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Highlights
●●	 Propose a new soil organic matter (SOM) mapping framework that integrates remote sensing zoning, feature selection, 

and the Random Forest (RF) algorithm.
●●	 High-precision classification of Mollisol and non-Mollisol based on Landsat-8 multi-temporal remote sensing images and 

environmental covariates.
●●	 The optimal feature combinations for SOM mapping differ between Mollisol and non-Mollisol areas.
●●	 The mean SOM value in the Mollisol region is slightly higher, while the spatial variability of SOM value is stronger in the 

non-Mollisol region.

Abstract
Soil organic matter (SOM) is a core indicator of soil fertility and ecosystem function.  However, in regions where 
Mollisol and non-Mollisol coexist, high-precision spatial mapping faces significant challenges due to pronounced terrain 
heterogeneity and redundancy in high-dimensional covariates.  This study proposes a “remote sensing zoning-feature 
selection optimization-random forest (RSZ-FSO-RF)” framework.  By integrating Landsat-8 multi-temporal imagery from 
2014–2023 with topographic and climatic factors, and leveraging the Google Earth Engine (GEE) platform, it achieves high-
precision remote sensing zoning of Mollisol and non-Mollisol areas (overall accuracy: 92.13%, Kappa coefficient: 0.70).  
Subsequently, local Random Forest (RF) regression models were established within each zone for SOM prediction, with 
predictive variables optimized using recursive feature elimination (RFE).  Results demonstrate that compared to FAO-
zone-based modeling, the RSZ-FSO-RF framework significantly enhances prediction accuracy (R2=0.619, RMSE=6.849 g 
kg–1).  And further feature optimization continued to enhance model performance (R2=0.627, RMSE=6.781 g kg–1).  Notably, 
optimal predictor combinations varied significantly across zones, with SOM spatial variability generally higher in non-Mollisol 
areas than in Mollisol regions.  By organically integrating remote sensing zoning with feature selection, this framework 
effectively mitigates covariate redundancy while accounting for local heterogeneity, significantly enhancing the accuracy 
and stability of high-resolution SOM mapping.  Furthermore, this study provides scientific basis and decision support for soil 
resource management and sustainable agricultural development under complex topographic conditions.
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1. Introduction
Northeast China is the main distribution area of Mollisol 
in China, and with its superior soil fertility conditions, it 
has long assumed an important food production function, 

and has developed into a key national commercial grain 
production base, which is of great strategic significance 
for guaranteeing China’s food security (Yang et al. 2020; 
Mustafa et al. 2021).  Soil organic matter (SOM) , as one of 
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the core substances for the maintenance of Mollisol fertility, 
is mainly concentrated in the soil surface layer and has high 
accumulation characteristics (Liu et al. 2012).  SOM is not 
only an important carbon reservoir in terrestrial ecosystems 
and has a key role in regulating the stability of the global 
carbon cycle (Huang et al. 2022; Broeg et al. 2024), but 
also directly affects the supply of nutrients, structural stability, 
and ecological functions of soils, and is an important indicator 
for evaluating the quality of arable soils and crop production 
potential (Peng et al. 2024).  However, over time, the SOM 
value of soils decreases due to erosion, tillage and intensive 
farming.  To address this challenge, there is a need for 
continuous monitoring of arable land and the production of 
soil maps with high spatial resolution, which play a key role in 
the proper management of soil quality and the sustainability 
of agriculture.

Remote sensing technology has become a key tool for 
obtaining the spatial distribution of SOM in large-scale 
regions (Zhou et al. 2016).  Compared with traditional spatial 
interpolation methods, remote sensing prediction shows 
significant advantages in improving prediction accuracy and 
revealing spatial heterogeneity of soil properties (Ladoni 
et al. 2010; Mulder et al. 2011).   It has been shown that 
SOM value is closely related to soil reflectance in a specific 
band range (Shonk et  al. 1991; Henderson et  al. 1992; 
Conforti et al. 2015).  Currently widely used satellites (e.g., 
Landsat 5/7/8, Sentinel-2, MODIS) and airborne multispectral 
sensors cover the key band range of SOM response, 
which provides a theoretical basis for SOM mapping using 
multispectral images (Liu et  al. 2009; Bao et  al. 2017).  
However, in large-scale regions, single-day images are 
susceptible to interference from clouds, shadows, and 
differences in agricultural management (Luo et al. 2022a).  In 
recent years, thanks to the relative stability of soil background 
and sensor performance, multi-temporal synthetic images of 
the bare soil period have been widely used in SOM remote 
sensing mapping, which effectively improves the accuracy 
of remote sensing predictions of soil properties (Dou et al. 
2019; Wang X et al. 2022).  Environmental covariates are 
key factors affecting soil properties, among which climatic 
and topographic variables are often used for soil property 
modeling due to their availability and accuracy (John et al. 
2021).  Numerous studies have shown that the introduction 
of multiple topographic parameters (e.g., elevation, slope) 
and climatic factors (e.g., temperature, precipitation) 
can significantly improve the accuracy of soil property 
prediction (Mahmoudzadeh et al. 2020).  Combining these 
environmental covariates with measured soil property data 
can help construct more robust and accurate predictive 
models (Minasny and McBratney 2016).  However, the 
complexity of the soil formation process and its high degree 
of interaction with environmental factors, which results in 
significant heterogeneity in the spatial distribution of SOM, 
still pose a serious challenge to the predictive ability of 
models (Luo et al. 2022a; Meng et al. 2025).

