spectral 

preprocessing, feature selection, and model standardization, addressing these limitations and 

reinforcing the reliability of this technique. 

This thesis investigates the application of infrared spectroscopy for assessing soil 

degradation, emphasizing the estimation of potentially toxic elements contents, soil 

erodibility, and salinity-related properties. The study also explores the benefits of 

methodological innovations, including the use of convolutional neural networks and spectral 

fusion, to enhance IRS performance and broaden its applicability. The overall aim is to 

demonstrate how IRS can provide efficient and cost-effective soil assessments that support 

sustainable land management. Positioned within the broader discourse on soil monitoring, this 

thesis aims to contribute to a refined understanding of IRS as a tool capable of assisting in the 

capture of the complex, multi-dimensional nature of soil degradation processes. 
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1.1 Hypotheses 

Emerging evidences indicate that infrared spectroscopy, when coupled with well-

calibrated statistical and machine learning models, is capable of accurately predicting key soil 

degradation attributes, including carbon content, salinity indicators, and concentrations of 

potentially toxic elements. 

The integration of Convolutional Neural Networks (CNN) with spectral data fusion 

techniques, combining near- and mid-infrared spectra, enhances the predictive performance 

for soil erodibility, salinity-related properties, and potentially toxic elements, surpassing 

conventional chemometric approaches such as Partial Least Squares Regression (PLSR), 

across diverse environmental contexts. 

 

1.2 General objective 

To evaluate innovative technologies and methodological approaches for the 

monitoring of soil degradation using infrared spectroscopy, with emphasis on the prediction 

of soil quality attributes such as potentially toxic elements contents, soil erodibility, and 

salinity-related properties. 

 

1.3 Specific objectives 

To review and synthesize current scientific knowledge on the potential of infrared 

spectroscopy as an alternative assessment tool for soil degradation processes. 

To assess the ability of infrared spectroscopy to estimate soil properties associated 

with degradation (soil erodibility, salinity-related properties, and potentially toxic elements) 

across diverse environmental conditions. 

To evaluate the performance of different modeling approaches, including Partial Least 

Squares regression (PLSR) and Convolutional Neural Networks (CNN), for the prediction of 

soil properties from infrared spectral data. 

To analyze the feasibility of a global soil spectral library for the development of robust 

prediction models for potentially toxic elements contents. 
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2 LITERATURE REVIEW 

 

2.1 Soil degradation 

 

The decline in soil quality – driven by natural and anthropogenic factors such as 

erosion, contamination, salinization, and loss of organic matter – is known as soil degradation 

(GOMIERO, 2016). As soils deteriorate, their capacity to support vegetation, cycle nutrients, 

store carbon, and regulate water is impaired, threatening food production and ecosystem 

stability (KARLE; RICE, 2015). This is a global concern, affecting a wide range of 

environments and requiring a clear understanding of its causes and impacts. Erosion is both a 

major form of degradation and a consequence of the combination of diverse degradation 

processes, removing topsoil and disturbing soil structure. Its effects go beyond yield loss, 

altering carbon dynamics and increasing water pollution (LAL, 2001). 

The loss of soil organic matter (SOM) is another central issue. SOM supports the 

maintenance of soil structure, fertility, and microbial activity, making it a key indicator of soil 

health. Its decline increases vulnerability to other forms of degradation like erosion and 

compaction. Because it influences so many properties, tracking SOM, especially its labile 

fractions, is essential for monitoring and early intervention (OBALUM et al., 2017). Chemical 

degradation, though less visible, is equally damaging. Contamination from fertilizers and 

pesticides degrade soil function and fertility (TETTEH, 2015). Soil pollution can occur 

through many different inputs and processes, and both widespread and localized sources can 

cause long-term harm, making prevention and monitoring critical issues. 

Human-driven land use changes have accelerated soil degradation. Studies show that 

converting forests and pastures into cropland or urban areas lowers soil quality, particularly in 

indicators like cation exchange capacity and labile carbon (KHALEDIAN et al., 2017). In 

urban areas, soil quality is often the lowest, reflecting the cumulative effects of construction 

and compaction. Soil degradation also carries substantial economic costs. In England and 

Wales, the annual damage is estimated at £0.9–1.4 billion, mostly from organic matter loss, 

compaction, and erosion (GRAVES et al., 2015). Some of these negative economic outcomes 

can occur off-site, such as through increased flooding and water contamination. Soil 

degradation also undermines food production, increasing food insecurity risks (BINDRABAN 

et al., 2012). 
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Furthermore, desertification represents the extreme spectrum of soil degradation, 

especially in arid and semi-arid regions. This process results from a combination of climate 

pressures – such as drought and high temperatures – and unsustainable human practices. 

Remote sensing analyses show that this process can result from significant increases in soil 

salinity and moisture stress over time, particularly in regions with poor land management 

(SHOBA; RAMAKRISHNAN, 2016). Desertification can be considered the ultimate form of 

soil degradation, transforming productive lands into fragile systems, further escalating food 

insecurity and ecosystem decline. Restoring soil quality is vital for long-term sustainability. 

Increasing soil organic carbon beyond key thresholds is especially effective in reversing 

degradation trends (Lal, 2015). However, these strategies must be paired with broader shifts 

in land-use policy and environmental monitoring (GOMIERO, 2016; KARLEN; RICE, 

2015). 

 

2.2 Soil pollution 

 

The presence of toxic contaminants in soil at levels that pose risks to human health, 

ecosystems, or agricultural productivity is known as soil pollution. It arises from both natural 

and anthropogenic sources, including industrial activity, agricultural practices, and improper 

waste disposal (GAUTAM et al., 2023). Among the most concerning soil contaminants are 

heavy metals, which can be introduced through fertilizers, sewage, industrial emissions, and 

pesticides. These metals, such as lead (Pb), cadmium (Cd), and mercury (Hg), can persist in 

soils for long periods, accumulate in food crops, and pose significant risks to human health 

via the food chain (ZWOLAK et al., 2019). Heavy metals are considered potentially toxic 

elements (PTEs) due to their toxicity, persistence, long residence times in soils, and tendency 

to bioaccumulate through trophic chains and direct contact (ALI et al., 2019; WANG et al., 

2020). Once introduced into the food chain, they can have acute and chronic toxic effects on 

humans, as they are not metabolized and instead accumulate in tissues, potentially leading to 

various diseases, including carcinogenic and mutagenic outcomes (JAFARZADEH et al., 

2020). 

In addition to inorganic pollutants, soils are also affected by organic contaminants like 

polycyclic aromatic hydrocarbons (PAHs), which originate from incomplete combustion and 

industrial discharges. These compounds can alter soil structure, reduce microbial diversity, 

and impair overall soil function (SAKSHI; SINGH; HARITASH, 2019). Pesticides represent 

another critical category of soil pollutants. Their diverse chemical nature and transformation 
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pathways challenge our ability to assess and mitigate their impacts on soil biological activity 

(WOŁEJKO et al., 2020). In both developed and developing nations, soil pollution is 

considered a critical environmental concern driven by industrial activities, urban 

development, and the intensification of agriculture.  

A wide array of pollutants, both organic and inorganic, enters soils from sources such 

as industrial discharges, vehicular emissions, and the overuse of agrochemicals (SKALA et 

al., 2018). These contaminants pose significant threats not only to soil health and biodiversity 

but also to human health. For example, Cd contamination in agricultural soils can result in its 

accumulation in staple crops like maize, raising food chain exposure risks, particularly in 

regions with differing soil properties that affect metal bioavailability and plant uptake 

(RETAMEL-SALGADO et al., 2017). 

More recently, rare earth elements (REEs) – a group of 17 elements including the 

lanthanide series, scandium (Sc), and yttrium (Y) – have also been recognized as emerging 

soil pollutants. Like heavy metals, REEs are considered PTEs due to their potential to impact 

human and environmental health (XIONG et al., 2019). Their increasing input into soils via 

fertilizers, mining waste, and industrial discharges calls for consistent environmental 

monitoring (PEREIRA et al., 2019). REEs tend to associate with sediments and are useful not 

only for tracking pollution sources but also for understanding biogeochemical and weathering 

processes (TRIFUOGGI et al., 2018). This highlights the need to expand pollution assessment 

beyond traditional contaminants to include REEs, especially in areas subject to agricultural 

intensification or mining. 

The spatial variability and distribution of soil contaminants are strongly influenced by 

factors such as soil type, land use, proximity to pollution sources, and urban infrastructure. In 

roadside environments, for instance, elevated levels of heavy metals like Pb, zinc (Zn), and 

copper (Cu) are often detected due to traffic emissions and surface runoff, with concentrations 

increasing alongside road age and traffic density (WANG; ZHANG, 2018). Beyond surface 

patterns, studies have demonstrated that pollutant behavior also varies with soil depth, as 

illustrated by the distinct vertical and horizontal distribution of chromium in historically 

contaminated industrial soils (ZHOU et al., 2018). Geostatistical and modeling approaches 

have been instrumental in mapping these patterns and guiding environmental risk assessments 

(HU et al., 2018). The complexity of soil contamination raises the need for integrated 

approaches to monitor, understand, and enable the remediation of affected environments. 
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2.3 Soil salinity 

 

Soil salinity is a significant form of land degradation that threatens agricultural 

productivity and environmental sustainability on a global scale. It results from the 

accumulation of soluble salts in the root zone to levels that adversely affect plant growth and 

soil health (HARDIE; DOYLE, 2012). The phenomenon has both historical and 

contemporary relevance, having contributed to the decline of ancient civilizations such as 

Mesopotamia due to irrigation-induced salinization. Today, salinity affects over one billion 

hectares across more than 100 countries, with between 25% and 30% of irrigated lands 

suffering from salinity-related issues, rendering them unsuited for agriculture or commercially 

unproductive (SHAHID; ZAMAN; HENG, 2018a).  

This widespread issue poses not only environmental challenges but also economic 

ones, with annual losses estimated in the tens of billions of dollars. Saline soils contain excess 

salts that limit plant growth, while sodic soils have elevated levels of sodium, harming soil 

structure and water absorption. When both issues occur together, soils are labeled saline-sodic 

and are especially harmful. These categories are widely used by scientists and land managers 

to evaluate soil health and determine how to manage or restore affected areas (SHAHID; 

ZAMAN; HENG, 2018b). Although the basic concepts are globally recognized, the ways 

salinity is measured can differ between countries and regions (HARDIE; DOYLE, 2012). 

Climate change and unsustainable irrigation further exacerbate the spread of soil 

salinization, with projections indicating that up to 50% of arable land could be affected by 

2050 (BUTCHER et al., 2016). The effects are already alarming in Europe, where salinization 

pressures linked to both natural and anthropogenic drivers impair critical soil functions 

(DALIAKOPOULOS et al., 2016). Modern diagnostic techniques, including remote sensing, 

electromagnetic sensors, and geostatistical modeling, have enhanced the capacity to detect 

and map salinity at multiple scales, yet regional calibration and methodological harmonization 

remain necessary (SHAHID; ZAMAN; HENG, 2018a). Furthermore, salinity threatens global 

food security by limiting crop yields, particularly for sensitive species such as corn and 

soybean, and compromises progress toward several Sustainable Development Goals (SINGH, 

2022). Addressing this complex challenge requires integrated strategies encompassing 

monitoring, mitigation, and adaptation under diverse environmental conditions. 
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2.4 Soil infrared spectroscopy 

 

Infrared Spectroscopy (IRS) has gained increasing attention as a valuable tool for the 

rapid, non-destructive analysis of soil properties. Compared to traditional laboratory methods, 

IRS offers significant advantages in terms of cost, time, and environmental impact. One of its 

key strengths lies in its ability to estimate both qualitative and quantitative information 

without the need for complex sample preparation and chemical reagents, making it a safer and 

more sustainable alternative (CAPUANO; VAN RUTH, 2016). The technique operates by 

irradiating soil samples with electromagnetic radiation in the infrared range, measuring the 

energy absorbed or reflected, which is linked to molecular vibrations (PASQUINI, 2018). 

According to the Beer-Lambert law, these absorbance readings are directly related to 

the concentration of compounds within the sample. Among its various applications, near-

infrared (NIR) spectroscopy (750–2500 nm) has proven particularly useful for monitoring 

contaminants such as heavy metals in soils, sediments, and water (COZZOLINO, 2016). Its 

versatility across spectral regions – including visible (Vis), NIR, and mid-infrared (MIR) – 

has made IRS a widely used method for characterizing soil organic matter (GHOLIZADEH et 

al., 2013). Studies have also demonstrated its capacity to estimate soil texture with high 

accuracy when proper data transformation and preprocessing techniques are applied 

(JACONI; VOS; DON, 2019). Soil mineralogy, especially the identification of clay minerals, 

likewise benefited from IRS applications. Traditional approaches such as X-ray diffraction 

(XRD) are accurate but impractical for large-scale studies due to their cost and complexity. In 

contrast, visible and near-infrared reflectance spectroscopy (Vis-NIR) has emerged as a faster, 

non-destructive alternative for analyzing mineralogical patterns (FANG et al., 2018). The 

development of robust calibration models using multivariate statistical methods has enabled 

IRS to predict a wide range of soil attributes based on spectral data and standard reference 

measurements (VISCARRA ROSSEL; BEHRENS, 2010). 

Recent advances have also underscored IRS value in evaluating overall soil quality, 

particularly for agricultural decision-making. Instead of relying on multiple discrete 

laboratory tests, IRS allows for the simultaneous estimation of several physical, chemical, and 

mineralogical properties with a single spectral reading (DEMATTÊ et al., 2019a). This 

integrative approach can support a more efficient land management and even real-time 

monitoring of soil health (ASKARI; O’ROURKE; HOLDEN, 2015). IRS application to the 

speciation and quantification of adsorbed chemical compounds, such as in the analysis of 

surface complexes or contaminants, has also been validated in environmental studies 
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(VILMIN et al., 2015). The integration of machine learning techniques has further enhanced 

the predictive performance of IRS, particularly for complex datasets involving multiple 

contaminants or interacting soil variables (PYO et al., 2020). While limitations still exist, IRS 

is recognized as a reliable, scalable, and efficient method for routine soil monitoring and 

environmental assessment (SØRENSEN; DALSGAARD, 2005; ZIMMERMAN; LEIFELD; 

FUHRER, 2007). 

One of the key challenges in applying IRS to soil analysis lies in the complex and 

heterogeneous nature of soil itself. As a physical matrix composed of minerals, organic 

matter, water, and gases, soil lacks well-defined spectral features for many of its chemical 

components. Moreover, the reflectance spectrum is significantly affected by light scattering 

effects, which can obscure the relatively small absorption features related to the actual 

concentration of specific analytes (HORTA et al., 2015). As a result, the useful information 

within the spectrum – particularly for chemical quantification – is often limited and blurred 

within a noisy background signal. To overcome this, dimensionality reduction techniques and 

variable selection algorithms are employed. These approaches help identify the most 

informative wavelengths and improve the performance of calibration models used in 

chemometric analysis. 

The construction of robust calibration models is fundamental for predicting soil 

properties using IRS. A variety of linear and non-linear modeling techniques – such as partial 

least squares regression (PLSR), support vector machines, regression trees, random forests, 

and artificial neural networks – are used to correlate spectral reflectance data with laboratory 

reference measurements (SARATHJITH et al., 2016). The effectiveness of these models often 

depends on appropriate spectral preprocessing, which enhances signal quality by removing 

irrelevant noise. Common preprocessing methods include multiplicative scatter correction 

(MSC), standard normal variate (SNV), and Savitzky-Golay derivatives (GHOLIZADEH et 

al., 2015). Together, these strategies play a crucial role in maximizing the predictive power of 

IRS and ensuring its reliability across diverse soil conditions. 

 

2.5 Soil spectral libraries 

 

One of the primary challenges for the advancement of soil infrared spectroscopy is the 

limited availability of high-quality spectral and analytical data. This scarcity restricts model 

development, testing, and the exploration of novel approaches. In response, multiple 
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initiatives have emerged to create comprehensive soil spectral libraries. These repositories 

serve as essential resources that promote further research, particularly in regions where 

conventional laboratory analyses are costly or inaccessible. Notably, the Global Soil Spectral 

Calibration Library and Estimation Service provides crucial data access for developing 

nations (SHEPHERD et al., 2022). Similarly, the Brazilian Soil Spectral Library was 

developed for the same purpose and was recently expanded with thousands of MIR samples, 

offering a robust dataset for national and international studies (MENDES et al., 2022). These 

efforts highlight the development of open-access spectral libraries as keys to fostering 

inclusive, data-driven progress in soil infrared spectroscopy. 

The effectiveness of soil spectral libraries has been demonstrated in various contexts. 

In New Zealand, both Vis-NIR and MIR libraries were successfully developed and validated, 

with MIR consistently showing superior performance for predicting diverse soil properties 

(MA et al., 2023). Recent studies further exemplify the application of open datasets, such as 

the use of urban soil libraries for estimating organic carbon through data mining techniques 

(HONG et al., 2022), and the GLOBAL-LOCAL approach that leverages global Vis-NIR 

libraries to build precise local models (LUCE; ZIADI; ROSSEL, 2022). These examples 

illustrate how spectral libraries are not only instrumental for methodological innovation but 

also essential for promoting standardization and reproducibility in soil infrared spectroscopy. 
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3 INFRARED SPECTROSCOPY APPLICATIONS FOR SOIL DEGRADATION 

MONITORING: STATE-OF-THE-ART, CASE STUDIES, AND POTENTIAL 

TRAJECTORIES 

 

Abstract 

 

Soil degradation, driven by complex and interacting processes such as organic carbon 

depletion, erosion, pollution, salinity, and possibly leading to desertification, poses a critical 

threat to global food security, biodiversity, and environmental stability. Traditional 

monitoring techniques are limited by cost and logistical constraints, creating a need for 

alternative methods. Infrared spectroscopy (IRS) has emerged as a promising tool, enabling 

rapid, non-destructive, and cost-effective estimation of soil properties linked to degradation. 

This review synthesizes the state-of-the-art applications of IRS for monitoring soil 

degradation, with a special emphasis on soil carbon, pollution, salinity, and erodibility. IRS 

has demonstrated significant advances in modeling capabilities, particularly through the 

integration of machine learning approaches, as well as innovations in spectral data 

preprocessing and fusion. Applications have expanded across diverse environments, 

supported by regional and global soil spectral libraries. IRS has also shown promise in 

tracking erosion through associated soil properties, estimating potentially toxic elements and 

organic pollutants via convolutional neural networks, and predicting salinity-related 

properties through fused spectral data. Furthermore, IRS contributes to desertification studies 

by enabling early, localized assessments of soil quality decline. It is presented here case 

studies from Brazil employing Convolutional Neural Networks and Partial Least Squares 

regression models to estimate different soil attributes linked to pollution and salinity. These 

include concentrations of rare earth elements and heavy metals, as well as salinity indicators 

like electrical conductivity and exchangeable sodium percentage. Results demonstrated 

moderate to high predictive performance, reinforcing IRS’s value for monitoring efforts. The 

evolution of IRS from laboratory-based analyses to field-portable devices and satellite 

integration highlights its growing potential for environmental diagnostics. Although 

challenges persist, especially in pollution assessment and large-scale desertification 

monitoring, advances in data fusion, hybrid modeling, and open-access data position IRS as a 

key tool for future soil assessment frameworks. With greater standardization and collaborative 

efforts, IRS is positioned to support advancements in sustainable land management and 

environmental monitoring. 

 

Keywords: Soil conservation. Proximal sensing. Chemometrics. Soil monitoring. 
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APLICAÇÕES DA ESPECTROSCOPIA NO INFRAVERMELHO PARA 

MONITORAMENTO DA DEGRADAÇÃO DO SOLO: ESTADO-DA-ARTE, 

ESTUDOS DE CASO E POTENCIAIS TRAJETÓRIAS 

 

Resumo 

 

A degradação do solo, impulsionada por processos complexos e interativos como a 

depleção de carbono orgânico, erosão, poluição, salinidade e, em alguns casos, desertificação, 

representa uma ameaça crítica à segurança alimentar global, à biodiversidade e à estabilidade 

ambiental. Técnicas tradicionais de monitoramento enfrentam limitações relacionadas a 

custos e questões logísticas, evidenciando a necessidade de métodos alternativos. A 

espectroscopia no infravermelho (IRS) tem se destacado como uma ferramenta promissora, 

permitindo estimativas rápidas, não destrutivas e de baixo custo de propriedades do solo 

associadas à degradação. Esta revisão sintetiza o estado da arte das aplicações da IRS no 

monitoramento da degradação do solo, com ênfase especial no carbono, poluição, salinidade e 

erodibilidade. A IRS tem avançado significativamente em capacidade de modelagem, 

especialmente com a integração de abordagens de aprendizado de máquina, além de 

inovações no pré-processamento e fusão de dados espectrais. As aplicações têm se expandido 

em diferentes ambientes, apoiadas por bibliotecas espectrais regionais e globais. A IRS 

também tem mostrado potencial na detecção indireta da erosão por meio de propriedades do 

solo associadas, na estimativa de elementos potencialmente tóxicos e poluentes orgânicos 

usando redes neurais convolucionais, e na predição de atributos relacionados à salinidade com 

fusão espectral. Além disso, contribui com estudos de desertificação ao possibilitar avaliações 

locais e precoces da perda de qualidade do solo. Aqui são apresentados estudos de caso no 

Brasil utilizando modelos de redes neurais convolucionais e regressão por mínimos quadrados 

parciais para estimar atributos relacionados à poluição e salinidade, incluindo elementos 

terras-raras, metais pesados, condutividade elétrica e percentual de sódio trocável. Os 

resultados demonstraram desempenho preditivo moderado a alto, reforçando o valor da IRS 

para o monitoramento ambiental. A evolução da IRS de análises laboratoriais para 

dispositivos portáteis e integração com satélites evidencia seu crescente potencial para 

diagnósticos ambientais. Embora desafios persistam, sobretudo na avaliação de poluentes e 

monitoramento em larga escala da desertificação, avanços em fusão de dados, modelagem 

híbrida e dados abertos posicionam a IRS como ferramenta chave para futuras estratégias de 

avaliação do solo. Com maior padronização e esforços colaborativos, a IRS pode apoiar o 

avanço do manejo sustentável do solo e do monitoramento ambiental. 

 

Palavras-chave: Conservação do solo. Sensoriamento proximal. Quimiometria. 

Monitoramento do solo.



31 
 

 

3.1 Introduction 

Soil is a thin critical layer at the interface between living and non-living systems, 

fundamental to life on Earth and essential for human survival, yet often neglected by humans 

(KOPITTKE et al., 2024). Although it is considered one of the world’s most important natural 

resources, global soils are under threat (MONTANARELLA et al., 2016), primarily due to 

soil erosion, which can result of many degradation processes. Such processes impose a 

gradual decline in soil quality, which can lead to a decrease in food security, biodiversity, and 

the overall health of ecosystems. As a result of soil degradation and erosion processes, the 

current rate of soil loss far exceeds the formation of new soil (HORRIGAN; LAWRENCE; 

WALKER, 2002), underscoring the urgency of addressing these issues. 

