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Abstract
This work aimed to develop suitable predictive models for ammonium, nitrate, total nitrogen, total organic carbon and 
soil humic fractions, for Ferralsols, using Vis-NIR-SWIR, MIR and X-ray fluorescence spectroscopic techniques in conjunc-
tion with machine learning algorithms, Cubist, PLSR, Random Forest and Support Vector Machine. Chemical analyzes were 
carried out to determine nitrate, total nitrogen, total organic carbon and chemical fractionation of soil organic matter, 
as well as spectral analyzes using Vis-NIR-SWIR spectroscopy, MIR and X-ray fluorescence. The spectroscopy results were 
processed using RStudio v. 4.1.3, applying Cusbist, PLSR, Random Forest and Support Vector Machine machine learning 
algorithms to create predictive models and describe spectral curves and Pearson correlation. Of the prediction models 
developed for nitrogen, total organic carbon and humic fractions, the PLSR and Support Vector Machine algorithms 
presented the best predictive performances. The descriptive analysis of the spectra identified the main absorption 
bands and the location of the bands sensitive to the attributes of interest. The correlation analysis proposed that the 
use of Vis-NIR-SWIR, MIR and XRF spectroscopic techniques were effective in predicting the contents of nitrogen, total 
organic carbon and humic fractions in soil with a medium sandy texture. However, it is important to highlight that each 
technique has its characteristic mechanism of action, Vis-NIR-SWIR and MIR detect the element based on overtones and 
fundamental tones, while XRF is based on the atomic number of the elements or elemental association.

Keywords  Supervised machine learning · Spectroscopic techniques · Accurate fertilization Sandy soil · Ammonium and 
nitrate quantification · Organic matter quantification · Soil health · Machine Learning

1  Introduction

     Sustainable soil use is an indispensable practice for the longevity of tropical agricultural soils, due to the difficulty in 
maintaining the stock and quality of organic matter in production systems [1]. The Oxisols, as they are called in the USA 
by soil taxonomy [2], are considered by the Brazilian soil classification system as Ferralsols, are weathered, low-fertility 
soils that occupy 7.5% of the global soil, 23% of the tropics [3], and more than 60% of Brazilian soils [4]. This class of soil 
is made up of 1:1 clay minerals such as Kaolinite, and Al and Fe oxides such as Gibbsite, Hematite, and Goethite [5]. Due 
to their particularities Ferralsols present challenges for achieving sustainable management, requiring an understanding 
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of their intrinsic properties to establish agricultural practices that preserve the environment [6]. The implementation of 
conservation practices such as no-till farming, and crop rotation, among others [7], results in the concentration of plant 
residues on the soil surface, providing benefits not only to the soil but also to water, contributing to improvements in 
the physical, chemical and biological properties of the system [8], especially the carbon (C) and nitrogen (N) fractions 
present in the soil [9]. Soil organic matter (SOM) from crop residues is composed of humified fractions, called humic 
substances, which characterize 85% of the total organic carbon (TOC) present in SOM [1]. TOC is the fraction of carbon 
stored in organic matter, which represents 58% of MOS. The fractions of MOS are relevant to environmental quality, due 
to their representativeness in the global carbon stock [10]. In addition to contributing to carbon storage in the soil, MOS 
also adds other soil nutrients such as nitrogen [11]. The N is one of the essential nutrients most required by plants and is 
considered extremely important in the processes of synthesizing proteins, nucleotides, nucleic acids, alkaloids, as well 
as chlorophyll, in addition to being a key factor in the photosynthesis cycle [12]. Furthermore the organic N, there are 
also inorganic mineral forms, composed of ammonium (NH4

+), nitrogen dioxide (NO2
-), and nitrate (NO3

-) [13]. In 2020, 
Brazil consumed approximately 5.3 million tons of N [14]. This underscores the importance of nitrogen fertilization for 
increasing agricultural productivity. However, there is still a great deal of doubt regarding the definition of the doses to 
be applied, as the indiscriminate use of nitrogen fertilizer in the forms of ammonium and urea causes soil acidification 
[15], as well as losses through the processes of volatilization, leaching, and denitrification [16], causing losses for both 
the farmer and the farming system. Usually, C and N availability in the soil can be assessed using chemical methods. 
However, there are restrictions on the chemical procedure, as it does not consider the mineralization and immobiliza-
tion of the element, which occur during the process of decomposition of organic matter [17], in addition to increasing 
the time it takes to release the result, in the case of using traditional methods of determination in commercial routine 
laboratories. Therefore, the use of remote sensing techniques geotechnologies has provided alternatives for evaluating 
soil attributes, optimizing time, reducing costs, and increasing the number of samples evaluated [18]. One of these is 
supervised machine learning. The machine learning algorithms often used to predict soil attributes are PLSR, Cubist, 
Random Forest, and Support Vector Machine [19]. In conjunction with machine learning, spectroscopic techniques such 
as Vis-NIR-SWIR, MIR, and X-ray fluorescence have been increasingly used to add to soil analysis carried out in laboratories, 
with applications focused on various aspects of soil Science [20, 21, 22]. The importance of associating spectroscopic 
techniques with the prediction of nitrogen and total organic carbon in soil classes such as Ferralsols becomes fundamen-
tal, given the costly chemical methods for predicting these components in the soil, as well as the undeniable need to 
assess their contents to provide adequate management and reduce nitrogen losses in the soil-atmosphere system [23]. 
The hypothesis of the work is that the use of spectroscopic techniques in association with supervised machine learn-
ing, allows the construction of a predictive model for the components ammonium, nitrate, total nitrogen, total organic 
carbon and humic fractions, for the soil class Ferralsols .The present study was conducted to develop a predictive model 
for ammonium, nitrate, total nitrogen, total organic carbon, and the chemical fractions of organic matter, using Vis-NIR-
SWIR, MIR, and X-ray fluorescence spectroscopic techniques in association with the Cubist, PLSR, Random Forest and 
Support Vector Machine learning algorithms.

2 � Materials and methods

2.1 � Description of the site and soil collection procedures

The study area is located on the experimental farm of the University of Oeste Paulista—UNOESTE, in Presidente Ber-
nardes—SP/Brazil, according to the geographical coordinates, south latitude 22°17ʹ13″ and west longitude 51°40ʹ34″ 
(Fig. 1). The site is home to an existing experiment, set up in 2014, consisting of a consortium system made up of the 
forage plant Panicum maximum cv. Mombasa and the legumes Cajanus cajan (Guandú bean) and Macrotyloma axillare 
cv. Java.