Optimized modeling strategies are widely recognized 
as an important approach to improving the accuracy of soil 
property predictions (Zhang Y et al. 2023).  Traditional digital 
soil mapping (DSM) typically relies on a global modeling 

framework, which integrates all samples to construct a single 
model (Liang et  al. 2024).  Although this approach has 
demonstrated effectiveness in numerous studies, it often 
overlooks the inherent spatial heterogeneity of soils (Franklin 
and Mills 2009).  For instance, in regions where Mollisol and 
non-Mollisol are intermingled, variations in erosion intensity, 
agricultural disturbance, and topographic undulation result 
in significant disparities in SOM value.  The global model 
typically assume uniform soil properties across different 
areas, thereby compromising the accuracy of predictions 
(Hengl et al. 2017).  In contrast, the zonal modeling strategy 
based on soil type, i.e., modeling separately within different 
soil type regions, is more consistent with the essential 
characteristics of soil spatial heterogeneity.  This method 
can not only more accurately capture the differences in 
soil properties within each sub-area, but also effectively 
circumvent the prediction bias triggered by inter-area 
differences, thus improving the accuracy of SOM mapping 
(Sothe et  al. 2022; Zhang et  al. 2022).  Building upon 
enhanced partition modeling predictive capabilities, further 
improvements rely on effectively identifying key environmental 
factors driving spatial variation within the SOM space (Chen 
S et al. 2022; van der Westhuizen et al. 2023).  In DSM, the 
widespread application of machine learning - particularly the 
Random Forest (RF) algorithm - has made feature selection 
a critical step in constructing robust, high-precision predictive 
models.

Characteristic variable screening can effectively identify 
the optimal predictor combinations to improve the accuracy 
of SOM prediction (Rosero-Vlasova et al. 2017; Shi et al. 
2021).  Since multicollinearity and redundant information 
often exist between remote sensing and environmental 
covariates, direct inclusion of all variables in modeling may 
trigger model overfitting and reduce its robustness (Zhang 
X et al. 2023).   It has been shown that using appropriate 
feature selection algorithms for variable optimization helps to 
eliminate redundant features and improve model performance 
(Keskin et al. 2019).  In recent years, some scholars have 
further coupled feature selection algorithms with the modeling 
process in depth, aiming to synergistically optimize the 
model structure and input variable combinations to achieve 
higher prediction accuracy.  For example, Vohland et  al. 
(2014) significantly enhanced the predictive performance 
and robustness of the model by combining the CARS and 
PLSR models under visible-near-infrared (Vis-NIR) and 
mid-infrared (MIR) spectral data; He et al. (2023) combined 
multiple features such as principal component analysis 
(PCA), least absolute shrinkage and selection operator 
(Lasso), and SCARS-PCA to extract key variables from 
spectral and profile information, significantly improving the 
stability and accuracy of predictions; Wang H et al. (2021) 
integrated Lasso and correlation coefficient to screen key 
bands based on the Sentinel-1/2 data, and the constructed 
RF model realized high-precision SOC prediction (R2=0.921) 
under multiple land use types.  All these studies show 
that the reasonable use of feature selection algorithms to 
remove redundant variables can effectively improve the 
SOM modeling accuracy.  The widespread application 
of methods like recursive feature elimination (RFE), 
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Boruta, and Lasso further demonstrates the value of 
feature selection in SOM mapping (Kebonye et al. 2023; 
Alshehri et al. 2024).  Although feature selection algorithms 
demonstrate potential in extracting key variables, few studies 
have systematically coupled feature optimization with soil-
type-based partitioned modeling to simultaneously address 
the dual challenges of spatial heterogeneity and variable 
redundancy in SOM mapping.

To address this research gap, this study proposes an 
innovative predictive framework applicable to complex 
landscapes where Mollisol and non-Mollisol areas are 
intermingled.  Specifically: (1) integrating Landsat-8 multi-
temporal remote sensing images and environmental 
covariates to construct a regional modeling system integrating 
remote sensing zoning and RF algorithms; (2) quantitatively 
evaluating the role of remote sensing zoning in improving the 
modeling accuracy and comparing it with the local modeling 
strategy of Food and Agriculture Organization of the United 
Nations (FAO) zoning; (3) incorporating the RFE algorithm 
into the modeling framework to optimize covariate selection 
within each region, thereby further enhancing the predictive 
accuracy of SOM; (4) exploring the spatial distribution and 
variation patterns of SOM in different soil types, so as to 
provide methodological support and scientific basis for the 
precise management and sustainable use of complex soil 
landscapes.

2. Materials and methods
2.1. Overview of the study area
This study area is located in Northeast China (38.72°N–53.56°N,

115.52°E–135.09°E) ,  cover ing three prov inces o f 
Heilongjiang, Jilin, Liaoning and eastern Inner Mongolia, with 
a total area of about 788,000 km² (Luo et al. 2022b).  The 
region mainly consists of Songnen Plain, Sanjiang Plain 
and Liaohe Plain, which is a typical temperate region with 
concentrated Mollisol distribution (Wang H et al. 2022), 
and is also the third largest Mollisol area in the world (Wang 
H et al. 2022; Wang et al. 2024).  With a coverage area 
of 44,520 km², Mollisol represents the most characteristic 
soil resource in this region (Wang et  al. 2024).  The 
geomorphology is dominated by a mixture of low mountains, 
hills and plains, with an elevation range of –10 to 1,894 m, 
and slopes mainly distributed between 0°–5° (Wang and 
Fan 2019).  The regional climate is characterized by a 
mesothermal semi-humid to humid climate with four distinct 
seasons, average annual temperatures ranging from 
–4 to 11°C, and annual precipitation of 207–1,026 mm, 
with a significant spatial and temporal distribution.  Corn, 
soybeans and rice are the main crops, with the cultivated 
area accounting for more than 90% of the total arable 
land.  April–May is the typical bare soil window period, 
with sparse vegetation cover and low cloud cover, which 
provides a favorable time for obtaining high-quality remote 
sensing images (Luo et al. 2024) (Fig. 1).