In the context of soil degradation, a major concern is the loss of soil organic carbon 

(SOC), which plays a critical role in soil fertility, soil structure, and the global carbon cycle. 

Intensive agricultural practices, deforestation, and land use change can deplete SOC levels 

(STOCKMANN et al., 2015; VILLARINO et al., 2017; HADDAWAY et al., 2017), reducing 

soil productivity and contributing to increased carbon emissions. The decrease in SOC also 

alters soil water retention capacity (Rawls et al., 2003), which may lead to further degradation 

of soil quality. The soil carbon storage is also related to climate change, presenting mitigation 

potential at global scale (SOMMER; BOSSIO, 2014; SONG et al., 2018), as well as 

susceptibility for depletion as a response to the expected global effects of the phenomenon 

(XU; LIU; KIELY, 2011; ALBALADEJO et al., 2013; ZHOU et al., 2019). 

Another critical soil issue is the accumulation of potentially toxic elements (PTEs) 

such as heavy metals, which can result from industrial activities (KISKU; BARMAN; 

BHARGAVA, 2000; HAN et al., 2021), mining (JIANG et al., 2022; YUAN et al., 2023; 

ARCHUNDIA; PRADO-PANO; MOLINA-FREANER, 2024), and inputs of fertilizers and 

pesticides (SHI et al., 2024). These PTEs can reside within the soil for long periods, posing 

risks to human health and ecosystems through food chain contamination and soil toxicity 

(JIANG et al., 2020a; LUO et al., 2020). High levels of PTEs can also disrupt microbial 

communities, impairing key soil functions like nutrient cycling and organic matter 

decomposition (LIU et al., 2007; FAGNANO et al., 2020). Likewise, organic pollution can 

result from the input of fertilizers (MO et al., 2008), pesticides (ARIAS-ESTÉVEZ et al., 

2008), and industrial activities (CACHADA et al., 2012a; CACHADA et al., 2012b). The 

presence of organic pollutants further deteriorates soil health. These pollutants can 

contaminate soil and water resources, leading to the disruption of natural processes such as 
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nutrient cycling (GIANFREDA et al., 2005) and plant growth (EOM et al., 2007). Over time, 

this leads to a decline in biodiversity, both above and below ground (MANZO et al., 2008), as 

the soil becomes increasingly hostile to life. 

Soil salinity, often driven by poor irrigation practices (RENGASAMY, 2010) and 

over-extraction of groundwater (FAN et al., 2012), leads to the buildup of salts in the soil 

profile, rendering the land unsuitable for many crops (BUTCHER et al., 2016; 

DALIAKOPOULOS et al., 2016; SINGH, 2022). This process not only decreases agricultural 

productivity but also promotes desertification in arid and semi-arid regions, where vegetation 

is already sparse (AMEZKETA, 2006; HAJ-AMOR et al., 2022). Technically, desertification 

consists in the process of land degradation occurring in arid, semi-arid, and dry sub-humid 

regions, characterized by a decline in soil quality and a reduction in the overall capacity to 

support life (MARTÍNEZ-VALDERRAMA et al., 2020). This phenomenon is exacerbated by 

unplanned land use change (Bestelmeyer et al., 2015) combined with climate change (JIANG 

et al., 2019). Desertification is a major threat to food security and biodiversity and also forces 

communities to abandon degraded land (D’ODORICO et al., 2013), further stressing global 

ecosystems. 

Addressing these interconnected degradation issues requires targeted approaches in 

environmental conservation, soil restoration, and sustainable land management. Furthermore, 

to act upon these problems effectively by means of environmental conservation policies, high 

quality information on all of these degradation processes is essential (MAO et al., 2018). 

However, an effective gathering of such information is often constrained by limitations in 

large-scale soil monitoring. Traditional monitoring methods rely on extensive fieldwork and, 

most importantly, complex laboratory analyses which are mostly time-consuming and 

resource-intensive. These challenges make it difficult to acquire timely, accurate, and 

comprehensive data on soil degradation processes. 

Infrared spectroscopy (IRS) has emerged as a powerful and cost-effective alternative 

for soil analysis. Encompassing both near-infrared (NIR) and mid-infrared (MIR) 

spectroscopy, IRS facilitates a rapid and non-destructive evaluation of soil properties. Its 

greatest advantage lies in the possibility to analyze a wide array of soil attributes from a single 

measurement. However, this capability depends on the availability of reliable chemometric 

models, which need to be previously trained on enough data to support an accurate prediction. 

Over recent decades, this scenario has driven the growth of an entire field of study dedicated 

to the application of IRS for soil assessment. With ongoing advancements in IRS technology 

and the development of novel chemometric models, this method is evolving into a 



33 
 

transformative solution that can offer valuable insights into soil degradation processes. In this 

context, the present review synthesizes the state-of-the-art applications of IRS for monitoring 

soil degradation, with a special emphasis on soil carbon, pollution, salinity, and erodibility. 

 

3.2 Infrared spectroscopy for soil assessment: State-of-the-art 

The history of infrared spectroscopy (IRS) as a tool for soil assessment is rooted in the 

broader evolution of spectroscopic methods during the mid-20th century (SUTHERLAND, 

1959; THOMAS, 1991). Initially, IRS found its primary applications in general chemistry 

(GORE, 1958), in which it was used to identify molecular structures and functional groups 

through the interaction of infrared radiation with matter (STRONG, 1951; FREDERICKSON, 

1954). By the 1960s and 1970s, IRS began to be explored for soil analysis, mainly focused on 

the study of clay minerals (AHLRICHS et al., 1965; FARMER, 1968; WADA; 

GREENLAND, 1970). However, widespread adoption was limited by the technological 

boundaries of the time, which have made it difficult to collect, process, and interpret the 

complex spectral data effectively. 

A significant shift occurred along with the introduction of advanced statistical tools in 

the late 20th century (JANIK; SKJEMSTAD, 1995; PALMBORG; NORDGREN, 1996; 

GEYER; BRÜGGERMAN; HANSCHMANN, 1998), which allowed researchers to extract 

meaningful insights from spectral datasets obtained with cutting-edge equipment at that time. 

This progress opened pathways for practical applications in soil analysis and significantly 

increased the utility of the technique. Such advancements have propelled soil IRS into broader 

use, particularly through the modeling of mid-infrared and near-infrared spectra (JANIK; 

MERRY; SKJEMSTAD, 1998; MALLEY et al., 1998; REEVES; MCCARTHY; 

GESINGER, 1999; MCCARTHY et al., 2002; COZZOLINO; MORON, 2003). In the 21st 

century, there has been a sharp rise in the use of IRS for soil assessment (ZORNOZA et al., 

2008; DU; ZHOU, 2009; STENBERG et al., 2010; MAIA et al., 2022; METZGER et al., 

2024), which is also a well-defined pattern considering the general scientific output related to 

this subject for the last three decades (Figure 1). 
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Figure 1 - Combined search results count for ‘Soil Infrared Spectroscopy’ over time extracted 

from Elsevier (ScienceDirect), SpringerLink, and the Wiley Online Library. 

 

 

As of today, IRS for soil assessment is an established technique, with its most 

common practical scenarios being the estimation of soil carbon and organic matter 

(ZIMMERMAN; LEIFELD; FUHRER, 2007; BAUMANN et al., 2016; HONG et al., 2022), 

soil texture and clay contents (SØRENSEN; DALSGAARD, 2005; GHOLIZADEH et al., 

2013; TÜMSAVAŞ et al., 2019), as well as soil fertility and nutrient contents (He et al., 2007; 

ASKARI; O’ROURKE; HOLDEN, 2015; MUNAWAR; YUNUS; SATRIYO, 2020; YANG 

et al., 2020a). In addition, many studies have focused on predicting extensive sets of soil 

properties simultaneously (TINTI et al., 2015; SANTANA et al., 2018; SEYBOLD et al., 

2019; NG et al., 2022; MAMMADOV et al., 2024; METZGER et al., 2024), highlighting the 

core strength of IRS. 

Recent innovations in statistical modeling have further enhanced IRS capabilities, 

such as the application of deep learning (NG et al., 2020; BAI et al., 2023) and advanced 

variable selection algorithms (WANG et al., 2022; ABRANTES et al., 2023). Likewise, 

machine learning, coupled with spectral data fusion, have yielded high accuracy in predicting 

soil properties (XU et al., 2020; PYO et al., 2020; HONG et al., 2023a), even under complex 

field conditions (LI et al., 2024a). Convolutional neural networks trained with infrared spectra 

have also presented exceptional results for the estimation of soil properties (NG et al., 2019; 

YANG et al., 2020b; TANG et al., 2024a). Furthermore, the development of global and 
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regional soil spectral libraries, such as the Open Soil Spectral Library (VISCARRA ROSSEL 

et al., 2016; SAFANELLI et al., 2023) and the Brazilian Soil Spectral Library (DEMATTÊ et 

al., 2019), underscores the importance of standardization and accessibility in the context of 

soil IRS. These repositories enable researchers to build robust models and extend the 

applicability of the technique to diverse environmental settings and geographic regions. 

Infrared spectroscopy has the potential to play a crucial role in addressing the 

escalating issues of soil degradation. By enabling efficient, cost-effective, and non-destructive 

soil assessment, this technology supports a more efficient gathering of information on soil 

conditions, which is a key to mitigate the impacts of soil degradation. Looking ahead, 

continued advancements in IRS hold the potential to drive sustainable agricultural practices 

and environmental conservation efforts, offering a powerful tool for soil quality monitoring. 

 

3.3 Infrared spectroscopy for soil degradation monitoring 

Soil degradation is a complex phenomenon resulting from various interacting 

processes, therefore requiring holistic and timely information for effective monitoring. Large-

scale monitoring of soil degradation faces two fundamental constraints: sampling and 

laboratory analysis. Infrared spectroscopy (IRS) can offer a potential solution to the latter by 

providing faster and cost-effective estimations of soil properties (WAISER et al., 2007; 

HUTENGS et al., 2019), thereby improving the overall logistics of soil monitoring. However, 

uncertainties remain regarding the ability of IRS to predict soil properties accurately. 

Additionally, in order to investigate the possibility of IRS as a tool for monitoring soil 

degradation as a phenomenon, further work is needed to evaluate its applications on the 

distinct processes which impact soil quality and health (BARTHÈS; CHOTTE, 2020). 

Therefore, this section aims to review and synthesize the current applications of IRS for 

monitoring soil carbon, erosion, pollution, salinity, and desertification, including context, 

data, and results from our ongoing case studies. 

 

3.3.1 Carbon 

Carbon assessment in the context of soil degradation can focus on different aspects of 

soil carbon, such as soil organic carbon (SOC), soil inorganic carbon (SIC), soil carbon 

stocks, and carbon sequestration. SOC is a particularly critical indicator of soil health 

(NUNES et al., 2021) and plays a pivotal role in the overall productivity of ecosystems 

(GEORGIOU et al., 2022). Such importance has sparked the interest of improving the 

monitoring of this soil property by means of IRS (ZIMMERMAN; LEIFELD; FUHRER, 
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2007; REEVES III, 2010), an endeavor still under active progress (LI et al., 2024a; TANG et 

al., 2024b; DAI et al., 2025). SIC is also an important attribute in the context of 

environmental quality, since it contributes to almost half of terrestrial carbon stocks 

(SHARIFIFAR et al., 2023), with special regards to arid and semiarid areas. However, SIC is 

less studied than SOC and its dynamics and correlations with climate change remain still 

relatively unexplored (TAO et al., 2022). The prediction of SIC by means of IRS is often 

undertaken in combination with SOC (RIEFOLO et al., 2020; GOMEZ et al., 2020; 

WALDEN et al., 2024). However, recent studies have primarily focused on the IRS prediction 

of SIC (BAI et al., 2023; HONG et al., 2023b). 

Infrared spectroscopy for soil carbon assessment can be applied using both near-

infrared (NIR, 780–2500 nm) and mid-infrared (MIR, 2500–25,000 nm) regions. These 

spectral regions are particularly sensitive to the stretching and bending vibrations within 

specific functional groups that are rich in carbon and oxygen bonds (TINTI et al., 2015; 

VISCARRA ROSSEL; HICKS, 2015). These functional groups, including carboxyl (–

COOH), carbonyl (C=O), hydroxyl (–OH), aliphatic (C–H), and aromatic (C=C) structures, 

are essential in characterizing both SOC and SIC from infrared spectra. The vibrational modes 

of these molecules generate spectral features that allow for the quantitative and qualitative 

characterization of carbon forms in diverse soil matrices (HONG et al., 2022). These spectral 

properties enable the application of IRS to a wide range of environmental conditions, driving 

advances for more accurate and widespread soil carbon analysis. 

To provide a clear picture of recent trends, the most relevant articles from 2023 to 

2025 regarding infrared spectroscopy for soil carbon analysis were gathered, allowing for a 

systematic overview of current research. The articles were divided in six main categories by 

their core approaches and ordered by number of articles: 1. Novel algorithms and modeling 

advances; 2. Site-specific and environmental applications; 3. Soil spectral libraries and open 

datasets; 4. Laboratory innovations and in situ applications; 5. Agricultural applications; 6. 

Remote sensing and aerial imagery. A total of 48 research articles were considered, and it is 

worthy to highlight that only 5 out of 48 use MIR spectroscopy, with the overwhelming 

majority of these recent studies use NIR or Vis-NIR spectroscopy. 

The first category is related to innovations in the technologies used to process data 

generated by soil spectroscopy. Specifically, it includes recent advances in computational 

methods and data science, which enable enhancements to the accuracy and efficiency of soil 

carbon prediction. These studies focus on the development and application of sophisticated 

models and algorithms that improve spectral data interpretation, prediction performance, and 
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overall analytical robustness. The 13 research articles in this category are detailed in Table 1. 

The modeling innovation approach appears to be dominant not only for soil carbon 

spectroscopy, but for the broader advancements of the IRS technique itself. 

 

Table 1 - Infrared spectroscopy for soil carbon research articles with novel algorithms and 

modeling advancements as a core approach. 

Year 
Title Spectra Authors 

2023 

Estimation of soil inorganic carbon with visible near-infrared 

spectroscopy coupling of variable selection and deep learning 

in arid region of China 

Vis-NIR Bai et al. 

2025 
Modeling soil organic carbon content using mid-infrared 

absorbance spectra and a nonnegative MCR-ALS analysis 
MIR Borisover et al. 

2023 

Partial least square regression based machine learning models 

for soil organic carbon prediction using visible-near infrared 

spectroscopy 

Vis-NIR Das et al. 

2024 
Subsetting reduces the error of MIR spectroscopy models for 

soil organic carbon prediction in the U.S. Great Plains 
MIR Dorantes et al. 

2024a 

Optimizing soil carbon content prediction performance by 

multi-band feature fusion based on visible near-infrared 

spectroscopy 
Vis-NIR Li et al. 

2023a 

Estimation of soil organic carbon content by Vis-NIR 

spectroscopy combining feature selection algorithm and local 

regression method 
Vis-NIR Liu et al. 

2024 
Soil Organic Carbon Prediction Based on Vis-NIR Spectral 

Classification Data Using GWPCA-FCM Algorithm 
Vis-NIR Miao et al.  

2024 

Predicting Particle Size and Soil Organic Carbon of Soil 

Profiles Using VIS-NIR-SWIR Hyperspectral Imaging and 

Machine Learning Models 

Vis-NIR-

SWIR 
Oliveira et al. 

2024b 
A stacking ensemble model for predicting soil organic carbon 

content based on visible and near-infrared spectroscopy 
Vis-NIR Tang et al. 

2025 
Ensemble and transfer learning of soil inorganic carbon with 

visible near-infrared spectra 
Vis-NIR Wang et al. 

2023b 

Evaluation of data pre-processing and regression models for 

precise estimation of soil organic carbon using Vis-NIR 

spectroscopy 
Vis-NIR Wang et al. 

2023a 

Quantifying soil properties relevant to soil organic carbon 

biogeochemical cycles by infrared spectroscopy: The 

importance of compositional data analysis 
MIR Zhao et al. 

2023b 

Reducing Moisture Effects on Soil Organic Carbon Content 

Estimation in Vis-NIR Spectra With a Deep Learning 

Algorithm 

Vis-NIR Zhao et al. 
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Bai et al. (2023) coupled variable selection with deep learning to estimate SIC in arid 

regions, achieving exceptional accuracy with R² = 0.93 and RMSE = 1.26 g kg
-1

 in 

calibration, and R² = 0.92 and RMSE = 1.37 g kg
-1

 in validation, while reducing spectral 

variables by over 97%. Borisover et al. (2025) pioneered the use of nonnegative multivariate 

curve resolution with alternating least squares (MCR-ALS) for modeling SOC content from 

MIR spectra, offering a novel mechanistic perspective that better captures the underlying 

chemical processes. Das et al. (2023) optimized partial least square regression models with 

advanced machine learning techniques to improve SOC prediction, achieving significant 

improvements in accuracy through careful model selection and optimization. Dorantes et al. 

(2024) showed that strategic subsetting of soil samples can significantly reduce prediction 

errors in MIR spectroscopy models, particularly in the U.S. Great Plains region. 

Li et al. (2024a) proposed a multi-band feature fusion technique to optimize prediction 

performance by leveraging information from different spectral ranges, showing improved 

accuracy through better feature utilization. Liu et al. (2023a) combined feature selection 

algorithms with local regression methods to improve the precision of soil carbon estimation, 

achieving better results than global modeling approaches. Miao et al. (2024) introduced a 

novel method by combining geographically weighted principal component analysis with 

fuzzy c-means clustering to enhance SOC prediction, achieving remarkable results with R
2
 = 

0.83 and RPIQ = 2.95, representing 10.33% and 18% improvements respectively compared to 

unclassified modeling. Oliveira et al. (2024) integrated Vis-NIR-SWIR hyperspectral imaging 

with machine learning for simultaneous prediction of particle size and SOC content, 

demonstrating the potential of multi-property prediction from spectral data. 

Tang et al. (2024b) advanced the field by creating a stacking ensemble model that 

integrates multiple machine learning algorithms for superior prediction performance, 

demonstrating enhanced accuracy through model diversity. Wang et al. (2025) introduced an 

ensemble and transfer learning approach that enhances SIC prediction across diverse soil 

types, achieving R² = 0.81 and demonstrating superior model transfer capabilities with 

improvements of 0.05-0.21 in R² and reductions of 0.33-1.44 g kg
-1

 in RMSE compared to 

individual models. Wang et al. (2023b) provided a comprehensive evaluation of pre-

processing techniques and regression models, establishing best practices for spectral analysis 

through systematic comparison of different approaches. Zhao et al. (2023a) applied 

compositional data analysis to infrared spectroscopy, enabling more accurate quantification of 

soil properties relevant to organic carbon biogeochemical cycles through better handling of 

the compositional nature of soil data. Zhao et al. (2023b) developed a deep learning-based 
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network (MIRNet) that effectively removes moisture interference from spectral 

measurements, achieving R
2
 values of 0.92. 

This first set of articles highlights the significant strides made in advancing 

computational methods and modeling approaches for soil carbon analysis with infrared 

spectroscopy. These innovations not only enhance the precision and robustness of soil carbon 

predictions but also underscore a broader methodological evolution that is shaping the future 

of soil spectroscopy research. Notably, the integration of machine learning, ensemble models, 

and advanced data preprocessing techniques has yielded remarkable improvements in 

prediction accuracy, paving the way for more reliable and scalable applications. 

Following these methodological advancements, the next category focuses on site-

specific and environmental applications, where infrared spectroscopy is employed to assess 

soil carbon dynamics across diverse environments. This line of research is crucial, since one 

of the most important limitations for the generalized use of this technique is the lack of 

standardization considering different local environmental factors. The 11 articles listed for 

this category are detailed in Table 2. 

 

Table 2 - Infrared spectroscopy for soil carbon research articles with site-specific and 

environmental applications. 

Year Title Spectra Authors 

2024 
Can Soil Organic Carbon in Long-Term Experiments Be 

Detected Using Vis-NIR Spectroscopy? 
Vis-NIR Barbetti et al. 

2025 
Developing a near-infrared spectroscopy calibration algorithm 

for soil organic carbon content in South Africa 
NIR Cloete et al. 

2023 
Near-Infrared Spectroscopy Assessment of Soil Organic 

Carbon Stock in a Colombian Oxisol 
NIR 

Fernández-

Martínez et al. 

2024 

Establishing Visible-Near Infrared Spectroscopy for the 

Prediction of Soil Organic Carbon in Arid Croplands of 

Arequipa, Peru 

Vis-NIR Foster et al. 

2024 
Estimation of soil organic carbon content using visible and 

near-infrared spectroscopy in the Red River Delta, Vietnam 
Vis-NIR Hau et al. 

2024 
Prediction of wetland soil carbon storage based on near infrared 

hyperspectral imaging and deep learning 
NIR Jia et al. 

2024 

Advancing Soil Organic Carbon and Total Nitrogen Modelling 

in Peatlands: The Impact of Environmental Variable Resolution 

and Vis-NIR Spectroscopy Integration 

Vis-NIR Mendes et al. 
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2024 
Using visible-near infrared spectroscopy to estimate whole-

profile soil organic carbon and its fractions 
Vis-NIR Qi et al. 

2023 

Comparison of near and mid-infrared reflectance spectroscopy 

for the estimation of soil organic carbon fractions in 

Madagascar agricultural soils 

NIR/MIR 
Ramifehiarivo 

et al. 

2023 
Predicting soil carbon in granitic soils using Fourier-transform 

mid-infrared (FT-MIR) spectroscopy 
MIR Seboto et al. 

2024 

Prediction of soil organic carbon and total nitrogen affected by 

mine using Vis-NIR spectroscopy coupled with machine 

learning algorithms in calcareous soils 

Vis-NIR Zhang et al.  

 

Barbetti et al. (2024) evaluated the reliability of Vis-NIR spectroscopy in long-term 

experiments, finding that site-specific spectral libraries combined with Cubist and SVM 

models effectively detected SOC changes, with optimal performance achieved when including 

standard analyses of at least 10% of monitoring samples in the training set. In South Africa, 

Cloete et al. (2025) developed NIR spectroscopy calibration algorithms for SOC content, 

revealing that while regional-scale models showed limited accuracy, local calibration models 

for specific catchments demonstrated high accuracy (RMSE < 0.1 and RPIQ > 1.5). The study 

highlighted the importance of sample state and sampling design in model performance, and 

noted that South African samples were underrepresented in global datasets, leading to poor 

predictions using open spectral libraries. Fernández-Martínez et al. (2023) used near-infrared 

diffuse reflectance spectroscopy, combined with depth-interval sampling and geostatistical 

validation, to develop a site-specific model for estimating soil organic carbon stocks in 

Colombian oxisols, showcasing the method’s potential for cost-effective, environmentally 

focused monitoring.  

