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ABSTRACT
Soil nutrient status assessment is a key aspect of crop management. Unlike the labor- and time-intensive conventional approach,
precision farming techniques are expanding to ensure the uniformity of soil nutrients, enhance production, and alleviate
economic pressure.
Aims: In this study, the potentials of visible and near-infrared spectroscopy (Vis-NIRS), as non-imaging technology and
multispectral imagery mounted on unmanned aerial vehicle (UAV) to predict plant-available (AP) and total phosphorus (TP)
(P) were studied and compared.
Materials &Methods: Soil samples were taken from a long-term experiment with contrasting fertilization treatments, and their
spectra were recorded. Additionally, drone multispectral images were taken before and after soil tillage and seedbed preparation.
Results: The predicted available P content by Vis-NIRS was characterized by a cross-validation determination coefficient of
R2cv = 0.82 and validation determination coefficient ofR2v = 0.74, whereas the rootmean square error for cross-validation (RMSEcv)
and validation (RMSEv)were, respectively, 11.23 and 14.09mgkg−1. The random forest (RF)model based on the textural and spectral
features from multispectral images taken after seedbed preparation had the highest performances to predict plant-available P
(R2v = 0.68, RMSEv = 13.65 mg kg−1, and RPIQv = 2.98), whereas the lowest prediction accuracy was obtained for total P prediction
model after seedbed preparation (R2v = 0.40, RMSEv = 67.91, andRPIQv = 0.6). The effectivewavelengthswere around 450, 580, and
700 nm for predicting the available P fraction. Before soil tillage, the vegetation indices ranked high in the RF prediction models
for available phosphorus (AP) and TP as compared to those developed after using tillage image-derived indices. In contrast, red-
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edge, red, and green bands, in addition to texture indices, were the most important predictors of soil available P following seedbed
preparation.
Conclusion: Our study suggests that soil tillage and seedbed preparation incorporate vegetation cover and alter soil roughness,
resulting in a more homogeneous, smoother surface and higher accuracy for soil P prediction using UAV multispectral imagery.

1 Introduction

Soil fertilization is a crucial part of crop management to meet
plants’ nutrient requirements. The determination of the amount,
type, and timing of the applied fertilizer depends on the soil’s
nutrient content in addition to a wide range of factors related to
agro-management decisions, such as crop type and the fertilizer
form, as well as weather conditions (Madsen 1995). The soil’s
nutrient content is usually quantified using a conventional
analysis in the laboratory, which is labor-intensive, costly, and
time-consuming. Hence, typically only a restricted amount of
soil samples can be considered which does not allow exploring
spatial distribution at the desired level of detail (e.g., detecting
thewithin-field variability), especiallywhen developing precision
farming to support sustainable agro-management across larger
geographical entities (e.g., at the field, farm, or catchment scale).
From small scale to large scale, soil chemical and physical
characteristics can differ strongly, particularly phosphorus as it
has a rather high spatial variability within agro-ecosystems. The
parent material, the biota present, climate variables, and soil bio-
geochemical processes are the key factors affecting its distribution
(Stewart and Tiessen 1987; J. Zhu et al. 2021). Thus, it is important
to develop phosphorus content estimation techniques to gather
soil content information quickly and affordably over large areas.

Proximal and remote sensing techniques have gained attention
as noninvasive tools for estimating crop and soil properties. Most
optical spectroscopy and imaging studies on soil properties sens-
ing have focused on texture, organic matter, and clay mineralogy
due to their direct spectral response in the visible near-infrared
spectra (Kuang et al. 2012). Soil phosphorus in addition to other
soil nutrients has an indirect spectral response because it is
dependent on a combination of other soil properties (Kodaira
and Shibusawa 2013). The relationship between phosphorus
content and soil spectral features has been extensively investi-
gated (Bogrekci and Lee 2006). Nevertheless, the results were
often highly variable and typically characterized by moderate
performance. In the determination of plant-available phosphorus
(AP) using visible and near-infrared spectroscopy (Vis-NIRS),
coefficients of determination (R2) superior to 0.7 were reported by
different authors (Maleki et al. 2007; Abdi et al. 2016; Kawamura
et al. 2019; Pätzold et al. 2019), whereas other studies reported
fairly poor predictions with models’ R2 values inferior to 0.7 (Hu
et al. 2016; Wijewardane et al. 2018). Zhang et al. (2017) attributed
the poor soil phosphorus prediction to its weak correlation with
fundamental soil properties with well-defined features. The well-
known absorption features in the Vis-NIR near 1400 and 1900 nm
are primarily caused by O–H bonds and water; clay minerals
cause absorptions in the vicinity of 2200 nm (Viscarra Rossel
et al. 2016). Gholizadeh et al. (2013) found a significant positive
correlation between phosphorus and bands of absorption around
490 nm. Fan et al. (2021) discovered that each P fraction had a

distinct reflectance spectrum, but total P had characteristic bands
in the vicinity of different wavelengths, that is, 250, 300, 400, 560,
735, and 750 nm. Additionally, they stated that both qualitative
and quantitative assessments of total P could be accomplished
using the Vis and NIR spectral regions.

