Pre prints.org

Article Not peer-reviewed version

Estimation of Farmland Soil Organic
Carbon Stocks by Using Single-Year and
Multi-Year Landsat Imagery: A
Comparison Across Different Time
Periods and Indicator Combinations

Yumei Long and Yue Zhang i
Posted Date: 29 April 2026
doi: 10.20944/preprints202604.2005.v1

Keywords: soil organic carbon; digital soil mapping; indicator combinations; random forest; farm
management; Mollisols

Preprints.org is a free multidisciplinary platform providing preprint service
that is dedicated to making early versions of research outputs permanently
available and citable. Preprints posted at Preprints.org appear in Web of
Science, Crossref, Google Scholar, Scilit, Europe PMC, OpenAlex.

Copyright: This open access article is published under a Creative Commons CC BY 4.0
license, which permit the free download, distribution, and reuse, provided that the author
and preprint are cited in any reuse.



https://sciprofiles.com/profile/5043163
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 29 April 2026 d0i:10.20944/preprints202604.2005.v1

Disclaimer/Publisher’'s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and
contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

Article

Estimation of Farmland Soil Organic Carbon Stocks
by Using Single-Year and Multi-Year Landsat
Imagery: A Comparison Across Different Time
Periods and Indicator Combinations

Yumei Long ' and Yue Zhang 123*

1 College of Resources and Environment, Jilin Agricultural University, Changchun 130118, China

2 Key Laboratory of Soil Resource Sustainable Utilization for Jilin Province Commodity Grain Bases Jilin Agricultural
University, Changchun 130118, China

3 Key Laboratory of Straw Comprehensive Utilization and Black Soil Conservation, Ministry of Education, Changchun
130118, China

Correspondence: yuezhang@jlau.edu.cn

What are the main findings?

e  Farmland SOC content can also be estimated indirectly at crop cover conditions.

e  An optimized period of images for SOC prediction in agricultural soils is 3-5 years.

What are the implications of the main findings?

e This finding breaks the traditional limitation that SOC estimation is only feasible during bare-
soil periods.

e This finding establishes a 3-5 year window as the optimal trade-off, providing a practical
guideline for efficient and generalizable SOC prediction.

Abstract

Accurate soil organic carbon (SOC) estimation is vital for analyzing the global carbon cycle. Currently
the bare soil compositing approaches for multi-temporal images are widely used, however the
optimized length of compositing period and influence of different indicators on SOC estimaiton for
both bare soil and crop cover conditions is unknown. In this study, a time series of Landsat 8
Operational Land Imager multitemporal images was obtained from 2013-2018, with the aim of
generating datasets that represent SOC changes across single dates, single years, and multiple years.
Soil properties (S), terrain attributes (T), vegetation conditions (V), and farm management practices
(F) were employed to predict the spatial distribution of SOC by using the random forest model for
both bare soil and crop cover conditions. The results revealed that multi-temporal images from three
years and longer produced accurate SOC predictions, with coefficients of determination (R?) and root
mean squared errors (RMSEs) of 0.94-0.95 and 1.75-1.77 g kg, respectively. The four types of
indicator combinations (S+T+V+F) achieved the best model performance, followed by the T+V+F,
S+V+F, and V+F combinations for the bare soil condition in 2016-2018 period. This study provides a
possible way for obtaining farmland SOC sequestration under crop cover conditions.

Keywords: soil organic carbon; digital soil mapping; indicator combinations; random forest; farm
management; Mollisols

1. Introduction

Soil organic carbon (SOC), especially in agricultural soils, plays an important role in the
terrestrial carbon pool because it is closely related to soil quality, food production, and the global
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carbon cycle [1-2]. The amount of carbon that can be stored in agricultural soil is 3.3-6.8 billion tons
globally each year, and small changes in the soil carbon stock can impact the carbon concentrations
in the atmosphere [3-4]. However, temporal and spatial heterogeneity is an obstacle to SOC
quantification in agricultural soils because SOC varies with climate, topography, vegetation, parent
material, and farm management [5-6]. Accurate estimation of regional SOC stocks in farmlands is
extremely important.

The traditional methods for SOC monitoring include extensive soil sampling and laboratory
analysis, but this process demands extensive human resources and time, and is difficult to apply at
regional scales [7]. In recent years, digital soil mapping (DSM) has been used to estimate cropland
soil properties and provide SOC stock spatial patterns [8-9]. Current studies have demonstrated the
potential of multispectral satellite images for regional SOC mapping either directly when bare soils
are exposed [10] or indirectly when soils are covered by vegetation [11]. Soil reflectance composites
(SRCs) based on remote sensing (RS) data have been applied for large-scale soil property prediction
when most cropland soils are exposed [12-13]. Moreover, SRC techniques have also been widely
applied to overcome the limitation of vegetation, residue, or snow covering the croplands in
multitemporal images [14-15].

