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ARTICLE INFO ABSTRACT

Handling Editor: Budiman Minasny Soil organic matter (SOM) concentration is an important factor affecting soil quality, and rapid and wide-scale
monitoring of SOM concentration is a key step toward sustainable agriculture. Hyperspectral technology is
widely used in soil composition monitoring, due to its rich spectral information. The complex imaging envi-
ronment of hyperspectral imagery and the mixed pixel problem have led to the current applications of soil
condition estimation mostly using data-driven methods. However, the estimation process based on data-driven
methods cannot be explained by radiative transfer theory. Therefore, in this paper, a semi-empirical soil
multi-factor radiative transfer (SESMRT) model combining a soil radiative transfer model and data-driven model
is proposed for SOM estimation based on hyperspectral imagery. The radiative transfer model in the SESMRT
model fully considers the soil components, such as SOM, soil moisture, soil iron oxides, and particle size dis-
tribution, and achieves high-precision simulation of soil spectra by resolving the mechanism of the influence of
soil components on spectra. The SOM spectra calculated by the radiative transfer model are then used to estimate
the SOM concentration based on a data-driven model. The SOM spectra eliminate the interference of other
factors in the spectrum and significantly enhance the correlation between the spectrum and SOM. Thus, the SOM
concentration can be estimated with a high degree of accuracy (R? = 0.660 + 0.034, RMSE = 3.923 + 0.236,
RPIQ = 2.003 =+ 0.118 for GF5 and R? = 0.685 + 0.030, RMSE = 3.543 + 0.311, RPIQ = 2.309 + 0.207 for
HyMap). Finally, the comparison of the estimated results for 2017 and 2019 shows that the SOM concentration of
the cultivated soils in the study area increased, while the opposite is observed for the soils around the mining
areas.
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1. Introduction Most of the soil composition estimation methods based on hyper-

spectral data adopt data-driven models, and the concentration estima-

Soil is the key to food security, and soil quality directly affects the
yield and quality of food production, especially the quality of cultivated
soil (Lal 2004). Thus, rapid and extensive monitoring of soil organic
matter (SOM) concentration in cultivated land is essential for food
production security (Chen et al. 2022). Hyperspectral technology is
widely used in soil composition estimation due to its rich spectral in-
formation (Gomez et al. 2012). With the release of hyperspectral images
from a series of satellites and airborne platforms, how to estimate soil
composition efficiently and accurately has become the focus of current
research (Tian et al. 2013).

tion is achieved by deeply mining the relationship between the spectra
and soil composition through machine learning methods. The process of
data-driven modeling can be divided into three parts: 1) spectral pre-
processing; 2) feature selection; and 3) construction of a regression
model. The spectral preprocessing includes filter noise removal (Tian
et al. 2013), continuum removal (Bao et al. 2020), and spectral math-
ematical operation (Wang et al. 2018, Meng et al. 2021), which is aimed
at reducing the spectral noise and improving the correlation between the
spectra and soil components. Feature selection is aimed at reducing the
redundancy of the spectral information and providing valid spectral data
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for constructing regression models. The Pearson correlation coefficient
(PCQC) (Yang et al. 2022), competitive adaptive reweighted sampling
(CARS) (Guo et al. 2021), and meta heuristic (MH) optimization algo-
rithms (Sun et al. 2022) are often used for spectral feature selection.
Constructing the regression model, which is a key step in the data-driven
models, establishes the relationship between the spectral data and soil
composition by learning the distribution of the spectral feature data. Soil
composition estimation mostly involves the use of machine learning
models, including partial least squares regression (PLSR) (Selige et al.
2006, Nanni et al. 2021), ensemble learning (EL) (Meng et al. 2021),
support vector regression (SVR) (Guo et al. 2021), and deep neural
networks (DNNs) (Ou et al. 2021) and convolutional neural networks
(CNNs) (Wang et al. 2022). Although the data-driven models for soil
parameter estimation based on hyperspectral imagery can achieve a
good estimation accuracy, they cannot further explain the mechanism of
the spectral features.

Soil radiative transfer models cannot easily describe the radiative
transfer process accurately because of the complex and dense compo-
sition of the soil, and the low transmittance. Therefore, soil radiative
transfer models tend to describe the main soil influencing factors. The
main influencing factors of soil spectra include the soil-forming matrix
(Dematte and da Silva Terra 2014), particle size distribution (PSD)
(Janik et al. 2020), soil moisture (Zhang et al. 2020, Koch et al. 2021),
SOM (Liu et al. 2018, Wang et al. 2020), soil iron oxides, and mea-
surement conditions. The current research on soil radiative transfer
models mainly focuses on three factors: 1) PSD; 2) soil moisture; and 3)
SOM. Soil radiative transfer models can be broadly divided into three
categories: 1) beam tracing (BT) models; 2) bidirectional reflection
distribution function (BRDF) radiative transfer models; and 3) the multi-
flux radiative transfer (MFRT) model. The BT models involve describing
the reflection and refraction of optical radiation between the air and the
soil medium, and the absorption inside the soil with Fresnel equations
and Snell’s law. Bablet et al. (2018) proposed the multilayer radiative
transfer model of soil reflectance (MARMIT) based on the BT model,
which considers wet soil as a combination of aqueous film and dry soil,
and represents the radiative transfer process of wet soil by describing the
refraction and scattering of light between water and the soil medium.
Dupiau et al. (2022) proposed the MARMIT-2 model to address the
problem of the large differences between the model assumptions and
reality in the original MARMIT model. The MARMIT-2 model considers
the mixing state of soil particles in the water layer and improves the
previous water refractivity to mixed reflectivity, which is more consis-
tent with the actual situation of soil radiative transfer. Sadeghi et al.
(2018) described the effect of soil particle size on soil spectra using the
BT model and extended the model from single particles to natural soils
by an integral form (Norouzi et al. 2021). The BRDF model describes the
distribution of incident and reflected light in hemispheric space. The
Hapke model is the most widely used BRDF radiative transfer model for
soil composition estimation, which decomposes the total radiance into
the sum of single-scattering radiance and multiple-scattering radiance
under the assumption of anisotropy. Based on the Hapke model, Jac-
quemoud et al. (1992) proposed the SOILSPECT model for the soil
radiative transfer process, replacing the phase function in the Hapke
model with the Legendre polynomial approximation of the phase func-
tion to explain the backward and forward scattering from the soil. Liang
and Townshend (1996) divided the total radiance into single-scattering
radiance, double-scattering radiance, and multiple-scattering radiance.
The experimental results showed that the improved model significantly
improves the calculation accuracy of the bidirectional reflectance. Ding
et al. (2022) derived the relationship between single-scattering albedo
and wavelength based on the Hapke model and proposed the Hapke-
HSR model. The light soil spectra with different moisture concentra-
tions were then simulated by the brightness shape moisture (BSM)
model. The MFRT model ignores the multiple reflections and scatterings
of optical radiation between media, and only considers the multi-
directional fluxes of light entering the media and after absorption by
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the media, which greatly simplifies the difficulty of solving the radiative
transfer model. The Kubelka-Munk (KM) model, which is a two-flux
radiative transfer model with only downward and upward fluxes, is
widely used for soil composition estimation. Sadeghi et al. (2015) con-
structed a soil moisture estimation model based on the KM model, in
which the absorption and scattering coefficients of the soil are decom-
posed into the concentration weights of the absorption and scattering
coefficients of dry soil, soil air, and soil moisture. The soil moisture
concentration is then solved through the spectral reflectance of dry soil
and moisture-saturated soil by explicitly using the model formulation.
Ou et al. (2022) derived the soil thickness equation using the KM model,
calculated the scattering coefficients of soil from soil spectra at different
thicknesses, and implemented SOM estimation according to the scat-
tering coefficients.