Spectroscopic methods are common proximal sensing tools that
acquire spectrum samples from restricted areas. Despite not
having explicit spatial information, they have a high spectral
resolution. On the other hand,multispectral imagingmounted on
unmanned aerial vehicles (UAV) allows collecting both detailed
spectral and precise spatial information. Yet, multispectral imag-
ing sensors cover a small number of bands of the spectrum
compared to the hyperspectral imaging sensors. However, they
are still an affordable solution due to their low economical
operating cost (Adão et al. 2017). UAV multispectral imagery
has been widely used in agriculture for biophysical measure-
ments like biomass, leaf area index, height, and crop cover, and
biochemical characteristics such as chlorophyll and nutrients’
content (Xie and Yang 2020). Soil nutrients estimation using UAV
multispectral imagery can be done using crop-based approach
or soil-based approach. A crop-based approach, as an indirect
mean for a soil fertility assessment, relies on the crop spectral
information to detect soil nutrient content as the crop growth
and development are highly impacted by soil nutrient status (Zhu
et al. 2021). However, few studies investigated the relationship
between canopy reflectance and soil phosphorus.

Bare soil-based approaches to predict phosphorus content were
investigated using satellite imagery but no studies were con-
ducted to estimate soil P using UAV imagery. Several spectral
vegetation indices were found to be effective in predicting soil
phosphorus using satellite imagery or spectroscopy techniques.
The normalized difference vegetation index (NDVI), based on
information from the red and near-infrared bands, was the most
studied of these spectral indices, and it has been correlated to
plant-available and total phosphorus (TP), through an indirect
estimation (Misbah et al. 2022). NDVI had the best results
compared to other studied indices for predicting TP and Olsen-
P concentrations (Lin et al. 2015). NDVI derived from satellite
imagery has been used to map variation in soil phosphorus for
site-specific management by Gopp et al. (2019) and Mazur et al.
(2022). In addition to NDVI, other spectral indices based on the
red and NIR regions, that is, the transformed vegetation index
(TVI), the simple ratio (SR) of NIR and red bands, and the green
NDVI (GNDVI),were found to be themost important variables for
predicting soil TP (Kim et al. 2014). In other study conducted by
(Kawamura et al. 2011), phosphorus content in soils was predicted
from plant P normalized difference vegetation indices based on
the reflectance at 523 and 583 nmwith an R2 = 0.89. In addition to
spectral features, Haralick texture indices are common descrip-
tors of an image texture and surface roughness, and they can be
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FIGURE 1 Photos of the 100-year trial in Gemblouxwith the five fertilization treatments, each yellow rectangle represents a fertilization treatment
divided into 10 microplots (A) the spatial distribution of the soil sampling points (B).

derived from remote sensed images. Haralick texture indices or
texture information represent the spatial arrangement of pixel
values in a pixel neighborhood (Kelsey andNeff 2014). As textural
features provide very important spatial information of remotely
sensed images, they have been widely combined with spectral
information for predicting LAI (Zhou et al. 2022), crop yield, plant
potassium accumulation, and/or characterizing plant diseases
(Bebronne et al. 2020; Lu et al. 2021; Ma et al. 2022; Zhou et al.
2022). As such, they have been proven to improve the model’s
accuracy. To our knowledge, previously developedmodels for soil
phosphorus prediction did not include Haralick textural features.
Considering that available P fraction depends significantly on soil
organic matter content, which itself has been demonstrated to be
highly correlated to texture features (Roy et al. 2006), we presume
that, in addition to the spectral data, texture features derived from
bare soils before or after soil tillage can be important variables for
soil phosphorus content prediction.

In this study, the effective spectral regions for detecting soil
available and total P using visible and NIR spectroscopy were
investigated. Subsequently, the acquisition was upgraded to
UAV imagery to investigate the potential of combining spectral
indices and texture features for predicting available and total P
considering twodifferent timings, that is, before and after seedbed
preparation. The study provides a comprehensive analysis of soil
P content using spatially explicit Vis-NIR data obtained from
multispectral sensors mounted on UAV.

2 Materials andMethods

2.1 Experimental Site and Treatments

The study was conducted on a long-term trial located in Gem-
bloux, Belgium (50◦33′50.8″N, 4◦41′55.7″E), called “the law of the
minimum trial” (Figure 1A). The trial has been installed in 1896
to investigate the long-term effect of soil macronutrients’ content,
namely, nitrogen, phosphate, and potassium on crop yields and
productivity. Considering the systematic fertilizers application
and management, the trial consisted of five different rows; each
row, 6 m wide, represents a different fertilization modality. Each
row was divided into 10 microplots of 6 m long and 2 m wide
(Figure 1B). Table 1 summarizes the treatments with the amount
and timing of application. “NPK” stands for the fertilization
treatment that supplies the three macronutrients (total nitrogen,

TABLE 1 The applied treatmentswith the amounts of themacronu-
trients (N, P, and K) and their application time according to Zadocks
scale.

