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RESUMO 

Espectroscopias VNIR, XRF e LIBS para o sensoriamento do solo na agricultura de precisão 

A espectroscopia de reflectância difusa no visível e infravermelho-próximo 

(VNIR), a espectroscopia de fluorescência de raios X (XRF) e a espectroscopia de emissão 

óptica com plasma induzido por laser (LIBS) são técnicas promissoras para uma 

caracterização rápida e ambientalmente limpa da fertilidade do solo. A integração destas 

técnicas com os métodos analíticos já estabelecidos de análise da fertilidade do solo pode 

permitir avanços na modernização de seus procedimentos analíticos, permitindo, e.g., 

análises in-situ e em laboratoriais móveis, o que, por sua vez, conduziria a um novo 

paradigma em manejo do solo e em abordagens de agricultura de precisão. O principal 

objetivo desta tese é desenvolver estratégias para utilizar espectros gerados por sensores 

VNIR, XRF e LIBS na calibração de algoritmos agronômicos para prever os principais 

atributos de fertilidade do solo [argila, matéria orgânica (OM), capacidade de troca 

catiônica (CEC), pH, saturação de bases (V) e nutrientes extraíveis (ex-P, ex-K, ex-Ca e ex-

Mg)]. Foi utilizado um conjunto de 102 amostras de solo coletadas em dois talhões 

agrícolas brasileiros. Nas primeiras etapas desta tese, foram conduzidos estudos para (i) 

simplificar o preparo de amostras de solo para análises com XRF, (ii) desenvolver um 

método simples e transparente para aquisição e processamento de dados de XRF, e (iii) 

encontrar um método preciso e eficiente para modelagem de dados de LIBS. Em seguida, 

foram comparados os desempenhos de predição individuais e combinados dos sensores 

VNIR, XRF e LIBS. Os resultados mostraram que, de modo geral, os melhores 

desempenhos preditivos se dão na seguinte sequencia: LIBS > XRF > VNIR. VNIR 

confirmou ser a melhor técnica para a predição do conteúdo de argila e OM [2,61 ≤ desvio 

residual da predição (RPD) ≤ 3,37], enquanto os atributos químicos CEC, V, ex-P, ex-K, 

ex-Ca e ex-Mg foram melhor preditos (1,82 ≤ RPD ≤ 4,82) pelas técnicas de análise 

elementar (e.g., XRF e LIBS). Em relação às abordagens multi-sensor, a qualidade da 

predição diminuiu na seguinte ordem: VNIR + XRF + LIBS > XRF + LIBS > VNIR + LIBS > 

VNIR + XRF. Nossos resultados indicam que não há uma combinação de sensores ideal 

única para prever todos os principais atributos de fertilidade do solo e que esta 

combinação ótima deve ser específica de cada atributo. Contudo, ainda é cedo para esta 

afirmação, sendo necessário avaliar conjuntos de dados maiores que incluam outros tipos 

de solos, com variabilidade na mineralogia, classes texturais, faixa de concentração de 

atributos, e submetidos a diferentes práticas agrícolas. No último capítulo, avaliamos o 

potencial de aplicação do XRF para análises in-situ, concentrando-nos na avaliação do 

efeito tanto do conteúdo de umidade do solo quanto do tempo de análise sobre o 

desempenho dos sensores. Nossos resultados provaram que é possível fazer reduções 

drásticas no tempo de análise (de 90 para 2s) mantendo desempenhos satisfatórios (RPD 

≥ 1,92) para a predição de atributos de fertilidade. Além disso, mostramos que embora o 

XRF seja menos sensível ao aumento de umidade do solo quando comparado ao sensor 

VNIR, a presença de água afeta seu desempenho preditivo de modo que métodos para 
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mitigar o efeito da umidade devem ser considerados para análises in-situ mais precisas. 

Esta tese trouxe alguns avanços para a aplicação dos sensores VNIR, XRF e LIBS em solos 

tropicais brasileiros como métodos analíticos rápidos e limpos para caracterizar atributos 

de fertilidade. As vantagens e desvantagens destas técnicas foram destacadas e 

apontamentos foram deixados para as próximas pesquisas que continuarão o 

amadurecimento tecnológico em direção a modernização dos diagnósticos de fertilidade 

do solo. 

Palavras-chave: Química verde, Análise da fertilidade do solo, Laboratórios híbridos, 

Sistemas sensores inteligentes 
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ABSTRACT 

VNIR, XRF, and LIBS spectroscopies for soil sensing on precision agriculture 

Visible and near infrared diffuse reflectance spectroscopy (VNIR), X-ray 

fluorescence spectroscopy (XRF), and laser-induced breakdown spectroscopy (LIBS), 

are promising techniques for rapid and environmentally-friendly soil fertility 

characterisation. Integrating these sensing tools with the already established analytical 

methods can enable advances towards the modernisation of the traditional analytical 

procedures by allowing, e.g., in-situ and mobile laboratory analysis, which, in turn, will 

enable new paradigm in soil management using precision agriculture approaches. The 

main objective of this thesis is to develop strategies for using the output generated by 

VNIR, XRF, and LIBS sensors in the calibration of agronomic algorithms for predicting 

key soil fertility attributes [clay, organic matter (OM), cation exchange capacity (CEC), 

pH, base saturation (V), and extractable (ex-) nutrients (ex-P, ex-K, ex-Ca, and ex-Mg)]. 

A set of 102 soil samples collected from two Brazilian agricultural fields was used. In 

the first stages, studies were conducted to (i) simplify the soil sample preparation for 

XRF sensor analysis, (ii) develop a simple and transparent method for XRF data 

acquisition and processing, and (iii) find an accurate and efficient method for LIBS 

data modeling. Afterwards, the individual and combined prediction performances of 

VNIR, XRF, and LIBS were compared. The results showed that overall the predictive 

performance decreased as follows: LIBS > XRF > VNIR. VNIR confirmed to be the best 

technique for the prediction of clay and OM content [2.61 ≤ residual prediction 

deviation (RPD) ≤ 3.37], while the chemical attributes CEC, V, ex-P, ex-K, ex-Ca, and 

ex-Mg were better predicted (1.82 ≤ RPD ≤ 4.82) by elemental analysis techniques. 

Regarding multi-sensor approaches, the prediction quality decreased in the order of: 

VNIR + XRF + LIBS > XRF + LIBS > VNIR + LIBS > VNIR + XRF. Our results indicate 

that there is no unique optimal sensor combination for predicting all the key soil 

fertility attributes and that this is attribute specific. However, we also consider that it 

is too soon to establish a clear trend, which requires further research evaluating larger 

data sets including other soil types, with greater variability in soil mineralogy, textural 

classes, attributes concentration range, and submitted to different agricultural 

practices. Lastly, we evaluated the potential of applying XRF for in-situ analysis, 

focusing on the effect of both soil moisture content and scanning time on the sensors' 

performance. Our results proved that it is possible to make drastic reductions in 

scanning time (from 90 to 2s) maintaining satisfactory performances (RPD ≥ 1.92) for 

predicting fertility attributes. Moreover, we showed that although XRF is less sensitive 

to soil moisture increment when compared to VNIR sensor, the presence of water 

impacts on the XRF’s predictive performance and methods for mitigating soil moisture 

effect should be applied aiming at more accurate in-situ analysis. This thesis brought 

some advances for the application of VNIR, XRF, and LIBS sensors in Brazilian tropical 

soils as fast and clean analytical methods for characterizing fertility attributes. The 
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advantages and drawbacks of these techniques were highlighted and directions were 

left for future research that will continue the technological maturation toward the 

modernization of soil fertility diagnostics.  

Keywords: Green chemistry, Soil fertility testing, Hybrid laboratories, Smart sensor 

systems 
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CHAPTER 1. GENERAL INTRODUCTION 

Smart sensors are essential for the introduction of Information and Communication 

Technology in agriculture. They are the main providers of information that allows to intensify the 

monitoring of key variables in agricultural production systems (Bacco et al., 2019). It is important to 

mention that applying sensors directly in the field for soil and plant assessment is a classic tool of 

precision agriculture (PA), present in its approaches since the early years of PA development (Hummel 

et al., 1996). Nevertheless, recent technological advances have expanded the application of smart sensors 

in agriculture (Abbasi et al., 2014). The intensification of monitoring capabilities and the big amounts of 

data produced by smart sensors provide unprecedented decision-making capabilities (Wolfert et al., 

2017), which, in turn, enables further advancement of PA approaches (Gebbers and Adamchuk, 2010).   

PA approaches that seek to optimize the use of soil inputs [e.g., variable rate (VR) applications 

of lime and fertilizers] have great potential to boost agronomic and environmental benefits in 

agricultural production systems (Mouazen et al., 2020). For a successful implementation of VR 

fertilization is fundamental a detailed characterisation of key soil fertility attributes in the field. A proper 

soil fertility management in Brazil is particularly important because we are the fourth largest consumer 

of fertilizers in the world (FAO, 2017) due to the predominance of acidic and low fertility tropical soils. 

Per year, it is estimated that about 4 million soil tests are carried out by Brazilian fertility analysis 

laboratories (Demattê et al., 2019). In addition, traditional soil analyses face other challenges related to 

the time required for performing the laboratory measurements (about 3 to 15 days), and also the 

hazardous reagents still used in some tests (e.g., dichromate and sulfuric acid). 

The establishment of a robust sensor-based method for soil fertility analysis—allowing 

farmers and laboratories to increase the number of analyses in a practical and clean way, without relying 

exclusively on traditional fertility soil tests—is a current need in Brazil and all over the world [e.g., South 

America (Sanches et al., 2018), North America (Suduth et al., 2013), Europe (Riebe et al., 2019), Africa 

(Johnson et al., 2019), Asia (Xu et al., 2019), Oceania (O’Rourke et al., 2016)]. Integrating sensing 

techniques with laboratory analytical methods would modernise the traditional methods for soil 

analysis that will enable new paradigm in soil site-specfic management (Viscarra Rossel and Bouma, 

2016). In order to create simple and environmentally-friendly alternatives for soil fertility analysis, 

efforts have been made worldwide to adapt and re-engineer sensor systems developed in other areas 

into soil sensing (Ji et al., 2016; Archbold et al., 2019), as well as assessing different combinations of 

sensors and data fusion methods (Weindorf et al., 2016; Xu et al., 2019; Zhang et al., 2019). Figure 1 

presents a conceptual framework regarding how smart soil sensors working alone and/or integrated 

with multi-causal decision-making systems can drive localized input management in smart farms. 
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Figure 1. Conceptual framework for using smart soil sensors in smart farms. Smart soil sensors being used in 

different data acquisition fronts [(i) embedded in a mobile platform; (ii) equipament operated in a stationary way 

via manual or robot operations; and (iii) on benchtop inside mobile or hybrid laboratories], (iv) providing 

information for variable rate applications of fertilizers and lime, and (v) providing soil maps for multi-causal 

decision-making systems.  

 

In the PA context, the sensors most addressed by the scientific literature for soil fertility 

prediction are visible, near-infrared (VNIR), and mid-infrared (Mid-IR) reflectance sensors, apparent 

electrical conductivity (ECa), and ion-selective electrodes (ISE). The first Brazilian studies evaluating 

VNIR and ECa sensors were published in the mid-2000s (Molin et al., 2005; Nanni and Demattê, 2006), 

and about 10 years later the first study evaluating ISE sensors was published (Silva and Molin, 2018). 

This shows that we are in the first stages of development of soil sensing applications. In addition, 

evaluating this literature it can be concluded that overall using VNIR, Mid-IR, and ECa sensors it is 

possible to predict texture and OM, and, in specific cases, CEC, pH, and extractable nutrients, while 

when using ISE it is possible infering about specific ions such as K+, and H+ (for pH estimations). 

Nevertheless, consistent predictions of soil chemical attributes, mainly extractable nutrients, are still a 

challenge. 

Hence, it is now necessary to evaluate "new" sensing techniques that have been little explored 

for fertility attributes analysis. Recently, great attention from scientists commited with PA have been 

given for laser-induced breakdown spectroscopy (LIBS) (e.g., Riebe et al., 2019; Erler et al., 2020) and X-

ray fluorescence (XRF) (e.g., Lima et al., 2019; Nawar et al., 2019), both sensors of elemental analysis that 
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are compatible with the direct analysis of soils, e.g. requiring minimal or no sample preparation. Both 

techniques have been employed for decades as laboratory analytical methods (Krug and Rocha, 2016), 

and now have evolved to equipment with reduced weight and size, greater robustness, and more 

efficient components (e.g., detectors with better sensitivity), making them compatible with on-field 

operations (Galuszka et al., 2015). The XRF and LIBS are spectroanalytical techniques that measure the 

total content of a wide range of elements (e.g., Si, Fe, Ca, K, Ti, Al, among others), which can be used as 

a proxy for infering fertility attributes. Another interesting feature of XRF and LIBS sensors is their 

complementary character to the VNIR sensor (O’Rourke et al., 2016), wich is a widespread technique in 

soil science (Stenberg et al., 2010) with extensive research reporting its potential to predict mineralogical 

and organic attributes successfully (Demattê et al., 2004; Kuang et al., 2012). In Brazilian soils, although 

scientific research using XRF and LIBS sensors for soil fertility analysis has expanded in recent years 

(Ferreira et al., 2015; Villas-Boas et al., 2016; Lima et al., 2019; Silva et al., 2019; Andrade et al., 2020; 

Santos et al., 2020), undoubtedly, we are still in the early stages of development of this application. In 

addition, some important aspects for applicating these sensors in PA have been little explored so far, 

e.g., simplification of sample preparation, strategies for mitigating the matrix effect, synergy when 

combining different sensing technologies, effect of moisture content on sensor's performance, are few 

to mention among others.  

In this scenario, the main task of the present thesis is to take advantage of the current 

knowledge regarding the use of VNIR, XRF, and LIBS sensors and adapt it by creating agronomic 

algorithms for predicting key soil fertility attributes in order to use these sensors as tools for the 

management of soil fertility. For that, the specific objectives were to (i) establish and validate prediction 

models of key soil fertility attributes using data of VNIR, XRF and LIBS and laboratory conventional 

analytical results, observing the relations between sensors’ output and soil attributes (e.g., relation 

between total and extractable contents of nutrients); (ii) evaluate the potential and applicability of data-

fusion techniques to explore the synergism between elemental analysis sensors (e.g., XRF and LIBS) and 

VNIR sensors to improve the prediction accuracy of soil fertility attributes; and (iii) evaluate the 

applicability of XRF sensors for in-situ analysis, investigating the effect of soil moisture content and 

scanning time on the sensors' performance. The hypothesis tested were: (i) elemental analysis sensors 

present greater potential for predicting soil chemical attributes compared to VNIR sensor; (ii) the 

combination of data provided by VNIR sensors with those from elemental analysis sensors will provide 

more comprehensive and accurate information about key fertility attributes compared to the single-

sensor approaches; and (iii) although there are some critical factor that influences XRF’s prediction 

accuracy in applications directly in the field (e.g., sample moisture content and XRF scanning time), it is 

possible to establish strategies to maintain a satisfactory sensor performance. 
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To meet our objectives, this thesis is organized into eight chapters. Briefly, the first one presents 

a short introduction about the research topic studied. The second one addresses the theoretical framework 

for applying soil sensors in precision agriculture to map fertility attributes, focusing mainly on the 

spectroanalytical techniques explored in this thesis. The third one proposes a simplification of sample 

preparation for soil fertility analysis via XRF sensor, wich is compatible with the one already established 

for soil analysis using VNIR sensors. In the fourth one, it was established an optimized procedure for XRF 

data acquisition and processing to assess soil fertility attributes. The fifth proposes an optimised data 

analysis for modeling LIBS data to predict soil fertility attributes, also addressing the potential and 

limitation of this technique in the context of PA. The sixth one compares the individual and combined 

prediction performance of VNIR, XRF, and LIBS sensors for assessing fertility atttributes in Brazilian 

tropical soils. The seventh evaluates the effects of soil moisture content and the scanning time reduciton on 

the XRF performance for predicting fertility attributes, providing the first guidelines for in-situ applications. 

Finally, the eigth one provides the final considerations. 

The main findings obtained during the execution of this thesis have resulted in the following 

scientific papers. 

Molin, J.P.; Tavares, T.R. Sensor systems for mapping soil fertility attributes: challenges, advances, and 

perspectives in Brazilian tropical soils. Engenharia Agrícola 2019, 39(SPE), pp.126-147, doi: 

10.1590/1809-4430-eng.agric.v39nep126-147/2019. 

Tavares, T.R.; Nunes, L.C.; Alves, E.E.N.; Almeida, E.D.; Maldaner, L.F.; Krug, F.J.; Carvalho, H.W.P.D.; 

Molin, J.P. Simplifying Sample Preparation for Soil Fertility Analysis by X-ray Fluorescence 

Spectrometry. Sensors 2019, 19(23), p.5066, doi: 10.3390/s19235066. 

Tavares, T.R.; Molin, J.P.; Nunes, L.C.; Alves, E.E.N.; Melquiades, F.L.; Carvalho, H.W.P.; Mouazen, 

A.M. Effect of X-ray tube configuration on measurement of key soil fertility attributes with XRF. 

Remote Sensing 2020, 12, 963, doi: 10.3390/rs12060963.  

Tavares, T.R.; Mouazen, A.M.; Alves, E.E.N.; dos Santos, F.R.; Melquiades, F.L.; Carvalho, H.W.P.; 

Molin, J.P. Assessing Soil Key Fertility Attributes Using a Portable X-Ray Fluorescence: A Simple 

Method to Overcome Matrix Effect. Agronomy 2020, 10, 787, doi: 10.3390/agronomy10060787.  

Tavares, T. R.; Molin, J. P.; Javadi, S. H.; Carvalho, H. W. P. D.; Mouazen, A. M. Combined Use of Vis-

NIR and XRF Sensors for Tropical Soil Fertility Analysis: Assessing Different Data Fusion 

Approaches. Sensors 2021, 21(1), 148, doi: 10.3390/s21010148. 

Tavares, T. R.; Molin, J. P.; Nunes, L. C.; Wei, M. C. F.; Krug, F. J.; Carvalho, H. W. P. D.; Mouazen, A. 

M. Multi-sensor approach for tropical soil fertility analysis: comparison of individual and combined 

performance of VNIR, XRF, and LIBS spectroscopies. Agronomy 2021 (accepted). 
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Tavares, T.R.; Mouazen, A.M.; Nunes, L.C.; Santos, F.R.; Melquiades, F.L.; Silva, T. R.; Krug, F. J.; Molin, 

J.P. Laser-Induced Breakdown Spectroscopy (LIBS) for tropical soil fertility analysis. Soil & Tillage 

(submitted). 
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Connecting text for chapter 2  

Chapter 2 brings up the historical context of soil fertility mapping in precision agriculture, 

rescuing the problematic that culminated in the introduction of sensor systems as a more efficient 

technological alternative for this purpose. This chapter makes a bibliographic review of using sensor 

systems in the context of precision agriculture, pointing out the possibilities of applying sensors to solve 

the soil sampling dilema and going deeper into the spectroanalytical techniques addressed in this thesis 

(VNIR, XRF, and LIBS spectroscopies). 

An expanded version of this chapter has been published as a review paper in the Engenharia 

Agrícola Journal, as can be seen bellow. 

 

Molin, J.P.; Tavares, T.R. Sensor systems for mapping soil fertility attributes: challenges, 

advances, and perspectives in Brazilian tropical soils. Engenharia Agrícola 2019, 39, pp.126-147, doi: 

10.1590/1809-4430-eng.agric.v39nep126-147/2019. 
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CHAPTER 2. SENSOR SYSTEMS FOR MAPPING SOIL FERTILITY ATTRIBUTES IN PRECISION 

AGRICULTURE: A REVIEW OF CHALLENGES, ADVANCES, AND PERSPECTIVES IN BRAZILIAN SOILS 

Abstract 

Soil fertility attributes have different scales and forms of spatial and temporal variations in 

agricultural fields. Adequate spatiotemporal characterisation of these attributes is fundamental for a 

successful development of strategies for variable rate application of fertilizers, enabling the classic 

benefits of precision agriculture (PA). Studies on Brazilian soils have shown that at least one sample ha-

1 is required for a reliable mapping of key fertility attributes. However, the operational difficulty of 

sampling at high spatial density, as well as the cost of laboratory analysis, create a dilemma for this 

traditionally used soil characterisation sampling in PA. Alternatively, soil sensors have emerged as a 

practical and complementary tool for obtaining information on soil attributes, allowing analysis at high 

spatial density, without the production of chemical residues and at a reduced cost. Worldwide, 

scientists have devoted their attention to the development and application of sensor systems for this 

purpose. Applications of soil sensing techniques in PA involve different disciplines, such as 

instrumentation, data science, geostatistics, and soil science. The integration of these disciplines has 

allowed successful application of proximal sensors for the spatial diagnosis of soil fertility attributes. 

The current chapter aimed to present a bibliographic review of the concepts related to soil sensing and 

PA, focusing on the spectroanalytic techniques explored in this thesis (VNIR, XRF and LIBS sensors). 

We sought to present a broad view of the challenges, advances, and perspectives related to the 

application of soil sensing in Brazilian tropical soils in the context of PA. 

Keywords: 1. Spatial variability 2. Proximal soil sensing 3. On-the-go sensing 4. Hybrid laboratory. 

 

2.1. Introduction 

Considered by some authors as one of the top 10 revolutions in agriculture (Crookston, 2006; 

Mulla, 2013), precision agriculture (PA) uses the technological advances of the last decades (e.g., global 

positioning satellite systems and variable rate technologies) to create approaches for a proper treatment 

of spatial and temporal variability of crops (Molin et al., 2015). The objective of PA is to promote an 

optimized management of agricultural fields regarding its spatiotempoal variations, which increases 

yields and promotes a rational use of production resources. PA is one of the promising tools to overcome 

the global challenges of agriculture in the 21st century (Gebbers and Adamchuk, 2010). Challenges that 

include achieving food and energy security for more than 9 billion people in the coming decades 

(Godfray et al., 2010) and aligning agricultural production and environmental conservation practices 

(Foley et al., 2011). 

Since PA conception in the mid-1980s, it has been closely associated with the management of 

soil spatial variability. Prior to the development of variable rate technologies and satellite positioning 

systems, soil scientists had already undertaken spatial sampling and got intrigued by the high spatial 
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variability of soil fertility in agricultural fields (Mulla and Khosla, 2016). After evaluating more than 70 

agricultural fields in the state of Washington (USA) using intensive soil sampling, Dow et al. (1973a, b) 

concluded that recommendations for fertiliser application based on the average fertility of agricultural 

fields may be erroneous. These authors suggested the sampling intensification for a more accurate 

fertilizer prescription. During the following decade, the development of variable rate systems helped to 

evaluate the localized management of soil fertility. Regarding these evaluations, results of the 

pioneering works were positive and encouraging, showing increased yields (Mulla and Hammond, 

1988; Hammond, 1993) and improved nutrient use efficiency (Khosla and Alley, 1999). 

The traditional management of fertilizers and limestone, without considering the spatial 

variability, provides inefficient applications of these inputs with an excess or deficit at specific sites. In 

excessive applications, the nutrients that are not used by plants and retained by the soil are lost to the 

environment through leaching, runoff, and emissions. Regarding deficit applications, these impose 

negative influences on the development of crops and, consequently, on their production. Thus, adjusted 

and spatially accurate nutrient applications can reduce agronomic, economic, and environmental losses 

(Nawar et al., 2017). 

Proper soil management in Brazil is particularly important because we are the fourth-largest 

fertilizer consumer in the world (FAO, 2017). This has been attributed to the predominance of soils with 

acid and low fertility character. Thus, not coincidentally, the main PA practice in Brazil is the site-

specific management of soils (e.g., correction of its fertility and acidity) based on the traditional mapping 

of its attributes at the field level. This PA approach is associated with significant amount of service 

providers and an adoption of approximately 15.3% of Brazilian grain producers, which corresponds to 

about 9 million ha of mapped soils using the traditional approach, e.g., geo-referenced grid sampling 

(Molin, 2017).  

For the successful implementation of the variable rate application of soil inputs, reliable 

procedures and technologies are required for the diagnosis of spatial variability of the key soil fertility 

attributes. The mapping appraoch predominantly used today in Brazil implicates the collection of 

samples in a regular grid (or occasionally using other arrangements), with geo-referenced sampling 

points. Then, these samples are sent to laboratories for tradicional fertility analysis and, subsequently, 

maps are created using interpolation methods. However, as mentioned above, the sampling density is 

limited by the costs of the laboratory tests and the operational difficulties regarding sampling logistics 

(McBratney et al., 2003; Demattê et al., 2015a). Previous studies on Brazilian soils have demonstrated 

that the density traditionally used today [e.g., usually lower than 0.5 samples ha-1 (Molin, 2017)] is not 

adequate for a reliable characterisation of the spatial distribution of most fertility attributes (Nanni et 

al., 2011; Cherubin et al., 2015). This corroborates with different international studies conducted over 
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the past few decades (Webster and McBratney, 1987; McBratney and Pringle, 1999; Viscarra Rossel et 

al., 2011). 

Despite the evolution of PA approaches and technologies, the spatial diagnosis of soil fertility 

attributes has developed slowly and is still a worldwide challenge (Viscarra Rossel and Bouma, 2016). 

The major challenge is how to increase the density of data on soil fertility attributes without sending 

more samples for laboratory testing. Soil sensing is a key solution to this problem (Viscarra Rossel and 

Bouma, 2016); this subject was carefully discussed by Viscarra Rossel et al. (2011). Recently, different 

applications using sensing techniques has received great attention from scientists commited with PA 

(Nawar et al., 2017), specialy using new technologies that were still little explored [e.g., laser-induced 

breakdown spectroscopy (LIBS) (Riebe et al., 2019) and X-ray fluorescence spectroscopy (XRF) (Nawar 

et al., 2019)] and data fusion approaches between techniques with complementary capabilities [e.g., XRF 

and visible and near infrared diffuse reflectance spectroscopy (VNIR) (Xu et al., 2019)].  

Regarding the above-mentioned context of using sensor systems in the PA, the present chapter 

aimed at presenting a systematic review of concepts and technologies related to the application of soil 

sensors for fertility analysis in Brazilian tropical soils. We first characterized the dilemma of soil 

sampling taking into account research conducted on Brazilian soils. Afterwards, we discussed our 

vision on different possibilities of applying soil sensors to fill the restrictive information gap for an 

accurate soil fertility mapping. And lastly, we discussed challenges and advances of some sensing 

techniques for predicting key soil fertility attributes, giving an special attention to VNIR, XRF, and LIBS 

spectroscopies; techniques that are further explored in the following chapters of this thesis. 

 

2.2. Diagnosis of spatiotemporal variability of soil fertility: a soil sampling dilema 

The spatiotemporal variability of physical and chemical properties, such as the clay, sand, and 

organic matter (OM) content, cation exchange capacity (CEC), base saturation (V), pH, and extractable 

(ex-) nutrients, is dynamic, occurring with different amplitudes of variation and spatial patterns. These 

variations occur according to the classical factors of soil formation (McBratney et al., 2003), and owing 

to minor alterations (occurring on a small-scale) caused by a combination of local factors, such as relief, 

management, occurrence of pests and diseases, etc (Viscarra Rossel and Lobsey, 2016). Figure 1 presents 

images of several factors that are commonly associated with the spatiotemporal variability of soil 

fertility attributes, explaining the different ranges and patterns of variation in soil attributes. 
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Figure 1. Factors associated with the spatiotemporal variability of soil fertility attributes (adapted from Resende 

and Coelho, 2017). Damage to growing crops by pests, diseases, or weather promotes heterogeneous nutrient export 

patterns in fields (A and B); Exposure of the subsoil in contour banks (C); Non-uniform application of fertilizers 

and lime (D); Limestone deposits (E); and abrupt natural changes in soil formation factors (F).  

 

Understanding the possible ranges and patterns of spatial dependence of the variables to be 

mapped is fundamental for establishing the sampling density. Sampling must represent a whole 

statistical population. In the case of the spatial variation of agricultural fields, each “spot” and the 

transitions between them must be characterized by sampling points to discriminate not only the 

variation of the soil attribute content but also its spatial pattern (Molin et al., 2015). Soil fertility 

characterisation was the objective of the first studies related to PA. In the mid-1980s, research conducted 

by David Mulla at Washington State University evaluated the diagnosis of fertility attributes using 

different dimensions of sampling grids. The author suggested that the sampling points should be spaced 

between 30 and 60 m for an accurate representation of soil fertility attributes (reported by Veseth, 1986). 

In the 1990s, Wollenhaupt et al. (1994) reported that 32 m is the distance that best represented the soil 

fertility on a regular sample grid. The authors also stated that maps produced with a regular grid of 70 

m had significantly reduced accuracy. 

Several local studies have characterized the spatial dependence of physical and chemical 

attributes in Brazilian soils via geostatistical analyses to calculate the best sampling density (Nanni et al., 

2011; Montanari et al., 2012; Cherubin et al., 2014a,b; Cherubin et al., 2015). Based on these studies, it is 

possible to conclude that the geostatistical results vary according to the local characteristics. However, 

sampling grids greater than 100 × 100 m (one sample ha-1) are in general not efficient for characterizing the 

variability of most soil fertility attributes. An example of ex-P mapping using different sampling densities 

is shown in Figure 2. It can also be concluded that attributes related to the soil class and its formation (e.g., 

texture, mineralogy) require a lower sampling density. On the other hand, pH, nutrients, and other 
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chemical attributes, that have variability closely related to soil and plant management, require a higher 

sampling density for reliable mapping (Wetterlind et al., 2010). 

 

 

Figure 2. Spatial distribution of ex-P using different sampling densities in a 42-ha field (adapted from Cherubin et 

al., 2015). 

 

Schirrmann and Domsch (2011) studying the spatial characterisation of fertility attributes (pH, 

ex-P, ex-K, and ex-Mg) compared a sampling using a 50 m grid-length (four samples ha-1) with another 

one that simulates the sampling performed by a commercial on-the-go system (Adamchuk et al., 2006). 

In this study, the evaluated on-the-go system performed in-situ sample readings every 25 m (16 samples 

ha-1). The authors found that the sampling with the higher resolution, which corresponds to the 

sampling done by the on-the-go system, improved the semivariograms results. Hence, allowing a clear 

identification of spatial structures of pH, ex-P, and ex-Mg, with higher predictive accuracy of 

interpolations. Interesting that despite better results with a high-resolution sampling for most of the 

evaluated attributes, Schirrmann and Domsch (2011) did not achieve good spatial models for the ex-K. 

According to the authors, the microscale variation of ex-K, with a spatial dependence smaller than 25 

m, was limiting for the characterisation of this nutrient using the evaluated grids.  

A short spatial dependence, marked by a short-range semivariogram, requires high spatial 

density sampling to generate reliable spatial diagnostics. A review conducted by Viscarra Rossel and 

Lobsey (2016) showed that the spatial variability of physical and chemical attributes in topsoils (0 to 20 

cm of depth) varied between < 10 and 100 m (Table 1). Furthermore, it is not unusual for agricultural 

fields to have variations of nutrients in microscale, as reported by Schirrmann and Domsch (2011).  
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For a proper diagnosis of a specific soil attribute using grid sampling, researchers recommend 

that the minimum distance between samples should be equal to or less than half of the spatial 

dependence (Molin et al., 2015). Based on studies of spatial dependence of tropical soil attributes, this 

would mean a sampling density always higher than one sample ha-1.  

 

Table 1. Spatial and temporal variability of soil attributes (adapted from Viscarra Rossel and Lobsey, 2016). 

Soil attribute Spatial variability (amplitude) Temporal variability 

Texture Moderate–high (between 20 and 98 m) Low 

Organic carbon High (between 22 and 78 m) Moderate (between 5 and 10 years) 

CEC¹ Moderate–high Moderate 

pH 
Moderate–high (between 30 and 100 

m) 

Moderate–high (between growing 

seasons) 

ex-P² High (between < 10 and 31 m) 
High (within and between growing 

seasons) 

ex-K² High (between 18 and 68 m) 
Moderate–high (within and between 

growing seasons) 

1 Cation exchange capacity; 2 extractable (ex-) P and K. 

 

2.3. Soil sensors as a solution for soil characterisation in precision agriculture 

Soil sensing technologies are promise alternatives to face the soil sampling dilema, allowing 

rapid, cost-effectively and environmentally friendly analysis of key soil fertility attributes. The 

development of (i) sensor systems compatible with in-situ measurements and/or (ii) portable sensor 

systems well-matched with easy-to-use analytical procedures are two alternatives that can increase the 

quantity of soil information in the PA context (Figure 3). The first alternative is related to the proximal 

soil sensing (PSS) concept (Viscarra Rossel et al., 2011) and would be a complete solution, eliminating 

the effort of soil sampling, reducing costs with traditional laboratory analyses, and avoiding the use of 

reagents. On the other hand, the second alternative is related to practical analytical methods that would 

be executable by users, e.g., user-friendly approaches; an alternative that would be compatible with 

mobile laboratories (Pandey et al., 2017). This second alternative would provide a partial solution, 

reducing laboratory costs and the use of reagents during soil analysis, but still requiring the execution 

of a geo-referenced sampling. An advantage of mobile laboratories is the possibility to bring a simplified 

laboratory structure close to the sampling site (Figure 3C). 
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Figure 3. Possibilities of soil sensing applications. (A) Sensors embedded in a mobile platform; (B) Sensors placed 

directly in the field in a stationary operation (Agrocares, Wageningen, Holland; https://www.agrocares.com/en); 

(C) Mobile laboratories for conducting simple sample preparation procedures and practical analysis (Agrocares, 

Wageningen, Holland; https://www.agrocares.com); and some sensor systems compatible with mobile laboratories: 

(D) laser-induced breakdown spectroscopy system developed by Agrorobótica company (São Carlos, SP, Brazil; 

https://agrorobotica.com.br) in partnership with Embrapa Agricultural Instrumentation (São Carlos, SP, Brazil), (E) 

Capillary electrophoresis system developed by Pessl (Weiz, Austria; https://metos.at/imetos-mobilab); and (F) 

Electrochemical sensor system developed by OhausTM (Parsippany, NJ, USA; https://br.ohaus.com). 

 

Another application of sensor systems would be in hybrid laboratories, where sensors would 

work in an integrated way with traditional methods of soil analysis. According to Demattê et al. (2019), 

in a hybrid laboratory, part of the samples are analyzed by traditional methods and used to calibrate 

the predictive models, while the majority of them are analyzed using sensing technologies, using the 

previously calibrated models to predict the soil attributes. Hybrid laboratories are an interesting 

alternative to increase the efficiency of laboratory tests with low environmental impact. This should 

boost Brazilian research in the coming years to seek the best set of sensors compatible with direct 

analysis to predict soil attributes, as well as the best strategy for the calibration of predictive models at 

local and regional scales. 

In PA, on-field sensor applications are a classic sensing alternative for increasing the density 

of soil information that has been proposed since the early 1990s for the localized management of 

agricultural fields (Sudduth and Hummel, 1991; Hummel et al., 1996). Applications of soil sensors that 

operate in contact or close to the soil surface (around 2 m) and are compatible with in-situ analysis define 

the concept of PSS (Viscarra Rossel et al., 2011). Although this concept excludes remote sensing 
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applications and measurements with sensors performed inside laboratories using benchtop equipment, 

such approaches are complementary to PSS because the development of many sensors starts with 

laboratory tests and calibrations to be used in-situ usually derived from laboratory measurements. 

All the classic on-the-go sensors that acquire data in a kinematic way (Adamchuk et al. 2004) 

fit the PSS concept. These sensors can be embedded in agricultural machines, allowing data acquisition 

during field operations (Steinberger et al., 2009). Recently, companies have launched in the market 

sensor systems that are adaptable in seeders and tillage equipment, e.g., iScan (Veris Technologies, 

Salina, USA) and SmartFirmer (Precision Planting, Tremont, USA). This strategy permits the acquisition 

of soil data during routine operations, as well as allowing real-time adjustments of the plant population 

and depth for intelligent seeders. These applications, although promising, require local assessments of 

sensor performance and agronomic algorithms to adjust the recommendations. 

