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Abstract: Soil exchange cations are a basic indicator of soil quality and environmental clean-up
potential. The accurate and efficient acquisition of information on soil cation content is of great
importance for the monitoring of soil quality and pollution prevention. At present, few scholars focus
on soil exchangeable cations using remote sensing technology. This study proposes a new method
for estimating soil cation content using hyperspectral data. In particular, we introduce Boruta and
successive projection (SPA) algorithms to screen feature variables, and we use Guangdong Province,
China, as the study area. The backpropagation neural network (BPNN), genetic algorithm-based
back propagation neural network (GABP) and random forest (RF) algorithms with 10-fold cross-
validation are implemented to determine the most accurate model for soil cation (CaZt, K, Mg2+,
and Na*) content estimations. The model and hyperspectral images are combined to perform the
spatial mapping of soil Mg?* and to obtain the spatial distribution information of images. The
results show that Boruta was the optimal algorithm for determining the characteristic bands of soil
Ca?* and Na™, and SPA was the optimal algorithm for determining the characteristic bands of soil
K* and Mg2+. The most accurate estimation models for soil Ca?t, K*, Mg2+, and Na' contents
were Boruta-RF, SPA-GABP, SPA-RF and Boruta-RF, respectively. The estimation effect of soil Mg2+
(R? = 0.90, ratio of performance to interquartile range (RPIQ) = 3.84) was significantly better than
the other three elements (Ca%*: R% = 0.83, RPIQ = 2.47; K*: RZ = 0.83, RPIQ = 2.58; Na*: RZ = 0.85,
RPIQ = 2.63). Moreover, the SPA-RF method combined with HJ-1A HSI images was selected for the
spatial mapping of soil Mg?* content with an R? of 0.71 and RPIQ of 2.05. This indicates the ability of
the SPA-RF method to retrieve soil Mg?* content at the regional scale.

Keywords: soil cations; VIS-NIR spectroscopy; feature screening; machine learn algorithm

1. Introduction

Soil exchange cations are a basic indicator of soil quality and environmental purifica-
tion potential, providing a guarantee of the quality of plant growth [1]. However, the rapid
expansion of urbanization and industrialization has reduced the competitiveness of agri-
cultural development and altered original land use patterns. Cultivation patterns, drainage
and irrigation systems and tillage practices have also changed. This has greatly affected
the quantity, nature and natural distribution patterns of fertilizers and crop residues in the
soil, resulting in a disruption of the original balance of the soil exchange cation content,
with varying degrees of impact on soil quality [2,3]. In addition, soil cation exchange has
been shown to be an important predictor of soil quality and has the potential to sequester
contamination in the environment [1]. For example, the soil cation exchange capacity can
influence the adsorption and desorption of metal ions such as copper, zinc and lead [4,5],
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while it is significantly correlated with the sequestration of organic pollutants such as
atrazine, diquat and paraquat, among other elements [6]. Therefore, in order to improve
soil management and pollution control, an efficient monitoring approach for soil exchange
cations must be determined.

Traditional methods for determining the soil exchange cation content generally rely
on field sampling and laboratory chemical analysis, which have limitations, including high
costs, long lead times, low efficiency, damaging sampling, and so on [7]. The development
of remote sensing technology has provided a powerful means to efficiently monitor soil
property information. However, current studies that estimate the soil exchangeable cation
content using remote sensing technology employ multispectral images. Such images have
a low amount of spectral information and hardly capture sensitive spectral features, thus
affecting estimation accuracy. The emergence of hyperspectral technology can overcome
this constraint as it is able to capture weak signals in the soil and account for fine soil
features. Thus, quantitative research on soil properties using hyperspectral technology has
currently become a hot research topic [8-13].

