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Abstract: Efficient monitoring of cultivated land quality (CLQ) plays a significant role in cultivated
land protection. Soil spectral data can reflect the state of cultivated land. However, most studies
have used crop spectral information to estimate CLQ, and there is little research on using soil
spectral data for this purpose. In this study, soil hyperspectral data were utilized for the first time to
evaluate CLQ. We obtained the optimal spectral variables from dry soil spectral data using a gradient
boosting decision tree (GBDT) algorithm combined with the variance inflation factor (VIF). Two
estimation algorithms (partial least-squares regression (PLSR) and back-propagation neural network
(BPNN)) with 10-fold cross-validation were employed to develop the relationship model between
the optimal spectral variables and CLQ. The optimal algorithms were determined by the degree
of fit (determination coefficient, R2). In order to estimate CLQ at the regional scale, HuanJing-1A
Hyperspectral Imager (HJ-1A HSI) data were transformed into dry soil spectral data using the linkage
model of original soil spectral reflectance to dry soil spectral reflectance. This study was conducted
in the Guangdong Province, China and the Conghua district within the same province. The results
showed the following: (1) the optimal spectral variables selected from the dry soil spectral variables
were 478 nm, 502 nm, 614 nm, 872 nm, 966 nm, 1007 nm, and 1796 nm. (2) The BPNN was the optimal
model, with an R2(C) of 0.71 and a normalized root mean square error (NRMSE) of 12.20%. (3) The
results showed the R2 of the regional-scale CLQ estimation based on the proposed method was 0.05
higher, and the NRMSE was 0.92% lower than that of the CLQ map obtained using the traditional
method. Additionally, the NRMSE of the regional-scale CLQ estimation base on dry soil spectral
variables from HJ-1A HSI data was 2.00% lower than that of the model base on the original HJ-1A
HSI data.

Keywords: soil spectrum; cultivated land quality; HJ-1A imagery; Guangdong

1. Introduction

Due to rapid socio-economic development and urbanization, the amount of cultivated
land in China has been decreasing. Cultivated land quality (CLQ) is an agriculture land
quality grade that represents the soil fertility and natural conditions of cultivated land [1,2].
Cultivated land quality evaluation is crucial to ensuring the sustainability of cultivated
land [3,4]. Traditional CLQ evaluations have primarily relied on field investigations and
laboratory analyses, although these methods are not well suited for real-time dynamic
monitoring of CLQ [5–7].
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With the steady growth of remote sensing, several scholars have utilized remote
sensing techniques to evaluate CLQ in recent years [8–10]. The methods can be divided
into two categories: the quasi-satellite-driven CLQ evaluation method and the satellite-
driven CLQ evaluation method. In the quasi-satellite-driven CLQ evaluation method, the
indicators were divided into two components by the traditional CLQ assessment system
(GB/T 28407-2012): some indicators were acquired from field investigations and laboratory
analyses, while others were obtained from remote sensing data. For instance, Yang et al.
(2012) obtained the soil organic matter (SOM) content and soil pH from field measurements
and developed a model to relate the information to Landsat TM5 data to establish a CLQ
evaluation method [11]. Yu et al. (2012) established a CLQ evaluation indicator system
using soil nutrient content and topsoil thickness obtained from field measurements and
MODIS data [12]. However, the other indicators in the method cannot be obtained from
remote sensing data, making rapid and timely monitoring of CLQ difficult or impossible.

In satellite-driven CLQ evaluation methods, vegetation indicators are used to estimate
CLQ. For example, Zhu et al. (2020) used the empirical Bayesian kriging (EBK) algorithm
to scale down the MODIS gross primary productivity (GPP) data of rice in different growth
periods and constructed a CLQ evaluation model based on GPP [13]. Guan et al. (2018)
established a CLQ evaluation model based on the normalized difference vegetation index
(NDVI) from Landsat data modified by grain yield data [14]. These methods focused on
the relationship between the spectral response of vegetation and CLQ, overcoming the
limitations of the quasi-satellite-driven CLQ evaluation method. However, the spectral
response of the crop affects the CLQ estimation, and different crops with different spectral
responses will result in different CLQ estimates, resulting in potentially large errors.