Foster et al. (2024) developed a Vis-NIR spectroscopy-based predictive model for 

monitoring soil organic carbon in arid croplands of southern Peru, innovatively integrating 

soils from contrasting traditional and newly irrigated systems into a regional spectral library 

to improve applicability across rapidly changing desert agriculture. Jia et al. (2024) combined 

NIR hyperspectral imaging with deep learning for wetland soil carbon storage prediction, 

while Zhang et al. (2024) demonstrated the effectiveness of Vis-NIR spectroscopy coupled 

with machine learning algorithms for predicting SOC in calcareous soils affected by mining 

activities. Hau et al. (2024) successfully estimated SOC content in the Red River Delta of 

Vietnam using Vis-NIR spectroscopy, while Ramifehiarivo et al. (2023) compared near and 
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mid-infrared reflectance spectroscopy for estimating SOC fractions in Madagascar 

agricultural soils.  

Mendes et al. (2023) demonstrated that combining Vis-NIR spectroscopy with high-

resolution LiDAR-derived and medium-resolution SRTM-derived digital elevation models 

(DEMs) improved the prediction of SOC and total nitrogen in peatlands, highlighting the 

relevance of integrating local environmental factors to enhance model accuracy across 

heterogeneous landscapes. Qi et al. (2024), developed approaches for estimating whole-

profile SOC and its fractions using visible-near infrared spectroscopy. Meanwhile, Seboto et 

al. (2023) successfully predicted soil carbon in granitic soils using Fourier-transform MIR 

spectroscopy. These studies highlight the potential of infrared spectroscopy for 

comprehensive soil carbon assessment across diverse environmental contexts, as well as 

different soil types and depths. However, they also emphasize the importance of considering 

local soil characteristics and environmental conditions when developing calibration models, 

which can be considered the current main constraint for the generalization of this technique. 

Shifting to the next category, soil spectral libraries and open datasets are fundamental 

resources for advancing and supporting the broader adoption of IRS for soil assessment. 

These libraries provide standardized, high-quality reference spectra linked to measured soil 

properties, enabling the development of robust calibration models and facilitating data sharing 

across regions and research initiatives. The availability of these open datasets enhances 

reproducibility, accelerates methodological innovation, and lowers barriers for researchers 

and practitioners working in data-scarce regions. The following set of 7 articles (Table 3) 

highlights key efforts in the application of soil spectral libraries and open-access data in 

support of sustainable land management and soil monitoring efforts. 

 

Table 3 - Infrared spectroscopy for soil carbon research articles with soil spectral libraries 

and open datasets applications. 

Year Title Spectra Authors 

2024 
Soil organic carbon and total nitrogen multivariate modelling 

from diverse FT-NIR spectral dataset 
NIR Adejumo et al. 

2024 
Quantification of soil organic carbon in particle size fractions 

using a near-infrared spectral library in West Africa 
NIR Cambou et al. 

2025 

Prediction of soil organic carbon fractions in tropical 

cropland using a regional visible and near-infrared spectral 

library and machine learning 

Vis-NIR Dai et al. 
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2023 
Prediction of Soil Organic Carbon Contents in Tibet Using a 

Visible Near-Infrared Spectral Library 
Vis-NIR Jia et al. 

2024a 

Estimation of soil organic carbon in LUCAS soil database 

using Vis-NIR spectroscopy based on hybrid kernel Gaussian 

process regression 

Vis-NIR Liu et al. 

2023 

Improved Soil Organic Carbon Prediction in a Forest Area by 

Near-Infrared Spectroscopy Spiking of a Soil Spectral 

Library 

NIR Long et al. 

2024 

Organic carbon estimation in a regional soil Vis-NIR 

database supported by unsupervised learning and 

chemometrics techniques 

Vis-NIR Miloń et al.  

 

Adejumo et al. (2024) leveraged a diverse Fourier Transform NIR spectral dataset to 

develop robust multivariate models for SOC and total nitrogen prediction, highlighting the 

value of comprehensive spectral databases. Cambou et al. (2024) used an existing NIR 

spectral library comprised of West African soils with 181 samples from five countries, 

enabling accurate quantification of SOC in particle size fractions from 94 target samples, 

demonstrating the importance of region-specific spectral librarires. Dai et al. (2025) utilized a 

regional Vis-NIR spectral library, successfully predicting SOC fractions while testing 

different machine learning approaches, also showcasing the potential of regionally calibrated 

spectral databases. 

Jia et al. (2023) leveraged a dedicated Vis-NIR spectral library for Tibetan soils, 

further demonstrating how region-specific libraries can enhance prediction accuracy in unique 

environments. Liu et al. (2024a) innovatively combined the LUCAS soil database with a 

hybrid kernel Gaussian process regression to improve SOC estimation, showcasing the 

potential of integrating large-scale soil databases with novel modeling techniques. Long et al. 

(2023) demonstrated the effectiveness of spiking existing spectral libraries with local samples, 

a strategy that significantly improved SOC prediction accuracy in forest areas and highlighted 

the importance of local calibration in spectral databases. Novel computational methods have 

shown potential to enhance the utility of soil spectral libraries. Miloń et al. (2024) leveraged a 

comprehensive regional soil Vis-NIR database from Croatia, building models with an 

approach that combines unsupervised learning with chemometrics, demonstrating how 

advanced analytical methods can maximize the value of spectral libraries.  

These studies collectively illustrate the growing importance of well-curated soil 

spectral libraries and open datasets in SOC prediction, with particular emphasis on the need 
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for region-specific calibration and the integration of advanced computational techniques to 

extract maximum value from these databases. 

The next category explores recent advances in laboratory methodologies and in situ 

field applications of infrared spectroscopy. These approaches are pushing the boundaries of 

how infrared spectroscopy is applied. Innovations such as new sample preparations and 

portable spectroscopy technologies have enhanced the efficiency of soil properties prediction 

both in controlled settings and directly in the field. In the case of field measurements, real-

time decision-making is enabled, reducing reliance on costly laboratory infrastructure and 

expanding the accessibility of soil diagnostics to a wider range of users. Table 4 presents the 6 

listed articles that illustrate these approaches. 

 

Table 4 - Infrared spectroscopy for soil carbon research articles with laboratory innovations 

and in situ applications. 

Year Title Spectra Authors 

2025 
Soil organic carbon measurements influence FT-NIR model 

training in calcareous soils of Saskatchewan 
NIR Adejumo et al. 

2024 
In-situ prediction of soil organic carbon contents in wheat-

rice rotation fields via visible near-infrared spectroscopy 
Vis-NIR Dai et al. 

2023 

Large-scale measurement of soil organic carbon using 

compact near-infrared spectrophotometers effect of soil 

sample preparation and the use of local modelling 

NIR Fonseca et al. 

2024b 
Micro-Near-Infrared (Micro-NIR) sensor for predicting 

organic carbon and clay contents in agricultural soil 
NIR Liu et al. 

2023 
On-the-Go Vis-NIR Spectroscopy for Field-Scale Spatial-

Temporal Monitoring of Soil Organic Carbon 
Vis-NIR Reyes et al. 

2025 

Combining temperature ramp dry combustion and mid-

infrared spectroscopy for enhanced soil organic carbon 

characterisation 

MIR Walden et al.  

 

Adejumo et al. (2025) investigated the influence of different SOC measurement 

methods on Fourier Transform NIR model prediction performance in calcareous soils, 

revealing that the choice of reference method significantly impacts model accuracy and 

calibration transfer. Their work highlights the importance of method standardization for 

reliable spectroscopic predictions specific for high-pH soils. Dai et al. (2024) developed an 

innovative in situ approach for SOC prediction in wheat-rice rotation fields using Vis-NIR 



44 
 

spectroscopy, achieving promising results without sample preparation, which represents a 

significant advancement in field-scale monitoring capabilities. 

The development of portable and compact spectroscopic solutions has expanded the 

possibilities for large-scale SOC assessment. Fonseca et al. (2023) demonstrated the 

effectiveness of compact NIR spectrophotometers for large-scale SOC measurement, with 

their study showing that local modeling approaches can overcome the limitations of portable 

instruments. Liu et al. (2024b) introduced a novel micro-NIR sensor application for 

simultaneous prediction of SOC and clay contents, offering a cost-effective solution for 

agricultural soil characterization. Their work represents a significant step forward in 

miniaturized sensor technology for soil analysis. 

Field-scale monitoring and enhanced characterization methods have also seen notable 

improvements. Reyes et al. (2023) implemented an on-the-go Vis-NIR spectroscopy system 

for spatial-temporal monitoring of SOC, providing valuable insights into the dynamics of soil 

carbon at the field scale. Their approach demonstrates the potential for real-time, high-

resolution soil mapping. In the context of laboratory advancements, Walden et al. (2025) 

presented an innovative combination of temperature ramp dry combustion with mid-infrared 

spectroscopy, offering enhanced characterization of SOC through the integration of thermal 

and spectral analysis. Collectively, these studies underscore the rapid progress in both 

laboratory and field-based spectroscopic techniques, paving the way for more accurate, 

efficient, and scalable soil carbon assessment.  

The next category explores the integration of remote sensing with infrared 

spectroscopy, which is opening new possibilities for large-scale soil monitoring. By 

leveraging data from satellites, drones, and other aerial platforms, the reach of infrared 

spectroscopy can be extended beyond point-based measurements to be combined with 

spatially continuous assessments of soil properties. This combination enhances the ability to 

detect variability across fields and regions, supports precision agriculture, and contributes to 

informed land management and conservation practices. Table 5 features 6 articles that 

demonstrate how remote sensing technologies, when paired with spectral data, are being 

applied to map and monitor soils at broader spatial scales. 

 

Table 5 - Infrared spectroscopy for soil carbon research articles with remote sensing and 

aerial imagery applications. 

Year Title Spectra Authors 

2023 Predicting soil organic carbon in cultivated land across Vis-NIR Bao et al. 
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geographical and spatial scales Integrating Sentinel-2A and 

laboratory Vis-NIR spectra 

2023 
Estimate of carbon stock in the soil via diffuse reflectance 

spectroscopy (vis/nir), air and orbital remote sensing 
Vis-NIR Faria et al. 

2023b 
Prediction of soil organic carbon in soil profiles based on 

visible-near-infrared hyperspectral imaging spectroscopy 
Vis-NIR Liu et al. 

2024 
Visible, near-infrared, and shortwave-infrared spectra as an 

input variable for digital mapping of soil organic carbon 

Vis-NIR-

SWIR 
Khosravi et al.  

2024 

Rapid Analysis of Soil Organic Carbon in Agricultural Lands 

Potential of Integrated Image Processing and Infrared 

Spectroscopy 

Vis-NIR 
Senevirathne et 

al. 

2023a 

Using Machine-Learning Algorithms to Predict Soil Organic 

Carbon Content from Combined Remote Sensing Imagery 

and Laboratory Vis-NIR Spectral Datasets 

Vis-NIR Zayani et al. 

 

Bao et al. (2023) demonstrated the effectiveness of integrating Sentinel-2A satellite 

imagery with laboratory Vis-NIR spectra for predicting SOC across different geographical 

scales, highlighting the potential of combining remote sensing data with ground-based 

measurements. Similarly, Faria et al. (2023) showed that combining diffuse reflectance 

spectroscopy with aerial and orbital remote sensing can effectively estimate soil carbon 

stocks, providing a more efficient alternative to traditional laboratory methods. The 

integration of machine learning with remote sensing data has opened new possibilities for 

SOC prediction. Zayani et al. (2023a) developed a novel approach using machine learning 

algorithms to predict SOC content by combining remote sensing imagery with laboratory Vis-

NIR spectral datasets, achieving high accuracy in their predictions. Liu et al. (2023b) further 

advanced this field by implementing Vis-NIR hyperspectral imaging spectroscopy for SOC 

prediction in soil profiles, demonstrating the potential of this technology for detailed soil 

characterization. 

Recent innovations have also explored the combination of multiple spectral ranges for 

enhanced SOC mapping. Senevirathne et al. (2024) demonstrated the potential of integrated 

image processing and infrared spectroscopy for rapid analysis of SOC in agricultural lands, 

while Khosravi et al. (2024) proposed a novel methodology using visible, near-infrared, and 

shortwave-infrared (Vis-NIR-SWIR) spectra for digital mapping of SOC, showing that 

interpolated spectra combined with environmental predictor covariates can significantly 

improve mapping accuracy and reduce uncertainty in SOC predictions. Together, these 
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studies underscore the growing synergy between remote sensing, spectral technologies, and 

data-driven approaches, paving the way for more scalable, accurate, and cost-effective 

monitoring of soil organic carbon across diverse landscapes. 

Moving on to the last category, it is important to note that soil carbon plays a critical 

role in maintaining soil fertility, structure, and overall productivity, all of which are essential 

for sustainable agriculture. The ability to rapidly and accurately assess soil carbon through 

infrared spectroscopy offers immense potential to inform precision agriculture practices, 

optimize soil management strategies, and ultimately improve crop yields while supporting 

environmental sustainability. Therefore, the following set of 5 articles (Table 6) demonstrates 

how infrared spectroscopy is being applied within agricultural contexts. 

 

Table 6 - Infrared spectroscopy for soil carbon research articles with agricultural applications. 

Year Title Spectra Authors 

2025 
Prediction of soil organic carbon stock along layers and profiles 

using Vis-NIR laboratory spectroscopy 
Vis-NIR 

Dharumarajan 

et al. 

2024 

Monitoring Land Management Practices Using Vis-NIR 

Spectroscopy Provides Insights into Predicting Soil Organic 

Carbon and Limestone Levels in Agricultural Plots 

Vis-NIR 
Herranz-Luque 

et al. 

2024 

Development of near-infrared spectroscopy (NIRS) for 

estimating organic matter total carbon and total nitrogen in 

agricultural soil 

NIR Santasup et al. 

2023 
Detecting the temporal trend of cultivated soil organic carbon 

content using visible near infrared spectroscopy 
Vis-NIR Zayani et al. 

2024 
VIS-NIR spectroscopy and environmental factors coupled with 

PLSR models to predict soil organic carbon and nitrogen 
Vis-NIR Zhu et al.  

 

All of these articles explore applications of soil infrared spectroscopy for soil carbon 

prediction in a given agricultural context. Dharumarajan et al. (2025) demonstrated the 

effectiveness of Vis-NIR spectroscopy in predicting soil organic carbon stocks across 

different soil layers, aiming to offer farmers a non-destructive method to assess soil health. 

Herranz-Luque et al. (2024) showed how Vis-NIR can monitor the impact of different 

agricultural practices on soil organic carbon and limestone levels, providing crucial feedback 

for sustainable farming. Santasup et al. (2024) developed a rapid NIRS method for estimating 

soil organic matter, carbon, and nitrogen, enabling farmers to quickly assess soil fertility.  
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Zayani et al. (2023b) tracked soil carbon changes over five years in a French 

agricultural catchment, demonstrating the long-term monitoring capabilities of Vis-NIR for 

sustainable agriculture. Finally, Zhu et al. (2024) enhanced soil property predictions by 

combining Vis-NIR with environmental factors and PLSR models, providing a 

comprehensive approach to soil analysis that considers both spectral data and environmental 

conditions. These studies collectively demonstrate how spectroscopy is transforming soil 

analysis in agriculture, offering an alternative for monitoring soil health and guiding 

agricultural practices. 

Infrared spectroscopy has shown strong potential as a rapid, cost-effective, and 

scalable method for assessing soil carbon – particularly SOC, which is a key indicator of soil 

health and degradation. Recent advances in modeling techniques, site-specific and 

environmental insights, field applications, spectral library development, and integration with 

remote sensing hold the potential to improve the accuracy and applicability of IRS across 

diverse scenarios. While challenges such as standardization and regional calibration persist, 

the growing body of research demonstrates that IRS is moving beyond experimental stages 

and into practical use for soil carbon monitoring. 

Altogether, the reviewed studies in this section highlight a methodological evolution 

that is transforming how SOC is quantified, from traditional laboratory-based analyses to non-

destructive methods, as well as portable sensors for in situ measurements, and large-scale 

spatial assessments. This progress underscores IRS as a valuable tool in efforts to better 

understand and manage soil carbon dynamics. With its expanding capabilities, IRS is well 

positioned to support sustainable land management and long-term soil monitoring. 

 

3.3.2 Pollution 

Inputs of hazardous chemicals on the soil matrix can raise several problems in regard 

of environmental quality. These inputs can be comprised of both organic contaminants and 

potentially toxic elements (PTEs). Organic contaminants in the soil, such as polycyclic 

aromatic hydrocarbons (PHAs), polychlorinated biphenyls (PCBs), organochlorine pesticides 

(OCPs), among others, are mostly a direct result of industrialization in both urban and rural 

areas (Sun et al., 2018). The presence of these compounds in the soil has been an object of 

intensive research in the pursuit of better management of soil quality (DUARTE; MATOS; 

SENESI, 2018), since they contribute significantly to the degradation of soil quality (Manzo 

et al., 2008). Organic pollutants in soil interferes with essential natural processes like nutrient 

cycling (GIANFREDA et al., 2005) and plant development (EOM et al., 2007), leading to an 
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overall decline in biodiversity. Monitoring the presence of organic contaminants presents 

challenges similar to those found for PTEs, and recent approaches aim for the use of IRS for 

the prediction of such compounds, mostly for petroleum contaminated soils (NG et al., 2017; 

DOUGLAS et al., 2018; KARIMIAN et al., 2024) using both vis-NIR and MIR spectroscopy. 

Potentially toxic elements (PTEs) are metals and metalloids that can harm organisms 

and ecosystems, especially when present at elevated concentrations in the soil. High levels of 

these elements, such as heavy metals and rare earth elements, can lead to detrimental effects 

on agriculture and human health (KHAN et al., 2021). Moreover, the persistence of these 

contaminants in the soil complicates remediation efforts, as many PTEs do not easily degrade 

or leach out, leading to long-term environmental and health risks (HAN et al., 2021). In 

addition to their environmental persistence and toxicity, PTEs are significant because of their 

complex interactions with soil components, which influence their mobility, bioavailability, 

and potential for plant uptake. These interactions are governed by factors such as pH, redox 

conditions, organic matter content, and mineralogy, making their behavior highly site-

specific. Given the problematic nature of these elements, monitoring their contents in the soil 

is a task of utmost importance, especially for accurate risk assessment and the development of 

effective management and remediation strategies. 

Recent advances highlight the role of innovative machine learning and artificial 

intelligence approaches to identify sources, characterize, and quantify soil PTEs (GAUTAM 

et al., 2023). In contrast to organic contaminants, PTEs have been mainstream targets for IRS 

prediction approaches (SHI et al., 2014; GHOLIZADEH et al., 2020; NAWAR et al., 2020; 

KÄSTNER et al., 2022; MAIA et al., 2022). However, the prediction of soil PTEs by IRS is 

marked by a lack of standardization and its effectiveness is very relative to local 

characteristics of the study areas, such as environmental heterogeneity, soil-specific attributes, 

and sampling size. 

In this context, we have gathered a dataset consisting of 292 samples (Figure 2) 

containing elemental concentrations of Ce, La, Nd, Pr, Sm, Co, Cr, Ni, Pb, and Zn, as well as 

their near-infrared (NIR) spectra (1000 – 2500 nm). This dataset is comprised of samples 

obtained from different locations in the States of Pernambuco, Rio Grande do Norte, and 

Piauí, in the northeast of Brazil. The concentrations of the elements were obtained by open 

acid digestion using nitric, hydrochloric, perchloric, and hydrofluoric acids, followed by 

analysis with inductively coupled plasma optical emission spectroscopy (ICP-OES). The 

near-infrared spectra were measured with an FT-IR/NIR spectrometer (Frontier/PerkinElmer) 

coupled with a Near-Infrared Reflectance Accessory (NIRA), using a 2-nm resolution and a 
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0.5-nm window, with multiple accumulations per sample to ensure representativeness. The 

approach here was to compare the performance of a Convolutional Neural Network (CNN) 

with the classical Partial Least Squares regression (PLSR) in the prediction of the elemental 

concentrations. Both CNN and PLSR are well-established algorithms in scientific research 

(GARTHWAITE, 1994; FALEH; KACHOURI, 2023). 

 

Figure 2 - Overview of the pollution sample set: a) Near-infrared spectra; b) Spearman 

correlation matrix between the elemental concentrations; c) Principal component analysis 

biplot. 

 

 

The data were divided into an 80% training subset (n = 233) and a 20% validation 

subset (n = 59). All data handling – including loading, cleaning, transforming, splitting, and 

processing – were conducted with Python (version 3.11.0) using the libraries ‘pandas’ 

(version 1.5.3) and ‘scikit-learn’ (version 1.2.2). Spectral preprocessing was applied with the 

Savitzky-Golay second‑derivative filter to smooth the NIR spectra by attenuating 

high‑frequency noise, correcting baseline drift, and highlighting spectral features 

(SAVITZKY; GOLAY, 1964). The preprocessed spectra were used only for the PLS models. 

For each soil attribute, a PLS regression model was tuned via a grid-search over 2-10 number 
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of components and 10‑fold cross‑validation; the optimal model was then calibrated with the 

training set and tested on the validation set, ultimately generating the prediction performance 

metrics (Table 7). 

A Convolutional Neural Network (CNN) was employed to leverage deep learning for 

the prediction. CNNs are particularly well-suited for handling multidimensional data 

structures through the convolution operation, where a filter or kernel moves across the input 

array and performs pointwise multiplications summed into a single output value (Padarian et 

al., 2019). While an individual convolutional layer can detect simple patterns, stacking 

multiple layers enables the network to learn increasingly abstract and intricate features 

(LECUN; BENGIO, 1995). CNNs are commonly used for data with image-like structures 

(PANDEY; JAIN, 2022; THAKUR et al., 2023). However, infrared spectra can be interpreted 

as a one-dimensional image (CHAKRAVARTULA et al., 2022; SHANG et al., 2023). 

Previous studies have shown that CNNs can predict multiple soil properties from infrared 

spectral data with high accuracy (NG et al., 2019). 

In this work, we adopted a CNN architecture based on depthwise separable 

convolutions (Appendix A), as suggested by Yang et al. (2020b). This design was optimized 

for efficiently capturing both localized and abstract patterns in raw data. The network was fed 

with the training sample set using the ‘adam’ optimization algorithm (KINGMA; BA, 2015; 

REDDI; KALE; KUMAR, 2018), with a default learning rate of 0.001 and no weight decay 

applied. Training ran for 200 epochs with a batch size of 5. Then, the trained networks were 

tested with the validation sample set, generating the prediction performance metrics (Table 7). 

The implementation was done in Python using the ‘keras’ module from the TensorFlow 

framework (version 2.12.0rc0).  