Several scholars have attempted inverse soil cations using hyperspectral techniques,
making substantial progress [14-17]. Viscarra Rossel et al. (2006) compared the predictive
power of four soil spectral ranges (visible, VIS; near-infrared, NIR; mid-infrared, MIR; and
VIS-NIR-MIR) for a variety of soil properties (e.g., exchangeable calcium (Ca), organic carbon
(OC), cation exchange capacity (CEC) and exchangeable potassium (K)). The authors found
that NIR spectroscopy was more accurate for exchangeable aluminum and potassium, with a
root mean square error (RMSE) of 0.88 and 1.84 mmol(+)/kg, respectively [14]. Li et al. (2011)
explored the ability to predict soil cation exchange and exchangeable potassium, calcium
and magnesium content within the drip line of the litchi canopy using NIR spectroscopy.
The proposed approach was able to effectively predict soil cation exchange and exchange-
able calcium content, yet predictions of exchangeable potassium and magnesium content
were poor [15]. Gras et al. (2014) compared three spectral collection methods (scanning
the soil surface, primitive or smooth cores captured with an auger and soil blocks from
fragmented cores) and combined multiple spectral treatments to predict soil properties,
including total nitrogen, organic matter, calcium carbonate, exchangeable potassium and
fast-acting phosphorus. Good predictions were achieved for soil exchangeable potassium
(residual prediction deviation (RPD) = 2.7-3.2; R? = 0.85-0.90), while available phosphorus
was poorly predicted (RPD = 1.6-1.8; R? = 0.59-0.70) [16]. Despite the advancements made,
current studies suffer from a relatively homogeneous approach to feature selection, poor
model portability and limited research on soil cation inversion.

Therefore, this study proposes a method that integrates feature screening and model
construction for the quantitative inversion of soil cations. The objectives of the study are
as follows: (1) determine the feature variables using Boruta and successive projection
(SPA) algorithms; (2) quantify the relationship between feature variables and soil cation
content using the backpropagation neural network (BPNN), genetic algorithm-based back
propagation neural network (GABP) and random forest (RF) algorithms; and (3) explore
the feasibility for the spatial mapping of soil cations using HJ-1A HSI imagery.

2. Materials and Methods
2.1. Study Area

Guangdong Province is located in the southernmost part of mainland China (20°09'-25°31" N,
109°45'-117°20" E, Figure 1) and exhibits a subtropical monsoon climate with abundant
water and climatic resources. It is subject to the combined effects of crustal movements,
lithology, folding and fracture tectonics and external forces, resulting in a complex and
diverse landscape with mountains, hills, plateaus and plains. The terrain is generally high
in the north and low in the south, with mountains and high hills in the north and plains
and tablelands in the south. Since Guangdong’s reform and opening up, urbanization and
industrialization have a negative impact on the overall level of soil quality in the province,



Agriculture 2023, 13, 1237 3o0f12

and the problem of soil pollution has become increasingly prominent. Therefore, in this
study, the cultivable land in Guangdong Province was selected as the study area.
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Figure 1. Study area (20°09'-25°31' N, 109°45’-117°20’ E) used for model development and the
spatial distribution of soil samples.

2.2. Data and Pre-Processing
2.2.1. Soil Sampling and Pre-Processing

To ensure a uniform distribution of soil samples, a grid distribution method at a 50 x 50 km
resolution was used to select the sampling points, with a total of 75 soil samples (Figure 1).
Five points were collected in an “X” shape at the topsoil (0-20 cm) to create a mixed sample.
Each sample weighed approximately 300 g. The soil samples were dried naturally, and
impurities such as stones, plant stems and plastic products were removed, milled and
passed through a 0.2 mm soil sieve. Each soil sample was subsequently divided into two
separate samples for the chemical analysis of the soil cation content and the determination
of the soil’s spectral reflectance, respectively. In addition, 20 soil samples were collected in
Conghua District (Figure 2) to verify the feasibility of the model for the spatial mapping of
the soil cation content at the regional scale. The soil sample collection and pre-processing
procedures follow the above-described steps.
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Figure 2. HJ-1A false color composite image and sample point distribution for mapping verification.
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(1) Determination of soil cation content

An inductively coupled plasma-optical emission spectrometer (ICP-OES) was used
to determine soil Ca*, K*, Mg?* and Na* contents [18]. Table 1 reports the descriptive
statistics of the measured data. The mean values of soil Ca?*, K*, Mg2+ and Na* were
3.37 cmol/kg, 0.20 cmol/kg, 0.50 cmol/kg and 0.10 cmol/kg, respectively, and all variables
exhibited high variability (CV > 50%) [19].

