'-) Check for updates

Received: 5 August 2024 Accepted: 3 February 2025

DOI: 10.1002/52j2.70028

Soil Science Society of America Journal

REVIEW

Fundamental Soil Science

Prediction accuracy of pXRF, MIR, and Vis-NIR spectra for soil
properties—A review

Gafur Gozukara>® | Alfred E. Hartemink! © | Jingyi Huang'
José Alexandre Melo Dematté®

'ED Hole Soils Lab, Department of Soil

Science, University of Wisconsin-Madison, Abstract
Madison, Wisconsin, USA Here, we review the prediction accuracy for soil properties using portable X-ray flu-
Department of Soil Science and Plant orescence (pXRF), mid-infrared (MIR), and visible near-infrared (Vis-NIR) and the

Nutrition, Eskisehir Osmangazi University, £ . . dicti di 1. 305 blished
Eskisehir, Tiirkiye actors 1mpact1ng pre 1ctions and 1ts accuracy. In tota 5 publisned papers were

3Department of Soil Science, College of reviewed, and most of them were from Australia, Brazil, China, and the United

Agriculture Luiz de Queiroz, University of States. About 44% of papers focused on the prediction of soil organic carbon (SOC)

4o Paulo, Piraci 4o Paulo, Brazil . . . .
S@o Paulo, Piracicaba, Sao Paulo, Brazi using Vis-NIR spectra. Partial least squares regression was most frequently used.

Correspondence Most studies sampled Alfisols, Inceptisols, and Entisols, and up to 40-cm depth.

Alfred E. Hartemink, Department of Soil Researcher-based factors (type or brand of spectrometers, which differ in hardware,
Science, University of Wisconsin-Madison,

FD Hole Soils Lab, 1525 Observatory spectral range, resolution, and calibration protocols; preprocessing methods; predic-

Drive, Madison, WI 53706, USA. tion models; and soil analysis methods for calibration) and soil-based factors (horizon
Email: alfred hartemink @wisc.edu and depth) were explored. MIR spectra had better prediction accuracy with a mean
R? over 0.8 for sand, clay, total N, total C (TC), SOC and soil inorganic carbon (SIC),

Assigned to Associate Editor Tetsuhiro
Watanabe. and cation exchange capacity compared to Vis-NIR and pXRF. In the past 20 years,

prediction accuracy tended to increase for sand, silt, clay, SIC, soil organic matter,
and EC when using MIR and Vis-NIR spectra, and for TC and CaCO; when using
pXRF spectra. Preprocessing methods, spectral range, calibration, type of the predic-
tion models (i.e., machine and deep learning), and source of soil spectra (Vis-NIR,
MIR, and pXRF), which are used to reduce noise and multicollinearity, calibrate data,
and smooth spectra, all affected the prediction. In general, MIR spectra obtained the
highest prediction accuracy for most soil properties. Future studies should focus on
the effects of soil-based factors (parent material, soil mineralogy, pedogenesis, soil
type, and horizon/depth) on the prediction accuracy of soil physical and chemical

properties.

Abbreviations: BOC, baseline offset correction; CEC, cation exchange capacity; CNN, convolutional neural network; EC, electrical conductivity; EN, elastic
net; Lasso, least absolute shrinkage and selection operator; MIR, mid-infrared; PLSR, partial least squares regression; pXRF, portable X-ray fluorescence; RF,
random forest; SG, Savitzky—Golay; SIC, soil inorganic carbon; SOC, soil organic carbon; SOM, soil organic matter; SST, spectral space transformation;
SVM, support vector machine; TC, total carbon; TN, total nitrogen; Vis-NIR, visible near-infrared.

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium, provided the original
work is properly cited.
© 2025 The Author(s). Soil Science Society of America Journal published by Wiley Periodicals LLC on behalf of Soil Science Society of America.

Soil Sci. Soc. Am. J. 2025;89:¢70028. wileyonlinelibrary.com/journal/saj2 1 of 26
https://doi.org/10.1002/saj2.70028


https://orcid.org/0000-0003-0940-5218
https://orcid.org/0000-0002-5797-6798
https://orcid.org/0000-0002-1209-9699
https://orcid.org/0000-0001-5328-0323
mailto:alfred.hartemink@wisc.edu
http://creativecommons.org/licenses/by/4.0/
https://wileyonlinelibrary.com/journal/saj2
https://doi.org/10.1002/saj2.70028
http://crossmark.crossref.org/dialog/?doi=10.1002%2Fsaj2.70028&domain=pdf&date_stamp=2025-03-05

20f 26 Soil Science Society of America Journal

1 | INTRODUCTION

Soil is a vital component of ecosystem functioning and one
of the most intricate biomaterials on the planet (Young &
Crawford, 2004). Soil is part of the terrestrial ecosystem
that regulates the atmosphere, hydrosphere, biosphere, and
lithosphere (Szabolcs, 1994). Monitoring and measuring its
properties are needed to understand, manage, and quantify
ecosystem services. Conventional physical and chemical anal-
ysis methods are costly and there is a demand for the fast,
low-cost, sustainable, and nondestructive characterization of
soil samples (Dematté et al., 2019a, 2019b; Duda et al., 2017,
Gozukara, Acar et al., 2022; Terra et al., 2015).

Proximal sensors evaluate soil properties in a nonde-
structive condition (Viscarra Rossel et al., 2006). These
sensors can provide information about soil characteristics
such as soil moisture, texture, soil organic carbon (SOC),
electrical conductivity (EC), pH, cation exchange capacity
(CEC), mineralogy, and nutrient levels, which are needed for
optimizing crop production, managing soil health, or envi-
ronmental monitoring (Andrade, Silva, Weindorf et al., 2020;
Gozukara, Altunbas et al., 2022; Levi et al., 2020). Among
the relatively low-cost and easy-to-use proximal sensors, vis-
ible near-infrared (Vis-NIR) (350-2500 nm), mid-infrared
(MIR) (2500-25,000 nm), and portable X-ray fluorescence
(0-50 keV) spectroscopy have been used in soil science
(Gozukara et al., 2021; Minasny et al., 2008, 2009; Steven-
son et al., 2023; Zhang et al., 2022). Numerous studies have
produced the relationships between the reflected energy of
Vis-NIR, MIR, and pXRF and soil physical and chemical
properties (Grinand et al., 2012; Naimi et al., 2022; O’Rourke,
Minasny et al., 2016; O’Rourke, Stockmann et al., 2016; Ng
etal., 2019, 2020; S. H. G. Silva et al., 2020).

The relationship between spectral reflectance and soil prop-
erties may vary depending on the spectral resolution and
the soil sample characteristics (S. Liu et al., 2019; Nocita
et al., 2014). The prediction accuracy is affected by differ-
ent land use, climate conditions, parent material, soil types
(Benedet et al., 2020; Mancini et al., 2020), depth/horizon
(Andrade, Silva, Weindorf et al., 2020; Gozukara, Zhang
et al., 2022; Zhao et al., 2021), and pedogenetic conditions
(Dematté & Terra, 2014). Additionally, specific spectral char-
acteristics can be related to specific chemical components
(Padarian et al., 2019), but the accuracy is affected by the type
of proximal sensor (Naimi et al., 2022; Raimo et al., 2022;
Zhang & Hartemink, 2020), spectral range (Pirie et al., 2005;
Raimo et al., 2022), spectral preprocessing methods (Dotto
et al., 2017; Zhang & Hartemink, 2020), and the models used
(Nawar et al., 2016; Ng et al., 2019; Padarian et al., 2019).

Previous reviews on soil spectroscopy have focused on the
use of Vis-NIR (Ahmadi et al., 2021) or its combined use with
MIR to compare the prediction performance, and in particu-
lar SOC and soil organic matter (SOM), EC (Bellon-Maurel &
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¢ The use of visible near-infrared, mid-infrared, and
portable X-ray fluorescence spectra for predicting
soil properties has exponentially increased.

e The accuracy of predicting sand, silt, clay, soil
inorganic carbon, soil organic matter, electri-
cal conductivity, total carbon, and CaCO; has
increased over time.