Various machine learning models are gaining popularity in DSM because they can work with
the nonlinear and complex relationships among soil properties and environmental variables [12,16].
Furthermore, the relationships between SOC dynamics and various compositions of environmental
covariates can also be obtained quantitatively [17-18]. Tree-based models such as the random forest
(RF) model are feasible and reliable methods for more accurate predictions of soil properties, and are
widely applied for time series SOC quantification purposes [19-21]. Nevertheless, multiple challenges
arise for accurate SOC estimation by using time series images. First, the number of images that are
sufficient for farmland SOC estimation is not clear. The SOC estimation accuracy from single-date
versus multidate images in the same year, and multidate images in one year versus multidate images
across several years, is still unknown [22-23]. Many studies have shown that the spectral indices
derived from RS images are important covariates for SOC dynamics [24-25]. Multitemporal spectral
indices derived from long-term satellite images can reflect vegetation variations and soil covering
condition dynamics, and can be used for SOC monitoring [19,26]. A variety of indices, including the
normalized difference vegetation index (NDVI), normalized burn ratio 2 (NBR2), and soil organic
carbon index (SOC index), have been applied for soil compositing [11,27]. While there is some
uncertainty around optimal time periods, research has provided insights into effective time frames
for using spectral indices in SOC prediction [28-30].

Secondly, soil spectral reflectance in agricultural soils is also determined by soil properties, crop
covering conditions, terrain attributes, and farm management practices. These factors contribute to
the spatiotemporal heterogeneity of SOC in agricultural soils, and introduce uncertainties in the SOC
estimation process [27,31]. Moreover, farm management practices, including fertility management,
cover cropping, and tillage methods, also increase SOC storage in agricultural soils [32-33].
Anthropogenic disturbances introduce uncertainties in accurate SOC estimation and have received
little attention for SOC mapping, especially in intensively cultivated farmlands [27,34]. Identifying
how cropland SOC dynamics are linked to changes in agricultural practices, and identifying reliable
practice combinations for SOC modeling, are essential. Owing to the spatial variability in SOC
dynamics, environmental covariates are likely to vary in their relative influence at different spatial
scales [35]. Topographical attributes, such as elevation, slope, and landscape position, may
redistribute the effects of climatic factors on soils at local to regional scales [12]. Many studies have
indicated the importance of various terrain parameters for predicting SOC at different scales [36-37].
Research has shown that terrain features at local to regional scales do indeed play a significant role
in explaining the variation of cropland soil organic carbon (SOC) levels [38-39].

The Mollisol region of Northeast China is an important agricultural production base, and it faces
serious problems with soil quality, fertility, and health. Nong’an County, which is characterized by
a variety of typical soil types and main agricultural practices in the Mollisol region, was selected as
an example case to estimate SOC stocks in the farmland. Although some studies have identified a
relationship between the farmland SOC and environmental indicators, how to improve the prediction
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accuracy via investigating the synthesis peroid of multi-temporal images, selection of ground cover
conditions, and combination of environmental indicators remains unclear. Therefore, the aim of this
research is to (i) evaluate the potential of time series multitemporal images for SOC estimation under
bare soil and crop cover conditions; (ii) assess the influence of different indicator combinations,
especially agricultural management practices, on SOC estimation in agricultural soils; and (iii) obtain
the spatial distribution of SOC stocks with associated uncertainty maps in Nong’an County,
Northeast China.

2. Materials and Methods
2.1. Study Area

Nong’an County is located in the middle of Jilin Province (124°31'-125°45E, 43°55'-44°55'N) and
belongs to the Mollisol region of Northeast China (Fig. 1). It covers a total area of 5400 km2, with the
elevation varying from 147 m to 291 m above sea level. The climate of the study area has an average
annual precipitation of 507.7 mm and an average annual temperature of 4.7 °C. As a center of
commercial grain production, maize (Zea mays L.), rice (Oryza sativa L.) and peanut (Arachis
hypogaea L.) are the main crop types in Nong’an County, with a traditional one-season one-year
cropping practice and an annual cropping pattern. According to the FAO World Reference Base for
Soil Resources [40], the soil types in the study area are Calcic Chernozems, Gleyic Phaeozems, Haplic
Phaeozems, Calcaric Phaeozems, Gleyic Chernozems, Haplic Arenosols, Gleyic Solonetz, etc. The
time period with bare soil is very short (April and late October), and generally the soil is covered by
crops, snow, or straw. The flowchart of this study was shown in Fig. 2.
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Figure 1. Land use types (a), soil types (b), and DEM and soil sampling sites (c) of
Nong’an County.
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Figure 2. Flowchart of the study.
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On the basis of the scorpan model, we selected soil properties, terrain attributes,
vegetation/organism conditions derived from satellite imagery, and farm management practices as
predictors for SOC estimation in farmlands. This study was conducted at the county scale, so the
atmospheric climate conditions were fairly consistent across the whole county, and were not
considered. The topographic wetness index (TWI) was selected as a part of the soil climate predictor,
and it also represents the effect of climate on SOC. Finally, we collected a total of 31 covariates, which
respond to the scorpan model for SOC estimation in the farmlands of Nong’an County (Table 1).

