Note

DOI: http://dx.doi.org/10.1590/1678-992X-2018-0295

ISSN 1678-992X

SCIENTIA
AGRICOLA

Estimation of soil phosphorus availability via visible and near-infrared spectroscopy

Micael Felipe de Souza®, Henrique Coutinho Junqueira Franco®™, Lucas Rios do Amaral*

Universidade Estadual de Campinas/FEAGRI, Av. Candido
Rondon, 501 — Campinas, SP - Brasil.
*Corresponding author <lucas.amaral@feagri.unicamp.br>

Edited by: Paulo Cesar Sentelhas

Received August 30, 2018
Accepted March 07, 2019

ABSTRACT: Spectroscopic techniques have great potential to evaluate soil properties. Howev-
er, there are still questions regarding the applicability of spectroscopy to analyze soil phospho-
rous (P) availability, especially in tropical soils with low nutrient contents. Therefore, this study
evaluated the possibility to estimate P availability in soil and its pools (labile, moderately labile
and non-abile) via Vis-NIR spectroscopy based on intra-field calibration. We used soils from two
different locations, a plot experiment that received application of phosphate fertilizers (Field-A)
and a cultivated field where a grid soil sampling was performed (Field-B). We used the technique
of diffuse reflectance in the visible and near-infrared (Vis-NIR) to obtain the spectra of soil sam-
ples. Predictive modeling for P availability and labile, moderately labile and non-abile pools of
P in soil were obtained via partial least squares (PLS) regression; classification modeling was
performed via Soft Independent Modeling of Class Analogy (SIMCA) on three P availability levels
in order to overcome the limitation on quantifying P via Vis-NIR spectroscopy. We found that
isolating P contents as the only variable (Field-A), Vis-NIR spectroscopy does not allow estimating
P pools in the soil. In addition, quantification of P available in the soil via predictive modeling has
limitations in tropical soils. On the other hand, estimating P content in soil through classes of
availability is a feasible and promising alternative.

Keywords: predictive modeling, classification model, precision agriculture, fractionation of
phosphorus, soil fertility

Introduction

Phosphorous (P) supply to plants is an essential
factor to ensure proper crop development and high
yields (Ziadi et al., 2013). In tropical soils, such as Oxi-
sols, phosphate fertilization generally requires attention
due to adsorption reactions of the element with soil con-
stituents, which become a drain instead of a source of
P for plants (Barbieri et al., 2009; Novais and Smyth,
1999). The study on P availability for plants can be ac-
complished through its division into fractions, providing
knowledge on soil dynamics, guiding soil fertilization in
an economical and environmental manner (Cross and
Schlesinger, 1995). The methodologies commonly used
are based on sequential extractions with chemical re-
agents (e.g. Hedley fractionation - Hedley et al., 1982);
however, this laboratory procedure is time-consuming,
expensive, laborious and easily susceptible to mistakes
(Cécillon et al., 2009).

In this context, Vis-NIR spectroscopy is a promis-
ing approach to evaluate soil properties, because a single
measurement allows inferring several properties (Nocita
et al., 2015; Soriano-Disla et al., 2014; Wetterlind et al.,
2008). However, its use has limitations to estimate nu-
trients availability in the soil, since it is a complex and
variable matrix involving interactions between mineral
and organic materials (Mouazen et al., 2007; Shepherd
and Walsh, 2007). Furthermore, results on prediction of
P availability via Vis-NIR spectroscopy are not yet suf-
ficient to ensure satisfactory performance in most cases
(Abdi et al., 2016; McCarty and Reeves, 2006; Terra et
al., 2015). Therefore, questions remain regarding appli-
cability of Vis-NIR spectroscopy to analyze P in the soil,

Sci. Agric. v.77, n.5, e20180295, 2020

especially in tropical soils with low content of organic
P, due to its low P availability and the complexity of P
interactions with the minerals in this soil type.