Plots

N P2O5 K2O

Z2. Z30 Z39 Z21 Z21

PK — — — 120 160
NPK 50 50 50 120 160
0 — — — — —
NP 50 50 50 120 —
NK 50 50 50 — 160

phosphorus, and available potassium), “PK” stands for phospho-
potassium fertilization, “NK” stands for nitrogen and potassium
fertilization, “NP” stands for nitrogen and phosphorus fertiliza-
tion, and “None” treatment stands for no application of the three
macronutrients. The nutrients were applied during tillering stage
(Z2.) according to Zadok scale for phosphorus, potassium, and the
first fraction of the total amount of nitrogen. The second and the
third applications of N were at Z30 and Z33 stages, respectively
(Zadocks et al. 1974). The trial was supplied with the optimal
rates of the essential nutrients, that is, K at 160 kg ha−1, P at
120 kg ha−1, and N at 150 kg ha−1 using potassium chloride, triple
superphosphate, and ammonium nitrate fertilizers, respectively.

2.2 Soil Sampling and Spectra Measurement

Before carrying out UAV flights, soil samples were taken from a
specific area within the 100-year trial, where the five fertilization
treatments are located (PK, NPK, None, NP, and NK) as shown
in Figure 1. Within this area, soil samples were collected from 120
points, a total of 24 soil sampleswere taken from each fertilization
treatment, and the distance between 2 sampling points was 1.5 m.
Samples were taken from the top 20 cm of the soil prior to tillage.
Their exact locationwas georeferenced by aGNSSLeicaATX1230.
The collected samples were subject to the following chemical
analysis: nitrogen, potassium, AP, organic matter, pH, CEC, and
TP. The plant-AP was determined according to Lakanen–Ervio
method. This method extracts more P than the Olsen method
but less P than the Mehlich 3 or Bray approaches, and it is
routinely used in the Walloon region of Belgium (Renneson et al.
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FIGURE 2 Workflow of image processing, data extraction and modeling (A), RGB drone images of the trial before (B,a) and after seedbed
preparation (B,b). DEM, digital elevation model.

2016). The methods for soil analysis of other soil properties (N,
K, SOM, pH, CEC) are detailed in Table S1. The soil texture is
silt loam according to Belgian soil texture classification triangle.
The same dried and sieved samples, considering a 2 mm sieve,
were subjected to spectral acquisition between 400 and 2500 nm
using DS2500 Foss Vis-VIR spectrometer located at the Walloon
Agricultural Research Centre (CRA-W). Reflectance data were
computed as absorbances (log 1/R).

2.3 Photogrammetric Data Acquisition

A first UAV flight was performed over the experimental site on
November 5, 2020 prior to any tillage, and a second UAV flight
was performed on November 26, 2020 after plowing, tilling soil

to a depth of 20 cm, and seedbed preparation. A multirotor
drone equipped with a Micasense Rededge multispectral camera
(MicaSense, Seattle, WA, USA) and RGB camera was used.
In total, 92 photos covered the whole area of the long-term
trial (0.5 ha) during each flight. A total of 14 ground control
points were recorded using precision GNSS Leica ATX1230.
The Micasense Rededge has a focal length equal to 5.5 mm
and a sensor size of 30 × 30 × 20 mm3, with a resolution of
1280 × 960 pixels. The RGB andmultispectral cameras’ respective
ground sample distances (GSD) were 1.53 and 3.98 cm at 60 m
flight altitude. The multispectral camera records five regions
of the light spectrum: blue (B), green (G), red (R), red-edge
(RE), and NIR with central bands and bandwidths of 475 ± 20,
560 ± 20, 668 ± 10, 717 ± 10, and 840 ± 40 nm, respectively (See
Figure 2).

4 Journal of Plant Nutrition and Soil Science, 2025
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TABLE 2 The list of the explanatory variables, their formulas, and their references.