 

Table 7 - Prediction performance metrics with CNN and PLSR for each potentially toxic 

element. 

 
Ce La Nd Pr Sm Co Cr Ni Pb Zn 

           

 CNN 

RMSE 34.65 13.41 8.64 4.94 2.14 3.28 19.51 6.42 8.29 14.34 

R² 0.57 0.67 0.52 0.33 0.60 0.36 -0.01 0.42 0.50 0.54 

RPD 1.52 1.77 1.48 1.23 1.59 1.32 1.00 1.43 1.45 1.51 
           

 PLSR 

RMSE 34.30 15.01 9.28 4.79 2.44 3.57 18.67 5.95 8.69 16.04 

R² 0.58 0.58 0.45 0.37 0.48 0.23 0.07 0.50 0.45 0.42 

RPD 1.56 1.56 1.35 1.28 1.42 1.16 1.05 1.42 1.36 1.32 
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CNN Convolutional neural network; PLSR Partial least squares regression; RMSE Root mean squared error; R² 

Coefficient of determination; RPD Ratio of prediction to deviation 

 

The performance results reveal that both modeling approaches achieved comparable 

predictive performance across the evaluated elements, though with varying degrees of success 

depending on the specific variable. The best prediction amongst all elements was for La using 

CNN (Figure 3), achieving R² and RPD values of 0.67 and 1.77, respectively. The CNN 

slightly outperformed PLSR for most elements, as evidenced by lower RMSE and higher R² 

and RPD values, particularly for La, Nd, Sm, Pb, and Zn. However, for some elements such 

as Ce and Ni, both models demonstrated similar levels of predictive accuracy, with R² values 

around 0.42-0.58 and RPDs over 1.4, indicating moderate reliability. The predicted versus 

measured scatter plots for all elements can be found in Appendix B. 

 

Figure 3 - Predicted versus measured scatter plots for Lanthanum using both Convolutional 

Neural Network (CNN) and Partial Least Squares regression (PLSR). 

 

 

Notably, predictions for Pr, Co, and Cr were poor with both approaches (Table 7), as 

reflected by R² values below 0.50 and RPDs below 1.4, suggesting that the models struggled 

to capture the relevant spectral features for these elements, especially for Cr, which achieved 

near-zero R² values and RPD of 1. These findings align with previous research indicating that 

model performance is element-specific and often constrained by the inherent spectral 

sensitivity to particular soil properties (VISCARRA ROSSEL; WEBSTER, 2012). Overall, 

while CNN showed a slight advantage in handling the raw spectral data without 
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preprocessing, the PLSR models combined with Savitzky-Golay spectral preprocessing 

remained competitive in this scenario. 

The Spearman correlation matrix for the elements (Figure 2b) underscores strong 

collinearity among the rare earth elements (Ce, La, Nd, Pr, Sm), with correlation coefficients 

ranging from 0.82 to 0.98, demonstrating their high covariance in the studied soils. This 

multicollinearity may have contributed to the superior predictive success observed for these 

elements, as spectral features related to one may indirectly assist in the prediction of others. In 

addition, Pr demonstrated the lowest correlations with Ce, La, and Sm among all REEs, and 

also the poorest prediction performance, further strengthening the perspective that 

performance improvement is relative to a higher covariance. 

On the other hand, transition metals such as Co, Cr, and Ni showed low correlations 

with REEs and moderate correlations among themselves, hinting at distinct geochemical 

features that may not be well expressed in the spectral data, further explaining the limited 

model performance for these elements, especially for Co and Cr. Furthermore, Zn and Pb 

occupied an intermediate position. Zn exhibited moderate correlations with all REEs and 

transition metals, possibly reflecting shared geochemical features or indirect associations with 

spectrally active soil components, while Pb showed weak correlations with most elements 

except for Zn, indicating a more independent behavior potentially linked to distinct inputs or 

processes. 

The PCA biplot (Figure 2c) reveals that the first two principal components explain a 

substantial portion of the variance in the dataset (PC1 = 53.4%; PC2 = 21.2%). The strong 

loading of REEs along PC1 aligns with their high correlations and suggests they share similar 

variance structures, likely related to soil geochemistry. The transition metals Co, Ni, Cr, and 

Zn load more heavily along PC2, demonstrating a separation from REEs in the multivariate 

space. This suggests that different geochemical processes or soil fractions control the 

distribution of these elements, which may not be fully captured by the spectral signatures used 

by the models. Meanwhile, Pb exhibited a more diffuse loading with a lower impact on both 

PC1 and PC2, reinforcing its complex and partially independent variance structure. Overall, 

these visualizations corroborate and refine the interpretation that prediction success depends 

heavily on the degree to which soil elemental concentrations are spectrally expressed and how 

they correlate with other features detectable by NIR spectroscopy. 

Although the predictions for most potentially toxic elements in this study showed 

limited accuracy, the results suggest a hopeful future. With expected improvements in both 

spectral technology and data analysis algorithms, predicting these elements more accurately 
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will likely become more feasible. Thus, as sensors get better and models become more 

advanced, it will be possible to estimate contents of challenging pollutants from infrared 

spectral data more reliably. This progress could significantly assist environmental monitoring 

by allowing faster and non-destructive detection of soil contamination, supporting better 

pollution control across different ecosystems.  

 

3.3.3 Erosion 

The current global rate of soil erosion far exceeds the natural rate of soil formation 

(WUEPPER et al., 2019), posing a significant threat to food security and overall ecosystem 

productivity (QUINTON et al., 2010). Soil erosion is a natural geomorphological process, but 

its importance lies in its occurrence as a consequence of land degradation, which leads to the 

loss of fertile soil and the deposition of sediments in water bodies, reducing water quality. 

Since soil erosion is a long-established and studied process, there are only highly specific 

advances to add to its existing body of knowledge. However, there is a pressing need for 

research into innovative techniques and strategies for monitoring and preventing this process 

(POESEN, 2017). Recent studies analyzing the current state of soil erosion modeling 

(BATISTA et al., 2019; BORRELLI et al., 2021) highlight the perspective that significant 

contributions can still be made to this field, especially through innovation in technology and 

statistics. 

In the context of IRS applied to soil erosion monitoring, most studies have been 

focusing on the prediction of soil properties that correlate with erosion (CONFORTI et al., 

2013; ELLERBROCK; GERKE; DEUMLICH, 2016), mainly soil organic matter. Further 

within the scope of monitoring, approaches that combine IRS with remote sensing and 

satellite imagery analysis are also common (TENG et al., 2016), aiming to achieve large-scale 

solutions that are less dependent on field and laboratory work. Applications of IRS can also 

be found for sediment tracing and channel erosion monitoring (NI et al., 2019; TIECHER et 

al., 2016; XIONG et al., 2024). In this context, IRS is being used as a diagnosis tool for 

negative outcomes. Sediment deposition in water bodies is a direct consequence of soil 

erosion, and the improvement of its monitoring is also a pressing issue. 

Nonetheless, new approaches are currently exploring the direct application of IRS to 

estimate soil erodibility (WANG et al., 2016; JIANG et al., 2020b; SALEHI-

VARNOUSFADERANI et al., 2022), which is an intrinsic soil property that represents its 

susceptibility to erosion. A recent study by Teixeira et al. (2023) demonstrated the viability of 

using near-infrared spectroscopy (NIR) to predict soil erodibility indices in a watershed 
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undergoing desertification in Brazil. By analyzing spectral data from 214 soil samples and 

applying partial least squares regression (PLSR), the authors achieved acceptable levels of 

prediction for the K (K-factor), Ki, and Kr indices, with R² values ranging from 0.49 to 0.61 

and ratio of prediction to deviation (RPD) values above 1.4. The study highlighted the 

potential of NIR as a low-cost, rapid alternative to conventional methods for assessing soil 

erodibility, enabling estimated inputs for models such as the USLE and RUSLE. Adding soil 

erodibility to the array of properties that can be predicted in a single IRS measurement could 

greatly enhance the efficiency of soil degradation monitoring for both quality and frequency 

of data collection. 

Given the current scarcity regarding efforts for the prediction of erosion-specific soil 

properties by means of infrared spectroscopy, a dataset was gathered (Figure 4) consisting of 

203 samples from the states of Paraíba and Piauí. The data is comprised of absolute particle 

size distribution (clay, silt, and sand %), organic matter content (OM, g kg
-1

), and the soil 

erodibility factor (Kf, 10
-3

 t h MJ
-1

 mm
-1

). The erodibility factor (Kf) estimates the rate of soil 

loss per unit of rainfall erosion, and was obtained following the USLE model definition 

(OSTOVARI et al., 2016), which incorporates soil texture, permeability, aggregate 

distribution, and organic matter content. 

In addition to the soil properties, near-infrared (NIR) reflectance spectra (1000 – 2500 

nm) were measured for all samples (Figure 4a). This spectral data was obtained with an FT-

IR/NIR spectrometer (Frontier/PerkinElmer) coupled with a Near-Infrared Reflectance 

Accessory (NIRA), using a 2-nm resolution and a 0.5-nm window, with multiple 

accumulations per sample to ensure representativeness. Spearman correlation and principal 

component analyses were run with the soil properties to disclose relationship between the 

variables. The spectral data was used to build prediction models for all available soil 

properties (Kf, OM, Clay, Silt, and Sand), focusing on whether it is possible to estimate the 

soil erodibility factor (Kf) from spectral data. In a similar approach as the previous topic, it 

employed both Convolutional Neural Networks (CNN) and Partial Least Squares regression 

(PLSR) models.  

Following a similar approach as in the previous section, the dataset was split into a 

training subset (80%, n = 162) and a validation subset (20%, n = 41). Spectral preprocessing 

was performed using a Savitzky-Golay second-derivative filter to smooth the NIR spectra. 

These preprocessed spectra were exclusively used for the PLSR models. For each soil 

property, a PLSR model was optimized through a grid search over 2 to 10 components using 

10-fold cross-validation; the best-performing model was then fitted to the training set and 
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evaluated with the validation set, producing the PLSR prediction performance metrics (Table 

8). A Convolutional Neural Network (CNN) was also applied using the same methodology 

described in the previous section. The trained CNN models were evaluated on the validation 

set, resulting in the CNN prediction performance metrics. 

 

Figure 4 - Overview of the erodibility sample set: a) Near-infrared spectra; b) Spearman 

correlation matrix between the soil properties; c) Principal component analysis biplot. 

 

 

The correlation matrix and PCA biplot revealed some relationships between the 

erodibility factor and the other soil properties. Kf shows a moderate positive correlation with 

silt and organic matter, and a weak negative correlation with sand content, suggesting that 

finer textures and higher organic content increase soil erodibility within this dataset. Although 

this result may appear counterintuitive, given that organic matter and higher clay contents 

typically enhances soil aggregation and resistance to erosion, it likely reflects the specific 

nature of the studied soils, shaped by local parent materials, weathering conditions, and land 

use. These patterns are reinforced in the PCA biplot, where Kf and OM vectors align closely 

at the positive section of PC2, while the particle size distribution unsurprisingly demonstrates 

clay and silt opposing the sand vector mostly at the PC1. 
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Table 8 - Prediction performance metrics with CNN and PLSR for all soil properties. 

  

  

Kf OM Clay Silt Sand 

  

CNN 

RMSE 6.33 0.33 5.34 9.07 13.95 

  R² 0.73 0.55 0.35 0.48 0.42 

  RPD 1.99 1.55 1.24 1.39 1.31 

  

PLSR 

RMSE 7.32 0.38 4.94 9.88 14.70 

  R² 0.63 0.39 0.44 0.38 0.36 

  RPD 1.66 1.28 1.34 1.27 1.25 

CNN Convolutional neural network, PLSR Partial least squares regression, RMSE Root mean squared error, R² 

Coefficient of determination, RPD Ratio of prediction to deviation, Kf Erodibility factor, OM Organic matter 
 

In this study, both PLSR and CNN models achieved promising results in predicting the 

soil erodibility factor (Kf) (Figure 5), with the CNN model outperforming PLSR across all 

evaluated properties except clay (Figure 6). Notably, the CNN model yielded an R² of 0.73 

and an RPD of 1.99 for Kf (Table 8), surpassing the commonly accepted thresholds of R² > 

0.70 and RPD > 1.4 for reliable predictions. These values suggest that the CNN model is 

capable of reproducing the Kf values with reasonable accuracy. The improved prediction of 

Kf using CNN aligns with the observed correlations between Kf, OM, and silt, reflecting the 

model’s ability to capture subtle spectral signals associated with soil composition and 

structure, since organic matter and fine particles play a prominent role in determining 

erodibility. 

 

Figure 5 - Predicted versus measured plots for K (soil erodibility factor). 
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The predictive performance for organic matter (OM) further confirms the effectiveness 

of CNN models in leveraging infrared spectral data to assess key soil quality indicators. While 

PLSR achieved a weak prediction for OM (R² = 0.39, RPD = 1.28), CNN improved these 

metrics to R² = 0.55 and RPD = 1.55, crossing the desirable RPD threshold. This 

enhancement suggests that CNNs are particularly adept at modeling the nonlinear 

relationships and complex interactions often found in spectral datasets. Given that OM can be 

an indicator of soil resilience to erosion, the reasonable performance of CNN models in 

predicting OM also reinforces their value in indirect erosion risk assessment. It is worth 

noting that OM and Kf were also positively associated in the correlation matrix and aligned in 

the PCA biplot, reflecting a common spectral signal that the CNN model has probably 

captured to predict both variables with reasonable accuracy. 

 

Figure 6 - Predicted versus measured plots for organic matter (OM), clay, silt, and sand. 

 

 

Interestingly, while the CNN model improved prediction for most soil properties, clay 

content remained an exception, with PLSR slightly outperforming CNN in this case (Table 8). 

This deviation may reflect the distinct spectral features of clay minerals, which are often well-

captured by linear techniques like PLSR after proper spectral preprocessing such as the 

Savitzky-Golay filter. Overall, CNN consistently outperformed PLSR in predicting the most 

critical variables related to soil erosion (Kf and OM), highlighting its strategic advantage for 

integrated soil degradation assessments. These findings not only support the feasibility of 
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using IRS for erosion-related monitoring but also suggest that CNN models are particularly 

suited to enhancing predictive performance. 

 

3.3.4 Salinity 

Salts are basic components of both soil and water. However, the accumulation of salts 

in the soil can lead to problematic outcomes such as decreasing agricultural productivity 

(BUTCHER et al., 2016), being considered a major soil degradation threat 

(DALIAKOPOULOS et al., 2016; SINGH, 2022). Climate change also plays a role in 

increasing soil salinity (CORWIN, 2021), particularly in arid and semiarid regions where 

ecosystems are especially fragile and vulnerable. Addressing this pressing challenge has 

inspired global efforts to map and monitor salt-affected soils (IVUSHKIN et al., 2019). 

Additionally, critical knowledge gaps and research priorities include the development of 

systematic approaches for analyzing salt-affected areas (HOPMANS et al., 2021). To advance 

these efforts, infrared spectroscopy emerges as a promising tool for cost-effective, non-

destructive monitoring of soil salinity, enabling agile management strategies. 

Infrared spectroscopy for soil salinity prediction is mostly centered on the 

measurement of electrical conductivity (EC) (CHEN et al., 2016), a critical parameter that 

represents the salinity status of soils. Statistical and machine learning methods, such as Partial 

Least Squares Regression (PLSR), Random Forest (RF), and other advanced algorithms, have 

been extensively utilized to model EC with IRS achieving favorable performances (WANG et 

al., 2018). Recent research highlights the potential of leveraging global datasets, such as the 

Open Soil Spectral Library, aiming to develop universally applicable models for soil salinity 

prediction (ZHOU et al., 2022), which could significantly enhance scalability and cross-

regional applicability. Moreover, novel methodologies integrating near-infrared (NIR) and 

mid-infrared (MIR) spectroscopy are gaining traction (LOTFOLLAHI et al., 2023), offering 

improved spectral resolution and predictive accuracy. These approaches hold particular 

promise for distinguishing soil salinity variations across different land uses (WANG et al., 

2023a), enabling site-specific management practices. Such advancements may further drive 

sustainable soil management in the face of expanding salinization pressures. 

Building upon the global context and technological advances in soil salinity 

assessment via infrared spectroscopy, the following content presents data and findings derived 

from soil samples collected in areas with salinity-related challenges in the Brazilian 

Northeast. The dataset (Figure 7) consists of a total of 98 samples with analysis results for 

CEC, Ca, Na, Mg, K, ESP, EC (limited to 64 samples), and pH (both H2O and KCl), as well 
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as spectral data at the NIR (800 – 2500 nm) and MIR (4000 – 550 cm
-1

) regions. The core 

goal here was to assess two novel approaches for the estimation of soil salinity attributes: 

comparing NIR + MIR spectral fusion with separate NIR and MIR spectra, and; comparing 

the use of a Convolutional Neural Network (CNN) with the classical Partial Least Squares 

regression (PLSR) for these three different spectral datasets. 

 

Figure 7 - Overview of the salinity sample set: a) Near-infrared spectra; b) Mid-infrared 

spectra; c) Spearman correlation matrix for the soil attributes. 

 

 

NIR spectra were acquired using a Nicolet 26700 FTIR spectrometer (Waltham, MA, 

USA) operating in diffuse reflectance mode, equipped with an integrating sphere and an 
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InGaAs detector. Each spectrum consisted of 100 scans at a spectral resolution of 2 cm
-1

. MIR 

spectra were obtained using a Nicolet 510-FTIR spectrometer (Thermo Electron Scientific, 

Madison, WI, USA), also in diffuse reflectance mode, with 100 scans per measurement at a 

spectral resolution of 2 cm
-1

. During MIR data collection, a stream of dry, CO2-free air was 

maintained through the spectrometer to prevent interference from moisture and carbon 

dioxide in the spectral readings. For the combination of NIR and MIR, the spectra of each 

sample were directly fused at the 2500 nm wavelength. 

In a similar process as the previous topic, the dataset was divided into an 80% training 

(n = 78) subset and a 20% validation subset (n = 20). Spectral preprocessing was applied with 

a Savitzky-Golay second‑derivative filter to smooth both NIR and MIR spectra. The 

preprocessed spectra were used only for the PLS models. For each soil attribute, a PLS 

regression model was tuned via grid-search over 2-10 number of components and 10‑fold 

cross‑validation; the optimal model was then calibrated with the training set and tested on the 

validation set, ultimately generating the prediction performance metrics for the PLSR (Table 

9). A Convolutional Neural Network (CNN) was employed following the same procedures as 

the last topic. The trained networks were tested with the validation sample set, generating the 

prediction performance metrics for the CNN (Table 9). 

 

Table 9 - Prediction performance metrics with CNN and PLSR using NIR, MIR, and the 

NIR+MIR fused spectra. 

  

NIR  MIR  NIR+MIR 

  

RMSE R² RPD  RMSE R² RPD  RMSE R² RPD 

CNN 

CEC 21.98 0.26 1.18  9.5 0.86 2.9  9.08 0.87 2.81 

Ca 7.39 0.26 1.19  4.11 0.77 2.16  5.28 0.62 1.68 

EC 18.21 0.19 1.31  13.37 0.57 1.67  12.15 0.64 1.73 

ESP 14.66 0.04 1.03  8.72 0.66 1.75  10.83 0.48 1.38 

K 1.05 0.2 1.12  0.7 0.65 1.77  0.92 0.39 1.28 

Mg 6.63 0.53 1.53  5.81 0.64 1.81  6.79 0.51 1.6 

Na 9.01 0.14 1.08  4.12 0.82 2.4  5.95 0.63 1.66 

pH H2O 1 0.38 1.33  1.1 0.25 1.24  0.95 0.44 1.42 

pH KCl 1.15 0.09 1.07  0.96 0.36 1.41  0.98 0.33 1.27 

             

PLSR 

CEC 18.7 0.46 1.37  13.43 0.72 1.91  14.3 0.69 1.8 

Ca 7.04 0.33 1.22  5.32 0.62 1.62  5.52 0.59 1.56 

EC 19.03 0.12 1.19  16.66 0.33 1.25  16.24 0.36 1.29 

ESP 12.45 0.31 1.21  12.47 0.31 1.2  11.86 0.37 1.26 

K 1.04 0.22 1.13  0.89 0.43 1.34  0.92 0.39 1.29 

Mg 6.93 0.49 1.46  6.83 0.5 1.47  6.45 0.56 1.58 
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Na 8.3 0.27 1.18  6.98 0.48 1.39  6.56 0.54 1.48 

pH H2O 0.88 0.52 1.45  1.05 0.32 1.23  0.89 0.51 1.44 

pH KCl 1.02 0.28 1.18  1.09 0.18 1.14  1 0.31 1.21 

NIR Near-infrared; MIR Mid-infrared; RMSE Root mean squared error; R² Coefficient of determination; RPD 

Ratio of prediction to deviation; CNN Convolutional neural network; PLSR Partial least squares regression; 

CEC Cation exchange capacity; EC Electrical conductivity; ESP Exchangeable sodium percentage 

 

Overall, CNN presented better results than PLS (Table 9), except for the NIR dataset. 

MIR results were much superior to NIR, indicating that the NIR region may have brought 

weak spectral information on the studied soil attributes, while the MIR region presented a 

more prominent relationship between the spectral features and the studied soil attributes. The 

spectral fusion presented slightly better results than MIR for some variables, a more visible 

pattern when using PLS (Table 9). In the context of salt-affected soils, the most important 

indicators are the electrical conductivity (EC) and exchangeable sodium percentage (ESP). 

Therefore, a comparison of the predicted vs. measured values at validation for each of these 

attributes using the three spectral datasets and the two prediction models can be visualized in 

Figure 8 for EC and Figure 9 for ESP. The predicted vs. measured plots for all studied soil 

attributes can be found in Appendix B. 
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Figure 8 - Electrical conductivity (EC) predicted versus measured scatter plots for both 

Convolutional Neural Network (CNN) and Partial Least Squares regression (PLSR) using the 

three spectral datasets: near-infrared (NIR), mid-infrared (MIR), and the fused spectra of NIR 

and MIR (Fusion). 

 

 

In the context of spectral fusion, Li et al. (2024b) have tried Vis-NIR combined with 

MIR spectra for the prediction of soil nutrients, reporting that the fusion approach achieved 

better results than all single sensors for their dataset. Furthermore, Ng et al. (2019) have also 

compared CNN with PLSR with Vis-NIR, MIR and their combined spectra, achieving high 

prediction accuracy for common soil properties (sand, clay, total C, organic C, CEC, and pH) 

from a global soil spectral dataset, especially when using CNN with the combined spectra. 