In this context, Niederberger et al. (2015) obtained
excellent results predicting labile, moderately labile and
non-labile pools of P in soils, arguing for the potential of
this approach. However, the authors used a soil classified
as Entisol (Soil Survey Staff, 2003), characterized by a
low-to-medium weathering level of the parent material,
which favors greater availability of P compared to Oxi-
sols. In addition, as the soil was sampled along an area
of 8,100 ha, the samples had different physicochemical
properties. Thus, the objective of our study was to evalu-
ate the possibility to estimate soil P availability and its
pools (labile, moderately labile and non-labile) in Oxisoil
via Vis-NIR spectroscopy, including the use of a model
classification technique based on intra-field calibration.

Materials and Methods

Soil sampling and laboratory analyses

The soil samples used in this study were collected
from two experimental sites of commercial cultivation of
sugarcane. The first site (Field-A) was located in Agudos,
SP (22°33'22" S, 49°06'15" W, 715 m altitude), with the
soil classified as Arenic Ustox, according to the Soil Tax-
onomy System (Soil Survey Staff, 2003), and described
as a Dystrophic Red-Yellow Latosol (Latossolo Vermelho
Amarelo Distréfico) according to the Brazilian Soil Clas-
sification, with sandy loam texture. Soil sampling was
carried out in a small area of the field, totaling 1.5 ha,
where a plot experiment was installed to test phosphate
fertilizers (variation of sources and rates of triple phos-
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phate or natural phosphate from Gafsa, whether or
not associated with filter cake from the production of
ethanol). The samples were collected from sugarcane
planting rows at depths: 0-0.1 m; 0.1-0.2 m and 0.2-0.4
m, resulting in 90 samples. The variation of fertilizer
sources and rates and sampling depths aimed to obtain
high variations of P contents in the soil fractions studied,
providing proper predictive modeling via spectroscopy.

The second site (Field-B) was located in Tabatinga,
SP (21°38'6" S, 49°39'7" W, 490 m altitude), with
two soils classified as Ustox, according to the Soil
Taxonomy System (Soil Survey Staff, 2003); according
the Brazilian Soil Classification, these soils are described
as Dystrophic Red- Yellow Latosol (Latossolo Vermelho
Amarelo Distréfico) and Dystrophic Red Latosol (Latossolo
Vermelho Distréfico), with sandy and clay loamy texture.
Samples were collected at depth 0-0.2 m, regularly spaced
at every 100 m, resulting in 238 samples. This spatial grid
allowed obtaining samples with high variability in all soil
properties, not only in the P content.

For soil samples from Field-A, besides the usual
chemical analysis performed in a commercial laboratory;,
where available P is quantified via the extraction method
with anion exchange resin (Camargo et al., 2009) (Table
1), sequential extraction was performed to determine
P fractions in the soil according to its availability, as
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proposed by Hedley et al. (1982), with modifications
made by Condron et al. (1985). The extraction generates
results of P quantification that were grouped into three
pools: labile (organic and inorganic labile fractions
extracted via NaHCO, 0.5 mol L), moderately labile
(organic and inorganic moderately labile fractions
extracted via NaOH 0.1 mol L' and HCI 1.0 mol L!) and
non-labile (organic and inorganic non-labile fractions
extracted via NaOH 0.5 mol L!). All results are expressed
as mg dm™, the standard procedure at Brazilian soil
laboratories, with P measurements based on the soil
volume rather than the soil mass. Regarding particle
size, only one sample was collected in the experimental
size (size of 900 m?) for soil characterization, resulting in
859 g kg! of sand, 16 g kg! of silt and 125 g kg! of clay.
The results for P pools in the soil from Field-A (Table
1) were used only for predictive modeling, due to the
reduced number of samples (n = 90).

For the soil from Field-B, the results of available P
obtained via the anion exchange resin method (Camargo
et al., 2009) (Table 2) were used for both predictive and
classification modeling procedures.

Vis-NIR Soil Spectroscopy
For the analyses via spectroscopy, the first step was
sample preparation. Samples from Field-A were dried at

Table 1 - Descriptive statistics of chemical attributes and soil P pools of 90 samples (Field-A).