However, limited by the strict theoretical derivation of the soil
radiative transfer models, recent research has focused on indoor
controlled-variable experiments. Furthermore, hyperspectral imagery
spectra are different from indoor spectra due to the complex imaging
environment and the mixed pixel elements, which makes it difficult to
extend the soil radiative transfer models to hyperspectral imagery. In
this study, in order to enhance the correlation between the spectrum and
SOM and to extend the radiative transfer model to hyperspectral imag-
ery, the semi-empirical soil multi-factor radiative transfer (SESMRT)
model is proposed to estimate SOM concentration. The main contribu-
tions of this paper are as follows:

1) A new semi-empirical soil multi-factor radiative transfer model
consisting of a soil radiative transfer model and a data-driven model for
SOM estimation based on hyperspectral imagery has been investigated.

2) The SESMRT model describes the soil radiative transfer process by
considering the main factors affecting the spectra and simulates the
imaging spectra with a high degree of accuracy. The accurate radiative
transfer model provides theoretical support for the subsequent SOM
estimation.

3) SOM spectra are calculated based on the soil radiative transfer
model, which removes the interference of the remaining soil factors and
enhances the correlation between the spectrum and SOM.

4) The SESMRT model utilizes a data-driven model to achieve a wide
range of SOM concentration estimation through SOM spectra based on
hyperspectral images from two different platforms.

2. Method

The SESMRT model describes the radiative transfer process of each
soil factor through the soil radiative transfer (RT) model, analyzes the
influencing mechanism on the spectrum, and extracts the SOM spec-
trum, which reduces the influence of other factors on the hyperspectral
imagery spectrum, and finally achieves SOM estimation by combining
with the data-driven model.

2.1. Calculation of SOM concentration based on the RT model

As shown in Fig. 1, the RT model is based on KM theory, which ig-
nores the complex reflection and refraction and only considers the fluxes
in the upper and lower directions (Ciani et al. 2005) to describe the soil
radiative transfer process.

Although KM theory simplifies the soil radiative transfer process, its
conclusions are derived strictly from the radiative transfer equation,
which means that it has excellent physical meaning (Vargas and
Niklasson 1997). As the soil thickness increases, the soil transmittance
gradually becomes 0, and the soil reflectance can be solved by Eq. (1)
(Christy et al. 1995):

Ksoir (Ksmi) : Ksoir
R = 14500 [(200) o Zset )
SS{)i[ SSr)i[ SSaiI

where R, is the soil reflectance; and Kg,; (mm™1) and Ssoil (mm™) are
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Fig. 1. Schematic representation of the radiation transmission process of the RT model.

the absorption and scattering coefficients of soil, respectively.

The absorption and scattering coefficients of mixed substances in KM
theory are usually considered as the proportional weighted sum of the
absorption and scattering coefficients of each substance. Thus, as shown
in Egs. (2) and (3), the soil absorption and scattering coefficients can be
expressed by the proportional weighted sum of the absorption and
scattering coefficients of the SOM, soil moisture, soil iron oxides, and
soil particles characterizing the soil-forming parent material (Sadeghi
et al. 2015).

Koit = Kpar (1 —mMgom —Msio — Maggisiure ) + KsomMsom +Ksiomsio +Kuoisture Mtoisuure

(2)

Ssoit = Spar(1 — Msom — Ms10 — Moisture) + SsomMsom ~+Ss10Ms10 + Soisture Mtoisture

3

where Kpg (mm™Y), Spy (mm™Y), Ksom (mm™), Ssom (mm™b), Ksio
(mm™Y), Ssio (mm ™), Kuoisure (mm 1), and Suisure (mm ") represent
the absorption and scattering coefficient of soil particles, SOM, soil iron
oxides, and soil moisture, respectively. mgom (%), mgsio (%) and Myoisture
(%) represent the concentration of SOM, soil iron oxides, and soil
moisture, respectively.

The absorption and scattering coefficients of soil particles Kpqr and
Spar are calculated by accumulating the reflectance r and transmittance t
of single particles. According to Egs. (4)-(8), the reflectance r and
transmittance t of a single particle are obtained by converting the
reflectance and transmittance of a flat plate using Beer-Lambert law,
where the reflectance rpy, and transmittance tpg, of the flat plate are
calculated by accumulating the reflection, absorption, and transmission
of the light beams in different media several times (Tuckerman 1947).