Table 1. Covariates employed for farmland soil organic carbon (SOC) estimation.

Category Covariates Reference Resolution Source
The Second
Soil type National Soil
Soil - - Survey of China
Soil pH Soil sampling and
measurement
Elevation -
Slope [41]
Aspect [41]
Terrain Sin transformed [42] 30 m DEM
aspect [sin (Aspect)]
Cos transformed
[42]
aspect [cos (Aspect)]
Plan curvature [42]
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Profile curvature [42]
Average curvature [42]
Terram' ruggedness [43]
index
Convergence index [44]
TWI [45]
Mass balance index [46]
Vertical distance to [47]
channel network
Valley depth [48]
Slope height [41]
Normalized height [41]
Standardized height [41]
Mid-slope position [41]
MRVBF [49]
Length of the slope [50]
NDVI [51]
. EVI2 [52]
\gfe;i?sﬁ/ MSAVI2 [53] 30m Landsat images
& RVI [54]
SOC Index [55]
NBR2 [56] 30 m Landsat images
Chemical fertilizer
Farm rates
management Livestock - - Statistical yearbook
production
Grain yield

Abbreviations: DEM: digital elevation model; TWI: topographic wetness index; MRVBEF: areas of deposited
material in flat valley bottoms; NDVI: normalized difference vegetation index; EVI2: enhanced vegetation index
2; MSAVI2: modified soil-adjusted vegetation index 2; RVI: ratio vegetation index; SOC index: soil organic
carbon index; NBR2: normalized burn ratio 2.

2.2.1. Soil Sampling and Measurement

A field survey of the farmland was conducted in May of each year from 2013-2018. With respect
to the spatial distribution of crop types, five subsamples evenly distributed in a 5 mx5 m grid were
gathered, and then a mixed sample was obtained for each sample. A total of 5,470 soil samples were
collected from the 0-20 cm soil layer from 2013-2018. The number of soil samples across different soil
types, and the soil type proportions of the study area, are listed in Table S2. These samples were air
dried and sieved through a 2 mm mesh sieve, after which the SOC content was measured using the
potassium dichromate volumetric method [57]. The soil pH was measured by using a glass electrode
in a 1:5 suspension of soil in distilled water [58]. The soil type data were obtained from the Second
National Soil Survey of China at a scale of 1:50,000.

2.2.2. Terrain Attributes

A multiscale digital terrain analysis approach was applied to achieve better SOC prediction
performances, and analyzed the impacts of different terrain attributes across multiple scales on SOC
prediction. We used the ASTER Global Digital Elevation Map with a spatial resolution of 30 m. The
terrain attributes were divided into three groups: local scale, regional scale, and combined scale. As
shown in Table 1, the terrain attributes at the local scale include elevation, slope, aspect, sin
transformed aspect, cos transformed aspect, plan curvature, profile curvature, average curvature, the
terrain ruggedness index, and the convergence index. The terrain attributes at the regional scale
include TWI, mass balance indeXx, vertical distance to the channel network, valley depth, slope height,

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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normalized height, standardized height, mid-slope position, and MRVBEF. The terrain attributes at
the combined scale include only the length of the slope. The above terrain attributes were derived by
using SAGA GIS software (https://saga-gis.org/) with the default parameter settings, and their
algorithms and pre- or postprocessing can be found in [39], [37], and [59].