* Prediction accuracy was affected by soil horizon,
depth, type or brand of spectrometers, which differ
in hardware, spectral range, resolution, and calibra-
tion protocols; prediction models; preprocessing;
and soil analysis methods.

McBratney, 2011; Milinovic et al., 2023; Soriano-Disla et al.,
2014; Viscarra Rossel et al., 2006). There is a need to under-
stand the factors that affect the prediction performance and
the relationship between soil and reflectance. Here, we review
the prediction accuracy of Vis-NIR, MIR, and pXRF spectral
information for soil properties and the factors that have impact
on the results. We have reviewed this by analyzing the data
from 305 papers related to the prediction of silt, clay, total
nitrogen (TN), total carbon (TC), soil inorganic carbon (SIC),
SOC, SOM, CEC, EC, pH, and CaCO; from soil spectroscopy
and machine learning techniques.

2 | DATA SOURCES

2.1 | Literature search

The Scopus database was used to collect primary research
papers that applied Vis-NIR, MIR, and pXRF spectrometers
for the characterization and prediction of the soil properties.
We reviewed the years from 1992 to 2022, and excluded book
chapters, reviews, and data papers. Some studies applied Vis-
NIR, MIR, and pXRF spectra in the same paper, and therefore
the number of papers used in this study was categorized indi-
vidually. In total, 1006 Vis-NIR, 404 MIR, and 301 pXRF
papers were selected from Scopus.

Papers were selected that focused on the prediction of phys-
ical and chemical soil properties (sand, silt, clay, TN, TC,
SIC, SOC, SOM, CEC, EC, pH, and CaCOs;). On the other
hand, very few studies used spectroscopy (Vis-NIR, MIR,
and pXRF) to predict soil biological (Rasche et al., 2013;
Soriano-Disla et al., 2014; Zhang et al., 2022) and mineralog-
ical properties (Mendes et al., 2021; Rosin et al., 2023). Only
studies that used data splitting as calibration and validation
were selected; studies that used calibration procedures such as
leave-one-out, k-fold, or repeated k-fold without data splitting
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strategies were not included. Studies that used the coefficient
of determination (R?) to test prediction accuracy were selected
because it is commonly used among other accuracy criteria
such as adjusted R?, the squared Pearson correlation coeffi-
cient (%), root mean square error, the ratio of performance to
deviation, and the ratio of performance to interquartile range.

From 257 (Vis-NIR), 70 (MIR), and 29 (pXRF) papers,
data were extracted including soil properties, spectral range,
sampling depth, number of soil samples, country, and soil
type. Detailed information about the selected papers is given
in Supporting Information 1 and 2. The R? value was extracted
from the dependent validation dataset for each paper. Some
papers had R? values for different soil types (soil taxonomy),
parent materials, soil depths, horizons, spectral preprocessing
methods, spectral ranges, and the types of Vis-NIR, MIR, and
pXREF spectra.

A range of analytical methods were used for soil physical
and chemical properties and, in particular, for the analysis of
SOC and SOM. Several ratios, such as 1:1, 1:2, 1:2.5, and 1:5
of soil/water, KCl, or CaCl,, were used to measure soil pH as
well as EC.

The Tukey comparison test was applied with a signifi-
cance level of p < 0.05 to compare the prediction accuracy of
each spectrometer for soil physical and chemical properties.
This analysis was conducted using the Minitab 19 statistics
program (Minitab Inc.).

3 | RESULTS

3.1 | Origin of the research

The number of papers per year from January 1992 to Decem-
ber 2022 is shown in Figure 1. Since 2009, there has been a
notable increase in papers for each spectrometer. The number
of papers using pXRF increased from one paper in 2009 to 53
papers in 2022. Similarly, MIR-related studies increased from
15 to 90 papers (six times increase). Vis-NIR has seen the
most substantial rise in number, with papers increasing from
30 in 2009 to over 150 in 2022 (five times increase). Thus,
we see that Vis-NIR is the most widely used, while pXRF
has the highest increase in ratio. This indicates that Vis-NIR
is currently utilized about two to three times more than MIR
and pXRF; many studies on soil spectroscopy have been pub-
lished in Geoderma with 184 (Vis-NIR), 72 (MIR), and 46
(pXRF) papers; most of them were from the United States,
China, Brazil, Australia, and India (Figure 2).

3.2 | Soil samples

The number of soil samples used in the prediction model using
pXRF spectra mostly ranged from 50 to 200, whereas with
Vis-NIR and MIR spectra, it mostly ranged from 51 to 300
(Figure 3). In general, the prediction model for soil properties
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FIGURE 1
characterization and prediction of soil properties using portable X-ray
fluorescence (pXRF) (n = 301), mid-infrared (MIR) (n = 404), and
visible near-infrared (Vis-NIR) (n = 1006) spectra. Data were extracted

The number of papers per year for the

from papers in Scopus over the period 1992-2022, using the keywords
“Vis-NIR or VNIR or VNir and Soil,” “MIR or Mir and Soil,” and
“pXRF or p-XRF and Soil.”

using Vis-NIR and MIR spectra was used in a larger number
of samples than pXRF spectra. Studies that had large num-
bers of soil samples (>600) were from Australia, Brazil, the
United States, and several European countries. A few studies
used less than 50 soil samples to perform the prediction model
using Vis-NIR and MIR spectra; there are no studies that used
less than 50 soil samples in the prediction model using pXRF
spectra.

Most studies (82%) provided information on the sampling
depth from which soil samples were taken. Some studies col-
lected soil samples by horizon (O, A, B, A + B, or C), but
most of them collected samples by fixed soil depths such as
0-20 cm and 20-40 cm. Studies focused on depths below
40 cm (Figure 3), sampled by soil horizon (A, B, and C),
and investigated the relationship with soil color, parent mate-
rial, lithologic discontinuity, or redoximorphic features. The
deeper soil studies mainly used the pXRF.

Soil classification was not given in 21% of the papers. Some
20% of studies used only Australian (3%), Brazilian (<1%),
Canadian (<1%), and Chinese (4%) classification systems or
World Reference Base (11%). One-fifth of the studies did
not include soil classification. Considering studying inten-
sity, Entisols, Alfisols, and Inceptisols were mostly studied
by pXRF spectrometer, whereas Vis-NIR and MIR spectrom-
eters were often used for studying Alfisols, Inceptisols, and
Entisols (Figure 3). A few studies focused on the prediction
of soil physical and chemical properties of Gelisols.
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MIR
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FIGURE 2 The number of papers for the characterization and prediction of soil properties considering the origin of the author(s) using
portable X-ray fluorescence (pXRF) (n = 301), mid-infrared (MIR) (n = 404), and visible near-infrared (Vis-NIR) (n = 1006) spectra. Maps based

on papers extracted from Scopus.

3.3 | Spectral range and prediction models

The used spectral range of Vis-NIR, MIR, and pXRF spec-
trometers for the prediction of soil properties is shown in
Figure 4. About half of the papers used the visible region
(350-750 nm) (40%) and MIR (2500-25,000 nm), whereas

many of the papers (96%) used the full range of pXRF (0—
50 keV) in the prediction models. More than half of the
paper used limited soil spectra such as 400-2400 nm for Vis-
NIR, 2500-17,000 nm for MIR, and 040 keV for pXRF. A
decreasing trend in the spectral range was observed in the
MIR region after 15,000 nm. The pXRF spectrometers are

85U8017 SUOWWOD SAIEa.D 3(edl|dde auy Aq peusenob ae Sapiie YO 8sN Jo Sa|nJ Joj Akeidi8ulIUQ AB]IM UO (SUORIPUOD-PUR-SULIBY WD A8 | 1M Ale.d1jBu [UO//:SdNL) SUORIPUOD Pue SIS 1 8L} 88S *[S5202/c0/r2] Uo Ariqiaulluo Ao|Im ‘|1Zeig - Ofted 0es Jo Alun A 8200/ 'Z[eS/200T 0T/10p/LI00" A8 | Im A1 1[pulU0'SSesJe//Sdny Woj pepeojumod ‘Z ‘5202 ‘TI90SEVT



GOZUKARA ET AL.