1—p)pr?
o = p+ (1= p)’pe + (1= p)’p’7* + - :“(1—% “
2 223 (1 —P)ZT
tr = (1 = p)t+ (1 —p)p°z +"':177p212 %)
7= exp( — ko) (6)
1-p) — 2k
r—p (L= p) pexp(— 2kg) e

1 — p2exp( — 2kg)

(1= p)ewp(— ky)
"= pexp(— 2kp) ®

where p and 7 represent the reflectivity and transmissivity of the light
beam between two media; and k and ¢ are the linear absorption coef-
ficient and length of the beam light inside the soil layer, respectively.
According to the conclusions of Sadeghi et al. (2018), ¢ can be
approximated as being equal to the particle size d(mm). Since there are
soil particles of different particle sizes in the soil, the total reflectance r*
and transmittance t* of soil particles can be obtained by accumulating
the ratios of the different particle sizes.

r = "r(p,k,d)Pi )

{= ij(p, k,d;)P; (10)

where P; is the probability of particle size d;. Therefore, the absorption
and scattering coefficients of soil particles Kp, and Sp, are calculated as
the absorption and scattering at a single level multiplied by the number
of levels per unit depth N (Banninger and Fluhler 2004).

Kpor = N*(1 =1 —1") 11

Spar = N*r° 12)

Detailed soil PSD data are difficult to obtain for hyperspectral im-
agery applications, so soil texture data are used instead, and the average
values of the clay, silt, and sand particle size ranges are used as the
particle size d.

Fresnel reflections, caused by different media of soil and moisture,
are often considered in the soil with soil moisture (Sadeghi et al. 2015),
although they have weak influence on the reflectance.

2

Ny — Ny

Rrresnet = Moisture 13)
n, +ng

where n,, and n, are the mean refractive index of water and air,
respectively. Thus, the infinite reflectance of soil (Rs) can be repre-
sented as:
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Since the soil multi-factor radiative transfer model assumes a
consistent soil-forming parent material, soil samples need to be classi-
fied and then solved for SOM concentration based on each category in
hyperspectral imagery applications.

The parameters including soil particle coefficients (p and k), ab-
sorption coefficients (Ksom, Ksio and Kpjoisrure) and scattering coefficients
(Ssom> Ssio and Sypisture) are obtained by genetic algorithm (GA) algo-
rithm. The samples are randomly divided into a training set and a testing
set in a ratio of 2:1, where the training set is used to obtain the model
parameters and the testing set is used to verify the accuracy of SOM
concentration simulated by RT model. The soil moisture varies rapidly
due to rainfall and evaporation, so the soil moisture (mMppiswre) CONcen-
tration is obtained by estimation of the KM model index. Soil iron oxide
is relatively stable in the soil and the concentration (mgjo) of each pixel
in the hyperspectral image is obtained by interpolation using the sam-
pling point assay data. Soil texture data is derived from published soil
texture results (Liu et al. 2020).

2.2. Estimation of SOM concentration based on the SESMRT model

The SESMRT model is proposed in order to tackle the issue that the
soil multi-factor radiative transfer model could not be applied on a large
scale due to its assumptions. The SESMRT model reduces the interfer-
ence of spectral features by calculating SOM spectra.

Due to the low spatial resolution of hyperspectral remote sensing
images, the proportion of Fresnel reflections caused by soil moisture is
very weak in each pixel. Meanwhile, as the SESMRT model is different
from the RT model which requires a strict derivation formula, the
Fresnel reflections caused by soil moisture are ignored in the SESMRT
model, and only the absorption and scattering effects of soil moisture are
considered to reduce the complexity and improve the robustness of the
model. Thus, the soil reflectance can be solved by Eq. (1).

The soil spectra with SOM removals Rgyj_no_som are solved through
the model parameters using Egs. (19)-(21), where the absorption coef-
ficient Kgoi1_no_som and scattering coefficient Sgoy_n0_som are calculated by
removing the SOM factor.
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Eventually, as shown in Eq. (22), the SOM spectra R, is determined
by subtracting the soil spectra with SOM removals from the original
spectra.

RSmn = RMea.\ure - RSuiLnrJ,Som (22)

Since the SOM concentration, which is the focus of the estimation
application in this study, is an unknown factor, the SOM spectra cannot
be calculated accurately in a large-scale application by Egs. (19)—(21).
To solve this problem, the absorption coefficient Kg,y_no_som and scat-
tering coefficient Sg,i_no_som are calculated using Egs. (23) and (24).
Although the SOM concentration is transferred to the soil particles, it has
less effect on the calculation of SOM spectra because the SOM percent-
age in soil is small, accounting for only about 3%, and the subsequent
comparison results also show the small difference between the SOM
spectra calculated in the two different ways.

Ksoit_no_som = KPar(l — Msio — mMui.vmre) + Ksiomsio + Kyoisture Mtoisture (23)

Ssoit_no_som = Spar(1 — Msio0 — Magoisture) + SsioMsio + Shoisture Mitoisture 24)

Since some spectral information in SOM spectra is redundant and
affects the accuracy of SOM estimation, the CARS algorithm is used for
feature selection with the SOM spectra. Finally, the SVR regression al-
gorithm is used for SOM concentration estimation, based on the selected
spectral features. The SESMRT model parameters are solved in a similar
way to the RT model, where the adaptation function of the GA algorithm
in the SESMRT model is the RMSE of the real sample spectra and the
model simulated spectra.

2.3. Evaluation methods

To evaluate the performance of the SESMRT model for SOM esti-
mation based on hyperspectral imagery, as shown in Egs. (25)-(28), the
coefficient of determination (R?), the root-mean-square error (RMSE),
the mean absolute error (MAE), the residual prediction deviation (RPD)
and the ratio of prediction performance to interquartile range (RPIQ) are
introduced in this paper (Nocita et al. 2013, Chakraborty et al. 2017, Ou
et al. 2021):

n ~\2
RP—1— Zin:](yi - )j)z (25)
Y i =Y)
n ~\2
RMSE — 22201 =3) (i" -9 (26)
__ 1o
RPIQ = RMSE (28)

where y; is the measured value, y; is the predicted value, y is the average
of the measured value, n is the number of samples, and IQ is the inter-
quartile distance.
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3. Experimental data
3.1. Study area and soil composition measurement

The study area is located in Yitong Manchu Autonomous County,
Jilin province, China, where the soil type is dominated by black soil, and
the area is an important grain production base in China (Fig. 2). There
are two gold mines in the study area, and the mining has led to serious
contamination of the cultivated soils, especially those around the mining
areas.