In contrast, soil spectral data can provide CLQ estimates unaffected by the crop
spectral response. In recent years, hyperspectral data have been increasingly used to obtain
the physical and chemical characteristics of soil [15,16]. The goal of this study is to develop
a novel method to estimate CLQ using soil spectral data [10,13]. The objectives are to
(1) determine the optimal spectral variables describing the correlation between soil spectral
data and CLQ; (2) establish a CLQ evaluation model based on the optimal spectral variables;
(3) expand the model to regional-scale CLQ estimation using HuanJing-1A Hyperspectral
Imager (HJ-1A HSI) data.

2. Materials and Methods

In this study, the soil hyperspectral technique was utilized to evaluate CLQ. The
flowchart of the method is shown in Figure 1. First, we selected the optimal spectral
variables of dry soil samples using the GBDT–VIF method. Secondly, comparing PLSR to
BPNN algorithms, the optimal algorithm was determined using the 10-fold cross-validation
method. Thirdly, HJ-1A data were transformed into spectral values of dry soil using the
linkage model. Then, the relationship model between CLQ and the spectral variables of dry
soil samples was constructed. Finally, regional-scale CLQ using HJ-1A data was estimated
based on the relationship model.
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Figure 1. The flowchart of method.

2.1. Study Area

As one of the rapidly developing urban areas in China, the CLQ in Guangdong
province often changes dramatically due to the influence of anthropogenic and environmen-
tal factors [13]. Thus, we selected Guangdong province as the study area for establishing the
CLQ estimation model (20◦09′~25◦31′ N, 109◦45′~117◦20′ E) (Figure 2a). Referring to the
Guangdong Statistical Yearbook in 2021, the area has an average of 1767 h of sunshine, an
annual average temperature of 22.8 ◦C, and annual precipitation of 1505 mm. Guangdong
Province is an important grain production area in China, with a cultivated land area of
4.28 × 104 km2. The study area for the regional-scale CLQ estimation was the Conghua
district within Guangzhou City (Figure 2b). The area of cultivated land in Conghua covers
2.05 × 102 km2.
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2.2. Data and Pre-Processing
2.2.1. Samples Data

A total of 71 topsoil (0~20 cm) samples (approximate weight of 300 g) of cultivated
land were collected in a sampling grid (50 km × 50 km) in Guangdong province (Figure 2a)
to establish the CLQ estimation model. The area of the sample plot was the same as the
spatial resolution of the HJ-1A HSI image (100 m× 100 m). The five-point sampling method
was adopted for soil collection—that is, the midpoint of the diagonal of the sample plot
was the central sampling point, and the remaining four sample points were located in the
center of the 4 quadrats of the sample plot. The GPS coordinates of the sampling plots were
obtained [17].

To remove stones and other debris, the soil samples were air-dried at an ambient
temperature for three days and sieved through a 2 mm polyethylene sieve. After that,
using an agate mortar, the soil samples were ground into fine particles. Before measuring
the soil spectral reflectance, the ground soil samples were processed through a 20-mesh
sieve (0.84 mm) to obtain a relatively homogeneous particle size and oven dried for 24 h at
105 ◦C [18].

Moreover, CLQ and spectral data from HJ-1A data at 400 sample points designed using
a stratified sampling method were collected in the Conghua district within Guangzhou
City for estimating and validating CLQ at the regional scale (Figure 2c).The samples were
randomly divided into three groups: 200 samples (black plots in Figure 2c) were used to
build a model for estimating CLQ at the regional scale, 100 samples (blue plots in Figure 2c)
were used for model testing, and another 100 samples (pink plots in Figure 2c) were used
for accuracy validation for regional CLQ estimation. In this study, the CLQ data of the
samples were obtained from the CLQ map dataset of the Department of Natural Resources
of Guangdong Province.