  The soil is classified as Ferralsols [24], and the regional climate, according to the [25] classification, is of the Cwa type. 
The soil was collected to begin developing the predictive models in this area but in a fallow, unmanaged plot. Composite 
soil samples were taken from the 0-20 and 80-100 cm layers at two points on the plot. The samples were analyzed for 
chemical parameters according to the methodology of [26], and the granulometric characterization according to the 
methodology of the [27] (Table 1).
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2.2 � Experimental design and determination of treatments

 The experimental design was entirely randomized, with two sampling depths, 0-20 and 80-100 cm of soil, and four 
increasing doses of 0, 100, 200, and 400 kg.ha1 of the mineral chemical compound ammonium nitrate, consisting of 
34% N (50% N-nitric and 50% N-ammoniacal). Each depth had four doses and ten repetitions, totaling 80 samples. The 
respective doses of the ammonium nitrate compound were applied. The duly identified samples were then moistened 
to their field capacity and stored in an air-conditioned greenhouse for 30 days [28]. The soil content intended for N and 
CO determination was stored in a freezer at -15°C as soon as it was removed from the cups. In this way, the inorganic N 
content was preserved until the laboratory analysis began [29]. The plot for spectral analysis was dried in a forced ventila-
tion oven at 45°C for 24 hours [30]. For the Vis-NIR-SWIR spectroradiometer and the XRF spectrometer, the soil samples 
were sieved through a 2.00 mm (9 mesh) [30, 31]. In MIR the samples were sieved through a 150µm (100 mesh) [32].

2.3 � Chemical soil analysis

2.3.1 � Determination of organic matter and total organic C in the soil and chemical fractionation of organic matter 
and quantification of carbon in the fractions

 To determine the organic matter content of the soil, 2g of soil from each sample was used and sieved through a 0.250 
mm (60 mesh) sieve. The procedure was carried out using the [33], adapted from [34]. To extract humic fractions, the 
methodology described by [33], adapted from [34]. 1g of dry soil was used in 50ml centrifuge tubes and 10ml of NaOH 
solution (0.1 mol ℓ-1) was pipetted into each tube. The tubes were then shaken in a vertical shaker for 1 hour at a speed 

Fig. 1   Sketch of the experimental área

Table 1   Chemical and granulometric analysis of the soil in the experimental area

OM Organic matter, SB sum of bases, CEC cátion exchange capacity, V Base saturation

Depth (cm) pH O.M P S Al3+ H+Al K Ca Mg SB CEC V (%)
(CaCl2) (g dm−3) – (mg dm−3) – (mmolc dm−3)

0–20 5.0 17.6 4.2 2.8 0 21.1 1.8 15.8 9.4 27 48.2 56
80–100 4.1 11.7 2.0 22.7 2 21.6 0.8 3.3 4.6 8.7 30.3 28

Depth (cm) Granulometry (g kg−1) Textural class

Sandy Silt Clay

0–20 770.9 53.9 175.2 Sandy medium
80–100 706.2 63.3 230.5 Sandy medium
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of 12 rpm and left motionless for 24 hours. After 24 h, the tubes were centrifuged at 3000 revolutions for 20 minutes. The 
supernatant resulting from the procedure was transferred to 100 ml beakers. 10 ml of NaOH (0.1 mol ℓ-1) were pipetted 
again into each tube, shaken and left still for 1 h. The centrifuge procedures at 3000 revolutions and supernatant removal 
were repeated once again. The alkaline extract contained in the bekers, resulting from the removal of the supernatant, 
contains the fraction of Humic and Fulvic acids, and had the pH adjusted to 2 with the H2SO4 solution (20%). The residue 
remaining in the tubes after removing the supernatant contains the Humine fraction, which is taken to the oven at a 
temperature of 45°C for 72 hours. The extract containing Humic and Fulvic acid, after pH adjustment, was transferred 
to other centrifuge tubes, remaining motionless for 18 hours for total precipitation of the humic fraction. After the time 
had elapsed, they were centrifuged at 3000 turns for 5 minutes. The supernatant resulting from this procedure contains 
the Fulvic fraction and was transferred to 50 ml volumetric flasks with its volume measured with deionized water. The 
precipitates at the bottom of the centrifuge tubes, Humic fraction, were added to 30 ml of NaOH (0.1 mol ℓ-1) for dilution 
and homogenization, being transferred to 50 ml volumetric flasks, completing the volume with the solution of NaOH 
(0.1 mol ℓ-1). I) Quantification of organic carbon in the Humic and Fulvic fractions: 5 ml of the extract from the Humic or 
Fulvic fraction were pipetted into 100 ml tubes for digestion. 10 ml of K2Cr2O7 solution (0.033 mol ℓ-1) was added with a 
volumetric pipette, then 10 ml of concentrated H2SO4 was added. The tubes were placed in the digester block at 170°C 
and maintained at that temperature for 30 minutes. After cooling at room temperature, 5 drops of the ferroin indicator 
solution were added, being titrated with the ammonium ferrous sulfate solution (0.03 mol ℓ-1). The titration turning point 
is clear, changing from green to violet, and possibly reaching red. Under the same conditions, we made 6 blank controls, 
where 3 blanks were taken to the digester block along with the samples, and the other 3 remained unheated, at room 
temperature. Unheated control blanks are important for calculating the total dichromate lost on heating in the absence 
of the sample. II) Quantification of organic carbon in the Humine fraction: 0.5 g of the humine fraction was weighed and 
transferred to the digestion tubes. 5 ml of K2Cr2O7 (0.167 mol ℓ-1) were added with the aid of a volumetric pipette, and 
then 15 ml of concentrated H2SO4 were added. The samples were digested in a digester block at 170°C and kept at that 
temperature for 30 minutes. After cooling at room temperature, the contents of each tube were transferred to a 250 ml 
Erlenmeyer flask and deionized water was added to bring the final volume to 80 ml. Subsequently, 0.3 ml of indicator 
solution was added and titration occurred with ammoniacal ferrous sulfate solution (0.1 mol ℓ-1). The same procedures 
were carried out for the white controls.

2.3.2 � Determination of inorganic nitrogen

 To determine the inorganic forms of N (NH4+ and NO3-) in the soil, 5 cm3 of soil was collected from each stored sample, 
which was determined according to the methodology of [35].