In PA, there is a continuous search for sensor systems that are compatible with on-the-go 

measurement, allowing interventions in real time (Molin et al., 2015). In these applications, data are 

processed at the same time they are collected, being transformed into decision using agronomic 

prescriptions. Although these systems tend to be practical and easy to implement in the field, their 

development requires specific analysis protocols and agronomic models, forming a complex system of 

intelligence for transforming data into agronomic decision (Weltzien, 2016). In the context of soil 

sensing, the interpretation of the relationship between sensor output and soil attributes is the main 

challenge for the development of smart sensor systems. 

The assessment of sensing techniques’ accuracy is traditionally performed by comparing the 

prediction given by sensors with that provided by traditional laboratory methods (Kuang et al., 2012). 

To build robust predictive models, the calibration strategy is fundamental, in which the responses of 

the sensors will be related to the reference values obtained by the laboratory (Kuang and Mouazen, 

2011). Although this is the globally used approach for evaluating new sensing technologies, calibrate 

predictive models using laboratory determinations as reference has some drawbacks, as discussed by 

Viscarra Rossel and Bouma (2016). The main disadvantages include (i) propensity of different sources 

of error while conducting the different stages of analysis, e.g., sampling, sample preparations, and 

analysis; and (ii) the fact that none of the different extracting solutions used for nutrient analysis 

produces a value that indeed represents the content available for plants. This second disadvantage 

happens because the availability of nutrients in the soil is dynamic and depends on multiple factors 

(e.g., environmental conditions and soil-plant interactions). Regarding the first disadvantage, it is 

relatively common to observe discrepant results from different laboratories for the same soil sample 

analyzed using the same procedure. Such observations have been reported by studies conducted in 

Brazil (Demattê et al., 2019) and overseas (Viscarra Rossel and Bouma, 2016). The calibration of sensor 
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systems with doubtful laboratory results interferes with the sensor’s performance evaluation. This 

should be considered by researchers, who should be aware of the methodological procedures and 

quality control of the laboratory they are utilizing. Sending samples to different laboratories could also 

be a strategy to verify the reliability of determinations. 

Another interesting application of soil sensors is the association of their data with high spatial 

resolution data of yield (yield maps) and in-season development of crops (e.g., vegetation indices 

obtained by canopy sensors or remote sensing). This approach has an enormous potential for improving 

on-farm trials methodologies (Viscarra Rossel and Bouma, 2016) and, consequently, improve site-

specific recommendation of fertilizers (Trevisan et al., 2021). Such approaches would allow the creation 

of local databases, based on empirical estimations, and the development of fertilizer strategies specific 

for each field condition; hence, avoiding the use of highly generalized data, such as regional fertilizer 

recommendation guides. 

 

2.4. Sensor systems for soil sensing 

Some soil sensing technologies are not compatible with the PSS concept because their 

aplication still require some sample preparation to ensure satisfactory analytical performance (e.g., LIBS 

and capillary electrophoresis system). However, these sensing technologies can be promising for soil 

analysis in the context of PA because they are compatible with the above-mentioned mobile and hybrid 

laboratories. Moreover, the development of faster and more efficient methods of sample preparation—

a research area of Analytical Chemistry that has been greatly intensified in recent years (Krug and 

Rocha, 2016)—should allow the automation of this process in embedded equipment. This would enable 

applications of such technologies in the field. The study conducted by Sethuramasamyraja et al. (2008) 

is a classic example of an automated procedure for the collection and preparation of soil samples. The 

authors adapted a commercial soil sensing plataform, which consists of an on-the-go system using 

electrochemical sensors (pH Manager, Veris Technologies, USA), for the preparation of an aqueous soil 

solution before using ion-selective electrodes (ISE). In this approach, the entire procedure is performed 

cinematically, allowing on-the-go data acquisitions. 

Soil sensors can be classified based on their design concept as follows: (i) optical/radiometric, 

(ii) electrical/electromagnetic, (iii) electrochemical, and (iv) mechanical (Adamchuk et al., 2004; Kuang 

et al., 2012). Respectively, the above-mentioned design concepts allow the measurement of the soil 

capacity to (i) absorb, reflect, and/or emit electromagnetic energy; (ii) accumulate or conduct electrical 

charge; (iii) release ions; and (iv) resist mechanical distortions (Viscarra Rossel and Lobsey, 2016). Figure 

4 shows some promising soil sesing technologies. 
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Figure 4. Some available technologies for the direct analysis of soils (adapted from Viscarra Rossel and Lobsey, 

2016). The following abreviations were used: XRF for X-ray fluorescence; UV ABS for ultraviolet absorption; VNIR 

for visible and near-infrared spectroscopy; MIR for mid-infrared spectroscopy; TIR for thermal infrared 

spectroscopy; LIBS for laser-induced breakdown spectroscopy; NMR for nuclear magnetic resonance; TDR for time 

domain reflectometry; ISE for ion-selective electrodes; and ISFET for ion-selective field-effect transistors. 

 

Studies have been conducted worldwide to evaluate and adapt the above-mentioned 

techniques to map soil attributes (Adamchuk et al., 2004; Kodaira and Shibusawa, 2013; Mouazen and 

Kuang, 2016; Sanches et al., 2018; Nawar et al., 2019). Some of them, bringing innovative applications 

for the localized management of P (Mouazen and Kuang, 2016) and limestone (Sanches et al., 2018), as 

well as combining sensor systems and multivariate statistical techniques for synthesize the main fertility 

attributes in fertility indices (Viscarra Rossel et al., 2010; Whetton et al., 2018). In general, consistent 

predictions of soil chemical attributes, mainly extractable nutrients, are still a challenge using the 

commonly applied sensing techniques. Hence, it is now necessary to evaluate "new" sensing techniques 

that have been little explored for soil fertility analysis. Among the possibilities, may be highlighted the 

XRF and the LIBS, both techniques count on portable sensors compatible with the direct analysis of soil 

samples (Galuszka et al., 2015), wich provide measurements of the total content of a wide range of 

elements (e.g., Si, Fe, Ca, K, Ti, Al, among others).  

In following sections, it is discussed challenges and advances of VNIR, XRF, and LIBS 

spectroscopies for predicting key fertility attributes. Thereafter, the complementarity between sensors 

and the importance of data fusion approaches are discussed. 

 

 



33 
 

2.5. Diffuse reflectance spectroscopy 

Diffuse reflectance spectroscopy (DRS) involves soil sensing techniques characterized by their 

practicality, low operating cost, non-destructive nature, multi-informational spectra, and compatibility 

with little or no sample preparation (Stenberg et al., 2010). Another important feature of DRS is the 

possibility of registering spectral data on points or images using different platforms, e.g., sensors 

directly on the field, benchtop sensors in the laboratory with sampled material, or remote sensing 

platforms with multi- or hyperspectral cameras. So, DRS comprises remote, proximal, or laboratory 

measurements and is a promising approach for applications in pedometrics (McBratney et al., 2003) and 

PA context (Adamchuk et al., 2004). 

DRS has been used in Soil Science since the beginning of 1950s (Brooks, 1952). However, only 

in the last three decades it has gained importance, increasing the number of practical applications. This 

development is mainly associated with the establishment of chemometrics and multivariate statistical 

techniques in Analytical Chemistry (Viscarra Rossel et al., 2011).  

Several scientific studies have successfully estimated soil physical and chemical properties 

using DRS in the spectral regions of visible (400–700 nm), near-infrared (700–2500 nm), and mid-infrared 

(2500–25000 nm) ranges (Ben-Dor and Banin, 1995; Viscarra Rossel et al., 2006). Moreover, DRS has been 

successfully applied directly in the field using sensors embedded in mobile platforms (Shibusawa et al., 

1999; Mouazen et al., 2007; Christy, 2008) and portable sensors (Dhawale et al., 2015). 

Diffuse reflectance consists of the percentage of incident radiation that is diffusely reflected 

by the soil at different wavelengths. The way the soil responds in reflectance to the different incident 

wavelengths constitutes its spectral behavior, which is represented by a spectrum. The spectra produced 

are the result of interactions between atoms and molecules of the soil and the incident radiation, which 

penetrates the first 10–50 µm of the sample surface (Demattê et al., 2016b). VNIR spectra provide 

information relate primarily to soil mineral constituents, organic compounds, and water content (Ben-

Dor, 2002). In the spectrum, this information is represented by its intensity, shape, and absorptions 

(spectral features) at specific wavelengths (Demattê, 2002).  

Absorptions in the visible region occur due to the excitation of valence electrons present in 

some atoms and functional groups (Clark and Roush, 1984). In organic molecules, these absorptions are 

restricted to certain functional groups (chromophores), which generate a rectilineal and concave shape 

across all spectra of the visible region. In inorganic species, such as iron oxides (e.g., hematite and 

goethite), absorption occurs due to charge transfer, usually between 500 and 650 nm. In infrared region, 

especially MIR, the wavelengths that present energy equivalent to the natural vibrational frequencies 

of some molecules are absorbed, increasing the intensity of these vibrations (Pavia et al., 2010). In the 

NIR region, absorption occurs due to non-fundamental vibrations, which are overtones and 
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combination tones of the fundamental vibrations. Non-fundamental vibrations are considered 

secondary vibrations; they have lower intensity and can be understood as propagations of the 

fundamental vibrations that occur in the MIR (Demattê et al., 2016b). Important absorption features in 

soil spectra occur between 840 and 940 nm, related to the presence of Fe oxides (e.g., hematite and 

goethite); between 1400 and 1900 nm due to the presence of water and hydroxyl molecules; between 

2205 and 2225 nm related to kaolinite; and at 2265 nm associated to gibbsite (Demattê, 2002). The energy 

scattering, observed throughout the spectral intensity (the so-called albedo), is an important piece of 

information in the VNIR data. Under stable conditions of data acquisition geometry, surface roughness, 

and energy source intensity, the albedo should be related to soil granulometry (Ben-Dor, 2002). 

Worldwide, many attempts have been made to predict physical and chemical attributes of soil 

using VNIR spectra. In general, successful calibrations of organic and total C, total N, and clay content 

are more likely to succeed because clay minerals and OM are spectrally active soil constituents, with 

well-known features in the VNIR region (Ben-Dor, 2002). Extractable nutrients and other soil attributes 

(e.g., CEC, pH, and V) do not present absorption features in this spectral region and, hence, their 

correlations with VNIR spectra are generally weak (Stenberg et al., 2010). However, there are exceptions, 

as observed by Demattê et al. (2017) for ex-Mg and ex-K in Brazilian tropical soils and by Mouazen and 

Kuang (2016) for ex-P in temperate soils. These occasionally successful calibrations can be attributed to 

the covariance of those attributes with some spectrally active constituent (Kuang et al., 2012).  

In Brazilian tropical soils, most studies have evaluated VNIR sensors in laboratories (Demattê 

et al., 2002, 2004, 2015a) and using remote sensing platforms (Nanni and Demattê, 2006; Demattê et al., 

2016a) for digital soil survey. In both scenarios, satisfactory performances are most frequently reported 

for soil texture prediction (Demattê et al., 2015a; Demattê et al., 2016a; Cezar et al., 2019). In laboratory 

environment, satisfactory predictions can also be extended to OM (Demattê et al., 2004; Cezar et al., 

2019), CEC (Nanni and Demattê, 2006), and extractable nutrients (Demattê et al., 2017).  

An interesting approach using a VNIR sensor in a sugarcane field (185 ha) to characterize sub 

regions with different fertility classes was presented by Viscarra Rossel et al. (2010). The authors 

explored the multi-informational character of VNIR spectra, associating it with spatial information of 

the relief, to define a soil fertility index for different zones. This approach allowed to group three zones 

with contrasting fertility levels that should be managed using distinct fertilization strategies. Creating 

fertility indices are an interesting strategy to exploit soil sensors data, allowing to simplify soil fertility 

information in PA approaches (Iznaga et al., 2014; Askari et al., 2015). In addition, this approach is 

compatible with on-the-go surveys (Whetton et al., 2018), which would give more detailed spatial 

resolution. 
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Due to satisfactory performances in the laboratory environment, efforts have been made to 

develop VNIR equipment for on-the-go operations in agricultural fields (Shibusawa et al., 1999; Christy, 

2008). One of the main challenges of in-situ applications using spectroanalytical techniques is to 

minimize the external effects (e.g., moisture, surface roughness, granulometry, among others) that 

compromise part of the sensors’ performance (Krug and Rocha, 2016). The sample preparation 

procedure predominantly used for data acquisition with VNIR sensors involves soil drying and sieving 

(< 2 mm), which ensures a better condition of the sample for spectral analysis (e.g., homogeneity, 

reduction of the effects promoted by roughness and moisture) (Ben-Dor et al., 2015). Although on field 

sensing does not allow the execution of sample preparation, alternative methods can be adopted to 

minimize external effects, such as external parameter orthogonalization (EPO) (Roger et al., 2003) and 

direct standardization method (Wang et al., 1995). Some studies using VNIR spectroscopy directly in 

the field have achieved insensitive predictions of external effects using such methods (Wijewardane et 

al., 2016; Roudier et al., 2017). In Brazilian soils, Franceschini et al. (2018) pioneered the on-the-go data 

acquisition using a VNIR sensor. After using different methods to control the external effects, the 

authors obtained prediction models with potential for semi-quantitative determinations. They also 

highlighted that is necessary to ensure stable geometry conditions between the sensor and the soil 

surface during on-the-go surveys for optimal performance. 

Globally, not many studies adressed the application of on-the-go VNIR data for delineating 

variable rate applications of fertilizers (e.g., Maleki et al., 2008; Mouazen and Kuang, 2016). In this 

regard, an interesting research was presented by Mouazen and Kuang (2016). The authors presented 

results of the localized management of phosphatic fertilizers in a 21-ha field in the United Kingdom, 

where they used a VNIR on-the-go spectrometer to build the prescription maps. In this study, the 

diagnosis of P was performed over three years (2011, 2012 and 2013) using VNIR data after the harvest. 

As result of the site-specific management, an improvement in the spatial distribution of ex-P was 

observed, reducing its coefficients of variation from 26% to 25% and, subsequently, to 16% in 2011, 2012, 

and 2013, respectively. Mouazen and Kuang (2016) demonstrated the potential of this technique for a 

successful spatial diagnosis of fertility attributes in agricultural fields, which enabled a more assertive 

site-specific management.  

 

2.6. Elemental analysis techniques 

In recent years, there has been an increased interest in elemental analysis sensors (EAS), such 

as XRF and LIBS. These techniques are multi-elemental, allowing the measurement of the total content 

of a wide range of elements present in soil samples, such as Si, Fe, Al, K, P, Ca, among others. The 
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techniques are compatible with the direct analysis of soils, and can obtain satisfactory analytical 

performances in samples with little or no sample preparation. Moreover, their application do not 

generate chemical residues (Gredilla et al., 2016). Recent technological advances in optical and electronic 

components have allowed the development and miniaturization of these sensor systems, making both 

techniques more attractive for on-field analysis.  

Although EAS allow determinations of the total nutrient contents, it is a consensus that their 

information can be important to infer about the soil fertility attributes. The correlation between 

extractable and total contents is the main reason that justifies using the elemental concentration of a 

given nutrient for the prediction of its respective extractable content (Viscarra Rossel and Lobsey, 2016). 

In addition, due to the weathered nature of tropical soils, their composition often shows an irrelevant 

presence of primary minerals (natural source of nutrients) (Fontes, 2012). Consequently, the 

relationships between the total and extractable contents of some nutrients (e.g., ex-Ca, ex-K, and ex-Mg) 

are mainly influenced by soil agricultural management rather than natural processes (Lima et al., 2019, 

Andrade et al., 2020). This characteristic of tropical soils is attractive for using EAS to predict extractable 

nutrients. On the other hand, in soils with the presence of phylosilicates integrated with other soil 

minerals—such as mica (natural source of K) or calcite (natural source of Ca)—the relationship between 

the total and extractable content is more unlikely to occur. Furthermore, the soil chemistry in tropical 

soils regarding P is complex and characterized by high levels of P associated with strong bonds to Fe 

oxides (hematite and goethite) and Al (gibbsite). This complexity unbalances the relationship between 

its total content present in the soil and the amount of P accessible to plants (Hartemink, 2002; Schäefer 

et al., 2008); hence, develop calibrations using EAS that result in successful predictions of ex-P are more 

challenging than for the other nutrients. 

Successful prediction of textural attributes in tropical soils using EAS are also expected, being 

explained by the relationship between the different particle size fractions and the total contents of Si, 

Al, and Fe (Lima et al., 2019). Si is commonly found in the sand and silt fractions (in the form of SiO2) 

and, while Al, Fe, and Si are constituents of clay minerals, e.g., kaolinite [Al2Si2O5(OH)4], gibbsite 

[Al(OH)3], hematite (α-Fe2O3) and goethite (FeOOH) (Schäefer et al., 2008; Lima et al., 2019). Eventually, 

other cations, like microelements (Ni, Cr, Co, Cu, Zn, Ti, etc), can also be present in the iron oxides 

structure as isomorphic substitutes for Fe (Singh and Gilkes et al., 1992). Therefore, emission lines of 

these elements can also bring useful information for predicting texture attributes using EAS.  

The satisfactory prediction of OM using EAS can occur using different information present in 

the spectrum, being able to occur using C or N emission lines, in the case of LIBS (Senesi and Senesi, 

2016), or indirectly, exploring the relationship of this attribute with scattering peaks, in the case of XRF 

(Morona et al., 2017). Satisfactory predictive models can also be obtained for OM if it is correlated with 
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texture attributes (Lima et al., 2019), which is a common correlation found for tropical soils (Van Raij, 

2011). For the other fertility attributes, such as CEC, pH, V, satisfactory predictive models can be 

obtained when such attributes present covariations with attributes more closely related to EAS spectra, 

such as textural attributes and extractable nutrients.  

 

2.6.1. X-ray fluorescence spectroscopy (XRF) 

The X-ray fluorescence technique is based on inducing fluorescence of a sample by means of 

its excitation with an incident X-ray source, followed by the measurement of specific photons that are 

emitted after this process (Kalnicky and Singhvi, 2001). The emitted photons also present energy in the 

X-ray region of the electromagnetic spectrum, this emitted energy is characteristic of each atom and, 

consequently, allows qualitative, and quantitative analyses of most elements present in the samples 

(Jenkins, 1995). Heavy elements [e.g., the ones with higher atomic numbers (e.g., Fe, Co, and Ni)] are 

more accurately measured than elements of low atomic number (e.g., Si, Al, and P). So, higher limits of 

detection (LOD) are observed for light elements. For example, P presents LOD of approximately 5000 

mg kg-1, whereas heavier elements, such as U, present a lower LOD of ~ 5 mg kg-1 (Weindorf and 

Chakraborty, 2016). In addition, elements with atomic numbers lower than 12 (e.g., N, B, C, Na, etc) 

cannot be detected by XRF technique (Jenkins, 1995); unless their concentrations are massively high and 

the XRF equipment has been configured to optimal conditions. The XRF spectra acquisition time is a 

parameter that must be configured on these sensors. Generally, it is recommended that the readings last 

for approximately 30–90 s, with the longer the dwell time, the greater the accuracy of the data (Weindorf 

and Chakraborty, 2016). 

Regarding sample preparation, procedures such as drying and comminution (e.g., reduction 

of particle size) allow the removal of moisture and promote homogenization of the sample, thus 

guaranteeing a gain in precision for XRF measurements (Krug and Rocha, 2016). However, 

simplification or omission of sample preparation may still produce promising results. O’Rourke et al. 

(2016) used dry samples with a particle size smaller than 2 mm (preparation procedure similar to that 

adopted for VNIR sensor) and obtained an R² higher than 0.70 for predicting the total content of K, Cr, 

Cu, Mn, and Zn. Weindorf et al. (2012) used a portable XRF to evaluate the chemical components in soil 

trenches, without any sample preparation. The authors reported that the technique allowed the 

observation of subtle chemical differences among the different horizons of the soil profile. Moreover, 

they also obtained good prediction models (R² > 0.90) for organic C.  

An interesting advantage of the XRF technique for proximal sensing is the lower influence of 

soil moisture on its spectra (Horta et al., 2015), specially when compared to VNIR sensors. Ge et al. 
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(2005) presented a simple method for correcting the effect of moisture, stating that its application is 

necessary only in samples with a gravimetric moisture content above 20%. Despite these researches, to 

the best of our knowledge, the XRF performance on samples with different moisture contents has never 

been evaluated for the prediction of soil fertility attributes. 

Regarding the performance of XRF for predicting fertility attributes, in soils of temperate 

regions, good prediction performances have been reported for pH prediction (Sharma et al. 2014), CEC 

(Sharma et al. 2015), V (Rawal et al., 2019), and soil texture (Zhu et al. 2011). In Brazilian tropical soils, 

satisfactory performances have been obtained for soil texture (Lima et al., 2019), chemical attributes (pH, 

V, and CEC) (Teixeira et al., 2018), organic matter (OM) (Morona et al., 2017), and extractable nutrients 

(ex-K, ex-Ca, and ex-Mg) (Silva et al., 2017; Tavares et al., 2019). Despite these studies, the application 

of XRF for tropical soil fertility analysis is in its early stages of development. 

Finally, we comment that a comprehensive overview of the fundamentals and applications of 

the XRF technique for soil analysis, as well as discussions on quality control protocols, spectral 

interferences, equipment, and safety procedures, are shown in the United States Environmental 

Protection Agency’s 6200 method (USEPA, 2007). 

 

2.6.2. Laser-induced breakdown spectroscopy (LIBS) 

This technique uses a laser as an energy source to vaporize part of the surface of the analyzed 

material, causing a microsampling by ablation and an immediate excitation of atoms and ions present 

at the ablation site. This excitation generates a microplasma that has its emission spectrum detected by 

a spectrometer, which is usually sensitive to the range between 200 and 900 nm (Harmon et al., 2013). 

The LIBS technique allows direct analysis of solids, having as important features its practicality, 

spectrum with multi-elemental capability, and micro-destructive character (Yu et al., 2016). Moreover, 

it can be considered a complementary technique to XRF since it allows the quantification of elements 

with atomic numbers lower than 12 (e.g., N, C, and Na). LIBS spectra acquisition is extremely fast, with 

the collection of 1–20 spectra per second, depending on the laser frequency (Krug and Rocha, 2016). 

For efficient predictive models using LIBS data, it is necessary to ensure that the laser 

promotes a congruent ablation in the analyzed samples, as well as has energy enough for an adequate 

plasma formation for the expulsion of the elements that compose the material (Senesi et al., 2009). In 

other words, the interaction between the laser and the sample—which involves ablation, vaporization, 

atomization, and excitation processes of the species in the plasma—must be reproducible (Gomes et al. 

2011). Variations in the amount of the ablationated matter make it difficult to model the elements and 

replicate the generated models. Thus, the sample preparation before the application of the LIBS 
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technique is of paramount importance and is one of the main challenges for applying the LIBS technique 

to soil samples under field conditions (Jantzi et al., 2016). Thus, although technological advances have 

allowed the development of portable LIBS sensors (already avalaible in the market by some companies, 

e.g., Sciaps, Inc., Woburn, USA), the application of such equipment for quantitative assessments in soil 

samples, directly in the field, still have the above-mentioned challenge to be overcome. 

In benchtop analysis, the pelletizing of samples is recommended for soil analysis. Pressed 

pellets are prepared by applying a high pressure (~784.53 MPa or 8 t cm-2) on dried and comminuted 

(with particle size usually < 150 µm) soil samples. The comminution of the material is usually performed 

with a cryogenic grinding mill or with a planetary ball mill. Sandy soils, with high presence of silicates, 

do not form pellets only by pressing the comminuted material and require the addition of a binder 

material (e.g., cellulose or paraffin) for this purpose. When necessary, the binder material used should 

not contain the elements of interest in the analysis, e.g., it must be inert. The pellet preparation, besides 

promoting material homogeneity, allows standardization of the density, porosity, and roughness of the 

sample surface (Krug and Rocha, 2016). The smaller the particle size to be pressurized, the more 

resistant and cohesive will be the pellet, and therefore will present more uniform craters after laser 

ablation and better measurement accuracy with LIBS (Carvalho et al., 2015). 

The LIBS technique has been proposed in recent years for the characterisation of soil fertility 

attributes (Nicolodelli et al., 2019). In Brazilian soils, some researches have shown the potential of this 

technique to predict clay, sand, and silt content (Villas-Boas et al., 2016), C (Nicolodelli et al., 2014), and 

pH values (Ferreira et al., 2015). In this latter study, the pH was predicted using emission lines of Al, 

Ca, H, and O, in association with multivariate statistical techniques. Knadel et al. (2017) compared the 

performance between a LIBS and VNIR sensors to predict organic C and textural attributes in 

agricultural soils. The authors obtained good results using both techniques; even though, the 

determinations performed with LIBS generally achieved lower prediction errors. The authors also 

emphasized that the sample preparation performed for the LIBS analyses (pressed pellet preparation) 

is a key disadvantage of this technique compared to VNIR spectroscopy. 

In order to improve the LIBS performance in soil analysis, some studies have suggested 

methodologies to reduce the physical matrix effect (Marangoni et al., 2016) and to correct spectral 

interferences (Nicolodelli et al., 2014). Nicolodelli et al. (2019) reviewed advances over the last decade 

for LIBS applications in soil analysis. They concluded that even though significant advances have been 

achieved in the detection limit of several elements, the reduction of matrix effects, the optimization of 

the signal-to-noise ratio, and the application of modern chemometric methods, other aspects, such as 

utilizing the LIBS application directly in the field remain challenging and unexplored. The authors also 

commented that the great progress achieved in LIBS instrumentation, as well as the advances for its 
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application in other areas (e.g., environmental and geological science), should encourage the agro-

scientific community to develop more studies on LIBS sensors. This would accelerate the development 

of new approaches that can overcome the many disadvantages and limitations associated with the LIBS 

technique in the agricultural sector. 

 

2.7. Multi-sensor data integration (data fusion) 

Soils offer numerous scales of spatial and temporal variation that can be monitored using 

different sensor systems. Although studies using single-sensor approaches have demonstrated potential 

for different applications, no sensor working alone can completely characterize the complexity of the 

soil (Nawar et al., 2017). Each soil sensor presents an exclusive perspective on the possibilities of 

predicting physical and chemical attributes along the soil profile, which is a function of its design 

concept and operation type. Multisensor systems and data fusion techniques allow integrating 

information collected at different scales (both vertically and horizontally in agricultural fields) and 

related to different soil properties in order to deal with the challenge of soil plurality (Grunwald et al., 

2015). 

Data fusion is a multidisciplinary field based on different areas, including information 

technology, signal processing, statistical assessment, and artificial intelligence (Khaleghi et al., 2013). 

Different forms of soil sensing integration can be applied, e.g., multisensor systems acting on a benchtop, 

joint operation of different sensor systems directly in the field, integration between proximal and remote 

sensing techniques. Recently, the number of published studies on data fusion for the prediction of soil 

attributes has increased (Nawar et al., 2017). Some key advantages of sensor integration that have been 

reported by scientific publications, are: (i) increments in the prediction accuracy compared to the single-

sensor case (O'Rourke et al., 2016); (ii) extend the number of soil attributes determined with satisfactory 

prediction performance (Mahmood et al., 2012); and (iii) the generation of new indices that allow 

subsidized localized management strategies (Benedetto et al., 2013; Mouazen et al., 2014).  

An example of information complementarity between different sensors is observed between 

EAS (e.g., LIBS and XRF) and DRS techniques (e.g., VNIR). The elemental analysis performed using EAS 

enables the characterisation of the inorganic constituents of soil samples, while VNIR spectroscopy 

determines the mineralogical and organic components. The synergy between these techniques and the 

integrated use of these sensors has been attempted by recent studies (Horta et al., 2015; Wang et al., 

2015; O’Rourke et al., 2016), which have shown better performance for predicting fertility attributes 

when using joint predictions rather than individual ones. Despite those recent advances, the ideal 

combination of sensors, as well as a robust and comprehensive strategy for data fusion for predicting 
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key fertility attributes are still unknown. Therefore, further studies in these areas should be encouraged 

within the soil sensing community, especially in Brazilian tropical soils. 

 

2.8. Final considerations 

The site-specific management of soil, based on the spatial diagnosis of fertility attributes, 

provides agronomic and environmental benefits to agricultural production systems. This localized 

management of soil fertility, wich is currently the main PA approach in Brazil, depends on an accurate 

mapping of key soil fertility attributes. Physical and chemical attributes related to soil fertility present 

different scales of spatial and temporal variations and their variability in the field is usually 

characterized by short-range semivariograms. Hence, for reliable mapping of most of these attributes, 

a high spatial density sampling (e.g., ≥ 1 sample ha-1) is required. This creates a soil sampling dilemma 

since increasing the density of soil sampling points means additional costs associated with laboratory 

analysis and more effort for sampling. Alternatively, soil sensor systems have been proposed to fill this 

information gap, allowing more practical, cheaper, and environmentally-friendly approaches. 

Technological advances in a wide variety of sensors made them smaller, more accurate, more 

efficient, and less expensive; then, better suited for field applications. Some sensors are compatible with 

the proximal soil sensing (PSS) concept, allowing the direct soil analysis (e.g., without sample 

preparation) in-situ. Other technologies still need some sample preparation to maintain an acceptable 

analytical performance [e.g., laser-induced breakdown spectroscopy (LIBS)] and should be considered 

for mobile laboratory approaches.  

The effective use of soil sensors for fertility attributes prediction involves overcoming several 

multidisciplinary challenges, which are listed below: (i) understanding the fundamentals of each 

technique, its potential and limitations, not to overestimate its potential; (ii) minimizing the loss of data 

quality when using PSS approaches; (iii) associating soil sensors spatial data with multivariate 

geostatistical approaches for a more accurate characterisation of the unsampled sites; (iv) adapting data 

fusion techniques with multi-sensor systems for a broader and more accurate characterisation of fertility 

attributes; and (v) developing general protocols to deal with field-by-field sensors’ performance 

variations. Finally, it is importante to mention that in view of the enormous demand for fertilizers and 

lime in Brazilian soils, even as the worldwide calls for food security and a sustainable production 

environment, the development of successful sensor-based approaches for soil management should be 

seen as a necessity and further research should be encouraged in Brazilian tropical soils. 
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Connecting text for chapter 3  

The ideal sample preparation for applying elemental analysis sensors consists of preparing 

pellets. This procedure involves grinding the sample—until a particle size generally less than 50 µm 

(using, e.g., ball or cryogenic mill)—followed by pressing the particles. This procedure is time-

consuming and requires specific equipment (e.g., a mill and a hydraulic press); therefore, it is not 

suitable with the practicality required for PSS applications. Although this procedure is, so far, 

mandatory for LIBS analyses, its simplification can be considered for XRF sensors. 

In chapter 3 we evaluated the possibility of simplifying this sample preparation for the XRF 

sensor application. Samples only dried and sieved (< 2 mm) were evaluated and compared with the 

XRF performance in pellets. We emphasize that this simplified sample preparation is similar to the one 

already established for analysis of soil samples using VNIR sensors in a controlled environment. The 

satisfactory performance of this method makes it possible to evaluate soil samples simultaneously with 

both sensors. 
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CHAPTER 3. SIMPLIFYING SAMPLE PREPARATION FOR SOIL FERTILITY ANALYSIS BY XRF 

SPECTROMETRY  

Abstract 

X-ray fluorescence (XRF) sensors allow one to collect digital data in a practical and 

environmentally friendly way, as a complementary method to traditional laboratory analyses. This 

work aimed to assess the performance of a XRF sensor to predict exchangeable nutrients in soil samples 

by using two contrasting strategies of sample preparation: pressed pellets and loose powder (<2 mm). 

Pellets were prepared using soil and a cellulose binder at 10% w w−1 followed by grinding for 20 min. 

Sample homogeneity was probed by X-ray fluorescence microanalysis. Extractable (ex-) nutrients were 

assessed by XRF furnished with a Rh X-ray tube and silicon drift detector. The calibration models were 

obtained using 58 soil samples and leave-one-out cross-validation. The predictive capabilities of the 

models were appropriate for both ex-K and ex-Ca determinations with coefficient of determination (R2) 

≥ 0.76 and ratio of performance to interquartile range (RPIQ) > 2.5. Although XRF analysis of pressed 

pellets allowed a slight gain in performance over loose powder samples for the prediction of ex-K and 

ex-Ca, satisfactory performances were also obtained with loose powders, which require minimal sample 

preparation. The prediction models with local samples showed promising results and encourage more 

detailed investigations for the application of XRF in tropical soils. 

Keywords: 1. Physical matrix effect 2. Pelletizing 3. Proximal soil sensing 4. Soil testing. 

 

3.1. Introduction 

X-ray fluorescence (XRF) is a spectroanalytical technique compatible with direct soil analysis, 

which can be applied with minimal or no sample preparation (Gredilla et al., 2016). The recent 

technological advance of the optical and electronic components allowed the development and 

miniaturization of this technology, and it has become attractive for use in hybrid laboratories and in-

situ analyses. Some studies have already pointed out the potential of using XRF sensors in proximal soil 

sensing (PSS) approaches (Weindorf and Chakraborty, 2016; Nawar et al., 2019). Despite that, XRF has 

been poorly explored for assessments of physical and chemical attributes of tropical soils, mainly under 

the context of PSS and precision agriculture. 

To use XRF sensors as a practical analytical method in hybrid laboratories—in order to ensure 

a massive increase in the number of samples analyzed—it should be compatible with a simple soil 

sample preparation (e.g., just air-dried and sieved rapidly). Recent studies involving XRF sensors for 

practical analysis of soil attributes have used dried samples with particle sizes smaller than 2 mm 

(Sharma et al., 2014, 2015; O’Rourke et al., 2016; Nawar et al., 2019). It is a consensus that pellet 

preparation after grinding the soil allows one to explore the potential of the XRF technique in soil 

analysis (Jantzi et al., 2016). The preparation of a pellet is recommended for analyses with the XRF 
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technique because it improves the homogeneity of the material and also allows one to control the 

density, porosity and surface roughness characteristics, reducing the physical matrix effects (Takahashi 

et al., 2015). Although it is known that the preparation of pellets guarantees better precision in the 

measurements performed with the XRF (Krug and Rocha, 2016; Shibata et al., 2009), recent studies have 

assumed that, when analyzing soil samples with particle sizes smaller than 2 mm, its heterogeneity and 

physical matrix effects can be neglected. 

XRF analyses are more flexible with regards to sample preparation because—unlike other 

elemental analysis techniques, such as laser induced breakdown spectroscopy (LIBS)—they also allow 

one to evaluate loose powder (Shibata et al., 2009 ). However, we did not find any study comparing XRF 

performance for the prediction of fertility attributes on soil samples that were just dried and sieved (<2 

mm) with samples prepared with the optimal sample preparation method. Therefore, the level of 

performance loss when neglecting the physical matrix effect and heterogeneity is unknown. For a robust 

development of the XRF technique as a practical tool for soil fertility analysis, one of the key points is 

to understand the tradeoff between analytical performance and sample preparation, in order to reduce 

or eliminate these procedures based on the analytical potential of the sensor for each sample condition. 

Such knowledge is important for the development of PSS applications using this tool. 

To evaluate the possibility of simplifying the sample preparation procedure for XRF analyses, 

this work aimed to assess the performance of a portable XRF (pXRF) to predict extractable nutrients in 

soil samples prepared using two contrasting types of sample preparation: pellets and loose powder (≤2 

mm). The effect of sample preparation in the spatial distribution of nutrients on the sample surface was 

evaluated using a benchtop microprobe X-ray fluorescence spectrometry (µ-XRF). Moreover, a 

procedure for preparation of soil pellets, involving planetary ball milling and the use of binding agents 

was also assessed. 

 

3.2. Material and Methods 

3.2.1. Soil samples 

A set of 58 soil samples were selected for the comparison of their exchangeable nutrients 

content with the X-ray fluorescence produced by the pellet and loose powder samples. These samples 

were collected from 0 to 0.2 m soil depth in an agricultural field located at the southeast region of Brazil, 

in the municipality of Piracicaba, state of São Paulo (at coordinates 22°41'57.24" S and 47°38'33.33" W, 

WGS84 datum). The soil is classified as Lixisol (IUSS, 2014) with a clayey texture and high nutrient 

variability.  
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The soil samples were air-dried and sieved (<2 mm) and after that, three subsamples were 

separated: (i) 0.8 g was used for pelletizing, (ii) 10 g was analysed as loose powder, and (iii) about 30 g 

was used for the reference measurements. 