2.2.2. Spectral Data Acquisition and Pre-Processing

The spectral data of the soil samples were measured using an AvaField portable spec-
trometer (Avantes, Inc., Apeldoorn, The Netherlands) with a band range of 340–2511 nm
and a sampling interval of 0.6 nm. The soil samples were put in a dark room, and a
50 W halogen lamp with a 10◦ field of view was employed to simulate sunshine. The
optical probe was located about 0.15 m above the soil sample [19]. A Savitzky–Golay
filter (window size of 10) was used to smooth the spectral data to minimize noise [20,21].
Differential transformation is a common analysis method for processing soil spectral data.
It can smooth the signal intensity, reduce the effects of background noise, and improve
spectral sensitivity [20,22]. In this study, the spectral data of the dry soil were processed
using the first derivative (FD) and second derivative (SD) (Figure 3).

The HJ-1A HSI data were used to apply the CLQ estimation model to the regional
scale in the Conghua district. The image was obtained on 30 October 2017 with a 100 m
spatial resolution, and it contained 115 bands (459–956 nm). In this study, HJ-1A HSI
was pre-processed (radiometric correction, atmospheric correction, geometric correction,
and stripe noise reduction) in ENVI 5.3 software (Exelis Visual Information Solution, Inc.,
Boulder, CO, USA).

Since mixed pixels existed in HJ-1A HSI data with 100 m spatial resolution, fully
constrained least squares (FCLS) linear spectral mixture analysis was used to obtain pure
pixels (Figure 4). The equations of this method are defined as [23]:

fs =
ρm − ρv − σ

ρs − ρv
(1)

where fs is the abundances of the soil endmembers, ρv is the pure vegetation pixels re-
flectance values, ρs is the pure soil pixels reflectance values, ρm is the mixed pixels re-
flectance values, and σ is used to constrain mixed pixels.
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2.3. Methods
2.3.1. Selecting the Optimal Spectral Variables of Dry Soil

One of the most important steps in the development of the soil hyperspectral esti-
mation method of CLQ was the determination of the optimal spectral variables. In this
study, the feature importance ( Îj) of spectral variables obtained using the gradient boosting
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decision tree (GBDT), combined with the variance inflation factor (VIF), was used to select
the spectral variables of dry soil. The formula of ( Îj) is written as [24,25]:

Îj =
1
M

M

∑
m=1

Ij(Tm) (2)

where Ij(Tm) is the feature importance of the spectral variables in a single tree, M is the
number of trees, and T denotes the spectral variables. Ij(Tm) is calculated by loss reduction
after splitting, expressed as:

Ij(T) =
L−1

∑
i=1

it(vt = j) (3)

where L is the number of leaf nodes, L− 1 is the number of non-leaf nodes, vt is the feature
associated with node t, and it is the square of the loss value after node splitting. In this
study, we selected the spectral variables with Îj > 0.003.

In order to reduce the collinearity, the variance inflation factor (VIF) was used for
further selection of optimal spectral variables, and the spectral variables with a VIF within
ten will be retained [26].

2.3.2. Determining the Optimal Algorithm for Estimating CLQ

In this study, a linear algorithm (partial least-squares regression (PLSR)) and a non-
linear algorithm (back-propagation neural network (BPNN)) were used to construct CLQ
estimation model.

PLSR is an algorithm proposed by Herman Wold that is used for multivariate anal-
ysis [27]. This algorithm has been widely used in the field of science and has achieved
favorable results because it can describe a relationship if the size of predictors is far larger
than that of the training samples [28]. PLSR was used to establish a linear relationship
model between the optimal soil spectral variables and CLQ. The PLSR is expressed as:

Y = Xβ + ε (4)

where Y is the normalized dependent variable (value of CLQ), X is the normalized inde-
pendent variable (optimal soil spectral variables), β is the coefficient matrix, and ε is the
residual matrix.

The BPNN algorithm was applied to describe the nonlinear relationship between
the optimal soil spectral variables and CLQ. The algorithm consists of a multi-layer feed-
forward network trained by an error back-propagation algorithm [29,30]. The steepest
descent method in the BPNN is used to adjust the weights, and the back-propagation
algorithm is utilized to minimize the error of the network [31,32]. The BPNN includes three
parts: input layer, hidden layer, and output layer. The transfer function from the input
layer to the hidden layer can be expressed as:

Oj = fi
(
∑(ωjiOi + θj

)
(5)

where Oi is the value of the optimal soil spectral variables; Oj is the hidden layer informa-
tion; ωji is the weight of the input layer to the hidden layer; fi is the transfer function from
the input layer to the hidden layer (the Trainlm function is selected in this study); θj is the
hidden layer threshold.