To validate the performance of the SESMRT model for SOM esti-
mation and to analyze the variation of SOM concentration in the study
area, 87 soil samples from the same locations were collected in 2017 and
2019, respectively. The soil samples were used to measure the concen-
tration of SOM and soil iron oxides after air-drying, grinding, and
sieving.

The SOM and soil iron oxide concentration were determined by the
potassium dichromate method and inductively coupled plasma-mass
spectrometry (ICP-MS), respectively. As shown in Table 1, the mean
SOM concentration for 2019 is 22.3 g/kg, which represents a significant
decrease compared with that in 2017 (30.8 g/kg).

Because iron oxides are relatively stable in the soil and the iron oxide
concentration is mainly influenced by the soil-forming parent material,
the kriging interpolation result for the soil iron oxides based on the 2019
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Table 1
Analysis and statistics of the SOM and soil iron oxide concentration (g/kg).
Mean Max Min Sd.
SOM (2017) 30.8 49.8 14.7 6.2
SOM (2019) 22.3 38.9 5.0 6.8
Soil iron oxide 23.9 36.7 14.0 4.3

chemical results was used in the GF5 and HyMap hyperspectral imagery
application.

3.2. Hyperspectral imagery

The GF5 hyperspectral imagery was acquired on 1 February 2019 by
the Visible-shortwave Infrared Advanced Hyperspectral Imager (AHSI)
on board the GF-5 satellite (Fig. 3a). The technical parameters of the
AHSI sensor are listed in Table 2.

The calibration coefficients proposed by Niu et al. (2022) were used
for the radiometric calibration, and the FLAASH model was used for the
atmospheric correction. Finally, the GF5 hyperspectral imagery had 290
bands after removing the water vapor bands.

The HyMap hyperspectral imagery was acquired in early May 2017
by the HyMap-C airborne hyperspectral imaging spectrometer with a
wavelength range of 450 nm to 2500 nm (Fig. 4a). Table 3 lists the
technical parameters of the HyMap-C sensor.
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Fig. 3. A. 3d diagram of the gf5 hyperspectral imagery. b. soil information extracted from the gf5 hyperspectral imagery.

Table 2
Parameters of the GF5 AHSI sensor.
Technical indicator Parameter
Spectral range 400-2500 nm
Spectral resolution 5 nm @ 400-1000 nm
10 nm @ 1000-2500 nm
Spatial resolution 30m
Swath width 60 km
Satellite orbit Sun-synchronous regressive orbit
Return period 51 days

The data acquisition time was from 11:00 to 15:00 to meet the solar
altitude angle requirement. The altitude of the flight was 1800 m, and
the spatial resolution was 4.5 m after geometric correction. The final
image is a stitching of nine strips captured on the same day, and BRDF
correction was processed using the HyMap-C sensor companion soft-
ware (LevlGUI). The LevlGUI software uses a polynomial fitting algo-
rithm to assess the pixel brightness across a scene and normalizes the
values based on geometry of flight data to eliminate the significant
radiometric differences between the different strips. The parameters
acquired by an integrating sphere were used for the radiometric cali-
bration, and atmospheric correction was performed using the

43°18'0"N

43°15'0"N

0 8
-—— KM

Fig. 4. A. 3d diagram of the hymap hyperspectral imagery. b. soil information extracted from the hymap hyperspectral imagery.
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Table 3

Parameters of the HyMap-C sensor.
Technical indicator Parameter
Spectral range 450-2500 nm

Spectral resolution 15 nm @ 450-905 nm, 880-1440 nm
18 nm @ 1400-1960 nm, 1950-2500 nm

Spatial resolution 4.5 m (the altitude of the flight is 1800 m)

Field of view 60°

Radiometric accuracy 95%

Signal noise ratio VNIR: 1000:1
SWIR: 600:1

Working temperature —10 to 40°C

MODTRAN4 atmospheric radiative transfer model, based on the atmo-
spheric condition data. Finally, the HyMap hyperspectral imagery had
101 bands after removing the water vapor bands.

In the study area, the ground objects are generally classified into bare
soil, vegetation, buildings, and water, and the soil information was
extracted by the support vector machine (SVM) classification method
(Fig. 3b and Fig. 4b).

3.3. Soil moisture estimation results

Soil moisture laboratory data do not accurately describe the effect of
soil moisture on the spectrum as the concentration is unstable due to
rainfall, artificial watering, and other factors. In this study, the soil
moisture concentration was estimated directly from the hyperspectral
imagery. The estimation method uses the KM model index, which has
been shown to be superior to other methods for soil moisture concen-
tration estimation from hyperspectral imagery:

Mytoisrure = (STR — STRp)/(STRy — STRp) (29)
STR=(1-R)*/2R (30)

where STR is the soil moisture-related parameter derived from the KM
model; and STRy and STRp are the STR parameters indicating the
wettest soil and driest soil in the study area, respectively. According to
the conclusion of Sadeghi et al. (2015), the reflectance R at 2210 nm is
generally used to obtain the highest estimation accuracy. Since STRy
and STRp can be considered as a constant, Eq. (29) is a monotonically
increasing function and Eq.(30) is a monotonically decreasing function
between 0 and 1. Thus, when the soil moisture increases, the value of
STR increases and R decreases, which satisfies the prior knowledge that

125°21'0"E 125°24'0"E 125°27'0"E 125°30'0"E

125°21'0"E
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the spectral reflectance decreases with increasing moisture. Soil mois-
ture around the rivers in the study area is approximately saturated, and
the continuous sunny weather at the time of imagery acquisition ensures
the existence of dry soil. Thus, the STR calculated from the minimum
and maximum value of soil reflectance at 2210 nm can be used as STRy
STRp, respectively.

Fig. 5 shows the results of the soil moisture concentration estimation
based on GF5 and HyMap hyperspectral imagery.

3.4. Soil particle size distribution and soil texture data

To determine the N value in Egs.(11) and (12), the soil particle size
distribution in the study area was measured, and the average particle
size in the study area was determined to be 0.01 mm. According to the
conclusion of Norouzi et al. (2021), the effective information depth of
the soil spectrum is approximately 1 mm, so in this study, N value was
set to 100 based on the average particle size.