Table 1. Statistics of the soil cations contents (unit: cmol kg™1).

Soil Cations Min. Max. Mean SD CV (%)
K 0.03 0.78 0.20 0.15 75
Ca%* 0.24 14.90 3.37 291 86
Mg2+ 0.08 3.00 0.50 0.58 116
Na*t 0.02 0.46 0.10 0.08 80

Note: SD, standard deviation; CV, coefficient of variation.

(2) Soil spectral reflectance measurements

Soil spectra reflectance values were measured using an AvaField portable spectrometer
(Avantes, Inc., Apeldoorn, Holland) with a spectral resolution of 0.6 nm and 6 nm in the
300-1100 nm and 11002500 nm ranges, respectively. Prior to measuring soil sample spectra,
an AvaField portable spectrometer was calibrated using a standard white board (LS-WS250-R
made of polytetrafluoroethylene (PTFE) with a response wavelength range of 250-2500 nm).
The spectra were collected by placing the soil samples in a black box to reduce the influence
of the external environment. A 50 W halogen lamp was employed as the measurement
light source, and the spectra were measured by the vertical contact of a probe with a
10° field of view connected by an optical fiber. The soil spectrum of each sample was
collected five times, and anomalous curves were removed using AvaReader software. The
average of the remaining reflectance data was spectrally smoothed using Savitzky-Golay
smoothing with a window size of 10, and the smoothed data were taken as the spectral
reflectance (R) of the sample. In addition, the first derivative (FD), second derivative (SD)
and reciprocal logarithmic (RL = Ig1/p, p is reflectance) transformations were determined
for the soil spectral data to attenuate the effect of the background noise and the signal
intensity variation due to scattering and absorption from the soil surface. We refer readers
to the previous literature for more details on the three spectral transformations [20].

2.2.2. Image Acquisition and Pre-Processing

To extend the application of the proposed method at the regional scale, satellite
imagery was collected to map the soil cation content. The model constructed in this paper
was based mainly on soil spectra, the crops in Guangdong were mainly rice, and the rice
had been harvested in late October. Therefore, an HJ-1A HSI image was acquired on
30 October 2017, which reflected soil information. The spectral range, spectral resolution,
spatial resolution and swath of the image were 459-956 nm, 4.32 nm, 100 m and 50 km,
respectively. The collected image was subjected to noise and geometric distortion due to
the atmospheric environment and the sensor itself. Thus, we pre-processed the image using
absolute radiometric brightness conversion, atmospheric correction, geometric correction
and mixed-pixel decomposition. The atmospheric correction of the HJ-1A image was
performed using the FLAASH model. Its geometric accuracy correction was carried out
using a quadratic polynomial calculation model and a cubic convolution interpolation
method. The correction error was within 0.5 pixels. Mixed pixel decomposition was
performed using the fully constrained least squares (FCLS) spectral unmixing model.

2.3. Methods
2.3.1. Screening of Characteristic Bands

Redundant information and noise are usually more present in full-band spectra com-
pared to multispectral data, which affects the accuracy of the estimation model. Screening
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the characteristic bands is a key step in constructing a prediction model, and it can improve
the speed and accuracy of the model [21]. However, due to the weak spectral information
and the difficulties in capturing it, the optimal characteristic bands tend to be poorly de-
termined by traditional statistical analysis methods alone. In this study, SPA and Boruta
algorithms were introduced to screen the characteristic bands of soil cations. The following
sections provide a brief summary of the two algorithms.