Class Variable Formula References
Spectral indices NDVI (NIR−R)/(NIR + R) Rouse et al. (1974)

GNDVI (NIR−G)/(NIR + G) Gitelson and Merzlyak (1998)
NDRE (NIR−RE)/(NIR + RE) Gitelson and Merzlyak (1994)
MSR (NIR/R−1)/

√
NIR∕𝑅 − 1 Chen and Chen (1996)

OSAVI 1.16a(NIR—R)/(NIR + R + 0.16) Rondeaux et al. (1996)
RVI NIR/R Jordan (1969)
SR NIR/G Tucker (1979)
DVI NIR—R Becker and Choudhury (1988)

Textural indices Energy
∑𝑁

𝑖=1
∑𝑁

𝑗=1 𝑝(𝑖, 𝑗)
2 Haralick et al. (1973)

Entropy −
∑𝑁

𝑖=1
∑𝑁

𝑗=1 𝑝(𝑖, 𝑗)log 𝑝(𝑖, 𝑗)

Correlation
∑𝑁

𝑖=1
∑𝑁

𝑗=1
(𝑖.𝑗)𝑝(𝑖,𝑗)−𝜇𝑥𝜇𝛾

𝜎𝑥𝜎𝛾

Homogeneity
∑𝑁

𝑖=1
∑𝑁

𝑗=1
𝑝(𝑖,𝑗)

1+|𝑖−𝑗|
Inertia

∑𝑁

𝑖=1
∑𝑁

𝑗=1 (𝑖 − 𝑗)
2
𝑝(𝑖, 𝑗)

Cluster shade
∑𝑁

𝑖=1
∑𝑁

𝑗=1 (𝑖 + 𝑗| − 2𝜇)
4
𝑝(𝑖, 𝑗)

Cluster
prominenence

∑𝑁

𝑖=1
∑𝑁

𝑗=1 (𝑖 + 𝑗| − 2𝜇)
3
𝑝(𝑖, 𝑗)

Abbreviations: DVI, difference vegetation index; MSR, modified simple ratio; NDVI, normalized difference vegetation index; OSAVI, optimized soil adjusted
vegetation index; RVI, vegetation ratio index; SR, simple ratio.
aThe row and column numbers are represented by 𝑖 and 𝑗, respectively. The value of the matrix at the associated row and column is represented by 𝑥(𝑖, 𝑗). p(𝑖,
𝑗) denotes the ratio of a matrix’s value at a given row and column to the total of all its values. N stands for the matrix’s length (width). The matrix’s mean and
variance in the directions x and y are represented by (μ𝑥, μ𝑦) and (σ𝑥, σ𝑦), respectively.

2.4 Image Processing and Data Extraction

The 92 images were loaded in the software Agisoft Metashape
(Agisoft LLC, St. Petersburg, Russia) to create an orthomosaic for
each of the two acquisition dates (before and after tillage). First,
the photos were aligned, and the 14 ground control points were
loaded to generate an optimized sparse point cloud and a dense
cloud afterwards. Second, the DEM (digital elevation model)
was generated on the basis of all the points of the dense point
cloud. Finally, ortho-rectification and image mosaic creation
were carried out using the DEM. This orthomosaic combines
separate photos that have been orthorectified, that is, edited to
remove the influence of relief, shot angle, and lens aberrations.
The final output of amosaic image for each flight acquisition date
was exported as a .tiff file. The images were read in QGIS software
for spectral and textural features extraction (Figure 2).

Considering the plot size, 2 m × 6 m polygons were digitized and
set as sample size. Zonal statistics were performed to calculate
the mean reflectance values of all pixels within the plot polygon
using QGIS. After extracting themean reflectance values for each
band, eight multispectral indices are calculated (Table 2). The
vegetation indices are divided into SR indices like the vegetation
ratio index (RVI) and SR, difference vegetation index (DVI), into
normalized difference vegetation indices such as NDVI, green
NDVI, andRENDVI, and other spectral indices like the optimized
soil adjusted vegetation index (OSAVI) and the modified simple
ratio (MSR).

In addition to spectral indices, seven textural indices were
calculated for each plot using the Haralick texture extraction
method and the Orfeo toolbox in QGIS (Table 2). Haralick
texture features are determined from the gray-level co-occurrence
matrix (GLCM), a matrix that counts the co-occurrence of
adjacent gray levels in the image (Haralick et al. 1973). Seven
GLCM-based texture features were calculated from the red band,
including Energy (texture uniformity), Entropy (measure of
randomness of intensity image), Correlation (how correlated
a pixel is to its neighborhood), Inverse Difference Moment
(measures the texture homogeneity), Inertia (intensity contrast
between a pixel and its neighborhood), Cluster Shade, andCluster
Prominence (characteristics of these textures indices are given in
Table 2).

2.5 Data Analysis andModeling

2.5.1 Partial Least Square Regression (PLSR)

The phosphorus content of 120 samples and their raw spectra
were split randomly into a training set (n = 84, i.e., 70%) and
testing set (n = 36, i.e., 30%). Using unprocessed spectra, the
AP and TP prediction models using fivefold cross-validation
and PLSR were developed in RStudio version 4.1 (RStudio Inc.,
Boston, MA, USA). The spectroscopic analysis was limited to
the Vis-NIR regions (350–1100 nm) of the spectrum to compare
the spectroscopy results with those of low-cost imaging sensors
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that cover bands in the same regions. Four latent variables (LVs)
were retained, explaining considerable variability with small
errors. The models were validated in a second step, and the
accuracy of the predictions was assessed using the coefficient
of determination (R2v), the root mean square error (RMSEv),
and the ratio of performance to deviation (RPIQv). To determine
the informative wavelengths used in building the PLS models,
a variable selection was performed on the basis of the PLS
regression coefficients of the first four LVs (Cai et al. 2008).
The wavelengths with a high regression coefficient value are
considered as the key wavelengths.