 

3.2.2. Sample preparation 

For pelletizing, the samples (particles < 2 mm) were initially dried at 105 °C for 24 h and 

thereafter ground in a planetary ball mill (Retsch model PM 200 mill, Germany) (Figure 1A) by using 

two grinding tungsten carbide jars (50 mL; Retsch, Germany) with 10 tungsten carbide balls (10 mm 

diameter) (Figure 1B). Grinding was performed at 400 rpm for 5 min clockwise/5 min counter clockwise 

with a 10-s stop before changing the rotation direction. 

Preliminary experiments were carried out by just pressing the soil samples without a binder. 

It was observed that for the sandier sample (clay content of 175 g dm−3) the resulting pellets were friable 

and easily crumbled (Figure 2A). Therefore, binder addition was decisive for improving the quality of 

the pellets. The binders tested were chosen based on their similarity to the analytical blank, e.g., lower 

analyte mass fractions of elements evaluated in the soil fertility (e.g., P, K, Ca, and Mg). In this case, 

binding agents, such as a microcrystalline cellulose powder (Sigma-Aldrich, Merck, Darmstadt, 

Germany), and cellulose (SPEX 3642, Metuchen, NJ, USA) were evaluated in the proportion of 10 and 

15% w w−1, with grinding/homogenization times of 10, 15, and 20 min. 

 

 

Figure 1. Planetary ball mill (A), loose soil inside the tungsten carbide jars with the tungsten carbide balls (B) 

and hydraulic press (C), which were used at work. 

 

The grinding and homogenized samples were pelletized in a hydraulic press (SPEX 3624B X-

Press) (Figure 1C) by transferring 0.8 g of the powdered material to a stainless steel set and applying 8.0 

t cm−2 for 3 min. Cylindrical pellets were approximately 15 mm diameter and 2 mm thick, with mass per 
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unit area of 0.45 g cm−2. The pellets were visually inspected, evaluating their homogeneity aspect and 

integrity. Furthermore, an XRF spectra (obtained with pXRF, as described below in Section 3.2.5.) of a 

pellet and a loose soil sample were also compared in order to assess possible contamination during the 

milling process. Further experiments were performed with 10% w w−1 cellulose binder (Sigma-Aldrich, 

Merck, Darmstadt, Germany) and 20 min of grinding in a planetary ball mill. 

Sample presentation in the form of loose powder was also considered for the analysis. The air-

dried samples were sieved in a sieve with apertures of 2 mm. Ten grams of test sample was transferred 

to an XRF polyethylene cup of 31 mm (n. 1530, Chemplex Industries Inc., Palm City, FL, USA) assembled 

with a 4-μm thick polypropylene film (n. 3520, SPEX, USA). 

 

3.2.3. Soil laboratory analysis 

Soil testing conducted by a commercial laboratory determined the extractable (ex-) contents 

of P, K, Ca and Mg via ion exchange resin extraction. Clay content was quantified by the Bouyoucos 

hydrometer method in dispersing solution. The pseudo total content (ptc) of P, K, Ca and Mg were also 

analyzed following the USEPA Method 3051A (Element, 2007). The latter methods involve the 

extraction of ions using HNO3 and HCl. The multielement quantification was made by inductively-

coupled plasma optical emission spectrometry (ICP OES). The term ptc is used, because it is not a total 

digestion method. Despite this, this method presents proportional recoveries to the most aggressive 

methods for the determination of elements in tropical soils (Nogueirol, 2013), allowing one to 

understand the relationship between extractable and total content of the elements evaluated. In 

addition, it is a method that requires less time for digestion, less consumption of acids and lower risks 

of environmental contamination (Silva et al., 2014). 

 

3.2.4. μ-XRF chemical images 

µ-XRF is a type of energy dispersive X-ray fluorescence that employs a micrometric beam with 

a shape and size defined by a primary optic element; this can be done by a simple collimator, an optical 

capillary or a focusing mirror (Tian et al., 2014; Rodrigues et al., 2018). In this work, the µ-XRF technique 

was employed to characterize, on the sample surface, the influence of the sample preparation method 

on the spatial distribution of elements of interest. 

The net intensities for K and Ca Kα emission lines were characterized with high spatial 

resolution on the surface of loose soil and pellet samples. A benchtop µ-XRF system (Orbis PC EDAX, 

United States) furnished with a Rh anode X-ray tube was used. The detection was carried out by a 30 
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mm2 silicon drift detector (SDD). The µ-XRF tube current and voltage was operated at 15 kV and 200 

μA, respectively; the beam size used was 30 μm and no primary filter was used; the live time was set to 

2 s per spot; and the analysis was carried out under vacuum. In each sample, 800 points (matrix of 32 × 

25 points) were evaluated in an area of about 2.32 mm2 (1.60 × 1.45 mm). 

Chemical images showing the variability of K and Ca, produced by Orbis Vision software, 

were linearly interpolated using Origin Lab 2016. The mean, maximum and minimum values, as well 

as the coefficient of variation (CV)—the ratio between the standard deviation and the mean expressed 

in percentage—were also calculated. P and Mg Kα emission lines were not identified in the samples, 

which did not allow the evaluation of these element lines. Similar µ-XRF analysis procedures are 

described by Rodrigues et al. (2018). 

 

3.2.5. pXRF measurements and its performance evaluation 

The measurements were carried out using a portable energy dispersive X-ray fluorescence 

spectrometer, Tracer III–SD model (Bruker AXS, Madison, USA), equipped with a 4 W Rh X-ray tube and 

12 mm2 of active area, and a X-Flash® Peltier-cooled SDD, with 2048 channels (Bruker AXS, Madison, 

USA). The tube operated at 23 μA and 15 kV, and emission intensities were measured for 90 s without 

vacuum. The voltage configuration was chosen based on the interest in low atomic number elements and 

the current, in order to keep deadtime below 15%, and avoiding spectral distortions and artifacts. Soil 

samples were measured in triplicate at different portions of its surface. To ensure the same attenuation 

conditions of the loose soil samples, the pellets were placed on a 4-μm-thick polypropylene thin-film. 

All data were acquired using the software Bruker S1PXRF® (Bruker AXS, Madison, USA). The 

data were obtained through the deconvolution process using the Artax® (Bruker AXS, Madison, USA). 

The Kα emission characteristic lines of the elements P, K, Ca and Mg were evaluated. However, only K 

and Ca presented detectable emission lines, which were evaluated by their signal-to-noise ratio (SNR) 

and intensity, through the counts of photons per second (cps). The SNR was determined by dividing 

the characteristic X-ray net intensities by the background square root (Ernst et al., 2014), and the cps 

were obtained by the ratio of total X-ray intensity to detector live time. The standard deviation (SD) 

behavior of the intensity of the K and Ca Kα emission lines within the replicates was also evaluated for 

both sample preparations. 

The intensity of K and Ca Kα emission lines, obtained from pellets and loose soil samples, were 

compared with the exchangeable contents of these nutrients. Calibration models were built using simple 

linear regressions (a univariate model), with the independent variable being pXRF data and the dependent 

variable being the soil property measured via commercial laboratory procedures. The prediction models 
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were validated using “leave-one-out” full cross-validation. The quality of the developed calibration was 

assessed with the coefficient of determination (R2), the root mean square error (RMSE) and the ratio of 

performance to interquartile range (RPIQ), as recommended by Bellon-Maurel et al. (2010). The following 

arbitrary groups were used for simplifying the interpretation, as proposed by Nawar and Mouazen (2017): 

(1) excellent models (RPIQ > 2.5), (2) very good models (2.5 > RPIQ > 2.0), (3) good model (2.0 > RPIQ > 1.7), 

fair (1.7 > RPIQ > 1.4), and very poor model (RPIQ < 1.4). The descriptive statistics of soil fertility and the 

correlation between pseudo total and exchangeable contents were also determined. 

 

3.3. Results 

3.3.1. Soil pelletizing procedure 

The pelletizing of sandy soil samples (e.g., about 175 g dm−3 of clay content) was only possible with 

the addition of binder. In the initial tests, which evaluated different grinding times, they did not form pellets 

without the addition of binder (Figure 2A). In general, pellets produced after 10 and 15 min of grinding were 

brittle, except for pellets containing 15% w w-1 of binder (Figure 2B), which, in turn, were less homogeneous 

with white spots on their surface. The best cohesion between particles was obtained with 20 min of grinding. 

For this milling time, the pellet with 15% w w-1 of binder was slightly less heterogeneous than the pellet with 

10% w w−1. In relation to the brand, microcrystalline cellulose powder (Sigma-Aldrich, Merck, Darmstadt, 

Germany) presented more cohesive pellets. The best results were observed for pressed pellets prepared from 

soil mixed with cellulose binder at 10% w w−1 and ground for 20 min. 

 

Figure 2. Soil samples without the addition of binder and with different grinding times (A); pellets resulting from 

tests with different grinding times, cellulose concentrations and brands (B). 
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Tungsten (W) contamination was observed in these ground soil samples. This contamination 

was caused by the tungsten carbide ball mill and it was evidenced by the W L-emission lines presented 

in the pellet spectrum, which were not observed in the loose soil spectrum (Figure 3). In the XRF spectra, 

W presents L and M-emission lines with energy lower than 15 keV, as highlighted in the red lines in the 

spectrum of Figure 3. In this range, the main W emission lines present energy of 1.77 (Mα), 1.83 (Mβ), 

8.39 (Lα), 9.67 (Lβ1) and 9.95 keV (Lβ2). The effect of this contamination is best seen on L-emission lines, 

as they do not overlap with any other emission lines present. The W M-α line overlaps with Si (1.74 

keV) and can also promote the enhancement of the Al Kα line (Al Kedge = 1.55 keV) due to secondary 

radiation excitation (chemical matrix effect). Thus, this W interference must be considered and corrected 

in the case of Al quantification. For the Ca and K determinations performed in this work, contamination 

with W was not a limiting factor. 

 

Figura 1.  X-ray fluorescence spectra obtained with pXRF equipment using the pellet and loose soil sample. 

Tungsten (W) emission lines were identified with red lines. The emission spectra intensity is shown in the logarithm 

to reduce the differences in scales between the emission lines, allowing a better qualitative assessment. 

 

3.3.2. μ-XRF chemical images and sample homogeneity 

The spatial distribution patterns of Ca and K at the pellet and loose soil surface are shown in 

Figure 4. For both elements, the preparation of pellets resulted in more homogeneous surfaces than those 

observed for loose soil. The particle size reduction—required for pellet production—allows one to 

homogenize the distribution of the different elements in the sample, which occurs because it fragments 
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the regions where these elements are agglomerated (nuggets). In the loose soil sample, the presence of 

nuggets can be observed for the Ca and K (Figure 4B,C, respectively), which do not appear in the pelletized 

samples. The homogenization promoted by pelletizing drastically reduced the CV of both Kα emission 

line intensities, oscillating from 100.17% to 13.03% for Ca and from 46.09% to 18.01% for K, respectively. 

 

Figure 4. μ-XRF chemical images showing the spatial distribution of Ca and K in the loose soil sample (B and C, 

respectively); Ca and K in the pellet sample (E and F, respectively). Photo of the analyzed area of (A); the loose soil 

(A) and pellet (D). 

 

3.3.3. Soil extractable nutrient prediction using a pXRF spectrometer 

Soil samples were characterized by clayey texture, low variability of clay content (between 345 

and 511 g dm−3) and high variability of extractable nutrients (Table 1). According to the local fertility 

interpretation (Van Raij et al., 2001), the level of ex-P content oscillates between low to medium; and the 

level of ex-K, ex-Ca and ex-Mg content varies between medium to very high. These samples are also 

characterized by a significant correlation between extractable and pseudo total contents for all nutrients. 

A descriptive summary of these analyses is presented in Table 1. 
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Table 1. Descriptive statistics of extractable and pseudo total nutrients and the correlation between the respective 

nutrients. 

Exchangeable Nutrients Pseudo Total Contents 
 ex-P ex-K ex-Ca ex-Mg ptc P ptc K ptc Ca ptc Mg 
 mg dm−3 mmolc dm−3 mg kg−1 

Min 7.00 1.70 27.00 11.00 405.31 154.04 492.42 411.59 

Mean 20.20 5.14 49.12 26.28 489.93 318.10 750.51 607.38 

Max 46.00 10.30 78.00 54.00 669.18 477.18 1225.91 789.65 

SD 8.42 1.78 12.89 10.66 55.74 79.00 159.46 112.31 

CV (%) 41.69 34.60 26.25 40.57 11.38 24.84 21.25 18.49 

Correlation with pseudo total 0.79 * 0.67 * 0.83 * 0.52 *     

* Significant correlation at the probability level of 0.01. 

 

The qualitative evaluation of the XRF spectra (Figure 3) allowed us to identify the K and Ca 

emission lines, but no fluorescence emission was detected for Mg and P. The XRF intensity and the SNR 

of K and Ca were slightly higher for loose soil than pellet samples, and both had a highly significant 

correlation (r > 0.9) between pellet and loose soil, indicating that the changes promoted by sample 

preparation were well standardized for all samples (Figure 5). Despite the small gain in fluorescence 

intensity (an average of 4.21 and 15.31 cps for K and Ca, respectively) and in SNR (an average of 0.63 

and 2.49 for K and Ca, respectively), when evaluating the behavior of the emission line intensity SD for 

the replicates, we can observe that the loose soil samples presented greater variation in relation to the 

pellets, both for K and Ca (Figure 5E,F, respectively). The replicate SD is an indicator of the reading 

precision. In this work, the lower precision of the loose soil samples might be related to their lower 

homogeneity in relation to the pelletized ones. Despite this loss of precision among the different 

replicates obtained in loose soil samples, the triplicate scans smoothed this effect. After averaging the 

replicates, the distribution of the XRF intensity showed a similar distribution between both sample 

preparations (Figure 5A,B). 

Regarding the regression analysis, there was a slight reduction of precision in the calibration of ex-

K and ex-Ca in loose powder soil samples, marked by a slight increase in error and reduction in R² 

(Figure 6). Comparing the loose soil samples in relation to the pellet samples, the prediction error of ex-

K increased from 0.65 to 0.78 mmolc dm−3. Similarly, for the ex-Ca prediction, the error increased from 

5.89 to 6.12 mmolc dm−3. Moreover, concerning the R² values, it oscillated from 0.87 to 0.81 for ex-K, and 

from 0.78 to 0.76 for ex-Ca. Besides that, all prediction models, obtained from both pellet and loose soil, 

showed excellent performance in their validation with RPIQ values above 2.5.  
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Figure 5. Box plot of the Kα emission line intensity of K and Ca (A and B, respectively), after averaging the 

replicates. Box plot of the signal-to-noise ratio (SNR) of the Kα emission lines of K and Ca (C and D, respectively), 

after averaging the replicates. Box plot of the standard deviation (SD) of the Kα emission line intensity of K and Ca 

(E and F, respectively) for the replicates. The Pearson correlation between the pellet and loose soil is also presented 

(correlations followed by * were significant at the probability level of 0.01; correlations followed by ns were not 

significant). 

 

 

Figure 6. Scatter plots of measured versus predicted ex-K, for the pellets and loose soil (A and B, respectively), and 

of measured versus predicted ex-Ca, for the pellets and loose soil (C and D, respectively). Models were obtained 

using simple linear regressions with the Kα emission lines of each element (n = 58) and the validation was performed 

by “leave-one-out” full cross-validation. 
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3.4. Discussion 

Even if the XRF technique is flexible concerning sample preparation, there is a consensus that 

pellet preparation increases the data precision (Krug and Rocha, 2016). Pellet preparation consists of 

conforming and binding the samples into a specific shape. For pellet formation, the soil samples must 

be grinded to an extremely fine powder by using a grinder; furthermore, a proper binding agent can 

also be necessary (Gondal et al., 2007). In this work, a procedure for soil pellet preparation was 

evaluated, with and without binding agents. Sandy soils are more likely to not form pellets without the 

use of a binder (Jantzi et al., 2016). In our work, it was perceived for samples with clay content around 

175 g dm−3. During testing for optimizing binder concentration and ball milling time, it was observed 

that increasing the grinding time, as well as the binder concentration, improves the cohesion between 

the particles of the pellet. In contrast, higher concentrations of binder (e.g., 15% w w−1, in this work) 

make it difficult to homogenize it. It is known that the smaller the particle size to be pressurized is, the 

more resistant and cohesive the pellet will be (Carvalho et al., 2015). However, pellet preparation in 

different soil sample sets can be optimized with different binder concentrations and milling time. To 

optimize these conditions, we suggest conducting preliminary tests, as described in this Chapter. 

The reduction of the particle size, before pressing the material, promotes sample 

homogenization (Gondal et al., 2007). Both the element spatial patterns and the SD behavior on the 

replicates, clearly showed gain on homogeneity after pelletizing. The lower homogeneity of loose soil 

samples should be considered for determining the number of replicates during data acquisition with a 

pXRF device. Due to the high variability of element distribution in loose soil samples, a greater number 

of scans has to be acquired for more accurate representation of the sample surface, and then, different 

spectra can be averaged (Jantzi et al., 2016). In this work, pXRF spectra were obtained in triplicate (at 

different positions) and were sufficient for a good characterisation of both sample preparation samples. 

One point to consider while milling samples is the possibility of contamination. Two types of 

contamination can occur, cross-contamination, due to inefficient cleaning when changing samples, 

and/or contamination with milling surfaces (e.g., agate and tungsten carbide), due to the abrasion 

between the sample and mill components. In addition to the careful execution of cleaning procedures, 

the milling surfaces should be considered in terms of hardness and elemental composition to avoid the 

risk of sample contamination (Jantzi et al., 2016). In this work, the grinding in a ball mill made of 

tungsten carbide contaminated the samples with W. Soil samples usually have hard minerals, like 

silicates, and W should not be measured when tungsten carbide milling jars and balls are used for 

milling soil (Jantzi and Almirall, 2014). Specifically, in XRF analysis, W contamination can also be a 

problem for the determination of Si and Al, as described in the previous section. Iwansson and 

Landström (2000) showed that this kind of contamination is higher in quartz-rich samples and increases 
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with grinding time. When the element contamination (e.g., W) is the same one that is to be quantified, 

the values must be adjusted, discarded, or over-looked to avoid misinterpretation of the results 

(Iwansson and Landström, 2000). 

Pelletizing also reduces surface roughness effects and increases the density of the material 

(Gondal et al., 2007). Theoretically, reducing sample roughness means decreasing the physical matrix 

effect, which would attenuate part of the fluorescence produced by the analytes, and increasing the 

density of samples and fluorescence intensity (Shibata et al., 2009). Thus, a higher fluorescence yield 

and an upsurge in the SNR were expected for the emission lines of the pelletized samples, due to the 

increase of their density and reduction of the physical matrix effect (Takahashi, 2015). Nevertheless, this 

behavior was not observed in this work. In turn, the addition of binder (10% w w−1), as well as the 

contamination by W, and the differences in homogeneity found (Figure 4B,E), appear to be the factors 

that influenced this behavior, slightly altering the chemical composition of the pellet samples and, 

consequently, their fluorescence production. 

Soil samples are naturally heterogeneous and therefore comminution procedures are 

generally recommended for improving matrix homogenization, and should yield homogeneous pellets 

(Gondal et al., 2007). Ultimately, this can avoid heterogeneity effects, such as grain size effect, 

mineralogical effect, and segregation, factors that cause errors in the XRF analysis (Morikawa, 2014). 

However, in this work, the prediction models of ex-Ca and ex-K using pellets showed just a small 

performance gain over those obtained in loose powder soil samples. Using loose powder soil, prediction 

models for ex-Ca and ex-K calibrated with the 58 local samples obtained excellent performances, with 

RPIQ values over 2.5. These results are promising and encourage more detailed investigations on the 

application of the XRF technique.  

The possibility of XRF application on soil samples that have just been dried and sieved (<2 

mm), with satisfactory predictions of ex-K and ex-Ca using local models, is a promising alternative to 

increasing the efficiency of analytical procedures. In addition, this level of sample preparation is 

compatible with evaluations using VNIR diffuse reflectance, opening the potential to exploit joint XRF 

and VNIR sensors on these types of samples.  

A simple calibration method was applied in this work, using only the emission line of the 

elements of interest for predictive modeling. XRF spectra are multi-informational, allowing the 

measurement of several soil properties from a single scan. This is possible because each spectrum stores 

a large amount of information along with its emission lines and different types of scattering (e.g., 

Compton and Thomson scattering), not strictly related to the elementary constituents of the samples 

(Morona et al., 2017). In this sense, predictive modeling based on multivariate statistics and machine 

learning methods are an alternative to better exploit the hidden information present in XRF spectra 
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(Panchuk et al., 2018), and it can enable robust determinations of fertility attributes that have an indirect 

relationship with inorganic soil constituents such as pH, cation exchange capacity, base saturation and 

texture. 

Finally, it is worth noting that this study was conducted under a clayey lixisol, which is a 

representative and common type of soil in Brazilian tropical areas (EMBRAPA, 2018). Therefore, this 

pioneering evaluation provided useful information to help XRF users—who aim to use this technique 

as a tool for practical soil analysis—to understand that the expected effects of sample preparation related 

to heterogeneity and physical matrix effects can be neglected. However, it is fundamental to also 

validate other types of soils with contrasting textural classes, which can proportionate distinct levels of 

physical matrix effects. 

 

3.5. Conclusion 

The addition of a binder was decisive for improving the quality of the pellets. The best results 

for soil preparation in the form of pellets were obtained with samples prepared with cellulose binder at 

10% w w−1 and ground for 20 min.  

Pressed pellets allowed a slight gain in performance over loose powder samples for the 

prediction of ex-K and ex-Ca. In spite of that, predictions in loose powder soil for ex-Ca and ex-K, 

calibrated with 58 local samples, obtained excellent performances in their validation, showing that it is 

possible to reduce the optimal sample preparation of XRF analyses for predicting soil nutrients. 

However, loose samples are less homogenous than pellets, and scanning loose soil samples in replicates 

is important for smoothing this effect. 

The prediction models of ex-K and ex-Ca calibrated with local samples presented promising 

results. More detailed investigations are necessary to foster the application of the XRF technique in 

agricultural soil samples for determination of soil fertility attributes.  
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Connecting text for chapter 4 

Recent studies have evaluated the performance of XRF sensors for predicting soil fertility 

attributes. However, most of those studies have used pre-programmed packages [e.g., Soil Mode (Innov-

X Systems, Inc., MA, USA) and Geo Exploration (Bruker AXS, WI, USA)] for XRF data acquisition and 

processing, which are not fully transparent when implementing these actions. In addition, those 

packages have specific and non-flexible routines that limit the optimization of strategies for using XRF 

sensors in the precision agriculture context. A critical example of this lack of flexibility is the 

impossibility to evaluate the XRF performance with a reduced scanning time (e.g., between 3 and 15 s), 
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which is mandatory for in-situ applications using this technique. Hence, it is necessary to establish 

transparent and optimized instrumental conditions (e.g., X-ray tube configuration) and data processing 

(e.g., pre-processing procedures and modeling approach) for assessing fertility attributes using XRF 

sensors. To the best of our knowledge, no previous study attempted to optimize those parameters for 

assessing soil fertility attributes.  

Chapter 4 evaluates and suggests a novel methodology for XRF data acquisition and 

processing for soil fertility attributes assessment. The proposed method is simple and transparent, 

making it possible for further optimization related to XRF parameters, such as reducing its scanning 

time.  

The study conducted in chapter 4 fulfills part of the first objective of this thesis and allows to 

proceed with the evaluation of the determining factors for in-situ applications with the XRF sensor, the 

third objective of this thesis (addressed in chapter 7). The main findings of chapter 4 were reported in 

two original articles, which were published in the journals Remote Sensing and Agronomy. The 

reference of these studies are listed bellow. 
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CHAPTER 4. ASSESSING KEY SOIL FERTILITY ATTRIBUTES USING XRF: AN OPTIMIZED PROCEDURE 

FOR DATA ACQUISITION AND PROCESSING 

Abstract 

The successful use of X-ray fluorescence (XRF) sensors for soil analysis requires the selection of 

an optimal procedure of data acquisition and processing (e.g., pre-processing and modeling). This Chapter 

has three objectives: (i) evaluate the performance of an XRF configured with different X-ray tube voltages 

(15 and 35kV) to predict fertility attributes [clay, organic matter (OM), cation exchange capacity (CEC), 

pH, base saturation (V), extractable (ex-) nutrients (ex-P, ex-K, ex-Ca, and ex-Mg)] in agricultural fields; 

(ii) evaluate the combined effect of Compton normalization (CN) and multivariate regressions [multiple 

linear regression (MLR) or partial least squares regression (PLSR)] on the attenuation of the soil matrix 

effects in order to improve the prediction accuracy of key soil fertility attributes; and (iii) compare the 

prediction performance achieved with the proposed solutions to that obtained from the Geo Exploration 

package (Bruker AXS, Madison, WI, EUA), a pre-developed measurement package commonly used by 

the scientific community. For that, 102 soil samples collected from two agricultural fields in Brazil with 

contrasting soil texture were used. The data analysis was divided in two parts. In part 1, two different 

X-ray tube configuration scenarios used to build the predictive models with MLR: (i) 10 emission lines 

of 15 keV spectra (EL-15), and (ii) 12 emission lines of 35 keV spectra (EL-35). In part 2, two pre-

processing scenarios were applied to the emission lines of the EL-35 scenario, including with (ELC) and 

without (EL) the CN. Univariate regression models for the prediction of clay, CEC, ex-K and ex-Ca were 

compared with the corresponding MLR and PLSR models to assess matrix effect mitigation. The results 

of part 1 showed that the different X-ray tube configurations did not influence the prediction of the 

studied key fertility attributes. In addition, satisfactory predictions with residual prediction deviation 

(RPD) ≥ 1.54 and coefficient of determination (R²) ≥ 0.70 were obtained for the eight out of nine studied 

soil fertility attributes (clay, OM, CEC, V, ex-K, ex-Ca, and ex-Mg). The results of part 2 showed the 

MLR and PLSR models improved the prediction results of the univariate models for both pre-processing 

methods (EL and ELC), proving to be promising strategies for mitigating the matrix effect. In turn, the 

CN also mitigated part of the matrix effect for ex-K, ex-Ca, and CEC predictions (not for clay), by 

improving the predictive performance of these elements when used in univariate and multivariate 

models. The prediction performances obtained using MLR and PLSR were comparable for all evaluated 

attributes. The combined use of CN with multivariate regressions (MLR or PLSR) achieved excellent 

prediction results for CEC (R2 = 0.87), ex-K (R2 ≥ 0.94), and ex-Ca (R2 ≥ 0.96), whereas clay predictions 

were comparable with and without CN (0.89 ≤ R2 ≤ 0.92). We suggest using multivariate regressions (MLR 

or PLSR) combined with the CN to remove the soil matrix effects and consequently result in optimal 

prediction results of the studied key soil fertility attributes. The prediction performance observed for this 

solution showed comparable results to the approach based on the preprogrammed measurement package 

tested (Geo Exploration package, Bruker AXS, Madison, WI, USA). The simple and transparent 

methodology suggested by this Chapter also enables future researches that seek to optimize the XRF 

scanning time in order to speed up the XRF analysis in soil samples.  

Keywords: 1. Proximal Soil Sensing 2. X-ray tube configuration 3. Matrix effect attenuation 4. Soil 

testing. 
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4.1. Introduction 

X-ray fluorescence (XRF) spectrometry is one of the promising proximal soil sensing (PSS) 

techniques, as it allows analyses with satisfactory performance using minimum sample preparation 

(Tavares et al., 2019). XRF sensors enable measuring the total content of specific elements in the soil (e.g., 

Fe, Al, Si, Ca, and K) and can be used as a proxy for indirect predictions of other soil attributes (e.g., pH, 

cation exchange capacity (CEC) and texture) (Weindorf and Chakraborty, 2016). Some researchers have 

applied XRF sensors to assess fertility attributes in soil samples and satisfactory results were reported 

for soil texture (Zhu et al., 2011), pH (Sharma et al., 2014), CEC (Sharma et al., 2015), base saturation (V) 

(Rawal et al., 2019), total content of nutrients (Nawar et al., 2019), and extractable nutrients (Towett et 

al., 2015). In Brazilian tropical soils, recent research has shown promising performance for organic 

matter (OM) (Morona et al., 2017), extractable (ex-) nutrients (ex-P, ex-K, ex-Ca, and ex-Mg) (Silva et al., 

2017; Andrade et al., 2020), chemical attributes (e.g., CEC, V, and pH) (Silva et al., 2017; Teixeira et al., 

2018; Santos et al., 2020), and texture (Silva et al., 2016). Studies applying XRF in agricultural soils for 

predicting key fertility attributes are still preliminary and further works are needed for a comprehensive 

understanding of its applications particularly in tropical soils (Andrade et al., 2020; Silva et al., 2019). 

Most of the studies that applied XRF in the PSS context used pre-developed (pre-

programmed) measurement packages (e.g., Soil Mode, Innov-X Systems, Inc., MA, USA), which have 

specific routines for spectra acquisition and processing (Zhu et al., 2011; Weindorf et al., 2012; Sharma 

et al., 2014, 2015; O’Rourke et al., 2016; Silva et al., 2017; Teixeira et al., 2018; Silva et al., 2019; Andrade 

et al., 2020). These factory calibrations involve the standardization of some parameters, such as (i) X-ray 

tube configurations (e.g., voltage and current), (ii) number consecutive irradiations, (iii) scanning time 

(dwell time), (iv) filters and (v) types of spectral pre-processing (e.g., Compton normalization, etc). 

Although these packages allow for a user-friendly approach that contributes to the popularization and 

expansion of the XRF application, they are not fully transparent and do not allow for flexibility 

regarding the time of analysis. Faster XRF analyses are fundamental to increase the agility of benchtop 

analysis, as well as creating new perspective for using this sensor embedded on mobile sensor platforms 

for on-line measurements. Therefore, the development of clear and objective methods of operating XRF 

should be prioritized (Bowers et al., 2019), since they allow for an unbiased scientific evaluation and 

also the optimization of data acquisition and processing routines necessary to reduce the time of 

analysis with XRF sensors.  

The X-ray tube voltage and current are important configurations of the energy-dispersive X-

ray fluorescence (ED-XRF) equipment. ED-XRF equipment uses a polychromatic beam (also called 

continuous radiation or bremsstrahlung radiation) to excite the sample and, by changing the voltage of 

the tube, the energy intensity and the amplitude of this continuous spectrum are changed (Jenkins, 
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2012). In turn, as the current is increased, the X-ray intensity (number of photons emitted from the tube 

filament, e.g., the photon flux) of the continuous spectrum also increases (Lindgren, 2000). In other 

words, the voltage impacts the energy range and intensity of the continuous spectrum used for 

excitation while current impacts mostly its intensity. Hence, the X-ray tube configuration alters the 

fluorescence yield of a given analyte (Potts et al., 1984) and can, therefore, impact the performance of 

prediction models. Usually, lower voltages of the X-ray tube (≤15 keV) increase the fluorescence yield 

of light elements (e.g., Si, Al, K, Ca, etc.), which can be a promising setup in XRF analyses of agricultural 

soils. On the other hand, a spectrum acquired at such low voltage does not contain the well-defined Kα 

scattering peaks, which are usually present when using higher energies. For example, in equipment 

with Rh-anode tube, the elastic (Thomson) and inelastic (Compton) scattering peaks appear between 18 

and 22 keV. However, these scattered X-rays can also be important because they can be explored as a 

source of soil information (Panchuk et al., 2018).  

Another challenge of applying XRF for soil analysis is the matrix effect. Due to the 

heterogeneous and complex nature, XRF analysis of soils is prone to matrix effects (Bowers, 2019), which 

refer to the influences of the different soil constituents in promoting absorptions or enhancements of 

emission lines of a given analyte under consideration (USEPA, 2007). Pre-developed measurement 

packages generally use strategies to mitigate the matrix effect (Bowers, 2019). A simple and widespread 

method for matrix effect correction is the Compton normalization (CN), which consists of using the 

Compton peak to normalize the analyte emission line (Yılmaz and Boydas, 2018). As the Compton peak 

intensity is inversely proportional to the average atomic mass of a sample, it may play an important role 

in discriminating between different sample sets each having similar matrices. Another alternative 

solution for mitigating the matrix effect is the use of multivariate statistics approaches (e.g., multiple 

linear regression (MLR) or partial least squares regression (PLSR)) with emission lines intensities and 

scattering peaks used as input X-variables (Panchuk et al., 2018). However, models should be 

established with soil samples having similar matrices to ensure the best prediction performance. 

Combining CN with multivariate statistics could be the ideal transparent solution to overcome the 

matrix effects and achieve the best prediction accuracy. 

Since most of the works that have evaluated XRF sensors in the PSS context used pre-

developed measurement packages, the influence of X-ray tube configuration, as well as alternatives for 

the matrix effect migigation on fertility attribute predictions has not yet been addressed in the literature. 

Therefore, this work has three objectives: (i) evaluate the performance of a portable XRF configured 

with different X-ray tube voltages (15 and 35kV) to predict fertility attributes in agricultural fields; (ii) 

evaluate the combined effects of CN and multivariate regressions (MLR and PLSR) on the attenuation 

of the soil matrix effects (using data of two fields with considerable matrix effect) in order to improve 
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the prediction accuracy of key soil fertility attributes; and (iii) compare the prediction performance 

achieved with the proposed solutions to that obtained from the Geo Exploration package (Bruker AXS, 

Madison, WI, EUA), pre-developed measurement package commonly used by the scientific community. 

 

4.2. Material and methods 

The data analysis of this Chapter, as well as the presentation of its results and discussion, were 

performed in two parts. Data analysis part 1 addressed the first objective and data analysis part 2 

addressed the second and third objectives. More specifically, in the part 1, the effect of the different X-

ray tube configurations for predicting clay, OM, CEC, pH, V, ex-P, ex-K, ex-Ca, and ex-Mg was 

evaluated. Afterward, in the part 2, it was assessed the effect of Compton normalization and 

multivariate regressions for the prediction of clay, CEC, ex-K, and ex-Ca. In addition, also in the second 

part, the obtained predictions were also compared with predictions using the Geo Exploration package 

(Bruker AXS, Madison, WI, EUA). 

 

4.2.1. Study sites and soil samples 

The samples used in this study belong to the soil sample bank of the Precision Agriculture 

Laboratory (LAP) from Luiz de Queiroz College of Agriculture, University of São Paulo. They were 

collected from 0–20 cm depth and stored after being air-dried, ground and sieved (≤2 mm). The samples 

used in this work are from two different fields (Figure 1) that have been under active agricultural 

production over the years. Field 1 is located in the southeast region of Brazil, in the municipality of 

Piracicaba, State of São Paulo. Its soil is classified as Lixisol (IUSS, 2014) with a clayey texture and high 

nutrient variability. Field 2 is situated in Brazil’s midwest region, in the municipality of Campo Novo 

do Parecis, State of Mato Grosso. Its soil is classified as Ferralsol (IUSS, 2014), with a texture varying 

between sandy loam and sandy clay loam. A set of 102 soil samples were selected for this work—58 soil 

samples from Field 1 and 44 from Field 2. The chemical analysis results of the LAP’s soil sample bank 

were used to choose samples with wide ranges of variability of key fertility attributes in both study 

fields. After dataset selection, the samples were again subjected to laboratory chemical analyses, as 

described in Section 4.2.2, which provided the results of the reference analyses used in this work. 
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Figure 1. Location of Field 1 and Field 2 in Brazil, where the soil samples were collected. 

 

4.2.2. Reference analyses 

From each sample, an aliquot of 90 g was sent to the laboratory for regular soil fertility 

analysis. These analyses determined clay, OM, CEC, pH, V, ex-P, ex-K, ex-Ca, and ex-Mg, following the 

methods described by Van Raij et al. (2001). Clay content was quantified by the Bouyoucos hydrometer 

method in a dispersing solution. OM concentration was determined via oxidation with potassium 

dichromate solution. pH was determined via calcium chloride solution. Extractable nutrients were 

determined via ion exchange resin extraction. The soil potential acidity (H + Al) was quantified via pH 

in buffer solution method (SMP) and used to calculate the CEC, which corresponds to the sum of soil 

potential acidity and sum of bases (ex-Ca + ex-Mg + ex-K). Percent base saturation (V) was calculated 

by the ratio between the sum of bases and CEC.  