As shown in Fig. 6, the soil texture data used in this study were the
national soil texture data for China with a 90-m spatial resolution pro-
duced by Liu et al. (2020). According to the United States Department of
Agriculture (USDA) classification system, the soil taxonomy is mainly
silt, silt loam, and silt clay loam in the study area. The soil texture data
were upsampled to the spatial resolution of the GF5 hyperspectral im-
agery (30 m) and HyMap hyperspectral imagery (4.5 m).

3.5. Soil classification data for RT model

Since the RT model assumes that the soil-forming parent matrices is
the same, it is necessary to classify the soils in the study area and esti-
mate the SOM concentration by category. Soil spectra, directly respon-
ded to the differences in soil-forming parent matrices, were used as the
basis for clustering in this study. Finally, fourteen classes were deter-
mined according to the accuracy of organic matter calculation, and the
SVM classifier was trained based on the clustering results. The soil
classification results are shown in Fig. 7.

4. Result and analysis
4.1. Experimental results and analysis of RT model
Soil samples in each class are divided into a training set and a testing

set in a ratio of 2:1, where the training set is used to fit the model pa-
rameters, and the SOM concentration is estimated by the band with the
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Fig. 5. Soil moisture content results. a GF5 data. b HyMap data.
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Fig. 6. Soil texture data. a. clay. b. silt. c. sand. The red area indicates the HyMap data range, and the blue area indicates the GF5 data range.

lowest RMSE on the training set. The chosen wavelengths and the cor-
relation coefficient between wavelengths and SOM concentration are
shown in Table 4.

The wavelengths used for estimating SOM concentration are basi-
cally focused on the range of 400-800 nm, 1100-1200 nm, and around
2200 nm. Table 5 lists the accuracy results of the SOM concentration
calculated by RT model. The R? on the training set and testing set of GF5
data are 0.725 and 0.655 respectively, and the R? on the training set and
testing set of HyMap data are 0.705 and 0.680 respectively. The R? on
the training set and testing set of the two datasets is similar, and there is
no obvious overfitting or underfitting. The RMSE and MAE are also
consistent on the training and testing sets, indicating that the RT model
can calculate the SOM concentration correctly by fitting the model pa-
rameters of each soil category.

Fig. 8 shows the scatter of the training and testing sets. The points in
both the training and testing sets are in the region of the 1:1 line. The
accuracy results with small differences in training and testing set indi-
cate that the RT model can estimate the SOM concentration correctly by
fitting the model parameters for each soil category through the training
set.

4.2. Experimental results and analysis of SESMRT model

4.2.1. Spectral simulation accuracy

The model assumes consistent properties for the soil-forming parent
material, soil iron oxides, SOM, soil moisture, and PSD, which guaran-
tees the same model parameters for the soil compositions in the study
area. Table 6 lists the accuracies of the spectral simulations. Both the
GF5 and HyMap data can achieve an excellent spectral simulation
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Table 4
Correlation coefficient of wavelength.
Wavelength Correlation Wavelength Correlation
(nm) coefficient (nm) coefficient
GF5 407 0.732 758 —0.644
411 0.524 1122 0.777
454 —0.733 1240 0.138
471 0.459 1477 0.499
522 0.358 1553 0.501
574 —0.060 1679 0.001
638 —-0.239 1721 0.313
HyMap 534 0.576 1136 0.739
613 0.192 1181 —0.128
678 —0.667 1268 —0.310
779 0.986 1297 —0.232
792 —0.828 1564 —0.571
986 —0.687 2074 0.647
1107 0.356 2240 0.693

accuracy. The simulation accuracies for the training and testing sets are
similar, indicating that the model parameters can correctly reflect the
soil spectral features, which lays a solid base for the calculation of the
SOM spectra. In addition, the spectral simulation accuracy of the GF5
data is higher than that of the HyMap data. The main reason for this is
that GF5 data represent a single imaging of the sensor, and the spectra
are more consistent, while the HyMap data are stitched together from
multiple aerial strips, leading to spectral differences.

Fig. 9 shows the density scatter plots for the spectral simulation. The
points are in the region of the 1:1 line, which indicates that the SESMRT
model performs surprisingly well in simulating the soil spectra. In
addition, there are differences in the spectral reflectance between the
GF5 data and HyMap data. The radiation calibration parameters of the
GF5 data use the alternative site calibration method, and the spectral
reflectance is closer to the ground soil measured reflectance. In addition,
the radiation calibration parameters of the HyMap data use the default
parameters of the equipment, and the radiation-corrected spectral

Table 5
Accuracy results of SOM concentration calculated by RT model.

reflectance is lower than that of the ground-measured spectra.

A global sensitivity analysis was conducted using the Sobol method
(Sobol, 2001) to assess the impacts of each soil component in the model
by calculating their sensitivities to the model results through first and
second-order variances. By using the SALib library (Herman and Usher,
2017), the global sensitivity indices were calculated based on the solved
model parameters, considering soil properties (msom, Ms0, Muoistures Pelay
Py and Pygngq), as well as the reflectance of each band. The value of the
global sensitivity index ranges from 0 to 1, with higher values indicating
stronger sensitivity. Table 7 lists the global sensitivity values of each soil
property. SOM plays a dominant role in the model during spectral
simulation, whereas soil texture data has relatively minimal influence.
These findings suggest that the simplified soil texture data has limited
interference with the results of the soil spectral simulation.

4.2.2. SOM spectral reflectance

The model parameters determined by the spectral simulation were
used to calculate the SOM spectral reflectance from Egs. (19)-(24). The
absorption coefficient Kgyi no_som and scattering coefficient Sspi_no_som
calculated with Egs. (20) and (21) are denoted as Scenario I, while those
calculated with Egs. (23) and (24) are denoted as Scenario IL. Fig. 10
shows the average values of the spectral reflectance of the soil spectra
with SOM removals Rg,i;_no_som and the SOM spectra Rs,m calculated by
Scenario I and Scenario II, respectively. From Fig. 10 a and c, the effect
on the spectra is relatively weak, due to the low SOM concentration, and
the results for the soil spectra with SOM removals calculated by the two
scenarios are similar, where the RMSE of the difference between the two
scenarios is 0.0024 for the GF5 data and 0.0027 for the HyMap data.