% of papers
0 10 20 30 40 50

ol WpXRF OMIR @ Vis-NIR
51-100
101-200
201-300
301-400

401-500

Number of soil samples

501-600

>601

0 10 20 30 40 50

Sampling depth (cm)

Alfisols

Andisols -=|
Aridisols [mm——

Entisols

Gelisols [
Histosols |

Inceptisols

Soil type

Mollisols |
Oxisol m—

Spodosols _=_
Ultisols _='

Vertisols [re——

FIGURE 3
type from 305 papers for each spectrometer (visible near-infrared
[Vis-NIR], mid-infrared [MIR], and portable X-ray fluorescence
[PXRF]).

The number of soil samples, sampling depth, and soil

mainly produced at energy levels of 0-35, 0-40, and 0-50 keV
due to their operational capability. The exclusion of spectral
noise ranges (i.e., 350-400, 350-450, and 350-500 nm) in
the Vis-NIR spectral range were bigger than the MIR spectral
range.

The partial least squares regression (PLSR) model was used
in over half of the Vis-NIR and MIR studies (Figure 5) but its
use is decreasing as it is replaced by random forests (RFs),
cubist, support vector machine (SVM), support vector regres-
sion, and convolutional neural network (CNN) models. Half
of the studies used RF, cubist, SVM, and PLSR models for
the prediction of soil properties using a pXRF spectrome-
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ter. Almost 15% of papers used Bayesian model averaging,
multivariate adaptive regression splines, generalized addi-
tive model, extreme gradient boosting, principal component
regression, least absolute shrinkage and selection operator
(Lasso), and elastic net (EN) models.

3.4 | Performance of model

The number of papers using pXRF, MIR, and Vis-NIR data for
each soil property is given in Figure 6. Many studies focused
on the prediction of SOC, clay, pH, and SOM when using
Vis-NIR and MIR spectrometers; other studies focused on the
prediction of pH and particle size distribution using pXRF
data (Figure 6). For instance, SOC (135 and 51 papers), clay
(83 and 32 papers), and pH (70 and 27 papers) were studied
using Vis-NIR and MIR spectra, whereas clay (nine papers),
pH (nine papers), sand (eight papers), silt (eight papers), TN
(six papers), and TC (six papers) were studied by pXRF spec-
tra. Few studies focused on CaCO; and SIC using Vis-NIR
and MIR, and there were no papers studying SIC by pXRF
spectra.

The mean and range in prediction accuracy (R”) based
on the validation results of using Vis-NIR, MIR, and pXRF
spectra are shown in Figure 7 and Table 1. Most of the soil
properties had better prediction metrics with MIR spectra.
According to the mean value of the prediction accuracy (R?)
based on validation results for each soil property and spec-
trometer, MIR spectra had the best prediction accuracy with
R? of 0.9 for SIC. MIR spectra had relatively lower prediction
accuracy for silt, EC, and CaCO; when compared to Vis-NIR
and pXRF spectra. The EC (R> = 0.55) was reasonably well
predicted using Vis-NIR spectra, whereas silt (R> = 0.63) and
CaCOj; (R? = 0.86) were well predicted using pXRF spectra.

The highest prediction accuracy and some of its determin-
ing factors for each soil property and spectrometer (pXRF,
MIR, and Vis-NIR) are given in Table 2. Vis-NIR and MIR
spectra had the highest prediction accuracy with R> of 0.98
for sand, whereas pXRF spectra had an R? of 0.97 for silt.

3.5 | Prediction accuracy and year

The temporal trend of the highest prediction accuracies (R”)
for each spectrometer (pXRF, MIR, and Vis-NIR) is shown
in Figure 8. There was an increasing trend in the prediction
accuracy by year for sand, silt, clay, SIC, SOM, and EC
when using MIR and Vis-NIR spectra. This increasing trend
tended to be similar for TC and CaCO; when using pXRF
spectra. This may be related to some factors: (i) advances
in spectrometer technology, such as better resolution and
calibration protocols; (ii) the use of advanced modeling tech-
niques, including machine and deep learning; (iii) sampling
strategies considering environmental variables, (iv) more
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FIGURE 4 Spectral range based on portable X-ray fluorescence (pXRF; 0-50 keV), mid-infrared (MIR; 2500-25,000 nm), and visible

near-infrared (Vis-NIR; 350-2500 nm) spectra for selected papers (n = 305). Each study used a different range of soil spectra (Vis-NIR, MIR, and
pXRF) due to the preprocessing methods, the capability of the spectral range of the spectrometer, and the spectral preference of the study.

experience with spectrometers and data processing, leading
to improved methods and more accurate results; and (v)
optimized analytical protocols.

4 | DISCUSSION

There are several factors affecting the prediction accuracy for
soil physical and chemical properties when using pXRF, MIR,
and Vis-NIR spectra. These factors can be categorized as soil-
based factors (i.e., parent material, soil mineralogy, soil type,
and soil horizon/depth) and researcher-based factors (i.e., type
or brand of spectrometer, which differ in hardware, spec-
tral range, resolution, and calibration protocols, preprocessing
methods, prediction models, and soil analysis methods for cal-
ibration). Few works have focused on the differences among
the soil mineralogy, parent materials, and soil types to explore
their impacts on the prediction accuracy of soil physical and
chemical properties. This happens since they used classifica-
tion models (e.g., decision tree, SVM, and RF) to predict soil
mineralogy, soil parent materials, and soil type considering
soil physical and chemical properties using pXRF, MIR, and
Vis-NIR spectra (Acree et al., 2020; Andrade, Silva, Wein-
dorf, Chakraborty et al., 2020; Gozukara et al., 2021; Inci
et al., 2024; Mancini et al., 2019). They also reported that

soil parent materials and soil types were mainly predicted
by these spectrometers. Many studies have mainly focused
on differences among horizon/depth, type or brand of spec-
trometer, which differ in hardware, spectral range, resolution,
and calibration protocols, preprocessing methods, prediction
model, and soil analysis methods for calibration to determine
their impacts on the prediction accuracy of target soil prop-
erties. Therefore, we first reviewed researcher-based factors
(i.e., type or brand of spectrometer, which differ in hardware,
spectral range, resolution, and calibration protocols; prepro-
cessing methods; prediction model; and soil analysis methods
for calibration) and second reviewed soil-based factors (parent
material, soil mineralogy, soil type, and soil horizon/depth).

4.1 | Researcher-based factors

4.1.1 | Different spectrometers

Different types of spectrometers have been used, all of which
can vary in spectral ranges, resolutions, and optic sensors. The
pXRF spectrometers vary at different spectral ranges such as
0-40 keV, 0-45 keV, and 0-50 keV (Table 2). One main dif-
ference between the studied sensors is that many of the pXRF
equipment already comes, inside, with a black-box model to
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using visible near-infrared (Vis-NIR), mid-infrared (MIR), and portable
X-ray fluorescence (pXRF) spectra based on 305 papers. The category
“Others” contains Bayesian model averaging (BMA), wavelet neural
networks (WNN), wavelet geographically weighted regression
(WGWR), back propagation neural network (BPNN), local Gaussian
regression (LGR), artificial neutral network (ANN), extreme learning
machines (ELM), ordinary least square (OLS), multivariate adaptive
regression splines (MARS), generalized additive model (GAM),
extreme gradient boosting (XGBoost), boosted regression trees (BRT),
gradient boosting decision tree (GBR), and principal component
regression (PCR). CNN, convolutional neural network; EN, elastic net;
Lasso, least absolute shrinkage and selection operator; MLR, multiple
linear regression; PLSR, partial least squares regression; PSR,
penalized-spline signal regression; SMLR, stepwise multiple linear
regression; SVM, support vector machine; SVR, support vector
regression.
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FIGURE 6 The number of papers using portable X-ray

fluorescence (pXRF), mid-infrared (MIR), and visible near-infrared
(Vis-NIR) spectra for each soil property. CEC, cation exchange
capacity; EC, electrical conductivity; SIC, soil inorganic carbon; SOC,
soil organic carbon; SOM, soil organic matter; TC, total carbon; TN,
total nitrogen.
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quantify the elements in the soil sample. With this informa-
tion, the user directly compared the result of the sensor (result
of the element) with the real wet soil analysis. The premise is
that each element already has a specific band and peak. On the
other hand, some studies create their own dataset to relate the
spectra acquired from the equipment with the wet soil anal-
ysis. This black-box does not have, for instance, inside the
Vis-NIR and MIR instruments. In this case, all papers depict
the pure reflectance and have to create the dataset to finally
relate with the wet soil analysis and then reach the model.