2.5.2 Random Forest (RF)

After digitization and zonal statistics in QGIS, RF was performed
on the spectral indices and texture features of the bare soil
using Caret package in RStudio to predict soil AP and TP (Kuhn
2008). The number of observations was reduced to 40 because
of the digitization process. For each microplot, the mean of the
textural and spectral indices was computed over the whole plot,
and the corresponding phosphorus content was calculated as the
average of the three sampling points. The dataset was divided
into a training set (n = 28, 70%) to perform the fivefold cross-
validation and test set (n = 12, 30%) to test the models’ accuracy.
RF consists of generating a final prediction based on several
decision trees built from bootstrapped datasets. Without using
all variables at each node, the RF algorithm uses a random
selection of the variables to find the optimum split criterion to
build each single tree. In the RF model, two key parameters need
to be tuned, that is, mtry and ntree, which signify the number
of variables and the number of trees in the random subset at
each split, respectively. Tuning these parameters showed that the
model performed the best with a mtry value of 2 and ntree value
of 500.

2.5.3 Models’ Accuracy Assessment

To assess the developed models’ prediction accuracy, the coeffi-
cient of determination (R2), the root mean square error (RMSE),
and the ratio of performance to interquartile range (RPIQ) using
the following expressions were calculated:

𝑅2 = 1 −
∑

𝑖
(𝑦𝑖 − 𝑦̂𝑖)

2∑
𝑖
(𝑦𝑖 − 𝑦̂𝑖)

2

RMSE

√∑
𝑖
(𝑦𝑖 − 𝑦̂𝑖)

2

𝑛

RPIQ = IQ

RMSE

where ŷ is the predicted value of y, ȳ is the mean values of y, n
is the number of samples, SD refers to standard deviation, and i
refers to the ith observation. IQ is the difference between the third
quartile (Q3) and the first quartile (Q1) of the samples. A larger
RPIQ value indicates improved model performance.

3 Results

3.1 Soil Nutrients Content

Boxplots comparing the soil macronutrients content in the plots
fertilized by the five fertilization treatments (NK, None, NP, NPK,
and PK) are given in Figure 3. Despite the small area of the
experimental site, it showed high variability in soil phosphorus
data. The TP content of the 120 collected samples ranges from
740 to 1150 mg kg−1, whereas the available form of P content
ranges from 40 to 140 mg kg−1. The fraction of available P
represents a small percentage of the TP, that is, between 5% and
12%. Moreover, the phosphorus, nitrogen, and potassium were
correlated to other soil properties using Pearson correlation, and
results are presented as scatter plots matrix (Figure S1). The AP
and TP levels were strongly correlated, and both were positively
associated with K and CEC, whereas they were poorly correlated
to SOM and other soil properties.

3.2 Vis-NIR Point-Based Analysis

3.2.1 Soil Absorbance Spectra

Figure 4A displays the raw spectra for the 120 soil samples (A) and
the average spectral signatures for the 5 fertilization treatments
(Figure 4B). All spectral signatures exhibited the typical shape of
soil absorbance from the visible to the SWIR region with high
values in visible that decrease in NIR and SWIR and a series of
local absorbance peaks due to water absorption bands (in the
vicinity of 1400, 1900, and 2200 nm). In addition to the O–H
bonds, the absorbance around 1400 and 1900 nm was also linked
to aliphatic C–H and amide N–H, respectively. The comparison
between the average spectral response of the five fertilization
treatments shows overlapping spectra in the visible region with
a distinctive difference in the NIR and SWIR regions. The lowest
absorbance values were recorded for the NK treatment, whereas
the non-fertilizer treatment showed the highest spectral values.

3.2.2 PLSRModel

PLSRs were performed on the absorbance spectra in the range
of 350–1100 nm to predict the soil available and total P. Figure 5
displays the results of the calibration using the fivefold cross-
validation method and the validation procedure on an inde-
pendent set to test the accuracy of both models to predict AP
and TP contents. The highest correlations were obtained for AP
in both calibration and validation processes (R2cv = 0.82 and
R2v = 0.74, respectively) compared to TP prediction model, which
had coefficients of determination equal to 0.71 and 0.68 for cross-
validation and validation, respectively. The ratio of performance
to deviation (RPIQ) for the AP validation model was equal to 285.
It was noticed that the AP prediction model slightly outperforms
the TP prediction model.

The importance of individual wavelengths in the regression
model was revealed by the regression coefficients per LV of
the developed PLS models. Figure 6 presents the regression
coefficients plots for the first four LV for the AP and TP models.