2.3.3 � Determination of total nitrogen content

To determine the total N in the soil, 1g of soil was collected from each sample and the procedure was carried out accord-
ing to the methodology described by [35].

2.4 � Spectroscopic analysis

2.4.1 � Visible, near infrared and shortwave infrared (Vis‑NIR‑SWIR)

The analysis was carried out according to the methodology described by [30], in which the soil samples were dried in a 
forced ventilation oven at a temperature of 45°C for 24 hours. They were then ground and sieved through a 2 mm mesh 
sieve (9 mesh), and deposited in 5g portions in Petri dishes, leveling the surface of the sample to reduce relief. Spectral 
data was obtained using the FieldSpec3 spectroradiometer (Analytical Spectral Devices, Boulder, CO, USA), using wave-
lengths of 350-2.500 nm.

2.4.2 � Middle infrared (MIR)

  The analysis was carried out according to the methodology described by [32], in which the soil samples were dried in 
a forced ventilation oven at 45°C for 24 hours and then sieved through a 150µm mesh (100 mesh) to obtain smaller soil 
particles. The reflectance spectra were obtained using the Alpha Sample Compartment RT-DLaTGS ZnSe spectrometer 
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(Bruker Optik GmbH), equipped with an accessory for the acquisition of diffuse reflectance (DRIFT). The spectra are 
obtained in the range between 4000 and 400 cm-1 (2.500-25.000 nm) with a spectral resolution of 2 cm-1 and 32 scans 
per minute per spectrum. For calibration, a gold reference plate was used as a standard every four measurements. A 1g 
portion of soil was used for the analysis.

2.4.3 � X‑Ray fluorescence (XRF)

The analysis was carried out according to the methodology described by [31], in which the soil samples were dried in a 
forced ventilation oven at 45°C for 24 hours, and then sieved through 2 mm mesh (9 mesh). The analysis was carried out 
using the Olympus Delta Professional portable X-ray fluorescence spectrometer (Olympus, USA), which has two excitation 
modes. The equipment is supplied with a 50 keV silver X-ray anode and a silicon drift detector, with 2,048 channels. It 
comes with factory-installed calibration methods called "Soil" and "Geochem", which act independently and read various 
elements. The soil samples were analyzed in "Soil" mode.

2.5 � Data analysis

The data was extracted and tabulated in spreadsheets, together with the respective data from the chemical analyses 
for determining N and COT. The machine learning algorithms used were Cubist, Partial Least Squares Regression (PLSR), 
Randon Forest (RF), and Support Vector Machine (SVM). These algorithms were selected due to their recurrent use in 
studies to develop predictive models based on MIR and NIR soil spectral libraries [36, 37]. Of the samples, 70% (equiva-
lent to 28 samples) were randomly selected for training, and 30% (equivalent to 12 samples) for model validation. This 
process was carried out for the datasets referring to soil depths of 0-20 and 80-100 cm. The algorithms were run using 
the Caret package in the RStudio® v. 4.1.3 software. The relationship between the observed and predicted values was 
assessed by the coefficient of determination (R2), the root mean square error (RMSE), and the performance ratio for the 
interquartile range (RPIQ). The models were classified based on R2 values, according to the methodology [38]. Models 
with R2 ≥ 0.75: well-adjusted models to accurately predict soil properties; R2 0.75 - 0.50: satisfactory models that can be 
improved; and R2 ≤ 0.50: non-significant models with no predictive capacity.

3 � Results and discussion

3.1 � Descriptive statistics of the attributes under study

Table 2 Statistical parameters for the contents of ammonium, nitrate, total nitrogen, total organic carbon and humic frac-
tions, at a depth of 0-20 cm in the soil (attached). Table 3 Statistical parameters for the contents of ammonium, nitrate, 
total nitrogen, total organic carbon and humic fractions, at a depth of 80-100 cm in the soil (attached).

3.2 � Evaluation of calibration and validation models for Vis–NIR‑SWIR, MIR, and XRF

The calibration and validation models for the set of samples collected from the 0–20 cm depth are listed in (Table 2). 
The data was used to assess the prediction performance of the models, as well as the wavelengths studied. The SVM 

Table 2   Statistical 
parameters for the contents 
of ammonium, nitrate, total 
nitrogen, total organic carbon 
and humic fractions, at a 
depth of 0-20 cm in the soil

R2  Coefficient of determination. RMSE Root mean square error, RPIQ Performance ratio for interquartile range

 Ammonium  Nitrate  Total. N.  TOC  Fulvic  Humic  Humine

Max. 4.15 1.77 2.46 1.09 1.70 0.32 0.47
Min. 0.04 0.14 2.10 0.93 0.008 0.00 0.11
Mean 0.75 1.21 2.30 1.00 0.39 0.12 0.33
S.E. Mean 0.10 0.08 0.01 0.01 0.08 0.01 0.01
Std. Deviation 0.65 0.55 0.09 0.04 0.43 0.08 0.07
Variance 0.42 0.30 0.01 0 0.18 0.01 0.01
Variation coefficient 0.86 0.46 0.04 0.04 1.08 0.63 0.22
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regression model expressed satisfactory and adequate coefficients of determination (R2) within the classification scale 
[37]. As for the wavelengths studied, Vis-NIR-SWIR showed satisfactory predictions for ammonium (R2 0,53), nitrate (R2 
0.82) and XRF for nitrate (R2 0.53) (Table 4).

Table 3   Statistical 
parameters for the contents 
of ammonium, nitrate, total 
nitrogen, total organic carbon 
and humic fractions, at a 
depth of 80-100 cm in the soil

R2  Coefficient of determination. RMSE Root mean square error, RPIQ Performance ratio for interquartile range

 Ammonium  Nitrate  Total. N.  TOC  Fulvic  Humic  Humine

Max. 1.52 1.78 2.14 0.67 0.46 0.51 0.98
Min. 0.02 0.72 1.75 0.49 0.01 0.02 0.60
Mean 0.8 1.37 1.97 0.57 0.14 0.16 0.80
S.E. Mean 0.08 0.06 0.02 0.01 0.02 0.02 0.01
Std. Deviation 0.48 0.35 0.10 0.05 0.11 0.10 0.09
Variance 0.23 0.12 0.01 0.00 0.01 0.01 0.01
Variation coefficient 0.60 0.30 0.05 0.09 0.80 0.60 0.11