(1) Successive projection algorithm

The successive projection algorithm (SPA) is a forward-loop feature variable selection
method that can filter the wavelength positions of interest from overlapping spectral
information and reduce the effect of co-linearity. It is widely adopted to filter feature
wavelengths [22,23]. SPA selects the wavelength with the largest projection vector as
the initial wavelength by projecting the wavelength onto other wavelengths, and then
it determines the characteristic bands based on a calibration model. The initial iteration
vector is denoted as xk(0), the variables to be extracted are denoted as N, and the spectral
matrix is denoted as column J. The SPA algorithm was performed in Python software via
the SPA package. The steps of the algorithm are summarized as follows [24]:

1.  Randomly select a column of the spectral matrix (column j) and assign column j from
the modelling set to x;, denoted as xk(0).

2. Denote the set of vector positions of the other columns (excluding the jth column) as
s,wheres = {j,1 <j <], j¢ [k(0),...k(n—1)]}.

3. Calculate the projection of x; onto the remaining column vectors, Px; = x; —

-1
(ij xk(n—l)) (xzﬁn_nxk(n—n) JES.
4. Extract the spectral wavelengths with a maximum projection vector, k(n) =
arg(Max(|| Px;[)),j € s.
5. Letx;=Pxjj€s.
Accumulate n and return to step 2 if n < N.

Denote the extracted variables as {xk(n) =0,...,N—-1 }, corresponding to k(0) and

N in each cycle. Following this, construct a multiple linear regression analysis model
to obtain the root mean square error of cross-validation (RMSECYV) for the modelling
set, and the smallest RMSECYV value corresponding to k(0) and N as the characteristic
wavelength groups is obtained.

(2) Boruta algorithm

The Boruta algorithm is a feature filtering method based on two core concepts, namely,
shaded features and binomial distribution. It offers a fundamental gauge for the impor-
tance of each variable, denoted as the Z-score. The Z-scores of the original variables are
compared with the expected Z-scores of randomly selected features generated by random
permutations, and only variables with Z-scores greater than all randomly selected features
are selected to build the classifier [25]. In this study, the Boruta algorithm was used to select
significantly important and uncorrelated spectral variables to estimate soil cation (Ca?",
K*, Mg?* and Na*) contents. The Boruta algorithm was performed in Python software via
the BorutaPy package. The key steps of the algorithm are as follows [26]:

1.  Read the original soil reflectance spectral matrix (denoted as R) and then randomly

disrupt the column order of the matrix to generate a new soil reflectance spectral

matrix (denoted as S). Following this, associate S with R according to the sample

point identifier (ID) to obtain a new feature matrix (denoted as N).

Input N into the training model to obtain the R and S importance levels (Z-score).

3.  Extract the maximum value of the Z-score in S (maxS) and record the characteristic
bands in R with a Z-score greater than maxS.

4.  Repeat step 3 for the determination and marking of the importance of the characteris-
tic bands.

N
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5. Remove the unimportant bands and repeat the above process until all the characteristic
bands have been marked.

2.3.2. Model Construction

The BPNN, GABP and RF algorithms were used to determine the relationship be-
tween the characteristic bands and soil cations contents, and the corresponding accuracy
assessments were performed. In the following, we briefly summarize each algorithm.

(1) Back Propagation Neural Network

The back propagation neural network (BPNN) model is a multilayer feed-forward net-
work trained according to the error backpropagation algorithm and consists of input layer,
hidden layer and output layer. It uses the gradient descent method and backpropagation
algorithm to iteratively adjust the weights and biases of the network until training ends
when the predicted amount is as close as possible to the actual value. The learning process
consists of two components: the forward propagation of the input signal and the backward
propagation of the error. We refer readers to the previous literature for more details [27].
The BPNN algorithm was performed in Python software via the TensorFlow package.

(2) Genetic Algorithm—-Based Back Propagation Neural Network

The genetic algorithm-based back propagation neural network (GABP) is a genetic
algorithm that optimizes the BPNN in terms of weight assignment and threshold setting.
The key concept of the algorithm is to transform the original weights and thresholds of the
BPNN into chromosomes in the genetic algorithm using real number encoding. We refer
readers to the previous literature for more details [28]. The GABP algorithm was performed
in Python software via the TensorFlow package.