2.2. Workflow of SOM mapping
The overall technical flow of this study is shown in Fig. 2.  
First,  Landsat-8 remote sensing images and major 
environmental covariates were collected and preprocessed, 
while regional zoning results based on the FAO traditional 
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Fig. 1  Location of the study area and soil sampling sites.  A, geographic location of the northeast region.  B, distribution of Mollisol 
and non-Mollisol based on FAO classification.  C, soil sampling sites and elevation.  
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classification system were obtained.  Subsequently, based 
on the multi-temporal Landsat-8 images, environmental 
covariates and field sampling data from April to May, 2014–
2023, remote sensing zoning results were constructed with 
the help of Google Earth Engine (GEE) platform.  Then, 
the SOM prediction model was constructed using the RF 
algorithm by combining the local modeling strategies, and the 
feature selection algorithm was introduced to optimize the 
variable combinations.  The model performance is evaluated 
by ten-fold cross-validation.  Finally, the optimal model was 
applied to generate the spatial distribution map of SOM value 
in the study area.

2.3. Data and preprocessing
Soil data collection and preprocessing  This study 

obtained the spatial distribution of Mollisol and non-Mollisol 
zones in Northeast China based on the FAO/UNESCO Soil 
Map of the World and the subsequent World Reference 
Base for Soil Resources (WRB) Classification System.  The 
system follows globally consistent standards and classifies 
soils according to morphology, pedogenic processes, and 
physicochemical properties.  Based on this distribution, a 
stratified random sampling approach was applied to collect 
1,603 surface (0–20 cm) soil samples in April and May (bare 
soil period) from 2023–2024 (Table 1), with their spatial 
distribution shown in Fig. 1.  After the samples were naturally 
air-dried and passed through a 2 mm sieve, the soil organic 
carbon (SOC) content was determined by the potassium 
dichromate oxidation method, and the SOM value was 
calculated by a conversion factor of 1.724.  Out of these 

Table 1  Descriptive statistics of soil organic matter value in the study area
Sample 
type1) n Max. 

 (g kg–1)
Min.

(g kg–1)
Mean

(g kg–1)
SD

 (g kg–1) Skewness Kurtosis CV
(%)

TS 1,603 127.576 2.138 32.481 19.123 1.429 2.785 58.875
P(M)S 577 97.078 2.138 32.111 16.561 0.823 0.525 51.573
P(N)S 1,026 127.576 3.827 32.690 20.428 1.577 3.053 62.492
1) TS, total sample; P(M)S, samples in Mollisol areas; P(N)S, samples in non-Mollisol areas.

(1) Step I: Data collection and pre-processing
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Fig. 2  The workflow of this study.  GEE, Google Earth Engine; SOM, soil organic matter.
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samples, 577 samples were taken from the Mollisol area and 
1,026 samples were taken from the non-Mollisol area.  The 
range of SOM value in the study area was 2.138–127.576 g 
kg–1 with a mean value of 32.481 g kg–1 and a coefficient of 
variation as high as 58.875% indicating significant spatial 
heterogeneity.  The mean value of SOM in the Mollisol area 
(32.111 g kg–1) was slightly lower than that in the non-Mollisol 
area (32.690 g kg–1), but its standard deviation was smaller, 
16.561 g kg–1 in the Mollisol area, compared with 20.428 g 
kg–1 in the non-mollisol area, which indicated that SOM 
distribution was relatively homogeneous in the Mollisol area, 
whereas the variability in the non-Mollisol area was stronger.
Acquisition and preprocessing of Landsat-8 remote 
sensing imagery  The Landsat-8 satellite carrying the 
operational land imager (OLI) was launched in 2013, 
with a revisit cycle of 16  days.   During the period of 
2014–2023, this study acquires all available Landsat-8 
surface reflectance (SR) imagery of the Northeast China 
in April and May each year through the GEE platform.  All 
available Landsat-8 SR images of the Northeast China 
are acquired through the GEE platform during the period 
2014–2023.  The data were obtained from the “LANDSAT/
LC08/C02/T1_L2” dataset in the GEE platform, which was 
released by the U.S. Geological Survey (USGS), and the 
atmospheric correction processing was done using the 
land surface reflectance code (LaSRC) algorithm.   In the 
image preprocessing process, cloud masking operations 
were performed using the “QA_PIXEL” and “QA_RADSAT” 
bands to remove clouds, shadows, and saturated pixels, 
resulting in a set of cloud-free Landsat 8 images covering 
the study area from 2014 to 2021.  Then after atmospheric 
correction, six reflectance bands (B1-B6) were extracted 
from the remote sensing data, with a spatial resolution of 
30 m (Table 2).  To improve the SOM prediction accuracy, 
the median synthesis method was used to fuse the multi-
temporal images from April to May to generate remote 
sensing images that stably represent the characteristics of 
the bare soil period, forming a multi-temporal Landsat-8 SR 
synthetic image for the years 2014–2023 that covers the 
northeastern part of China (You and Dong 2020; Wang X 
et al. 2022).
Acquisition and pre-processing of environmental 
covariates  Based on existing studies, two types of 
environmental covariates were selected for this study: climatic 
variables and terrain variables (Table 3).

1) Climatic variables.  Numerous studies have shown 
that climate plays an extremely important role in influencing 
the value of SOM, and among them, temperature and 
precipitation are the key variables most commonly used 
for SOM prediction (Fig. 3-A and B).  Higher temperatures 
generally accelerate microbial activity and organic matter 
decomposition, thereby decreasing SOM (Weil and Magdoff 
2004); whereas increased precipitation contributes to plant 
growth and residue inputs, promoting SOM accumulation 
(Gao et al. 2024).  In addition, precipitation indirectly affects 
microbial activity and SOM decomposition rates by regulating 
soil moisture and aeration (Niu et  al. 2024).  Wet areas 
usually exhibit higher SOM value.   In this study, monthly 
temperature and precipitation datasets for China from 2014 

to 2023 were obtained from the National Tibetan Plateau 
Science Data Center (https://data.tpdc.ac.cn/).  These 
datasets were processed in ArcGIS 10.8 to generate multi-
year average data and resampled to a 30 m spatial resolution 
to derive the average precipitation index and multi-year 
average temperature index for the study area.