Table 4   Prediction of 
ammonium, nitrate, and 
organic matter fractions in 
soil samples in the 0–20 cm 
layer using the Cubist, PLSR, 
Random Forest, and Support 
Vector Machine learning 
algorithms

R2  Coefficient of determination. RMSE Root mean square error, RPIQ Performance ratio for interquartile range

Cubist

Vis–NIR-SWIR MIR XRF

R2/RMSE/RPIQ
 Ammonium 0.52/3.90/0.23 0.04/5.21/0.18 0.12/6.30/0.35
 Nitrate 0.38/18.16/0.86 0.23/19.51/0.87 0.11/21.85/0.52
 Total nitrogen 0.19/0.04/0.58 0.16/58.59/0.89 0.09/66.71/0.61
 TOC 0.09/1.15/0.5 0.09/0.87/0.72 0.10/0.99/0.61
 Fulvic acid 0.16/0.54/0.58 0.20/0.45/0.51 0.09/0.64/0.41
 Humic acid 0.08/0.48/0.56 0.08/0.39/0.42 0.08/0.38/0.57
 Humine 0.07/0.71/0.30 0.10/0.67/0.31 0.07/0.67/0.46

PLSR
 Ammonium 0.39/4.94/0.64 0.23/5.76/0.56 0.09/4.21/0.25
 Nitrate 0.76/11.94/1.12 0.06/26.52/0.47 0.15/20.19/0.85
 Total nitrogen 0.10/62.74/0.49 0.05/72.18/0.46 0.29/53.79/0.47
 TOC 0.14/0.89/0.52 0.04/1.08/0.58 0.17/0.84/0.50
 Fulvic acid 0.30/0.54/0.54 0.13/0.54/0.60 0.10/0.43/0.68
 Humic acid 0.11/0.30/0.64 0.02/0.49/0.31 0.04/0.36/0.74
 Humine 0.13/0.54/0.30 0.08/0.65/0.32 0.19/0.58/0.43

Random forest
 Ammonium 0.42/4.05/0.26 0.11/4.97/0.27 0.34/5.63/0.40
 Nitrate 0.32/17.69/0.90 0.14/23.96/0.79 0.26/19.82/0.84
 Total nitrogen 0.22/44.30/0.79 0.08/54.30/0.47 0.03/56.76/0.49
 TOC 0.07/0.76/0.61 0.13/0.81/0.75 0.02/0.58/0.62
 Fulvic acid 0.09/0.59/0.33 0.10/0.43/0.47 0.17/0.38/0.62
 Humic acid 0.11/0.30/0.64 0.17/0.41/0.61 0.06/0.43/0.63
 Humine 0.13/0.52/0.51 0.03/0.45/0.56 0.08/0.63/0.52

Support vector machine
 Ammonium 0.53/3.82/0.70 0.03/6.60/0.16 0.25/5.53/0.19
 Nitrate 0.82/9.66/1.49 0.28/7.82/0.63 0.53/15.23/0.82
 Total nitrogen 0.35/9.95/0.95 0.25/5.52/0.69 0.07/0.59/0.82
 TOC 0.17/0.88/0.59 0.14/1.01/0.33 0.21/0.67/0.73
 Fulvic acid 0.34/0.44/0.71 0.05/0.54/0.50 0.08/0.53/0.51
 Humic acid 0.06/0.54/0.40 0.03/0.44/0.56 0.16/0.34/0.58
 Humine 0.14/0.88/0.29 0.08/0.63/0.51 0.06/0.50/0.46



Vol.:(0123456789)

Discover Environment            (2024) 2:79  | https://doi.org/10.1007/s44274-024-00097-3	 Research

Evaluating the models for the 80–100 cm depth (Table 5), the PLSR and SVM models were only slightly better at pre-
dicting nitrate and ammonium. Among the wavelengths, only Vis-NIR-SWIR showed satisfactory values for the elements 
nitrate (R2 0.68) in PLSR, and ammonium (R2 0.50) in SVM.

In Table 6, the data obtained at depths of 0-20 and 80-100 cm were statistically evaluated together, with the 
aim of making the predictive models robust and verifying the values of each attribute based on this premise.                                                                                                                                         
                                                                                                                                                                                                                                                                                                                                           

In the 0-20 cm soil layer (Table 4), the SVM regression model showed consistent validations compared to the other 
machine learning models. The Vis-NIR-SWIR wavelength predicted ammonium (R20.53) and nitrate (R2 0.82), and XRF 
(R20.53) . The same behavior was seen for [39], integrating hyperspectral images and machine learning techniques for 
mapping nitrogen fractions in the soil. In the study, the authors observed that the SVM model expressed satisfactory 
results for total nitrogen, ammonium, and nitrate (R2 0.94, 0.70, and 0.82) respectively, compared to the PLSR and RF 
methods [39]. In the 80-100cm layer (Table 5), the predictive performance of the models was significant for the PLSR and 
SVM algorithms. The Vis-NIR-SWIR spectrum predicted nitrate (R2 0.68) in PLSR and ammonium (R2 0.50) in SVM. TOC and 
the chemical fractions of organic matter had low coefficients of determination in both soil layers (0-20 and 80-100 cm) 
(Tables 4 and 5). In the literature, this may be linked to factors such as temperature, rainfall, anthropogenic activity, and 

Table 5   Prediction of 
ammonium, nitrate, and 
organic matter fractions in 
soil samples in the 80–100 cm 
layer, using the Cubist, PLSR, 
Random Forest, and Support 
Vector Machine learning 
algorithms

R2  Coefficient of determination. RMSE Root mean square error, RPIQ Performance ratio for interquartile range

Cubist

Vis–NIR-SWIR MIR XRF

R2/RMSE/RPIQ
 Ammonium 0.32/10.79/0.20 0.29/12.09/0.19 0.07/13.85/0.12
 Nitrate 047/1455/159 0.14/19.15/0.60 0.10/21.32/1.02
 Total nitrogen 0.13/25.31/0.50 0.17/26.14/0.79 0.07/32.16/0.62
 TOC 0.10/0.51/0.62 0.10/0.57/0.48 0.10/0.56/0.54
 Fulvic acid 0.13/1.00/0.37 0.07/103/0.28 0.06/1.07/0.35
 Humic acid 0.18/0.78/0.40 0.10/0.76/0.38 0.07/0.93/0.22
 Humine 0.10/2.80/0.44 0.06/2.26/0.64 0.06/2.92/0.49