The pseudo total content (ptc) of P, K, Ca, and Mg was also analysed following the United 

States Environmental Protection Agency (USEPA) Method 3051A (Element, 2007). This method 

comprises the chemical dissolution of pulverized soil samples using HNO3 and HCl, with microwave-

assisted digestion. Then, the multi-element quantification is performed using inductively coupled 

plasma optical emission spectrometry (ICP - OES). For the determination of elements in tropical soils, 

this method presents proportional recoveries compared to more aggressive methods (e.g., EPA 3052, 

which uses HF) (Silva et al., 2014), thus allowing us to understand the relationship between the total 

and extractable contents of the elements of interest. Linear correlations were performed between the 

extractable and pseudo total content of P, K, Ca, and Mg. A correlation matrix was calculated among 

fertility attributes to better understand their interrelations. 
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4.2.3. Data analysis part 1: effect of X-ray tube configurations 

4.2.3.1. XRF measurements with different X-ray tube configurations 

Soil samples were scanned after being air-dried and sieved at 2 mm, as suggested by Tavares 

et al. (2019). Ten grams of each sample was placed in an XRF polyethylene cup of 31 mm diameter (n. 

1530, Chemplex Industries Inc., USA) sealed at the bottom with a 4-μm thick polypropylene film (n. 

3520, SPEX, USA). Each sample was scanned in triplicate and the sample cup was repositioned between 

scans. The replicates were subsequently averaged for analysis. 

XRF spectra were acquired using a Tracer III-SD model (Bruker AXS, Madison, EUA). This 

hand-held instrument is equipped with a 4 W Rh X-ray tube and an X-Flash® Peltier-cooled Silicon Drift 

Detector (Bruker AXS, Madison, USA). This detector has 2048 channels and an active area of 10 mm2. 

All samples were scanned using the XRF sensor, configured with two tube voltage conditions: 15 and 

35 kV. For each voltage, the current was set so as not to exceed 15% of the detector deadtime, avoiding 

spectral distortions and artefacts; thus, the tube current was set at 23 and 7 μA for the voltages of 15 and 

35kV, respectively. These conditions correspond to a tube working power of 0.245 and 0.345 W for 

higher and lower voltage, respectively. The two different XRF tube configurations provided the two 

XRF data scenarios evaluated in this study. 

For both voltage conditions, the fluorescence emission was measured during 90 s at 

atmospheric pressure. No filter was used in order to enhance the signal of light elements. A cellulose 

pellet was used as a blank sample, being scanned at the beginning of the measurements, after 50 

samples, and at the end, to ensure the contaminant-free operation of the equipment. The spectra of the 

blank samples are shown in Figure A1, in the Appendix Section. 

The spectra were acquired using the Bruker S1PXRF® software (Bruker AXS, Madison, EUA). 

The Bayesian deconvolution process was applied using Artax® (Bruker AXS, Madison, EUA) to correct 

peaks overlaps (inter-elemental effects). The spectra were normalized by the detector live time; then, 

they were presented in counts of photons per second (cps). The means of XRF spectra of Field 1 and 

Field 2, acquired using both tube voltage conditions, are shown in Figure 2. 
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Figure 2. Mean of X-ray fluorescence (XRF) spectra of Field 1 and Field 2 obtained with an X-ray tube set at 15 and 

35kV (A). Snapshot of the emission lines from 1.01 to 8.34 keV, which presented lower fluorescence emission in 

relation to the Kα emission lines of iron (Fe) and titanium (Ti) (B). Snapshot of scattering peaks (C). Counts of 

photons per second was abbreviated as cps. 

 

The mean spectra were evaluated in order to select emission lines to be used as independent 

variables. This selection was based on the following criteria: (i) the element should be commonly found 

in agricultural soils; (ii) the signal-to-noise ratio (SNR) should be higher than 10 (Currie, 1968); and (iii) 

for elements with K and L emission lines, just K-lines was chosen due to their greater fluorescence 

intensity. Following those criteria, nine fluorescence lines (Kα emission lines of Al, Si, K, Ca, Ti, Mn, Fe, 

Ni, and Cu) and one scattering peak (Rh-Lα Thomson) were selected in the 15 keV spectra (totalling 10 

independent variables). For the 35 keV spectra, the same 10 lines were selected, including the two higher 

scattering peaks present in the region between 18 and 23 keV (totalling 12 independent variables): Rh-

Kα Compton and Rh-Kα Thomson. The 10 lines present in both spectra (Al-Kα, Si-Kα, K-Kα, Ca-Kα, 

Ti-Kα, Mn-Kα, Fe-Kα, Ni-Kα, Cu-Kα, and Rh-Lα) were compared through box-plot graphs.  

Net intensities of the emission lines selected in the two different XRF data scenarios were used 

to build the predictive models. The XRF data scenarios using the 15 and 35 keV spectra were designated 

in this work as EL-15 and EL-35, respectively. 
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4.2.3.2. Data modeling of part 1 

Each one of the two XRF data scenarios (EL-15 and EL-35) was pulled in one matrix with the 

key fertility attributes (clay, OM, CEC, pH, V, ex-P, ex-K, ex-Ca, and ex-Mg), measured via the above 

detailed commercial laboratory procedures. Calibration models were built using MLR, as suggested by 

Weindorf and Chakraborty (2016), using the Unscrambler® version 10.5.1 (Camo AS, Oslo, Norway). 

Calibration models were developed for each of the studied soil fertility attributes. The two-field dataset 

(n = 102) was divided into two subsets by means of the Kennard Stone algorithm (Kennard and Stone, 

1969), to 70% of data used for calibration and the remaining 30% used for validation. Descriptive 

statistical analyses were applied to characterize the variability of fertility attributes of both calibration 

and validation datasets. The methodology applied in this work was diagrammatically presented in 

Figure 3. The importance of XRF variables for the prediction of each fertility attribute was evaluated by 

the standardized regression coefficients of the regression analysis. 

The quality of the developed calibration was assessed by means of the coefficient of 

determination (R2), the residual prediction deviation (RPD), and the root-mean-square error (RMSE). 

Furthermore, we also used the normalized RMSE calculated by dividing the RMSE values by the range 

of each corresponding soil attribute. The RMSE was expressed in the units of the attribute of interest 

and in percentage, in the case on the normalized RMSE. The RPD was calculated as the ratio between 

the standard deviation of the laboratory measured soil property of interest and the RMSE in the 

prediction. The RMSE (%) and the RPD were used to compare the prediction performance of attributes 

that had different scales and units of measurement. Four RPD classes adapted from Chang et al. (2001) 

were used to evaluate the quality of the model prediction performance as poor models (RPD < 1.40), 

reasonable models (1.40 ≤ RPD < 2.00), good models (2.00 ≤ RPD < 3.00), and excellent models (RPD ≥ 

3.00). 
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Figure 3. Framework of the methodology applied in part 1 for the development of calibration models for clay, 

organic matter (OM), cation exchange capacity (CEC), pH, base saturation (V), and extractable (ex-) P, K, Ca, and 

Mg using an X-ray fluorescence (XRF) sensor configured with two different X-ray tube voltages (15 and 35 kV). For 

the X-ray tube set at 15 kV, 10 XRF lines were selected, comprising the Kα emission line of aluminium (Al), silicon 

(Si), potassium (K), calcium (Ca), titanium (Ti), manganese (Mn), iron (Fe), nickel (Ni), copper (Cu), and the 

scattering peak Rh-Lα Thomson; this XRF scenario was called EL-15. For the X-ray tube set at 35 kV, in addition to 

these 10 XRF lines, Rh-Kα Compton and Thomson scattering peaks were included, this second scenario was called 

EL-35. 

 

4.2.4. Data analysis part 2: matrix effect mitigation 

For the development of data analysis part 2, the emission lines of the above-mentioned EL-35 

scenario, which presents the scattering peaks Rh-Kα Compton, were used. Furthermore, all samples 

were also scanned using the Geo Exploration package (Bruker AXS, Madison, WI, EUA). This is an 

empirical package calibrated with standard reference materials. The measurements were performed in 

3-phase oxide calibration which means that three different instrumental conditions are applied, e.g., 

with different combinations of X-ray tube voltage and current and X-ray filters. This package also uses 

a standardization tool to modify the output of a new calibration in order to match with its type of sample 

matrix (Mantler et al., 2006). The block diagram of Figure 4 shows the methodology steps followed in 

the part 2. 
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Figure 4. Framework of the methodology applied in part 2 for the development of calibration models for clay, 

cation exchange capacity (CEC), and exchangeable (ex-) potassium (K) calcium (Ca), and magnesium (Mg), using 

X-ray fluorescence device (XRF) and methods to attenuate the matrix effect. Two scenarios of XRF data pre-

processing (emission lines with (ELC) and without (EL) Compton normalization), both using the 12 emission lines 

selected (Al-Kα, Si-Kα, K-Kα, Ca-Kα, Ti-Kα, Mn-Kα, Fe-Kα, Ni-Kα, Cu-Kα, Rh-Lα Thomson, Rh-Kα Thomson, and 

Rh-Kα Compton), were subjected to multiple linear regression (MLR) and partial least squares regression (PLSR) 

analyses. For the ELC scenario, the fluorescence emission lines of Al-Kα, Si-Kα, K-Kα, Ca-Kα, Ti-Kα, Mn-Kα, Fe-

Kα, Ni-Kα, and Cu-Kα were normalized by the Compton peak, which was not applied for the EL scenario. 

Scattering peaks were not normalized in any of the scenarios. Total contents obtained with the Geo Exploration 

package (Bruker AXS, Madison, WI, USA) were also used to calibrate models for the studied soil attributes using 

MLR, having their performance compared with the other calibrated models. 

 

4.2.4.1. XRF data pre-processing and related analyses applied in part 2 

Two different XRF data pre-processing methods were applied to the emission lines of the EL-

35 scenario. In the first method, designated as EL, the net intensities of the 12 emission lines were used 

as X-variables, whereas in the second method, designated as ELC, the normalized intensities of the same 

12 emission lines with Compton peak were used as predictors. Scattering peaks were not normalized in 

any of these two pre-processing scenarios. Both pre-processing scenarios were subjected to multiple 

linear regressions (MLR and PLSR), in order to assess the effectiveness of this proposed combined 

solution to remove the matrix effect that exists in the current dataset and evaluate the improvement in 

the prediction accuracy of the studied soil fertility attributes. 

Scatter plots and regression analysis of measured ptc of K, Ca, Ti, Mn, and Fe versus their 

respective Kα emission lines were presented. These five elements (namely, K, Ca, Ti, Mn, and Fe) were 
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analyzed since their ptc obtained via the USEPA method 3051A represent proportional recoveries to their 

total contents in tropical soils (Nogueirol et al., 2013; Silva et al., 2014). Boxplots graphs with the intensity of 

XRF lines (Al-Kα, Si-Kα, K-Kα, Ca-Kα, Ti-Kα, Mn-Kα, Fe-Kα, Ni-Kα, and Cu-Kα) with and without CN 

were also shown. They were compared after being normalized by their range (e.g., the difference between 

the maximum and minimum values), due to the different scales of both EL and ELC datasets. 

 

4.2.4.2. Data modeling of part 2 

To evaluate the matrix effect, calibration models for the merge two-field dataset were compared 

with the corresponding individual field dataset models (Field 1 and Field 2 datasets). Each of the three 

datasets was divided into two subsets of 70% for calibration and 30% for validation using the Kennard Stone 

algorithm (Kennard and Stone, 1969). MLR was used for the development of calibration models for both EL 

and ELC scenarios of the three above-mentioned datasets. Univariate regressions using emission lines with 

and without the CN were also carried out and the results were compared with those of the MLR. Univariate 

calibrations were established using the emission line that showed the greatest importance for the predictions 

built via MLR (presented in Table A1, in the Appendix Section). For example, for clay the Fe-Kα emission 

line was used; for ex-K, the K-Kα emission line; and for both ex-Ca and CEC, the Ca-Kα emission line. 

For both EL and ELC scenarios, PLSR calibration models were also developed for each of the 

studied soil fertility attributes using the two-field merged dataset. The same calibration and validation 

sets mentioned above were used, and the number of latent variables (nLV) was selected based on the 

smallest root-mean-square error of cross-validation (RMSECV) applied by the leave-one-out technique. 

The prediction performance of PLSR and MLR models calibrated with both XRF pre-processing 

scenarios (EL and ELC) were compared with models calibrated using the Geo Exploration package. The 

latter was calibrated for all the studied soil fertility attributes using MLR and for the contents of Al2O3, SiO2, 

K2O, Ca, Ti, Mn, Fe, Ni, and Cu as input X-variables, as suggested by Weindorf and Chakraborty (2016). The 

same above-mentioned calibration and validation datasets were used. All calibrations were performed using 

Unscrambler® version 10.5.1 (Camo AS, Oslo, Norway). The performance evaluation of the predictive 

models was carried out by means of R², RMSE, and RPD, similar to that performed in part 1.  
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4.3. Results 

4.3.1. Laboratory measured soil properties 

4.3.1.1. Two-field dataset (data analysis part 1) 

The descriptive statistics of the fertility attributes for the calibration and validation datasets 

used for the data analysis part 1 are shown in Table 1. The range and SD of soil attributes in the 

calibration set are close to those in the validation set, which is expected since we applied Kennard Stone 

method in sample split to avoid undesirable influences on the prediction accuracy that are not sensor-

related (Stenberg et al., 2010). In this study, the range and SD for both calibration and validation datasets 

are comparable. This was only not the case for ex-P, whose maximum value in the validation set (59.00 

mg dm−3) is explicitly lower than that in the calibration set (104.00 mg dm−3), with smaller SD (15.98 mg 

dm−3) for the calibration set compared to that of the validation set (10.65 mg dm−3). 

In general, the soil samples were characterized by a high variability of all fertility attributes, 

with a coefficient of variation (CV) larger than 23%, with the only exception being for pH (CV < 8%). 

According to the local fertility interpretation (Van Raij, 2011), the contents of ex-P, ex-K, ex-Ca, and ex-

Mg range from low to very high. We also noticed that by joining data from both fields, the resulting 

dataset has a continuum range of values for all fertility attributes (Figure A2, in the Appendix Section), 

which allows its modeling as a single dataset. 

A significant correlation exists between the extractable and pseudo total contents of K, Ca, and 

Mg (0.75 ≤ r ≤ 0.90), whereas weak correlations were observed for P (r = 0.11). These significant 

correlations suggest that the exchangeable fractions of K, Ca and Mg can be assessed by XRF using the 

total content values, once their emission line is detected. 
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Table 1. Descriptive statistics of fertility attributes for the calibration and validation dataset studied in the data 

analysis part 1.  

  Clay OM³ CEC4 
pH  

V5 ex-P6 ex-K6 ex-Ca6 ex-Mg6 

  ----- g dm−3 ----- mmolc dm−3 % mg dm−3 ------- mmolc dm−3 ------- 

-------------------------------------------- Calibration set (n = 68) -------------------------------------------- 

Min 175.00 14.00 37.50 4.60 19.00 4.00 0.90 8.00 3.00 

1st Qu. 251.00 19.00 60.03 5.00 43.50 12.00 1.00 16.00 7.00 

Mean 352.00 24.78 81.75 5.38 64.99 22.65 3.41 35.69 18.06 

3rd Qu. 431.00 30.75 98.58 5.78 84.00 31.5. 5.68 49.75 28.00 

Max 511.00 37.00 148.90 6.30 92.00 104.00 10.30 78.00 54.00 

SD¹ 95.21 6.13 25.86 0.47 21.96 15.98 2.48 19.08 12.58 

CV² (%) 27.05 24.72 31.63 8.67 33.80 70.55 72.73 53.44 69.65 

Skewness −0.22 0.14 0.46 0.50 −0.57 2.26 0.59 0.25 0.81 

Kurtosis −1.22 −1.10 −0.41 −1.02 −1.16 8.75 −0.79 −1.01 −0.14 

-------------------------------------------- Validation set (n = 34) -------------------------------------------- 

Min 175.00 18.00 42.50 4.70 28.00 7.00 0.90 8.00 3.00 

1st Qu. 226.00 22.00 53.08 4.90 39.00 12.00 1.18 13.00 5.00 

Mean 332.12 26.62 76.50 5.21 64.15 19.09 3.36 33.32 17.50 

3rd Qu. 406.25 32.00 98.90 5.50 86.25 21.00 5.50 51.25 30.00 

Max 463.00 35.00 138.40 6.20 91.00 59.00 7.90 75.00 47.00 

SD¹ 92.03 5.48 26.14 0.37 23.42 10.65 2.26 19.71 12.81 

CV² (%) 27.71 20.58 34.17 7.07 36.51 55.79 67.39 59.16 73.22 

Skewness −0.45 −0.11 0.53 0.83 −0.35 2.16 0.35 0.34 0.63 

Kurtosis −1.39 −1.45 −0.63 0.26 −1.62 5.78 −1.35 −1.11 −0.73 

¹ Standard deviation, ² coefficient of variation, ³ organic matter, 4 cation exchange capacity, 5 base 

saturation, and 6  extractable (ex-) nutrients (ex-P, ex-K, ex-Ca, and ex-Mg). 

 

Interpreting the interrelationships between different fertility attributes (shown in Table 2) aid to 

understand why indirect (having no emission lines) predictions are still possible with XRF sensor data. 

Strong relationships exist between ex-Ca and ex-Mg (r = 0.93), as well as between each of them with V and 

CEC (r ≥ 0.84). Positive correlations of CEC, V, ex-K, ex-Ca, and ex-Mg with clay range from 0.64 to 0.81. It 

should also be highlighted that ex-P and pH showed weak to reasonable correlations with all the other 

attributes, with r ranging from −0.22 to 0.10 for ex-P, and from −0.41 to 0.53 for pH. Finally, OM content has 

reasonable correlations with almost all attributes (except ex-P and pH), with r ranging from −0.65 to 0.62. 
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Table 2. Correlation matrix of the soil fertility attributes studied in the data analysis part 1. Correlations between 

extractable and pseudo total content (ptc) for the different macronutrients are also shown. 

  Clay OM¹ CEC2 pH V3 ex-P4 ex-K4 ex-Ca4 ex-Mg4 

Clay 1.00 0.59** 0.67** 0.38** 0.81** −0.06 0.73** 0.78** 0.64** 

OM  1.00 0.43** −0.01 0.62** 0.07 0.48** 0.55** 0.44** 

CEC   1.00 0.42** 0.76** 0.02 0.64** 0.93** 0.93** 

pH    1.00 0.53** −0.22* 0.40** 0.46** 0.44** 

V     1.00 −0.12 0.71** 0.92** 0.84** 

ex-P      1.00 −0.1 0.01 −0.17 

ex-K       1.00 0.68** 0.58** 

ex-Ca        1.00 0.93** 

ex-Mg                 1.00 

Correlation with ptc       0.11 0.90** 0.75** 0.83** 

¹ Organic matter, 2 cation exchange capacity, 3 base saturation, and 4 extractable (ex-) nutrients (ex-P, ex-

K, ex-Ca, and ex-Mg). * Significant correlation at the probability level of 0.05; ** Significant correlation at 

the probability level of 0.01; the correlations were presented on grayscale highlighting the highest values, 

which were evaluated ignoring the sign (module). 

 

4.3.1.2. Field 1 and Field 2 datasets (data analysis part 2) 

Table 3 shows a summary of the descriptive statistics of fertility attributes for the calibration 

and validation datasets used for data analysis part 2, all having comparable ranges and SDs. This was 

only not the case for the clay content of Field 1, whose clay’s SD in the validation set (24.52 g dm−3) is 

clearly lower than that in the calibration set (44.10 g dm−3). It is also noteworthy that the ex-K 

concentration in Field 2 is of a considerably lower range and SD than the values in Field 1, e.g., the ex-

K’s SD for the Field 2 (0.43 mmolc dm−3) was about 4.5 times lower than that for Field 1 (1.94 mmolc 

dm−3). According to the Brazilian soil fertility classes proposed by Van Raij (2011), ex-K in Field 1 ranges 

from medium to very high content, whereas it ranges from low to medium in Field 2. 

Pearson’s correlations between fertility attributes, as well as between ptc and extractable 

contents of K and Ca are shown in Table 4. For all datasets, a significant correlation exists between the 

ptc and exchangeable contents of K and Ca (0.49 ≤ r ≤ 0.95). These significant correlations suggest that 

all extractable nutrients evaluated can be inferred by their total content values assessed by XRF. The 

lowest correlation was observed in Field 2 between ptc and extractable content of K (r = 0.49), probably 

because of the low range and SD of K in this field. The highest correlation observed for all the three 

datasets evaluated was between ex-Ca and CEC, with r values of 0.93, 0.70, and 0.93 for the Field 1, Field 

2, and two-field datasets, respectively.  
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Table 3. Descriptive statistics of the studied soil fertility attributes according to their calibration and 

validation sets used for data analysis part 2. 

 Clay 1  CEC 1  ex-K 1  ex-Ca 1 
 Cal set Val set  Cal set Val set  Cal set Val set  Cal set Val set 
 Field 1 2 

Min 345.00 378.00  58.90 62.50  1.70 2.30  27.00 28.00 

Mean 424.03 405.47  97.52 93.23  5.11 5.07  49.21 47.53 

Max 511.00 463.00  148.90 138.40  10.30 7.90  78.00 75.00 

SD 44.10 24.52  20.93 21.19  1.94 1.50  12.53 13.52 

CV (%) 10.40 6.05  21.46 22.73  37.92 29.48  25.47 28.44 
 Field 2 2 

Min 175.00 175.00  37.50 42.50  0.90 0.90  8.00 8.00 

Mean 255.14 239.20  60.54 55.31  1.12 1.19  17.52 15.33 

Max 328.00 328.00  88.90 88.90  2.90 2.30  43.00 38.00 

SD 45.90 51.34  13.89 13.13  0.43 0.39  7.81 7.78 

CV (%) 17.99 21.46  22.94 23.74  38.38 33.23  44.58 50.74 
 Two-field 2 

Min 175.00 175.00  37.50 42.50  0.90 0.90  8.00 8.00 

Mean 352.00 332.12  81.75 76.50  3.41 3.36  35.69 33.32 

Max 511.00 463.00  148.90 138.40  10.30 7.90  78.00 75.00 

SD 95.21 92.03  25.86 26.14  2.48 2.26  19.08 19.71 

CV (%) 27.05 27.71  31.63 34.17  72.73 67.39  53.44 59.16 
1 The minimum (min), maximum (max), mean, and standard deviation (SD) values of clay content were 

given in g dm−3 and, in mmolc dm−3, for cation exchange capacity (CEC) and the extractable (ex-) contents 

of K and Ca. 2 The number of samples (n) used for the calibration (cal) and validation (val) sets were, 

respectively, 39 and 19 for the Field 1 dataset, 29 and 15 for the Field 2 dataset, and 68 and 34 for the two-

field dataset. 

 

Table 4. Pearson’s correlation between the studied soil fertility attributes for each dataset evaluated. Correlations 

between exchangeable (ex-) and pseudo total content (ptc) of K and Ca are also shown. 

 Clay CEC1 ex-K 2 ex-Ca2   Clay CEC ex-K ex-Ca  Clay CEC ex-K ex-Ca 
 Field 1  Field 2  Two-field dataset 

Clay 1.00 −0.02 −0.05 0.14  1.00 0.31 * 0.34 * 0.21  1.00 0.67 ** 0.73 ** 0.78 ** 

CEC  1.00 0.17 0.93 **   1.00 0.01 0.70 **   1.00 0.64** 0.93 ** 

ex-K   1.00 0.03    1.00 −0.01    1.00 0.68 ** 

ex-Ca    1.00     1.00     1.00 

Correl 3 with ptc   0.67 ** 0.83 **    0.49 ** 0.95 **    0.90 ** 0.75 ** 

* Significant correlation at the probability level of 0.05; ** Significant correlation at the probability level of 0.01; the 

correlations were presented on grayscale highlighting the highest values. 1 Cation exchange capacity. 2 extractable 

(ex-) K and Ca 3 Pearson’s coefficient of correlation (r). 

 

4.3.2. Data analysis part 1: effect of X-ray tube configurations 

4.3.2.1. Effect of X-ray tube configuration on the XRF emission lines  

The intensity of the emission lines present in both EL-15 and EL-35 scenarios [namely, Al-Kα, 

Si-Kα, Rh-Lα (Thomson), K-Kα, Ca-Kα, Ti-Kα, Mn-Kα, Fe-Kα, Ni-Kα, and Cu-Kα] are plotted in box-

plot graphs (Figure 5), allowing comparison between them, as a function of the X-ray tube configuration. 
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All the emission lines presented a high correlation coefficient (r > 0.90) between EL-15 and EL-35. The 

largest deviation was observed for Ni-Kα, with r = 0.73. This lower correlation was influenced by the 

low dispersion and intensity of the Ni-Kα XRF emission in EL-15. 

The X-ray tube configuration affected the intensity of the emission lines of the different 

elements detected in both XRF scenarios. The Kα emission lines of the light elements Si and Al, with 

atomic number (Z) of 13 and 14, respectively, presented higher intensity when using the tube configured 

at 15 kV (EL-15) than using that configured at 35 kV (EL-35) (Figure 5a,b, respectively). The emission 

lines of K and Ca (with atomic numbers of 19 and 20, respectively) showed, in both scenarios (EL-15 

and EL-35), a very similar intensity and dispersion of XRF emission (Figure 5d,e, respectively). 

However, Ti, Mn, Fe, Ni, and Cu (with atomic numbers 22, 25, 26, 28, and 29, respectively) showed 

higher XRF emission in the EL-35 scenario than that of the EL-15 (Figure 5f–j, respectively). 

 

 

Figure 5. Box plot of the intensity of the lines Al-Kα, Si-Kα, Rh-Lα, K-Kα, Ca-Kα, Ti-Kα, Mn-Kα, Fe-Kα, Ni-Kα, 

and Cu-Kα (A, B, C, D, E, F, G, H, I, and J, respectively) obtained using a portable X-ray fluorescence (XRF) sensor 

configured with two different X-ray tube voltages (15 and 35 kV). The XRF scenario using the X-ray tube set at 15 

kV is named EL-15 and the XRF scenario using the X-ray tube set at 35 kV is named EL-35. The Pearson correlation 

between the EL-15 and EL-35 is also presented (correlations followed by * were significant at the probability level 

of 0.01). 
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4.3.2.2. Effect of X-ray tube configuration on XRF performance  

The MLR prediction accuracy for the studied fertility attributes is similar between the EL-15 and 

EL-35 models (Table 5). The biggest differences were obtained for OM and pH, with R² values of 0.61 and 

0.72, and 0.27 and 0.38, for EL-15 and EL-35, respectively. The prediction results for the remaining 

attributes are comparable with differences in R² values less than 0.06 between EL-15 and EL-35. 

 

Table 5. Prediction results of the validation set (n = 34) obtained from multiple linear regressions (MLR) models 

calibrated using a portable X-ray fluorescence (XRF) sensor configured with two different X-ray tube voltages 

of 15 and 35 kV, designated as EL-15 and EL-35, respectively. 

  Clay OM¹ CEC² pH V³ ex-P4 ex-K4 ex-Ca4 ex-Mg4 

-------------------------------------------------------- R² ---------------------------------------------------------- 

EL-15 0.88 0.61 0.80 0.27 0.95 0.00 0.90 0.91 0.85 

EL-35 0.91 0.72 0.75 0.38 0.96 0.03 0.90 0.91 0.83 

------------------------------------------------------ RMSE ------------------------------------------------------- 

EL-15 34.7 3.55 10.42 0.36 4.83 13.86 0.71 5.74 4.88 

EL-35 31.72 2.87 11.08 0.32 4.82 13.41 0.65 5.63 4.97 

---------------------------------------------------- RMSE (%) ----------------------------------------------------- 

EL-15 12.05 20.87 10.86 24.15 7.66 26.65 10.16 8.56 11.09 

EL-35 11.01 16.87 11.55 21.17 7.65 25.79 9.31 8.40 11.29 

------------------------------------------------------- RPD -------------------------------------------------------- 

EL-15 2.65 1.54 2.51 1.02 4.85 0.77 3.18 3.44 2.63 

EL-35 2.90 1.91 2.36 1.16 4.86 0.79 3.47 3.50 2.58 

¹ Organic matter; ² cation exchange capacity; 3 base saturation; 4 exchangeable (ex-) nutrients (ex-P, ex-K, ex-Ca, and 

ex-Mg). The coefficient of determination (R²) and residual prediction deviation (RPD) values are presented on 

grayscale, highlighting the highest values. The root-mean-square error (RMSE) was given in g dm−3 for clay and 

OM; in mmolc dm−3 for CEC, ex-K, ex-Ca, and ex-Mg; in % for V; and, for ex-P, the RMSE was given in mg dm−3. 

The scatter plots of measured versus predicted fertility attributes are included as an annex (Figure A2). 

 

The similarity between both XRF tube voltage data scenarios is also noted when analyzing the 

importance of the independent variables (X-variables) in both XRF scenarios, since the most important 

variables were always coincident in the prediction models calibrated with EL-15 and EL-35 (Table 6). 

More specifically, in both scenarios, Fe-Kα was the main variable for clay prediction, Mn-Kα for OM, 

K-Kα for ex-K, and Ca-Kα for CEC, V, ex-Ca, and ex-Mg. It is also observed that neither the Rh-Kα 

Compton and Thomson scattering peaks—present only in EL-35—nor the Ni-Kα were the main X-

variable in any of the calibrated models (Table 6), which also contribute to the similarity between the 

predictive models calibrated with both X-ray tube configurations. 
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Table 6. Importance of X-ray fluorescence (XRF) variables for the prediction of studied soil fertility attributes, 

using the two XRF tube voltage data scenarios of EL-15 and EL-35, designated as EL-15 and EL-35, respectively. 

The values presented correspond to the t-value for each standardized coefficient obtained in the regressions 

calibration. 

  Clay OM¹ CEC² pH V³ ex-P4 ex-K4 ex-Ca4 ex-Mg4 

--------------------------------------------------------- EL-15 --------------------------------------------------------- 

Al-Kα −1.35 1.48 0.11 −1.48 −0.21 −1.73 −2.83 0.21 1.29 

Si-Kα −2.07 −0.71 −0.37 −0.83 2.04 −0.94 −2.40 2.26 2.07 

K-Kα −1.13 −1.36 1.50 2.20 −0.25 0.07 14.75 0.86 0.27 

Ca-Kα −0.20 1.24 5.03 2.90 7.49 1.23 −5.95 9.35 7.10 

Ti-Kα −2.31 −2.54 3.58 2.05 −0.46 −2.55 0.01 1.55 5.41 

Mn-Kα −0.71 3.54 −1.79 −0.73 0.34 0.49 −0.83 −2.16 −2.48 

Fe-Kα 9.22 −0.63 −0.57 −0.20 2.49 −0.40 1.98 2.60 −1.12 

Ni-Kα −0.09 −0.26 −0.05 0.03 0.59 2.81 0.37 0.41 −0.80 

Cu-Kα −1.77 0.44 0.26 −1.51 −1.84 3.32 −1.53 −0.09 −1.16 

Rh-Lα Thomson 0.52 1.97 0.23 −3.22 1.97 0.20 −4.06 2.28 1.73 

--------------------------------------------------------- EL-35 --------------------------------------------------------- 

Al-Kα −1.14 0.93 −0.48 −0.24 −0.90 −0.55 −1.01 −1.11 −0.91 

Si-Kα −2.08 0.53 −0.73 −1.17 0.23 0.29 −0.81 0.52 −0.17 

K-Kα −1.20 −0.43 1.46 2.04 0.22 −0.65 18.89 0.92 0.41 

Ca-Kα −0.27 1.11 4.45 3.33 7.89 1.09 −5.68 9.08 5.78 

Ti-Kα −2.99 −1.91 2.73 1.30 −1.61 −1.61 −0.93 0.09 3.54 

Mn-Kα −0.40 2.59 −1.77 −0.14 0.74 0.64 −1.97 −1.92 −1.96 

Fe-Kα 5.09 0.50 −0.27 −1.55 0.19 0.38 −1.42 0.64 −0.34 

Ni-Kα −1.12 −0.73 1.26 −0.07 0.09 1.44 −0.49 1.13 0.75 

Cu-Kα −1.30 0.42 0.90 −2.00 −1.85 3.54 −0.64 0.65 −0.94 

Rh-Lα Thomson −1.07 2.32 −0.88 −2.40 1.02 0.27 −4.27 0.65 −0.50 

Rh-Kα Thomson 0.38 0.23 −0.25 0.90 1.78 −1.02 −1.02 1.27 0.22 

Rh-Kα Compton −0.61 1.07 −0.43 −1.83 −1.79 1.13 −2.38 −1.46 −0.63 

¹ Organic matter; ² cation exchange capacity; 3 base saturation; 4 exchangeable (ex-) nutrients (ex-P, ex-K, ex-Ca, and 

ex-Mg). The emboldened values indicate a significant correlation at the probability level of 0.05; significant values 

were presented on grayscale, with the most important variables having the darkest colour and vice versa 

 

4.3.3. Data analysis part 2: matrix effect mitigation 

4.3.3.1. Effect of Compton Normalization on the XRF data 

The scatter plots of Figure 6 compare the ptc of the elements K, Ca, Ti, Mn, and Fe with their 

respective emission lines with and without being normalized by the Compton peak. Only K and Ca data 

showed continuous values when joining both fields (Figure 6A–D). The other elements (Ti, Mn, and Fe) 

presented a clear separation of data into contrasting groups, which highlights its different soil matrices.  

For both K and Ca of the two-field dataset, CN reduced dispersion, and improved the 

correlations between ptc and the K-lines of K and Ca, as R2 values increased from 0.84 to 0.89 for K, and 

from 0.69 to 0.92, for Ca (Figure 6A–D). The contrasting ranges leading to two clear groups of data for 

Ti, Mn, and Fe of the two fields resulted in an overestimation of R2. However, for these elements, it can 

be observed that CN did not lead to clear increases in the R2 values, as observed for Ca and K. The R2 
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values with and without CN were similar for Fe (R2 = 0.96, shown in Figure 6I and J), and slightly 

changed from 0.96 to 0.97 (Figure 6E,F) and from 0.98 to 0.97 (Figure 6G,H), for Ti and Mn, respectively. 

Assessing the relationship between ptc and XRF emission lines for the Field 1 and Field 2 

datasets separately, no clear performance improvement can be observed after the CN application on K-

lines of K and Ca. Subtle performance reduction by CN for K and Ca is observed in Field 1, as R2 values 

were reduced from 0.46 to 0.43, for K, and from 0.83 to 0.81, for Ca. For Field 2, the R2 values for Ca-Kα 

slightly increased from 0.92 to 0.93. These results suggest a lower influence of CN on XRF data obtained 

from soil samples from the same field, confirming the lower influence of the matrix effect for individual 

field dataset, compared to the two-field dataset. 