The transfer function from the hidden layer to the output layer is written as:

Ok = fi

(
∑(ωkjOj + θk

)
(6)

where Ok is the predicted value of CLQ; fi is the transfer function from the hidden layer
to the output layer (the Purelin function is selected in this study); ωkj is the weight of the
hidden layer to the output layer; θk is the threshold of the output layer.
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To lower the mean square error (MSE) between the predicted and measured values,
the Levenberg–Marquardt algorithm was employed to alter the connection weight from
the output layer to the input layer. The MSE is expressed as:

MSE =
1
N ∑(O−Ok)

2 (7)

where O is the measured value of CLQ, Ok is the predicted value of CLQ, and N is the
number of training samples.

In this study, the determination coefficient (R2, Equation (8)), the normalized root
mean square error (NRMSE, Equation (9)), and concordance correlation coefficient (CCC,
Equation (10)) were used to assess the performance of the CLQ estimation models. The
equations are calculated as [33,34]:

R2 =
∑N

i=1(yi − yi)
2

∑N
i=1(ŷi − yi)

2 (8)

NRMSE =

√
1
N ∑N

i=1(yi − ŷi)
2

y
(9)

CCC =
2 1

N ∑N
i=1(yi − yi)

(
ŷi − ŷi

)
1
N ∑N

I=1(yi − yi)
2 + 1

N ∑N
I=1
(
ŷi − ŷi

)2
+
(
yi − ŷi

)2 (10)

where yi is the measured CLQ, ŷi is the predicted CLQ, yi is the average value of the
measured CLQ, ŷi is the average value of the predicted CLQ, and N is the number of
the samples.

2.3.3. Regional-Scale CLQ Estimation from HJ-1A HSI Data

The optimal CLQ estimation algorithm was applied to estimate the CLQ at the re-
gional scale in the Conghua district using the HJ-1A HSI image. Due to limitations in the
wavelength range (459–956 nm) of the HJ-1A imagery, only the optimal spectral variables
in this wavelength range were selected to estimate CLQ. Moreover, due to the effects of
soil moisture, the spectral variables obtained from the HJ-1A HSI image reflected soil infor-
mation that differed from the measured dry soil spectral data obtained from the AvaField
portable spectrometer [35]. Therefore, a linkage model was adopted to transform the
spectral variables obtained from the HJ-1A HSI data into dry soil spectral variables. The
linkage model is expressed as [36]:

DSSR = OSSR× a× ebx (11)

where DSSR is the dry soil spectral reflectance from HJ-1A HSI data, OSSR is the spectral
reflectance obtained from the HJ-1A imagery, x is the soil moisture content obtained from
the soil moisture active passive (SMAP) satellite mission data acquired on 30 October 2017,
and a and b represent model coefficients [36].

After the selection of the optimal variables, the model-based optimal algorithm was
revised to estimate CLQ.

3. Results
3.1. The Selected Optimal Dry Soil Spectral Variables for CLQ Estimation

The GBDT algorithm was used to select the optimal spectral variables for estimating
CLQ. The feature importance (FI) of the soil spectral variables is shown in Figure 5. Twenty
spectral variables were selected (FI > 0.003). Then, the VIF was used to eliminate the
collinearity of the above selected spectral variables and the optimal spectral variables
(X1:FD478, X2:FD872, X3:FD966, X4:FD1796, X5:SD502, X6:SD614, and X7:SD1007) were
obtained, as shown in Table 1.
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Table 1. The optimal spectral variables.