PLSR
 Ammonium 0.49/8.93/0.37 0.27/10.87/0.23 0.16/18.46/0.17
 Nitrate 0.68/12.83/1.67 0.09/23.12/0.50 0.08/35.14/0.44
 Total nitrogen 0.23/23.32/0.63 0.08/35.14/0.44 0.07/92.06/0.20
 TOC 0.13/0.52/0.57 0.08/0.63/0.33 0.03/0.57/0.52
 Fulvic acid 0.34/1.03/0.57 0.04/1.02/0.28 0.18/0.96/0.44
 Humic acid 0.04/1.43/0.20 0.09/0.83/0.40 0.06/0.70/0.39
 Humine 0.11/3.07/0.41 0.13/2.54/0.43 0.10/1.93/0.61

Random forest
 Ammonium 0.37/10.43/0.30 0.18/10.35/0.26 0.15/11.46/0.21
 Nitrate 0.42/15.29/1.42 0.10/18.16/1.07 0.09/18.70/0.72
 Total nitrogen 0.33/23.71/0.69 0.10/24.46/0.80 0.07/25.70/0.52
 TOC 0.05/0.53/0.46 0.16/0.40/0.99 0.09/0.36/0.67
 Fulvic acid 0.04/0.72/0.54 0.08/0.81/0.61 0.12/1.09/0.33
 Humic acid 0.05/0.60/0.47 0.04/0.88/0.24 0.13/0.62/0.34
 Humine 0.05/3.28/0.32 0.03/2.42/0.45 0.07/1.47/0.62

Support vector machine
 Ammonium 0.50/9.21/0.40 0.18/10.85/0.22 0.05/16.63/0.50
 Nitrate 0.44/12.92/0.71 0.26/18.21/1.07 0.11/21.13/0.44
 Total nitrogen 0.06/28.94/0.45 0.06/25.04/0.78 0.10/34.40/0.06
 TOC 0.22/0.71/0.33 0.02/0.58/0.40 0.06/34.38/0.22
 Fulvic acid 0.05/0.87/0.40 0.03/0.93/0.43 0.14/0.88/0.05
 Humic acid 0.21/0.83/0.44 0.06/1.05/0.38 0.01/0.92/0.21
 Humine 0.04/3.24/0.35 0.06/2.36/0.51 0.11/3.22/0.04
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soil texture, which favor changes in the soil’s organic carbon content [40]. The different predictive performances of the 
models may be related to the inherent peculiarities of the elements and the machine learning algorithm. Each statistical 
method has its advantages and disadvantages, which must be considered according to the purpose of the research and 
the data [39]. It is therefore necessary for all research to test the different modeling methods to determine which model 
is the most appropriate [41]. The machine learning algorithms applied to data from depths 0-20 and 80-100cm together 
(Table 6) showed that all validation models presented good predictive performance for the attributes nitrate, total 
nitrogen, TOC and humine, indicating that the combination of data from both depths resulted in satisfactory validations 
for these variables. In a study [42], state that increasing the number of samples to more than 50, to develop validation 
models for COT and NT, promotes not only greater precision but also lower prediction errors than in models with fewer 
of samples. The Vis-NIR-SWIR spectrum showed prediction for nitrate, total nitrogen and TOC, while MIR predicted total 
nitrogen, TOC and the humine fraction (Table 6). Some studies report that the MIR spectrum achieved better results for 
pH, SOM and sand content than the Vis-NIR spectrum [43, 44, 45]. On the other hand, for attributes such as organic car-
bon, CEC and total nitrogen, MIR does not stand out over Vis-NIR, as some characteristic vibrations of these elements can 
be masked due to the strong absorption of minerals from the soil [82]. For fluorescence X-ray, was obtained (R2 0.76) for 
COT (Table 6). In a rapid analysis of organic matter with EDXRF and multivariate analysis, [46] achieved R2 of 0.60 for TOC 

Table 6   Prediction of 
ammonium, nitrate, and 
organic matter fractions in 
soil samples in the 0-20 and 
80-100cm layer using the 
Cubist, PLSR, Random Forest, 
and Support Vector Machine 
learning algorithms

R2  Coefficient of determination. RMSE Root mean square error, RPIQ Performance ratio for interquartile range

Cubist

Vis–NIR-SWIR MIR XRF

R2/RMSE/RPIQ
 Ammonium 0.05/9.71/0.21 0.24/9.82/0.17 0.03/10.84/0,18
 Nitrate 0.36/16.26/1.13 0.10/20.57/0.76 0.03/21.90/0.94
 Total nitrogen 0.56/48.36/0.74 0.62/46.50/0.75 0.05/74.27/0.40
 TOC 0.86/1.2/2.63 0.93/0.98/3.1 0.07/3.59/0.81
 Fulvic acid 0.45/0.67/1.1 0.47/0.69/1.48 0.07/0.95/0.89
 Humic acid 0.05/1.04/0.22 0.04/0.49/0.45 0.04/1.09/0.22
 Humine 0.51/2.12/0.93 0.54/1.92/0.77 0.04/3.22/0.43

PLSR
 Ammonium 0.31/0.78/0.11 0.32/7.94/0.25 0.07/14.28/0.12
 Nitrate 0.72/12.56/1.80 0.41/16.56/1.18 0.04/19.35/0.94
 Total nitrogen 0.45/54.30/0.71 0.65/45.79/0.84 0.07/65.86/0.40
 TOC 0.94/0.83/3.37 0.94/0.86/3.50 0.20/3.08/1.07
 Fulvic acid 0.33/0.89/1.05 0.44/0.78/1.04 0.08/1.12/0.81
 Humic acid 0.06/0.67/0.24 0.10/0.63/0.43 0.04/0.56/0.51
 Humine 0.56/1.92/0.57 0.67/1.82/1.81 0.10/3.39/0.33

Random forest
 Ammonium 0.10/9.82/0.16 0.01/10.33/0.24 0.02/7.36/0.20
 Nitrate 0.11/20.04/1.10 0.17/17.87/0.93 0.15/18.10/1.19
 Total nitrogen 0.61/44.99/0.80 0,28/63.56/0.78 0.36/52.86/0.61
 TOC 0.96/0.68/4.90 0.86/1.22/2.45 0.82/1.40/2.40
 Fulvic acid 0.26/0.75/1.26 0.35/0.71/1.29 0.35/0.77/0.95
 Humic acid 0.05/0.54/0.41 0.04/0.79/0.32 0.06/0.50/0.52
 Humine 0.64/1.61/0.66 0.60/1.79/0.57 0.45/2.23/0.50