(3) Random Forest

Random forest (RF) is an ensemble learning algorithm that can effectively simulate the
non-linear relationship between characteristic indicators and explanatory variables, with
the advantages of a high generalization ability and robustness, a low number of tuning
parameters and high training speed [29,30]. It generates many equal-sized new samples
from the sample itself using bootstrap sampling based on put-back random sampling. Two-
thirds of the original sample is typically selected to build the decision tree. The remaining
data are used as out-of-bag data (OOB) and are not involved in the model training; instead,
they are used to validate the decision tree. A decision tree built from numerous bootstrap
samples is then combined to improve the predictive power. Finally, the results of all
decision trees are synthesized, and the average of their predictions is used as the final
result [31]. The RF algorithm was performed in Python software via the Sklearn package.

In this study, the above high-accuracy estimation methods were applied to mapping
the contents of the soil Mg?* using the HJ-1A HSI image for the Conghua district at the
regional scale. However, the model could not be used directly on the HJ-1A HSI image
because the spectral resolution of the image is coarser than the measured spectrum of the
AvaField portable spectrometer. Therefore, to match the spectral resolution of HJ-1A HSI
data, ENVI's spectral resampling procedure was used to perform the spectral resampling of
soil spectral measurements collected using the AvaField portable spectrometer. Moreover,
these resampling spectral variables from HJ-1A HSI data were applied to map the spatial
distribution of the soil cation contents. This involved two specific steps: (1) determining
the characteristic bands using the optimal feature screening algorithm and (2) using the
most accurate estimation models identified to perform soil Mg?* spatial mapping.

2.3.3. Accuracy Metrics

The coefficient of determination (R?) and the ratio of performance to interquartile
range (RPIQ) were used to assess the performance of the estimation models. RPIQ is
defined as the ratio of IQ to RMSECV. IQ is the difference between the third quartile
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and the first quartile of the measured value. RMSECYV is the root mean square error of
cross-validation [32,33].

3. Results
3.1. Determining the Characteristic Bands for the Estimation of Soil Cation Contents
3.1.1. Characterization of Soil Spectra

The Pearson correlation coefficient between soil cation content and spectral data was
used to initially derive the spectral characteristics and sensitive bands of soil cations in
order to provide a reference for the input variables of the subsequent feature screening
algorithm (Figure 3). The correlation between FD and the content of the four soil cations is
generally significantly higher than that of other spectral transforms (SD, RL and R). The
correlation coefficient curves of the soil cations with FD and SD fluctuate sharply, while
those with R and RL are relatively smooth. The curves exhibit sharp changes around
1400 nm, 2000 nm and 2200 nm. This may be attributed to the absorption features of the
water molecule hydroxide groups occurring near 1400 nm and 2000 nm and the presence
of clay mineral absorption features near 2200 nm.

FD —SD —RL —R

(a) (b)

(c) (d)
500 1000 1500 2000 2500 500 1000 1500 2000 _ 2500

Wavelength (nm)

Figure 3. Correlation coefficients between the spectral variables and concentrations of (a) Ca?*, (b) K*,
(¢) Mg?* and (d) Na™.

3.1.2. Screening of Characteristic Bands for Soil Cations

The results of the soil spectral characterization identify FD as the most sensitive
spectral transformation to soil cations. Thus, in this study, only FD was used as the input
data of SPA and Boruta for the screening of characteristic bands (Table 2). For the SPA
algorithm, the number of bands selected for soil CaZ*, K*, Mngr and Nat was 8, 5, 5 and 6,
respectively. The characteristic bands for Ca?* were concentrated between 600 and 1100 nm
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and those for K* were mainly distributed between 450 and 900 nm. The characteristic bands
for Mg?* were more evenly distributed in the range of 500 to 2000 nm, while those for Na*
generally surpassed 1000 nm. For Boruta, the number of characteristic bands for Ca?*, K*,
Mg2+ and Na* was 23, 8, 10 and 10, respectively, exceeding the number of bands screened
by the SPA algorithm, while the distribution of the screened bands was also less consistent.