 

 

Figure 6. Scatter plots of measured pseudo total content (ptc) of potassium (K), calcium (Ca), titanium (Ti), 

manganese (Mn), and iron (Fe) versus their respective K-line intensity. The scatter plots were presented for the 

emission lines of both EL (on the left side, A,C,E,G,I) and ELC scenarios (on the right side, B,D,F,H,J). The intensity 

of the emission lines was presented in counts per second (cps), and the cps were normalized by Compton peak 

(cps*). The coefficient of determination (R2) of each scatter plot was also presented. The points and R2 presented in 

blue, orange, and black correspond, respectively, to the data of the Field 1, Field 2, and two-field datasets. 
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4.3.3.2. Attenuation promoted by Compton Normalization and MLR 

The scatter plots of measured versus predicted ex-K and ex-Ca are presented in Figure 7A–H 

for calibrations with and without CN. For the two-field dataset, models for ex-Ca based on univariate 

regressions using the Ca-Kα without CN (Figure 7E) presented poor prediction performance (RPD = 

1.39 and R2 = 0.41). This is clearly attributed to the different sample locations, confirming the matrix 

effect. An explicitly better prediction performance (RPD = 3.02 and R2 = 0.89) was obtained after CN, 

with points closely distributed around the 1:1 line, indicating the mitigation of part of the matrix effect 

present in the two-field dataset (Figure 7F). Even better prediction performance was observed for ex-Ca 

when using MLR (Figure 7G,H), with R2 and RPD values increasing from 0.91 and 3.41 for EL (Figure 

7G) to 0.94 and 4.05 for ELC (Figure 7H). A similar trend with large matrix effect can be observed for 

CEC (Figure 7M-P), for which the prediction results of the univariate model improved from being of 

poor performance for EL (R2 = 0.35 and RPD = 1.25, Figure 7M) to reasonable performance with ELC (R2 

of 0.64 and RPD of 1.95, Figure 7N). Again MLR for CEC prediction showed further improvement in 

the prediction performance of CEC (R2 ≥ 0.76 and RPD ≥ 2.07, Figure 7O,P), with the best performance 

obtained after the ELC scenario (R2 = 0.82 and RPD = 2.34, Figure 7P). 

The ex-K prediction results (R2 and RPD values of 0.89 and 3.09, respectively) with univariate 

models using the K-Kα without CN did not indicate a distinguished matrix effect in the two-field 

dataset (Figure 7A), which may be related to the low dispersion of ex-K in Field 2, masking the 

visualization of matrix effect. However, the ex-K prediction after CN has slightly improved, with R2 and 

RPD values of 0.90 and 3.26, respectively (Figure 7B). Extra performance improvement was observed 

with MLR for ex-K prediction (Figures 7C and 7D). 

Although the prediction results of clay using the univariate models were visually of good 

performances (0.80 ≤ R2 ≤ 0.85 and 2.28 ≤ RPD ≤ 2.60), point dispersions far from the 1:1 line indicating 

nonlinear behaviors, and consequently the clear matrix effect present in the two-field dataset (Figure 

7I,J). Even CN did not lead to overcoming the matrix effect on clay prediction, behaving differently from 

the predictions for CEC, ex-K, and ex-Ca. With MLR, the clay prediction presented a linear dispersion 

of points around the 1:1 line with better performance indicators (R2 = 0.92 and RPD ≥ 3.64, Figure 7K,L). 

However, unlike observed for CEC, ex-K, and ex-Ca predictions, the MLR model after ELC did not 

show improvement in the prediction performance of clay, compared to the EL scenario. The observed 

R2 and RPD values for clay prediction using MLR were, respectively, 0.92 and 3.70, for the EL scenario 

(Figure 7K), and 0.92 and 3.64, for the ELC scenario (Figure 7L). Finally, the scatter plots of measured 

versus predicted ex-K, ex-Ca, clay, and CEC for calibrations using PLSR with and without CN are 

presented in Figure A4 (Appendix Section). The PLSR models showed similar behavior to MLR, with 

all models showing a linear dispersion of points around the 1:1 line, as well as showing a slight increase 
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in the prediction performance of ex-K, ex-Ca, and CEC for the ELC scenario in comparison with the EL 

scenario. 

In summary, multivariate models (MLR and PLSR) for the prediction of ex-K, ex-Ca, clay, and 

CEC using both EL and ELC scenarios improved the linearity in the scatter plots, compared to the 

univariate models. In turn, CN has proved to be a good solution for mitigating the matrix effect in ex-

K, ex-Ca, and CEC predictions, evidenced by increasing the predictive performance of these elements 

when used in both the univariate and multivariate models. However, CN was not useful for clay 

prediction, since no improvement in performance was observed in both the univariate and multivariate 

models. 

It is also interesting to note that for predictions using individual field datasets the matrix effect 

was not as perceptible as seen for the two-field dataset. For the individual field models, the predictions 

with univariate regressions for EL showed a linear dispersion of points close the 1:1 line, particularly 

for ex-K in Field 1 (RPD = 2.91, Figure 7A), ex-Ca prediction in Field 1 (RPD = 2.05, Figure 7E), and clay 

in Field 2 (RPD = 1.43, Figure 7I). 
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Figure 7. Scatter plots of measured versus predicted exchangeable (ex-) potassium (K; A–D) and calcium (Ca; E–

H), clay (I–L), and cation exchange capacity (CEC; M–P) obtained from univariate regression using the K-lines 

without the Compton normalization (EL scenario; A,E,I,M, respectively); univariate regression using the K-lines 

after the Compton normalization (ELC scenario; B,F,J,N, respectively); multiple linear regression using all selected 

emission lines from the EL scenario (C, G, K, and O, respectively); and multiple linear regression using all selected 

emission lines from the ELC scenario (D,H,L,P, respectively). Models were obtained using the calibration set (n of 

39, 29, and 68 for the Field 1, Field 2, and two-field datasets) and the validation was performed by “leave-one-out” 

full cross-validation. Figures of merit in blue, orange, and black correspond, respectively, to the calibrations 

performed using the Field 1, Field 2, and two-field datasets. 
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4.3.3.3. Comparison between MLR, PLSR, and the Geo Exploration Package 

The results presented in Table 7 show comparable prediction performances for PLSR and MLR 

for both EL and ELC scenarios, with the biggest difference observed for clay prediction with the ELC 

scenario (R2 values of 0.92 and 0.89, for MLR and PLSR, respectively). Smaller differences than 0.03 of 

R2 values calculated for all properties indicate that both multivariate models tested allowed correcting 

the matrix effect present in the two-field dataset with comparable accuracies. 

 

Table 7. Prediction results of the validation set (n = 34) obtained from multiple linear regressions (MLR) and 

partial least squares regression (PLSR) using portable X-ray fluorescence (XRF) measured emission lines with 

(ELC) and without (EL) Compton normalization. The results obtained with MLR using the Geo Exploration 

package data as input X-variables were also shown. 

 Geo Exp. 

Package 3 

 MLR  PLSR 
  EL ELC  EL ELC nLV 4 
 R² 

Clay 0.92  0.91 0.92  0.91 0.89 4 

CEC 1 0.83  0.83 0.87  0.81 0.87 3 

ex-K 2 0.92  0.92 0.95  0.91 0.94 3 

ex-Ca 2 0.90  0.92 0.96  0.91 0.96 4 
 RMSE 

Clay 27.44  31.72 29.40  32.65 35.56 4 

CEC 11.90  11.08 10.19  11.56 9.42 3 

ex-K 0.72  0.65 0.53  0.75 0.60 3 

ex-Ca 6.09  5.63 4.09  5.99 4.11 4 
 RPD 

Clay 3.35  2.90 3.13  2.82 2.59 4 

CEC 2.20  2.36 2.57  2.26 2.78 3 

ex-K 3.16  3.47 4.26  3.01 3.77 3 

ex-Ca 3.24  3.50 4.82  3.29 4.80 4 
1 Cation exchange capacity; 2 extractable (ex-) nutrients (ex-K and ex-Ca); 3 Geo Exploration package 

(Bruker AXS, Madison, WI, EUA); 4 number of latent variables used for the PLSR models calibrated for 

both EL and ELC scenarios. The coefficient of determination (R2) and residual prediction deviation (RPD) 

values are presented on grayscale, highlighting the highest values. The root-mean-square error (RMSE) 

was given in g dm−3 for clay, and in mmolc dm−3 for CEC, ex-K, and ex-Ca. 

 

Again models developed after the CN (ELC scenario) provided subtly better prediction 

performances for all soil attributes evaluated. The only exception was the PLSR model for clay, which 

provided better results for the EL scenario (R2 of 0.91), compared to the ELC scenario (R2 of 0.89). The 

largest improvements after ELC were observed for CEC and ex-Ca models, either with MLR or PLSR, 

with an increase in R2 values for CEC of 0.04 and 0.06 and for ex-Ca of 0.04 and 0.05 for MLR and PLSR 

models, respectively. All other R2 increases, when using the ELC scenario, were less than 0.04.  

Finally, results achieved using the Geo Exploration package data showed R2 values 

comparable to the MLR and PLSR models, with R2 values of 0.83 for CEC, 0.90 for ex-Ca, and 0.92 for 
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clay and ex-K. Despite that, the prediction performances achieved using the Geo Exploration package 

data showed, in general, higher RMSE values. The only exception was the clay prediction, in which the 

Geo Exploration package presented the best result. For the other parameters (CEC, ex-K, and ex-Ca), 

the ELC models improved expressively the RMSE values. For CEC, the RMSE of PLSR-ELC model 

presented 21% lower than the one achieved by the Geo Exploration package; for ex-K, the MLR-ELC 

model presented a reduction of 26%; and for ex-Ca, the RMSE values of both PLSR-ELC and MLR-ELC 

reduced by 33% compared to the Geo Exploration package. 

 

4.4. Discussion 

4.4.1. Effect of X-ray tube configuration (data analysis part 1) 

The X-ray tube anode emits a continuous spectrum when it is struck by accelerated electrons 

(Albertini et al., 2018). Essentially, when the voltage of the tube is increased, it also increases: (i) the 

energy range of the continuous spectrum; (ii) the overall emission intensity of the continuous spectrum; 

and (iii) the energy at maximum intensity in the continuous spectrum (Jenkins, 2012). In parallel, when 

increasing the current applied to the X-ray tube, increments only in the intensity of the continuous 

spectrum are observed, since the photon flow is increased (Lindgren, 2000). A schematic figure 

illustrating the behavior of the continuous spectrum emitted by the X-ray tube when modifying its 

voltage and current is presented in the Appendix Section (Figure A3). 

Different configurations of X-ray tube—with different combinations of voltage and current—

change the continuous spectrum emitted by the X-ray tube and, therefore, the fluorescence behavior 

emitted by the elements present in the sample (Jenkins, 2012). The results obtained by the data analysis 

part 1 show that the intensity of XRF emission of the different elements was indeed influenced by the 

configuration of the X-ray tube (Figure 5). Nevertheless, the emission lines detected in both the EL-15 

and EL-35 scenarios [namely, Al-Kα, Si-Kα, Rh-Lα (Thomson), K-Kα, Ca-Kα, Ti-Kα, Mn-Kα, Fe-Kα, Ni-

Kα, and Cu-Kα] showed significant correlation with each other (Figure 5), while Ni-Kα showed the 

smallest correlations between the EL-15 and EL-35 scenarios (Figure 5I). The reduced intensity and 

dispersion of Ni XRF emission in EL-15 (Figure 5I) can be explained by the short energy range that is 

able to excite Ni (Kedge = 8.33 keV) when the tube was set at 15 kV. In turn, for the EL-35, the Ni XRF 

emission was favored, similar to that observed for elements with an absorption edge close to Ni (e.g., Fe 

and Cu). In addition to that, it is important to highlight that part of the Ni signal is coming from the 

equipment itself (as can be seen in Figure A1); hence, it is also highly affected by the tube configuration.    
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X-ray tube configurations that produce continuous radiation with peak intensity closer to the 

absorption edge of light elements (e.g., 1.30, 1.56, 1.84, and 2.15 keV, representing the Kedge of Mg, Al, Si, 

and P, respectively) benefit the XRF emission of these elements (Potts et al., 1984; Albertini et al., 2018). 

Therefore, it is expected that the EL-15 configuration would promote better predictions of light 

elements, such as ex-K and ex-Ca. However, the results obtained in this study do not support this 

assumption. The performance of the two X-ray tube configurations was very similar, even for the 

prediction of ex-K and ex-Ca, whose prediction models had a great weight of the emission lines of light 

elements (K-Kα and Ca-Kα, respectively). Working on tropical soils, Silva et al. (2016) compared 

different operational modes (Trace Mode and General Mode) of a XRF sensor (using a Bruker, S1 Titan 

LE, Bruker, Madison, USA) for the prediction of ex-Ca, observing slight variations in performance (0.77 

≤ R² ≤ 0.85) for ex-Ca prediction when comparing both operational modes. Although the details of the 

X-ray tube configuration of the operational modes evaluated are not disclosed, it is common that the 

instrumental conditions for “trace” analysis use low voltage and high current, similar to the EL-15 

scenario applied in this work. Thus, this subtle oscillation of prediction performance due to changing 

the XRF operational mode observed by Silva et al. (2019) can be compared to the results shown in the 

present study.  

The minimal effect of both X-ray tube configurations on the prediction of fertility attributes 

may well be explained by the low importance of the X-variables Rh-Kα Compton, Rh-Kα Thomson 

(scattering peaks present in the region between 18 and 23 keV), and the Ni-Kα. If these variables had a 

higher weight on the regression of some attribute, more relevant differences might be possible. The 

scattering peaks can be useful independent variables for OM prediction, as observed by Morona et al. 

(2017).  

The spectra observed in this research did not present emission lines for Mg and P due to their 

low XRF intrinsic sensitivity (e.g., lower fluorescence yield) and low Si-detector efficiency at this photon 

energy range, which is translated in high limits of detection. In this work, the greatest ptc of Mg and P 

were, respectively, 789.65 and 669.18 mg kg−1, corresponding to an extractable content of 54 mmolc dm−3 

and 104 mg dm−3 for ex-Mg and ex-P, respectively. X-ray tube configurations with energy levels below 

15 kV should be further investigated for the detection of Mg and P, as they can promote more efficient 

excitation of these elements in soil samples (Potts et al., 1984). By further reducing the X-ray tube voltage 

setting, the intensity of the continuous spectrum in low energies is increased, as well as the limit of 

detection of low Z elements being reduced. Potts et al. (1984), working with an ED-XRF in rock powder 

samples, observed that Mg, Si, and Ca are most efficiently excited when using the X-ray tube configured 

at low energies (e.g., 6–8 kV). 
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In view of our results, both scenarios of X-ray tube configuration (EL-15 and EL-35) can be 

used for predicting the studied fertility attributes, since their prediction results were comparable. 

Nevertheless, it is important to point out that some studies suggested that the information at the 

scattering region between 18 and 23 keV that is present only in spectra obtained with the Rh-tube 

configured at voltages above 23 kV may be promising for the prediction of organic attributes (Morona 

et al., 2017) and for the matrix effect attenuation using the Compton normalization (Jenkins, 2012). 

 

4.4.2. Matrix effect attenuation (data analysis part 2)  

Analyses of soil samples with heterogeneous composition using XRF sensors are subject to the 

called matrix effects. The matrix effect comprises the physical and chemical properties of the sample 

that influence the XRF spectra. Chemical matrix effects originate from differences in the concentrations 

of the elements that compose the soil matrix (e.g., concentrations of Fe, Si, Al, Ti, etc.), which generate 

interferences from absorption and/or enhancement of the fluorescence produced by the sample (USEPA, 

2007). The total contents of Ti, Mn, and Fe and their emission lines, are different between both fields, 

confirming the matrix difference between them (Figure 6). Prediction models of the univariate 

calibration using the emission lines as input without CN showed a clear nonlinear dispersion of points 

around the 1:1 scatter plot line, with the samples divided into two groups according to their field of 

origin, especially for clay (Figure 7I), CEC (Figure 7M), and ex-Ca (Figure 7E) models. For ex-K, the 

matrix effect was less evident than the others (Figure 7A), most probably due to the small variation 

range of this element in Field 2, as above commented (Section 4.3.1.2.). 

The univariate calibration of clay, ex-Ca, and ex-K, used, respectively, the emission lines of Fe 

Kα, Ca-Kα, and K-Kα; the Ca-Kα was also used for the prediction of CEC. These lines can suffer from 

an absorption effect depending on the presence of elements that have an absorption edge with slightly 

lower energy than their fluorescent peaks (Jenkins, 2012). At the same time, enhancement effects may 

also occur due to the presence of elements that emit XRF with slightly higher energy than the absorption 

edge energy of these elements (USEPA, 2007). For example, Fe tends to absorb the Cu K-line, since Fe 

Kedge (7.11 keV) is close in energy to the Cu-Kα (8.05 keV), enhancing the intensity of Fe-Kα (6.41 keV). 

At the same time, Fe-Kα can be absorbed by the Cr, which presents Kedge at 5.99 keV, with energy slightly 

below that of Fe-Kα. Regarding the K-lines of K and Ca, the same interferences may take place between 

K (K-Kα = 3.31 keV and Kedge = 3.61 keV), Ar (Ar-Kα = 2.96 keV and Kedge = 3.20 keV), and Ca (Ca-Kα = 

3.69 keV and Kedge = 4.04 keV), as well as between Ca, K, and Ti (Ti-Kα = 4.51 keV and Kedge = 4.97 keV). 

The emission lines observed in this work presented well-defined peaks (Figure 2), indicating 

a low interference due to peak overlaps. However, chemical matrix effects due to spectral interferences 
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can occur in soil samples, especially when heavier elements (e.g., Ba, Pb, W, etc.) are present in the soil 

matrix (Taggart et al., 1987). The energy of the L-lines of heavier elements occurs mainly within 0-10 

keV, the region where the K-lines of important elements for soil assessment (e.g., Ti, Cr, Fe, Co, and Ni) 

exist and lead to increase the intensity of the K-lines measured by the detector (Gallhofer and 

Lottermoser, 2018). Possible interference with K-Kα (3.31 keV) is the emissions of Cd-Lβ (3.33 keV) and 

Ti-Kα (4.51 keV) due to fluorescence of Ba-Lα (4.47 keV). 

Solutions for matrix effect mitigation should be used to optimize the performance of 

prediction models in datasets with contrasting soil matrices (Markowicz, 2008). In this work, the use of 

CN combined with multivariate regressions was tested as a potential solution to improve the prediction 

accuracy of selected fertility attributes. Our results showed that CN allowed correcting part of the 

matrix effect present in the two-field dataset for CEC, ex-K, and ex-Ca predictions. This is evident by 

comparing the results of the univariate models using the K-lines with and without CN. Better linearity 

of points scattered around the 1:1 line and greater prediction accuracy obtained after CN with RPD 

value increases of 0.70 for CEC (Figure 7M,N), 0.17 for ex-K (Figure 7A,B), and 1.63 for ex-Ca (Figure 

7E, F). This was not true only for clay prediction, which may be explained by the large difference in 

intensity observed for the Fe-Kα emission line of the Field 1 and Field 2 datasets (Figure 6I,J). The clay 

prediction using the two-field dataset required employing MLR, which resulted in reducing the matrix 

effect (Figure 7I–L) by using a multilayer of information available in XRF data and improving the 

prediction accuracy of this variable. The principal variables for clay prediction were the K-lines of Fe, 

Ti, and Si (Table A1, Appendix Section). 

It should be noted that MLR without CN was sufficient to mitigate the error caused by the 

matrix effect and provide satisfactory prediction performances (R2 ≥ 0.76 and RPD ≥ 2.07) for clay, CEC, 

ex-K, and ex-Ca (Figure 7). These MLR models without CN had even slightly higher prediction 

performances than the corresponding univariate models after CN, with R2 value increases of 0.12 for 

clay (Figure 7J,K) and CEC (Figure 7N,O), 0.06 for ex-K (Figure 7B,C), and 0.02 for ex-Ca (Figure 7F,G). 

This may be explained by the fact that the multiple regressions account for emission lines of different 

elements that compose the soil matrix (e.g., Si, Al, Fe, Ti, etc.), which contain more information about 

the target element to be predicted than the single emission line accounted for by the univariate 

regression analysis (Kaniu et al., 2011; Morona et al., 2017). The MLR-ELC scenario provided the best 

performance for the prediction of CEC, ex-K, and ex-Ca in the two-field dataset, reaching R2 ≥ 0.82 and 

RPD ≥ 2.34. The MLR-ELC outperformed MLR-EL by increasing the R2 values by 0.06, for CEC (Figure 

7O,P), 0.01, for ex-K (Figure 7C,D), and 0.03, for ex-Ca (Figure 7G,H), while the prediction of clay 

remained similar in both scenarios, achieving R2 of 0.92 (Figure 7K,L). 



95 
 

Multivariate models including MLR and PLSR are better solutions to exploit the hidden 

information present in the spectra (Panchuk et al., 2018), mitigating the matrix effect while improving 

the prediction accuracy of fertility attributes. Comparing the predictive performances of PLSR and MLR 

models, it was observed that both performed similarly (Table 7). Panchuk et al. (2018), reviewing the 

application of chemometric methods to XRF data, explained that PLSR models can perform similarly to 

MLR models when there are no overlaps in the emission lines selected for the models, otherwise PLSR 

models generally perform better than MLR. The spectra obtained in this work presented well-resolved 

peaks, which explain the similar prediction performance of MLR and PLSR models. In addition, results 

obtained with MLR and PLSR models showed prediction performances comparable to the Geo 

Exploration package (Table 7). These results indicate that the prediction performance of the multivariate 

models proposed in this paper may achieve a similar quality to those obtained by preprogrammed 

measurement packages (Table 7), and both approaches allowed the mitigation of the soil matrix effect. 

It is important to emphasize that preprogrammed measurement packages generally use calibration 

methods capable of correcting the matrix effect, as long as it is well-calibrated with accurate sensitivity 

coefficients. 

In view of our results, a simple method for matrix effect mitigation by combining CN and 

multivariate models allowed a dataset of largely contrasting soil matrices, to be compatible for general 

calibrations of fertility attributes using XRF sensors. In general, the different strategies evaluated in this 

work can be presented in the following descending order of goodness of performance: multiple 

regressions using the selected emission lines after CN (ELC scenario) ≥ multiple regressions using the 

selected emission lines without CN (EC scenario) > univariate regression using emission lines after CN 

> univariate regression using emission lines without CN. Therefore, for the prediction of soil fertility 

attributes in datasets with the presence of matrix effect, we suggest the combined use of CN with any 

of the tested multivariate models (MLR or PLSR). 

Most of the works that assessed XRF for predicting soil fertility attributes have used 

preprogrammed measurement packages (Zhu et al., 2011; Weindorf et al., 2012; Sharma et al., 2014, 

2015; O’Rourke et al., 2016; Silva et al., 2017; Teixeira et al., 2018; Silva et al., 2019; Andrade et al., 2020), 

which use not disclosed general algorithms to preprocess the XRF data and mitigate the matrix effect 

(Bowers, 2019). Studies use these packages with a robust number (n ≥ 120) of soil samples reported R2 

for clay prediction ranging between 0.85 and 0.97 (Zhu et al., 2011; Lima et al., 2019), from 0.86 to 0.92, 

for CEC (Sharma et al., 2015; Silva et al., 2017) , from 0.67 to 0.81, for ex-K (Silva et al., 2017; Andrade et 

al., 2020), and from 0.71 to 0.89, for ex-Ca (Silva et al., 2017; Andrade et al., 2020). The prediction accuracy 

for clay, CEC, ex-K, and ex-Ca observed in this research was similar or higher (Table 7) than those 

reported by the above-mentioned studies. Although preprogrammed measurement packages allow for 
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a user-friendly approach that contributes to the popularization and expansion of the XRF application, 

they are not fully transparent and do not allow flexibility regarding the XRF scanning time (Tavares et 

al., 2020). Furthermore, the preprogrammed measurement packages offer total content values to be used 

as input for calibration models, which demand an extra validation step to confirm that the total contents 

are accurately measured. In general, accuracy problems with these routines can occur, which demands 

a “correction factor” that can be determined based on the ratio of the certified concentration of standard 

reference material and the XRF measured concentration (Mantler et al., 2006; Koch et al.,2017; 

Chakraborty et al., 2019). In this sense, using intensity values of XRF emission lines is totally enough for 

establishing the prediction models avoiding this issue, and also the nonflexible procedures related to 

commercial packages (e.g., pre-established X-ray tube settings and scanning time). 

Although the matrix effect presented in the two-field dataset has been successfully mitigated 

in this work by combining CN and multivariate regressions, more investigations are needed to confirm 

that this approach can be applied for different datasets having different variation degrees of soil 

matrices. Therefore, it is essential that future research also evaluate other types of soils with contrasting 

soil characteristics that can proportionate distinct levels of chemical matrix effects, as well as evaluate 

more sophisticated methods for modeling XRF data (e.g., machine learning, and computational models), 

especially for calibrations involving a larger number of samples. 

 

4.5. Conclusion 

The X-ray tube configuration of an X-ray fluorescence (XRF) spectrometer affected the 

intensity of the emission lines of the different elements detected. By reducing the Rh-anode X-ray tube 

voltage from 35 to 15 kV and incrementing the tube current from 7 to 23 μA (designated as EL-35 and 

EL-15 scenarios, respectively), increases in X-ray fluorescence emission intensity were observed for the 

Si and Al elements. The behavior of the Kα emission lines of K and Ca elements showed no differences 

in both X-ray tube configurations tested. All other emission lines detected (namely, Ti-Kα, Mn-Kα, Fe-

Kα, Ni-Kα, and Cu-Kα) were higher at 35 kV. Emission lines of P and Mg were not detected using any 

of the tested configurations. 

Both XRF sensor configurations performed satisfactorily (0.61 ≤ R² ≤ 0.96) to predict clay, OM, 

CEC, V, and extractable (ex-) K, Ca, and Mg, whereas the prediction results for pH and ex-P were 

unsatisfactory (R² ≤ 0.38). The different XRF tube configurations (EL-15 and EL-35), applied in a Rh-

anode X-ray tube, provided similar performances to predict all key fertility attributes evaluated. 

Therefore, data from this work support that both X-ray tube configurations can be used for predicting 



97 
 

fertility attributes. However, it is important to note that only tubes configured at 35kV have the Rh-

scattering region between 18 and 23 keV, which may bring useful information in some datasets.  

Regarding the matrix effect mitigation, solutions using Compton normalization (CN) 

combined with multivariate regressions (e.g., multiple linear regression (MLR) and partial least squares 

regression (PLSR)) were evaluated and compared to a modeling approach using both univariate and 

multivariate regression analyses without CN. In addition, the proposed solutions were also compared 

to modeling based on a preprogrammed measurement package approach (Geo Exploration package, 

Bruker AXS, Madison, WI, EUA). Results showed that models developed with emission lines without 

CN were clearly affected by the matrix effect. For CEC, ex-K, and ex-Ca predictions, the matrix effect 

was attenuated by both CN and multivariate regressions (PLSR or MLR). For clay prediction the matrix 

effect was mitigated by the multivariate regressions only, for which CN had no effect. The prediction 

performances of MLR and PLSR models were comparable for all evaluated attributes. For the two-field 

dataset, the combined use of CN + multivariate regression achieved the best performances for the 

prediction of CEC (R2 = 0.82), ex-K (R2 = 0.97), and ex-Ca (R2 = 0.94), whereas comparable performance 

was recorded for clay with and without CN (R2 = 0.92). Therefore, it was suggested to use multivariate 

regressions (MLR or PLSR) combined with CN to predict key fertility attributes in sample sets with 

contrasting soil matrices.  

The prediction performance observed for the solutions proposed in this work showed 

comparable results to the approach based on the Geo Exploration package, as well as to previously 

published works that used preprogrammed measurement packages. Moreover, the methodology 

applied in this study is simple and transparent, which allows the optimization of the procedures of XRF 

data acquisition, pre-processing, and modeling. Such knowledge is essential to enable more accurate 

and faster XRF analysis, as well as developing new applications of XRF sensors in the context of 

precision agriculture and soil science. 
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Appendix 

 

Figure A1. Spectra of the blanc sample obtained during the XRF data acquisition using the X-ray tube configured 

at 15 and 35 kV. The spectra acquired at the beginning, after 50 samples, and at the end of the measurements are 

designated in the legend as Blanc sample 1, 2, and 3, respectively. 

 

Figure A2. Scatter plots (for the calibration set, n = 34) of measured versus predicted clay, organic matter (OM), 

cation exchange capacity (CEC), pH, base saturation (V), and exchangeable (ex-) P, K, Ca, and Mg (A-I, 

respectively), which are predicted using multiple linear regressions (MLR). The data of EL-15 and EL-35 scenarios 

were represented by circles and crosses, respectively. The coefficient of determination (R²) and residual prediction 

deviation (RPD) values are presented in black and red for EL-15 and EL-35 scenarios, respectively. 
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Figure A3. Behavior of the continuous spectrum emitted by the X-ray tube when modifying its voltage (keeping 

the current constant) and current (keeping the voltage constant) [adapted from Bertin (1978)]. 

Based on Figure A3, and using Equation (A1), as suggested by Taggart Jr et al. (1987), the 

energy of the continuous spectrum’s maximum intensity (EImax) was estimated, in keV, for each X-ray 

tube configuration.  

EImax = Etube / 1.5,                                                                                                                       (A1) ) 

where Etube is the maximum energy, in keV, of the continuous spectrum; in other words, that 

is the energy corresponding to the voltage that the X-ray tube was configured for. The calculated EImax 

was 10.00 and 23.33 keV for the X-ray tube configured at 15 and 35 kV, respectively. 
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Table A1. Importance of X-ray fluorescence (XRF) variables for the prediction of studied soil fertility 

attributes on the two-field dataset, using both tested XRF scenarios, with (ELC scenario) and without 

(EL scenario) applying the Compton normalization to the selected emission lines. The values presented 

correspond to the t-value for each standardized coefficient obtained in the regressions calibration. 

  Al-Kα Si-Kα K-Kα Ca-Kα Ti-Kα Mn-Kα Fe-Kα Ni-Kα Cu-Kα Rh-Lα3 Rh-Kα3 Rh-Kα4 

Clay 
EL −1.1 −2.4 −1.3 −0.4 −2.8 −0.5 5.2 −1.1 −1.2 −1.2 0.1 −0.8 

ELC −0.6 −4.3 −1.1 −0.4 −2.5 −0.1 3.1 −1.2 −1.7 −1.7 1.1 −2.5 

CEC1 
EL −0.5 −0.4 1.5 4.6 2.5 −1.6 −0.4 1.3 0.8 −0.8 0.0 −0.2 

ELC −0.3 −0.5 1.4 5.9 3.3 −1.2 0.8 0.9 0.9 −0.2 −0.7 1.8 

ex-K2 
EL −1.0 −1.0 19.0 −5.8 −0.8 −2.1 −1.4 −0.5 −0.6 −4.4 −1.2 −2.5 

ELC −0.8 −0.6 22.0 −5.4 −0.1 −2.3 −0.8 0.8 −0.5 −4.0 −0.9 −1.9 

ex-Ca2 
EL −1.1 0.8 1.0 9.2 −0.2 −1.8 0.5 1.1 0.6 0.8 1.5 −1.3 

ELC −1.3 0.6 1.0 11.9 −0.4 −1.0 0.9 0.7 0.5 1.3 1.5 0.1 
1 Cation exchange capacity; 2 extractable (ex-) nutrients (ex-K and ex-Ca); 3 Thomson scattering peaks (Rh-Lα and 

Rh-Kα); 4 Compton scattering peak (Rh-Kα). The emboldened values indicate a significant correlation at the 

probability level of 0.05; significant values were presented on grayscale, with the most important variables having 

the darkest color and vice versa. 
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Figure A4. Scatter plots of measured versus predicted extractable (ex-) K (A,B), and Ca (C,D), clay (E,F), and cation 

exchange capacity (CEC) (G,H) obtained with partial least squares regression (PLSR) using all selected emission 

lines from the EL (B,D,F,H) and ELC scenario (A,C,E,G). Models were obtained using the calibration set (n of 39, 

29, and 68 for the Field 1, Field 2, and two-field dataset) and the validation was performed by “leave-one-out” full 

cross-validation. Figures of merit in blue, orange, and black correspond, respectively, to the calibrations performed 

using the Field 1, Field 2, and two-field datasets. 
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Connecting text for chapter 5 

Applications of LIBS sensors for soil fertility assessment are even more recent than those of 

XRF; we are in the early stages of development of this approach in a worldwide context. In chapter 5, 

we evaluate the performance of LIBS sensor for predicting key fertility attributes in tropical soils. More 

specifically, we focus on assessing the performance of different spectral pre-processing and modeling 

techniques in dealing with the large number of spectral variables present in LIBS data (usually around 

tens of thousands of data points). The results show promising performance of LIBS for evaluating a 

wide range of fertility attributes in tropical soils. Furthermore, we suggest an accurate and efficient 

approach to model LIBS data that uses a reduced number of variables. 

The study conducted in chapter 5 fulfills part of the first objective of this thesis. The study 

conducted in this chapter was submitted to Soil & Tillage Journal, as shown below: 
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CHAPTER 5. LASER-INDUCED BREAKDOWN SPECTROSCOPY (LIBS) FOR TROPICAL SOIL FERTILITY 

ANALYSIS 

Abstract 

The Laser Induced Breakdown Spectroscopy (LIBS) is a promising technique for soil fertility anal-

ysis in a rapid and environmentally friendly way. This application requires the selection of an optimal 

modeling procedure capable of handling the high spectral resolution of LIBS. This work aimed at comparing 

different modeling methods of LIBS data for the determination of key fertility attributes in Brazilian tropical 

soils. A benchtop LIBS system was used for the analysis of 102 soil samples, prepared in the form of pressed 

pellets. Models for the prediction of clay, organic matter, pH, cation exchange capacity, base saturation, and 

the extractable nutrients P, K, Ca, and Mg were developed using univariate linear regression (ULR), multiple 

linear regression (MLR) and partial least squares regression (PLS). The following input data for PLS were 

used: (i) the full spectra from 200 to 540 nm (38,880 variables), and (ii) variables selected by the interval 

successive projections algorithm (iSPA). The multivariate models achieved satisfactory predictions [residual 

prediction deviation (RPD) > 1.40] for eight out of nine fertility attributes. However, the best performances 

were obtained for the PLS with the variable ranges selected by the iSPA, which achieved satisfactory 

predictions (RPD ≥ 1.44) for seven out of the nine soil attributes studied. The MLR method obtained lower 

prediction performance than the iSPA-PLS using only 21 variables. The iSPA-PLS approach allowed a 

reduction from 3 to 160-fold in the total of variables compared to the full LIBS spectra, making it efficient 

and accurate modeling method that uses reduced number of variables. Although LIBS technique proved to 

be efficient for predicting fertility attributes in tropical soils, further research is encouraged in order to reduce 

the amount of sample preparation conducted in this study.  

Keywords: 1. Soil fertility testing 2. Proximal soil sensing 3. Matrix effect mitigation 4. Extractable P 

determination. 

 

5.1. Introduction 

Research regarding LIBS applications for soil fertility analysis are still incipient. In temperate 

soils, the results of the few studies carried out are not always satisfactory. For example, in German 

agricultural soils, Erler et al. (Erler et al., 2020) have achieved good prediction performances for pH (R² 

between 0.91 and 0.95), reasonable predictions for humus content (R² between 0.54 and 0.66), and poor 

predictions for extractable (ex-) P (R² between 0.22 and 0.35). Similarly, in Chinese agricultural soils, Xu 

et al. (2019a) reported satisfactory predictions for pH, OM, and total N (R² between 0.60 and 0.75), and 

poor performances (R² < 0.35) for ex-K and ex-P. Also in Chinese soils, studies have shown reasonable 

predictions for organic matter (OM) (R² = 0.58) (Xu et al., 2019b), poor prediction performance for ex-K 

and ex-P, and good prediction for cation exchange capacity (CEC), OM, and pH (R² ≥ 0.81) (Xu et al., 

2019c). In Brazilian tropical soils, although good prediction performance (R² ≥ 0.85) have been achieved 

for textural attributes (Villas-Boas et al., 2016) and pH (Ferreira et al., 2015), evaluation of the prediction 
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accuracy for other key fertility attributes (e.g., CEC, OM, and extractable nutrients) has not been 

addressed in the literature yet.  

The selection of an optimal modeling procedure for LIBS spectral data, capable of extracting 

useful but hidden information is crucial for accurate prediction of soil fertility attributes. Although there 

is no consensus regarding the best modeling strategy to adopt, recent studies suggested using 

multivariate techniques for the determination of soils elementary constitution when using LIBS spectra, 

in particular the partial least squares regression (PLS) (Riebe et al., 2019; Takahashi and Thornton, 2017). 