Support vector machine
 Ammonium 0.38/8.17/0.20 0,26/9.37/0.26 0.32/7.29/0.21
 Nitrate 0.60/11.75/1.42 0.33/17.34/0.97 0.24/20.97/1.03
 Total nitrogen 0.52/55.29/0.60 0.68/39.03/1.02 0.21/62.24/0.58
 TOC 0.97/0.59/5.16 0.95/0.80/4.15 0.76/1.90/1.58
 Fulvic acid 0.49/0.70/1.38 0.28/0.90/1.10 0.22/0.82/1.15
 Humic acid 0.04/0.63/0.36 0.00/1.16/0.19 0.05/0.53/0.44
 Humine 0.49/2.04/1.15 0.70/1.60/0.70 0.15/3.14/0.77



Vol.:(0123456789)

Discover Environment            (2024) 2:79  | https://doi.org/10.1007/s44274-024-00097-3	 Research

validation in the PLSR model. This proposes that SVM machine learning also has the capability for prediction of soil total 
organic carbon with XRF spectrum. The non-linear SVM model allows it to surpass linear models such as PLSR, due to its 
capacity and flexibility in handling non-linear information, specifically in predictions of high variability soil attributes 
[47]. The Vis-NIR-SWIR graphs for the 0-20 and 80-100 cm layers (Fig. 2 a and b) showed the regions normally related to 
soil spectroscopy diagnostics [48].

3.3 � Descriptive analysis of Vis–NIR‑SWIR, MIR and XRF spectra

3.3.1 � Vis‑NIR‑SWIR

The 0-20 and 80-100 cm layers of soil from a Ferralsols showed high reflectance in the Vis-NIR-SWIR wavelength spectral 
regions (Fig. 2 a) and b). It is possible to observe humic and fulvic acid absorption features at 400 nm, COS reflectance 
peaks at 410 and 550 nm and humine absorption features at 460 and 570 nm. [49, 50]. Fulvic acid and nitrate absorp-
tion features were identified at 700 and 760 nm. In the 1400 nm region, there is an absorption feature for water, and at 
1442 nm, a reflectance peak for nitrate [51]. In the spectral region of 1800 and 1870 nm, absorption features for humic 
acid (1850 nm) and COS (1870 nm) are observed. In the 1900 nm absorption feature, water is determined. The inorganic 
nitrogen nitrate and ammonium can be seen in the spectral region of 2088, 2115, and 2120 nm respectively [52]. Further 
on, there is an absorption feature belonging to humic acid at 2150 nm and a reflectance peak of the kaolinite mineral 
located at 2200 nm [53]. Absorption features referring to total nitrogen were found at 2250, 2330, and 2430 nm [54]. In 

Fig. 2   Vis–NIR-SWIR spectrum: 
a 0–20 cm layer; b 80–100 cm 
soil layer
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the visible region (400-700 nm), we observed bands associated with humic and fulvic acids, COS, and humine (Fig. 2 a 
and b), according to [55], these bands are related to MO and iron oxides, which are highly relevant for the determina-
tion of humic compounds and carbon. From 700 to 1000 nm, there are bands related to the elongation of C-H bonds, 
involving relevant information about humic substances as well as nitrogen fractions [55]. At wavelengths of 1400 nm, 
1900 nm, and 2200 nm, important absorption features occur (Fig. 2 a and b), indicating the presence of water and 1:1 
(Kaolinite) and 2:1 clay minerals (which can be different types of clay minerals, for example, illite, montmorillonite, and 
vermiculite) [56]. Still in the 1400 to 1900 nm range, we obtained a reflectance peak referring to nitrate, according to 
the author [57], there is a strong occurrence of amine groups (-R-NH2), primary amides (-RC=H-O-NH2), and secondary 
amides (-R-C=H-O-NH-R) present in aliphatic chains in the soil, which characterizes the possible presence of nitrate in 
this spectrum band. The spectrum shows absorption features for humic acid at 1850 and for CO at 1870nm. From 1400 
to 1870nm, vibrations occur in the molecular bonds between C-H, N-H, O-H, and S-H [58] (Fig. 2 a and b). In this spec-
tral range, there are differentiations between each humic fraction [59]. The presence of ammonium was determined in 
the 2115 and 2120nm bands, according to the authors [60], ammonium can be found in 2:1 minerals such as illite and 
montmorillonite. The total nitrogen absorption features seen in bands 2250, 2330, and 2430 are bands associated with 
soil water content (O-H bonds) and total carbon [61] (Fig. 2 a and b). Thus, due to the inherent link between total carbon 
and total nitrogen [62], the total nitrogen content in the soil can be indirectly predicted and is highly related to these 
wavelengths [54].

3.3.2 � MIR

It can be seen that at wavenumbers of 3690 and 3620 cm-1, there are peaks of reflectance of the clay mineral Kaolinite, 
total nitrogen at 3560 and 3151 cm-1, and a water absorption feature at 3400 cm-1 [63, 64, 65] (Fig. 3 a and b). At 3152 
cm-1 there is an ammonium reflectance peak and in the spectral range from 2960 to 2870 cm-1, there are MOS absorption 

Fig. 3   MIR spectrum: a 
0–20 cm layer; b 80–100 cm 
soil layer
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features [66, 67]. Bands related to humic compounds were determined at 1400 and 1031 cm-1with peaks in reflectance 
[68, 69]. The COT element showed absorption features at 1660 and 1540 cm-1, next to the nitrate element at 1385 cm-1, 
and total nitrogen at (1675, 1673, and 1671 cm-1) [66, 70]. The 1050, 833, and 719 cm-1 spectral bands determined the 
nitrate element through reflectance peaks [66]. Fulvic acid showed absorption features at 1225 cm-1 and humine showed 
reflectance peaks at 1397, 1593 cm-1 [69].In MIR (Fig. 3 a and b), reflectance peaks of the kaolinite mineral were identi-
fied at 3690 and 3620 cm-1, according to the authors [71], these peaks are caused by O-H bond stretching vibrations in 
kaolinite and 2:1 aluminosilicates such as illite and smectite. In the 2960 to 3152 cm-1range, bands sensitive to MOS and 
nitrate were found, possibly due to the C-O, C=O, C-C, C-H, O-H, N-H, N=C, and S-H bonds in this spectral region, making 
up the soil’s organic matter and manipulating its interactions with other soil constituents such as minerals, bacteria, 
and water [67]. The reflectance peaks of the humic compounds at 1400 and 1030 cm-1are attributed to the CH2 and CH3 
bonds and the symmetrical elongation of the COO band [72]. Organic carbon showed features at 1660 and 1540 cm-1, 
attributed to C=O stretching of amide groups and stretching of C=N bonds [58]. The spectral region between 1740 and 
1600 cm-1 can be characterized by the determination of hydrophilic organic compounds, sensitive to soil organic carbon 
and total nitrogen [73] , explaining the bands 1675, 1673, and 1671 cm-1. A feature was observed at 1385 cm-1for NO3