Meanwhile, Loftollahi et al. (2023) achieved better results for salinity-related soil attributes 

using MIR in comparison with NIR spectra, as was achieved here, although they did not test 

the prediction performance by fusing both spectral regions. For the prediction of soil classes, 

MIR has also been recently found to outperform both NIR and NIR+MIR fusion (Li et al., 

2025), demonstrating that the quality of MIR soil spectral data is relevant for both regression 

and classification. On the other hand, soil organic carbon prediction has been improved by 

using different fusion methods for Vis-NIR and MIR spectra (Hong et al., 2022; Hong et al., 
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2023). Such results underscore the fact that there is no single best method for the prediction of 

soil properties via infrared spectroscopy, especially in the context of spectral fusion. 

 

Figure 9 - Exchangeable sodium percentage (ESP) predicted versus measured values for both 

convolutional neural network (CNN) and partial least squares regression (PLSR) using the 

three spectral datasets: near-infrared (NIR), mid-infrared (MIR), and the fused spectra of NIR 

and MIR (Fusion). 

 

 

The modeling results reflect, in part, the underlying correlations among the soil 

properties. The moderate to high positive associations between EC, Ca, Na, Mg, K, CEC, and 

ESP observed in the correlation matrix (Figure 7c) suggest that these variables share common 

chemical and physical characteristics. Consequently, their spectra likely overlap, facilitating 

accurate prediction by multivariate techniques, such as PLSR, and deep learning models like 

CNN. Observing the performance results, the overlap may be stronger in the MIR region. 

This multicollinearity among target variables may also account for the comparable predictive 

performance observed for these attributes, while variables with weaker correlations (pH H2O 

and pH KCl) exhibited poorer model accuracies. 

The best prediction performance for EC was obtained with CNN using the fused 

spectra. However, the performance for EC using MIR alone was only slightly weaker than 
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with the fused spectra. In addition, some samples were lacking EC values, so the training and 

validation was undertaken with fewer samples (51 for training and 13 for validation) than the 

rest of the variables (78 for training and 20 for validation). Meanwhile, the best result for ESP 

was obtained with CNN with MIR alone, presenting a significant better result than with the 

fused spectra. Such results may indicate that using the fused spectra instead of MIR alone in 

the context of this study is not an advantageous trade-off. Thus, it can be stated that MIR 

alone can provide results with better reliability when using CNN for the prediction of the 

salinity-related soil attributes studied here. It is important to note that this statement is only 

valid for the limited regional context from where these samples were collected, and further 

studies exploring different environmental and pedological conditions are recommended. 

These findings contribute to a broader understanding on the applicability of infrared 

spectroscopy as a tool for monitoring soil salinity. In a global context, by enabling the 

identification and quantification of key salinity-related soil properties, infrared spectroscopy 

can enhance the spatial and temporal resolution of salinity assessments. Soil salinity is a 

major driver of the desertification process (CASTRO et al., 2020; HARPER et al., 2021), 

which is itself one of the most important global environmental challenges today. Therefore, 

improving soil salinity monitoring through infrared spectroscopy constitutes an important 

advance for developing strategies to drive sustainable land use practices in arid and semi-arid 

regions, contributing to more effective desertification control efforts. 

 

 

3.3.5 Desertification 

Desertification is defined as the progressive degradation of arid, semiarid, and dry 

sub-humid lands into barren ecosystems, configuring a major threat to global agricultural 

productivity and socioeconomic stability (D’ODORICO et al., 2013; MARTÍNEZ-

VALDERRAMA et al., 2020). Caused by synergistic interactions between climatic variability 

and anthropogenic pressures (BESTELMEYER et al., 2015; JIANG et al., 2019), this process 

accelerates soil erosion, diminishes biodiversity, and disrupts biogeochemical cycles which 

are critical for sustaining the affected ecosystems. To combat the spread of such detrimental 

phenomenon, monitoring has become a critical focus, especially leveraging remote sensing 

technologies. Imaging spectroscopy, for instance, enables the assessment of earth surface 

matter by analyzing visible and near-infrared properties, offering insights into soil-vegetation 

dynamics (PINET; KAUFMANN; HILL, 2006; LIU et al., 2014), which are essential for 

understanding desertification. 
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However, challenges such as the lack of reliable baselines, insufficient attention to 

temporal and spatial scales, and regional disparities in research efforts hinder a more accurate 

assessment (LIU et al., 2014; RIVERA-MARIN et al., 2022). On the other hand, in regions 

like China and Central Asia, remote sensing has proven essential for tracking desertification, 

revealing its drivers as a combination of climatic factors (e.g., prolonged drought, decreased 

precipitation) and human activities (e.g., agricultural abandonment, overgrazing, oil 

exploration) (ZHANG; HUISINGH, 2018; JIANG et al., 2019). 

Despite the global surge in remote sensing studies in the last decade, the absence of 

standardized thresholds for key variables remains a significant limitation for desertification 

studies (RIVERA-MARIN et al., 2022). Addressing these challenges requires integrated 

innovative approaches to effectively monitor and mitigate desertification. Proximal sensing 

infrared spectroscopy is not suited for such task at macro scale due to its sampling-dependent 

spatial coverage. However, it can play a relevant role in the early detection of local 

desertification trends and in assessing specific, localized damages caused by the phenomenon. 

By providing a fast and cost-effective analysis of key soil properties, this technology can 

complement or be combined with remote sensing efforts, offering a more nuanced 

understanding of local scenarios and enabling targeted interventions to control the impacts of 

desertification. 

 

3.4 Insights on the future of infrared spectroscopy for soil degradation monitoring 

Infrared spectroscopy (IRS) has clearly emerged as a transformative tool in soil 

science, pushing the limits of what pedometrics can achieve. In the context of soil 

degradation, regarding its various processes, such as carbon depletion, erosion, pollution, 

salinity, and desertification, IRS does not directly assess the degradation phenomena 

themselves but has proven effective in rapidly, cost-effectively, and non-destructively 

estimating key soil attributes associated with each process. With advancements in 

chemometric modeling, especially the integration of machine learning and deep learning 

algorithms, the predictive performance of IRS continues to improve. This has led to 

increasingly accurate assessments not only in controlled laboratory settings but also in 

complex field conditions and diverse environments. The technology has also benefited from 

the creation and expansion of soil spectral libraries, enhancing the potential for regional and 

even global-scale model transferability. 

However, challenges remain that require strategic attention. The standardization of 

data acquisition protocols, the representativeness of spectral libraries across different soil 
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types and environmental settings, and the availability of open-source prediction models are all 

critical to ensuring the reliability and comparability of IRS results. Furthermore, the 

effectiveness of IRS in predicting properties associated with pollution (especially less 

spectrally active PTEs such as trace metals), and its spatial limitations in monitoring large-

scale desertification, are issues that demand further research. Innovative solutions such as 

spectral data fusion, remote sensing integration, and hybrid modeling architectures (e.g., 

CNNs trained on fused spectral and geospatial data) represent promising paths to address 

these constraints. Collaborative research efforts that incorporate local expertise, region-

specific data, and open-access platforms will be essential in overcoming these barriers. 

Looking ahead, the future of IRS in soil degradation monitoring appears increasingly 

synergistic. As spectral technology becomes more accessible and portable, and as machine 

learning tools become cheaper and more available, IRS is positioned to become a core 

approach in digital soil assessment frameworks. Its integration with satellite imagery and in 

situ field sensors may enable real-time, multi-scale monitoring, offering unprecedented 

resolution in both space and time. This convergence of technological innovation and 

environmental needs sets IRS not only as a novel scientific feature but as a practical tool in 

the global fight against soil degradation, supporting sustainable agriculture, informed land 

management, and effective environmental monitoring. 
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4 PREDICTION OF METAL CONTENTS FROM TECHNOSOLS UNDER 

DIFFERENT ACCUMULATION TIMES USING NEAR AND MID-INFRARED 

SPECTROSCOPY 

 

Abstract 

 

Technosols, soils formed from anthropogenic substrates such as mining tailings, 

represent an opportunity for sustainable land management aligned with circular economy 

principles. However, the elevated concentrations of potentially toxic elements in these 

materials raise environmental concerns, underscoring the importance of efficient monitoring. 

Conventional laboratory analyses for metal quantification are accurate but time-consuming 

and cost-ineffective, motivating the exploration of near-infrared (NIR) and mid-infrared 

(MIR) spectroscopy as more efficient alternatives. Despite promising results in other soil 

types, the application of infrared spectroscopy for predicting metal contents in Technosols 

remains limited. This study assessed the potential of NIR, MIR, and NIR+MIR fusion spectra 

to predict total concentrations of Cd, Co, Cr, Cu, Ni, Pb, Sn, Sr, Ti, V, and Zn in Technosols 

derived from scheelite mining residues in Northeastern Brazil. Surface samples (0-30 cm) 

were collected from Technosols with 2, 10, and 40 years of accumulation. Spectral data were 

preprocessed using the Savitzky-Golay second-derivative and modeled using Partial Least 

Squares regression (PLSR) and Convolutional Neural Network (CNN). Performance was 

evaluated using root mean squared error (RMSE), coefficient of determination (R²), and ratio 

of prediction to deviation (RPD). The results showed that MIR and fusion spectra 

outperformed NIR, and PLSR delivered more consistent predictions than CNN. The best 

results were found for Cu (R² = 0.69, RPD = 1.81; CNN-Fusion) and Sr (R² = 0.67, RPD = 

1.76; PLSR-MIR). Reasonable prediction performances (R² > 0.50; RPD > 1.4) were also 

achieved for Co, Sn, and Zn, while Cr was close to this threshold. These elements exhibited 

strong geochemical associations with potential spectrally active components such as Fe2O3T, 

Al2O3, CaO, and MnO. These findings reinforce the promise of infrared spectroscopy as an 

efficient, cost-effective tool for environmental monitoring of Technosols, supporting their 

safe transformation into productive and sustainable substrates. 

 

Keywords: Spectral fusion. Trace elements. Soil spectroscopy. Chronosequence. 
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PREDIÇÃO DOS TEORES DE METAIS EM TECNOSSOLOS SOB DIFERENTES 

TEMPOS DE ACUMULAÇÃO USANDO ESPECTROSCOPIA NO 

INFRAVERMELHO PRÓXIMO E MÉDIO 

 

Resumo 

 

Tecnossolos, formados a partir de substratos antrópicos como rejeitos de mineração, 

representam uma oportunidade para o manejo sustentável do solo alinhado aos princípios da 

economia circular. No entanto, as elevadas concentrações de elementos potencialmente 

tóxicos nesses materiais levantam preocupações ambientais, ressaltando a importância de um 

monitoramento eficiente. As análises laboratoriais convencionais para quantificação de metais 

são precisas, mas demandam tempo e apresentam um alto custo, o que motiva a adoção da 

espectroscopia no infravermelho próximo (NIR) e médio (MIR) como alternativas mais 

eficientes. Apesar de resultados promissores em outros tipos de solos, a aplicação da 

espectroscopia no infravermelho para predição de teores de metais em Tecnossolos ainda é 

limitada. Este estudo avaliou o potencial dos espectros NIR, MIR e da fusão NIR+MIR para 

prever as concentrações totais de Cd, Co, Cr, Cu, Ni, Pb, Sn, Sr, Ti, V e Zn em Technosolos 

derivados de resíduos de mineração de scheelita no Nordeste do Brasil. Amostras de 

superfície (0–30 cm) foram coletadas em áreas com 2, 10 e 40 anos de acúmulo. Os dados 

espectrais foram pré-processados com a derivada de segunda ordem de Savitzky-Golay e 

modelados por regressão de quadrados mínimos parciais (PLSR) e redes neurais 

convolucionais (CNN). O desempenho foi avaliado usando a raiz do erro quadrático médio 

(RMSE), coeficiente de determinação (R²) e razão da predição para desvio (RPD). Os 

espectros MIR e fusionados superaram o NIR, e os modelos PLSR apresentaram previsões 

mais consistentes que os CNN. Os melhores resultados foram obtidos para Cu (R² = 0,69; 

RPD = 1,81; CNN-Fusion) e Sr (R² = 0,67; RPD = 1,76; PLSR-MIR). Desempenhos 

razoáveis (R² > 0,50; RPD > 1,4) também foram observados para Co, Sn e Zn, enquanto Cr 

ficou próximo desse limite. Esses elementos mostraram fortes associações geoquímicas com 

componentes potencialmente ativos espectralmente, como Fe2O3T, Al2O3, CaO e MnO. Os 

resultados reforçam o potencial da espectroscopia no infravermelho como ferramenta 

eficiente e de baixo custo para o monitoramento ambiental de Technosolos, apoiando sua 

conversão segura em substratos produtivos e sustentáveis. 

 

Palavras-chave: Fusão espectral. Elementos traço. Espectroscopia do solo. Cronossequência. 



89 
 

 

 

4.1 Introduction 

Technosols are a distinct Reference Soil Group within the World Reference Base for 

Soil Resources, defined by the presence of human-made materials (e.g. inputs of mining 

tailings) with at least 20% mass per mass proportion in the upper 100 cm of the soil profile 

(ECHEVARRIA; MOREL, 2015). They differ from natural soils because their properties 

depend primarily on the characteristics of these anthropogenic substrates rather than on 

long‑term pedogenic processes (LEHMANN, 2006; SCHAD, 2018). Technosols may include 

construction debris, industrial by‑products or engineered amendments, and they are classified 

by the nature and proportion of those materials in the soil profile (LEGUÉDOIS et al., 2016). 

Economically, Technosols represent a sustainable path for valorizing urban and 

industrial wastes, aligning with circular economy principles by converting by‑products into 

fertile substrates. Agronomic modeling confirms that mixtures of construction and demolition 

waste, when properly amended, can match or even improve the cation exchange capacity, pH 

range, and water‑retention properties of conventional soils (ROKIA et al., 2014). In situ 

monitoring over ten years has showed that Technosols can store from 50 to 500 % more 

organic carbon than adjacent natural soils at similar depths and can continue to sequester 

carbon over time under permanent vegetation cover (REES et al., 2019). 

Early pedogenic studies revealed that Technosols exhibit a fast evolution, including 

horizon formation, aggregation, decarbonation, and organic matter incorporation, which 

provides useful data for modeling soil formation processes (SÉRÉ et al., 2010; LEGUÉDOIS 

et al., 2016). When developed from construction and demolition waste and amended with 

organic compost or biofertilizers, they have been shown to enhance plant biomass and 

improve soil health indicators, making them effective for supporting vegetation and land 

restoration (AZEVEDO‑LOPES et al., 2024). Moreover, integrating Technosols into urban 

green infrastructure may increase the provision of ecosystem services such as carbon 

sequestration, pollutant immobilization, and flood regulation, contributing to public health 

and sustainable development strategies like the European Green Deal 

(RODRÍGUEZ‑ESPINOSA et al., 2021). 

However, metal contamination in Technosols represents a relevant environmental 

concern due to the increased presence of these potentially toxic elements in anthropogenic 

substrates (NASCIMENTO et al., 2021). Column leaching experiments have shown that 
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mixtures of sewage sludges and industrial wastes can release elevated concentrations of Cu, 

Zn, Ni, Pb, Cd, and Cr, particularly under high pH conditions, highlighting the dependence of 

metal solubility on both waste composition and acidity (YAO et al., 2009). Studies regarding 

plants cultivated on Technosols from abandoned mine sites have revealed metal 

concentrations well above regional background limits, demonstrating significant 

phytoavailability and potential risks to food chains (WAHSHA et al., 2012). In addition, 

Arbestain et al. (2008) demonstrated that the extractability of Cu, Ni, Cr, and Zn in waste-

derived Technosols is influenced by a combination of factors, including organic matter 

content, pH buffering capacity, and the specific characteristics of the waste materials. 

Meanwhile, Guerrón et al. (2021) highlighted that the composition and treatment of 

Technosols can be engineered to influence metal retention capacity, emphasizing the role of 

material design in managing contaminant dynamics. In the face of this complex scenario, the 

assessment of metal contents in Technosols arises as an important step to ensure its safety and 

utility. 

Conventional laboratory analyses for soil metal quantification (e.g. optical emission 

spectrometry, mass spectrometry) are accurate but time‑consuming and cost-ineffective, 

motivating the adoption of near‑infrared (NIR) and mid‑infrared (MIR) spectroscopy as faster 

and more cost-effective alternatives. In general soils, deep learning approaches applied to 

visible-NIR (Vis-NIR) spectra have achieved reliable predictions for As, Cu, and Pb (Pyo et 

al., 2020), while comprehensive reviews highlight both the strengths and pitfalls of NIR 

methods for soil contaminant monitoring (GHOLIZADEH et al., 2013; COZZOLINO, 2016). 

Regarding Technosols, Vis‑NIR spectroscopy has successfully predicted organic matter and 

microbial biomass in volcanic‑ash-derived substrates (DI IORIO et al., 2022), and 

hyperspectral‑based reflectance studies coupled with PLSR and random forest models have 

achieved reasonable results in the quantification of Cr, Cu, Ni, and Zn contents in 

sewage‑derived Technosols (KÄSTNER et al., 2022). However, scientific literature remains 

scarce on the application of infrared spectroscopy for the prediction of Technosol properties, 

especially for metal contents. 

There is an open gap which underscores the need for focused research to develop 

infrared‑based predictive models specifically tailored for Technosols, including those which 

are derived from mining tailings. Such models could enable a viable alternative for the 

assessment of metal concentrations, enhancing the environmental monitoring and land 

management of such areas. In this context, the present study evaluated the potential of NIR 

and MIR spectroscopy, combined with partial least squares regression (PLSR) and 
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convolutional neural networks (CNN), to predict total concentrations of Cd, Co, Cr, Cu, Ni, 

Pb, Sn, Sr, Ti, V, and Zn in Technosols formed from scheelite mining residues with different 

accumulation times in northeastern Brazil. 

 

4.2 Materials and Methods 

4.2.1 Study area and sampling 

The research was carried out in the municipality of Currais Novos, located in the 

Seridó region of Rio Grande do Norte, within Brazil’s semiarid northeast (BEZERRA 

JÚNIOR; SILVA, 2007). The study site is the Brejuí Mine (6°19'19" S, 36°32'52" W), a 

historically significant mining area situated 10 kilometers from the town center (Godeiro et 

al., 2010). Operating since the 1940s, Brejuí is among the largest scheelite (CaWO4) mines in 

South America and has played a strategic role in Brazil’s tungsten production (DANTAS, 

2002). The region is characterized by a hot semi-arid climate (BSh), with average annual 

rainfall around 610 mm, mostly concentrated between February and April. Long dry periods, 

high evapotranspiration, and irregular precipitation patterns define local environmental 

conditions (SILVA et al., 2023). Vegetation is characterized by the hyperxerophilous 

Caatinga domain and shallow Neosols are predominant (SILVA et al., 2023). 

Mining at Brejuí is conducted via an extensive underground network of tunnels that 

span about 65 kilometers and reach depths approaching 900 meters (GERAB, 2014). The ore 

is extracted, crushed, and concentrated through gravity-based separation techniques, 

leveraging the high density of scheelite in relation to other minerals (GODEIRO et al., 2010). 

Unlike many other ore processing methods, no chemical reagents are used, which, while 

environmentally favorable, makes the process more costly and less efficient. In fact, less than 

1% of the extracted material is converted into commercial product, with the remaining 99.2% 

becoming waste (RAMOS FILHO, 2021). 

These mining residues are deposited in engineered basins designed to promote 

sedimentation and facilitate future storage. Basins are excavated in deeper landscape areas, 

shaped with local materials, and compacted by heavy machinery (DUTRA, 2019). As one 

basin nears the storage limit, a new structure is constructed. Over time, the accumulation and 

transformation of these materials give rise to Technosols. 

Three sites with different accumulation times were selected to comprise this study: 

namely 2, 10, and 40 years since deposition. Surface horizon samples (0-30 cm) were 

collected from these three Technosols areas. For each area, 40 composite samples were 
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obtained, each composed of five subsamples collected around a central point. Following 

collection, samples were air-dried, disaggregated, and passed through a 2 mm sieve. 

 

4.2.2 Chemical analyses 

Soil pH was measured in both water and 1 mol L
-1

 KCl solution at a 1:2.5 ratio 

(soil:solution). A saturation paste was prepared for the determination of pH and electrical 

conductivity, following the protocol described by Teixeira et al. (2017). The oxides of Si, Al, 

Ti, Fe, Mn, Cu, Zn, Ca, K, Na, Mg, P, and S were quantified using X-ray fluorescence 

spectrometry (Rigaku ZSX Primus II, equipped with a Rhodium tube and seven analyzing 

crystals). Prior to analysis, the samples were ground using a ring mill; approximately 10 g of 

each were then pressed under 30 tons of pressure into aluminum capsules (34 mm diameter, 4 

mm thickness) to form pressed powder pellets. Loss on ignition was determined by heating 

the samples in a muffle furnace at 1000 °C for one hour, with gradual temperature ramping. 

Results were expressed as weight percentages. Analytical quality control was ensured through 

the use of the certified reference material SRM 2709 San Joaquin Soil (Baseline Trace 

Element Concentrations), certified by the National Institute of Standards and Technology 

(NIST, 2002). 

The total concentrations of Cd, Co, Cr, Cu, Ni, Pb, Sn, Sr, Ti, V, and Zn were 

determined in all samples. Metal extraction was carried out through open acid digestion, 

employing a combination of nitric, hydrochloric, perchloric, and hydrofluoric acids 

(ESTÉVEZ ÁLVAREZ et al., 2001). Initially, 1 gram of each sample was placed in open 

Teflon vessels and treated with 10 ml of HF for 12 hours. This was followed by the addition 

of 5 ml HNO3 and 3 ml HClO4, with heating at 180 °C. The digestion step was repeated to 

ensure complete dissolution of solid material. After digestion, the solutions were treated with 

5 ml of HCl and diluted with deionized water in certified 25 ml volumetric flasks. Analytical 

quality control was maintained with the use of blanks, instrument calibration and 

recalibration, and high-purity reagents. Elemental concentrations were quantified using 

inductively coupled plasma optical emission spectroscopy (ICP-OES, Optima DV7000 

PerkinElmer), equipped with a cyclonic spray chamber to improve measurement precision. 

 

4.2.3 Infrared spectroscopy 

Near-infrared (NIR, 800 – 2500 nm) spectra were collected using a Nicolet 26700 

FTIR spectrometer (Waltham, MA, USA) configured for diffuse reflectance, incorporating an 
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integrating sphere and an InGaAs detector. Each spectral acquisition comprised 100 scans 

with a resolution of 2 cm
-1

. Mid-infrared (MIR, 4000 – 550 cm
-1

) spectra were collected on a 

Nicolet 510 FTIR instrument (Thermo Electron Scientific, Madison, WI, USA), also using 

diffuse reflectance mode, with the same number of scans and spectral resolution. To minimize 

interference from moisture and carbon dioxide during MIR measurements a stream of dry, 

CO2-free air was maintained through the spectrometer. The NIR and MIR spectra for all 

samples can be visualized in Figure 10. In addition to the separate spectral regions, a fusion 

dataset was built by directly concatenating NIR and MIR spectra at the 2500 nm wavelength 

(equivalent to 4000 cm
-1

 wavenumber). 