2) Topographic variables.  Topographic conditions have 
significant effects on the spatial distribution of SOM value, 
with slope and elevation being the most commonly used 
topographic factors (Zhang et  al. 2014; Niu et  al. 2024) 
(Fig.  3-C and D).  Gently sloping areas usually exhibit 
higher SOM value due to weaker erosion and long-term 
accumulation of surface organic matter (Zhu et al. 2019; 
Wang B et al. 2021).  In contrast, higher elevations also favor 
SOM accumulation due to lower temperatures and shorter 
growing seasons, which slow down the decomposition 
rate of SOM (Xu et al. 2014; Gutiérrez-Girón et al. 2015; 
Dan et al. 2016).  Therefore, slope and elevation are often 
selected as representative terrain variables to be included 
in SOM modeling.  In this study, the “Elevation” dataset from 
the “NASADEM: NASA NASADEM Digital Elevation 30 m” 
data stored in GEE was used as the elevation input for the 
study area.  In this study, the “Elevation” dataset from the 
“NASADEM: NASA NASADEM Digital Elevation 30 m” data 
stored in GEE was used as the input for the elevation of the 
study area, and the obtained ‘Elevation’ dataset was used 
to calculate “SLOPE” as the input for the slope of the study 
area.

2.4. Predictive modeling
Detection model for spatial distribution of Mollisol  
area  RF is an integrated learning method that consists 
of multiple decision trees with good nonlinear modeling 
capability, which can significantly improve the prediction 
accuracy and effectively control the computational cost 
(Breiman et  al. 2001; Belgiu and Drăguţ 2016).   In this 
study, a remote sensing detection model for identifying the 
spatial distribution of Mollisol areas was constructed based 
on the GEE platform.  The model was trained using 577 
Mollisol zone samples with 1,026 non-Mollisol zone samples, 
and 70% of these samples were randomly selected as the 

Table 2  Information on Landsat-8 SR data used in this study
Band name Description Wavelength (nm) Resolution (m)
B1 Blue 450–520 30
B2 Green 520–600 30
B3 Red 630–690 30
B4 NIR 770–900 30
B5 SWIR1 1,550–1,750 30
B6 SWIR2 2,080–2,350 30

Table 3  Basic information on environmental covariates used 
in this study
Category Environmental covariates Abbreviation Unit
Climate Multi-year average temperature PRE °C

Multi-year average precipitation TEMP nm
Topography Slope SLOPE °

Elevation DEM m
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training set.   Input features included six reflectance bands 
of Landsat-8 OLI (Blue, Green, Red, NIR, SWIR1 and 
SWIR2) and four major environmental covariates, totaling 10 
variables.  By optimizing the model parameters based on out-
of-bag error (OOB), the number of regression trees (ntree) 
was finally determined to be 300, and the number of split 
variables (mtry) was 1/3 of the total number of variables.  This 
parameter configuration effectively suppressed the overfitting, 
stabilized the OOB error rate, and strengthened the model’s 
generalization ability and robustness while enhancing the 
model’s prediction performance.
Regression mathods  To better characterize the pronounced 
spatial heterogeneity between Mollisol and non-Mollisol 
regions and thus improve SOM prediction performance, 
this study developed two zoning-based local regression 
strategies.

1) Local regression model based on FAO zoning.  
According to the soil classification criteria of the Harmonized 
World Soil Database (HWSD) issued by FAO, Phaeozems 

and Chernozems were classified as Mollisol zones, while 
all other soil types were designated as non-Mollisol zones.  
In this study, separate sub-models were established for 
the Mollisol and non-Mollisol zones.  Each sub-model was 
independently used to predict SOM within its corresponding 
zone, and the prediction results were subsequently integrated 
to produce the final local regression output.

2) Local regression model based on remote sensing 
zoning.  With the support of the high-performance computing 
capability of GEE, Landsat-8 multi-band imagery and 
major environmental covariates were used to construct the 
basic datasets for zoning.  All available soil samples were 
introduced as training data.  The performance of different 
zoning schemes was evaluated using a confusion matrix and 
cross-validation (CV), and the optimal zoning scheme was 
selected accordingly.  Subsequently, independent regression 
models were developed within each remote sensing zone 
to predict SOM values.  Finally, the prediction results from 
all zones were integrated to generate a high-precision local 
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regression model based on remote sensing zoning.

2.5. Feature selection algorithms 
It has been shown that redundant and noisy features may 
weaken model performance, whereas feature selection can 
effectively filter out the most representative combinations 
of independent variables and enhance SOM prediction 
accuracy (Visalakshi and Radha 2014; Chen Y et al. 2022).  
In this study, three typical feature selection algorithms, RFE, 
Boruta and Lasso, are used to evaluate their performance 
in SOM modeling.  RFE is a model-based feature selection 
algorithm.  It iteratively trains the model and removes the 
least important variables at each step until an optimal 
subset of features is obtained.  This process retains only the 
variables that contribute most to the prediction performance 
(Chen et  al.  2020); Boruta is a random-forest-based 
method for identifying all relevant predictors.  The algorithm 
creates “shadow” (noise) features and evaluates each 
variable’s importance by comparing its average contribution 
to model accuracy with that of the shadows.  Variables that 
consistently fail to outperform their shadow counterparts are 
removed through iteration, producing a stable subset of fully 
relevant predictors (Ali et al. 2019); Lasso is an embedded 
feature selection algorithm based on linear regression.  
The algorithm improves the generalization ability of the 
model by adding an L1 regularization term (the sum of 
the absolute values of the regression coefficients) to the 
loss function.  This regularization narrows the coefficients, 
automatically selects important features and eliminates 
irrelevant ones, enhancing the predictive performance of 
the model (Muthukrishnan and Rohini 2016).  In this study, 
all three feature selection algorithms perform the optimal 
feature selection process in the R language environment.