P-Fractioning

pH M P K Ca Mg CEC BS Lable  Mod. Labile Nonlabile  Total
CaC, gkg! mg dm-3 mmol, dm- % —— mg kg

Mean 47 96 51.8 1.3 152 41 417 455 36.3 84.2 822  202.7
Minimum 38 60 3.0 05 20 10 241 9.0 136 226 431 1056
Median 47 90 18.0 1.1 100 40 366 480 284 54.0 80.7 1649
Maximum 68 150 4580 63 1240 250 1456 890 1255 569.4 1306  703.0
- 06 20 87.2 0.8 178 29 177 175 20.3 97.6 184 1118
Kurtosis 12 01 9.4 145 214 316 180 0.0 43 116 0.1 8.0
Asym. 10 07 3.0 2.9 43 46 3.8 0.1 1.9 3.4 0.5 2.8
CV% 100 200  200.0 600 1000 700 400 400  60.0 100.0 20.0 60.0

a0btained with the sum of labile, moderately labile and non-labile pools; Available phosphorus measured by anion exchange resin (Camargo et al., 2009). Asym. =
asymmetry; o = standard deviation; CV% = coefficient of variation; OM = organic matter; CEC = cation-exchange capacity; BS = base saturation.

Table 2 - Descriptive statistics of physical and chemical attributes of the 238 samples (Field-B).

Particle size
pH oM pe K Ca Mg CEC BS Sand Sit Clay
CaCl, g kgt mg dm-3 mmol, dm? —m8 —— % g kg!

Mean 5.1 14.0 13.0 1.4 20.4 8.4 42.3 70.0 631 112 257
Minimum 4.2 8.0 1.0 0.3 7.0 3.0 235 46.0 326 24 83
Median 5.1 13.0 9.0 1.2 19.0 8.0 39.0 71.0 677 110 228
Maximum 5.8 44.0 120.0 8.4 57.0 20.0 85.4 89.0 877 267 495
c 0.3 4.7 13.7 1.0 8.7 34 12.7 8.1 129 47 101
Kurtosis 0.2 9.6 18.4 114 1.8 0.5 0.7 0.1 -1.0 0 -1
Asym. -0.7 2.2 35 2.4 1.2 1.0 1.0 -0.5 -1.0 0 0
CV% 10.0 30.0 110.0 70.0 40.0 20.0 30.0 10.0 20.0 40.0 40.0

2Available phosphorus measured by anion exchange resin (Camargo et al., 2009). Asym. = asymmetry; ¢ = standard deviation; CV% = coefficient of variation; OM =

organic matter; CEC = cation-exchange capacity; BS = base saturation.
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45 °C and sieved through 2 mm mesh (Nanni and De-
matté, 2006; Udelhoven et al., 2003; Viscarra Rossel et
al., 2010). Samples from Field-B were dried at 45 °C and
sieved through 0.25 mm mesh for greater homogene-
ity and avoid soil texture influence, since the sampling
was performed within a whole field; moreover, this
procedure allowed comparison of performances with
the study conducted by Niederberger et al. (2015). Fur-
thermore, spectra were collected via diffuse reflectance
technique using the Fieldspec 4 Standard-Res Spectrora-
diometer (Analytical Spectral Devices Inc., Boulder, Col-
orado, USA), which operates within 350-2500 nm range,
3.0 nm with spectral resolution for 350-1000 nm and
10.0 nm for 1001-2500 nm, providing a 1.0 nm resolu-
tion via software correction, recorded in absorbance val-
ues. We used an accessory for soil readings (MugLight)
with its own light source (100 W halogen bulb).

Each soil sample was divided into three parts. Three
spectra were obtained from each part, resulting from the
mean of ten scans. At the end, the mean of nine spectra
for each sample was calculated. The reading of the white
reference (Spectralon® was conducted every 15 min.

Data analysis and modeling

In the modeling stage, the first procedure was the
division of training and validation sets. To that end, 70
% of samples were selected for training and 30 % for ex-
ternal validation, resulting in 63 calibration samples and
27 validation samples for Field-A and 167 and 71 sam-
ples for Field-B. This procedure was performed using
the Kennard-Stone algorithm (Kennard and Stone, 1969),
ensuring the homogeneous and representative selection
of both sets based on the spectra.