Many studies using Vis-NIR compared spectral ranges
collected from several spectrometers such as Agrispec
(350-2500 nm), Fieldspec (350-2500 nm), Terraspec (350—
2500 nm), SM-3500 (350-2500 nm), NeoSpectra (1250-2500
nm), and NIRVascan (900-1700 nm). For example, Knadel
et al. (2013) used five different spectral ranges based on dif-
ferent brands of spectrometers for the prediction of SOC and
clay content. They found that spectral ranges had considerable
influence on the prediction accuracy of SOC and clay with
the R? ranging between 0.35 and 0.59 for SOC and 0.68 and
0.77 for clay. Tang et al. (2020) compared the prediction per-
formance of four different portable infrared instruments for
clay, sand, silt, pH, SOC, and CEC. They observed slight dif-
ferences in the spectral pattern and the prediction accuracy
of almost all soil properties. The spectral capability of spec-
trometers differs, and some have a limited spectral range (e.g.,
1250-2500 nm and 900-1700 nm).

Vis-NIR spectra have different resolutions across the spec-
trum. In contrast, MIR and pXRF spectra maintain the same
resolution across the full spectrum. However, the spectral res-
olution may vary depending on the brands of spectrometers.
Gozukara, Acar et al. (2022) reported that the spectral reso-
Iution was 3 nm from 350 to 1000 and 10 nm from 1000 to
2500 nm in the prediction model when using Vis-NIR spec-
tra. Zhang and Hartemink (2020) reported that the spectral
resolution was 3, 8, and 6 nm for the spectral ranges of 350—
1000 nm, 1000—-1900 nm, and 1900-2500 nm in the prediction
model with Vis-NIR spectra. Knadel et al. (2013) and Vis-
carra Rossel et al. (2016) reported that different resolutions
of instruments did not greatly affect the prediction models.
They also reported that the prediction accuracy might not be
affected by the spectral range of spectrometers rather than the
spectral resolution since it is possible to adjust the resolution
of spectra by several techniques.

Other reasons for the heterogeneity in the spectra are the
calibration protocols (e.g., type of reference material and cal-
ibration time before and after measurements), optical types
of measuring equipment (e.g., contact probe, muglight, and
fiber-optic probe under external halogen lamps), the size
of the Petri dishes for measuring spots, the thickness of
soils in the dish, repeated measurements per samples (and
how to perform), the surface flatness of samples, and the
particle size of soil samples (e.g., <2 mm for Vis-NIR and
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FIGURE 7

Predicting accuracy (R? values) extracted from 305 papers based on validation results for different soil physical and chemical

properties using visible near-infrared (Vis-NIR), mid-infrared (MIR), and portable X-ray fluorescence (pXRF) spectra. Each box shows the

minimum (lower line end), first quartile (Q1, lower box section), median (line within box), third quartile (Q3, upper box section), and maximum

(upper line end). CEC, cation exchange capacity; EC, electrical conductivity; SIC, soil inorganic carbon; SOC, soil organic carbon; SOM, soil

organic matter; TC, total carbon; TN, total nitrogen.

TABLE 1
Vis-NIR, MIR, and pXRF spectra (based on 305 studies).

Vis-NIR
Sand 0.62 + 0.25b
Silt 0.46 + 0.25b
Clay 0.69 + 0.19b
Total nitrogen 0.73 + 0.18b
Total carbon 0.78 + 0.14b
Inorganic carbon 0.52 + 0.28b
Organic carbon 0.68 + 0.20b
Soil organic matter 0.66 + 0.20b
Cation exchange capacity 0.69 + 0.19b
Electrical conductivity 0.55 + 0.24ns
pH 0.58 + 0.22b
CaCO;, 0.71 + 0.22b

Predicting accuracy (mean R? + standard deviation) based on validation results for soil physical and chemical properties using

MIR pXRF

0.82 + 0.09a 0.74 £ 0.21a
0.60 + 0.19a 0.63 + 0.26a
0.83 + 0.08a 0.73 £ 0.17b
0.79 + 0.19a 0.44 + 0.16¢c
0.90 + 0.10a 0.58 + 0.11c
0.97 + 0.04a -

0.82 + 0.16a 0.44 + 0.23c
0.87 + 0.18a 0.38 + 0.21c
0.89 + 0.07a 0.50 + 0.18¢c
0.44 + 0.29ns 0.53 + 0.19ns
0.77 £ 0.23a 0.36 £ 0.23c
0.73 + 0.19ab 0.86 + 0.11a

Note: Each soil property for Vis-NIR, MIR, and pXRF with different letters is significantly different at p < 0.05. ns, nonsignificant (p > 0.05).
Abbreviations: MIR, mid-infrared; pXRF, portable X-ray fluorescence; Vis-NIR, visible near-infrared.

pXRF and <0.15 mm for MIR spectrometers). Many studies
used the polytetrafluoroethylene white reference (Spectralon)
(Vis-NIR) (Dematté, Ramirez-Lopez et al., 2017; Zhang &
Hartemink, 2021), anodized aluminum or a coarse gold-plated
reference cap (MIR) (Hutengs et al., 2021; Ng et al., 2019),
and a 316 stainless steel calibration check reference (pXRF)
(Gozukara et al., 2021; Zhu et al., 2011) to calibrate the
spectrometers. Recent papers on Vis-NIR and MIR spectrom-
eters utilized calibration procedures after 10 (Greenberg et al.,
2022; Seidel et al., 2022), 15 (Seidel et al., 2022), and 20
min (Dotto et al., 2017) of measurement time or after 10
(Gozukara, Acar et al., 2022; Stevenson et al., 2023) or 20

(Dotto et al., 2017) soil sample scanning with two or three
main replications. There are some differences in the calibra-
tion procedures of Vis-NIR and MIR spectrometers. When
combining datasets at regional, national, global, or continen-
tal scales, the spectral range of Vis-NIR, MIR, and pXRF
spectrometers, as well as the resolution of spectra, cannot be
controlled. Viscarra Rossel et al. (2016) suggested that if soil
spectra were combined with other spectral data obtained by
different research (e.g., regional or global), they should con-
tain the same spectral range with 1, 2, 5, or 10 nm spectral
resolution and be measured from air or oven-dry soil crushed
or sieved using a 2-mm sieve.
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FIGURE 8 The relationship between the highest R?, which was obtained from 305 papers, over time for each spectrometer (portable X-ray

fluorescence [pXRF], mid-infrared [MIR], and visible near-infrared [Vis-NIR]) and soil property. CEC, cation exchange capacity; EC, electrical

conductivity; SIC, soil inorganic carbon; SOC, soil organic carbon; SOM, soil organic matter; TC, total carbon; TN, total nitrogen.

4.1.2 | Preprocessing methods

Preprocessing methods have been applied to remove noise
because of light scattering, transform spectral data, and accen-
tuate features for prediction or characterization modeling.
In multivariate calibration, preprocessing processes of soil
spectra are critical (Stark, 1988) and improve the predic-
tion accuracy (Dunn et al., 2002; Shi et al., 2023; Vasques
et al., 2008; Zhang & Hartemink, 2020). The selection of
ranges due to spectral noise, smoothing, feature selection,
normalization, baseline correction, scatter correction, and
derivates has been commonly used as preprocessing meth-
ods for soil spectroscopy (Dotto et al., 2017, 2018; Nawar
et al.,, 2016; Shi et al., 2023; Vasques et al., 2008; Zhang
& Hartemink, 2020). Preprocessing methods can be divided
into two groups: scatter correction and spectral derivates (Rin-
nan et al., 2009). Scatter correction includes normalization by

range, continuum removal, multiplicative scatter correction,
and standard normal variates, whereas spectral derivatives
are represented by Savitzky—Golay (SG) and Norris—Williams
derivatives.