Optimal Spectral Sunke Variables X1 X2 X3 X4 X5 X6 X7

FI 0.0200 0.0590 0.1442 0.0031 0.0387 0.0447 0.0721
VIF 8.139 3.569 9.445 3.753 3.256 2.921 5.282

3.2. The Optimal Algorithm for Evaluating CLQ

The PLSR and BPNN algorithms were used to construct a relationship model between
the optimal spectral variables of dry soil and CLQ. The 71 dry soil samples (black plots
in Figure 2a) corresponding to the optimal spectral variables (Table 1) were used as the
independent variable, and the value of CLQ was the dependent variable. A 10-fold cross-
validation was used to evaluate the performance of the CLQ estimation model. Comparing
the PLSR and BPNN, the BPNN model exhibited better performance in cross-validation than
the PLSR, with R2(C) of 0.71 (R2

CV of 0.67), CCC of 0.79, and NRMSEC of 11.20% (NRMSECV
of 12.10%). The R2(C) of the PLSR model was 0.33 lower, and the NRMSEC was 6.73% higher
than that of the BPNN (Table 2). The points of the BPNN model in the scatterplot were closer
to the 1:1 line than that of the PLSR (Figure 6). The result indicated a nonlinear relationship
between the optimal spectral variables of dry soil and the value of CLQ.

Table 2. Accuracy assessment of estimated CLQ.

Model R2(C) 1 CCC 2 NRMSEC 3 R2
CV

4 NRMSECV 5

PLSR 0.38 0.55 17.93% 0.35 18.41%
BPNN 0.71 0.79 11.20% 0.67 12.10%

1 determination coefficient of calibration; 2 concordance correlation coefficient; 3 normalized root mean square
error of calibration; 4 determination coefficient of cross-validation; 5 normalized root mean square error of
cross-validation.
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3.3. Regional-Scale CLQ Estimation Based on HJ-1A Data

Given the optimal spectral variables and the band range (459–956 nm) of the HJ-1A
HSI data, we finally chose four optimal spectral variables (X1:FD477, X2:FD870, X5:SD503,
and X6:SD612) to estimate CLQ. According to Equation (11), the four optimal spectral
variables obtained from the HJ-1A HSI data were transformed into the dry soil spectral
variables, as shown in Figure 7.
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Figure 7. The optimal spectral variables for regional-scale CLQ estimation: (a–d) the spectral variables
obtained from HJ-1A HSI data; (e–h) the dry soil spectral variables transformed from HJ-1A HSI data.

Based on the four dry soil spectral variables transformed above and CLQ in the
Conghua district, the BPNN model was reconstructed to estimate CLQ. We used the value
of CLQ from 200 training sample points (black plots in Figure 2c) as the dependent variable
and the corresponding dry soil spectral variables from the HJ-1A HSI data as independent
variables. Figure 8a presents the modeling accuracy of the estimation model, with R2 and
NRMSE values of 0.69 and 11.82%, respectively. We used 100 test samples (blue plots in
Figure 2c) to validate the model. The R2 of the model was 0.66, and the NRMSE was 12.20%;
the majority of the points in the scatterplot were close to the 1:1 line (Figure 8b), indicating
the reliability of the model.
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The result of the regional-scale CLQ estimation is presented in Figure 9a. Most of the
CLQ values in the study area are between 2700 and 3100. The CLQ values are greater in the
north of the study area and lower in the south, which is similar to the trend of the CLQ
map obtained using the traditional CLQ assessment method (Figure 9b). 100 sample points
(pink point in Figure 2c) were used to calculate the accuracy metrics (R2 and NRMSE), as
shown in Figure 10. The results showed that the R2 of the regional-scale CLQ estimation
was 0.05 higher, and the NRMSE was 0.92% lower than that of the CLQ map obtained using
the traditional CLQ assessment method. Moreover, we compared CLQ estimates using
original HJ-1A HSI spectral variables to dry soil spectral variables from HJ-1A HSI data,
and the results (Figure 10) showed that the R2 was 0.11 lower and the NRMSE was 2.00%
higher for the original HJ-1A HSI spectral variables than the dry soil spectral variables
from HJ-1A HSI data. Most of the points in the scatterplot were close to the 1:1 line. The
results indicate that the proposed approach has potential for CLQ evaluation.
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Figure 10. The measured versus estimated CLQ value (a) based on the proposed method; (b) based
on the traditional method; (c) using the original HJ-1A HSI spectral variables.