For P quantification (predictive modeling), we
used the partial least squares (PLS) regression, having
as response variables P pools in the soil (Field-A) and P
content available in the soil (Field-B). Due to the low per-
formance in P prediction, we also divided the P content
into three levels of availability. We used Field-B for this
classification, due to the larger number of samples. We
conducted the classification via Soft Independent Mod-
eling of Class Analogy (SIMCA), with the classes: low
(0-12 mg dm™®), medium (13-30 mg dm~2), and high (>30
mg dm-3) P content availability. These intervals were de-
termined based on the table of interpretation limits of P
contents in soils described by Raij et al. (1997).

The soil spectra were mean-centered (MC) and
preprocessed to correct non-linearity, scattering, parti-
cle size effect, baseline and noise (Stenberg et al., 2010).
To that end, pre-processing procedures were tested
separately and/or simultaneously through multiplicative
scatter correction (MSC) and standard normal variate
(SNV), first (1D) and second (2D) derivatives, and Savitz-
ky-Golay smoothing (SMT). The last three methods were
applied with windows ranging from 5 to 25 points at
intervals of 2 points. The number of PLSR components
in each model, as well as the better preprocessing of the
spectra, was defined via the leave-one-out cross-valida-
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tion procedure, seeking a high coefficient of determina-
tion (R?), and low root mean square error of prediction
(RMSE). The selected pre-processing procedures were
MSC + 1D (window of 25 points), with 7 components
to the response variable P available (Field-B), none pre-
processing with 5 components for labile P and with 7
components for non-labile P, and MSC with 3 compo-
nents for moderately labile P (Field-A). In the classifica-
tion procedure, 2D (7 point-window) was used. Finally,
the quality of predictive models for the external valida-
tion dataset was evaluated through parameters R?* and
RPD (Ratio of Percent Deviation) (Williams, 1987). De-
tection and quantification limits were defined, respec-
tively, as the lowest content that could be detected by
certain equipment and lowest content that the method
is capable of quantifying (Rambo et al., 2013). These val-
ues were calculated according to the equations proposed
by Shrivastava and Gupta (2011). Classification models
were evaluated according to the figures of merit: Selec-
tivity, Sensitivity, Accuracy, False Positive Rate (FPR)
and Kappa coefficient.

Results and Discussion

Quantification of P pools in soil

Quantification of P pools in the soil via spectral
data in Vis-NIR regions faces several limitations (Figure
1). Models obtained for all P pools were classified as E
category by the RPD (RPD values shown in Figure 1),
that is, with poor and unreliable performance to predict
the variables of interest (Viscarra Rossel et al., 2006).

Although Niederberger et al. (2015) obtained high
efficiency of prediction models for soil P pools (RPD
classified as A or B), we believe that the contrasting re-
sults were due to differences in the methodologies used.
These authors used data from samples collected in 8,100
ha in China, which allowed alterations in several soil
properties from one sample point to another, rather than
dealing with changes only in P concentration. This may
have aided in the construction of calibration models,
since there was variation in other soil properties that
directly influence the spectrum while having a specific
relation with P pools. Thus, this variation may govern
P availability in the soil and influence the spectra ob-
tained, which enables the modeling of P pools. Instead,
the soil used in our study was collected in the same field
(Field-A), varying only in the experimental plot and,
consequently, in P contents. In addition, the low P avail-
ability range in samples (Table 1) may have also con-
tributed to the low quality of models. Thus, the Vis-NIR
spectroscopy is not recommended for the analysis of P
pools in the soil, since it is not sensitive to unique varia-
tions in P contents.

Quantification of soil P availability

As sampling of a single plot experiment did not
generate satisfactory results, since the only factor that
changed between samples was the P content, we test-



Souza et al.