The difference in RMSE between the two scenarios is 0.002 for the
GF5 data and 0.003 for the HyMap data (Fig. 10 b and d). The difference
in the wavelengths of the SOM spectra calculated by the two scenarios is
similar to the soil spectra with SOM removals, where the difference
between the calculated results of the HyMap data is significantly larger
than that with the GF5 data. Negative values of SOM spectra exist
mainly because: 1) SOM exhibits absorption effects in some bands, so the

Dataset Training set Testing set

R? RMSE MAE RPIQ R? RMSE MAE RPIQ
GF5 0.725 3.704 2.528 2.281 0.655 3.668 2.661 2.578
HyMap 0.705 3.463 2.680 2.084 0.680 3.722 2.827 1.926
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Fig. 8. Scatter plot of SOM concentration calculated by RT model. a. GF5 data. b. HyMap data.

Table 6
Accuracy of the spectral simulations.

Dataset Training set Testing set

R? RMSE MAE R? RMSE MAE
GF5 0.902 0.021 0.015 0.932 0.018 0.014
HyMap 0.814 0.021 0.016 0.860 0.017 0.013

spectra of soil with SOM removals will have increased reflectance in
these bands, and the calculated SOM spectra will have negative values;
and 2) errors from the spectral simulation. However, in general, as the
results of both scenarios in calculating the SOM spectra are similar, the
SESMRT model uses Scenario II to calculate the SOM spectra.

Fig. 11 shows the correlation between the SOM spectra and the
original spectra with organic matter for both data. For HyMap data, the
correlation between the SOM spectra calculated by the SESMRT model
showed a noticeable improvement compared to the original spectra. For
GF5 data, the correlation between the original spectra and SOM content
is low, lacking statistical significance. Consequently, the correlation
between the SOM spectra and content remains low as well.

In addition, the results show that the correlation between SOM
spectra and organic matter is improved in both datasets, while main-
taining similar wavelength trends in the original spectra, further indi-
cating that the SOM spectra calculated based on the SESMRT model
successfully extract the feature of SOM from the original spectra.

The correlation between the spectra and organic matter is also
different in the two datasets, which can be mainly attributed to the
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different spatial resolutions and acquisition times. The acquisition time
of the GF5 hyperspectral imagery was February, and some corn stalks
were present in the cultivated soil. Thus, the serious mixed pixel prob-
lem brought by the 30-m spatial resolution of the GF5 hyperspectral
imagery causes the correlation to not be significantly negative. The
HyMap hyperspectral imagery was imaged in May, and the spatial res-
olution of 4.5 m has less influence from mixed pixels, so the correlation
is similar to the indoor spectral correlation.

4.2.3. SOM estimation results

Fig. 11 shows the feature wavelengths of the SOM spectra and the
original spectra selected by the CARS algorithm. The feature wave-
lengths of the HyMap data are mainly concentrated in the wavelengths
of around 750 nm, 1250 nm, 1650 nm, and 2000-2300 nm, while the
feature wavelengths of the GF5 data are concentrated in the wave-
lengths of around 400-700 nm, 1000 nm, 1250 nm, and 2000-2300 nm,
which are often used to estimate SOM concentration. The wavelength
ranges selected by the CARS algorithm for the original spectra and the
SOM spectra are basically the same, and the correlation is significantly
improved. Table 8 lists the relative weights in the CARS algorithm for
each band used in the estimation model. The bolded bands indicate

Table 7
The global sensitivity values of each soil property.
Msom Msio Moisture Peiay Py Psang
Values 0.322 0.271 0.197 0.047 0.089 0.146
0.4 207.0
259.9
0.3+ 222.8

185.6

Estimated spectral reflectance

0.2+ 148. 5
1114
0.1 125
3713
0.0 T T T 0. 000
0.0 0.1 0.2 0.3 0.4
Measured spectral reflectance

Fig. 9. Density scatter plots of the spectral simulation. a. GF5 data. b. HyMap data.
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Fig. 11. Correlation of the spectra and SOM, and feature wavelength selected by CARS algorithm. a. GF5 data. b. HyMap data.

those with relative weights higher than 0.1. The bands with high weight
are concentrated in the 678-1000 nm range. The bands with high weight
for the original and SOM spectra are similar, indicating that the SESMRT
model successfully extracts the intrinsic factors of SOM from the original
spectra.

SVR was utilized to estimate the SOM concentration using the feature
wavelengths selected by the CARS algorithm. The dataset was split into
the training and testing datasets randomly, and the process was repeated
ten times to obtain the mean and standard deviation of the SOM esti-
mation accuracy. Table 9 lists the accuracies of the SOM estimation. For
the GF5 data, the accuracy of the original spectra estimation is inferior,
and the R?, RMSE, RPIQ of the testing set is only 0.467 + 0.068, 5.012 +

11

0.313, 1.569 =+ 0.097, while the R?, RMSE, RPIQ of the SOM spectra is
0.660 + 0.034, 3.923 + 0.236, 2.003 + 0.118. The R? value has shown
an improvement of nearly 20 percentage points compared to the original
spectra, and both the RMSE and MAE values are significantly lower
compared to those of the original spectra. The HyMap data estimation
accuracy is similar for the SOM spectra (R? = 0.685 + 0.030, RMSE =
3.542 + 0.311, RPIQ = 2.309 =+ 0.207) and the original spectra (R*> =
0.646 + 0.043, RMSE = 3.711 + 0.319, RPIQ = 2.192 + 0.199).
Although the improvement is not comparable to that with the GF5 data,
the R? is improved by nearly 4 percentage points. As the HyMap data
were acquired by an airborne flight with less interference from the
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Table 8
The relative weights of feature based on the CARS algorithm.
Band Weight Band Weight
R 494 nm 0.002 2075 nm 0.030
522 nm 0.030 2121 nm 0.024
678 nm 0.314 2180 nm 0.088
1297 nm 0.119 2270 nm 0.059
1327 nm 0.103 2328 nm 0.097
1629 nm 0.030 2343 nm 0.102
Rsom 467 nm 0.056 1327 nm 0.003
678 nm 0.132 1564 nm 0.031
755 nm 0.146 1629 nm 0.035
767 nm 0.139 1741 nm 0.041
831 nm 0.116 2151 nm 0.048
1196 nm 0.029 2270 nm 0.045
1210 nm 0.032 2314 nm 0.063
1297 nm 0.015 2328 nm 0.069

atmospheric environment and mixed pixels, a better estimation accu-
racy can be obtained using the original spectra.