Spectral noise can arise from various sources such as signal
interference, signal distortion, quantization error, impulsive
noise, thermal noise, and the surface of samples can impact
the quality and clarity of a signal (Hayes, 1996; Proakis
& Manolakis, 2006). Studies have generally removed some
parts, including such as 350—400 nm (Tian et al., 2013), 350—
450 nm (Kuang & Mouazen, 2012), 350-500 nm (Sun et al.,
2018; J. Wang et al., 2014), and 2450-2500 nm (Gozukara,
Acar et al., 2022; J. Wang et al., 2014) in the Vis-NIR
region and 2500-2505 nm (Viscarra Rossel & Lark, 2009),
2500-2564 nm (Mirzaeitalarposht & Kambouzia, 2020), and
2500-2600 nm (Hong, Munnaf et al., 2022) in the MIR
region. A wider range from Vis-NIR spectra is generally
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removed compared to MIR spectra, which can be attributed
to the stability of the MIR spectral region. Several studies
preferred the full range of Vis-NIR (350-2500 nm) (Di lorio
et al., 2022; Leue et al., 2019; Luca et al., 2017) and MIR
(2500-25,000 nm) (Barthes et al., 2020; Chevallier et al.,
2019). The lack of removing noise in the spectra may be one
of the reasons for the variation in prediction accuracy, since it
creates an erratic information that has impacts on results.

The effect of preprocessing methods on the prediction
performance differs between soil properties. Ben-Dor et al.
(1997) focused on the effects of the first and second deriva-
tives of Vis-NIR spectra for the characterization of SOM.
Spectral derivation contributed to enhancing spectral features
and characterization of SOC. Vasques et al. (2008) compared
several preprocessing methods, such as Norris—Williams and
SG derivates, reflectance-to-absorbance and Kubelka—Munk
transformation, baseline offset, normalization, and standard-
izations to achieve relatively higher prediction accuracy using
Vis-NIR spectra. They noted that SG derivates had better
accuracy in the prediction of SOC. Similarly, Nawar et al.
(2016) achieved the highest prediction accuracy with the
continuum-removed reflectance preprocessing method using
Vis-NIR spectra for clay and SOM when comparing seven
different preprocessing methods. These seven preprocessing
methods were applied to the raw spectral Vis-NIR spectral sig-
nature for SOC to improve the prediction accuracy by Dotto
et al. (2018). They reported that there were significant differ-
ences between the prediction accuracy and the best fit, with
the highest prediction accuracy for SOC obtained by apply-
ing the normalization by range method. Similarly, the baseline
offset correction (BOC), SG smoothing with first derivative,
and spectral space transformation (SST) on MIR spectra to
explore the effects of their performance in the prediction of
TC, pH, and clay by Sanderman et al. (2023). They observed
that BOC was the best method for the prediction of TC, pH,
and clay than SG and SST preprocessing methods.

Many studies have used different preprocessing methods
for pXRF spectra (e.g., Nawar et al., 2016; O’Rourke, Stock-
mann et al., 2016) but few studies compared the efficiency
of preprocessing methods, such as Zhang and Hartemink
(2020) who compared different preprocessing methods based
on smoothing, including (i) Fourier transformation, (ii) mov-
ing average, (iii) Savitsky and Golay polynomial filter, and
(iv) Gaussian filter, and background removal and peak search
using pXRF spectra for prediction of sand, silt, clay, TC, TN,
and pH. The preprocessing methods had different effects on
different soil properties. The Savitzky and Golay polynomial
filter and the Gaussian filter smoothing methods had better
prediction accuracy compared to other methods. Similarly,
Shi et al. (2023) evaluated the performance of baseline cor-
rection, scatter correction, and SG preprocessing methods for
the prediction of SOM using pXRF spectra. They suggested
that 1.6th-order derivative and baseline correction methods to
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achieve relatively higher prediction accuracy in the prediction
of SOM.

4.1.3 | Prediction models

Investigating the complex nonlinear relationship between soil
properties and soil spectra can be accomplished by machine
learning models (Chen et al., 2022). Models such as SVM, RF,
cubist, PLSR, lasso, EN, and ridge have been used, and in the
last two decades, there has been an increasing trend in using
deep learning models, including CNN based on one- or two-
dimensional (Haghi et al., 2021; Hong, Chen et al., 2022; Li
etal., 2020; Ng et al., 2019; Padarian et al., 2019; Tsimpouris
et al., 2021), recurrent neural network using Vis-NIR, MIR,
and pXRF spectra in soil science. Padarian et al. (2019) and
Ng et al. (2019) used deep learning models, including CNN,
which had a higher prediction accuracy in the prediction of
TC, SOC, CEC, clay, sand, and pH compared to traditional
machine learning models, including PLSR and cubist. The
CNN model achieved higher prediction accuracy than cubist
and PLSR models for each soil property. While each spec-
tral range was traditionally used separately, the fusion of more
than one range data has been performed by Terra et al. (2019).
Using the outer product analysis system, they optimize carbon
quantification by merging Vis-NIR with MIR. The deep learn-
ing models have relatively better prediction accuracy than
machine learning models, although there are only a few stud-
ies, such as those of Padarian et al. (2019) and Ngetal. (2019).
As reported by Dematté, Horak-Terra et al. (2017) and Gémez
et al. (2022), it is important to understand the pedological
information of soils before creating the populations to go for-
ward on quantification. Indeed, more focus should be given on
exploring the integration of pedological knowledge in the pre-
diction models and exploring the efficiency of deep learning
models using Vis-NIR, MIR, and pXRF spectra. In addition,
it is important to mention that efforts should also be addressed
to insert soil knowledge into machine-learning prediction of
soil properties. This was first indicated by Marques et al.
(2019). As concluded by Ma et al. (2023), statistical mecha-
nisms can lead to inadequate conclusions or errors, which may
be avoided by a soil expert on its interpretation. To help on this
task, Dematté et al. (2014) developed the morphological inter-
pretation of reflectance spectrum, where the soil expert can
identify the soil properties before going to the statistics. This
went further in three sequence papers to express the method
of qualitative analysis of spectra for Vis-NIR, MIR (Silvero
et al., 2020), and XRF (Rosin et al., 2022).

4.1.4 | Methods for soil analysis

Incorrect and mismatched soil spectra with laboratory data
are a major problem in the prediction of soil properties
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(Soriano-Disla et al., 2014). Standard analytical methods are
essential to obtain reliable calibration (van Leeuwen et al.,
2024), and wet soil analysis method has measurement errors
and variations (Paiva et al., 2022). The problem increases
when combining datasets that have different analytical meth-
ods (Reeves et al., 2010). For SOC analysis, Walkey and
Black, dry or wet combustion, and potassium dichromate titra-
tion, or phosphorous (with resin or Mehlich) methods give
different results (Conyers et al., 2011). Some other exam-
ples of differences between results and analytical methods
are charcoal-C (Hammes et al., 2007), pH (Davies, 1971;
Gozukara, Altunbas et al., 2022; Sonmez et al., 2008), and
EC (Gozukara, Altunbas et al., 2022). Indeed, Dematté et al.
(2019b) prepared a comparison of soil analysis between four
wet laboratories and four spectrometers, all within the same
soil sample. The conclusion was that the wet laboratories
presented a greater difference between analyses, and this
impacted spectral statistics. The sensors presented a lower
variation between them. At the end, the better the quality of a
laboratory soil analysis, the higher the quantification.
Stevenson et al. (2023) used Vis-NIR and MIR spectra to
explore the effect of pipette and hydrometer methods on the
prediction accuracy of sand content. Using MIR spectra, they
obtained a relatively higher R? of 0.94 and 0.92 for the pipette
and hydrometer methods, respectively; in contrast, with Vis-
NIR spectra, they obtained R? of 0.93 and 0.91. Gozukara,
Zhang et al. (2022) used Vis-NIR and pXRF spectra to com-
pare the effect of soil:water ratios (1:1, 1:2.5, and 1:5) on the
prediction accuracy of EC and pH. They obtained a relatively
higher R? of 0.93 for EC and 0.81 for pH using Vis-NIR spec-
tra with a 1:2.5 soil:water ratio derived from soil surface and
profile, respectively. They also reported that Vis-NIR spectra
had relatively higher prediction accuracy than pXRF spectra.