-. 
According to the literature, the spectral regions from 1385 to 1050 cm-1 are defined as C-N molecular vibrations in amine 
molecules, which are highly favorable for determining nitrogen in the soil [74]. The same occurs in the spectrum between 
1050, 800, and 500 cm-1, a range known for multiple mineral vibrations, containing particularities of aromatic amines 
C-H, and N-H [75] which contributed to the prediction of nitrate in the 833 and 719 cm-1 bands.

3.3.3 � XRF

In the 0-20 and 80-100 cm soil layers (Fig. 4 a and b), the XRF spectrum showed the intensity of the energy emitted 
(photon count per second), through the electronic transition of the elements present in the soil. Eleven elements were 
determined and the Compton and Thomson scattering peaks (Fig. 4 a and b). The lowest intensity peaks were found 

Fig. 4   XRF spectrum: a 
0–20 cm layer; b 80–100 cm 
layer of soil



Vol:.(1234567890)

Research	 Discover Environment            (2024) 2:79  | https://doi.org/10.1007/s44274-024-00097-3

in the elements N, K, Ca+, Ti kα, Fe kβ, Cu kα, Y, and Zr [76, 77, 78, 79]. More intense peaks were seen for Si, Ba, Ti kβ, Fe 
kα e Co [77, 78, 79].  In XRF (Fig. 4 a and b), according to [80], significant levels of Al, Si, and Fe are highly related to the 
mineralogical composition of the soil. As Si can be determined in quartz (SiO2) and muscovite (KAl2(AlSi3O10)(OH)2), both 
predominant in the sand fraction, and also in kaolinite (Al4(Si4O10)(OH)8), present in the clay fraction, Al can be seen in 
gibbsite (Al(OH)3), as well as in muscovite and kaolinite [18]. The Fe element is usually associated with the presence of 
iron oxides such as hematite (Fe2O3), goethite (FeO(OH)), and magnetite (Fe3O4) [80]. The XRF is not able to determine 
light elements [96], such as Na, C, N, H, and Li), due to their stable electronic aspects and low fluorescent energy [81]. 
However, C and N can be measured indirectly due to elemental interactions. TOC interacts with oxides such as Fe, Al, Ti, 
Mn, and Pb, among others [82]. The total nitrogen interacts elementally with Al, Si, and Zn [83]. The XRF spectrometer 
has been used for successful predictions of soil physical and chemical properties such as sand, silt, clay content, CEC and 
base saturation, just through correlation with elements determined by the spectrum [84].

3.4 � Pearson’s correlation Vis‑NIR‑SWIR, MIR and XRF

3.4.1 � Vis‑NIR‑SWIR

The correlation between the Vis-NIR-SWIR spectral data and the contents of ammonium, nitrate, total nitrogen, total 
organic carbon, and the humic fractions of organic matter was evaluated using Pearson’s correlation coefficient for 
each soil layer (0–20 and 80–100 cm) (Fig. 5a and b). Coefficients above 0.7 indicate a very close relationship. A range 
of 0.4 to 0.7 indicates that the relationship is close. The range from 0.2 to 0.4 indicates that the relationship is normal 
[85]. It can be seen that for the 0–20 cm layer (Fig. 5 a), the ammonium content showed no correlations with the 2115 
and 2120 nm wavelengths. Nitrate showed close positive correlations with the 760, 1442, and 2088 nm spectral bands. 
The total nitrogen content did not correlate with the 2250 and 2330 nm wavelengths, with only one positive correla-
tion considered normal, at 2430 nm. The TOC content showed a close correlation with the 410 wavelength in the visible 
spectrum, and no correlation with the 550 and 1870 nm bands. The fulvic fraction showed no correlation with the 400 
and 700 nm spectral regions. The same was seen for humic acid with the 400, 1850, and 2150 nm bands. In contrast, the 
humine fraction showed very close correlations with the 460 and 570 nm wavelengths. For the 80–100 cm layer (Fig. 5b), 
only the ammonium content showed correlations that were considered close, to the 2115 and 2120 nm bands of the 
Vis-NIR-SWIR spectrum. The other attributes such as nitrate, total nitrogen, total organic carbon, and humic fractions 
showed no correlations with their respective bands.

In (Fig. 5a and b), according to [86], soil is a complex mixture of numerous chemical constituents, which differ in physi-
cal state and also in terms of particle size, soil aggregation, and water content. Another important factor is the interaction 
of electromagnetic energy with the soil and its constituents. In organic compounds (organic matter), the main chemical 
bonds are OH, NH, CH, CC, CN, and others. In mineral compounds, the bonds are between Al–OH and Si–OH, present 
in clays. The absorbance in the NIR region is due to the harmonic tones, making the fundamental bands weaker, more 
overlapping, and less distinguishable from each other than, for example, in the MIR spectrum [87]. This argument may 
explain the low correlation of the elements under study with the Vis-NIR-SWIR spectrum in the 80–100 cm layer, given 
the depth and constituents of the soil.