As shown in Fig. 12, the training set and testing set results for the
original spectra and SOM spectra in both data sources are basically
around the 1:1 line, indicating that the model estimates effectively,
without overfitting, but the point dispersion of the original spectra is

Table 9

Accuracy results of SOM concentration estimated by SESMRT model.
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significantly higher than that of the SOM spectra. In addition, the pre-
dicted values of some of the original spectral testing set samples are
significantly higher than the laboratory values, while the testing set of
the SOM spectra is basically evenly distributed on both sides of the 1:1
line, indicating that the SOM spectra can estimate the organic matter
concentration more accurately, without the problem of overall high
estimation results. However, for the GF5 data, both the original spectra
and SOM spectra show low prediction values for the data with high SOM
concentrations, especially when the SOM concentration amounts to 35
g/kg. The main reason for this is that there was a sample with a 5 g/kg
SOM concentration, and the lower SOM concentration affected the
model construction. In contrast, the SOM concentration of the HyMap
data is relatively concentrated, and there are no obvious outliers, so the
estimation results of the HyMap data are better than those of the GF5
data.

4.3. Comparison of the SOM estimation results

4.3.1. SOM estimation results based on RT model and SESMRT model
The SOM concentration is grouped into six levels, according to the
China second general soil survey (Table 10).
Fig. 13 and Fig. 14 depict the SOM estimation maps obtained by the

Dataset Training set Testing set

R? RMSE MAE RPIQ R? RMSE MAE RPIQ
GF5_spectra_Ori 0.502 + 0.051 4.797 + 0.293 3.727 + 0.326 1.645 + 0.098 0.467 + 0.068 5.013 +0.313 4.060 + 0.272 1.569 + 0.097
GF5_spectra_Som 0.647 + 0.020 4.087 + 0.127 2.795 + 0.237 1.926 + 0.059 0.660 + 0.034 3.923 + 0.236 3.062 + 0.177 2.003 +0.118
HyMap_spectra_Ori 0.613 £ 0.024 3.858 +0.128 2.775 + 0.132 2.058 + 0.074 0.646 + 0.043 3.711 £ 0.319 2.956 + 0.310 2.192 +0.199

HyMap_spectra_Som 0.644 + 0.038 3.671 + 0.203 2.746 £ 0.268

2.170 £ 0.125 0.685 + 0.030 3.543 £ 0.311 2.823 £ 0.177 2.309 + 0.207
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Fig. 12. Scatter plots of SOM concentration. a. Original spectrum of the GF5 data. b. SOM spectrum of the GF5 data. c. Original spectrum of the HyMap data. d. SOM

spectrum of the HyMap data.
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RT model. Fig. 13 shows that the SOM concentration in the study area is
predominantly at level 2 and 3, with a large area of cultivated land
around rivers in areas A and B being mainly level 1. However, there are
more discrete points, especially around rivers and roads in area B. The
main reason is that results calculated by the RT model are highly
dependent on the soil classification results. Although the accuracy of the
SOM concentration calculations was acceptable for both datasets, the
mapping results had discrete anomalies within the study area due to the
classification of the soils using spectral data. In addition, the mixed pixel
problem associated with the 30 m spatial resolution of the GF5 hyper-
spectral imagery seriously affects the classification and calculation
results.

Fig. 14 shows that the calculation results of the HyMap hyperspectral
imagery, which are the same as those of GF5 hyperspectral imagery, and
the areas with higher SOM concentration are the cultivated land around
the river in areas A and B. The HyMap hyperspectral imagery with high
spatial resolution has fewer discrete points than the GF5 hyperspectral
imagery due to the weaker mixed pixel problem, and the mapping
performance is better than that of the GF5 hyperspectral imagery.

Therefore, although the RT model can estimate the SOM concen-
trations, it is limited by the model assumptions and the impact of the
mixed pixel problem, which makes it less applicability in large-scale
monitoring.

Fig. 15 and Fig. 16 depict the SOM estimation results obtained within
the study area by the SESMRT model. Fig. 15 shows that the SOM
concentration estimated from the GF5 data is mainly Level 1 and Level 2,
with the presence of Level 3 and Level 4 in 2019. The Level 1 and Level 2
standards are concentrated in the large areas of agricultural land around
the rivers, because SOM is mainly derived from vegetation residue and
root systems, and moisture is a key factor for vegetation growth, so the
SOM concentration along the rivers is relatively elevated. The Level 3
and Level 4 standards are more often found in the soils in the moun-
tainous areas, which are mostly natural soils influenced by the
topography.

Fig. 16 shows that SOM is mainly Level 2 and Level 3, with some of
the cultivated land around the rivers belonging to Level 1 in 2017.
Similar to the result for 2019, the areas with high SOM concentrations
are mainly distributed along the rivers, while the SOM concentration in
the mountainous areas is less. Overall, the SOM concentration in the
study area was higher in 2019 than in 2017.

The SESMRT model is based on the theoretical calculation of SOM
spectra, and then uses a data-driven approach to construct the estima-
tion model, which assumes the same soil-forming parent material
throughout the study area. Thus, the estimation results of the SESMRT
model are more aggregated than that of RT model, which promotes the
application performance of the model. In conclusion, the RT is not
practical for large scale applications due to strict modeling conditions,
whereas the SESMRT model has better estimation performance for large
scale applications.

4.3.2. SOM estimation results comparison based on GF5 and HyMap
hyperspectral imagery

The comparison analysis is based on the SESMRT model mapping
results. As shown in Fig. 17, the estimation map based on HyMap data
was resampled to 30 m spatial resolution and was subtracted by GF5

Table 10
Classification standards for the SOM concentration.