4.2 | Soil-based factors

4.2.1 | Parent material

Soil parent material influences the physical, chemical, and
mineralogical properties of soils (Jenny, 1941). Lithologic
discontinuity is challenging to identify in the field because
they lack distinct morphological and physical expression
(Price et al., 1975; Soil Survey Staff, 2014). Stable elements
such as Ti and Zr have been used to explore soil uniformity
in pedon (Hu et al., 2023) and lithologic discontinuity (Curi
& Franzmeier, 1987; Gozukara et al., 2021; Grauer-Gray &
Hartemink, 2018; Weindorf et al., 2015). Mancini et al. (2019)
reported that V, Ni, Sr, and Pb can be successfully used for the
prediction of the parent material. Gozukara et al. (2021) found
the Ruxton index (Si0,/Al,03), Ti/Zr, and CaO/TiO, ratios to
be robust indicators to distinguish terra rossa covered by loess.
Mancini et al. (2020) found that soils developed from quartz
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and sandy sediments had relatively higher SiO, concentra-
tions, whereas gabbro and basalt showed relatively lower SiO,
concentrations. They also reported that Rb is robust to sep-
arate soils derived from quartzite, phyllite, and sandstone.
Araujo et al. (2014) and S. H. G. Silva et al. (2020) distin-
guished soils from gneiss and gabbro based on a relatively
high concentration of Ni and a relatively low concentration of
Fe. Mendes et al. (2021) developed a framework to analyze
soil mineralogy, which, in turn, could indicate the underlying
geology. F. A. Mello et al. (2021) demonstrated the transition
from laboratory to satellite spectra, highlighting the impor-
tance of spectroscopy in visualizing the spatial distribution
of parent materials. Araujo et al. (2014) found that although
the soils were derived from the same parent material, such
as sandstone, the concentrations of As and Pb varied across
soils, as geological formations can significantly influence
these concentrations.

Vis-NIR and pXRF spectra can be used to distinguish and
predict soil parent materials with high prediction accuracy
(Gozukara et al., 2021; Mancini et al., 2019, 2023). Gozukara
et al. (2021) compared the performance of Vis-NIR and
pXRF spectra in predicting physicochemical properties and
distinguishing parent materials. The pXRF spectra had better
prediction accuracy compared to Vis-NIR spectra. Similarly,
Weindorf et al. (2015) found that pXRF had better charac-
terization performance for lithological discontinuity among
loess, alluvium, lacustrine, marine, and aeolian sediments.
This is related to differences in the elemental concentrations
such as Ti, Zr, Si, and Al among parent materials. MIR spec-
tra have not been used to distinguish the parent materials.
When a soil contains high levels of particular elements, it
may overshadow or mask other soil features in spectroscopic
measurements. O’Rourke, Minasny et al. (2016) found that
high concentrations of trace elements (e.g., Cd, As, and Mn)
and heavy metals overshadowed spectral features associated
with SOC and pH, making it difficult to isolate their signals
when using Vis-NIR and pXRF spectra. They also reported
that high Fe,O5 content, including basalt and mafic igneous
rocks, ironstone or ferricrete, and laterites, strongly absorbs
in Vis-NIR and MIR regions, masking signals from SOC
and clay content, reducing prediction accuracy. Some parent
materials, such as loess, alluvial deposits, sandstone, glacial
outwash, eolian sands, and volcanic ash, generally contain
high amounts of sand and silt. The high sand and silt con-
tent can mask the presence of clay, leading to low prediction
accuracy for clay content (Zhang & Hartemink, 2020).

4.2.2 | Soil mineralogy

Few studies focused on the prediction of minerals, including
gibbsite, goethite, hematite, kaolinite, muscovite, and quartz,
using pXRF, MIR, and Vis-NIR spectra (Ma et al., 2024;
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Rosin et al., 2023; Silvero et al., 2020). Kaolinite (R2 =0.73),
hematite + goethite (R*> = 0.85), muscovite + kaolinite
(R* = 0.73 and 0.80), and muscovite (RZ = 0.81) can be accu-
rately predicted using individual or combined Vis-NIR and
pXRF spectroscopy. Ma et al. (2024) reported that soil min-
eralogical compositions, including quartz (R> = 0.76-0.79),
allophane/imogolite (R*> = 0.75-0.81), gibbsite (R* = 0.80—
0.85), mica (R? = 0.81-0.83), smectite (R = 0.62—0.73), and
kaolin-smectite (R> = 0.72-0.84), were well predicted using
MIR spectra. Smectite, a 2:1 layer silicate, has broad and
unclear OH stretching bands in the range of 3620-3630 cm ™.
These bands often overlap with those of kaolinite, water,
amorphous silica, and other clay minerals. It has similar O—
Si—0 and O-Al-O stretching and deformation bands to other
silicate minerals in the ranges of 1030-1020 cm~! and 470-
450 cm™!. These overlapping bands make it harder to analyze
and measure smectite. Rosin et al. (2023), Mendes et al.
(2021), Silvero et al. (2020), and Poppiel et al. (2020) empha-
sized the significance of using spectra to analyze and measure
soil minerals. The low prediction accuracy of quartz might
be affected by the intensity of weathering and the loss of sil-
ica. The availability of Al facilitates the substitution of Fe,
which occurs to a greater extent in goethite than in hematite;
this substitution is more prominent under intense weathering
conditions (Bigham et al., 2002; Fitzpatrick & Schwertmann,
1982). Aluminum affects the intensity and position of the
peak corresponding to goethite in the spectral curves (Jiang
et al., 2014). The EC, sand, clay, and SOC can be explained
by the presence of soil minerals identified by peaks in the
MIR and Vis-NIR spectra. The prediction of soil properties
may be affected by the suppression and interference of min-
erals that differ in predominance or degree of weathering.
For example, Scheinost et al. (1998) reported that the pre-
diction of goethite was affected by the overlapping effect of
secondary hematite wavelengths. SOM can also be masked
by the high presence of iron oxides (hematite and goethite)
and clay mineralogy in soil (Nduwamungu, Ziadi, Parent
et al., 2009). Naimi et al. (2022) reported that the absorp-
tion peak at 2338 nm related to the presence of carbonate in
the Vis-NIR region was masked due to the higher content of

gypsum.

4.2.3 | Soil type

There is a need for nondestructive, cost-effective, and envi-
ronmentally friendly technology for the classification of
soils (Benedet et al., 2020). Proximal soil sensors, including
Vis-NIR, MIR, and pXRF spectra, can be used for the charac-
terization and prediction of soil classification (Acree et al.,
2020; Andrade, Silva, Weindorf, Chakraborty et al., 2020;
Vasques et al., 2014; Xie & Li, 2018) as there is a correla-
tion between soil spectroscopy and physical, chemical, and
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mineralogical properties (Benedet et al., 2022; Gozukara,
Altunbas et al., 2022). Acree et al. (2020) used Vis-NIR
and pXRF spectrometers to classify 25 soil cores across five
toposequences. Andrade, Silva, Weindorf, Chakraborty et al.
(2020) used pXRF data to classify 734 soil samples into five
different soil orders (Ultisols, Incepstisols, Entisols, Oxisols,
and Histosols). Xu et al. (2020) used Vis-NIR and MIR spec-
tra to classify 146 soil profiles into eight soil orders. They
reported that MIR spectra had relatively higher accuracy in
classifying soil orders compared to Vis-NIR spectra. Gémez
et al. (2022) and Greschuk et al. (2023) made two Brazilian
states complete spectral characterization and quantification
and indicated distinct methodological approaches to reach soil
classification by proximal Vis-NIR spectra. Dematté, Horak-
Terra et al. (2017) were able to relate wetland soil types with
Vis-NIR as well.