2.6. Accuracy assessment
To avoid model overfitting during SOM spatial prediction, a 
10-fold CV approach was employed for model validation.  
In this procedure, the dataset was randomly divided into 
10 equal subsets.  Each time, nine subsets were used for 
model training, and the remaining one was retained for 
validation.  This process was repeated 10 times so that 
every subset served once as the validation data.  Since 
the retained samples were not affected by the choice of 
model parameters, this dataset provided more accurate 
and precise estimates for the new data.  To further evaluate 
the model results, we utilized the correlation coefficient 
(R2) (eq. (1)), absolute root mean square error (RMSE)  
(eq. (2)), and mean absolute error (MAE) (eq. (3)) of the 
model predictions with the ground observations.  The 
higher the R2, the smaller the values of the RMSE and 
MAE, indicating the higher accuracy of the SOM prediction 
model (Zhang et al. 2019).  

R2=1–
(yi – ŷl )

2∑
n

i=1

(yi – -yl )
2∑

n

i=1

	 (1)

RMSE= (yi – ŷl )
2∑

n

i=1

1
n

	 (2)

MAE= |yi – ŷl |∑
n

i=1

1
n

	 (3)

where n represents the number of samples, yi represents the 
observed value of sample i,  ŷl represents the predicted value 
of sample i, and  -yl  represents the corresponding mean of the 
observations.

3. Results
3.1. Spatial distribution detection of Mollisol area
In this study, the multi-temporal remote sensing images 
(April–May) of Landsat-8 from 2014–2023 were called 
in the GEE platform, and a Mollisol area identification 
model based on the RF algorithm was constructed by 
taking its six spectral bands and four major environmental 
covariates as inputs (Fig. 4-A and B).  The results show 
that the classification model integrating multi-temporal 
remote sensing data and environmental covariates 
has high accuracy, with an overall accuracy of 92.13% 
and a Kappa coefficient of 0.70, which indicates that 
the model has a good distinguishing ability in Mollisol 
zone identification.  The detection results are shown in 
Fig. 4-C, and the Mollisol zone is mainly distributed in the 
southwest and central areas of the study area.  Based on 
the classification results, the area of Mollisol zone in the 
study area is about 140.805 km², accounting for 34.007% 
of the total cultivated area; the area of non-Mollisol zone is 
273.232 km², accounting for 65.993%.   In order to further 
verify the classification effect and make comparisons, the 
results of Mollisol zoning delineated by FAO global Mollisol 
were introduced in this study as reference.  According to 
the FAO data, the area of Mollisol zone in the study area is 
154.071 km², accounting for 37.212% of the total cultivated 
area; the area of non-Mollisol zone is 259.966  km², 
accounting for 62.788% (Table 4).

3.2. Accuracy assessment of different local regression 
models based on remote sensing band inputs
Using the RF algorithm and Landsat-8 multi-temporal 
remote sensing imagery, two local regression models were 
constructed for SOM prediction, with results shown in Fig. 5 
and Table 5.  For the model based on FAO zoning, when 
spectral bands were used as predictors, its accuracy was 
R2=0.519, RMSE=7.706 g kg–1, and MAE=5.325.  In contrast, 
the model based on remote sensing zoning demonstrated 
slightly higher prediction accuracy, achieving R2=0.520, 
RMSE=7.697  g kg–1, and MAE=5.302.   From a zoning 
perspective, in the non-Mollisol region, the FAO-based model 
outperformed the remote sensing–based model, yielding an 
R2 that was 0.014 higher and an RMSE that was 0.001 g 
kg–1 lower.  In contrast, within the Mollisol region, the remote 
sensing-based model demonstrated substantially better 
performance, achieving an R2 that was 0.029 higher than 
that of the FAO model and an RMSE that was 0.274 g kg–1 
lower.  This advantage in the Mollisol region outweighed the 
marginal advantage of the FAO-based model in the non-
Mollisol area, resulting in higher overall prediction accuracy 
for the remote sensing-based model.  The results indicate 
that remote sensing-based zoning demonstrates superior 
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capability in identifying spatial heterogeneity of SOM in the 
transition zone between Mollisol and non-Mollisol areas.

3.3. Accuracy assessment of different local regression 
models incorporating environmental covariates
Fig.  6 i l lustrates the accuracy performance of local 
regression models based on FAO zoning and remote sensing 
zoning in SOM prediction after incorporating environmental 

covariates (topography and climate factors).  Results 
indicate that adding topographic or climatic variables to the 
model substantially improves its predictive performance 
compared with using only remote sensing bands.  When 
both types of environmental covariates are introduced 
simultaneously, the accuracy of both local regression models 
shows a consistent and robust upward trend.  Specifically, 
when al l  remote sensing bands and environmental 
covariates were used as inputs, the remote sensing-based 
local regression model achieved the best performance: 
R 2=0.619, RMSE=6.849  g kg –1,  MAE=4.601  g kg –1. 
Compared to the corresponding model based on FAO 
zoning, R2 increased by 0.002, RMSE decreased by 0.006 g 
kg–1, and MAE differed by 0.006 g kg–1.  Compared to the 
remote sensing zoning local model using only bands, R2 
increased by 0.099, while RMSE and MAE decreased by 
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Fig. 4  Spatial delineation of Mollisol and non-Mollisol zones 
in the study area based on remote sensing classification.  
A, classification probability of Mollisol in the study area.   B, 
classification probability of non-Mollisol in the study area.  C, 
spatial distribution results of Mollisol and non-Mollisol based on 
remote sensing zoning in the study area.

Table 4  Area and proportion of each zone based on remote 
sensing zoning and FAO zoning
Zoning method Zone Area (km²) Percentage (%)
Remote sensing 
zoning

Mollisol 140.805 34.007
Non-Mollisol 273.232 65.993

FAO zoning Mollisol 154.071 37.212
Non-Mollisol 259.966 62.788
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0.848 and 0.701 g kg–1, respectively.  Overall, the results 
demonstrate that the remote-sensing-based partitioned 
local regression framework maintains superior robustness 
and predictive accuracy compared to FAO-based local 
models.  They also indicate that incorporating topographic 
and climatic covariates significantly enhances the spatial 
predictive capability of SOM.