6 Journal of Plant Nutrition and Soil Science, 2025
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FIGURE 3 Boxplots comparing available phosphorus (A), total phosphorus (B), total nitrogen (C), and potassium (D) for the studied fertilization
modalities.

FIGURE 4 The raw absorbance spectra (log 1/R) of soil collected samples from different fertilization modalities (A) and the average spectral
signatures for the NK, PK, None, NPK, and NP treatments, each spectrum is an average of 24 samples (B).

The regression coefficients of soil phosphorus content in the
PLS models indicate a high importance of wavelengths in the
visible range. The variability in the spectra of both prediction
models did not appear to be effectively explained by the first LV1.
Nevertheless, the LV2 explained a small percentage of variation
in the blue region around 450 nm, in addition to the LV3 and
LV4 for both AP and TP prediction models. Looking at the
regression coefficients for LV3 and LV4, it appears that LV3 and
LV4 are strongly dependent on the spectral regions around 580
and 700 nm for establishing the AP predictionmodel (Figure 6A).
In addition to these two peaks at 580 and 700 nm, TP is also
dependent on wavelength 540 nm. We must point out that the
wavelengths 540 and 580 nm correspond to the green band of the
Micasense sensor, whereas the camera’s RE is at 700 nm. The

LV4 for both soil AP and TP had a regression coefficients peak
at 850 nm in the NIR region. The peak was more relevant for TP
than AP regression coefficients. The analysis was limited to the
spectral range from 350 to 1100 nm; the calibration models for AP
and TP, as well as the regression coefficient plots, can be found in
the supplementary material (Figures S2 and S3).

3.3 Remote Sensing and Prediction of P Content

3.3.1 RFModel

The results of models’ calibration and validation, for AP and TP
before and after tillage, are presented in Figure 7. The models

7
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FIGURE 5 Cross-validation and validation results of AP (A) and TP (B) PLS-based models. The calibration and test sets are presented by black
filled circles and blue filled triangles, respectively.

FIGURE 6 Regression coefficients of PLS models for the prediction of available phosphorus content (A) and total phosphorus content (B). LV,
latent variable.

produced various estimation accuracies for soil phosphorus. The
model based on the before-tillage textural and spectral data to
predict APhadR2 values of 0.53 and 0.51 andRMSE values of 19.05
and 16.82 mg kg−1 for calibration and validation, respectively.
After soil tillage, the AP model had a better performance in
calibration (R2cv = 0.72 and RMSEcv = 20.43 mg kg−1) and
validation (R2v = 0.68, RMSEv = 13.65 mg kg−1, and RPIQv = 2.98)
(Figure 7C). In contrast, the TP prediction model obtained before
soil tillage was slightly better than the developed model after soil
tillagewithR2v = 0.49, RMSEv = 54.73mgkg−1, andRPIQv = 2.06),
but still not satisfactory (Figure 7B). Compared to the established
models using the textural and spectral indices extracted from the
before-tillage images, it appears that soil tillage decreased the
accuracy of TP predictionmodel and increased soil AP estimation
using spectral indices and textural indices.

3.3.2 Variable Importance

Comparing before and after seedbed preparation, the relative
importance of textural and spectral predictors in the developed
RF models is presented in Figure 8. Before soil tillage, all the
eight spectral indices were the most important variables in AP
and TP prediction, which had relative importance greater than
60%. Textural features had relative importance inferior to 20%
(Figure 8A,B). The first three spectral indices were NDRE, RVI,

and MSR for AP prediction, whereas the multispectral indices
NDRE, RVI, and GNDVI were the best predictors to explain
the variability of soil TP before tillage. On the other hand, the
single bands of red edge and red and textural indices were the
most important variables for predicting soil AP and TP after soil
tillage.When predictingAP, the relative importance values for the
green band and the textural characteristics, inertia, and cluster
prominence ranged from 60% to 80%. The remaining spectral
bands and the textural features had relative importance values
between 20% and 60% for both AP and TP prediction models.
After soil tillage, the vegetation indices had low contributions in
explaining the AP and TP soil variability, and hence, the relative
importance values were inferior to 20% (Figure 8C,D). Results
revealed that the vegetation indices explained variation of soil AP
and TP before seedbed preparation, and textural indices became
more important for estimating soil AP and TP after seedbed
preparation.