 

Figure 10 - Spectral data for all Technosol samples: a) Near-infrared spectra; b) Mid-infrared 

spectra. 

 

 

4.2.4 Modeling and statistical evaluation 

Firstly, the full sample set was partitioned into two subsets: 80% for training (n = 96) 

and 20% for validation (n = 24), stratifying the splits by the accumulation time sites (2-year, 

10-year, 40-year) to ensure the representativeness of the three studied areas. All data-related 

procedures, including importing, partitioning, and processing, were carried out in Python 

(version 3.11.0) using the libraries pandas (v1.5.3) and scikit-learn (v1.2.2). Prior to 

modeling, spectral data were preprocessed with the Savitzky-Golay second-derivative, which 

was applied to both the NIR and MIR spectra, as well as to the fused NIR+MIR spectra. This 
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preprocessing aims to reduce high-frequency noise, correct baseline variations, and emphasize 

relevant spectral features (SAVITZKY; GOLAY, 1964). These preprocessed spectra were 

used exclusively in the partial least squares regression (PLSR) models. For each element, a 

PLSR model was optimized using a grid search over 2 to 10 components combined with 10-

fold cross-validation. The PLSR model achieving the best results during cross-validation was 

then selected for calibration with the training subset and evaluation on the validation subset, 

producing the prediction performance metrics. 

A Convolutional Neural Network (CNN) was also employed to explore deep learning 

for elemental prediction. CNNs are particularly effective for structured data arrays due to their 

use of convolutional filters that traverse the input array, performing point-wise calculations 

(PADARIAN et al., 2019). While individual convolutional layers are capable of detecting 

basic patterns, stacking layers enables the network to capture increasingly abstract and 

complex representations (LECUN; BENGIO, 1995). Although CNNs are typically applied to 

image-like data (PANDEY; JAIN, 2022; THAKUR et al., 2023), one-dimensional spectral 

data such as infrared reflectance can also be interpreted in this way (CHAKRAVARTULA et 

al., 2022; SHANG et al., 2023). Previous research has demonstrated the effectiveness of 

CNNs for predicting a variety of soil properties using infrared spectra (NG et al., 2019). 

In this study, the CNN architecture (Appendix A) was designed using depthwise 

separable convolutions (YANG et al., 2020). This architecture efficiently captures patterns 

within the raw data. The model was trained using the Adam optimization algorithm 

(KINGMA; BA, 2015; REDDI; KALE; KUMAR, 2018), with the default learning rate of 

0.001 and no weight decay. Training was conducted over 200 epochs with a batch size of 5. 

Once training was complete, the performance was assessed on the validation set, generating 

the corresponding prediction performance metrics. The implementation was carried out in 

Python using the keras API within the TensorFlow framework (version 2.12.0rc0). 

Both PLSR and CNN performances were evaluated for the three spectral datasets 

(NIR, MIR and NIR+MIR fusion) using well-established statistical indicators commonly 

employed in spectroscopic modeling. These included the root mean squared error (RMSE), 

the coefficient of determination (R²), and the ratio of prediction to deviation (RPD). To 

interpret the prediction quality, a classification scheme adapted from Wang et al. (2017) was 

used, relying on R² and RPD values. According to this framework, predictions were 

considered satisfactory when R² exceeded 0.70 and RPD was greater than 2.0; predictions 

were classified as reasonable when R² was above 0.50 with RPD values between 1.4 and 2.0, 

and; predictions were considered poor when R² was below 0.50 and RPD fell below 1.4. 
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In addition to the spectral modeling procedures, descriptive statistical analyses were 

performed for all measured soil properties to characterize their distribution and variability 

across the sampled Technosols. Key metrics such as mean, median, standard deviation, 

minimum, and maximum values were calculated to summarize the central tendency and 

dispersion of each variable. Furthermore, a Spearman correlation matrix was constructed and 

visualized as a heatmap to explore the relationships between the total metal concentrations 

and the other available soil properties. This correlation analysis provided an initial assessment 

of potential predictive associations to guide the interpretation of the modeling results. 

Furthermore, a Principal Component Analysis (PCA) was performed, considering the metal 

concentrations and the other available soil properties, to identify underlying patterns in the 

chemical composition of the samples. The PCA was used to reveal clusters and trends related 

to accumulation times and metal contents, also supporting the interpretation of the modeling 

results. 

 

4.3 Results and discussion 

 The chemical composition of Technosols formed from scheelite mining residues from 

Brejuí Mine reflects both the nature of the deposited materials and the transformations they 

undergo over time. Differences in elemental concentrations, major oxides, and pH across the 

2-, 10-, and 40-year accumulation sites provide insights into the geochemistry of these 

anthropogenic soils. Understanding these patterns is essential for assessing environmental 

risks. In addition to the conventional analyses, the prediction of Cd, Co, Cr, Cu, Ni, Pb, Sn, 

Sr, Ti, V, and Zn contents using infrared spectroscopy with PLSR and CNN is discussed. By 

comparing the performance of PLSR and CNN models across different spectral domains 

(NIR, MIR and NIR+MIR fusion), we assess the viability of rapid, non-destructive 

approaches for monitoring these key elements in scheelite mining-derived Technosols. 

 

4.3.1 Geochemistry 

The concentrations of metals in the studied Technosols (Table 10) are notably elevated 

compared to Earth’s upper continental crust (UCC) average values (WEDEPOHL, 1995), 

reflecting the strong influence of mining residues accumulation. Elements such as cadmium 

(Cd), chromium (Cr), tin (Sn), strontium (Sr), and vanadium (V) exhibit a clear increasing 

trend over time, with Cd rising from 0.59 mg kg
-1

 at 2 years to 0.91 mg kg
-1

 at 40 years, nearly 

nine times higher than the UCC average (0.102 mg kg
-1

). Cr increases from 136.38 to 

149.93 mg kg
-1

, more than four times the UCC value (35 mg kg
-1

), while Sn and Sr similarly 
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grow to reach 27.06 mg kg
-1

 and 1082.28 mg kg
-1

 respectively, well above the UCC averages 

of 2.5 and 316 mg kg
-1

. V also rises over time from 76.46 to 81.33 mg kg
-1

, surpassing the 

UCC value of 53 mg kg
-1

 from early on. 

In contrast, cobalt (Co), copper (Cu), nickel (Ni), lead (Pb), titanium (Ti), and zinc 

(Zn), show a decreasing trend over time (Table 10), despite initially high levels. Cu decreases 

from 509.43 mg kg
-1

 at 2 years to 146.81 mg kg
-1

 at 40 years, though it still remains 10 times 

higher than the UCC average of 14.3 mg kg
-1

 (WEDEPOHL, 1995). Zn follows a similar 

trajectory, dropping from 172.81 to 144.88 mg kg
-1

, yet still nearly three times the UCC 

average (52 mg kg
-1

). Co shows an initial concentration of 15.64 mg kg
-1

 at 2 years (slightly 

above the UCC average of 11.6 mg kg
-1

) but decreases to 9.7 mg kg
-1

 at both 10 and 40 years, 

falling below background levels. Ni also declines slightly, from 32.50 mg kg
-1

 at 2 years to 

25.99 mg kg
-1

 at 40 years, but remains above the UCC reference of 18.6 mg kg
-1

, indicating 

moderate enrichment despite the downward trend. Pb, in contrast, remains consistently below 

the UCC average of 17 mg kg
-1

 across all sites, ranging from 11.50 to 11.96 mg kg
-1

, which 

may suggest limited enrichment. Ti decreases from 2738.65 mg kg
-1

 to 2332.50 mg kg
-1

 over 

time, staying below the UCC average of 3117 mg kg
-1

. 

These trends suggest ongoing simultaneous elemental mobilization, retention, or 

depletion processes occurring within the Technosols over time. Overall, the persistent 

enrichment, particularly of Cd, Cr, Sn, and Sr, reinforces the environmental concerns and 

points to the importance of long-term monitoring of metal dynamics at these sites. 

 

Table 10 - Descriptive statistics of total metal contents per accumulation time site. 

 
Site 

Cd Co Cr Cu Ni Pb Sn Sr Ti V Zn 

 mg kg 
-1

 

Mean 

2y 0.59 15.64 136.38 509.43 32.50 11.96 18.84 767.94 2738.65 76.46 172.81 

10y 0.67 9.70 126.08 212.68 24.79 11.50 22.73 883.81 2332.50 76.71 143.07 

40y 0.91 9.73 149.93 146.81 25.99 11.59 27.06 1082.28 2489.54 81.33 144.88 

Median 

2y 0.50 14.25 128.50 433.00 32.00 11.50 17.25 716.00 2721.25 75.00 160.88 

10y 0.75 9.75 124.88 184.88 24.88 12.00 21.25 912.63 2323.50 78.13 142.00 

40y 0.88 9.75 144.13 144.88 26.13 10.75 25.88 1079.25 2525.00 77.38 136.50 

SD 

2y 0.28 6.42 44.31 367.51 9.43 3.36 7.72 204.36 523.12 14.59 42.52 

10y 0.17 2.28 30.27 98.07 4.85 3.84 6.62 203.08 326.09 13.17 22.87 

40y 0.36 1.94 32.52 50.00 5.65 3.17 8.38 165.48 509.78 15.72 31.51 

Min. 

2y 0.00 7.75 60.00 109.50 18.25 6.00 8.50 481.50 1635.50 43.25 93.25 

10y 0.50 5.75 69.25 98.00 16.75 4.50 14.25 418.25 1664.25 52.50 109.25 

40y 0.50 5.25 103.25 64.25 14.50 5.75 14.25 712.50 1269.00 44.50 88.75 
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Max. 

2y 1.00 37.50 249.00 1703.50 64.75 19.50 44.00 1393.50 3687.50 123.50 285.25 

10y 1.00 14.50 199.50 542.50 34.75 23.00 47.25 1315.75 2937.50 101.50 196.25 

40y 2.00 14.25 236.25 260.75 39.00 17.75 46.25 1422.00 3352.50 112.75 201.25 

SD Standard deviation; Min Minimum; Max Maximum; 2y 2-year; 10y 10-year; 40y 40-year 

 

The geochemical composition of major oxides in the Technosols (Table 11) reveals 

clear trends over time, reflecting both the aging of the deposited materials and the influence of 

environmental conditions (HOUT et al., 2014; COUSSY et al., 2017). The consistent decline 

in average Al2O3 (from 10.66% to 6.37%) and SiO2 (from 29.42% to 26.48%) suggests a 

gradual loss or transformation of aluminosilicates, probably due to pedogenetic processes. 

TiO2 and Fe2O3T also decrease, although more modestly, indicating slower but consistent 

changes. In contrast, MnO increases progressively from 0.28% to 0.42%, which may reflect 

surface accumulation related to environmental exposure and oxidation, especially under semi-

arid conditions with intermittent wet and dry periods. The reduction in CuO (from 0.07% to 

0.02%) over time suggests active leaching and mirrors the decreasing pattern of its trace metal 

counterpart, while ZnO remains low and relatively unchanged across the sites. 

 

Table 11 - Descriptive statistics of geochemistry-related major elements per accumulation 

time site. 

 
Site 

Al2O3 SiO2 TiO2 MnO Fe2O3T CuO ZnO 

 % 

Mean 

2y 10.66 29.42 0.48 0.28 6.88 0.07 0.02 

10y 8.14 27.39 0.42 0.37 5.72 0.03 0.02 

40y 6.37 26.48 0.39 0.42 5.61 0.02 0.02 

Median 

2y 10.51 29.53 0.48 0.26 6.75 0.06 0.02 

10y 7.83 26.20 0.40 0.36 5.62 0.03 0.02 

40y 6.40 26.29 0.40 0.43 5.67 0.02 0.02 

SD 

2y 1.98 3.87 0.07 0.07 1.33 0.05 0.01 

10y 2.15 5.07 0.07 0.06 0.90 0.02 0.00 

40y 1.02 2.50 0.08 0.10 0.62 0.01 0.01 

Min. 

2y 7.27 22.68 0.38 0.19 4.37 0.02 0.01 

10y 5.21 20.08 0.28 0.28 4.41 0.02 0.01 

40y 4.32 20.83 0.24 0.22 4.40 0.01 0.00 

Max. 

2y 14.15 43.00 0.62 0.50 9.79 0.24 0.04 

10y 15.07 41.18 0.65 0.55 8.62 0.08 0.03 

40y 8.05 31.75 0.53 0.59 7.64 0.04 0.03 

SD Standard deviation; Min Minimum; Max Maximum; 2y 2-year; 10y 10-year; 40y 40-year 
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The fertility-related properties of the Technosols (Table 12) reveal patterns consistent 

with their origin from mine tailings rich in base-forming elements and their exposure to 

weathering over time. The soils show alkaline pH values throughout the chronosequence, with 

pH in H2O rising from 8.10 to 8.53 and pH in KCl increasing from 7.49 to 8.07 over the 40-

year period. This persistent alkalinity reflects the dominance of basic oxides, particularly 

CaO, which increases from 26.40% at 2 years to 37.42% at 40 years, likely due to the 

accumulation or persistence of calcium-rich material in the absence of significant leaching. 

Magnesium oxide (MgO) levels remain stable (~3.1%), contributing to the base 

saturation and buffering capacity. Potassium (K2O), while generally present at moderate 

levels, shows a slight decrease over time (from 1.39% to 1.14%), possibly due to depletion 

through leaching or plant uptake. Phosphorus (P2O5) increases slightly from 0.17% to 0.26%, 

which may be linked to low initial mobility. Sodium (Na2O) slightly increases from 0.38% to 

0.46% over time, while sulfur (SO3) declines by half in 40 years. 

 

Table 12 - Descriptive statistics of pH and fertility-related major elements per accumulation 

time site. 

 
Site pH H2O pH KCl 

P2O5 K2O CaO MgO SO3 Na2O 

 % 

Mean 

2y 8.10 7.49 0.17 1.39 26.40 3.25 0.24 0.38 

10y 8.30 7.71 0.24 1.22 34.23 3.05 0.30 0.37 

40y 8.53 8.07 0.26 1.14 37.42 3.11 0.12 0.46 

Median 

2y 8.05 7.49 0.13 1.37 26.67 3.18 0.21 0.36 

10y 8.40 7.75 0.23 1.08 35.54 3.06 0.16 0.34 

40y 8.60 8.10 0.25 1.23 38.07 3.14 0.11 0.45 

SD 

2y 0.17 0.20 0.09 0.24 6.00 0.42 0.11 0.15 

10y 0.28 0.21 0.08 0.40 7.08 0.26 0.33 0.13 

40y 0.20 0.18 0.07 0.31 4.60 0.38 0.03 0.13 

Min. 

2y 7.90 7.15 0.09 1.03 14.68 2.65 0.11 0.16 

10y 7.70 7.20 0.02 0.74 16.24 2.55 0.06 0.19 

40y 8.00 7.70 0.14 0.64 29.37 1.57 0.06 0.09 

Max. 

2y 8.70 7.83 0.47 2.49 37.21 4.33 0.71 1.02 

10y 8.70 8.10 0.49 2.21 45.06 3.82 1.57 0.78 

40y 8.90 8.50 0.41 1.63 45.94 3.78 0.19 0.78 

SD Standard deviation; Min Minimum; Max Maximum; 2y 2-year; 10y 10-year; 40y 40-year 

 

Overall, the data reflect a system with high base cation availability, especially Ca, and 

strong buffering capacity, but limited levels of plant-available nutrients such as P and K. In 

addition, the geochemical-related patterns indicate that the Technosols are undergoing 
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chemical changes over time, shaped by weathering, element mobility, and environmental 

exposure. Such transformations play a key role in defining the long-term behavior and 

environmental function of these soils in semi-arid landscapes. 

The Spearman correlation matrix (Figure 11) reveals many associations among 

elemental concentrations and the other soil chemical attributes, indicating shared geochemical 

behavior and potential common sources. Cadmium (Cd) shows a strong positive correlation 

with Sn and MnO. Cobalt (Co) is strongly correlated with Cu, CuO, and Fe2O3T, implying a 

common geochemical pathway, possibly associated with iron and copper oxides 

(FRIEDRICH et al., 2012). Co also exhibits a negative correlation with CaO. Chromium (Cr) 

exhibits moderate positive correlations with P2O5 and Na2O, but its overall correlations are 

generally weak, indicating a more dispersed behavior. Copper (Cu) has strong correlations 

with Co, CuO, and Fe2O3T, and moderate negative correlations with pH KCl and CaO. Nickel 

(Ni) is positively correlated with Co, Pb, Ti, and Al2O3, indicating an affinity for titanium-rich 

minerals. 

Lead (Pb) shows weak correlations overall, with moderately positive relationships 

with Ni, Ti, V, K2O, and SiO2, suggesting limited geochemical coupling. Tin (Sn) shows 

positive correlations with MnO, Cd, and V, P2O5, and pH KCl. Strontium (Sr) has a strong 

positive correlation with CaO, consistent with its known geochemical behavior as a calcium 

analog (BLASCHKO et al., 2013), and strong negative correlations with Al2O3, SiO2, and 

TiO2, reflecting inverse distribution with aluminosilicates. Sr is also negatively correlated 

with Cu, Co, CuO, Fe2O3T, and K2O. Titanium (Ti) is positively correlated with Ni and TiO2, 

and negatively correlated with CaO. Vanadium (V) has positive correlations with Sn and Ti, 

and weak correlations overall. Zinc (Zn) also shows weak correlations overall, with the 

exception of positive relationships with Fe2O3T, ZnO, Na2O, and P2O5. 
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Figure 11 - Spearman correlation results for the Technosol properties. 

 

 

The patterns observed in the PCA biplot (Figure 12) further support and contextualize 

the geochemical trends identified across the Technosol chronosequence. Samples from the 2-

year site cluster distinctly on the positive side of PC1, aligning closely with variables such as 

Cu, CuO, Fe2O3T, Zn, ZnO, and Al2O3. This association highlights the strong initial influence 

of newly deposited scheelite mining residues, rich in metals and aluminosilicates. In contrast, 

40-year samples are distributed toward the negative side of PC1 and the upper quadrants of 

PC2, showing proximity to CaO, Sr, MnO, Cd, and pH values, which are attributes indicative 

of carbonate accumulation and increased alkalinity over time. The intermediate position of 

10-year samples reflects a transitional geochemical phase, retaining moderate levels of metals 

while gradually incorporating characteristics of a more developed pedogenesis. The 

separation among the three sample clusters of Technosol accumulation times underscores the 

progressive transformation of the soil system, likely driven by weathering, element mobility, 

and sorption dynamics. Moreover, the opposing vectors of CaO and Cu-related variables 

reinforce the antagonistic relationships observed in the correlation matrix. 
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Figure 12 - Principal component analysis biplot considering all available Technosol 

attributes. 

 

 

4.3.2 Spectral modeling 

The predictive performance of PLSR and CNN models varied considerably across 

spectral domains and target elements (Table 13). In general, mid-infrared (MIR) spectra 

yielded better results than near-infrared (NIR), showing that this region yielded higher quality 

spectral information, while fusion models (NIR+MIR) enhanced predictions only for some 

metals. Model performance also differed significantly between PLSR and CNN, with PLSR 

showing more stable results, whereas CNN performance was more variable, with some 

outstanding cases and many underperforming ones. 
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Table 13 - Prediction performance summary for all elements, considering both models and 

the three spectral datasets. 

Model Metric Cd Co Cr Cu Ni Pb Sn Sr Ti V Zn 

 NIR 

PLSR 

RMSE 0.26 3.08 33.30 152.62 7.40 3.28 8.61 221.70 544.70 17.94 35.49 

R² -0.27 0.15 0.13 0.30 -0.25 -0.28 0.08 0.03 -0.36 -0.70 -0.19 

RPD 0.96 1.15 1.12 1.26 0.98 0.88 1.04 1.09 0.87 0.78 0.98 

CNN 

RMSE 0.23 3.06 30.76 181.78 6.12 2.97 8.12 210.07 455.53 13.39 32.67 

R² -0.01 0.16 0.26 0.00 0.14 -0.06 0.18 0.13 0.05 0.05 -0.01 

RPD 1.07 1.09 1.20 1.00 1.09 0.98 1.11 1.07 1.03 1.03 1.02 

 MIR 

PLSR 

RMSE 0.23 2.31 26.14 154.31 5.38 3.10 6.05 128.33 361.63 13.09 23.98 

R² 0.01 0.52 0.47 0.28 0.34 -0.15 0.55 0.67 0.40 0.09 0.46 

RPD 1.05 1.45 1.38 1.25 1.24 0.94 1.49 1.76 1.41 1.08 1.37 

CNN 

RMSE 0.23 2.21 33.26 170.60 6.98 3.10 6.67 159.64 404.49 11.05 19.90 

R² -0.02 0.56 0.14 0.12 -0.11 -0.15 0.45 0.50 0.25 0.35 0.63 

RPD 1.11 1.51 1.08 1.07 1.01 0.94 1.35 1.43 1.18 1.26 1.71 

 NIR + MIR Fusion 

PLSR 

RMSE 0.20 2.36 25.48 150.22 5.67 2.90 6.87 137.60 379.42 12.55 24.58 

R² 0.19 0.50 0.49 0.32 0.26 -0.01 0.42 0.63 0.34 0.17 0.43 

RPD 1.16 1.41 1.43 1.22 1.17 1.00 1.32 1.64 1.24 1.12 1.36 

CNN 

RMSE 0.32 2.58 30.98 100.46 6.59 3.50 7.82 146.95 472.83 13.96 27.37 

R² -1.01 0.40 0.25 0.69 0.01 -0.46 0.24 0.57 -0.02 -0.03 0.29 

RPD 0.88 1.48 1.16 1.81 1.12 0.83 1.15 1.53 1.14 1.06 1.35 

 

The best overall prediction was obtained for Cu (Figure 13) using the CNN-Fusion 

model, which reached an R² of 0.69 and RPD of 1.81, setting it at the threshold of a 

satisfactory prediction, according to the adopted classification (WANG; ZHANG; PAN, 

2017). This result reflects Cu strong geochemical association with oxides such as Fe2O3T and 

CuO, as supported by the correlation matrix and PCA. Additionally, Sr exhibited similar 

strong results (Figure 13), with an R² of 0.67 and RPD of 1.76 using the PLSR model with 

MIR spectra, and similarly favorable outcomes with the fusion dataset (R² = 0.63, RPD = 

1.64), qualifying it as a reasonable prediction (WANG; ZHANG; PAN, 2017). 