3.4. Accuracy of different feature selection algorithms 
In this study, three feature selection algorithms, RFE, Boruta 
and Lasso, were used to optimize the input variables of local 
regression models based on remote sensing zones (Table 6).  
The results show that both Boruta and Lasso algorithms 
select almost all input features in both zones with the same 
combination of selected variables, indicating that these two 
methods lack differentiation in variable selection.  In contrast, 
the RFE algorithm demonstrated a stronger feature screening 
ability, and was able to extract more representative variable 
combinations based on environmental features in different 
regions.   In the Mollisol region, the features selected by 
RFE included Temp, B4, B2, B3, B5, B1, and B6; in the non-
Mollisol region, the selected variables were Temp, DEM, 
B1, B2, B4, Pre, B5, B6, and B3.  The result indicates 
that the RFE algorithm demonstrates higher sensitivity 
and adaptability in capturing the relationships between 
regional environmental variables and SOM responses.  
This advantage enables it to more effectively reveal the 
heterogeneity mechanisms between Mollisol and non-Mollisol 
regions.

Feature selection plays an active role in improving the 
prediction performance of local regression models based on 
remote sensing zones.  The results showed that both RFE 
and Boruta algorithms significantly improved the prediction 
accuracy of the model, with the RFE algorithm performing 
optimally (Fig.  7-A and B).  Under RFE screening, the 
model performance showed a clear improvement, with R2 
increasing to 0.627 and RMSE decreasing to 6.781 g kg–1.  
Compared with the unoptimized model, R2 increased by 

0.008 and RMSE decreased by 0.094 g kg–1, demonstrating 
the stronger effectiveness of RFE in variable optimization.  
In contrast, the Lasso algorithm failed to significantly 
improve the model performance, and the prediction 
accuracy was still R2=0.619, RMSE=6.849  g kg–1, and 
MAE=4.601 g kg–1 (Fig. 7-C).

In summary, RFE can not only effectively screen out the 
key features reflecting the regional heterogeneity response, 
but also further improve the predictive ability of the model, 
showing greater adaptability and stability in SOM spatial 
distribution modeling, which is suitable for being an 
important part of a high-performance modeling scheme.

3.5. SOM mapping results 
Based on the 2014–2023 Landsat-8 multi-temporal remote 
sensing images, the spatial distribution of SOM in the study 
area was mapped using the local regression method of remote 
sensing zoning and combining the optimal features screened by 
the RFE algorithm (Fig. 8-A).  Overall, the SOM value showed 
a spatial pattern of decreasing from northeast to southwest.  
Analyzed from a zonal perspective, the average SOM value in 
the Mollisol zone was 32.700 g kg–1, which was slightly higher 
than that in the non-Mollisol zone at 32.614 g kg–1, and the 

Table 5  Evaluation of soil organic matter prediction accuracy 
using local regression models based on FAO zones and remote 
sensing zones with remote sensing bands as input variables

Model1) Input 
Features Zone R2 RMSE 

(g kg–1)
MAE

 (g kg–1)
F Bands Mollisol 0.567 6.612 4.567

Non-
Mollisol 0.498 8.389 5.715

– 0.519 7.706 5.325
R Bands Mollisol 0.596 6.338 4.564

Non-
Mollisol 0.484 8.399 5.812

– 0.520 7.697 5.302
1) F, the local regression model based on FAO zoning; R, the local 
regression model based on remote sensing zoning.
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Fig. 5  Scatter plot of prediction accuracy using local regression with remote sensing bands only.  A, local regression based on 
FAO zoning.  B, local regression based on remote sensing zoning.  
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difference between the two was relatively small.  However, a 
significant difference was observed in the spatial variability of 
SOM between the two zones.  The standard deviation in the 
non-Mollisol zone reached 15.456 g kg–1, which was 1.344 g kg–1 
higher than that in the Mollisol zone (14.122 g kg–1), indicating 
stronger spatial heterogeneity of SOM distribution in the non-
Mollisol area (Fig. 8-B and C).  This variability may stem from the 
more complex topographic relief, diverse land cover types, and 
more pronounced climatic and environmental gradient changes 
in the non-Mollisol zone (Zhou et al. 2019).  This result further 

highlights the significant value of the synergistic application of 
remote sensing zoning strategies and feature selection methods 
in enhancing the spatial modeling accuracy of SOM and 
revealing the intra-regional heterogeneity.  

4. Discussion
4.1. Spatial differences between FAO zoning and re-
mote sensing zoning 
When carrying out SOM spatial prediction at the regional 

Fig. 6  Scatter plot of prediction accuracy for local regression models based on FAO zoning and remote sensing-based zoning, 
incorporating different combinations of environmental covariates.  A and B, local regression analyses conducted using remote 
sensing bands and terrain data.  C and D, local regression analyses conducted using remote sensing bands and climate data.  E and F, 
local regression analyses conducted using remote sensing bands, terrain data, and climate data.
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built on a wide-area soil classification system that integrates 
low-resolution soil survey data, theory of soil formation and 
expert knowledge judgment (Jones and Thornton 2015; 
Schad et al. 2015).  The zoning method has strong global 
consistency and cross-regional comparability, and is suitable 
for macro-scale soil resource management and policy 
development.  However, the FAO-based zoning method 
shows evident limitations when applied at the regional scale 
due to its low spatial resolution and static classification 
framework.  Consequently, it fails to adequately represent the 
complex spatial structure of the transitional zones between 
Mollisol and non-Mollisol.  This limitation leads to blurred 
boundaries, omission of localized patches, and an excessive 
generalization of topography-related heterogeneity (Fig. 9-A 
and B).  