Benedet et al. (2020) utilized Vis-NIR and pXRF spectra
to classify 11 soil subgroups from Ultisols, Inceptisols, Spo-
dosols, Oxisols, and Entisols. They focused on the effect of
soil horizons, including individual A and B horizons and com-
bined A + B horizons, on the prediction of soil suborders.
Higher prediction accuracy was obtained using pXRF spectra
in B horizons compared to individual A and combined A + B
horizons.

Zhang et al. (2021) used MIR spectra to classify 270 soil
profiles into eight soil orders with five master horizons (O,
A, E, B, and C) and five B horizons (Bhs, Bs, Bk, Bt, and
Bw). The MIR spectra could be used to classify soil orders,
master, and B horizons. Zhang et al. (2021) and Weerasekara
et al. (2024) found that Histosols and Spodosols had similar
absorption features in their organic-rich O horizons, but their
subsoils (E, Bhs, and Bs) differed. These differences made
Spodosols easily distinguishable from other soil orders. Cullu
et al. (2024) reported that Inceptisols, Entisols, and Verti-
sols had different spectral patterns due to their characteristic
Ap, Ad, Bk, Bw, and Ck horizons for their characteriza-
tion. Soils with more sand, like Aridisols, Spodosols, and
Entisols, showed weaker absorption at 3695 and 3620 cm™!
(O-H bonds in clay minerals) and 916 cm~! (AI-OH in clay
minerals) compared to clay-rich soils like Alfisols and Mol-
lisols. Carbonate peaks around 2517 cm™! were prominent
in soils with high CaCO;, such as Entisols, Inceptisols, and
some Aridisols and Mollisols. However, Mollisols, Ultisols,
Aridisols, and Inceptisols had similar MIR spectra, making
them harder to distinguish. The spectral characteristics of soil
orders were strongly linked to their horizons and the related
soil properties (Zhang et al., 2021). For instance, Andisols,
with their high allophane content, show a smooth spectral
pattern from 3700 to 3000 nm~!. These soils are easier to
predict compared to granular, oxidic, and ultic soils, which
are typically older and more developed, with an average clay
content of 47%—62% and dominated by kaolin minerals, show-
ing strong kaolinite bands. However, when the clay content is
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low relative to other components such as quartz, the overall
soil spectra may display weaker kaolinite bands (Ma et al.,
2024). High levels of soil properties (i.e., sand, clay, SOC,
and EC) can suppress or mask other soil properties (Naimi
et al., 2022; O’Rourke, Stockmann et al., 2016). Another dif-
ficulty is to compare complete one soil profile spectra to
another since they have many horizons. Vasques et al. (2015)
evaluated 200 profiles and developed a technique where the
spectra of all horizons were analyzed simultaneously and
reached 69% agreement between spectroscopy and manual
soil classification. Poppiel et al. (2016) concluded that the
identification of soil and landscape relationships was fun-
damental for understanding pedogenetic processes along the
toposequences, since the role of relief in the soil evolution of
the studied area is extremely important.

Regardless of soil types, spectroscopy may include the soil
weathering evaluation as performed by Dematté and da Silva
Terra (2014). The authors observed that different weathering
levels and, consequently, soil formation processes alter the
soils along a toposequence, which reflects on their spectral
behavior. D. C. Mello et al. (2023) used a combined field and
laboratory sensors employing Vis-NIR, MIR, and pXRF spec-
troscopy and could identify diagnostic soil horizons and their
properties. In addition, our results suggest that in situ sensor-
based field measurements would be highly complementary to
conventional methods. Dotto et al. (2020) went further and
proposed a method to classify soils based on spectral patterns.
These findings highlight the potential for new approaches to
enhance soil visualization and understanding in the field.

4.2.4 | Soil horizon and depth
Soil horizons boundaries are delineated by soil morpholog-
ical properties (Soil Survey Staff, 2014). Soil spectroscopy
can help to discern differences among pedogenetic features
related to master (O, A, B, C, and E horizons) and horizon
suffixes (b, g, k, t, ss, x, and w) (Mancini et al., 2021; Vis-
carra Rossel et al., 2009; Weindorf et al., 2012; Zhang et al.,
2021;Zhuet al., 2011). Zhang and Hartemink (2021) focused
on the short-range variation of sand, silt, clay, and TC in the
soil profiles including A, B, and C horizons of Alfisols, Mol-
lisols, and Entisols. They reported that these soil properties
had a higher variation in B and C horizons compared to A
horizons. They also found that short-range variation was more
affected by parent material than by differences in land use.
Soil horizons have different spectral patterns (Benedet
et al., 2020; Zhang et al., 2021). Gozukara, Ak¢a et al. (2022)
focused on the effect of individual or combined A and B hori-
zons in the prediction model of sand, silt, clay, TC, and pH
using Vis-NIR and pXRF spectra. They found that Vis-NR
spectra can be used to achieve higher prediction accuracy to
predict clay (R?> = 0.84) in A horizons, TC (R> =0.91)in A +
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B horizons, and pH (R2 =0.79) in A horizons, whereas pXRF
spectra had better prediction accuracy in the prediction of
sand (R? = 0.97) and silt (R = 0.94) in B horizons. Andrade,
Silva, Faria et al. (2020) achieved relatively higher prediction
accuracy for clay (R> = 0.71) and silt (R*> = 0.44), whereas
sand (R? = 0.79) content was not affected by the splitting of
soil horizons (individually using A and B horizons).

Xian-li et al. (2012) found that the prediction accuracy of
SOM and pH was mainly affected by soil depth (0-20 cm and
40-60 cm) using Vis-NIR spectra. For example, they reported
that the prediction accuracies of SOM were R = 0.24 for 0-
to 20-cm depth and R” = 0.77 for 40- to 60-cm depth, whereas
the prediction accuracies of pH were R = 0.00 for 0- to 20-cm
depth and R? = 0.48 for 40- to 60-cm depth. Coblinski et al.
(2020) focused on three different soil depths (0-20 cm, 20—40
cm, and 40-60 cm) to explore their effects on the prediction of
sand, silt, and clay using Vis-NIR and MIR spectroscopy. The
prediction accuracies of sand, silt, and clay were considerably
affected by depth for Vis-NIR (R = 0.68-0.84, 0.55-0.74,
and 0.10-0.21, respectively) and MIR (R? = 0.57-0.76, 0.01—
0.30, and 0.80-0.93, respectively) spectroscopy. Gozukara,
Altunbas et al. (2022), Gozukara, Zhang et al. (2022), and
Gozukara, Akga et al. (2022) pointed out that the difference
in soil depth (020 cm and 0-100 cm) had a considerable
effect on the prediction accuracy of sand (R> = 0.56-0.84),
silt (R? = 0.47-0.55), clay (R> = 0.61-0.80), EC (R> = 0.33—
0.93), and pH (R?> = 0.19-0.81) using pXRF and Vis-NIR
spectra.

These variations in the prediction accuracy for soil phys-
ical and chemical properties with horizons/depths may be
explained by differences in soil color based on drainage con-
ditions (poorly or moderately), mineralogy (i.e., hematite,
quartz, and calcite), and soil properties. Different horizons
(i.e., argillic, albic, calcic, gypsic, natric, spodic, and salic)
have unique soil physical, chemical, and mineralogical soil
properties. Some features (i.e., sand, clay, SOM, and EC) can
suppress or mask the other soil properties. Naimi et al. (2022)
reported that the absorption peak at 2338 nm of carbonate in
the Vis-NIR region disappeared due to the higher content of
gypsum. Zhang and Hartemink (2020) pointed out that the
prediction accuracies of TC and TN were affected by particle
size. O’Rourke, Stockmann et al. (2016) highlighted that pre-
diction of soil geochemistry may be affected by the masking
effect of a high concentration of SOC. Knadel et al. (2018)
showed that fine mineral particles can mask other soil prop-
erties, making it harder to predict characteristics like clay
and specific surface area with Vis-NIR spectroscopy. They
found that non-complexed organic carbon on mineral surfaces
affects the spectral response. Additionally, clay may obscure
other soil features due to its strong absorption properties,
which highlights the limitation of spectroscopy in soil anal-
ysis. Sgrensen and Dalsgaard (2005) and Davari et al. (2021)
mentioned the same findings related to the masking effects of
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high clay content on other soil properties, including silt, sand,
and SOM/SOC, which resulted in lower prediction accuracy
for these soil properties. This masking effect of clay may be
more severe in Bt horizons, which contain high amounts of
clay.