Furthermore, several elements achieved reasonable prediction performances under 

specific spectral and modeling configurations. Zn was predicted with relatively high accuracy 

(Figure 13) using CNN-MIR (R² = 0.63, RPD = 1.71). Co and Sn also demonstrated 

consistent predictive capacity across MIR and fusion inputs with both PLSR and CNN. The 

best performance for Co (Figure 13) was obtained using CNN with MIR spectra (R² = 0.56, 
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RPD = 1.51), while Sn showed optimal results (Figure 13) with PLSR with MIR spectra (R² = 

0.55, RPD = 1.49). In the case of Cr (Figure 13), the fusion dataset combined with PLSR 

yielded an R² of 0.49 and an RPD of 1.43, placing it at the threshold for reasonable prediction 

(WANG; ZHANG; PAN, 2017). 

 

Figure 13 - Predicted versus measured scatter plots for the six best predicted elements from 

Technosols. 

 

 

 

For the remaining elements, including Cd, Ni, Pb, Ti, and V, predictions were 

generally poor, with R² values below 0.50 and RPD below 1.4 across all configurations. 

Notably, Cd, the element with the lowest concentrations, had R² <0 in most cases, with the 

best result being PLSR-Fusion (R² = 0.19, RPD = 1.16), still far from a reliable prediction. 

Similarly, Ti and V, which showed diffuse geochemical patterns, were not effectively 

predicted by any model. It is worth noting that NIR alone produced the lowest predictive 

performances overall, confirming the advantage of MIR and fusion spectral datasets. From a 

model perspective, PLSR tended to perform more consistently across elements, particularly in 

the MIR and fusion domains. CNN, while powerful, sometimes underperformed, as seen with 

CNN-Fusion for Cd, which resulted in an R² of -1.01. This instability may reflect overfitting 
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or difficulties in learning from small sample sizes, a common flaw exhibited by neural 

networks in general (DOMINGOS, 2012). 

Overall, infrared spectroscopy modeling showed promising results for Co, Cr, Cu, Sn, 

Sr, and Zn, particularly with MIR and NIR+MIR fusion spectra using PLSR or CNN. These 

elements showed distinct geochemical behavior, as revealed by the Spearman correlation 

analysis (Figure 11) and PCA biplot (Figure 12). For instance, Cu, Co, and Zn, which were 

among the most accurately predicted, showed high initial concentrations and positive 

correlations with Fe2O3T and Al2O3, suggesting affinity with oxides that may enhance 

spectral detectability in the MIR region. Likewise, Sr showed strong positive association with 

CaO and negative with Fe2O3T and Al2O3, supported by both Spearman correlation (Figure 

11) and PCA analysis (Figure 12), likely contributing to its high prediction performance, 

which was notable under MIR and NIR+MIR fusion spectra. Sn, which also reached 

reasonable prediction levels, demonstrated consistent relationships with MnO and P2O5. Such 

findings reinforce the idea that predictability is enhanced when metals are geochemically 

coupled with spectrally active components such as these oxides. 

On the other hand, elements such as Cd, Ni, Pb, Ti, and V, which were poorly 

predicted, tended to exhibit weaker or more diffuse geochemical associations, as shown by 

low Spearman correlation values (Figure 11) and scattered directions in the PCA biplot 

(Figure 12). The combination of diffuse geochemical behavior and low concentrations likely 

resulted in missing spectral features, contributing to their poor predictive performance. These 

limitations highlight the need for further refinement in model calibration, possibly including a 

larger set of samples to better cover the variability of the geochemical features. 

 

4.4 Conclusions 

Technosols derived from scheelite mining residues at Brejuí Mine exhibit distinct 

geochemical patterns at the sites with 2, 10, and 40 years of accumulation. For all sites, most 

metals have average values much higher than those found for the Earth’s upper continental 

crust, with the exception of Pb for all sites and Co for the 10- and 40-year sites. The 

geochemical evolution of the Technosols over the chronosequence is characterized by the 

progressive enrichment of Cd, Cr, Sn, Sr, V, MnO, P2O5, CaO, and Na2O, and an increase in 

pH, alongside the depletion of Co, Cu, Ni, Pb, Ti, Zn, Al2O3, SiO2, Fe2O3T, TiO2, CuO, K2O, 

and SO3, while ZnO and MgO remained relatively stable. These trends reflect the occurrence 

of broad chemical transformations which drive the redistribution and stabilization of metals 

over time.  
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Spearman correlation analyses disclosed some notable underlying relationships 

governing element distributions, such as strong positive associations of Cu, Co, and Zn with 

Fe and Al oxides, Sr with CaO, and Sn with MnO. The principal component analysis (PCA) 

revealed distinct chronosequence clusters, higlighting the transition from 2-year-old fresh 

tailings to the 40-year-old weathered substrates, reinforcing the geochemical relationships 

previously found between metals and oxides. 

Infrared spectroscopy modeling, combining NIR, MIR, and NIR+MIR fusion spectral 

datasets with Partial Least Squares regression (PLSR) and Convolutional Neural Network 

(CNN), demonstrated promising but variable performance for the prediction of metals. MIR 

spectra, alone or fused with NIR, yielded reasonable predictions for Co (R² = 0.56, RPD = 

1.51; CNN-MIR), Cr (R² = 0.49, RPD = 1.46; PLSR-Fusion), Cu (R² = 0.69, RPD = 1.81; 

CNN-Fusion), Sn (R² = 0.55, RPD = 1.49; PLSR-MIR), Sr (R² = 0.67, RPD = 1.76; PLSR-

MIR), and Zn (R² = 0.63, RPD = 1.71; CNN-MIR), reflecting the strong geochemical 

coupling of these elements with potential spectrally active components such as Ca, Al, Fe, 

and Mn oxides. Conversely, poor model accuracy for Cd, Ni, Pb, Ti, and V underscores 

limitations imposed by either low concentrations or weak geochemical relationships with 

spectrally active components. 

The positive results obtained for Co, Cr, Cu, Sn, Sr, and Zn support the integration of 

MIR‑based predictive systems within routine monitoring protocols of Technosols. 

Collectively, our findings strengthen the promise of infrared spectroscopy as an efficient 

alternative tool for the environmental monitoring of Technosols, while considering its 

limitations, paving the way for continuous assessment to safeguard soil health and support the 

conversion of mining tailings into sustainable substrates. 
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5 CONVOLUTIONAL NEURAL NETWORKS FOR PREDICTION OF Ba, Cd, 

Cu, AND Pb CONTENTS IN SOIL USING A MID-INFRARED OPEN 

SPECTRAL LIBRARY 

 

Abstract 

 

Soil contamination by heavy metals poses risks to ecosystems, agriculture, and human 

health, making concentration monitoring essential. Regular assessments help track 

concentration changes, identify pollution sources, and guide remediation. However, 

traditional analytical methods are costly and complex, while infrared spectroscopy offers a 

rapid, non-destructive alternative for more efficient soil analysis. Nonetheless, this method 

faces challenges in predicting heavy metal concentrations accurately, relying on indirect 

detection methods. While soil spectral libraries have been applied extensively to estimate 

general soil properties, the prediction of heavy metal concentrations remains underexplored. 

Therefore, we focused on the prediction of Ba, Cd, Cu, and Pb concentrations in soil using 

mid-infrared (MIR) data available in the Open Soil Spectral Library (OSSL). The dataset 

consisted of a total of 773 soil samples presenting elemental concentrations (mg kg
-1

) and 

MIR absorbance spectra (4000 – 600 cm
-1

). Prediction models were built using Partial Least 

Squares (PLS) regression and a Convolutional Neural Network (CNN). Both raw and 

preprocessed spectra were used in the modeling. Taking into account the diverse and highly 

heterogeneous nature of the soil data, positive results were found. CNN generated predictions 

that were closely aligned with the measured values, while the PLS model exhibited a general 

tendency to underestimate, indicating lower accuracy. The prediction performance with CNN 

for Cd (R² = 0.81, RPD = 2.32), and for Ba, Cu, and Pb (R² > 0.70, RPD > 1.8) suggests the 

potential for developing a MIR-based monitoring system to quickly and cost-effectively 

screen soil contamination levels for these metals. 

 

Keywords: Soil pollution. Trace elements. Soil health. Soil spectral data. 
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REDES NEURAIS CONVOLUCIONAIS PARA PREDIÇÃO DOS TEORES DE Ba, 

Cd, Cu E Pb EM SOLOS UTILIZANDO UMA BIBLIOTECA ESPECTRAL ABERTA 

DE INFRAVERMELHO MÉDIO 

 

Resumo 

 

A contaminação do solo por metais pesados representa riscos aos ecossistemas, à 

agricultura e à saúde humana, tornando o monitoramento das concentrações essencial. 

Avaliações regulares ajudam a acompanhar variações nos teores, identificar fontes de 

poluição e orientar ações de remediação. No entanto, os métodos analíticos tradicionais são 

custosos e complexos, enquanto a espectroscopia no infravermelho surge como alternativa 

rápida e não destrutiva para uma análise mais eficiente do solo. Ainda assim, esse método 

enfrenta desafios na predição precisa das concentrações de metais pesados, por depender de 

mecanismos de detecção indiretos. Embora bibliotecas espectrais de solos venham sendo 

amplamente utilizadas para estimativas de propriedades gerais do solo, a predição de teores de 

metais pesados permanece pouco explorada. Diante disso, este estudo teve como foco a 

predição das concentrações de Ba, Cd, Cu e Pb em solos, utilizando dados no infravermelho 

médio (MIR) disponibilizados pela Open Soil Spectral Library (OSSL). O conjunto de dados 

foi composto por 773 amostras de solo, contendo valores de concentração elementar (mg kg
-1

) 

e espectros de absorbância no MIR (4000 – 600 cm⁻¹). Modelos de predição foram 

construídos utilizando regressão por mínimos quadrados parciais (PLS) e redes neurais 

convolucionais (CNN), empregando tanto espectros brutos quanto pré-processados. 

Considerando a natureza diversa e altamente heterogênea dos dados, os resultados foram 

positivos. As predições geradas por CNN mostraram-se próximas dos valores medidos, 

enquanto o modelo PLS apresentou tendência à subestimação, indicando menor acurácia. O 

desempenho das predições por CNN para Cd (R² = 0,81; RPD = 2,32) e para Ba, Cu e Pb (R² 

> 0,70; RPD > 1,8) demonstra o potencial para o desenvolvimento de um sistema de 

monitoramento baseado em MIR para triagem rápida e de baixo custo da contaminação do 

solo por esses metais. 

 

Palavras-chave: Poluição do solo. Elementos traço. Saúde do solo. Dados espectrais do solo.
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5.1 Introduction 

Soil contamination by heavy metals is a critical environmental issue (MOTUZOVA et 

al., 2014) that arises from the accumulation of these potentially toxic elements in the soil 

profile, where it may lead to detrimental effects on ecosystems (SINGH; PRASAD, 2015), 

agricultural productivity (ELANGO et al., 2022) and human health (ALEGEBAWY et al., 

2021). A clear understanding of this problem is essential for improved environmental 

management. Furthermore, the most important requirement for the mitigation and control of 

soil contamination by heavy metals is the monitoring of the elemental concentrations. 

Regular assessments of heavy metal contents in soils help track changes in 

concentrations over time (REN et al., 2022), identify pollution sources (LI et al., 2014), assess 

ecological and contamination risks (KUMAR et al., 2019; XIANG et al., 2021), and inform 

remediation efforts (WANG et al., 2022a). However, there are limitations involved in the 

effective assessment of these elements. The most notable limitation is the reliance on 

traditional laboratory methods that involve complex sample preparation and analysis 

(COZZOLINO, 2016; DEMATTÊ et al., 2019a), demanding highly skilled labour and 

hazardous reagents. While these methods are accurate and precise, they can be time-

consuming and expensive, making them less feasible for large-scale or real-time monitoring. 

In this context, infrared spectroscopy offers a non-destructive and rapid means of analyzing 

soil samples (SHI et al., 2014; CAPUANO; VAN RUTH, 2015). This technique functions by 

measuring the response of the interaction between matter and infrared radiation, resulting in 

spectral data that can be processed and analyzed for the estimation of multiple soil properties 

(VISCARRA ROSSEL et al., 2006).  Infrared spectroscopy has the potential to revolutionize 

the field of soil monitoring by permitting faster and more cost-effective data collection. 

However, further development of soil infrared spectroscopy requires extensive and 

diversified data for testing and exploring novel approaches. The availability of open soil 

spectral data has greatly facilitated research, exemplified by initiatives like the Open Soil 

Spectral Library (OSSL) (SAFANELLI et al., 2021), the Global Soil Spectral Calibration 

Library and Estimation Service (SHEPHERD et al., 2022), the Brazilian Soil Spectral Library 

(Demattê et al., 2019b), the European Land Use/Land Cover area frame Survey 2009 

(LUCAS) (ORGIAZZI et al., 2018) and the Soil Spectral Library of New Zealand (MA et al., 

2023). These resources provide valuable information and research materials, promoting 

collaboration, transparency, and open access data that can contribute to more robust scientific 

investigations in regard of soil infrared spectroscopy. 
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Despite its wide-ranging promise, infrared spectroscopy does, however, present 

analytical limitations, particularly when it comes to predicting soil heavy metal concentrations 

accurately. While there has been substantial research on the prediction of heavy metal 

concentrations in soils based on infrared spectroscopy (SONG et al., 2012; LIU et al., 2018; 

ZHANG et al., 2019; LIU et al., 2020; KÄSTNER et al., 2022; MAIA et al., 2022; 

NYARKO; TACK; MOUAZEN, 2022), most of these are focused on specific environmental 

contexts or limited to predefined pedological settings. It is important to note that the 

estimation of heavy metal concentrations from soil infrared spectra is mainly achieved by 

indirect detection (HORTA et al., 2015; COZZOLINO, 2016), therefore depending on the 

geochemical features which correlates the elements of interest with other soil properties. 

While there has been extensive research on the application of soil spectral libraries for 

the estimation of general soil properties such as particle size distribution (ZHAO et al., 2018; 

JANIK; SORIANO-DISLA; FORRESTER, 2020; SANTANA et al., 2021) and carbon 

content (MOURA-BUENO et al., 2019; LUCE; ZIADI; ROSSEL, 2022; WANG et al., 

2022b), there is an evident scarcity when it comes to the estimation of heavy metal 

concentrations. In this context, we have focused on the estimation of Ba, Cd, Cu, and Pb 

concentrations using data from a large soil spectral library. We utilized mid-infrared (MIR) 

and wet-chemistry data from the Kellogg Soil Survey Laboratory (KSSL) of the Natural 

Resources Conservation Service of the United States Department of Agriculture (USDA), 

available in the Open Soil Spectral Library (OSSL). The dataset was filtered, processed, and 

exploratory data analysis undertaken. The MIR spectra were preprocessed using Savitzky-

Golay (SG) derivative and Standard Normal Variate (SNV). Then, prediction models with 

raw and preprocessed spectra were built for Ba, Cd, Cu, and Pb concentrations using Partial 

Least Squares (PLS) regression and a Convolutional Neural Network (CNN) with depthwise 

separable convolution. 

 

5.2 Materials and Methods 

5.2.1 Data acquisition 

The dataset was obtained from the Open Soil Spectral Library (OSSL) (SAFANELLI 

et al., 2021), containing >20,000 samples from the Kellogg Soil Survey Laboratory (KSSL) of 

the Natural Resources Conservation Service of the United States Department of Agriculture 

(USDA). All analyses and laboratory procedures conducted for generating this dataset are 

described in the Kellogg Soil Survey Laboratory methods manual (SOIL SURVEY STAFF, 
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2022). The KSSL spectral library is credited to Wijewardane et al. (2016) and Sanderman et 

al. (2020). All data made public by the OSSL is licensed by Creative Commons Attribution 

4.0 International CC-BY and are therefore open for use, sharing, and adaptation. 

  Taking the entire dataset, only a limited amount of samples presented both MIR 

spectra (absorbance at 600 – 4000 cm
-1

 with 2 cm
-1

 spectral resolution) and elemental 

concentrations for heavy metals (mg kg
-1

). Hence, the dataset was filtered for the availability 

and data consistency for both MIR spectra and the concentrations of Ba, Cd, Cu, and Pb, 

resulting in a total of 773 samples. The locations of the selected samples span across most of 

North America. KSSL MIR data were generated by means of Diffuse Reflectance Fourier 

Transform Spectroscopy (DRIFTS, Bruker Vertex-70 Spectrometer with HTS-XT) from air-

dried <2 mm soil samples ground using an 80 mesh (<177 μm). The resulting spectral 

interferograms were then processed by Fourier transform and converted to absorbance spectra 

(SOIL SURVEY STAFF, 2022).  

The extraction method for the KSSL metals was Mehlich-3, using 2.5 g of air-dried, 

crushed and sieved (<2 mm) soil samples. The metal contents in the extracts were measured 

using an Inductively Coupled Plasma Atomic Emission Spectrophotometer (ICP-AES) in 

axial mode with a cross-flow nebulizer. Quality assurance and control of the analyses are 

available for consultation in KSSL LIMS (SOIL SURVEY STAFF, 2022). It is important to 

note that while most of the legislation limits for risk elements are based on aqua regia 

digestion, Mehlich-3 has been tested as a surrogate method with good results for screening 

heavy metal contents in soil (MALÝ; ZBÍRAL; ČIŅMÁROVÁ, 2021). 

Additional soil properties data were also available for the selected samples, 

comprising absolute particle size distribution (% of sand, silt, and clay; pipette method), pH 

(H2O), sum of bases (cmolc kg
-1

; NH4OAc method), cation exchange capacity (cmolc kg
-1

; 

displacement after washing, NH4OAc, pH 7), organic carbon (g kg
-1

; dry combustion method), 

total carbon (g kg-1; dry combustion method), and total nitrogen (g kg
-1

; combustion method). 

 

5.2.2 Exploratory data analysis and dataset splitting 

With the filtered dataset of 773 samples, the distributions of elemental concentrations 

for Ba, Cd, Cu, and Pb were analyzed by means of descriptive statistics. Since these variables 

did not exhibit a normal distribution, Spearman correlation analyses were conducted between 

the elemental concentrations and the following soil properties: sand, silt, clay, pH, sum of 

bases (SB), cation exchange capacity (CEC), organic carbon (OC), total carbon (TC), and 
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total nitrogen (TN). MIR data comprised 1701 data points per sample, consisting of 

absorbance values measured between 600 and 4000 cm
-1

, with a 2 cm
-1

 spectral resolution.  

To prepare the data for building the prediction models, the dataset was split for each 

element with 80% of the samples for training and 20% for validation. To ensure a 

representative split between training and validation sets, the distributions of the dependent 

variables (the concentration of each element) were taken into account by the splitting 

algorithm. All steps comprising data analysis, transformation, and splitting were conducted 

with Python (version 3.11.0) using the libraries ‘pandas’ (version 1.5.3) and ‘scikit-learn’ 

(version 1.2.2). 

 

5.2.3 Spectral preprocessing 

Preprocessing of spectral data is essential for reducing noise, correcting baseline 

shifts, and normalizing the measurements. In this context, MIR spectra from all samples (n = 

773) were preprocessed using two well-established techniques: the Savitzky-Golay (SG) 

derivative and Standard Normal Variate (SNV). SG aims to smooth the raw spectra by 

computing the second derivative. This method reduces high-frequency noise while preserving 

key spectral features, making subtle variations more detectable and improving the overall 

quality of the data for further analysis (SAVITZKY; GOLAY, 1964). Meanwhile, SNV aims 

to normalize the spectra and mitigate scatter effects (BARNES; DHANOA; LISTER, 1989). 

SNV adjusts each spectrum to have a mean of zero and a standard deviation of one, 

effectively compensating for variations due to differences in particle size, common in 

spectroscopic data. The raw and preprocessed MIR spectral signatures can be visualized in 

Figure 14. 
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Figure 14 - Mid-infrared spectral signatures from the soil spectral library samples (n = 773): 

a) Raw spectra; b) Spectra preprocessed by the Savitzky-Golay derivative (SG); c) Spectra 

preprocessed by the Standard Normal Variate (SNV). 

 

 

 

5.2.4 Prediction modeling 

With the specific aim of achieving the optimal development of robust models for the 

prediction of soil heavy metals concentrations, Partial Least Squares (PLS) regression and 

Convolutional Neural Network (CNN) were used. These algorithms are both well-established 

in scientific research (GARTHWAITE, 1994; FALEH; KACHOURI, 2023), and have also 

been successfully tested for the prediction of heavy metals in soils based on infrared spectra 

(PANDIT; FILIPPELLI; LI, 2010; TODOROVA et al., 2014; LIU et al., 2018; PYO et al., 

2020). 
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5.2.4.1 Partial Least Squares (PLS) 

PLS regression is a classical method for the prediction of soil properties using infrared 

spectroscopy (UDELHOVEN; EMMERLING; JARMER, 2003; JANIK et al., 2007; 

PANDIT; FILIPPELLI; LI, 2010; WANG et al., 2014; LI et al., 2021). A PLS regression 

model was built for the prediction of the elemental concentrations of each element (Ba, Cd, 

Cu, and Pb). The models were selected with a 10-fold cross-validation with grid search for the 

best number of components (‘n_components’, 2, 4, 6, 8). Then, the best cross-validated model 

for each element was calibrated with the training set and validated with the test set. The PLS 

models were built using Python (version 3.11.0) with the ‘PLSRegression’ module from the 

‘scikit-learn’ library (version 1.2.2). 

 

5.2.4.2 Convolutional Neural Network (CNN) 

To harness the potential of deep learning for the prediction of the elemental 

concentrations, we employed a Convolutional Neural Network (CNN). CNNs are able to 

process multidimensional data arrays by applying a mathematical operation known as 

convolution (PADARIAN et al., 2019), in which a kernel or filter is slid across the input data, 

and the integral of the pointwise multiplication at each position is computed. A single 

convolutional layer discerns basic features, and the addition of more layers enables the 

extraction of progressively abstract and complex features (LECUN; BENGIO, 1995). CNNs 

are largely used for tasks involving image-like representations (Pandey and Jain, 2022; 

THAKUR et al., 2023) such as infrared spectroscopy data (CHAKRAVARTULA et al., 2022; 

SHANG et al., 2023), which can be considered a one-dimensional (1D) image in this context. 

Soil properties have previously been simultaneously predicted with high accuracy from 

infrared spectra using CNN (NG et al., 2019). 

The CNN architecture utilized in this study (Appendix A) is the depthwise separable 

convolution proposed by Yang et al. (2020) as an adaptation of the Xception structure created 

by Chollet (2017). This architecture was tailored to extract local and abstract features 

efficiently from the raw spectral data. The optimization algorithm chosen for training the 

model was the ‘Adam’ optimizer (KINGMA; BA, 2015; REDDI; KALE; KUMAR, 2018) 

with the default learning rate of 0.001 and no weight decay. The training was undertaken for 

200 epochs with a 5-samples batch size. The CNN was implemented in Python (version 

3.11.0) using the ‘keras’ module from the ‘TensorFlow’ framework (version 2.12.0rc0). 
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5.2.5 Model Evaluation 

The performance of the regression models was assessed using conventional statistical 

metrics. These metrics include the Root Mean Squared Error (RMSE), Normalized Root 

Mean Squared Error (NRMSE), Coefficient of Determination (R²), and the Ratio of Prediction 

to Deviation (RPD). The RMSE (Eq. 1) measures the average magnitude of the errors 

between predicted and observed values, providing an indication of the model's prediction 

accuracy (CHAI; DRAXLER, 2014). It is calculated as: 

     Eq. 1 

where: yi is the observed value, ŷi is the predicted value, and n is the total number of 

observations.  