The other method is based on Landsat-8 multi-temporal 
remote sensing images and combines regional environmental 
covariates (e.g., topography, climate, etc.) to construct remote 
sensing zones.  Compared with the FAO method, the remote 
sensing zoning has significant advantages in terms of the 
richness of data sources, timeliness and spatial resolution, 
and it can dynamically reflect the coupling relationship 
between surface reflectance features and soil-forming 
environment.  With the integrated modeling of RF algorithm, 
this method can effectively identify the spatial distribution of 
Mollisol patches, especially in areas with significant spatial 

Table 6  Selection of optimal features in each zone within 
remote sensing zones under different feature selection 
algorithms
Feature selection 
algorithmm1) Optimal features2)

RFE+RF (RM) Temp, B4, B2, B3, B5, B1, B6
RFE+RF (RN) Temp, Elev, B1, B2, B4, Pre, B5, B6, B3
Boruta+RF (RM) B1, B2, B3, B4, B5, B6, Elev, Temp, Pre
Boruta+RF (RN) B1, B2, B3, B4, B5, B6, Elev, Temp, Pre
Lasso+RF (RM) B1, B2, B3, B4, B5, B6, Elev, Slope, Temp, Pre
Lasso+RF (RN) B1, B2, B3, B4, B5, B6, Elev, Slope, Temp, Pre
1) RFE, the recursive feature elimination algorithm; RF, the random 

forest algorithm; RM, the Mollisol zone in the remote sensing-based 
zoning; RN, the non-Mollisol zone in the remote sensing-based 
zoning.

2) Temp, the multi-year average temperature; B4, the NIR in 
Landsat-8; B2, the Green in Landsat-8; B3, the Red in Landsat-8; 
B5, the SWIR1 in Landsat-8; B1, the Blue in Landsat-8; B6, the 
SWIR2 in Landsat-8; Elev, the elevation; Pre, the multi-year 
average precipitation. 

Fig.  7  Scatter plot of the prediction accuracy of the local 
regression model soil organic matter (SOM) based on remote 
sensing zoning under different feature selection algorithms.  A, 
regression using the recursive feature elimination (RFE) algorithm.  
B, regression using the Boruta algorithm.  C, regression using the 
least absolute shrinkage and selection operator (Lasso) algorithm.
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scale, the accurate delineation of the Mollisol and non-
Mollisol zones not only determines the scientific validity of 
the modeling stratification strategy, but also directly affects 
the cognitive accuracy and quantitative explanation ability of 
the soil evolution process.  In this study, we systematically 
compared the differences in spatial expression between two 
typical Mollisol zone delineation methods.  One is a zoning 
method based on the FAO Global Mollisol Database, which is 
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heterogeneity, such as marginal, fragmented and degraded 
areas, and shows higher identification sensitivity and 
discrimination ability (Fig. 9-D and E).  This zoning strategy, 
which is closely matched with regional ecological processes, 
effectively improves the accuracy of portraying the spatial 
structural complexity of the Mollisol area, and enhances the 
adaptability and generalization ability of the model in the 
context of heterogeneity.

In summary, FAO zoning is suitable for macro-assessment 
of soil resources at global or national scales, while remote 
sensing zoning is more suitable for regional-scale SOM 
prediction and fine modeling tasks.  It has significant 
advantages in capturing the dynamic evolution characteristics 
of Mollisol and supporting regional adaptive modeling, which 
provides a key support for the in-depth understanding of the 
spatial evolution mechanism of Mollisol and the enhancement 
of SOM mapping accuracy.

4.2. Improving SOM prediction accuracy through  
remote sensing-based zoning modeling and feature 
optimization
Reasonable spatial zoning and feature optimization strategies 
play a key role in enhancing the spatial prediction accuracy of 
SOM (Gomes et al. 2019; Guo et al. 2019).  To systematically 
evaluate the effectiveness of zoning modeling, this study 
constructed two models for comparison.  Results indicate that 
when all variables are included as inputs, the model based 
on remote sensing zoning outperforms the local regression 

strategy using FAO zoning (Table 7).  This improvement 
stems from the significant enhancement in the model’s 
response to spatial variations in SOM, achieved through 
the coupling of remote sensing bands with environmental 
covariates (Grimm et al. 2008; Guo et al. 2015; Hounkpatin 
et al. 2021).  Further comparisons revealed that prediction 
accuracies were generally higher in the Mollisol region than 
in the non-Mollisol region, reflecting the significant non-
homogeneity of the SOM distribution within the region and 
re-emphasizing the importance of employing local models to 
accommodate spatial variability.  

To address the variable redundancy problem, three 
algorithms, RFE, Boruta and Lasso, are introduced in 
this study for evaluation, and the results show that the 
RFE algorithm is the most superior in terms of variable 
screening effect and prediction accuracy enhancement.  
The optimized feature combinations using RFE significantly 
improved the prediction performance of the models in each 
zone (Table 8).  It is worth noting that there are differences 
in the optimal variable combinations screened in different 
subregions, reflecting the regional variation characteristics 
of the main control factors of SOM.  Specifically, in the 
Mollisol zone, the surface SOM value is high and the 
exposure period is long, and the multi-temporal remote 
sensing band is more sensit ive to the soi l  spectra, 
which can effectively capture the spatial and temporal 
heterogeneity of SOM, and thus the remote sensing band 
is the dominant predictor in this zone; whereas, the non-
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Fig. 8  Spatial distribution map of soil organic matter (SOM) value in the study area.  A, SOM inversion results based on remote 
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Mollisol area is characterized by large topographic relief 
and pronounced climatic gradients, SOM in this region is 
jointly regulated by both terrain and climate.  Variables 
such as slope, elevat ion, and surface temperature 
effectively represent the influence of ecological conditions 
on SOM accumulation (Guo et al. 2013; Sun et al. 2015).  

Consequently, the contribution of topographic and climatic 
variables to SOM prediction is more significant in this 
region.

In summary, this study demonstrates that the synergistic 
strategy of remote sensing zoning and feature optimization 
can significantly enhance the spatial prediction accuracy 
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Fig. 9  Comparison of the spatial distribution results of Mollisol and non-Mollisol under two zoning methods.  A, distribution results 
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Landsat-8 remote sensing imagery in the study area.