Spectroscopy for soil P estimation

80 1Re = 0.42  1801Re=0.19 - 1201 Re=0u4s8
RMSE = 9.94 S RMSE = 27.95 # RMSE = 10.91 pd
— RPD = 1.24 I RPD = 0.85 RPD = 1.38
(2] s
£ 604 / 120 100
©
(@]
1S
; 40 801 804
(0]
2
QO
D
= 20 40 A 60
D_ "/, (] o0
vl S
yd /,/’ p
0 ] ] _n=27 0l ] . _n=27 204 n=27
0 20 40 60 80 0 40 80 120 160 40 60 80 100 120

Measured (mg dm3)

Figure 1 - Relationship between predicted P pool contents via Vis-NIR spectroscopy and measured P pool contents for external validation
samples from Field 1. Left = labile pool; Middle = moderately labile pool; Right = non-labile pool. RPD = Ratio of Percent Deviation; n = number

of samples in external validation dataset.

ed spatial sampling (Field-B), because the variation of
other soil properties could allow the creation of predic-
tive models from Vis-NIR spectra (Oliveira et al., 2015).
However, this approach also showed limitations. The
model was classified as E category by the RPD value
(RPD values are shown in Figure 2), that is, with poor
and unreliable performance to predict variables of inter-
est (Viscarra Rossel et al., 2006). The main difficulties
to obtain good prediction results of available P via spec-
troscopy are that this fraction is related to the soil solu-
tion and chemistry of the soil matrix (Janik et al., 1998)
and does not present direct spectral response (Stenberg
et al., 2010; Oliveira et al., 2015). Still, Coutinho et al.
(2019) argue that available level of P shows relationship
with iron and aluminum oxyhydroxides in the soil, al-
lowing its indirect prediction via spectroscopy. Further-
more, low contents found in highly weathered soils
(Oxisoil) might compromise even more its detection.
The presence of high portion of organic P could improve
the spectral response and allow better modeling perfor-
mance, because organic compounds can be more easily
excited by irradiation (Niederberger et al., 2015; Olivei-
ra et al., 2015). However, most tropical soils present low
organic matter content, as we found in our study (Table
1) and, therefore, tend to show low portion of organic P,
limiting efficiency of soil spectroscopy.

Concentrations very similar or below the detection
and/or quantification limits of the spectroscopic tech-
nique, which can prevent identification of the property
of interest and, consequently, its prediction, resulting in
a model with low performance (Shrivastava and Gupta,
2011). In this context, the values obtained for detection
and quantification limits were, respectively, 0.4 and 1.2
mg dm3. Thus, these limits did not impair the modeling,
since most samples showed higher P levels (Table 2).

Regarding the poor performance of the models,
it is important to highlight the quality of the reference
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Figure 2 - Relationship between predicted P availability via Vis-NIR
spectroscopy and measured P availability for external validation
samples from Field 2. RPD = Ratio of Percent Deviation; n =
number of samples in external validation dataset.

method. In general, there are uncertainties in soil wet-
chemical analyses in laboratories to determine nutrient
availability. Cantarella et al. (2015) reported in their certi-
fication process that the amount of discrepant results for
P availability is relatively high (coefficient of variation ~
16 %) after more than 2,000 determinations originating
from 122 laboratories of soil analyses. This deviation in
the reference data may mask the actual availability of
P in the soil, impairing fertilization prescriptions. This
low accuracy of the reference data may explain the poor
performance of the predictive modeling. Thus, as the
reference values show accuracy limitations, some dis-
crepancy is expected to occur when obtaining quantifi-
cations via spectroscopic models (Cotiteaux et al., 2003).
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Classification models for P available in the soil

As the quantification/prediction of available P was
unsatisfactory, we invested in the proposal of creating
classification models (Field-B). Thus, we verified that the
classification of the P content in availability classes is a
promising approach. The classification model presented
substantial performance (category B) according to the
Kappa coefficient (= 0.614), which indicates the agree-
ment between predicted and observed classes (Landis
and Koch, 1977). This was corroborated by the classifier
accuracy that achieved ~89 %, which means that al-
most 90 % of the samples (validation dataset) were clas-
sified in the correct P availability class.