In addition, multivariate models are a simple and useful strategy to mitigate the matrix effect commonly 

present in soil samples (Takahashi and Thornton, 2017; Tavares et al., 2020a). Despite of the benefits, 

multivariate models using the entire spectrum require high computational capacity, especially due to 

the high spectral resolution of LIBS data that result in a large number of spectral variables (e.g., tens of 

thousands data points) (Erler et al., 2020). In this regard, algorithms for the selection of most significant 

variables, such as deep learning or interval successive projection algorithm in partial least squares 

(iSPA-PLS) (Gomes et al., 2013; Niu et al., 2021; Riebe et al., 2019), can be a useful technique to reduce 

the amount of LIBS input variables and simplify data acquisition and processing procedures. To our 

best knowledge, no previous work reported the performance of iSPA-PLS for the prediction of key soil 

attributes in tropical soils, in comparison with full-spectra based PLS analyses. 

This work aimed at evaluating different modeling approaches, namely, multiple linear 

regression (MLR) using selected emission lines of LIBS data, PLS using the full LIBS spectra from 200 to 

540 nm (with 38,880 variables), and PLS using specific spectral regions selected by the iSPA algorithm 

for the prediction of key soil fertility attributes in Brazilian tropical soils. The best performing model 

was compared with univariate linear regression (ULR) in order to assess the influence of the matrix 

effect on the prediction of extractable nutrients (ex-P, ex-Ca, and ex-Mg). 

 

5.2. Material and Methods 

5.2.1. Study sites and soil samples 

The study sites and soil samples used were described in the 4.2.1. Section (Chapter 4). 

 

5.2.2. Reference analysis 

The contents of the key soil fertility attributes clay, OM, CEC, pH, base saturation (V), ex-P, 

ex-K, ex-Ca, and ex-Mg were determined following the methods described by Van Raij et al. (2001). The 
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pseudo total content (ptc) of macronutrients (P, K, Ca, and Mg) were determined for comparison with 

its extractable contents. The determination of macronutrients ptc was performed following the United 

States Environmental Protection Agency (USEPA) Method 3051A (Element, 2007). Both ptc and soil 

fertility analyses were detailed in the 4.2.2. Section (Chapter 4). 

 

5.2.3. Soil sample preparation (Pelletezing) 

The conformation of soil samples in the form of pellets is of fundamental importance for soil 

analysis using LIBS (Jantzi et al., 2016). The samples with 10% w w-1 of microcrystalline cellulose powder 

(Sigma-Aldrich, Merck, Darmstadt, Germany) were ground and homogenized using a planetary ball 

mill (PM 200 mill, Retsch, Haan, Germany), for 20 min (10 cycles of 2 min grinding), and pelletized (15 

mm diameter) in a hydraulic press (SPEX 3624B X-Press, Metuchen, EUA), as described elsewhere by 

Tavares et al. (2019). 

 

5.2.4. XRF measurements and selection of emission lines 

Experiments were carried out with a Q-switched Nd:YAG laser (Brilliant, Quantel, France) at 

1064 nm, generating 5 ns pulses of up to 365 mJ, in a 6 mm diameter beam, at 10 Hz repetition rate. The 

laser was focused on the sample pellet by a convergent lens of 2.54 cm in diameter and 20 cm focal 

length (Newport, USA). Pellets were placed into a plastic sample holder positioned in a two axes 

manually-controlled translation stage movable in the plane orthogonal to the laser direction. In order 

to displace the atmospheric air from the sample surface, a laminar stream of argon (5.0 L min−1) was 

continuously fed from the bottom of the sample holder as described elsewhere by Nunes et al. (2019). 

The radiation emitted by the plasma was collected with a telescope composed by 50 mm and 

80 mm focal length fused silica lenses (LLA Instruments GmbH, Germany) and coupled to the entrance 

slit of the spectrometer (model ESA 3000, LLA Instruments GmbH, Germany) with Echelle optics and 

ICCD detector using an optical fiber (1.5 m, 600 μm core). The collection angle with respect to the laser 

optical axis was 25°. The monitored spectral range was 200 – 780 nm with a resolution ranging from 5 

pm at 200 nm to 19 pm at 780 nm (Figure 1). ESAWIN software (LLA Instruments GmbH, Germany) 

and NIST Atomic Spectra Database (Ralchenko and Kramida, 2020) were used for identification of the 

analytes emission lines. 

The instrumental conditions including (i) laser pulse energy, (ii) lens-to-sample distance 

(LTSD), (iii) number of accumulated pulses, (iv) delay time, and (v) integration time gate, were 

optimized in initial tests in order to obtain the maximum signal-to-noise ratio (SNR) of the emission 



110 

lines of interest, in which the ICCD detector did not saturate (Nunes et al., 2009). The best results were 

obtained with 15 laser pulses, 2.0 μs delay time with a 7.0 μs integration time gate. The lens-to-sample 

distance and the pulse energy were adjusted at 19.5 cm and 65 mJ, respectively, leading to 250 J cm−2 at 

the sample surface.  

In order to minimize drawbacks related to analytes microheterogeneity, the pressed pellets 

were sampled at 21 different sites, thus yielding 21 optical emission spectra. Approximately 1 mm 

distance was kept between sites to avoid re-ablation at the edges of the neighboring craters. Data 

processing was based on triplicate measurements, where seven spectra (corresponding to 7 sampling 

sites) of each sample were averaged in one representative spectrum. 

 

 

Figure 1. Full Laser Induced Breakdown Spectroscopy (LIBS) spectra obtained from the pellet soil sample (A), and 

P emission intensities lines in the range between 213.50 and 215.00 nm (B), under the defined experimental 

conditions. 

 

5.2.5. Data modeling 

For the development of the calibration models, 102 soil samples were separated using 

Kennard Stone algorithm (Kennard and Stone, 1969) into two sets of 68 and 34 samples, which were 

used for calibration and validation, respectively. Calibration models involving univariate linear 

regressions (ULR), multiple linear regressions (MLR), and partial least squares regressions (PLS) were 

built and validated. 

Univariate models (ULR) were obtained from the regression of the peak area of the 

corresponding emission line (after background subtraction) against the reference soil extractable 

nutrient, by using the classical least squares regression model (Danzer and Currie, 1998). On the basis 
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of spectral selectivity and sensitivity, P I 214.914 nm, Ca II 315.887 nm, and Mg I 277.983 nm emission 

lines were selected for the prediction of ex-P, ex-Ca, and ex-Mg, respectively (Nunes et al., 2010; Riebe 

et al., 2019; Yu et al., 2016). K was not determined since it is below the detection limit of the LIBS 

technique, under the instrumental conditions used. 

For the MLR models, 22 emission lines of elements commonly found in tropical soils (namely, 

C, Na, Mg, Al, Si, P, Ca, Ti, Mn, Fe, Cu, and Zn) were used as X-variables. Two well-defined emission 

lines for each of the above-mentioned element were selected. However, for C and Na only one clear 

emission line in the LIBS spectra was used. Only well-defined emission lines were chosen in order to 

avoid spectral interference from other elements. Following the mentioned criteria, the emission lines C 

I 247.856, Na II 330.135, Mg I 277.983, Mg I 285.213, Al I 308.2152, Al I 309.2709, Si I 212.412, Si I 390.552, 

P I 213.6182, P I 214.914, Ca II 315.887, Ca II 317.933, Ti II 353.541, Ti I 398.176, Mn II 294.920, Mn I 

293.306, Fe I 305.908, Fe II 234.349, Cu I 324.754, Cu I 327.390, Zn II 206.200, and Zn I 213.857 nm were 

selected. No N emission lines were identified in our LIBS spectra. 

For the PLS models, two calibration strategies have been performed: (i) using the full spectra 

within the region from 200 to 540 nm (designated in this study as FS-PLS), which covers most of the 

valuable and high-intensity emission lines of soil LIBS data (Yu et al., 2016), and (ii) using regions 

selected through the iSPA (Gomes et al., 2013). For the iSPA, the LIBS spectra from 200 to 540 nm were 

divided into 160 intervals of 243 variables. The iSPA uses projection operations iteratively to select 

intervals of variables with minimum collinearity to achieve good prediction ability (Gomes et al., 2013). 

The number of latent variables (LVs) used in PLS models was selected based on the lowest root mean 

square error value obtained using 5-fold cross-validation (RMSECV).  

The models quality was assessed on the validation set by means of the coefficient of 

determination (R²), the root mean square error (RMSE), the relative error (RMSE%), and the residual 

prediction deviation (RPD). The relative error was calculated by dividing the RMSE of each prediction 

by the range of the laboratory measured soil property, while the RPD was calculated as the ratio 

between the standard deviation (SD) of the laboratory measured soil property and the RMSE of its 

prediction. The RPD interpretations were carried out following the classes proposed by Chang et al. 

(Chang et al., 2001), in which RPD values below 1.40 indicate bad models, values between 1.40 and 2.00 

determine reasonable models, and values above 2.00 indicate good models; being considered as 

satisfactory, predictions with RPD ≥ 1.40. 

 

 

 

 



112 

5.3. Results 

5.3.1. Laboratory measured soil properties 

The descriptive statistics and correlation matrix of the laboratory measured soil properties 

were presented in the 4.3.1.1. Section (Chapter 4). 

 

5.3.2. Relationship between extractable and pseudo total content of nutrients 

The scatter plots of Figure 2 show the relationships between ptc and extractable contents of 

the macronutrients for the individual field and merged Two-field dataset (Field 1 + Field 2) sets. The 

relationship between ptc and extractable contents are characterized by the R² of the regression line, as 

well as by the ratio between ptc and extractable contents (ptc-ex ratio) observed. In the Two-field 

dataset, the scatter plots between ptc and extractable contents of K, Ca, and Mg showed a linear 

dispersion of points with a significantly high R² values of 0.81, 0.84, and 0.69, for K, Ca, and Mg, re-

spectively. In contrast, a non-linear behavior with R² of 0.01 was observed for P. For the individual Field 

1 and Field 2 sets it is possible to observe that all macronutrients show a linear behavior with significant 

R² values. The non-linearity of P observed for the Two-field set is explained by the contrasting ptc ratio 

presented by each individual field. In other words, P was the only nutrient that showed a contrasting 

ptc-ex ratio between both fields (oscillating from 16.0 to 72.4 for Field 1, and from 3.8 to 30.4 for Field 2; 

Figura 2A), whereas for all other nutrients the ptc-ex ratio showed values below 5.6 (Figure 2B, C, D). 

These linear relations observed for K, Ca and Mg suggest that their extractable fractions can be 

successfully assessed by LIBS using its elementary information (once their emission line is detected). 

On the other hand, if satisfactory predictions for the ex-P is obtained, this should be explained by the 

ability of the prediction model to comprehend the different relationships between ptc and extractable 

content of P observed for each individual field. Satisfactory predictions for ex-P could also be attributed 

to the high correlations P has with K Ca, and Mg; however, this is not the case in this study due to the 

weak correlations of ex-P with the other attributes (r between -0.22 and 0.07). 
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Figure 2. Scatter plots of extractable and pseudo total content (ptc) of P (A), K (B), Ca (C), and Mg (D). The minimum 

and maximum ratio between ptc and extractable contents (ptc-ex ratio), as well as the coefficient of determination 

(R²) of the regression analysis, were presented. Information in blue, orange, and black correspond, respectively, to 

Field 1, Field 2, and Two-field data. Significant and non-significant regression analysis, at the probability level of 

0.05, were marked with “*” and “NS”, respectively. 

 

5.3.3. Prediction performance of the different multivariate approaches 

The results of the fertility attributes prediction using MLR and PLS are presented in Table 1. 

Complementing these results, Table 2 shows the performance gain (in percentage of RMSE reduction) 

of the best performing method compared to the others. In general, the LIBS’ prediction performance 

was satisfactory (RPD ≥ 1.40) for clay, OM, CEC, V, ex-P, ex-K, ex-Ca, and ex-Mg using at least one of 

the multivariate approaches. Only pH did not show satisfactory predictions (RPD ≤ 1.12). The best 

prediction performances were obtained for CEC, ex-Ca, and ex-Mg, which had RPD always greater than 

2.0, regardless of the multivariate approach applied. Good prediction performances (RPD > 2.0) were 

also obtained for clay, OM and ex-K prediction, using at least one of the evaluated multivariate methods. 
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Table 1. Prediction results of the validation (n = 34) obtained from partial least squares regression (PLS) and 

multiple linear regression (MLR) using LIBS data. The PLS models were built using the LIBS full spectra (FS) and 

spectral regions selected by the interval successive projection algorithm (iSPA). The MLR models were calibrated 

using the 21 selected emission lines (EL). The number of latent variables (LV) used in each model was also 

presented. 

 Regression 

approach 

 Variable 

selection 
Clay OM1 CEC2 pH V3 ex-P4 ex-K4 ex-Ca4 ex-Mg4 

  ------------------------------------------- R² ------------------------------------------ 

MLR 21 EL 0.80 0.64 0.88 0.06 0.86 0.59 0.58 0.91 0.89 

PLS 
FS 0.75 0.76 0.84 0.30 0.94 0.16 0.74 0.91 0.92 

iSPA 0.89 0.81 0.84 0.31 0.94 0.72 0.76 0.94 0.93 

  ----------------------------------------- RMSE ----------------------------------------- 

MLR 21 EL 43.88 4.30 10.55 0.43 8.56 7.40 1.51 6.47 5.06 

PLS 
FS 47.16 2.89 10.75 0.34 5.74 10.69 1.14 6.19 4.16 

iSPA 27.68 2.56 10.69 0.33 5.49 5.84 1.10 4.85 3.51 

  ---------------------------------------- RMSE% ---------------------------------------- 

MLR 21 EL 15.24 25.29 11.00 28.60 13.59 14.24 21.52 9.66 11.49 

PLS 
FS 16.38 18.52 14.95 23.02 10.62 21.47 16.42 9.48 9.45 

iSPA 12.38 15.05 11.14 21.95 8.71 11.23 15.75 7.23 7.97 

  ------------------------------------------ RPD ------------------------------------------ 

MLR 21 EL 2.10 1.27 2.48 0.86 2.74 1.44 1.50 3.04 2.53 

PLS 
FS 1.95 1.89 2.43 1.08 4.07 1.00 1.98 3.19 3.08 

iSPA 3.06 2.14 2.45 1.12 4.27 1.82 2.05 4.07 3.65 
  ----------------------------------------- LV ----------------------------------------- 

PLS 
FS 4 6 4 3 5 6 2 5 6 

iSPA 5 6 6 4 3 5 4 5 4 

¹ Organic matter; ² cation exchange capacity; 3 base saturation; 4 extractable (ex-) nutrients. The coefficient of 

determination (R²) and residual prediction deviation (RPD) values are presented on grayscale, highlighting the 

highest values. The root-mean-square error (RMSE) was given in g dm−3 for clay and OM; in mmolc dm−3 for CEC, 

ex-K, ex-Ca, and ex-Mg; in % for V; and, for ex-P, the RMSE was given in mg dm−3. 

 

Table 2. Improvement of prediction performance, represented by the reduction of root-mean-square error (RMSE), 

achieved with the best predictive model compared to the performance reached with the 2nd and 3rd predictive 

approaches. The partial least squares regression (PLS) models were built using the LIBS full spectra (FS) and 

spectral regions selected by the interval successive projection algorithm (iSPA). The multiple linear regression 

(MLR) models were calibrated using the 21 selected emission lines (EL). The presented results were obtained using 

the validation set (n = 34). 

 Regression 

approach 

 Variable 

selection 
Clay OM1 CEC2 pH V3 ex-P4 ex-K4 ex-Ca4 ex-Mg4 

  ------------------------------------------ RMSE ------------------------------------------ 

MLR 21 EL 43.88 4.30 10.55 0.43 8.56 7.40 1.51 6.47 5.06 

PLS 
FS 47.16 2.89 10.75 0.34 5.74 10.69 1.14 6.19 4.16 

iSPA 30.03 2.56 10.69 0.33 5.49 5.84 1.10 4.85 3.51 
  ------------------- RMSE improvement of the best approach --------------------- 

compared to 2nd -32% -11% -1% -3% -4% -21% -4% -22% -16% 

compared to 3rd -36% -40% -2% -23% -36% -45% -27% -25% -31% 

¹ Organic matter; ² cation exchange capacity; 3 base saturation; 4 extractable (ex-) nutrients. The RMSE values are 

presented on grayscale, highlighting the lowest ones. The lowest RMSE was also presented in bold. The RMSE was 

given in g dm−3 for clay and OM; in mmolc dm−3 for CEC, ex-K, ex-Ca, and ex-Mg; in % for V; and, for ex-P, the 

RMSE was given in mg dm−3.  
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The comparison of the different multivariate modeling approaches (Table 2) revealed that in 

general the best performing is the iSPA-PLS models, obtaining the lowest RMSE for all attributes. The 

only exception was for CEC, whose the lowest prediction error was obtained by using MLR. In any case, 

MLR reduced the error of CEC prediction by only 1%, compared to the error obtained with iSPA-PLS. 

For the prediction of OM, pH, V, ex-K, ex-Ca and ex-Mg the sequence of methods giving the best to 

worst performance was iSPA-PLS > FS-PLS > MLR. For predicting clay and ex-P the sequence of best 

performing approaches was iSPA-PLS > MLR > FS-PLS, whereas for CEC, the sequence was MLR > 

iSPA-PLS > FS-PLS. Finally, it is worth noting that the gain in the prediction performance obtained for 

ex-P ranged from poor performance (RPD = 1.00 and RMSE = 10.69) with FS-PLS, to satisfactory 

performance with MLR and iSPA-PLS approaches (RPD of 1.44 and 1.82, respectively). This 

performance gain represented an error reduction of 21 % (RMSE = 7.40) and 45 % (RMSE = 5.84) for 

MLR and iSPA-PLS, respectively. 

The spectral regions as well as the total number of variables used in the iSPA-PLS approach 

for predicting each soil attribute are presented in Table 3. Compared to the FS-PLS approach, iSPA-PLS 

allowed a 160-fold reduction in the total of variables for OM, ex-P, ex-K, ex-K and ex-Mg prediction; a 

53-fold reduction for clay and pH prediction; and about 3-fold reduction for CEC and V prediction. It is 

also noteworthy that the variables used as input lie between 201.31 and 416.63 nm, while no variables 

after 416.63 nm were used. 

 

Table 3. Information about the intervals of variables selected by the interval successive projection algorithm (iSPA), 

and used as input variables for partial least squares regression (PLS) analyses. 

Attribute 
Number of 

intervals selected 

Total of 

variables used 

Reduction* Spectral ranges of the selected 

intervals (nm) 

Clay 3 729 53 times 
220.84 – 222.21, 246.77 – 248.29 and 

251.37 – 252.94 

OM¹ 1 243 160 times 295.08 – 296.92  

CEC² 52 12,636 3 times 
201.31 – 272.37, 287.89 – 298.73 and 

414.15 – 416.63 

pH 3 729 53 times 
220.84 – 222.21, 237.82 – 239.27 and 

391.78 – 394.22 

V³ 57 13,851 3 times 
201.31 – 272.37, 279.18 – 300.60 and 

396.59 – 399.10 

ex-P4 1 243 160 times 214.14 – 215.44 

ex-K4 1 243 160 times 375.28 – 377.53 

ex-Ca4 1 243 160 times 389.37 – 391.77 

ex-Mg4 1 243 160 times 284.36 – 286.14 

¹ Organic matter; ² cation exchange capacity; 3 base saturation; 4 extractable (ex-) nutrients. The variable importance 

of projection (VIP) scores of each interval of variables are shown in Figure A1 (Appendix Section). * Reduction in 

the number of variables used in the iSPA-PLS models when compared to the number of variables present in the 

range between 200 and 540 nm (n = 38,880 variables), which was used in the SF-PLS approach. 
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5.3.4. Matrix effect: comparison of univariate and multivariate approaches for extractable 

nutrients prediction 

Figure 3 shows the scatter plots of measured and predicted values of ex-P, ex-Ca, and ex-Mg 

using ULR and the multivariate iSPA-PLS models. Univariate models for ex-P and ex-Ca (Figure 3A,C) 

showed poor performance (RPD ≤ 1.16), which is attributed to matrix effect, originated from sample 

physicochemical properties. The multivariate predictive models (Figure 3B,D,F) demonstrate less 

matrix-matching dependent, which showed markedly higher performances (RPD of 1.82, 4.07, and 6.65, 

for ex-P, ex-Ca, and ex-Mg, respectively) than the URL. For the multivariate models, points are closely 

distributed around the 1:1 line. The same trend is also seen for the other multivariate approaches (MLR 

and FS-PLS) in Figure A2 (Appendix Section). It is also noteworthy that the matrix effect for the 

prediction of ex-Mg was less significant than that observed for ex-P and ex-Ca, since ex-Mg provided 

very good prediction result (RPD = 2.75) with the ULR model, showing linear behavior with points 

closely spread around the 1:1 line (Figure 3E). Nevertheless, the the iSPA-PLS model showed clearly 

superior performance (RPD = 3.65) and much closer points dispersion to the 1:1 line, when compared to 

the ULR. 
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Figure 3. Scatter plots of measured versus predicted extractable (ex-) P (A, B), Ca (C, D), and Mg (E, F). The A,C, 

and E plots were obtained using univariate linear regression (ULR), whereas the B,D, and F plots were obtained 

with partial least squares regression (PLS) after interval variables selection by the interval successive projection 

algorithm (iSPA). The figures concerns the prediction performance of the models applied on the validation dataset 

(n = 34). 

 

5.4. Discussion 

5.4.1. Predicting key soil fertility attributes using LIBS 

The LIBS spectra obtained from the pelletized soil samples allowed satisfactory prediction 

results (0.59 ≤ R² ≤ 0.94) using multivariate models developed for eight out of nine fertility attributes, 

although pH was the only attribute that showed poor prediction performance (R² ≤ 0.31). Soil fertility 

attributes are indirectly predicted via elemental analysis sensors due to relationship existing between 

such attributes and the elemental constitution of the soil samples. Textural attributes are often related 
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to the content of Fe, Si, Al, Ti, among others, which are structural components of the different particle 

size fractions (Lima et al., 2019; Villas-Boas et al., 2016). The results obtained for clay prediction (R² = 

0.89) were close to those obtained by Villas-Boas et al. (Villas-Boas et al., 2016) (R² = 0.83), working with 

a LIBS sensor for the analysis of tropical soils. Ferreira et al. (Ferreira et al., 2015) obtained successful 

models for pH (R² = 0.87) using Al, Ca, H, and O emission lines collected for tropical soils. However, 

the prediction results for pH were poor in our study. Satisfactory predictions of OM using LIBS were 

reported using C or N emission lines (Senesi and Senesi, 2016), or indirectly, through relationships with 

textural attributes (Lima et al., 2019). The performance of OM predictions obtained in this work 

oscillated according to the modeling approach used (0.64 ≤ R² ≤ 0.81), although this range of accuracy 

was similar that reported in studies conducted on Chinese soils that showed R² oscillating between 0.58 

and 0.83 (Xu et al., 2019a; Xu et al., 2019b, 2019c). Although satisfactory predictions of CEC and V using 

LIBS have not yet been reported in the literature, good predictive models (R² ≥ 0.75) can also be achieved 

(as achieved in this work), once they present covariations with well-predicted fertility attributes (e.g., 

textural attributes, extractable nutrients, etc), as reported by Tavares et al. (2020b) and Silva et al. (2017), 

both using XRF sensors. 

Regarding the extractable nutrients, the correlation between extractable and total contents is 

the main reason to explain successful predictions using the elemental concentration of a given nutrient. 

In this work, ptc and extractable contents of K, Ca and Mg showed significant correlations (Figure 2) in 

both the individual and Two-field datasets. Thus, the ex-Ca and ex-Mg predictions were very successful, 

obtaining R² value higher than 0.88. On the other hand, ex-K predictions, although satisfactory, 

presented inferior prediction performance (0.58 ≤ R² ≤ 0.74), which is attributed to the absence of 

identifiable K emission lines in the LIBS spectrum, and the level of accuracy obtained may well be due 

to its covariation with other fertility attributes, e.g., clay (r = 0.73), ex-Ca (r = 0.68), and ex-Mg (r = 0.58). 

It is interesting to mention that due to the weathered nature of tropical soils, their composition are 

generally poor in primary minerals that are natural source of nutrients (Fontes, 2012). Consequently, 

the relationships between the total and extractable contents of some nutrients (e.g., ex-Ca, and ex-Mg) 

are largely influenced by agricultural management (e.g., fertiliser inputs) rather than natural processes 

(Andrade et al., 2020).  

The soil chemistry regarding P in tropical soils is complex and characterized by strong 

association with Fe oxides (hematite and goethite) and Al (gibbsite). Due to this complexity, it is 

common to observe unbalanced relationships between its total content present in the soil and the 

amount of ex-P (Schäefer et al., 2008). This behavior was observed for P when merging the data from 

both fields (Two-field dataset). For this reason, we were not expecting satisfactory predictions for this 

nutrient via LIBS spectra using the Two-field dataset. On the other hand, in the individual field datasets, 
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ex-P showed a significant correlation with its ptc (Figure 2A). This is what would explain our 

satisfactory predictions for ex-P when using both multivariate iSPA-PLS and MLR models, and not 

when using the univariate model. In other words, the multivariate models allowed to correct the 

different ratios between total and extractable contents present in both individual fields, resulting in 

satisfactory models for ex-P (R² of 0.59 and 0.72 using MLR and iSPA-PLS, respectively). 

Due to the indirect nature of predictions using LIBS sensors, it is important that further 

investigations address the temporal stability of the models' performance. Understanding the LIBS’ 

performance for soil fertility prediction as a function of time/soil management will be fundamental to 

advance our knowledge regarding: (i) understanding and mitigating factors that influence sensor 

performance and (ii) developing spectral libraries of LIBS data for soil analysis. 

 

5.4.2. Multivariate approaches, number of variables, and matrix effect mitigation 

Using the iSPA algorithm, for the variables selection, combined with PLS showed to be the 

best method for predicting fertility attributes via LIBS sensor. iSPA-PLS provided accurate predictions 

(RPD ≥ 1.82) for eight out of the nine attributes (namely, clay, OM, CEC, V, ex-P, ex-K, ex-Ca, and ex-

Mg), by employing a lower number of input variables than those used in the FS-PLS approach (Table 

3). Although MLR generally underperformed the iSPA-PLS, its performance was satisfactory (RPD 

between 1.44 and 3.04) for the prediction of clay, CEC, V, ex-P, ex-K, ex-Ca, and ex-Mg by using 21 

selected emission lines. Thus, MLR can also be considered a simple alternative method for predicting 

fertility attributes when drastic reductions in the number of variables are required. Reducing the 

number of input variables of LIBS data is necessary because their spectra contain a large number of 

variables, most of them are irrelevant for predicting fertility attributes. High volumes of data can 

negatively affect the performance of model calibration, as well as creates an unnecessary computational 

burden (Erler et al., 2020).  

Although iSPA-PLS proved to be the best approach for predicting fertility attributes and 

mitigating the matrix effect for P, Ca, and Mg, all the other multivariate models also mitigated the matrix 

effect in some degree and achieved more accurate predictions than ULR models (Figure A2). The matrix 

effect in soil samples are associated with differences in material matrices, such as hardness, chemical 

composition, and density, which affects the intensities of the elemental emission lines (Senesi, 2020). 

The mitigation of the matrix effect with multivariate models can be explained by the fact that chemical 

and physical matrix effects are shown as elements’ peaks. Therefore, multivariate regressions can extract 

this information in the spectra without requiring for prior assumptions of the plasma condition, as it is 

commonly used e.g., in calibration-free LIBS (Takahashi and Thornton, 2017). The correction of the 
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matrix effect via multivariate approaches has also been reported by Tavares et al. (2020b) in analysis of 

fertility attributes using XRF sensors, which is also a matrix dependent technique. 

 

5.4.3. The challenge of sample preparation 

It is important to highlight operational aspects of sample preparation that are little discussed 

in scientific works aiming at using LIBS sensors as a practical method of soil analysis. Although some 

studies have evaluated the performance of LIBS sensors using non-pelletized soil samples (intact soil 

core) (Bricklemyer et al., 2013, 2018), most published studies used soil samples conformed in the form 

of pellets (Ferreira et al., 2015; Villas-Boas et al., 2016; Yu et al., 2016; Riebe et al., 2019; Xu et al., 2019a; 

Xu et al., 2019b, 2019c; Erler et al., 2020). This is because the pelletizing is of paramount importance 

before the data acquisition, as it improves homogeneity, as well as allow congruent ablations by laser, 

maintaining the stoichiometric proportion of the craters formed at each pulse, which is crucial for the 

replicability of the calibrated models (Jantzi et al., 2016). Quantitative analyses on loose powder soil 

samples would have drastically reduced performance compared to analyses on pelletized samples. In 

addition, although soil pelletizing does not require a reagent and is apparently simple to perform, soil 

comminution and pressing requires specific equipment (e.g., mill and press), which adds costs and 

operational complexity to the method. Moreover, particle size reduction in soils containing different 

portions of quartz (common mineral in the sand fraction) require the use of mills with compatible 

hardness (e.g., tungsten carbide), which are relatively more expensive and present extra challenges such 

as: (i) possibility of contamination of the sample with the milled material (Tavares et al., 2019), (ii) higher 

wear of the equipment. Thus, the afore-mentioned aspects bring into question the practicality of LIBS 

analysis when using pelletized soil samples. In this sense, it is important that further research needs to 

develop new solutions that avoid LIBS deteriorated performance when applied in non-pelletized soil 

samples. This is critical issue to be overcome for the expansion of LIBS as a practical soil analysis within 

the areas of precision agriculture and soil science. 

 

5.5. Conclusion 

LIBS technique proved to be efficient for predicting fertility attributes in tropical soils. The 

LIBS spectra obtained from the pelletized soil samples associated with the multivariate models achieved 

satisfactory predictions (RPD > 1.40) for eight out of the nine key soil fertility attributes, with pH being 

the only exception that showed poor predictive performance (RPD ≤ 1.12). The best prediction 

performances were obtained for CEC, ex-Ca, and ex-Mg, which had RPD always greater than 2.0, 
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regardless of the multivariate approach applied. Good performances (RPD > 2.0) were also obtained for 

clay, OM and ex-K prediction, using at least one of the evaluated multivariate methods. 

Comparing the different multivariate approaches, multiple linear regressions (MLR) in 

general showed slightly lower performance than iSPA-PLS, it allowed satisfactory predictions (RPD 

between 1.44 and 3.04) for clay, CEC, V, ex-P, ex-K, ex-Ca, and ex-Mg by employing only 21 variables. 

Anyhow, the best performing models were those obtained after the interval successive projection 

algorithm in combination with partial least squares regression (iSPA-PLS). The iSPA-PLS allowed 

reducing the amount of variables by 160 times for OM, ex-P, ex-K, ex-K and ex-Mg, by 53 times, for clay 

and pH and by approximately 3 times for CEC and V, compared with the amount of variables in the 

full LIBS spectra from 200 to 540 nm (38,880 variables). The iSPA-PLS is an efficient and accurate 

modeling method that uses reduced number of variables to predict fertility attributes via LIBS sensor. 

Due to the highlighted challenges related to the pelletizing of soil samples further research is 

encouraged to find solutions to allow LIBS applications in soil samples with a simpler sample 

preparation procedure. Overcoming this limitation would expand the possibilities of LIBS sensors 

application in precision agriculture and soil science. 
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Appendix 

 

Figure A1. Variable importance of projection (VIP) scores of the interval of variables selected by the interval 

successive projection algorithm (iSPA) for the prediction of the key soil fertility attributes. The X-axis of the graphs 

represent the wavelengths (expressed in nm) of the LIBS spectrum and the Y-axis represents the VIP scores. The 

top five highest contributing emission lines to the prediction of each soil attribute were also identified. 
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Figure A2. Scatter plots of measured versus predicted extractable (ex-) P (A, B), Ca (C, D), and Mg (E, F). In the left 

side (A,C,E), the models were calibrated using multiple linear regression (MLR) calibrated using the 21 selected 

emission lines. In the right side (B,D,F), the models were calibrated with partial least square regression using the 

spectra within the region from 200 to 540 nm (FS-PLS). The figures of merit presented correspond to the prediction 

performance of the models applied on the validation dataset (n = 34). 
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Connecting text for chapter 6 

The chapter 6 is the first scientific work in a worldwide context to assesss the combined use of 

VNIR, XRF, and LIBS sensors for a complete characterisation of key fertility attributes in agricultural 

soils. These sensors are complementary for the characterisation of soil constituents and might provide 

more comprehensive information about the key soil fertility attributes. In addition, there is still no 

consensus on an optimal set of sensors to assess soil fertility, nor on an effective data fusion approach 

to explore the synergy among soil sensors. The present chapter highlights benefits and limitations of 

the in tandem application of VNIR, XRF, and LIBS spectroscopies for fertility analysis in tropical soils. 

Chapter 6 fulfills the second objective of this thesis, which proposed to evaluate the combined 

use of the above mentioned sensors through data fusion strategies for predicting soil fertility attributes. 

The main findings of chapter 6 were published in two original articles, one in the Sensors Journal and 

the second in the Agronomy Journal, as shown below: 

 

Tavares, T. R., Molin, J. P., Javadi, S. H., Carvalho, H. W. P. D., Mouazen, A. M. Combined Use 

of VNIR and XRF Sensors for Tropical Soil Fertility Analysis: Assessing Different Data Fusion 

Approaches. Sensors 2021, 21(1), 148, doi: 10.3390/s21010148. 

Tavares, T. R., Molin, J. P., Nunes, L. C., Wei, M. C. F., Krug, F. J., Carvalho, H. W. P. D., 

Mouazen, A. M. Multi-sensor approach for tropical soil fertility analysis: comparison of individual and 

combined performance of VNIR, XRF, and LIBS spectroscopies. Agronomy 2021 (accepted) 
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CHAPTER 6. MULTI-SENSOR APPROACH FOR TROPICAL SOIL FERTILITY ANALYSIS: COMPARISON 

OF INDIVIDUAL AND COMBINED PERFORMANCE OF VNIR, XRF, AND LIBS SPECTROSCOPIES 

Abstract 

Rapid, cost-effectively and environment-friendly analysis of key soil fertility attributes 

requires an ideal combination of sensors. The individual and combined performance of visible and near 

infrared diffuse reflectance spectroscopy (VNIR), X-ray fluorescence spectroscopy (XRF), and laser 

induced breakdown spectroscopy (LIBS) was assessed for predicting clay, organic matter (OM), cation 

exchange capacity (CEC), pH, base saturation (V), and extractable (ex-) nutrients in tropical soils. A set 

of 102 samples, collected from two agricultural fields, with broad ranges of fertility attributes were 

selected. Two contrasting data fusion approaches have been applied for modeling: (i) merging spectral 

data of different sensors followed by partial least squares regression (PLS), known as fusion before 

prediction; and (ii) applying the Granger and Ramanathan (GR) averaging approach, known as fusion 

after prediction. Results showed VNIR as individual technique to be the best for the prediction of clay 

and OM content [2.61 ≤ residual prediction deviation (RPD) ≤ 3.37], while the chemical attributes CEC, 

V, ex-P, ex-K, ex-Ca, and ex-Mg were better predicted (1.82 ≤ RPD ≤ 4.82) by elemental analysis 

techniques (e.g., XRF and LIBS). Only pH cannot be predicted regardless the technique. The attributes 

OM, V, and ex-P were best predicted using single-sensor approaches, while the attributes clay, CEC, 

pH, ex-K, ex-Ca, and ex-Mg were overall best predicted using multi-sensor approaches. Regarding the 

performance of the multi-sensor approaches, ex-K, ex-Ca and ex-Mg, were best predicted (RPD of 4.98, 

5.30, and 4.11 for ex-K, ex-Ca and ex-Mg, respectively) using two-sensor fusion approach (VNIR + XRF 

for ex-K and XRF + LIBS for ex-Ca and ex-Mg), while clay, CEC and pH were best predicted (RPD of 

4.02, 2.63, and 1.32 for clay, CEC and pH, respectively) with the three-sensor fusion approach (VNIR + 

XRF + LIBS). Therefore, the best combination of sensors for predicting key fertility attributes proved to 

be attribute-specific, which is a drawback of the data fusion approach. The present work is pioneering 

in highlighting benefits and limitations of the in tandem application of VNIR, XRF and LIBS 

spectroscopies for fertility analysis in tropical soils. 