审图号 : GS 京 (2026) 0965 号



3466 Xue Li et al.  Journal of Integrative Agriculture  2026, 25(8): 3453–3468

of SOM, which is superior to the ability to characterize the 
spatial heterogeneity of the traditional FAO delineation.  
This strategy enhances the regional adaptability of the 
model, which in turn is applicable to the fine modeling of 
soil-forming-environment-driven Mollisol and non-Mollisol 
intertwined zones.

4.3. Limitations and future prospects 
In this study, we developed a spatial prediction framework 
for SOM based on optimized Mollisol and non-Mollisol 
zoning (RSZ-FSO-RF).  By integrating remote sensing-
based regionalization, feature selection optimization, and 
the RF algorithm, this framework substantially improved 
SOM mapping accuracy in the typical interlaced zones 
of Mollisol and non-Mollisol areas in Northeast China, 
demonstrating strong regional adaptability and modeling 
efficiency.  However, the following limitations still exist: (1) 
The spatial distribution of the samples is not yet balanced, 
and the sampling density of some ecological transition zones 
and highly heterogeneous regions is low, which limits the 
generalization ability of the local regression model in such 
regions and may trigger prediction errors; (2) this study is 
mainly based on the RF algorithm for modeling, and has 
not yet systematically compared the modeling advantages 
and applicability of other machine learning methods under 
diverse ecological backgrounds and spatial heterogeneity; 
(3) the geographic zoning strategy is only based on soil type 
classification, and the effects of different zoning schemes 
(e.g., regular grids, administrative boundaries, ecological 
zoning, etc.) on modeling performance have not been fully 
explored (Brungard et al. 2021; Du et al. 2024).  There is 
a lack of systematic comparative studies on modeling unit 
scale and boundary definition of multiple zoning approaches.  
In view of the above limitations, future research should 
focus on the following aspects: firstly, optimize the sample 
deployment strategy, especially to strengthen the sampling 
density and environmental gradient coverage of ecological 

transition zones and high heterogeneity areas, and construct 
a more representative and robust training sample set through 
the introduction of spatially optimized sampling techniques; 
secondly, incorporate a variety of advanced machine 
learning algorithms (e.g., neural networks, deep learning, 
etc.), systematically evaluate their modeling performance 
in different ecological contexts, and identify the most 
regionally-adaptive modeling strategies and hyper-parameter 
configurations (Ou et al. 2021; Odebiri et al. 2022); finally, 
it is necessary to construct and compare various spatial 
zoning schemes, clarify the applicability of different zoning 
rules under complex geomorphological and environmental 
conditions, and deeply explore the influence of scale effect 
and boundary sensitivity of modeling units on the prediction 
results, so as to construct a more stable and optimal modeling 
zoning system applicable to specific regional characteristics.

5. Conclusion 
This study developed an integrated RSZ-FSO-RF framework 
combining remote sensing zoning, feature selection 
optimization, and random forest modeling techniques to 
enhance spatial prediction capabilities for SOM in landscapes 
with intermingled Mollisol and non-Mollisol.  Local models 
stratified by remote-sensing-derived zones consistently 
outperformed those based on FAO zoning in both accuracy 
and stability, and the incorporation of a targeted feature-
selection strategy yielded further gains in predictive 
performance.  Distinct spatial patterns and controlling factors 
were observed between Mollisol and non-Mollisol areas: 
Mollisol zones exhibited higher and more spatially uniform 
SOM, whereas non-Mollisol zones showed lower mean 
SOM but greater spatial variability, reflecting more complex 
topographic-climatic coupling and soil-forming processes.  
These results validate the necessity of zone-specific modeling 
and highlight the central roles of remote-sensing zoning and 
feature selection in constructing regional adaptive models.  
The RSZ-FSO-RF framework thus provides a theoretical 
basis and practical pathway for high-precision SOM mapping 
in complex ecological regions.  Future work should test the 
framework across varied soil types and climate regimes 
and pursue long-term, mechanism-driven monitoring of soil 
carbon stocks by integrating higher spatio-temporal remote 
sensing and multi-source environmental data.

Table 7  Total soil organic matter (SOM) prediction accuracy 
of the local regression model and SOM prediction accuracy 
of each zone

Model1) R2 RMSE 
(g kg–1)

MAE
 (g kg–1)

F 0.617 6.855 4.607

R 0.619 6.849 4.601

FM 0.639 5.762 4.076

FN 0.608 7.414 4.905

RM 0.669 5.742 4.074

RN 0.597 7.429 4.993

1) F, the local regression model based on FAO zoning; R, the local 
regression model based on remote sensing zoning; FM, the Mollisol 
zone in the FAO-based zoning; FN, the non-Mollisol zone in the 
FAO-based zoning; RM, the Mollisol zone in the remote sensing-
based zoning; RN, the non-Mollisol zone in the remote sensing-
based zoning. 

Table 8  Soil organic matter (SOM) prediction accuracy of the 
optimal zoning strategy under the RFE algorithm

Model1) Optimal features2) R2 RMSE 
(g kg–1)

MAE 
(g kg–1)

RM
Temp, B4, B2, B3, 

B5, B1, B6
0.675 5.609 4.063

RN
Temp, Elev, B1, B2, 
B4, Pre, B5, B6, B3

0.601 7.384 4.992

R – 0.627 6.781 4.507
1) RM, the Mollisol zone in the remote sensing-based zoning; RN, the 
non-Mollisol zone in the remote sensing-based zoning; R, the local 
regression model based on remote sensing zoning.

2) Temp, the multi-year average temperature; B4, the NIR in 
Landsat-8; B2, the Green in Landsat-8; B3, the Red in Landsat-8; 
B5, the SWIR1 in Landsat-8; B1, the Blue in Landsat-8; B6, the 
SWIR2 in Landsat-8; Elev, the elevation; Pre, the multi-year 
average precipitation. 
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