We used ranges of P availability to establish the
classes to facilitate the learning of the models, because
they are categorical variables rather than absolute
numbers (quantification). Thus, the classification mod-
el has to classify samples properly on a few P avail-
ability classes, while the prediction model must predict
sample values (P availability) accurately. This con-
tributed to better classification of results (substantial
performance according Kappa index) compared to the
previous predictive modeling (unreliable performance
according RPD value). Thus, the use of Vis-NIR spec-
troscopy is capable of identifying broad classification
levels of available P.

The aforementioned classification approach is
promising, since soil fertilization could be based on
tables of fertilizer prescription, which traditionally in-
dicate the application rate based on the soil availability
class of nutrients. The class establishment could be use-
ful for precision agriculture, considering that the cre-
ation of variable-rate prescription maps shows several
uncertainties (errors) due to data interpolation (Mueller
et al., 2004). Therefore, the creation of maps based on
few levels of P availability could improve the applicabil-
ity of this precision agriculture approach, which will be
tested by our research group in further studies.

Conclusion

Intra-field quantification of phosphorus availabil-
ity in soils by Vis-NIR spectroscopy via predictive mod-
eling has limitations in tropical soils with low P content
in the organic form.

In addition to low P content, we showed that by
isolating P contents as the only variable, the Vis-NIR
spectroscopy does not allow estimating P pools in the
soil, hindering its use.

On the other hand, the use of Vis-NIR spectros-
copy to estimate the soil P content through availability
classes is a promising approach, since the prescription
for fertilization tends to follow this classification.

Acknowledgements

We thank the Fundacdo de Amparo a Pesquisa do
Estado de Sao Paulo (FAPESP) for the financial support

Sci. Agric. v.77, n.5, e20180295, 2020

Spectroscopy for soil P estimation

(Grant No. 2015/21616-5) and the Coordenacédo de Aper-
feicoamento de Pessoal de Nivel Superior (CAPES) for
granting a graduate scholarship to the first author. We
would also like to thank Prof. Paulo Sergio Pavinato and
Valdevan Rosendo dos Santos from the Escola Superior
de Agricultura Luiz de Queiroz (ESALQ), who provided
soil samples.

Authors’ Contributions

Conceptualization: Amaral, L.R.; Franco, H.C.].
Data acquisition: Souza, M.F. Data analysis: Souza,
M.F. Design of methodology: Amaral, L.R.; Souza, M.F,
Franco, H.C.]J. Writing and editing: Souza, M.F.; Amaral,
L.R.; Franco, H.C.].

References

Abdi, D.; Cade-Menun, B.J.; Ziadi, N.; Tremblay, G.F.; Parent,
L.E. 2016. Visible near infrared reflectance spectroscopy to
predict soil phosphorus pools in chernozems of Saskatchewan,
Canada. Geoderma Regional 7: 93-101.

Barbieri, D.M.; Marques Junior, J.; Alleoni, L.R.F.; Garbuio, F].;
Camargo, L.A. 2009. Hillslope curvature, clay mineralogy,
and phosphorus adsorption in an Alfisol cultivated with
sugarcane. Scientia Agricola 66: 819-826.

Camargo, O.A.; Moniz, A.C.; Jorge, J.A.; Valadares, J.M.A.S.
2009. Methods of Chemical, Mineralogical and Physical
Analysis of Soils of the Agronomic Institute of Campinas =
Métodos de Analise Quimica, Mineraldgica e Fisica de Solos
do Instituto Agrondémico de Campinas. Instituto Agrondmico,
Campinas, SP, Brazil (in Portuguese).

Cantarella, H.; Abreu, M.F.; Coscione, A.; Zambrosi, F.C.B;
Abramide, P. 2015. TAC Proficiency Test for Soil Agricultural
Purposes Laboratory Analysis = Ensaio de Proficiéncia IAC
para Laboratérios de Anélise de Solo para Fins Agricolas.
Instituto Agronémico, Campinas, SP, Brazil (in Portuguese).