Table 2. Characteristic bands for the four soil cations based on SPA and Boruta.

Model Soil Cation Number Characteristics Bands
Ca? 8 FDgoo, FDs3s, FDgos, FD7ss, FD371, FD1973, FD1392, FDsgos
SPA K* 5 FDys5, FDgos, FD2360, FD474, FDgsy
Mg?* 5 FD1624, FD1937, FDgg4, FDs13, FD1076
Na* 6 FD1937, FD1017, FDs96, FD108s, FD2253, FDy43
Ca2* 23 FDgs1, FD1649, FD1816, FD776, FD1066, FD1321, FD1257, FDgo0, FD768, FD1656, FD1643,
FD1000, FD1784, FDgg1, FDogo, FDgs4, FD1765, FD1790, FDop3, FD1937, FDg20, FD1752, FDo74
Boruta K* 8 FD1962, FD2184, FD2190, FDs566, FDga7, FDsgo2, FDgs0, FDgs1
Mg?* 10 FD1476, FD14s2, FD1515, FD2235, FDog9, FD1128, FD1930, FD1975, FD2178, FD744
Na* 10 FD1128, FDgg9, FD1367, FDggg, FDs577, FD1309, FD1994, FD1476, FDs94, FD1930
3.2. Determining an Accurate Model for the Estimation of Soil Cation Contents
The characteristic bands (Table 2) screened by the Boruta and SPA algorithms were
used as independent variables, and the soil cation content was employed as the dependent
variable. The estimation models of soil cation content were then constructed using BPNN,
GABP and RE as shown in Figure 4. The most accurate estimation models for soil CaZt, K*,
Mger and Na* contents were determined as Boruta-RF, SPA-GABP, SPA-RF and Boruta-
RF, respectively. The predictions of soil Mg?* (R? = 0.90, RPIQ = 3.84) content were
markedly better than those of the other three elements (Ca?*: R? = 0.83, RPIQ = 2.47;
K*: R? = 0.83, RPIQ = 2.58; Na*: R? = 0.85, RPIQ = 2.63). This may be attributed to the
stronger dependence of exchangeable Mg ions in organic matter and clay, which are more
responsive in the NIR spectral range [34].
@ Boruta-BPNN SPA-BPNN Boruta-GABP SPA-GABP Boruta-RF SPA-RF
4
090 F (a) (b)
085 |
3+
g 0
= os0f
>
o o
0.75 ° 2+
o o
0.70 ®
]
1 1 1 1 I 1 1 1 1
Ca* K* Mg Na* Ca?* K* Mg** Na*
Soil cations

Figure 4. Scatterplots of the (a) coefficient of determination (R%) and (b) ratio of performance to
interquartile range (RPIQ) values from the estimation models with 10-fold cross-validation.

3.3. Regional-Scale Soil Cation Content Estimation Based on HJ-1A Data

To explore the applicability of the spatial mapping of soil cation content using HJ-1A
HSI data, the best-estimated soil cation (Mg2+) was selected for the content inversion at
the regional scale. All hyperspectral bands were first-order differentially transformed, and
the SPA algorithm was then used to filter out the characteristic bands of soil Mg?* based
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on the HJ-1A image, including FDy40.04, FD521 475 and FDggs.90. The SPA-RF model was
subsequently combined with HJ-1A HSI images to spatially map the soil Mg?* in Conghua
District, Guangzhou City (Figure 5a).
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Figure 5. (a) Spatial distribution of soil Mg2+ content and (b) accuracy validation.