Keywords: 1. Data fusion 2. Proximal soil sensing 3. Hybrid laboratory 4. Soil testing 

 

6.1. Introduction 

Visible and near infrared diffuse reflectance spectroscopy (VNIR), X-ray fluorescence 

spectroscopy (XRF), and laser induced breakdown spectroscopy (LIBS) are multi-source techniques 

compatible with direct analysis of soil samples. The visible part of VNIR spectra is sensitive to valence 

electron excitations of some atoms and functional groups, while the near infrared part responds to non-

fundamental vibrations of specific molecules (Stenberg et al., 2010). In soil analysis, the spectral features 

present in the VNIR region are strictly related to mineralogical and organic components (Clark and 

Roush, 1984). In turn, elemental analysis techniques, as XRF and LIBS, provide the characterisation of 

the elemental constitution of a wide variety of chemical elements present in soil samples (Krug and 

Rocha, 2016). XRF and LIBS are also considered complementary (Krug and Rocha, 2016). For example, 
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elements with atomic number (Z) lower than 12 are hardly detected by XRF technique; however, 

elements such C (Z=6) and Na (Z=11) can be detected by LIBS. Hence, the study conducted in this 

chapter hypothesizes that the combination of data provided by VNIR sensors with those from elemental 

analysis sensors, e.g. XRF and LIBS, might provide complete characterisation of key soil fertility 

attributes (Castanedo, 2013; Mahmood et al., 2012).  

Although VNIR, XRF, and LIBS techniques have been evaluated individually for predicting 

fertility attributes (Munnaf et al., 2019; Andrade et al., 2020; Erler et al., 2020; Riebe et al., 2019; Romero 

et al., 2018; Tavares et al., 2020a), the combination of these techniques is still at its early stages of 

development. Recent studies have evaluated different data fusion approaches for combining VNIR and 

XRF data for predicting fertility attributes (Javadi et al., 2021; Wan et al., 2020; Zhang and Hartemink, 

2020). To the best of our knowledge, only Xu et al. (2019a) combined VNIR, XRF, and LIBS sensors for 

predicting soil fertility attributes [organic matter (OM), pH, extractable (ex-) P, ex-K, ex-N, and total N]. 

Although these studies show the synergy among these techniques, they do not make a comprehensive 

evaluation of all the key soil fertility attributes. Moreover, the combination of these three sensors have 

never been evaluated for the analysis of key fertility attributed in tropical soils. 

Therefore, the present study aimed at assessing the performance of the individual and 

combined use of VNIR, XRF and LIBS sensors for predicting key soil fertility attributes in tropical soils. 

Two contrasting approaches of data fusion modeling has been applied: (i) a front-end approach that 

combines the raw data of each sensor, followed by partial least squares (PLS); and (ii) a back-end 

approach, that applies an adapted approach from the Granger and Ramanathan (GR) averaging 

method. While the former method can be called fusion before prediction, the latter can be designated as 

fusion after prediction. 

 

6.2. Material and Methods 

6.2.1. Study sites and soil samples 

The study sites and soil samples used were described in the 4.2.1. Section (Chapter 4). 

 

6.2.2. Reference analyses 

The contents of the key soil fertility attributes clay, OM, cation exchange capacity (CEC), pH, 

base saturation (V), ex-P, ex-K, ex-Ca, and ex-Mg were determined following the methods described by 

Van Raij et al. (2001), which were detailed in the 4.2.2. Section (Chapter 4). 
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6.2.3. Sample preparation 

The data acquisition with XRF and VNIR sensors was performed on dry and sieved samples 

with 2 mm particle size. For the XRF measurements, about ten grams of each loose soil sample was 

placed in a polyethylene cup of 31-mm in diameter (Chemplex Industries Inc., Palm City, USA), whose 

bottom was sealed with a 4-μm thick polypropylene film (SPEX CertiPrep Inc., Metuchen, USA). For 

the LIBS analysis, approximately eight grams of each soil sample was mixed (10% w w-1) with a binder 

material (microcrystalline cellulose, Merck, Darmstadt, Germany), grounded, and homogenized using 

a planetary ball mill (PM 200 mill, Retsch, Haan, Germany) during 20 min before they were finally 

pelletized for scanning. 

 

6.2.4. VNIR measurements and spectra pre-processing 

Veris spectrometer (Veris Technologies, Salina, USA) was used in benchtop mode to acquire 

the VNIR spectra. This system uses a tungsten halogen lamp as the energy source and two detection 

systems, a CCD array (USB4000, Ocean optics, Largo, USA) and an InGaAs photodiode-array (C9914GB, 

Hamamatsu Photonics, Hamamatsu, Japan), to register spectra from 343 to 2222 nm, with ±5 nm of 

spectral resolution. As a quality control, the instrument checks its spectrum intensity using four factory 

reference materials during its initialization. The sensor was also self-calibrated, by collecting a dark and 

a white reference measurement, before each spectra acquisition. For scanning, the samples were placed 

in a sample holder that isolates the entrance of external light; so, there is no need for a dark room. Each 

sample was scanned in triplicate, by repositioning the sample after each reading to account for the micro 

heterogeneity of the sample (Tavares et al., 2019). Before the spectra pre-processing steps, the replicates 

were averaged. 

The raw spectra were first reduced from 343–2222 nm to 437–2149 nm range due to noise at 

the spectrum edges. Thereafter, the link between the two detectors, an artifact at 1040 nm, was corrected 

following the method proposed by Mouazen et al. (Mouazen et al., 2009). These spectra were then pre-

processed following the successive order: standard normal variate (SNV) > maximum normalization > 

first derivative with Savitzky–Golay > smoothing with Savitzky–Golay. These four pre-processing 

algorithms are frequently adopted in the literature. The SNV is a scattering correction method that is 

applied to soil VNIR spectra to remove the multiplicative interferences of particle size (Barnes et al., 

1989). The maximum normalization was carried out to get all spectral data to approximately the same 

scale (Mouazen et al., 2006), while the first derivative was applied to improve the signal-to-noise ratio 

by enhancing weak spectral features (Ben-Dor et al., 1997). The smoothing approach was used to remove 

noise and improve the signal-to-noise ratio (Nawar and Mouazen, 2017; Rinnan et al., 2009) further. All 
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data pre-processing steps were performed using the Unscrambler® version 10.5.1 (Camo AS, Oslo, 

Norway). 

 

6.2.5. XRF measurements and spectra pre-processing 

A portable device Tracer III-SD model (Bruker AXS, Madison, EUA) was used for XRF data 

acquisition. This instrument has a 4 W Rh X-ray tube and a Peltier-cooled Silicon Drift Detector with 

2048 channels. The X-ray tube was configured for voltage and current of 35 kV and 7 μA, respectively 

(Tavares et al., 2020a). No filter was used and the scanning time was 90 s, which was performed under 

atmospheric pressure (Tavares et al., 2020a). Three readings were taken from each soil specimen at three 

different spots, and these were then averaged to be considered for spectra pre-processing and modeling. 

The acquired spectra were normalized by the detector live time and evaluated in counts of 

photons per second (cps). Considering the area under each peak, 12 spectral lines (K-lines of Al, Si, K, 

Ca, Ti, Mn, Fe, Ni, and Cu, and the scattering peaks Rh-Lα Thomson, Rh-Kα Compton, and Rh-Kα 

Thomson) were selected to be used as explanatory variables, following the criteria recommended by 

Tavares et al. (2020b). Finally, the K-line of Al, Si, K, Ca, Ti, Mn, Fe, Ni, and Cu were normalized by the 

Compton peak. 

 

6.2.6. LIBS measurements and spectra pre-processing 

The same equipment and instrumental conditions described in the 5.2.4. Section (Chapter 5) 

were used in the present study. Regarding the LIBS spectra pre-processing, they were initially 

downscaled to 200 to 540 nm, which is a region containing the most valuable and high-intensity 

emission lines (Yu et al., 2016). Afterwards, the interval successive projection algorithm (iSPA) was 

applied to select significant variables (Gomes et al., 2013). To employ this algorithm, the LIBS spectra 

from 200 to 540 nm were divided into 160 intervals of 243 variables. The regions selected for each fertility 

attribute are shown in Table A1 (Appendix Section). The mean raw spectra acquired with the VNIR, 

XRF, and LIBS technique are shown in Figure 1. 
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Figure 1. Mean spectra measured with visible and near infrared (VNIR) (A), X-ray fluorescence (XRF) (B), and 

(LIBS) (C) sensors. Snapshot of some XRF and LIBS emission lines are also shown. VNIR spectra are presented with 

their standard deviation (dash line) above and below the mean curve. The emission lines identified with the 

following letters correspond to: Al-Kα (a), Si-Kα (b), Rh-Lα Thomson (c), Ar-Kα (d), K-Kα (e), Ca-Kα (f), Ti-Kα (g), 

Ti-Kβ (h), Mn-Kα (i), Fe-Kα (j), -Fe-Kβ (k), Ni-Kα (l), Cu-Kα (m), Rh-Kα Compton (n), Rh-Kα Thomson (o), Rh-Kβ 

Compton (p), Rh-Kβ Thomson (q), P I 213.62 (r), and P I 214.91 (s). Atomic units and counts of photons per second 

have been abbreviated as a.u. and cps. 
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6.2.7. Modeling 

After pre-processing, spectral variables were associated with the laboratory measured soil 

attributes by establishing predictive models. This was done using the spectral data of each single-sensor 

and for all possible combinations of sensors, through the following associations: VNIR + XRF, VNIR + 

LIBS, XRF + LIBS, and VNIR + XRF+ LIBS. The calibration and validation subsets comprised, 

respectively, of 70% and 30% of the total number of samples that were divided using the Kennard–Stone 

algorithm (Kennard and Stone, 1969) executed on the measured soil attributes. The prediction 

performance was evaluated through the determination coefficient (R²), root mean square error (RMSE), 

and the residual prediction deviation (RPD). Based on the RPD values, the prediction quality of 

developed models were classified into four classes adapted from Chang et al. (2001): poor models (RPD 

< 1.40), reasonable models (1.40 ≤ RPD < 2.00), good models (2.00 ≤ RPD < 3.00), and excellent models 

(RPD ≥ 3.00). The relative improvement (RI) of the predictions accomplished by means of the multi-

sensor approaches were also calculated, in terms of percentage of RMSE (Cardelli et al., 2017; O’Rourke 

et al., 2016), and compared to the best prediction obtained using the single-sensor (VNIR, XRF, and 

LIBS, individually) and two-sensor approach (VNIR + XRF, VNIR + LIBS, and XRF + LIBS). 

 

6.2.7.1. Single-sensor predictive models 

The predictive models using VNIR and LIBS data individually were established by means of 

PLS regression (Munnaf et al., 2019; Erler et al., 2020). The number of latent variables adopted for each 

PLS model was determined for the model in cross-validation that resulted in the lowest RMSE. For the 

XRF, models were calibrated with multiple linear regression (MLR), as suggested by Tavares et al. 

(2020b). All the calibrations and validations were performed using the Unscrambler software, version 

10.5.1 (Camo AS, Oslo, Norway). 

 

6.2.7.2. Data fusion approaches 

Two data fusion approaches were used to build the predictive models using multi-sensor data. 

The first was designated as spectral fusion (SF) method. It is a front-end approach, consisting of merging 

the pre-processed spectral data of each combination of sensor (VNIR + XRF, VNIR + LIBS, XRF + LIBS, 

and VNIR + XRF + LIBS) in one matrix. The merged data were scaled by the standard deviation to create 

an even distribution of variances, before they were subjected to PLS regression to develop a model for 

each soil attribute. The number of latent variables for each PLS model was determined according to the 

leave-one-out cross-validation that resulted in the lowest RMSE.  
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The second data fusion method was adapted from the Granger and Ramanathan (GR) 

averaging method (Granger and Ramanathan, 1984), as performed by Tavares et al. (2021). In the 

present study, the GR approach consisted of calibrating a multiple linear regression (MLR) with 

independent variables being the predictions made with the sensors, plus the prediction made with the 

multi-sensor merged data (e.g., SF approach). For example, for the combination between XRF and VNIR 

sensors, the GR method was applied according to Equation (1): 

  Y = W0 + (WVNIR ∙ XVNIR) + (WXRF ∙ XXRF) + (WSF ∙ XSF),  (1) 

where: Y is the soil property to be estimated; XVNIR and XXRF are the predictions made by VNIR and XRF 

single-models, respectively; XSF is the prediction made by the SF approach using the VNIR and XRF 

merged data; W0, WVNIR, WXRF, WSF are the parameters of the MLR determined by least squares method, 

where the first parameter is the value of the line intercept and the others are the weights of the 

predictions. 

Equation (1) was also applied for combinations of LIBS + VNIR, LIBS + XRF, and VNIR + XRF 

+ LIBS. All data fusion models were calibrated and validated using the Unscrambler software, version 

10.5.1 (Camo AS, Oslo, Norway). 

 

6.3. Results 

6.3.1. Laboratory measured soil properties 

The descriptive statistics and correlation matrix of the laboratory measured soil properties 

were presented in the 4.3.1.1. Section (Chapter 4). 

 

6.3.2. Prediction performances of single-sensor and multi-sensor approaches 

The prediction results of individual and combined application of VNIR, XRF, and LIBS sensors 

are presented in Table 1 (see details in Table A2, in the Appendix Section). Considering the single-sensor 

prediction performance, VNIR presented excellent and good prediction performance for clay (RPD = 

3.37), OM (RPD = 2.61), and V (RPD = 2.26). Among the three sensors, VNIR showed the lowest RMSE 

for clay and OM prediction (Table A2). The XRF sensor showed good prediction performance for clay 

(RPD = 3.13), CEC (RPD = 2.57), and ex-Mg (RPD = 2.99), and excellent predictions for V (RPD = 4.18), 

ex-K (RPD = 4.26), and ex-Ca (RPD = 4.82). Meanwhile, the LIBS sensor achieved excellent prediction 

performance for clay (RPD = 3.06), V (RPD = 4.27), ex-Ca (RPD = 4.07), and ex-Mg (RPD = 3.65), and 

good prediction performance for OM (RPD = 2.14). Among the three sensors when used individually, 
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XRF exhibited the lowest RMSE for CEC, ex-K and ex-Ca prediction, while LIBS showed the lowest 

RMSE for the prediction of pH, V, ex-P and ex-Mg (Table A2). The pH was the only attribute that could 

not be satisfactorily predicted (RPD < 1.12) by any of the single-sensor approaches, while the ex-P only 

was only satisfactorily predicted by LIBS (RPD = 1.82). 

 

Table 1. Residual prediction deviation (RPD) obtained for the validation set (n = 34) of clay, organic matter 

(OM), cation exchange capacity (CEC), pH, base saturation (V), and extractable (ex-) nutrients (ex-P, ex-K, ex-

Ca, and ex-Mg) using the visible and near infrared (VNIR), X-ray florescence (XRF), and laser induced 

breakdown spectroscopy (LIBS) data individually and different combination of them through spectra fusion 

(SF) and Granger and Ramanathan (GR) approaches. 

 Clay OM CEC pH V ex-P ex-K ex-Ca ex-Mg 

VNIR 3.37 2.61 1.40 1.10 2.26 0.88 1.89 1.79 1.45 

XRF 3.13 1.82 2.57 1.11 4.18 0.80 4.26 4.82 2.99 

LIBS 3.06 2.14 2.45 1.12 4.27 1.82 2.05 4.07 3.65 

VNIR + XRF - SF 3.51 2.39 1.96 1.22 3.67 0.90 3.09 2.83 2.33 

VNIR + XRF - GR 3.53 2.35 1.94 1.26 4.24 0.89 4.98 3.90 2.66 

VNIR + LIBS - SF 3.90 2.38 2.55 1.31 3.69 1.07 1.96 3.71 2.86 

VNIR + LIBS - GR 3.97 2.43 2.49 1.31 3.65 1.48 2.08 3.89 3.28 

XRF + LIBS - SF 3.03 1.84 2.57 1.05 3.69 1.54 3.78 5.14 3.94 

XRF + LIBS - GR 3.26 2.38 2.40 1.14 3.57 1.44 4.52 5.30 4.11 

VNIR + XRF + LIBS - SF 4.02 2.42 2.60 1.31 3.88 1.05 2.42 3.97 3.47 

VNIR + XRF + LIBS - GR 3.73 2.44 2.63 1.32 3.77 1.43 4.83 4.96 3.83 

The RPD values for the same soil attribute were compared and presented on gray scale, highlighting the highest 

values within each soil attribute. The root-mean-square error (RMSE) are given in g dm−3 for clay and OM; in mmolc 

dm−3 for CEC, ex-K, ex-Ca, and ex-Mg; in % for V; and, and in mg dm−3 for ex-P. Results of coefficient of 

determination (R2) and RMSE are detailed in the Appendix Section (Table A2). 

 

Table 2 shows the RI for the predictions performed using multi-sensor data through the two 

applied data fusion approaches (SF and GR), compared with the best single-sensor approach. This 

indicator shows the improvement (when positive) or the deterioration (when negative) obtained in the 

sensor fusion relative improvement (Cardelli et al., 2017; O’Rourke et al., 2016). The attributes OM, V 

and ex-P were better predicted by the individual than combined sensors. All the other attributes (clay, 

CEC, pH, ex-K, ex-Ca, and ex-Mg) were better predicted by multi-sensor approaches. 

The RI values for clay prediction ranged from -11.1 to 16.3%, for the SF approach, and from -3.2 to 

15.2%, for the GR approach. For CEC prediction, the RI ranged from -31.1 to 1.4%, using SF, and from -32.0 

to 2.3%, using GR. Although the pH models did not perform satisfactorily, their RI values ranged from -

6.5 to 14.8% and 1.9 to 15.3% for SF and GR, respectively. For the ex-K prediction, the RI ranged from -117.4 

to -12.6% for SF, and -104.5 to 14.4% for GR. For ex-Ca, the RI varied between -70.2 and 6.2% for SF, and 

between -23.9 and 9.2% for GR. For ex-Mg prediction, the RI values ranged from -28.5 to 24.2%, using SF, 

and from -12.4 to 27.2%, using GR. VNIR + XRF led to positive improvement in the prediction of clay, 

pH and ex-K (with GR only), although improvements were larger in VNIR + LIBS for clay and pH only. 

As expected, the fusion of XRF and LIBS improved the prediction of the extractable nutrients mainly, 
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ex-K, ex-Ca and ex-Mg, with minor improvement in CEC, with SF, and pH, with GR (Table 2). The 

fusion of the three sensors have scored the largest number of improvements with positive RI values for 

all studied attributes except for OM, V and ex-P. In general, the performance of the back-end data fusion 

strategy using the GR approach outperformed the SF approach in 72.2% of cases. In summary, the 

improvement in predictive performance varied according to the combination of sensors as well as the 

data fusion strategy used; there was no one optimal approach for the prediction of all the attributes 

analysed. 

 

Table 2. Relative improvement (RI) and root-mean-square error (RMSE) achieved for each multi-sensor 

approach using spectra fusion (SF) and Granger and Ramanathan (GR) data fusion methods, in comparison 

with the best prediction obtained using the single-sensor approaches. 

      Clay OM1 CEC2 pH V3 ex-P4 ex-K4 ex-Ca4 ex-Mg4 

Best single-sensor 

approach 

RMSE 27.32 2.10 10.19 0.33 5.49 5.84 0.53 4.09 4.28 

Tech5 VNIR VNIR XRF LIBS LIBS LIBS XRF XRF LIBS 

VNIR +XRF 

SF 
RMSE 26.19 2.29 13.35 0.30 6.38 11.81 0.73 6.97 5.51 

RI (%) 4.1 -9.2 -31.1 8.6 -16.2 -102.3 -37.6 -70.2 -28.5 

GR 
RMSE 26.05 2.33 13.45 0.29 5.52 11.91 0.45 5.06 4.82 

RI (%) 4.7 -10.7 -32.0 11.2 -0.7 -104.1 14.4 -23.5 -12.4 

VNIR +LIBS 

SF 
RMSE 23.57 2.30 10.26 0.28 6.34 9.97 1.16 5.32 4.48 

RI (%) 13.7 -9.5 -0.7 14.5 -15.6 -70.7 -117.4 -30.0 -4.5 

GR 
RMSE 23.18 2.25 10.49 0.28 6.42 7.20 1.09 5.07 3.90 

RI (%) 15.2 -7.1 -2.9 14.5 -16.9 -23.3 -104.5 -23.9 8.9 

XRF +LIBS 

SF 
RMSE 30.35 2.98 10.17 0.35 6.34 6.90 0.60 3.84 3.25 

RI (%) -11.1 -41.8 0.2 -6.5 -15.6 -18.2 -12.6 6.2 24.2 

GR 
RMSE 28.19 2.30 10.89 0.32 6.56 7.39 0.50 3.72 3.12 

RI (%) -3.2 -9.3 -6.8 1.9 -19.5 -26.6 5.8 9.2 27.2 

VNIR + XRF 

+LIBS 

SF 
RMSE 22.88 2.27 10.04 0.28 6.04 10.17 0.93 4.96 3.70 

RI (%) 16.3 -7.8 1.4 14.8 -10.0 -74.2 -75.7 -21.2 13.7 

GR 
RMSE 24.68 2.25 9.95 0.28 6.22 7.47 0.47 3.98 3.34 

RI (%) 9.7 -6.9 2.3 15.3 -13.3 -28.0 11.9 2.9 22.0 
1 Organic matter; 2 cation exchange capacity; 3 base saturation; 4 extractable (ex-) nutrients (ex-P, ex-K, ex-Ca, and 

ex-Mg); 5 related technique. The positive RI values for the same soil attribute were compared and presented on gray 

scale, with higher RI values having darker color and vice versa. For each soil attribute, bolded RMSE values indicate 

the approach with the lowest prediction error.  

 

Table 3 compares the prediction performances of the three-sensor approach with the best 

performances obtained with the two-sensor and the single-sensor approaches. Results revealed that the 

best predictions of OM, V and ex-P were obtained using the single-sensor approach (with VNIR for OM, 

and with LIBS for V and ex-P). Predictions of these attributes using two sensors showed degradation in 

predictive performance, with the best two-sensor approach showing an RMSE increment of 7.1, 0.7 and 

18.2% for OM, V, and ex-P, respectively. A similar deterioration in the prediction performance of these 

attributes (OM, V, and ex-P) was also observed by the three-sensor approach, with an increase in the 
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prediction error oscillating between 6.9 and 74.2% in comparison to the best performing single-sensor 

approach.  

Concerning ex-K, ex-Ca and ex-Mg, better prediction results were obtained when using the 

two-sensor approach. The VNIR + XRF combinations were the most promising for ex-K, while XRF + 

LIBS stood out for ex-Ca and ex-Mg. The performance increment obtained by the above-mentioned two-

sensor approaches, relatively to the best single-sensor strategy, was 14.4, 9.2 and 27.2% for ex-K, ex-Ca 

and ex-Mg, respectively. When combining a third sensor, the predictive performance was degraded, 

with a reduction of 2.9, 6.5 and 6.8% for ex-K, ex-Ca and ex-Mg, respectively, relative to the best two-

sensor approach. 

Concerning the clay, CEC and pH the best prediction performances were recorded by the 

three-sensor approach, which reduced the error to a range between 2.3 and 16.3%, in comparison to the 

best single-sensor approach, and between 0.9 and 2.2%, relative to the best approach using two sensors.  

Due to the presence of synergistic information in the data, improved predictions were 

obtained for a large number of attributes (six out of nine) when using the three-sensor approach. The 

combination between XRF and LIBS showed synergy for the prediction of five out of nine attributes, 

while both the combinations VNIR + LIBS and VNIR + XRF showed synergy for three out of nine 

attributes. 

 

Table 3. Relative improvement (RI) achieved for the predictions using the best three-sensor approach in 

comparison with the best prediction obtained using the two-sensor, and the single-sensor approaches. The 

root mean square error (RMSE) of each approach was also presented. 

  Best single-

sensor approach 

  
Best two-sensor approach 

  
Three-sensor approach    

  RMSE Tech5   RMSE Tech5 DF6 

RI comp. 

single-

sensor7 

  RMSE DF6 

RI comp. 

single-

sensor7 

RI comp. 

two-

sensor8 

Clay 27.32 VNIR9  23.18 VNIR + LIBS GR12 15.2  22.88 SF13 16.3 1.3 

OM1 2.10 VNIR  2.33 VNIR + XRF GR -10.7  2.25 GR -6.9 3.5 

CEC2 10.19 XRF10  10.17 XRF + LIBS SF 0.2  9.95 GR 2.3 2.2 

pH 0.33 LIBS11  0.28 VNIR + LIBS GR 14.5  0.28 GR 15.3 0.9 

V3 5.49 LIBS  5.52 VNIR + XRF GR -0.7  6.04 SF -10.0 -8.5 

ex-P4 5.84 LIBS  7.20 VNIR + LIBS GR -23.3  7.47 GR -28.0 -3.6 

ex-K4 0.53 XRF  0.45 VNIR + XRF GR 14.4  0.47 GR 11.9 -2.9 

ex-Ca4 4.09 XRF  3.72 XRF + LIBS GR 9.2  3.98 GR 2.9 -6.5 

ex-Mg4 4.28 LIBS   3.12 XRF + LIBS GR 27.2   3.34 GR 22.0 -6.8 
1 Organic matter; 2 cation exchange capacity; 3 base saturation; 4 extractable (ex-) nutrients; 5 related technique(s); 6 

related data fusion approach; 7 RI compared with the best single-sensor approach; 8 RI compared with the best two-

sensor approach; 9 visible and near infrared diffuse reflectance spectroscopy; 10 X-ray fluorescence spectroscopy; 11 

laser induced breakdown spectroscopy; 12 Granger and Ramanathan approach; and 13 spectral fusion approach. For 

each soil attribute, bolded RMSE values indicate the approach with the lowest prediction error.  
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6.4. Discussion 

Soil spectral analyses via the tandem use of VNIR, XRF and LIBS sensors have two potential 

benefits: (i) extend the set of predicted soil attributes in comparison with single-sensor approaches; and 

(ii) improve the models' predictive performance by exploring synergy in the data through data fusion 

approaches, both are discussed in Sections 6.4.1 and 6.4.2, respectively. 

 

6.4.1. Individual performance of VNIR, XRF and LIBS sensors: coverage of key soil fertility 

attributes 

The results observed in this work show that the tandem application of VNIR, XRF and LIBS 

techniques, allows extending the number of predicted fertility attributes with optimal performances 

(Table A3, in the Appendix Section). For individual sensor limited number of attributes could be 

detected and the attributes are technology specific. For example, excellent and good predictions could 

be achieved for clay and OM, respectively, with both the VNIR and LIBS sensors  

Although the VNIR sensor allowed more accurate predictions of these attributes, since both 

attributes have direct spectral responses in the NIR range (Ben-Dor, 2002). A similar trend was observed 

for the chemical attributes CEC, V, ex-K, ex-Ca, and ex-Mg, whose optimal prediction performances 

were obtained with elemental analysis sensors (with RPD oscillating between 2.57 and 4.82) due to the 

fact these attributes are closely related to the emission lines present in these sensors.  

The LIBS spectra presented emission lines for C (in 247.856 nm), P (in 213.6182 and 214.914 nm) 

and Mg (in 277.983 and 285.213 nm), which were not observable in the XRF spectra. The presence of 

these emission lines explains the better performance of LIBS for OM, ex-P and ex-Mg prediction than 

XRF. The XRF spectra showed K emission line (in 3.31 keV), which was not observable in the LIBS data, 

explaining its superior performance for ex-K prediction. The excellent ex-Ca prediction of both 

elemental techniques is well supported by the Ca emission lines (in 3.69 keV for XRF, and in 315.887 

and 317.933 for LIBS). The presence of Ca emission lines also explains the similar performance for V and 

CEC prediction obtained by both XRF and LIBS (good predictions for CEC and excellent for V), since 

both attributes showed strong correlation with the ex-Ca (r ≥ 0.92).  

The attributes with the worst predictive performance were the ex-P and the pH. Regarding 

ex-P, LIBS was the only sensor to present a satisfactory prediction for this attribute. Although LIBS 

shows well defined emission lines for P, total contents of P may not always correlate with ex-P contents 

due to the complex chemistry of this element in tropical soils (Fontes, 2012). P in tropical soils is 

commonly associated, in a non-extractable manner, with Fe and Al oxides (Schäefer et al., 2008), which 
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makes the modeling of ex-P via elemental analysis techniques challenging (Andrade et al., 2020; Tavares 

et al., 2020a). A possible alternative to improve the predictive performance of ex-P and pH models is 

through the integration of electro-chemical sensors [e.g., ion-selective electrodes (ISE) and the ion-

sensitive field-effect transistor (ISFET)] to the multi-sensor array used, since with the former technology 

ensure direct soil analysis of the extractable contents of some ions (e.g., H+ and PO43-) (Kuang et al., 2012; 

Molin and Tavares, 2019). 

In general, the predictive capability of key soil fertility attributes decreased as fol-lows: LIBS 

> XRF > VNIR. These results differed from those presented by Xu et al. (2019a), which is the only research 

that explored VNIR, XRF and LIBS sensors for predicting soil fertility attributes. The authors obtained 

better prediction performances with the VNIR sensor, in comparison to the XRF and LIBS sensors, for 

OM, pH, ex-P, ex-K, and ex-N. Our results, however, are in line with those of other research carried out 

in tropical soils that also evaluated the standalone use of VNIR (Coutinho et al., 2019; Demattê et al., 

2015, 2017; Demattê et al., 2019; Lacerda et al., 2016) and XRF (Andrade et al., 2020; Lima et al., 2019; 

Santos et al., 2020; Silva et al., 2019; Silva et al., 2017) techniques. Studies using LIBS sensors for the 

assessment of fertility attributes are incipient in tropical soils. However, the satisfactory performance 

obtained for clay is supported by that obtained by Villas-Boas et al. (2016). In turn, our poor pH 

predictions contrasted with the satisfactory predictions obtained by Ferreira et al. (2015). 

 

6.4.2. Combined performance of VNIR, XRF and LIBS sensors: synergy for predicting key 

soil fertility attributes 

The prediction of OM, V and ex-P did not show any synergy by the multi-sensor approaches 

evaluated in this study, as they were better predicted by each sensor individually. However, improved 

prediction performance was obtained for all the other attributes (clay, CEC, pH, ex-K, ex-Ca, and ex-

Mg), with RI ranging between 0.2 and 27.2% when using at least one of the multi-sensor approaches. 

The absence of synergy in the information provided by VNIR and elemental analysis sensors has 

already been reported in the literature for pH, ex-K and OM (Tavares et al., 2021; Xu et al., 2019a). 

Conversely, O'Rourke et al. (2016), assessing the combination XRF + VNIR in Australian soils, reported 

RI ranging from 15 to 44% for clay, CEC, pH, ex-K, ex-Ca, and ex-Mg. Also evaluating data fusion 

between VNIR and XRF sensors, Zhang and Hartemink (2020) obtained RI values oscillating from 3 to 

20% for the prediction of clay, pH, and total carbon in North American soils. A similar study achieved 

RI of 26% for CEC in Chinese soils (Wan et al., 2020). Also in Chinese soils, Xu et al. (2019b) reached an 

RI varying between 4 and 35% for OM prediction by the combination of LIBS and attenuated total 

reflectance Fourier-transform mid-infrared spectroscopy (FTIR-ATR).  



139 
 

In general, the prediction quality of the studied attributes by the sensor fusion decreased in 

the order of: VNIR + XRF + LIBS > XRF + LIBS > VNIR + LIBS > VNIR + XRF. Our results showed that 

there was no unique optimal sensor combination for predicting all the key soil fertility attributes, and 

that this is attribute specific. A similar behaviour was also observed by Xu et al. (2019a). Thus, the 

performance of different combinations of sensors should be evaluated by trial-and-error and that it is 

too soon to establish a clear trend, which requires further research. This means that data fusion is in its 

infancy stage, and more works will be necessary to recommend the optimal set of sensors for one or a 

set of soil attributes. 

This study was conducted using 102 soil samples with broad variation of fertility attributes 

collected in Lixisols and Ferralsols, which are representative and common types of soil in Brazilian 

agricultural fields. In addition, this pioneering evaluation provided useful information to help PSS users 

to understand the advantages and drawbacks of the combined use of VNIR, XRF, and LIBS sensors for 

soil fertility analysis. Nevertheless, it is also fundamental to evaluate larger datasets including other 

types of soils, which present high variability in soil mineralogy, textural classes, concentration range, 

and submitted to different agricultural practices. 

 

6.4.3. Operational aspects related to sample preparation 

It is important to consider practical aspects of sample preparation necessary to ensure the 

application of each technique. The VNIR and XRF techniques are less demanding in terms of sample 

preparation, and can be applied on loose soil samples (e.g., dried and sieved with 2 mm of particle size) 

without major impacts on the sensors performance (Coutinho et al., 2019; Tavares et al., 2019). However, 

the LIBS demands further sample preparation steps including particle size reduction with grinding, 

followed by pressing to create pellets that are necessary for optimal LIBS performance. Pelletizing 

promotes homogenization of the sample, and allows congruent ablations (necessary to maintain the 

stoichiometric proportion of the craters formed by the laser) (Jantzi et al., 2016). These extra sample 

preparation steps to ensure the collection of reliable data make it challenging to apply LIBS to run 

analyses directly in the field (Knadel et al., 2017). However, despite the extra time consigned to sample 

preparation, it would not make it unfeasible to use LIBS in controlled environments (e.g. hybrid 

laboratories and mobile laboratories) that enable the execution of such sample conditioning (Molin and 

Tavares, 2019). 
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6.5. Conclusions 

This study shows that the fusion of data from visible and near infrared diffuse reflectance 

spectroscopy (VNIR), X-ray fluorescence spectroscopy (XRF), and laser induced breakdown 

spectroscopy (LIBS) can extend the number of fertility attributes predicted with optimal performance, 

as well as improve the prediction accuracy by exploiting the synergy through data fusion techniques.  

Comparing among the individual sensor performance, the VNIR technique performed best 

for the prediction of clay and organic matter (OM) (2.61 ≤ RPD ≤ 3.37), while the elemental analysis 

techniques showed better performance for the prediction of cation exchange capacity (CEC), base 

saturation (V), and the extractable (ex-) K, Ca, and Mg (2.61 ≤ RPD ≤ 3.37). The LIBS stood out for V, ex-

P and ex-Mg prediction, while the XRF resulted in optimal predictions for CEC, ex-K and ex-Ca. The 

attributes with the worst predictive performance were the ex-P (0.80 ≤ RPD ≤ 1.82) and pH (RPD ≤ 1.12), 

with the latter performing poorly in all individual and combined sensor options tested in this study.  

Regarding the performance of the multi-sensor approaches, ex-K, ex-Ca and ex-Mg, were 

better predicted when using two sensors (VNIR + XRF for ex-K, and XRF + LIBS for ex-Ca and ex-Mg), 

while clay, CEC and pH were best predicted with the three-sensor (VNIR + XRF + LIBS). However, the 

combined use of sensors did not always lead to improvement in the prediction results. For instance, the 

best sensing method for OM, V and ex-P prediction was the single-sensor approach, showing that there 

was no synergy between the evaluated sensors for the prediction of these attributes. Furthermore, the 

best combination of sensors for predicting key fertility attributes proved to be attribute-specific, which 

is a drawback of the in tandem application of these analytical techniques. Another drawback to integrate 

the addressed techniques is the need for different sample preparations, where LIBS needs extra steps to 

conform the loose soil samples into pellets.  

Finally, the present work evidenced benefits and limitations of the in tandem application of 

VNIR, XRF and LIBS spectroscopies for fertility analysis in tropical soils. Further research should be 

encouraged to improve analytical protocols using multi-sensor approaches, to enable practical, 

environmentally friendly and accurate analysis, allowing its incorporation into future hybrid 

laboratories. 
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Appendix 

Table A1. Intervals of variables selected by the interval successive projection algorithm (iSPA) in the LIBS 

spectra for the predictive modeling of each soil fertility attribute. 