4 Discussion

In this study, the effect of soil phosphorus content on absorbance
spectra was investigated to predict two phosphorus fractions,
AP and TP, using visible and NIR spectroscopy. In our case,
the AP fraction, determined using the Lakanen–Ervio method,
ranges from 5% to 12% of TP. In similar conditions of 15-year

8 Journal of Plant Nutrition and Soil Science, 2025
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FIGURE 7 The validation results of plant-available phosphorus (A and C) and total phosphorus (B and D) prediction models before tillage (A and
B) and after tillage (C and D).

long-term fertilization trials, Olsen P represented 1%–13% of TP in
all fertilization treatments, and the lowest values were recorded
for the control treatment with no supply of macronutrients and
the sole N fertilization (Shen et al. 2014). In our long-term trial,
available Pwas lowest in theNK treatment, where no phosphorus
was supplied. The results showed that this treatment exhibits the
strongest decrease in absorbance in the NIR region. This decrease
is more prominent in the NIR than in the visible region. Simi-
larly, previous studies reported that decreasing P concentration
decreases absorbance in the NIR and SWIR regions more than
the visible region (Sridhar et al. 2009; Zhang and Zhang 2015).

Phosphorus and other nutrients cannot be directly predicted
using spectroscopy, as they do not exhibit well-defined spec-
tral responses. However, they can be indirectly detected when
correlated with soil properties that have distinct spectral fea-
tures (Niederberger et al. 2015; Reda et al. 2020). This indirect
approach has led to variability in prediction results, with sensitive
wavelengths reported in the visible, near-infrared, and shortwave
infrared regions (Zhang and Zhang 2015). Here, the spectroscopic
analysis was limited to the Vis-NIR regions (400–1100 nm) of
the spectrum to compare the spectroscopy results with those of
low-cost imaging sensors that cover bands in the same spectral
regions. Narrowing down the spectral range to the visible and
near-infrared region would prevent interference of soil P pre-
diction wavelengths with other soil properties, like soil organic

matter and soil moisture, as it was predominantly reported to
absorb in the SWIR region (Viscarra Rossel et al. 2016).

In similar studies using the visible and near-infrared spectral
range, the prediction of AP using raw spectra from 325 to 1075 nm
yielded an R2 of 0.69 and an RMSE of 5.76 mg kg−1. The peaks
at 460, 550, and 740 nm were found to be more significant
for predicting AP (Xuemei and Jianshe 2013). Similarly, Jiang
et al. (2023) found that the feature bands for AP were mostly
concentrated around 500 and 700–1000 nm. When using the
full spectrum from 450 to 2400 nm, AP was predicted with
a validation R2 of 0.79 and an RPIQ of 3.55 (Yu et al. 2023).
However, they identified feature bands for AP between 400 and
1100 nm at 499, 516, 542, 745, and 770 nm. Singha et al. (2023)
predicted AP with R2 of 0.71 and RPIQ of 3.44 and reported
sensitive wavelengths of 430 and 505 nm for AP. However, for
predicting TP, Fan et al. (2021) found that the diagnostic spectrum
of TP is distributed across the 250–750 nm range, with specific
wavelengths at 250, 300, 400, 560, 735, and 750 nm. Using this
range, the prediction model for TP achieved an R2 of 0.87 and an
RPD of 2.66. Consistent with our findings, peaks around 540, 580,
and 700 nm, as well as in the NIR region around 850 nm, were
found to be themost important wavelengths in predicting AP and
TP. Models based on Vis-NIRS for predicting AP showed higher
performances compared to TP predictionmodels (Abdi et al. 2016;
Recena et al. 2019).

9

 15222624, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/jpln.12012 by U

niversitat B
ern, W

iley O
nline L

ibrary on [04/06/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



FIGURE 8 Variable importance plots for plant-available phosphorus and total phosphorus RF prediction models before tillage (A and B,
respectively) and after tillage (C and D). MSR, modified simple ratio; NDVI, normalized difference vegetation index; NIR, near infrared; OSAVI,
optimized soil adjusted vegetation index; RVI, vegetation ratio index; SR, simple ratio.

In the second part of our research, the information derived from
the Vis and NIR bands of low-cost imaging sensor mounted on
a UAV was analyzed to determine whether the resulting data
may be used for soil P prediction in field conditions. The models
for predicting both AP and TP exhibited different performances
before and after soil tillage, with improved accuracy observed
post-tillage. This raises the question of how soil tillage affects
phosphorus prediction accuracy. Soil tillage reduces aggregate
which increases the amount of energy reflected, resulting in
higher vegetation index values and greater reflectance in the
red and NIR wavelengths (Sadeghi et al. 2018). Additionally,
tillage and seedbed preparation can effectively reduce weed
density and incorporate vegetation cover, contributing to a more
homogeneous and smoother soil surface after tillage (Figure 1B).