Figure 5a reveals that the soil Mg?* content in the study area is mainly concentrated in
the range of 0-1 cmol/kg, with a spatial distribution that is generally “high in the center
and low in the surroundings”. In order to verify the feasibility of the SPA-RF model for the
estimation of soil Mg?* content at the regional scale, the measured and predicted values of
the soil Mg?* content in the validation samples (cyan points in Figure 2) were compared
(Figure 5b). R? and RPIQ were determined as 0.71 and 2.05, respectively, indicating a
relatively high estimation accuracy and strong ability of the model to reflect the spatial
distribution characteristics of soil Mg?* content. However, the estimation accuracy at
the regional scale is lower than that at the point scale. This may be due to the impact of
atmospheric conditions, soil surface conditions and inconsistent band ranges.

4. Discussion

Soil exchange cations are a fundamental indicator of soil quality and environmental
clean-up potential. Moreover, soil cations influence the ionic adsorption and desorp-
tion of metal elements and organic pollutants, and they have the potential to sequester
pollution. Therefore, the efficient monitoring of soil cation content is of significance for
soil management and pollution prevention and control. In this study, soil cation content
was quantitatively estimated using hyperspectral techniques by fusing feature screening
methods and machine learning modelling approaches.

Current studies relevant to the quantitative estimation of soil nutrients [35,36], soil
heavy metals [37,38] and other soil properties [32,39,40] using hyperspectral techniques are
relatively mature. However, research on soil exchangeable cations is relatively minimal. In
this study, based on the analysis of soil spectral characteristics, novel characteristic-band
screening methods (SPA and Boruta) were introduced to optimize the soil cation content
estimation model. The optimal algorithm for the characteristic-band screening of soil Ca?*
and Na* was identified as Boruta. This may be due to its ability to add randomness to
the system and collect results in a random sample set, reducing errors due to random
fluctuations and correlations [25].

Among the three estimation models (BPNN, GABP and RF), the RF model was gen-
erally more effective than the models for the majority of soil cation (Ca?*, Mg?* and Na*)
estimations. This may be due to the greater tolerance of the random forest algorithm
relative to outliers and noise. Moreover, the RF model is not prone to overfitting and can
better handle data with non-linear relationships compared to the other models [41]. In
addition, the estimation model for soil Mg?* was significantly better than that for the other
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cations. This study could serve as a reference for government departments involved in
agricultural management for soil monitoring, crop cultivation management, and so on.

Atmospheric and soil surface conditions (e.g., vegetation cover), as well as a narrow
spectral band range (459-956 nm), resulted in lower-accuracy regional-scale estimates
compared to the point scale. Therefore, these factors will be considered when conducting
future research. Furthermore, due to time and labor constraints, only 75 soil samples were
collected for developing the hyperspectral estimation models of the contents of soil cations.
Although sampling was designed according to different levels of soil characteristics and
types, the sample size was comparatively small. Hence, the 10-fold CV method [42] was
used to validate the reliability of the model. In future work, larger sample sizes will be
employed to further validate the proposed method. Additionally, based on the types of
soil, training samples and validation samples will further be divided for discussing the
representativeness of the points chosen for each type of soil. Finally, it should be pointed
out that the model here was constructed using data from a relatively short time period
and assumes that the cation is static, and its reliability needs to be validated by using data
from varying time periods. In future studies, more samples and high-quality hyperspectral
data will be collected during the non-growing period of cultivated land in order to further
validate our conclusions.

5. Conclusions

This research study proposes new approaches for the quantitative estimation of soil
cations using soil spectral variables. These new approaches combined non-linear screening
with estimation algorithms to improve the estimation accuracy of soil cation contents.
Research results showed that Boruta-RF, SPA-GABP, SPA-RF and Boruta-RF were optimal
for estimating soil Ca®*, K*, Mg?* and Na* contents, respectively, and the proposed method
for Mg?* was reliable with an R? of 0.71 and RPIQ of 2.05 at the regional scale, indicating
that these methods have the potential to effectively select the spectral characteristic bands
of soil cations, increasing the accuracy of results. In future studies, we will add more sample
data and introduce additional machine learning algorithms (e.g., XGBoost, LASSO, etc.) to
improve the estimation accuracy of soil cations.
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