SOM level SOM concentration

Level 1 Msom > 40 g/kg

Level 2 40 g/kg > msom > 30 g/kg
Level 3 30 g/kg > mgom > 20 g/kg
Level 4 20 g/kg>msom > 10 g/kg
Level 5 10 g/kg>msom > 6 g/kg
Level 6 Msom < 6 g/kg
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Fig. 13. SOM concentration results for the GF5 hyperspectral imagery based on
RT model.
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Fig. 14. SOM concentration results for the HyMap hyperspectral imagery based
on RT model.

estimation map. The areas of increased SOM concentration were mainly
concentrated in the cultivated soils around the rivers, while the areas of
decreased concentration were mainly concentrated in the natural soils
around the mountains.

Table 11 lists the statistics for the SOM concentration percentage at
each level in the estimated results for 2017 and 2019. Compared to the
2017 result, the percentage of Level 1 in the 2019 result increases from
16.03% to 19.79%, with an increase of nearly 3.7 percentage points, but
the percentage of Level 2 and Level 3 soils decreases from 83.00% to
72.66%, and the percentage of Level 4 and Level 5 increases from 0.04%
to 0.44%.

According to Fig. 15, Fig. 16 and Fig. 17, the increased areas of Level
1 are mainly concentrated in the cultivated soils around the rivers, while
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Fig. 15. SOM concentration results for the GF5 hyperspectral imagery based on
SESMRT model.
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Fig. 16. SOM concentration results for the HyMap hyperspectral imagery based
on SESMRT model.

Table 11
Proportions of the SOM levels.

Level GF5 (2019) HyMap (2017)
Area (KM?) Percentage Area (KM?) Percentage

Level 1 29.75 19.79% 14.28 16.03%
Level 2 61.53 40.93% 52.43 58.86%
Level 3 47.69 31.73% 21.51 24.14%
Level 4 10.67 7.10% 0.83 0.93%
Level 5 0.49 0.33% 0.02 0.02%
Level 6 0.17 0.11% 0.02 0.02%
Total 150.31 100% 89.08 100%
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the increased areas of Level 5 and Level 6 are mainly concentrated in the
natural soils around the mountains. This indicates that, in recent years,
the straw returned to the fields and other black soil protection measures
have effectively increased the SOM concentration of the cultivated soils.
However, the lack of protection measures for non-cultivated soils in the
mountains and other non-cultivated lands, such as mining and washing
areas, still affects the quality of the soil, resulting in a more serious loss
of soil SOM concentration. Thus, in addition to the protection of culti-
vated soils, the follow-up of black soil protection measures should also
cover the protection of non-cultivated soils.

5. Conclusions

The current hyperspectral imagery based soil composition estimation
is mostly based on data-driven models, which are lacking in radiative
transfer theoretical explanation. In this paper, we have described how
the SESMRT model combining a radiative transfer model and data-
driven model was applied to estimate SOM concentration based on
hyperspectral imagery. The SESMRT model calculates the SOM spectra
with radiative transfer theory to reduce the interference of other soil
components in the soil spectra. After the optimization of the model
parameters by a GA, the R? of the overall spectral simulation results for
the GF5 data was 0.912, and that for the HyMap data was 0.828. Both
data sources could simulate the soil spectra well and establish a solid
base for the subsequent SOM spectral calculation. The correlation be-
tween the calculated SOM spectra and SOM concentration was signifi-
cantly improved, compared with the original spectra, with the highest
band correlation improved by about 0.1. Meanwhile, the band trend was
similar to that of the original spectra, which further proves that the
SESMRT model can successfully extract the SOM spectra. The SOM
spectral features were extracted based on the CARS algorithm, and the
SVR regression model was used to successfully estimate the SOM con-
centration in the study area. Compared with the original spectra, the
SESMRT model shows an improved estimation accuracy for the hyper-
spectral imagery from the two different platforms. Based on the weight
information of the soil organic matter spectral feature wavelengths, it
can be observed that the wavelengths at 678 nm, 755 nm, 767 nm, and
831 nm have relatively high weights. This finding is significant for
guiding the wavelength configuration of future multispectral satellites
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Fig. 17. Difference map of SOM concentration between 2019 and 2017.



F. Wu et al.

aimed at soil organic matter monitoring. For the existing multispectral
satellites, such as Sentinel-2 with Band 4 (650-680 nm), Band 7
(773-793 nm), Band 8 (785-900 nm), and Landsat with Band 4
(630-680 nm) and Band 5 (845-885 nm), their spectral bands are
similar to those used in the study and can provide accurate spectral data
for soil organic matter content estimation.

By comparing the estimation results for 2017 and 2019, the per-
centage of Level 1 had significantly increased by about 3.7 percentage
points, and the increase was basically in the cultivated soil, which in-
dicates that the series of black soil conservation measures have effec-
tively improved the SOM concentration. However, in the non-cultivated
soils around the mountains, there was a significant decrease in the SOM
concentration level, compared to 2017, which means that the land
currently damaged by previous mining and other actions still needs
further protection. Moreover, compared with the statistical analysis of
the laboratory results, where the SOM concentration in 2019 was lower
than that in 2017, the estimated results based on hyperspectral imagery
are more detailed and better able to reflect the trend of SOM changes in
the different soil types, which further demonstrates the advantages of
hyperspectral imagery in soil composition analysis.

The SESMRT model calculates SOM spectra by soil radiative transfer
model, which reduces the impacts from other factors in the soil and
significantly improves the estimation accuracy of SOM concentration.
Compared to the RT model which calculates SOM concentration
directly, the SESMRT model can simplify the conditions for model
application and improve mapping performance by combining data-
driven models. Restricted by the model assumptions, the SESMRT
model parameters need to be determined using genetic algorithms in
different study area. A large amount of subsequent research is required
to determine empirical parameters for specific soil types and to reduce
the complexity of the model. The problem of mixed pixel elements
caused by the spatial resolution of the hyperspectral imagery seriously
restricts the estimation accuracy. Especially for cultivated soils, the ef-
fect of crop straw on soil spectra is not negligible. Therefore, in the
future, constructing a soil-vegetation hybrid radiative transfer model to
extract pure soil spectra will be the key to allowing hyperspectral im-
agery to be applied in real time at a large scale.
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