4.3 | Prediction accuracy of pXRF, MIR, and
Vis-NIR spectra for soil properties

The pXRF spectrometer provides elemental concentrations
and spectra and the soil spectra can predict some soil proper-
ties indirectly, as these properties often correlate with specific
elemental concentrations (S. H. G. Silva et al., 2021). For
example, soil texture, CEC, and EC are influenced by ele-
ments like calcium, magnesium, and potassium, which can be
accurately measured using pXRF (O’Rourke, Minasny et al.,
2016). However, the prediction accuracy of pXRF spectra can
be lower compared to MIR and Vis-NIR spectra.

MIR spectroscopy provides relatively high prediction accu-
racy due to its rich spectral information and direct sensitivity
to chemical bonds, making it superior to VIS-NIR and pXRF
in many applications. MIR spectra contain distinct absorp-
tion bands that correspond to organic material, such as alkyl
(C-H, 2930 and 2850 cm_l); carboxylic acids (C = O,
1725 cm_l); amides (C = 0, 1640 cm_l); aromatics (C = C,
1510 cm™!); methyls (C-H, 1445-1350 cm™!); phenolics (C—
OH, 1275 cm™!); carbohydrates (C-O, 1050 cm™!) (Nkwain
et al., 2018; Viscarra Rossel & Behrens 2010). An absorp-
tion peak at 2517 cm™! is associated with the presence of
CaCO; (Hutengs et al., 2019). Additionally, absorption peaks
in the range of 1280-1070 cm~! corresponded to silicates
(Si-O) (Hutengs et al., 2019), while the peak near 916 cm™!
was indicative of AI-OH bonds in clay minerals (Nayak &
Singh, 2007). Clay minerals also exhibit characteristic absorp-
tion bands including, O—H stretching at 3695 and 3620 cm™ !,
Si—O stretching at 1280-1070 cm~!, AI-OH at 916 cm™!,
and coupled Al-O and Si—O vibrations at 626 cm™! (Made-
jova & Komadel, 2001; Nayak & Singh, 2007; Nguyen et al.,
1991; Viscarra Rossel & Behrens, 2010). Quartz is identi-
fied by Si—O vibrations in the ranges of 2000-1650 cm™!
and at specific peaks of 811, 790, and 693 cm~! (Church-
man et al., 2010; Nayak & Singh, 2007; Nguyen et al., 1991),
while water shows O—H stretching at 1633 cm~! (Madejova
& Komadel, 2001). These well-defined bands in MIR region
allow high prediction and characterization accuracy of critical
soil properties compared to Vis-NIR spectra.

Vis-NIR detects overtones and combination bands of basic
vibrations, which are less specific and frequently overlap con-
siderably. This reduces the resolution of spectral features,
making it difficult to accurately link spectral data with spe-
cific soil properties. However, MIR spectra directly catch
fundamental vibrations with more specificity and clearer
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spectrum signals for critical soil properties such as SOC,
carbonates, and clays (Pirie et al., 2005). Additionally, the
spectral range of Vis-NIR (350-2500 nm) is lower than the
spectral range of MIR (2500-25,000 nm). This limited infor-
mation density and specificity may be related to the relatively
low prediction accuracy for some soil physical and chemical
properties when using Vis-NIR spectra. Santos et al. (2020),
using MIR, reached an important R> of 0.86 and 0.97 for
SOC and nitrogen, respectively. Moura-Bueno et al. (2018)
observed that predictive models can be improved when the
variation in soil characteristics is considered, underscoring
the need for a preliminary study examining the grouping of
the sample set to validate the use of local spectral libraries for
the prediction of soil properties.

S | FUTURE NEEDS

In 2013, a meeting entitled “Soil Spectroscopy: the Present
and Future of Soil Monitoring” was held in Rome, Italy, at the
Food and Agriculture Organization (FAO). The importance
of using soil spectroscopy for the worldwide community had
been realized and Ben Dor et al. (2015) develop the a proto-
col on how to prepare samples and calibrate sensors. This was
tested and achieved good results (Romero et al., 2018) which
should be followed by regulation of the protocol and instru-
mentation. This is an ongoing initiative described in Ben Dor
et al. (2024).

There is an increasing demand for soil analysis due to
the growing need for food production and environmental
assessment. More soil samples can be taken for which less tra-
ditional soil analysis is needed. For example, Ramirez-Lopez
et al. (2018), scanned 910 soil samples using Vis-NIR, and
observed that 26% of them should be sent for traditional soil
analysis. As a next step, an unprecedent free-cloud-based plat-
form was created (Dematté et al., 2022; besbbr.com.br). In this
process, the user sent the spectra of Vis-NIR or MIR of their
soil sample to the cloud, which is modeled, and soil analyses
are sent by email.

Another topic is that most studies go after correlation and
statistical results for quantification of soil attributes. This
approach has achieved great results but left behind an expla-
nation of the results. To respond to this question, basic science
must re-start as it was in the initial of spectroscopy back-
ground. Examples can be seen in Silvero et al. (2020) who
explained what was happening in the spectra regarding min-
eralogy, carbon, and moisture. Dematté, Ramirez-Lopez et al.
(2017) developed a understanding of soil type, mineralogy,
and chemistry, specifically highlighting how elements such
as K and Mg affect spectral results due to their atomic
structure. It is not possible to go forward without this type
of more fundamental understanding. Therefore, it is recom-
mended to evaluate the spectrum with an expert before and/or
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alongside a statistical approach. This was observed by Ma
et al. (2023), in which “the combination of machine learn-
ing and domain knowledge is recommended to develop more
meaningful models for the predicting soil properties within
the field of soil science.”

6 | CONCLUSIONS

We reviewed 305 papers that used Vis-NIR, MIR, and pXRF
spectra to predict soil physical and chemical properties,
including sand, silt, clay, TN, TC, SIC, SOC, SOM, CEC, EC,
pH, and CaCO;. The following can be concluded:

1. Variation in prediction accuracy is caused by soil fac-
tors (horizon/depth) and researcher based factors (type
or brand of spectrometers, which differ in hardware,
spectral range, resolution, and calibration protocols, pre-
processing methods, prediction models, and soil analysis
methods for calibration).

2. There is an increasing number of soil studies using Vis-
NIR, MIR, and pXRF spectra.

3. More than half of the studies focused on the prediction of
TC/SIC/SOC/SOM using Vis-NIR spectra.

4. The number of papers related to MIR spectra is fewer than
Vis-NIR spectra but more than pXRF. In fact, the num-
ber of soil samples used in the prediction model becomes
lower on sequence Vis-NIR, MIR, and pXRF, which is
related to operational difficulties.

5. About 21% of the papers in soil spectroscopy lack the
mention of soil classification.

6. Higher prediction accuracy for SIC, TC, CEC, SOM,
clay, sand, SOC, TN, and pH is obtained using the MIR
spectrometer. Vis-NIR and pXRF can be used to predict
EC and silt and CaCOs;.

7. Most papers used fixed soil depth (i.e., 0-20 cm, 0-30
cm, and 20-40 cm) instead of soil genetic horizons to
collect soil samples.

8. The number of soil samples used in the prediction model
with pXRF spectra was less than Vis-NIR and MIR
spectra.

9. The spectral range used in the prediction model was
related to researcher preference (i.e., remove noise and
selection of spectral range) and the capability of Vis-NIR
and MIR spectrometers.

10. Partial least square regression was mostly used in the
prediction of soil properties using Vis-NIR and MIR,
whereas RF was mostly utilized using pXRF. Prediction
models affected the prediction accuracy.

11. Soil analytical methods affect the prediction accuracy for
soil properties, in particular soil texture, EC, and pH.
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