Attribute 
Number of intervals 

selected 
Spectral ranges of the selected intervals (nm) 

Clay 3 220.84 – 222.21, 246.77 – 248.29, and 251.37 – 252.94 

OM¹ 1 295.08 – 296.92  

CEC² 52 201.31 – 272.37, 287.89 – 298.73, and 414.15 – 416.63 

pH 3 220.84 – 222.21, 237.82 – 239.27, and 391.78 – 394.22 

V³ 57 201.31 – 272.37, 279.18 – 300.60, and 396.59 – 399.10 

ex-P4 1 214.14 – 215.44 

ex-K4 1 375.28 – 377.53 

ex-Ca4 1 389.37 – 391.77 

ex-Mg4 1 284.36 – 286.14 

¹ Organic matter; ² cation exchange capacity; 3 base saturation; 4 extractable (ex-) nutrients. 

 

Table A2. Prediction results of the validation set (n = 34) obtained using single VNIR, XRF, and LIBS data alone 

and using multi-sensor data, combined through spectra fusion (SF) and Granger and Ramanathan (GR) 

approaches. 

  Clay OM¹ CEC² pH V³ ex-P4 ex-K4 ex-Ca4 ex-Mg4 

 -------------------------------------- R² -------------------------------------- 

VNIR 0.93 0.86 0.51 0.19 0.80 0.07 0.74 0.68 0.52 

XRF 0.92 0.74 0.88 0.34 0.95 0.01 0.95 0.96 0.89 

LIBS 0.89 0.81 0.84 0.31 0.94 0.72 0.76 0.94 0.93 

VNIR + XRF – SF 0.94 0.83 0.77 0.36 0.93 0.14 0.91 0.89 0.82 

VNIR + XRF - GR 0.94 0.83 0.77 0.39 0.95 0.13 0.96 0.94 0.86 

VNIR + LIBS - SF 0.95 0.84 0.85 0.45 0.93 0.32 0.75 0.93 0.89 

VNIR + LIBS - GR 0.95 0.84 0.84 0.45 0.92 0.59 0.77 0.94 0.92 

XRF + LIBS - SF 0.90 0.75 0.85 0.24 0.93 0.61 0.94 0.96 0.94 

XRF + LIBS - GR 0.92 0.86 0.82 0.35 0.93 0.55 0.96 0.96 0.94 

VNIR + XRF + LIBS - SF 0.95 0.84 0.85 0.46 0.94 0.31 0.83 0.94 0.92 

VNIR + XRF + LIBS - GR 0.95 0.85 0.86 0.47 0.93 0.57 0.96 0.96 0.94 

 -------------------------------------- RMSE -------------------------------------- 

vis-NIR 27.32 2.10 18.66 0.34 10.38 12.05 1.20 10.98 8.85 

XRF 29.40 3.01 10.19 0.33 5.60 13.27 0.53 4.09 4.28 

LIBS 30.03 2.56 10.69 0.33 5.49 5.84 1.10 4.85 3.51 

VNIR + XRF - SF 26.19 2.29 13.35 0.30 6.38 11.81 0.73 6.97 5.51 

VNIR + XRF - GR 26.05 2.33 13.45 0.29 5.52 11.91 0.45 5.06 4.82 

VNIR + LIBS - SF 23.57 2.30 10.26 0.28 6.34 9.97 1.16 5.32 4.48 

VNIR + LIBS - GR 23.18 2.25 10.49 0.28 6.42 7.20 1.09 5.07 3.90 

XRF + LIBS - SF 30.35 2.98 10.17 0.35 6.34 6.90 0.60 3.84 3.25 

XRF + LIBS - GR 28.19 2.30 10.89 0.32 6.56 7.39 0.50 3.72 3.12 

VNIR + XRF + LIBS - SF 22.88 2.27 10.04 0.28 6.04 10.17 0.93 4.96 3.70 

VNIR + XRF + LIBS - GR 24.68 2.25 9.95 0.28 6.22 7.47 0.47 3.98 3.34 
1 Organic matter; 2 cation exchange capacity; 3 base saturation; 4 extractable (ex-) nutrients (ex-P, ex-K, ex-Ca, and 

ex-Mg). The coefficient of determination (R2) values for the same soil attribute were compared and presented on 

gray scale, highlighting the highest values within each soil attribute. The root-mean-square error (RMSE) are given 

in g dm−3 for clay and OM; in mmolc dm−3 for CEC, ex-K, ex-Ca, and ex-Mg; in % for V; and, for ex-P, the RMSE was 

given in mg dm−3.  
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Table A3. Qualitative interpretation* of the residual prediction deviation (RPD) performance obtained for each 

of the evaluated approaches using single-sensor (VNIR, XRF, and LIBS) and multi-sensor (VNIR + XRF, VNIR 

+ LIBS, XRF + LIBS, and VNIR + XRF + LIBS). 

  VNIR XRF LIBS 
VNIR + 

XRF 

VNIR + 

LIBS 

XRF + 

LIBS 

VNIR + XRF 

+ LIBS 

Clay Excel. Excel. Excel. Excel. Excel. Excel. Excel. 

OM¹ Good Reason. Good Good Good Good Good 

CEC² Reason. Good Good Reason. Good Good Good 

pH Poor Poor Poor Poor Poor Poor Poor 

V³ Good Excel. Excel. Excel. Excel. Excel. Excel. 

ex-P4 Poor Poor Reason. Poor Reason. Reason. Reason. 

ex-K4 Reason. Excel. Good Excel. Good Excel. Excel. 

ex-Ca4 Reason. Excel. Excel. Excel. Excel. Excel. Excel. 

ex-Mg4 Reason. Good Excel. Good Excel. Excel. Excel. 

* The qualitative interpretation was adapted from Chang et al. (2001) by using the following classes: poor models 

for RPD < 1.40 (highlighted in orange), reasonable models for 1.40 ≤ RPD < 2.00 (highlighted in light yellow), good 

models for 2.00 ≤ RPD < 3.00 (highlighted in light green), and excellent models for RPD ≥ 3.00 (highlighted in dark 

green); ¹ Organic matter; ² cation exchange capacity; 3 base saturation; 4 extractable (ex-) nutrients.  
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Connecting text for chapter 7 

The influence of moisture content on sensor performance is a classic challenge for in-situ 

applications using soil sensors. Although this topic has been extensively studied for VNIR sensors, it 

has been little explored for XRF sensors, especially for the prediction of fertility attributes. Another 

challenge related to the in-situ application of XRF sensors is the scanning time (dwell time) typically 

used for soil analysis with XRF, which typically oscillates between 60 and 90 s. This analysis time is 

restrictive for in-situ applications of this sensor (e.g., embedded in agricultural machines). In chapter 7, 

we evaluate the effect of reducing the scanning time, as well as the water increment, on XRF sensor`s 

performance.The present study is pioneering in showing the performance of an XRF sensor configured 

with a reduced scanning time (4 s) applied on wet samples for predicting fertility attributes. 

Chapter 7 fulfills the third objective of this thesis, which aimed at investigating the effect of 

soil moisture content and scanning time on the XRF performance to predict soil fertility attributes.  
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CHAPTER 7. TOWARDS IN-SITU ANALYSIS USING XRF SENSOR FOR SOIL FERTILITY ASSESSMENT: 

EFFECTS OF SCANNING TIME REDUCTION AND SOIL MOISTURE 

Abstract 

To support future in-situ/on-the-go applications using X-ray fluorescence (XRF) sensors, the 

present chapter aimed at evaluating the trade-off among the XRF’s performance for the prediction of 

fertility attributes and (i) the scanning time reduction and (ii) the increment of soil moisture content. 

102 soil samples acquired in two Brazilian agricultural fields were considered for these analyses. To 

assess the effect of scanning time reduction, readings using a portable XRF were performed with its 

dwell time set at 90, 60, 30, 15, 10, 7, 4, and 2 s. For assessing the effect of moisture content, soil samples 

with moisture content of 0, 5, 10, 15, 20, and 25% g g-1 were scanned with XRF set with 4 s scanning time; 

in order to compare results a VNIR sensor was also included in this analysis. Our results showed that 

it is possible to make drastic reductions in scanning time (from 90 to 2s) maintaining satisfactory 

prediction performance [residual prediction deviation (RPD) > 1.40] of soil fertility attributes. XRF 

proved to be less affected by soil moisture compared to the VNIR technique. Regarding the moisture 

effect on XRF sensor’s performance for fertility analysis, our results showed satisfactory prediction 

performances (RPD ≥ 1.45) for all fertility attributes on samples with up to 15% moisture content. 

However, the XRF gradually reduced its predictive performance by increasing the water level in the 

soil. Thus, methods to mitigate external effects on XRF data for more accurate in-situ applications might 

be useful, being necessary future research to find the best method for mitigating the effect of soil 

moisture content in XRF spectra. The study conducted in this chapter emphasize the potential of XRF 

for in-situ analysis of soil fertility attributes, being pioneering in showing that with a reduced sacanning 

time it is possible to obtain satisfactory prediction performances in wet samples.  

Keywords: 1. Precision agriculture 2. On-the-go applications 3. Rapid soil analysis 4. Variable-rate 

applications. 

 

7.1. Introduction 

The application of X-ray fluorescence (XRF) sensors for soil fertility analysis has evolved 

rapidly in recent years (Lima et al., 2019; Nawar et al., 2019; Tavares et al., 2020a). The technique 

characterizes a wide range of soil elemental composition (e.g., Ti, Fe, Cu, Ca, K, Si, among others), 

providing complementary information to other more common proximal soil sensing (PSS) techniques, 

such as mineralogical and organic constituents offered by visible and near infrared diffuse reflectance 

spectroscopy (VNIR) (O’Rourke et al., 2016). Due to the popularization of portable equipment 

associated with factory calibrations (e.g., pre-programmed measurement packages), XRF sensors has 

been applied for in-field analysis with satisfactory results for heavy metal characterization in soils 

(Weindorf et al., 2013; Paulette et al., 2015) and geochemical evaluations in soil trenches (Weindorf et 

al., 2012; Stockmann et al., 2016).  
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Although XRF sensors are already applied in-situ, the scanning time used is typically around 

30 to 90 s, which is quite contrasting when compared to the analysis time of other PSS techniques. For 

example, both apparent electrical conductivity (ECa) and VNIR techniques have an almost 

instantaneous scanning time (one s per scanning) that allows on-the-go data acquisitions with high 

spatial density (e.g., 250 data points ha-1 at operating speeds around 4 m s-1) (Molin and Tavares et al., 

2019). On the other hand, on-the-go application using ion-selective electrodes (ISE) are an example 

closer to what would be realized for XRF, since the ISE needs a longer dwell time in contact with the 

sample to stabilize its reading (e.g., approximately 10 to 15 s) (Adamchuk et al., 2007). This feature 

reduces the sensor's capability to acquire data at high spatial density in on-the-go operations. Kinematic 

data acquisitions using ISE systems usually measure about 15 to 30 data points ha-1 (Schirrmann et al., 

2011). Hence, the normally used XRF scanning time limits analysis of rapid nature, such as on-the-go 

soil measurements, making it necessary the optimization of this instrumental condition to expand 

embedded applications of this sensor. To the best of our knowledge, the optimization of XRF sensor 

scanning time has not yet been addressed in the literature for soil fertility analysis. 

Another challenge of in-situ analysis using soils sensors is to minimize the soil moisture effect 

that compromise part of the sensors’ performance (Ge et al., 2005; Kuang and Mouazen, 2013). Strategies 

for calibrating of predictive models that are insensitive to the effect of soil moisture has received a great 

attention for in-situ analysis performed with VNIR sensors (Minasny et al., 2011; Kuang and Mouazen 

et al., 2013; Nawar et al., 2020). However, there is still a lack of information on the soil moisture effect 

in XRF data, especially for fertility attributes prediction. Horta et al. (2015) have mentioned that the XRF 

technique is less affected by soil moisture, compared to the VNIR technique. Ge et al. (2005) and Padilla 

et al. (2019) have complemented this information by indicating that correction of the moisture effect in 

XRF spectra is necessary only in samples with gravimetric moisture above 20%. However, this issue still 

needs further research to understand the effect of soil moisture on the prediction of fertility attributes 

using XRF data, especially for data collected with reduced scanning time.  

In this backdrop, to support future in-situ/on-the-go applications using XRF sensors, the 

present chapter aimed at evaluating the trade-off among the XRF’s performance for the prediction of 

fertility attributes and (i) the scanning time reduction and (ii) the increment of soil moisture. In addition, 

a VNIR sensor was also considered in the soil moisture effect analysis. 
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7.2. Material and Methods 

The data analysis of this chapter was performed in two parts. In part 1, the effect of scanning 

time reduction on the XRF sensor’s analytical performance was assessed, and in part 2, the effect of soil 

moisture was evaluated. The methodology applied in this chapter was diagrammatically presented in 

Figure 1. 

 

 

Figure 1. Framework of the methodology applied for evaluating, in part 1, the effect of scanning time reduction 

(part 1) and the influence of soil moisture increment (part 2) on the X-ray fluorescence (XRF) sensor’s performance 

for the prection of clay, organic matter (OM), cation exchange capacity (CEC), exchangeable (ex-) K, and ex-Ca. In 

part 2, the influence of soil moisture increment was also evaluated for visible and near infrared diffuse reflectance 

spectroscopy (VNIR) sensor. 

 

7.2.1. Study sites and soil samples 

The study sites and soil samples used were described in the 4.2.1. Section (chapter 4). 

 

7.2.2. Reference analyses 

The contents of clay, cation exchange capacity (CEC), and the extractable (ex-) nutrients ex-K 

and ex-Ca were determined and used as Y-variables for the predictive modeling. The methods for these 

determinatons were described in the 4.2.2. Section (chapter 4). 
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7.2.3. Part 1: effect of scanning time reduction 

7.2.3.1. XRF measurements with different scanning times 

The equipment, instrumental conditions, and spectra pre-processing used are the same as 

those described in the 6.2.5. Section (chapter 6). The only exception was that, in the present study, the 

readings were performed with dwell time set at 90, 60, 30, 15, 10, 7, 4, and 2 s.  

The characterization of XRF data as a function of scanning time reduction was performed by 

observing dispersion measures of the signal-to-noise ratio (SNR) of Al, Si, K, Ca, Ti, and Fe K-lines. 

These emission lines were chosen because they emit fluorescence at different energies (1.5, 1.7, 3.3, 3.7, 

4.5, and 6.4 keV for Si, K, Ca, and Fe, respectivelly), representing different levels of influence of the 

matrix effect and the continuum spectrum of Rh X-ray tube (Tavares et al., 2020a,b). 

 

7.2.3.2. Modeling 

The set comprising 102 soil samples was divided into two groups, one for calibration (with 68 

samples) and the other for validation (with 34 samples) of the predictive models, procedure performed 

using the Kennard–Stone algorithm (Kennard and Stone, 1969) executed on the soil fertility attributes 

(Y-variables). For each scanning time, calibration models were built using multiple linear regression 

(MLR). Each calibrated model was validated on the respective validation set of its scanning time, e.g., 

models using XRF data acquired at 15 s were validated on XRF data also acquired at that scanning time. 

All the calibrations and validations were performed using the Unscrambler software, version 10.5.1 

(Camo AS, Oslo, Norway).  

The prediction performance was evaluated through the root mean square error (RMSE) and 

the residual prediction deviation (RPD), the latter was calculated as the ratio between the standard 

deviation (SD) of the laboratory measured soil property of interest and the RMSE in the prediction. 

Based on the RPD values, the prediction quality of developed models were classified into four classes 

adapted from Chang et al. (2001): poor models (RPD < 1.40), reasonable models (1.40 ≤ RPD < 2.00), good 

models (2.00 ≤ RPD < 3.00), and excellent models (RPD ≥ 3.00). 

 

7.2.4. Part 2: effect of soil moisture content 

Soil samples with moisture content of 0, 5, 10, 15, 20, and 25% g g-1 were scanned with both 

VNIR and XRF sensors. Oven-dried samples (at 45 °C for 48 h) were considered at 0% moisture content 
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and used for moisture increment with deionized water. 15 g of soil were used for each round of water 

increment and the readings with both sensors were performed immediately after each water increment. 

 

 

Figure 2. Soil sample (clay and sand content of 345 and 334 g dm-3, respectively) with moisture content of 0, 5, 10, 

15, 20, and 25 % g g-1 (A-F). The same soil sample with 25% moisture content in the sample holder for scanning with 

XRF (G) and VNIR (H) sensors. 

 

7.2.4.1. XRF measurements and spectra pre-processing 

The sample preparation, equipment, instrumental conditions, and XRF data pre-processing 

used in the present chapter are the same as those described in the 6.2.5. Section (chapter 6). The only 

exception is that the dwell time was set at 4 s in the present study.  

 

7.2.4.2. VNIR measurements and spectra pre-processing 

The sample preparation, equipment, instrumental characteristics, and spectra pre-processing 

used in the present study are the same as those described in the 6.2.4. Section (chapter 6). 

 

7.2.4.3. Modeling 

The same calibration and validation sets described above (in the 7.2.3.2. Section) were adopted 

in the present analysis. For evaluating the effect of moisture content o the XRF sensor’s performance, 

prediction models were calibrated (using the calibration set) on samples with 0% moisture content and 
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validated (using the validation set) on samples with moisture content of 0, 5, 10, 15, 20, and 25%. The 

same figures of merit and RPD interpretation classes described in the 7.2.3.2. Section (present chapter) 

were also adopted in this evaluation. 

 

7.3. Results 

7.3.1. Laboratory Measured Soil Properties 

The descriptive statistics and correlation matrix of the laboratory measured soil properties 

were presented in the 4.3.1.2. Section (chapter 4). 

 

7.3.2. Effect of scanning time reduction on XRF sensor's performance 

Figure 3 shows that reducing the sensor's dwell time leads to an increase in the SNR dispersion 

of the XRF emission lines, which is related to the increase of noise in spectra collected using reduced 

scanning time (Figure 3A). It can be seen that the increase in SNR dispersion occurs distinctly for 

different elements, in which Al, K, and Ca showed the highest dispersion [with coefficient of variation 

(CV) ranging from 1.2 to 25.3%] while Si, Ti, and Fe showed the lowest dispersion (with CV ranging 

from 0.3 to 4.7%). The greater dispersion must be related to elements with lower SNR values, since Al, 

K, and Ca had SNR values ranging from 2 to 22, whereas Si, Ti, and Fe had SNR values greater than 70. 

Among the elements with the highest SNR dispersion, K stood out with the highest CV values in all 

evaluated scanning times, with the only exception being the 2 s scanning time at which Ca had the 

highest CV. K was also the element with the lowest SNR, which ranged between 3 and 4. 

Figure 4 shows the behavior of the prediction performance of clay, CEC, ex-K, and ex-Ca when 

reducing the XRF scanning time. Although the prediction error tends to increase as the dwell time 

decreases, the prediction performances of all fertility attributes remained satisfactory (RPD ≥ 1.92) at all 

evaluated scanning timesPredictions of clay, CEC, and ex-Ca maintained their good performance (RPD 

≥ 2.00) over the entire scanning time reduction (from 90 to 2 s), showing an increase in RMSE ranging 

from 1.1 to 29.7 %. On the other hand, ex-K was the attribute that showed the greatest reduction in its 

prediction performance (with RMSE increasing between 24.3 and 133.1 %), which must be related to the 

reduced SNR of the K emission line. 
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Figure 3. Effect of scanning time reduction on XRF spectra (A). Signal-to-noise ratio for the K-lines of Al (B), Si (C), 

K (D), Ca (E), Ti (F), and Fe (G) obtained at different scanning times (2, 4, 7, 10, 15, 30, 60, and 90 s). The bars 

represent the standard deviation and the values in percentage represent the coefficient of variation of five XRF 

measurements performed on the same soil sample after moving the sample cup position. 
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Figure 4. Effect of scanning time reduction on X-ray fluorescence (XRF) sensor performance for predicting (using 

the validation set, n = 34) clay, cation exchange capacity (CEC), and exchangeable (ex-) nutrients (ex-K and ex-Ca). 

The performance was evaluated via residual prediction deviation (RPD) and root-mean-square error (RMSE). The 

percentage values represent the variation of RMSE in relation to the performance obtained with 90s scanning time. 

 

7.3.3. Effect of moisture content on VNIR and XRF sensors’ performance 

Figure 5 shows that the higher the moisture content in the soil sample, the lower is the 

intensity of its XRF lines. However, this behavior is inverted for the scattering peaks (Compton and 

Thomson scattering of Rh X-ray tube), which increase its intensity as the amount of water in the sample 

increases. 

Regarding the prediction of fertility attributes using the XRF sensor, it is evident the reduction 

of its predictive performance as the moisture content increases. The prediction error of the XRF sensor 

increased between 7 and 50% in the first increment of water (samples with 5% moisture content), reaching 

an increase between 55 and 226% in samples with 25% moisture content. The VNIR sensor, on the other 

hand, proved to be more sensitive to the increment of moisture content, showing a more significant 

increase in error (between 1314 and 2796 % and 3738 and 10757 % for samples with 5 and 25 % moisture 

content, respectively). The lower water sensitivity of XRF sensor allowed satisfactory prediction 

performances (RPD ≥ 1.40) for all the fertility attributes evaluated in samples with up to 15% moisture 

content (Figure 6), which was not possible with the VNIR sensor that drastically reduced its predictive 

performance at the first addition of water (with prediction errors increasing by more than 1000% in 

samples with 5% moisture content). 
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Figure 5. X-ray fluorescence emission of a dried soil sample (0%) and after increasing its gravimetric moisture 

content by 5, 10, 15, 20, and 25 %. 
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Figure 6. Effect of soil moisture increment on the performance of VNIR (A and B) and XRF (C, D, E, and F) sensors 

for predicting fertility attributes. Predictive models were calibrated on dry samples and validated on samples with 

different levels of gravimetric moisture (from 0 to 25%). The performance was evaluated via residual prediction 

deviation (RPD) and root-mean-square error (RMSE). The labels correspond to the increase in RMSE (in percentage) 

compared to the RMSE obtained on dry samples (0% of moisture content). The blue dashed line indicates a RPD of 

1.4, values below this threshold indicate poor performance. XRF scanning time was configured at 4 s. 

 

7.4. Discussion 

Our results show that the reduction of XRF dwell time reduces its reading accuracy, which is 

an expected behavior as it is a typical effect of XRF analysis with reduced scanning time (Weindorf and 

Chakraborty, 2016). Nevertheless, the accuracy of the sensor for predicting fertility attributes does not 

degrade expressively and drastic reductions of the XRF scanning time (e.g., with scanning time of up to 

2 s) can be applied while maintaining satisfactory predictive performances (RPD ≥ 1.92). Alternatively, 

the reduced precision of individual measurements can be mitigated by replicating the data acquisition, 

especially if the attribute of interest depends on emission lines with reduced SNR (as observed for ex-K 
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in the present study). It is worth mentioning that SNR lower than 10 might be considered critical, as 

indicated by Currie (1968). 

It is a consensus that the practicality promoted by rapid readings enables a massive increase 

in the spatial density of in-situ analyses, which in turn allows for a better characterization of soil spatial 

variability as a whole (Viscarra Rossel et al., 2011; Molin e Tavares, 2019). The results provided in this 

chapter show the robustness of XRF performance for rapid analysis of fertility attributes. This 

knowledge is not widespread among XRF users as it is common to use pre-programmed measurement 

packages (Horta et al., 2015; O’Rourke et al., 2016; Lima et al., 2019; Nawar et al., 2019), which are factory 

calibrations associated with a pre-established scanning time, generally between 60 to 90 s (Weindorf 

and Chakraborty, 2016).  

Unlike laboratory measurements that are mainly conducted on dry and sieved samples, 

sensors applied in field conditions need to deal with external factors (e.g., soil moisture, soil roughness, 

etc) that influence sensors’ output (Horta et al., 2015, Mouazen and Al-Asadi, 2018). Soil moisture is one 

of the most studied external factor due to its marked influence on sensor's performance (Angelopoulou 

et al., 2020). Comparing XRF and VNIR sensors on wet soil samples, Horta et al. (2015) mentioned that 

the XRF is less affected by soil moisture compared to the VNIR technique, which was corroborated by 

the results obtained in the present study. Regarding the moisture effect on XRF sensor’s performance 

for fertility analysis, our results showed satisfactory prediction performances (RPD ≥ 1.45) for all fertility 

attributes on samples with up to 15% moisture content. Thus, predictive models calibrated on dry 

samples can be satisfactorily replicated on wet samples with moisture content between 0 and 15 %. 

Nevertheless, it was also observed that the prediction performance of the XRF sensor already decreases 

(incresing the error between 7 and 50 %) at the first water increment (from 0 to 5 % moisture). So, in 

cases where it is necessary to maintain the prediction accuracy, methods adopted to minimize external 

effects such as external parameter orthogonalization (EPO) (Roger et al., 2003) and direct 

standardization method (Wang et al., 1995) should be considered. Although the abovementioned 

methods have shown promising results for VNIR sensors providing moisture-insensitive predictions of 

soil attributes (Minasny et al., 2011; Kuang and Mouazen et al., 2013; Nawar et al., 2020), they have not 

yet been explored for XRF, which should be encouraged in future research. In addition, studies applying 

XRF sensors directly in the field are also necessary in order to consider the influence of other factors, 

such as soil roughness, ambient temperature, residues (e.g., stones and straw), and movement during 

spectral acquisition, which can also interfere in-situ measurements (Angelopoulou et al., 2020). 

Finally, it is worth mentioning that typically moisture content may vary from 5 to 25 % g g-

1 for sandy and from 5 to 30 % g g-1 for clay soils when the soil moisture is appropriate for conducting 

fieldwork (Adamchuk et al., 1999). In Brazilian tropical soils, soil testing is commonly performed in 
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the intercrop season, a period with drastically reduced rainfall, when soil moisture is usually not high 

(e.g., generally smaller than 15 % g g-1). This particularity would benefit the application of XRF in 

Brazilian tropical soils, since all the fertility attributes evaluated showed satisfactory prediction 

performance at 15 % g g-1 of soil moisture content. Lastly, our results allow raising the new hypothesis: 

"can models for predicting fertility attributes generated in dried samples be satisfactorily replicated 

in wet samples with up to 15 % g g-1 of water content?”. 

 

7.5. Conclusion 

The reduction of X-ray fluorescence (XRF) sensor scanning time increases the standard 

deviation of XRF emission lines that, in turn, reduces the precision of sensor readings. In spite of that, 

our results showed that it is possible to make drastic reductions in scanning time (from 90 to 2s) 

maintaining satisfactory prediction performance [residual prediction deviation (RPD) ≥ 1.92] of soil 

fertility attributes. 

The XRF proved to be less sensitive to soil moisture increment when compared to the VNIR 

sensor. For example, in a sample with 10% of moisture content, the XRF still achieved a satisfactory 

performance (RPD ≥ 1.45) for all the attributes evaluated, which was not reached with the VNIR sensor 

nor even using samples at 5% of moisture content. Despite this, the XRF gradually reduced its predictive 

performance by increasing the water level in the soil, e.g., at the first level of moisture increment 

performed in this study (from 0 to 5% of gravimetric moisture) the prediciton error increased among 7 

and 52%, depending on the attribute assessed. Thus, despite the lower sensitivity of the XRF sensor to 

soil moisture compared to VNIR, it is necessary to use methods to mitigate external effects on XRF data 

for more accurate in-situ applications.  

The observed results emphasize the potential of XRF for in-situ analysis of soil fertility 

attributes, since with a reduced sacanning time it is possible to obtain satisfactory prediction 

performances in wet samples. Furthermore, our results encourage future research to find the best 

method for mitigating the effect of soil moisture content in XRF spectra. 
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CHAPTER 8. FINAL CONSIDERATIONS 

The necessity to intensify the density of soil information without relying exclusively on 

georeferenced sampling and costly laboratory testing represents the soil sampling dilemma of precision 

agriculture (PA). Spectro-analytical techniques that allow direct analysis of samples, e.g. those requiring 

minimal or no sample preparation, are promising for a rapid, cost-effective, and environmentally-

friendly soil fertility characterisation, being alternatives for overcoming the soil sampling dilemma. The 

maturation of direct analysis techniques, such as visible and near infrared diffuse reflectance 

spectroscopy (VNIR), X-ray fluorescence spectroscopy (XRF), and laser induced breakdown 

spectroscopy (LIBS), would enable more accurate mapping of agricultural fields by means of in-situ or 

mobile laboratory analysis, which would represent new paradigm in soil management. A systematic 

review of this problematic in Brazilian tropical soils was presented in the second chapter, giving special 

attention to VNIR, XRF, and LIBS spectroscopies that were further explored in the subsequent chapters. 

For this thesis, the following three hypotheses were raised: (i) elemental analysis sensors (e.g., XRF and 

LIBS) present greater potential for predicting soil chemical attributes compared to VNIR sensor; (ii) the 

combination of data provided by VNIR sensors with those from elemental analysis sensors will provide 

more comprehensive and accurate information about key fertility attributes compared to the single-

sensor approaches; and (iii) although there are some critical factor that influences XRF’s prediction 

accuracy in applications directly in the field (e.g., sample moisture content and XRF scanning time), it is 

possible to establish strategies to maintain a satisfactory sensor performance. To test these hypotheses, 

we selected a set of 102 soil samples, with wide ranges of key fertility attributes, that was acquired in 

two Brazilian agricultural fields (Oxisol and Lixisol) with considerable textural variation. The overall 

findings associated with this project are described below according to the chapter in which they were 

presented.  

In the third chapter, our results showed that it is possible to evaluate loose soil samples that 

were only dried and sieved (≤ 2 mm), obtaining satisfactory prediction results for extractable (ex-) K 

and ex-Ca [coefficient of determination (R2) ≥ 0.76]. This simplified sample preparation performed only 

slightly worse than the analyses executed on pelletized soil samples (R² ≥ 0.78), which is the ideal sample 

preparation for XRF analyses. Our results emphasize the flexibility of XRF technique regarding sample 

preparation and encourages its integrated use with VNIR technique, which is also compatible with loose 

soil analysis. In the fourth chapter, we suggested a novel methodology for XRF data acquisition and 

processing in order to assess soil fertility attributes. The proposed method consists in setting a Rh-anode 

X-ray tube at 35 kV of voltage and 7 μA of current. Then, for data processing, K-lines of elements 

commonly observed in agricultural soils (e.g., Al-Kα, Si-Kα, K-Kα, Ca-Kα, Ti-Kα, Mn-Kα, Fe-Kα, Ni-
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Kα, and Cu-Kα) are selected according to their signal-to-noise ratio (> 10) and normalized by the 

Compton peak to mitigate the matrix effect. Finally, prediction models are calibrated using a reduced 

number of variables (the normalized K-lines and the scattering peaks Rh-Lα Thomson, Rh-Kα Compton, 

and Rh-Kα Thomson) by means of multiple linear regression (MLR). This simple and transparent 

method allows for further optimizations related to XRF parameters necessary for in-situ applications, 

such as reducing its scanning time.  

In the fifth chapter, we evaluate the performance of a benchtop LIBS sensor for predicting key 

soil fertility attributes. In general, predictions with satisfactory performance [residual prediction 

deviation (RPD) ≥ 1.82] were obtained for eight out of nine soil attributes evaluated [clay, organic matter 

(OM), base saturation (V), cation exchange capacity (CEC), ex-P, ex-K, ex-Ca, and ex-Mg], being pH the 

only exception that showed poor predictive performance (RPD ≤ 1.12). In addition, it was suggested a 

methodology to pre-process and model LIBS data that consists of selecting variables with the interval 

successive projections algorithm (iSPA) followed by model calibration via partial least squares 

regression (PLS). LIBS data is characterized by a very high spectral resolution (e.g., usually around tens 

of thousands data points) and the suggested method proved to be an efficient and accurate approach to 

deal with this issue using reduced number of variables. Furthermore, we highlighted in the discussion 

that although LIBS proved to be efficient for predicting fertility attributes in tropical soils, further 

research is encouraged to find solutions that allows LIBS applications in soil samples with simpler 

sample preparation than soil pelletizing. The need for sample pelletizing makes in-situ applications with 

LIBS unfeasible, overcoming this limitation would expand its application possibilities in PA. 

The individual and combined performance of VNIR, XRF, and LIBS for predicting key soil 

fertility attributes was assessed in the sixth chapter. The individual applications of XRF and LIBS sensors 

were performed using the optimized approaches provided by the chapters 3, 4, and 5. Results showed 

VNIR as individual technique to be the best for the prediction of clay and OM content (2.61 ≤ RPD ≤ 3.37), 

while the chemical attributes CEC, V, ex-P, ex-K, ex-Ca, and ex-Mg were better predicted (1.82 ≤ RPD ≤ 

4.82) by elemental analysis techniques (confirming the first hypothesis of this thesis). Only pH cannot be 

predicted, regardless the technique. The combined use of sensors, with individual prediction models (e.g., 

without using data fusion), allowed us to increase the range of soil fertility attributes determined with 

good and excellent predictions, emphasizing the complementary relationship of their data. At the same 

time, our results also showed that data fusion will not necessarily result in optimal prediction accuracy, 

compared to individual sensors. For example, the attributes OM, V, and ex-P were best predicted using 

single-sensor approaches; on the other hand, the attributes clay, CEC, pH, ex-K, ex-Ca, and ex-Mg were 

overall best predicted using multi-sensor approaches. Furthermore, the best combination of sensors for 

predicting key fertility attributes proved to be attribute-specific, e.g., ex-K, ex-Ca and ex-Mg, were best 
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predicted using two-sensor fusion approach (VNIR + XRF for ex-K and XRF + LIBS for ex-Ca and ex-Mg), 

while clay and CEC were best predicted with the three-sensor fusion approach (VNIR + XRF + LIBS). 

Hence, the findings obtained in the chapter 6 confirm that combining the data provided by VNIR, XRF, 

and LIBS sensors provide more comprehensive information about key fertility attributes compared to the 

single-sensor approaches. However, the findings also evidence that data fusion is not always more 

accurate than approaches using individual sensors, which leads us to refute the second hypothesis of this 

thesis. Lastly, we emphasize that may be too soon to establish a clear trend to recommend the optimal set 

of sensors for predicting one or a set of soil attribute, which requires testing large number of data sets, 

with different soil types, soil origin, concentration range, and agricultural practices. 

In the seventh chapter, we evaluate the applicability of XRF sensors for in-situ analysis, focusing 

on the effect of soil moisture content and scanning time on the XRF sensor's performance. Our results 

proved that it is possible to drastically reduce the scanning time (from 90 to 2s) while the performance 

for predicting fertility attributes is kept satisfactory (RPD > 1.40). Regarding the moisture effect, XRF 

proved to be less sensitive to soil moisture increment when compared to the VNIR sensor. Using XRF 

configured with scanning time of 4 s, satisfactory performances for clay, ex-K, and ex-Ca prediction 

were maintained when analysing samples with gravimetric moisture up to 15%, which was not possible 

for VNIR sensor. Despite this, the XRF gradually reduced its predictive performance by increasing the 

water level in the soil, which shows the importance of evaluating methods to mitigate this external effect 

for more accurate in-situ applications. Our study shows the potential of XRF for rapid in-situ analysis of 

soil fertility attributes and confirms the third hypothesis raised in this thesis.  

This project brought some advances for using VNIR, XRF, and LIBS sensors in Brazilian 

tropical soils as rapid and environmentally-friendly analytical methods for characterizing fertility 

attributes. Benefits and drawbacks of sensor-based approaches to assess fertility attributes have been 

evidenced in the chapters of this thesis. In general, one of the main limitations is that sensors data are 

usually related to some external factors (e.g., chemical and physical matrix effect, soil moisture in some 

cases, among others), which may compromise part of the sensors' predictive performance and can be a 

problem for replicating the calibrated models in subsequent analyses. Therefore, we would like to 

suggest that future research address the temporal stability of predictive models generated with sigle- 

and multi-sensor approaches that, to the best of our knowledge, has not been explored so far in the 

literature. Understanding temporal aspects of predictive models performance will be the basis for 

creating soil spectral libraries using XRF/LIBS data for soil fertility analysis, necessary to expand the 

development of in-situ and mobile laboratory analysis. Finally, it is worth mentioning that in view of 

the massive demand for fertilizers and lime in Brazilian soils, even as the worldwide calls for food 

security and sustainable farming systems, the development of successful sensor-based approaches for 
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soil management should be seen as a necessity and further research should be encouraged in Brazilian 

tropical soils. 