3.4.2 � MIR

The correlation between the Vis-NIR-SWIR spectral data and the contents of ammonium, nitrate, total nitrogen, total 
organic carbon, and the humic fractions of organic matter was evaluated using Pearson’s correlation coefficient for 
each soil layer (0–20 and 80–100 cm) (Fig. 6a and b). Coefficients above 0.7 indicate a very close relationship. A range 
of 0.4 to 0.7 indicates that the relationship is close. The range from 0.2 to 0.4 indicates that the relationship is normal 
[85]. It can be seen that for the 0–20 cm layer (Fig. 6a), the ammonium content showed no correlations with the 2115 
and 2120 nm wavelengths. Nitrate showed close positive correlations with the 760, 1442, and 2088 nm spectral bands. 
The total nitrogen content did not correlate with the 2250 and 2330 nm wavelengths, with only one positive correla-
tion considered normal, at 2430 nm. The TOC content showed a close correlation with the 410 wavelength in the visible 
spectrum, and no correlation with the 550 and 1870 nm bands. The fulvic fraction showed no correlation with the 400 
and 700 nm spectral regions. The same was seen for humic acid with the 400, 1850, and 2150 nm bands. In contrast, the 
humine fraction showed very close correlations with the 460 and 570 nm wavelengths. For the 80–100 cm layer (Fig. 6b), 
only the ammonium content showed correlations that were considered close, to the 2115 and 2120 nm bands of the 
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Vis-NIR-SWIR spectrum. The other attributes such as nitrate, total nitrogen, total organic carbon, and humic fractions 
showed no correlations with their respective bands. 

In MIR (Fig. 6a and b), according to [88], the MIR spectrum is more sensitive to the organic and mineral constituents 
of the soil, due to the fundamental molecular vibrations that are absorbed at the specific wavenumber of the electro-
magnetic radiation, which makes it clearer and more precise than the visible and near-infrared region (Vis-NIR). Strong 
correlations between the different carbon and nitrogen fractions were also obtained by [87]. High correlations of the 
MIR wavenumber were observed with ammonium, nitrate and total nitrogen, as well as with total organic carbon and 
humic fractions of organic matter [89]. Found a good correlation between MIR, N and C. The authors add that generally, 
the good correlation between total nitrogen and total organic carbon are similar, due to the direct correlation of N with 
soil organic matter and thus, frequently associated to total soil organic carbon [90].

3.4.3 � XRF

According to the correlation for the 0–20 cm soil layer (Fig. 7a, it can be seen that the ammonium element showed a 
close correlation with the energy levels of the elements N kα at 0.39 keV, Ba Lα (4.47), Ti kα (4.51), Fe kα (6.41), Fe kβ 
(7.06), Co kα (6.93) and Zr kα (15.77). The nitrate content of the soil correlated with N kα (0.39), Fe kα (6.41), Fe kβ (7.06), 

Fig. 5   Pearson’s correlation 
coefficient between the 
Vis-NIR-Swir wavelength and 
the attributes Ammonium, 
Nitrate, Total Nitrogen, Total 
Organic Carbon, Fulvic and 
Humic Acids, and Humine 
for the layers a 0–20 cm; b 
80–100 cm of soil. Significant 
values were. Significant values 
were displayed in a color 
gradient: red (negative cor-
relations) and blue (positive 
correlations). Intense correla-
tions (darker color)
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and Co kα (6.93). The total nitrogen content correlated positively with N kα (0.39), Fe kα (6.41), and Co kα (6.93). The total 
organic carbon and the fractions fulvic acid and humine showed no correlation with any element determined in the XRF 
spectrum. The humic acid content showed a positive correlation with Ba Lα (4.47), Ti kα (4.51), Fe kα (6.41), Fe kβ (7.06), 
Co kα (6.93). For the 80–100 cm layer of soil (Fig. 7b), the elements ammonium and nitrate showed low correlations with 
the elements obtained in the XRF spectrum. However, the content of total nitrogen and total organic carbon showed a 
correlation only with N kα (0.39). Of the humic fraction, only humic acid showed a correlation close to the wavelength 
of the Fe kα element (6.41).

Observing (Fig. 7a and b), it can be seen that both nitrogen and carbon and humic fractions showed weak correlations 
with the XRF spectrum. According to [91], X-rays are strongly dependent on the atomic number of the elements. Light 
elements, that is, elements with atomic numbers below 12, are difficult to determine because they have low emission 
energies. The elements under study, nitrogen and carbon, have atomic numbers 7 and 6, respectively, which promotes 
low emission energy, compromising the determination in the spectrum. However, it is possible to use the elemental 
content quantified in XRF spectra to estimate soil properties, which are somehow associated with them [92].

In (Fig. 7a and b), it can be seen that most of the variables under study presented approximate correlations with the energy 
level equivalent to that of the element Fe kα (6.41), Fe kβ (7.06). In most soils, except in flooded areas, most organic C and N 

Fig. 6   Pearson’s correlation 
coefficient between the MIR 
wavenumber and the attrib-
utes Ammonium, Nitrate, 
Total Nitrogen, Total Organic 
Carbon, Fulvic Acids, Humic 
Acids, and Humine for the 
layers a 0–20 cm; b 80–100 cm 
of soil. Significant values were 
displayed in a color gradient: 
red (negative correlations) 
and blue (positive correla-
tions). Intense correlations 
(darker color)
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fractions are strongly related to soil minerals [93]. TOC can interact with elemental oxides such as Fe and Al [82]. Nitrogen, 
when it percolates through the soil, can be retained in lower horizons where Fe and other oxides accumulate, associating 
with specific metallic phases. According to [94] iron oxides can camouflage other soil constituents [95]. Confirmed that soils 
with high levels (> 4%) of iron oxides can mask the spectral manifestation of soil organic matter, and consequently other 
elements associated with it, such as total organic carbon.

Fig. 7   Pearson’s correlation 
coefficient between the XRF 
energy level and the attrib-
utes Ammonium, Nitrate, 
Total Nitrogen, Total Organic 
Carbon, Fulvic, Humic, and 
Humine Acids for layers a 
0–20 cm; b 80–100 cm of soil. 
Significant values were dis-
played in a color gradient: red 
(negative correlations) and 
blue (positive correlations). 
Intense correlations (darker 
coloring)
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4 � Conclusion

Of the prediction models developed for nitrogen, total organic carbon and soil humic fractions, the PLSR and Support 
Vector Machine algorithms presented the best predictive performances. The descriptive analysis of the spectra identi-
fied the main absorption bands and the location of the bands sensitive to the attributes of interest. The correlation 
analysis proposed that the use of Vis-NIR-SWIR, MIR and XRF spectroscopic techniques were effective in predicting 
the contents of nitrogen, total organic carbon and humic fractions in soil with medium sandy texture. However, it is 
important to highlight that each technique has its characteristic mechanism of action, Vis-NIR-SWIR and MIR detect 
the element based on harmonics and fundamental tones, while XRF is based on the atomic number of the elements 
or elemental association.
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