4. Discussion

CLQ evaluation is crucial for national food security and social stability. Since ground-
based CLQ evaluations are time-consuming and costly, several scholars have used remote
sensing-based methods. Previous studies focused on crop spectral information to estimate
CLQ, however, the results are affected by the crop’s spectral response [7,13]. This study
is the first attempt to evaluate CLQ using soil spectral data to reduce the influence of the
crop’s spectral information.



Agriculture 2022, 12, 93 11 of 13

The optimal spectral variables (FD478, FD872, FD966, FD1796, SD502, SD614, and
SD1007) were selected using the GBDT algorithm and VIF. It was found that some optimal
variables (e.g., FD478, FD872, and FD966) were consistent with those of soil nutrients (e.g.,
FD405–FD483, FD840, FD890, and FD967–FD1031), reflecting CLQ in previous studies [37,38]
and indicating that the optimal variables of the dry soil were reliable.

In this study, a linear algorithm (PLSR) and a nonlinear algorithm (BPNN) were used
to establish the CLQ estimation model. The BPNN model performed better than the PLSR
model, and its R2 was 0.33 higher than that of the PLSR model. This result suggested a
nonlinear relationship between the CLQ and the spectral variables, which agrees with
previous studies [7].

Previous studies mostly used remote sensing images (e.g., MODIS images) to construct
the CLQ estimation model [13]. We developed a CLQ estimation model based on measured
dry soil spectral data using an AvaField portable spectrometer. However, the spectral
variables from the HJ-1A HSI data were different from the spectral variables from the
measured dry soil spectral data. Thus, a linkage model was used to transform the spectral
variables obtained from the HJ-1A HSI data into spectral variables corresponding to dry
soil to estimate CLQ at the regional scale using the HJ-1A HSI image.

The accuracy of the CLQ estimation was higher when using the dry soil spectral variable
than the original image data, indicating the effectiveness of the linkage model. Compared with
previous studies (R2 from 0.59 to 0.69) based on vegetation indicators [7,10,13], the accuracy
of CLQ estimation was improved with R2 of 0.71, indicating that the proposed method has
potential for estimating CLQ. In addition, the R2 of the regional-scale modeling was lower
(R2 = 0.69) than that of the model using the dry soil spectral variables obtained from the
measured spectral data (R2 = 0.71). The reason is the limitation in the wavelength range (459
to 956 nm) of the optimal spectral variables for estimating CLQ at the regional scale.

5. Conclusions

In this study, soil spectral data were used for the first time to estimate CLQ. This study
was conducted in the Guangdong province and Conghua district within the province and
led to the following conclusions: the GBDT combined with the VIF accurately selected
the optimal spectral variables of the dry soil. The nonlinear model performed better than
the linear model for estimating CLQ, indicating a nonlinear relationship between the soil
spectral data and CLQ. The use of the dry soil spectral variables from the HJ-1A HSI data
resulted in a 2.00% lower NRMSE than the use of the original HJ-1A HSI data. The result
indicated that the proposed approach could more accurately estimate CLQ than other
methods based on original imagery data.

In this study, a relatively small sample size (71 dry soil samples) was used to construct
and validate the estimation models. However, the dry soil samples were used to determine
the optimal spectral variables and optimal algorithm rather than performing spatial CLQ
estimation. Thus, the sample size was statistically acceptable. In the next study, a larger
sample size will be used for establishing and validating the estimation methods. Moreover,
field measured hyperspectral data will be introduced, and the linkage model in conjunction
with hyperspectral data in the laboratory, field measured hyperspectral data, and remote
sensing imagery will be applied to improve CLQ estimation accuracy.

We used the BPNN model to estimate CLQ, however, the initial parameters of the
BPNN model are uncertain (such as the number of neuron nodes). An incorrect parameter
setting may lead to overfitting or underfitting of the model, potentially affecting the model’s
accuracy. Therefore, we will add parameter optimization algorithms (such as the particle
swarm optimization algorithm) to improve the efficiency and stability of the BPNN model
in the next stage of the study.
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