Cécillon, L.; Barthés, B.G.; Gomez, C.; Ertlen, D.; Genot, V.;
Hedde, M.; Stevens, A.; Brun, ].J. 2009. Assessment and
monitoring of soil quality using near-infrared reflectance
spectroscopy (NIRS). European Journal of Soil Science 60:
770-784.

Condron, L.M.; Goh, K.M.; Newman, R.H. 1985. Nature and
distribution of soil phosphorus as revealed by a sequential
extraction method followed by 31P nuclear magnetic
resonance analysis. Journal of Soil Science 36: 199-207.

Cotliteaux, M.M.; Berg, B.; Rovira, P. 2003. Near infrared
reflectance spectroscopy for determination of organic matter
fractions including microbial biomass in coniferous forest
soils. Soil Biology and Biochemistry 35: 1587-1600.

Coutinho, M.A.N.; Alari, F.O.; Ferreira, M.M.C.; Amaral,
L.R. 2019. Influence of soil sample preparation on the
quantification of NPK content via spectroscopy. Geoderma
338: 401-409.

Cross, A.F.; Schlesinger, W.H. 1995. A literature review and
evaluation of the Hedley fractionation: applications to
the biogeochemical cycle of soil phosphorus in natural
ecosystems. Geoderma 64: 197-214.



Souza et al.

Hedley, M.].; Stewart, J.W.B.; Chauhan, B.S. 1982. Changes
in inorganic and organic soil phosphorus fractions induced
by cultivation practices and by laboratory incubations. Soil
Science Society of America Journal 46: 970-976.

Janik, L.J.; Merry, R.H.; Skjemstad, J.O. 1998. Can mid infrared
diffuse reflectance analysis replace soil extractions? Australian
Journal of Experimental Agriculture 38: 681-696.

Kennard, R.W.; Stone, L.A. 1969. Computer aided design of
experiments. Technometrics 1: 137-148.

Landis, J.R.; Koch, G.G. 1977. The measurement of observer
agreement for categorical data. Biometrics 33: 159-174.

McCarty, G.W.; Reeves, J.B. 2006. Comparison of near infrared
and mid infrared diffuse reflectance spectroscopy for field-
scale measurement of soil fertility parameters. Soil Science
171: 94-102.

Mouazen, A.M.; Maleki, M.R.; Baerdemaeker, J.; Ramon, H.
2007. On-line measurement of some selected soil properties
using a VIS-NIR sensor. Soil and Tillage Research 93: 13-27.

Mueller, T.G.; Pusuluri, N.B.; Mathias, K.K.; Cornelius, PL.;
Barnhisel, R.I. 2004. Site-specific soil fertility management: a
model for map quality. Soil Science Society of America Journal
68: 2031-2041.

Nanni, M.R.; Dematté, J.A.M. 2006. Spectral reflectance
methodology in comparison to traditional soil analysis. Soil
Science Society of America Journal 70: 393-407.

Niederberger, J.; Todt, B.; Bo¢a, A.; Nitschke, R.; Kohler, M.;
Kithn, P; Bauhus, J. 2015. Use of near-infrared spectroscopy
to assess phosphorus fractions of different plant availability in
forest soils. Biogeosciences 12: 3415-3428.

Nocita, M.; Stevens, A.; Van Wesemael, B.; Aitkenhead, M.;
Bachmann, M.; Barthés, B.; Dor, E.B.; Brown, D.].; Clairotte,
M.; Csorba, A.; Dardenne, P; Dematté, J.A.M.; Genot,
V.: Guerrero, C.; Knadel, M.; Montanarella, L.; Noon, C.;
Ramirez-Lopez, L.; Robertson, ].; Sakai, H.; Soriano-Disla,
J.M.; Shepherd, K.D.; Stenberg, B.; Towett, E.K.; Vargas, R.;
Wetterlind, J. 2015. Soil spectroscopy: an alternative to wet
chemistry for soil monitoring. Advances in Agronomy 132:
139-159.

Novais, R.F.,; Smyth, T.J. 1999. Phosphorus in Soil and Plant under
Tropical Conditions = Fésforo em Solo e Planta em Condigoes
Tropicais. Universidade Federal de Vigosa, Vicosa, MG, Brazil
(in Portuguese).