The NRMSE (Eq. 2) normalizes the RMSE dividing it by the mean of the observed 

values, allowing for the comparison between variables with different scales and units of 

measurement. It is calculated as: 

      Eq. 2 

where: ӯ is the mean of the observed values.  

The R² (Eq. 3) represents the proportion of the variance in the observed values that is 

explained by the model (ZHANG, 2017). It ranges from 0 to 1, with higher values indicating 

better model performance. It is calculated as:  

       Eq. 3 

where: yi is the observed value, ŷi is the predicted value, n is the total number of observations, 

and ӯ is the mean of the observed values.  

The RPD (Eq. 4) measures the ratio between the standard deviation of the observed 

values and the RMSE. It provides insight into the predictive ability of the model relative to 

the variability in the data. It is calculated as: 

      Eq. 4 

where: σy is the standard deviation of the observed values. 

Both RMSE and NRMSE quantify the prediction accuracy by measuring the deviation 

of predicted values from observed data. R² evaluates the proportion of variance explained by 

the model, thus indicating its explanatory power. RPD offers insight into the model's 

predictive capacity relative to the inherent variability of the dataset. Therefore, the 

combination of these metrics provides a rigorous assessment of model performance. 

 



119 
 

 

5.3 Results and discussion 

5.3.1 Soil properties and elemental contents 

 The descriptive statistics for the soil attributes can be found in Table 14. It is notable 

that all variables exhibited variability. This confirms that the KSSL dataset brings a high 

diversity of environmental and pedological settings, ranging from sandy to clayey soils, with 

acidic (pH < 4) to alkaline (pH > 10) profiles. This may pose challenges for the feasibility of 

developing models that are able to capture this variability on the basis of a limited number of 

samples. On the other hand, this high variability may lead to a greater generalization capacity 

for the trained models (RAVIV; LUPYAN; GREEN, 2022). 

 

Table 14 - Descriptive statistics for the soil properties from the soil spectral library samples 

(n = 773).  

 
Sand  (%) Silt (%) Clay (%) 

pH 

(H2O) 

SB  

(cmolc kg
-1

) 

CEC  

(cmolc kg
-1

) 

OC  

(g kg
-1

) 

TC  

(g kg
-1

) 

TN  

(g kg
-1

) 

Min. 1.10 1.80 0.23 3.70 0.10 0.61 0.01 0.02 0.00 

Median 22.90 43.80 31.19 6.57 22.30 19.66 0.88 1.26 0.10 

Mean 29.17 43.27 27.58 6.67 46.44 19.61 1.63 2.03 0.14 

Max. 97.40 76.80 76.36 10.42 671.30 50.27 14.22 14.22 0.64 

SD 22.44 16.00 16.31 1.16 75.09 11.40 2.02 2.27 0.13 

CV 0.77 0.37 0.59 0.17 1.62 0.58 1.24 1.12 0.93 

SB sum of bases, CEC cation exchange capacity, OC organic carbon, TC total carbon, TN total nitrogen, SD 

standard deviation, CV Coefficient of variation 

 

 The Spearman correlations (Figure 15) between the soil properties and the elemental 

concentrations of Ba, Cd, Cu, and Pb, revealed some interesting patterns. All elements are 

negatively correlated to sand (%), which was expected, since the metals are mostly present in 

soil bound to the negative charges associated with clay particles. This pattern can be 

confirmed by observing that all metals are positively correlated with the Cation Exchange 

Capacity (CEC). However, not all metals are positively correlated with clay (%): Ba exhibited 

a neutral correlation (0.00). Ba also presented the weakest negative correlation with sand (-

0.11) and the only negative correlation with pH (-0.12). The overall correlations of all 

elements with carbon (OC and TC) were weak (<0.3). All elements exhibited positive 

correlations with sum of bases (SB), and CEC, with the strongest for Cd and Cu. Among all 

the elements, Cu exhibited the strongest negative (with sand) and positive (with clay, SB, and 

CEC) correlations. 
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Figure 15 - Spearman correlations between the elemental concentrations and soil properties 

from the soil spectral library. 

 

 

Considering the elemental concentrations (Table 15), it is notable that the overall 

dataset is comprised of samples with low concentrations of the selected metals. These low 

concentrations result from the Mehlich-3 extraction, which is a weak digestion method that 

leaves a large fraction of these elements non-extracted (MALÝ; ZBÍRAL; ČIŅMÁROVÁ, 

2021). However, the contents extracted by the Mehlich-3 method can be considered to 

represent the bioavailable fraction of these metals in the soil (Hong et al., 2021), thus carrying 

an environmental relevance worthy of consideration. It is also important to note that there are 

ongoing studies in regard of the use of Mehlich-3 as a surrogate method for the aqua regia 

extract to screen heavy metal levels in different soils (MALÝ; ZBÍRAL; ČIŅMÁROVÁ, 

2021).  

Besides aqua regia, extraction methods standardized by the United States 

Environmental Protection Agency (USEPA) are also common in the evaluation of metal 

levels in soils (SANTOS; ALLEONI, 2013), such as EPA 3050B, EPA 3051, and EPA 3052. 

In their investigation of soils amended with sewage sludge, Nogueirol et al. (2013) found a 

strong correlation between aqua regia, EPA 3052 and Mehlich-3 extractions for Cu, Fe, Mn, 

and Zn. Furthermore, Mehlich-3 extractions have also exhibited a good agreement with 

standard USEPA methods for screening total and bioaccessible Pb contents in soils (MINCA; 

BASTA; SCHEKEL, 2013). Such findings strengthen the idea that metal contents extracted 

using Mehlich-3 can be trusted for the purpose of our study, since there are clear correlations 
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found in the literature for this extraction method with more widely used methods for different 

elements. 

 

Table 15 - Descriptive statistics of the elemental concentrations from the soil spectral library 

samples. 

Elements Ba Cd Cu Pb 

 mg kg
-1

 

Minimum 0.20 0.01 0.01 0.01 

Median 51.66 0.20 1.94 1.33 

Mean 71.07 0.24 2.57 1.76 

Maximum 473.59 0.77 18.09 8.01 

Standard deviation 69.45 0.18 2.72 1.50 

 

With the objective of visualizing the differences in the distributions of the elemental 

concentrations between the training and validation sets, boxplots were generated for each 

element (Figure 16). Considering both training and validation sets and all elements, a clear 

asymmetrical distribution pattern can be observed in which the majority of the samples 

present low concentrations. However, both training (n = 618) and validation (n = 155) sets are 

representative of the total distribution of all elements, despite a few outliers with higher 

concentrations present in the former. Thus, the split between training and validation sets can 

be considered adequate for the development of the prediction models. 

 

Figure 16 - Distributions of elements for the training (n = 618) and validation (n = 155) sets. 
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5.3.2 Modeling results 

The results of the prediction models for elemental concentrations from MIR spectra 

demonstrated varying performances across different elements and preprocessing methods 

(Table 16). Firstly, it is important to examine the outcomes of the PLS regression, which is 

considered a baseline approach in the context of the work herein. The best PLS models 

exhibited either R² values <0.50 or RPD values <1.4. These findings indicate that all PLS 

models in this study demonstrated poor quality, as the evaluation metrics fell below the 

established thresholds for considering regression models acceptable in the context of soil 

infrared spectroscopy (WANG; ZHANG; PAN, 2017). Such results underscore the difficulty 

associated with predicting low concentration heavy metals from mid-infrared spectra by 

means of traditional regression approaches such as PLS. 

 On the other hand, the outcomes of the CNN prediction (Table 16) demonstrated 

acceptable results for all elements, even when using raw spectra. The prediction using raw 

spectral data performed reasonably well, particularly for Cd (R² = 0.81 and RPD = 2.32). 

Considering Ba, Cu, and Pb, the results with raw spectra can be considered acceptable (R² > 

0.7 and RPD > 1.8). 

Considering the performance of CNN using preprocessed spectra, SG yielded better 

results for Cu (R² = 0.78 and RPD = 2.15) compared to the raw data, indicating that the SG 

filter enhances spectral features that were better captured by the CNN for this element. 

However, for Ba, Cd, and Pb, the evaluation metrics were lower using SG. This may indicate 

that the process of smoothing the spectra leads to a loss of relevant spectral information 

related to the contents of these elements. Meanwhile, SNV underperformed for all elements. 

This result is probably a consequence of the normalization promoted by the SNV, which may 

have also caused loss of relevant spectral information for the CNN algorithm. 

Overall, the results suggest that CNN models are much more effective at predicting 

elemental concentrations from MIR spectra than the PLS model. This is especially the case 

for Cd Meanwhile, for Ba, Cu, and Pb, the models exhibited acceptable predictive 

capabilities, indicating that there is potential for the development of robust prediction models 

for these elements using CNN. 
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Table 16 - Evaluation metrics for all modeling results using the validation set (n = 155).  

Model Preprocessing Metric  Ba Cd Cu Pb 

PLS 

Raw Spectra 

RMSE  57.22 0.15 2.43 1.20 

NRMSE  0.86 0.64 0.91 0.67 

R²  0.16 0.24 0.27 0.35 

RPD  1.09 1.15 1.17 1.25 

Savitzky-Golay derivative 

RMSE  54.68 0.14 2.27 1.10 

NRMSE  0.82 0.59 0.85 0.61 

R²  0.23 0.34 0.37 0.45 

RPD  1.14 1.24 1.26 1.35 

Standard Normal Variate 

RMSE  57.15 0.15 2.34 1.10 

NRMSE  0.86 0.62 0.87 0.61 

R²  0.16 0.28 0.33 0.46 

RPD  1.09 1.18 1.22 1.36 

CNN 

Raw Spectra 

RMSE  33.44 0.08 1.46 0.71 

NRMSE  0.50 0.32 0.54 0.40 

R²  0.71 0.81 0.74 0.77 

RPD  1.87 2.32 1.96 2.13 

Savitzky-Golay derivative 

RMSE  35.96 0.11 1.33 0.78 

NRMSE  0.54 0.46 0.49 0.43 

R²  0.67 0.61 0.78 0.73 

RPD  1.76 2.16 2.15 2.02 

Standard Normal Variate 

RMSE  37.37 0.10 1.62 0.92 

NRMSE  0.56 0.42 0.60 0.52 

R²  0.64 0.66 0.68 0.61 

RPD  1.68 1.88 1.79 1.65 

PLS Partial least squares, CNN Convolutional neural network, RAW Raw spectra, SG Savitzky-golay derivative, 

SNV Standard normal variate, RMSE Root mean squared error, NRMSE Normalized root mean squared error, 

R² Coefficient of determination, RPD Ratio of prediction to deviation 

 

The predicted versus measured results can be visualized for both PLS (Figure 17) and 

CNN (Figure 18). The PLS model, despite its ability to manage high-dimensional datasets 

with multicollinearity (GARG; TAI, 2013), exhibited poor prediction performances, a pattern 

that can be clearly observed when comparing the predicted values to the actual measured 

values. These predictions deviated significantly from the observed data, presenting a sharp 

underestimation for all elements. Such results highlight the limitations of PLS in capturing the 

complex, non-linear relationships inherent in the data. Thus, it can be noted that PLS, with its 

linear assumptions, struggles to generalize the intricate patterns present in this highly variable 

and heterogeneous dataset, leading to its underperformance. 
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Figure 17 - Partial Least Squares (PLS) prediction results for the validation set (n = 155) with 

the best preprocessing for each element from the soil spectral library. 

 

 

 

The CNN model presented an evidently better prediction performance than PLS 

(Figure 18), as its predicted values closely align with the measured values. It appears that the 

ability to capture non-linear relationships through convolutional layers effectively represented 

the underlying complexities within the data. It may be assumed that the CNN architecture 

allowed for the models to learn abstract features related to the elemental concentrations within 

the MIR spectral data, leading to a higher level of generalization and precision. Therefore, it 

is possible to recommend that CNN can be a powerful tool for the prediction of heavy metal 

elemental concentrations from MIR data in the context of a diverse and heterogeneous soil 

spectral library. 

 

Figure 18 - Convolutional Neural Network (CNN) prediction results for the validation set (n 

= 155) with the best preprocessing for each element from the soil spectral library. 

 

 

Our results for Ba, Cd, Cu, and Pb models are promising. All of these elements are 

problematic in regard of environmental quality. Barium (Ba) poses risks to animals and 

plants, with its exposure being related to multiple deleterious effects (Lu et al., 2019). 

Cadmium (Cd) is a potentially toxic element of high environmental importance (CUNHA; 

NASCIMENTO, 2009; KHAN et al., 2010; KHANAM et al., 2020; ULLAH et al., 2021), 

ranked as the 11
th

 most relevant substance in the list of priority pollutants (USEPA, 2022). 
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Copper (Cu), which is a nutrient for plants and animals, is also a known soil pollutant 

(HAQUE; SUBRAMARIAN; GIBBS, 1982) that generates several negative impacts when 

excessively present in soil (XIONG et al., 2010). Lead (Pb) is also present in the list of 

priority pollutants (USEPA, 2022), with its presence in soil leading to a diverse set of 

problems (DUDKA; MILLER, 1999; FELEAFEL; MIRDAD, 2012), and its chronic exposure 

possibly leading to fatal outcomes (MAGRISSO; BELKIN; EREL, 2009). In this context, the 

prospect of screening Ba, Cd, Cu, and Pb levels in soil by means of a quick and cost-effective 

method, such as a MIR-based monitoring system, may greatly improve the environmental 

control and management of these elements.  

 

5.4 Conclusions 

The aim of this work was to build models for the prediction of Ba, Cd, Cu, and Pb 

concentrations from MIR spectral signatures. The dataset consisted of highly diverse and 

heterogeneous soil samples from North America made available by the Kellogg Soil Survey 

Laboratory (KSSL) in the Open Soil Spectral Library (OSSL). Both Partial Least Squares 

(PLS) regression and a Convolutional Neural Network (CNN) with depthwise separable 

convolution architecture were used in combination with raw and preprocessed MIR spectra. 

CNN produced predictions that closely matched the measured values. In contrast, the PLS 

model showed an overall underestimation for the predicted values, indicating less accurate 

predictions. The prediction performances achieved with CNN for , Ba, Cu, and Pb suggest the 

possibility of developing a MIR-based monitoring system capable of screening levels of soil 

contamination by these metals in a quick and cost-effective manner. 

Despite the promising results, some limitations need to be underscored to provide 

guidance for future research. One notable limitation arises from the lack of information 

regarding the geological and pedological settings in which the samples were collected, leaving 

a gap in our detailed understanding of the environmental context. It is also noteworthy that the 

low concentrations of the studied metals, a main limitation in this study, are directly attributed 

to the Mehlich-3 extraction method employed. The aqua regia extraction method is the 

standard for screening heavy metal levels in soil in the context of environmental legislation. 

Hence, improved availability of open soil spectral data with metal contents extracted by aqua 

regia would significantly enhance the assessment and reproducibility of similar approaches. 

Nevertheless, we recommend further research in order to explore the response of these 

elements in a broader range of environmental settings. Increasing the number of samples 

would also contribute to more insightful findings for similar research. It is important to 
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emphasize that data from the Open Soil Spectral Library played a pivotal role in this work, 

and similar initiatives are essential for advancing scientific development in this field. Notably, 

data containing concentrations of potentially toxic elements are particularly scarce within 

currently available soil spectral libraries. Ongoing research on soil infrared spectroscopy 

would greatly benefit from an augmentation of such specific data resources. 
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6 FINAL CONSIDERATIONS 

This study aimed to evaluate the potential of infrared spectroscopy (IRS) as an 

effective tool for monitoring soil degradation across diverse conditions, with a particular 

focus on concentrations of potentially toxic elements (PTEs), including results for soil 

erodibility and salinity-related properties. The findings strongly support the initial hypotheses 

and position IRS, especially when enhanced by modern data modeling techniques, as a 

powerful ally for environmental monitoring and sustainable land management. 

Across the literature review integrated with case studies, IRS was found to 

demonstrate its ability to estimate soil degradation-related attributes with moderate to high 

accuracy. It was found that the integration of machine learning modeling approaches 

significantly enhances the reliability of the results, as exemplified by the predictions of soil 

erodibility and PTEs. Partial Least Squares Regression (PLSR) models, while effective in 

some cases, shows limitations when dealing with more complex or less spectrally distinctive 

attributes, underscoring the need for more advanced modeling strategies. 

The approach of combining Convolutional Neural Networks (CNNs) with spectral 

data fusion techniques, integrating both near-infrared (NIR) and mid-infrared (MIR) spectra, 

was assessed in different scenarios. The results confirm this premise: CNNs outperformed 

conventional chemometric approaches in predicting salinity-related variables and PTEs 

concentrations in most cases, especially with MIR, and for some cases using fused spectral 

inputs. Both CNN-MIR and CNN-fusion combinations yielded higher R² and RPD values 

compared to PLSR across multiple case studies and environmental conditions, demonstrating 

robustness and scalability. However, in some cases, PLSR still outperformed CNN, 

demonstrating the inherent value of this classical approach. 

Beyond confirming the hypotheses, the research highlights the broader evolution of 

IRS from an experimental laboratory-based technique to a flexible, field-deployable solution. 

Supported by advances in hardware, spectral libraries, and open-access datasets, IRS is now 

positioned to offer real-time, high-resolution soil assessments. Although challenges remain, 

such as the need for regional calibration models and handling low-concentration analytes, 

these are being addressed by ongoing developments in spectral libraries, machine learning, 

data fusion, and standardization efforts. In conclusion, this work strongly reinforces IRS as a 

pragmatic tool for soil monitoring, contributing to global efforts in combating soil 

degradation, enhancing food security, and promoting environmental resilience.
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APPENDIX A – Convolutional Neural Network architecture 

 

Table 1 - Architecture of the Convolutional Neural Network with depthwise separable 

convolutions. 

Layer Number of Filters Kernel size Stride Activation 

SeparableConv1D 16 5 2 ReLU 

BatchNormalization – – – – 

SeparableConv1D 16 5 2 ReLU 

BatchNormalization – – – – 

MaxPooling1D – – – – 

SeparableConv1D 32 3 1 ReLU 

BatchNormalization – – – – 

MaxPooling1D – – – – 

SeparableConv1D 32 3 1 ReLU 

BatchNormalization – – – – 

MaxPooling1D – – – – 

SeparableConv1D 32 3 1 ReLU 

BatchNormalization – – – – 

MaxPooling1D – – – – 

SeparableConv1D 64 3 1 ReLU 

BatchNormalization – – – – 

MaxPooling1D – – – – 

SeparableConv1D 64 3 1 ReLU 

BatchNormalization – – – – 

MaxPooling1D – – – – 

SeparableConv1D 128 1 1 ReLU 

BatchNormalization – – – – 

Flatten – – – – 

Dense 16 – – ReLU 

Dense 1 – – – 

ReLU Rectified linear unit 
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APPENDIX B – Predicted versus measured plots for pollution and salinity variables 

 

Figure 1 - Predicted versus measured scatter plot for Ce prediction using Convolutional 

Neural Network (CNN) and Partial Least Squares regression (PLSR). 

 

 

Figure 2 - Predicted versus measured scatter plot for La prediction using Convolutional 

Neural Network (CNN) and Partial Least Squares regression (PLSR). 
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Figure 3 - Predicted versus measured scatter plot for Nd prediction using Convolutional 

Neural Network (CNN) and Partial Least Squares regression (PLSR). 

 

 

Figure 4 - Predicted versus measured scatter plot for Pr prediction using Convolutional 

Neural Network (CNN) and Partial Least Squares regression (PLSR). 
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Figure 5 - Predicted versus measured scatter plot for Sm prediction using Convolutional 

Neural Network (CNN) and Partial Least Squares regression (PLSR). 

 

 

Figure 6 - Predicted versus measured scatter plot for Co prediction using Convolutional 

Neural Network (CNN) and Partial Least Squares regression (PLSR). 
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Figure 7 - Predicted versus measured scatter plot for Cr prediction using Convolutional 

Neural Network (CNN) and Partial Least Squares regression (PLSR). 

 

 

Figure 8 - Predicted versus measured scatter plot for Ni prediction using Convolutional 

Neural Network (CNN) and Partial Least Squares regression (PLSR). 
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Figure 9 - Predicted versus measured scatter plot for Pb prediction using Convolutional 

Neural Network (CNN) and Partial Least Squares regression (PLSR). 

 

 

Figure 10 - Predicted versus measured scatter plot for Zn prediction using Convolutional 

Neural Network (CNN) and Partial Least Squares regression (PLSR). 
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Figure 11 - Cation exchange capacity (CEC) predicted versus measured values for both 

convolutional neural network (CNN) and partial least squares regression (PLSR) using the 

three spectral datasets: near-infrared (NIR), mid-infrared (MIR), and the fused spectra of NIR 

and MIR (Fusion). 
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Figure 12 - Calcium (Ca) predicted versus measured values for both convolutional neural 

network (CNN) and partial least squares regression (PLSR) using the three spectral datasets: 

near-infrared (NIR), mid-infrared (MIR), and the fused spectra of NIR and MIR (Fusion). 
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Figure 13 - Potassium (K) predicted versus measured values for both convolutional neural 

network (CNN) and partial least squares regression (PLSR) using the three spectral datasets: 

near-infrared (NIR), mid-infrared (MIR), and the fused spectra of NIR and MIR (Fusion). 
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Figure 14 - Magnesium (Mg) predicted versus measured values for both convolutional neural 

network (CNN) and partial least squares regression (PLSR) using the three spectral datasets: 

near-infrared (NIR), mid-infrared (MIR), and the fused spectra of NIR and MIR (Fusion). 
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Figure 15 - Sodium (Na) predicted versus measured values for both convolutional neural 

network (CNN) and partial least squares regression (PLSR) using the three spectral datasets: 

near-infrared (NIR), mid-infrared (MIR), and the fused spectra of NIR and MIR (Fusion). 
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Figure 16 - pH with H2O (pH H2O) predicted versus measured values for both convolutional 

neural network (CNN) and partial least squares regression (PLSR) using the three spectral 

datasets: near-infrared (NIR), mid-infrared (MIR), and the fused spectra of NIR and MIR 

(Fusion). 

 

 



147 
 

Figure 17 - pH with KCl (pH KCl) predicted versus measured values for both convolutional 

neural network (CNN) and partial least squares regression (PLSR) using the three spectral 

datasets: near-infrared (NIR), mid-infrared (MIR), and the fused spectra of NIR and MIR 

(Fusion). 

 
 