Before soil tillage, the vegetation indices ranked high in the RF
prediction models for AP and TP as compared to those developed
after using tillage image-derived indices. As a result, we conclude
that the information obtained from these images is primarily
affected by the reflectance of vegetation cover, weeds, and
stubbles that were present in the field prior to the seedbed prepa-

ration, which impacted the accuracy of phosphorus predictions
(Figure 1B). Various soil features, including vegetation cover and
crop residue, can affect the spectral response of remote sensing
images, thus decreasing prediction accuracy (Biney et al. 2023;
Pimstein et al. 2011). Variability in the distribution of vegetation
cover may have led to high variability in vegetation index values
before soil tillage, as bare soil and crop residue exhibit different
spectral reflectance. The effect of fractional vegetation cover on
spectral information and the accuracy of predicting soil properties
has been studied by Bartholomeus et al. (2009), who reported
that vegetation significantly affects soil properties prediction
accuracy. Even with low amounts of fractional vegetation cover,
predictions can become inaccurate, and the degree of inaccuracy
depends on the fractional vegetation cover, the index used, and
the specific soil property being measured. Yue et al. (2020)
differentiated the fractional cover of vegetation, crop residue,
and bare soil in cropland systems using the broadband crop
residue angle index. For SOC, it was stated that the primary
factor contributing to predictions inaccuracy and reliability was
the presence of crop residue partially covering the soil surface
(Dvorakova et al. 2020; Rodionov et al. 2014).

10 Journal of Plant Nutrition and Soil Science, 2025
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Among several vegetation indices, NDRE and RVI, R ranked high
in the variable importance for the AP and TP models. Each of
these indices uses the spectral wavelength bands (red and NIR)
in its formulas. Lin et al. (2015) reported that TP and Olsen-P
concentrations can be indirectly estimated using an optimized
index in the red and near-infrared wavelengths (NDVI). The R2
of validation set were approximately 0.48 and 0.5 for TP and
Olsen-P, respectively. A correlation analysis was done by Mazur
et al. (2022)where a significant positive relationshipwas observed
between the NDVI and bare soil phosphorus content (r = 0.61).
Kim et al. (2014) found also that the vegetation indices based on
the red and NIR bands, TVI, SR, NDVI green, and NDVI are the
most important variables of RF model for TP prediction.

After seedbed preparation, the single spectral bands RE, red,
and green ranked high in variable importance of the RF model
for AP prediction, which corresponds to the wavelengths with
the highest regression coefficients in the PLS model generated
using Vis and NIR spectra for soil AP. The texture features also
ranked high in variable importance after seedbed preparation.
However, the integration of textural indices in predicting soil
phosphorus or soil nutrients content has not been taken into
consideration in past studies. According to this research, soil
tillage and seedbed preparation made an important contribution
to the model’s accuracy when predicting AP. In addition to
incorporating vegetation cover and minimizing the effects of
vegetation cover on spectral data and prediction accuracy, soil
tillage and seedbed preparation alter soil roughness, resulting
in a more homogeneous and smoother surface (Figure 1B).
It has been reported that soil roughness is one of the major
factors influencing the soil reflectance spectrum in the field
(Angelopoulou et al. 2019). On rough soils, Rodionov et al.
(2014) observed a significant overestimation of soil organic carbon
content. However, the impact of soil roughness on soil nutrient
prediction has not been extensively studied, especially at the
field scale. In general, soil surface roughness influences the
accuracy and the reliability of the predictions, and this factor
must be considered during the preprocessing and interpretation
of image data. Predicting quantitative surface soil properties
relies on the availability of exposed bare soil, preferably under
seedbed conditions, to minimize the influence of confounding
factors such as vegetation cover, crop residues, and soil roughness
(Herodowicz and Piekarczyk 2018). This has been confirmed by
our study, which showed that soil tillage minimized the effect of
vegetation cover and altered the impact of roughness, leading to
higher accuracy in predicting soil phosphorus.

5 Conclusion

Vis andNIR spectroscopy is a rapid and nondestructive technique
for predicting various soil parameters. The raw spectra from Vis-
NIR spectroscopy, in combination with PLS regression, proved
effective in estimating available and TP (R2v = 0.74 and 0.68
and RPIQv = 2.85 and 2.07 for AP and TP, respectively). With
the purpose of detecting soil phosphorus across a larger scale
within field conditions, we investigated the potential of UAVmul-
tispectral imagery to assess soil phosphorus. This involves using
textural and spectral features derived from UAV multispectral
imagery based on a relatively small number of samples imposed
by the long-term experiment. We found that spectral indices

combined with texture features predict plant-AP with a good
accuracy after soil tillage (i.e., R2v = 0.68, RMSEv = 13.65 mg kg−1,
and RPIQv = 2.98). For nonmobile nutrients, such as phosphorus,
where the only accurate and realistic approach to determining
crop needs is soil analysis before sowing, we consider that our
findings are promising for predicting soil phosphorus using
UAV imagery of bare soil. We conclude that soil phosphorus
prediction using UAV imaging techniques is more accurate on
a prepared seedbed as soil tillage and seedbed preparation can
effectively reduce weed density and incorporate vegetation cover,
contributing to a more homogeneous and smoother soil surface
after tillage and more accurate prediction of soil P contents.
However, the model should be calibrated for more campaigns
under normal field conditions to get models that are robust to
variation in soils conditions.
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