Oliveira, J.F.; Brossard, M.; Corazza, E.J.; Marchdo, R.L.;
Vendrame, P.R.S.; Brito, O.R.; Guimardes, M.F. 2015. Vis-
NIR spectrometry, soil phosphate extraction methods and
interactions of soil attributes. Quimica Nova 38: 342-350.

Raij, B. van.; Cantarella, H.; Quaggio, J.A.; Furlani, A.M.C. 1997.
Fertilization and Liming Recommendations for the State of Sdo
Paulo = Recomendagées de Adubacéo e Calagem para o Estado
de Sdo Paulo. Instituto Agrondmico, Campinas, SP, Brazil (in
Portuguese).

Sci. Agric. v.77, n.5, e20180295, 2020

Spectroscopy for soil P estimation

Rambo, M.K.D.; Amorim, E.P,; Ferreira, M.M.C. 2013. Potential
of visible-near infrared spectroscopy combined with
chemometrics for analysis of some constituents of coffee and
banana residues. Analytica Chimica Acta 775: 41-49.

Shepherd, K.D.; Walsh, M.G. 2007. Review: Infrared spectroscopy:
enabling an evidence-based diagnostic surveillance approach
to agricultural and environmental management in developing
countries. Journal of Near Infrared Spectroscopy 15: 1-19.

Shrivastava, A.; Gupta, V. 2011. Methods for the determination
of limit of detection and limit of quantitation of the analytical
methods. Chronicles of Young Scientists 2: 21.

Soil Survey Staff. 2003. Keys to Soil Taxonomy. 9ed. USDA-
National Resources Conservation Service, Washington, DC,
USA.

Soriano-Disla, ].M.; Janik, L.]J.; Viscarra Rossel, R.A.; MacDonald,
L.M.; McLaughlin, M.J. 2014. The performance of visible,
near-, and mid-infrared reflectance spectroscopy for prediction
of soil physical, chemical, and biological properties. Applied
Spectroscopy Reviews 49: 139-186.

Stenberg, B.; Viscarra Rossel, R.A.; Mouazen, A.M.; Wetterlind,
J. 2010. Visible and near infrared spectroscopy in soil science.
p.- 163-215. In: Donald, L.S., ed. Advances in Agronomy.
Academic Press, New York, NY, USA.

Terra, F.S.; Dematté, J.A.M.; Viscarra Rossel, R.A. 2015. Spectral
libraries for quantitative analyses of tropical Brazilian soils:
comparing vis-NIR and mid-IR reflectance data. Geoderma
255-256: 81-93.

Udelhoven, T.; Emmerling C.; Jarmer T. 2003. Quantitative
analysis of soil chemical properties with diffuse reflectance
spectrometry and partial least-square regression: a feasibility
study. Plant and Soil 251: 319-29.

Viscarra Rossel, R.A.; McGlynn, R.N.; McBratney, A.B. 2006.
Determining the composition of mineral-organic mixes using
UV-vis-NIR diffuse reflectance spectroscopy. Geoderma 137:
70-82.

Viscarra Rossel, R.A.; Rizzo, R.; Dematté, J.A.M.; Behrens, T.
2010. Spatial modeling of a soil fertility index using visible-
near-infrared spectra and terrain Attributes. Soil Science
Society of America Journal 74: 1293-1300.

Wetterlind, J.; Stenberg, B.; Séderstrém, M. 2008. The use of near
infrared (NIR) spectroscopy to improve soil mapping at the
farm scale. Precision Agriculture 9: 57-69.

Williams, P.C. 1987. Variables affecting near-infrared reflectance
spectroscopic analysis. p. 143-166. In: Williams, P.; Norris,
K., eds. Near-infrared technology in the agricultural and food
industries. American Association of Cereal Chemists, St. Paul,
MN, USA.

Ziadi, N.; Whalen, J.K.; Messiga, A.].; Morel, C. 2013. Assessment
and modeling of soil available phosphorus in sustainable
cropping systems. Advances in Agronomy 122: 85-126.