2.2.3. Satellite Imagery

This study selected all available Landsat 8 Operational Land Imager (OLI) images covering
Nong’an from 2013-2018 via GEE, for a total of 42 images with less than 10% cloud coverage. The
acquisition dates of Landsat images and the identification of ground cover conditions for each year
are shown in Fig. 3. Landsat 8 OLI surface reflectance images, which were atmospherically corrected
and archived in GEE, were used to estimate the SOC content. The imagery has 11 spectral bands
ranging from the visible, near infrared (NIR), and shortwave infrared (SWIR) regions to the thermal
infrared (TIR) region, at a spatial resolution of 30 m, which provides the main wavelengths for SOC
estimation with high resolution. Finally, the median reflectance was calculated for each band to
generate the composite reflectance of the collection images. Because the median synthesis method is
rarely affected by possible extreme outliers, it has been a widely applied best pixel selection strategy
in recent years [17,60].

2018 - + + + 4+ + o+

2017 + + + + + + +

2016 - + + + + + o+

2015 + + + + + + + + +

Snow cover Crop cover Snow cover
2014 + + + + + + +
Bear soil Bear soil
2013 - + + o+ + o+

1 1 I I I 1 I 1 I 1 1 I

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Figure 3. Acquisition dates of Landsat 8 Operational Land Imager (OLI) images and the identification of ground
cover conditions from 2013-2018.

Subsequently, six spectral indices, which are commonly used in the mapping of SOC and other
soil properties, were employed to reflect the vegetation/organism and farm covering conditions
[25,61-62]. The selected spectral indices were the normalized difference vegetation index (NDVI)[51],
enhanced vegetation index 2 (EVI2) [52], modified soil-adjusted vegetation index 2 (MSAVI2) [53],
ratio vegetation index (RVI) [54], soil organic carbon index (SOC index) [55], and normalized burn
ratio 2 (NBR2) [56]. Specifically, NBR2 was originally defined for Landsat imagery to detect crop
residue cover in farmland under conservation tillage, so it was selected to derive management
strategies such as straw cover. During the bare soil period, the pixels with NBR2 values greater than
0.09 represented crop residue management. These spectral indices were calculated by the following

equations:
NDVI = (NIR - RED) O
(NIR+ RED)
EVID = 2.4x(NIR - RED) ?

(NIR + RED+1)

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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2x NIR +1—+/(2x NIR +1)* —8x(NIR — RED
MSAyT2 = 22T Jex 2+) x( ) 3)
RVI = —NIR 4)
RED
SOC Index = BLUE (5)
(REDx GREEN)
NBR? < (SWIR1—SWIR2) ©)
(SWIR1+ SWIR2)

where BLUE, GREEN, RED, NIR, SWIR1, and SWIR2 correspond to the B2, B3, B4, B5, B6, and B7
bands of Landsat 8 images, respectively.

2.2.4. Farm Management

As mentioned above, NBR2 was selected as one indicator to represent farm management. Survey
data, including chemical fertilizer rates, livestock production numbers, and grain yields, were also
collected from farmlands across Nong’an County between 2013 and 2018, and were provided by the
Statistical Yearbook of Jilin Province (http://tjjjl.gov.cn/). The three parameters were spatially
interpolated into a 30 m resolution raster map via the ordinary kriging method [63].

All the soil sampling points, twenty terrain attributes, six spectral indices, and farm management
maps were transformed to the Universal Transverse Mercator (UTM) coordinate system with the
World Geodetic System 1984 (WGS-84).

2.3. Semivariance Analysis

A crucial step of a successful DSM procedure is the sampling design [64-65]. A semivariance
analysis was conducted to examine the effect of this sampling design on spatial autocorrelation
between soil samples by using GS5+9.0 software. The equation of semivariance is as follows [66]:

() = s B IZ00) = 20 + )P @)

where y(h) represents the number of point pairs separated by h, and where Z(xi+h) and Z(xi) are the
sample values at locations xi+h and xi, respectively. The optimal model (e.g., exponential, Gaussian,
linear, or spherical) is selected on the basis of the lowest residual sum of squares (RSS) and the
greatest coefficient of determination (R?). Several important parameters were used to evaluate the
spatial autocorrelation of the soil samples, including the nugget variance (Co), sill variance (C+Co),
proportion Co/(Co+C), and range. The spatial autocorrelation decreases with the increasing of
Co/(Co+C) values [67].

2.4. Recursive Feature Elimination

A combination of the recursive feature elimination (RFE) method [68-69] and the RF model was
applied to reduce the redundant and irrelevant information from the input indicators. First, the
importance of various indicators was calculated and sorted based on their impact on impurity
reduction during the training process. Second, the least important 20% of indicators were eliminated,
and a new prediction dataset was established by using the remaining indicators in each iteration. The
iteration process was repeated until there were no or only a few indicators left. Then, the minimum
indicator dataset corresponding to the optimal validation result can be obtained. Finally, the most
relevant indicators for SOC estimation were identified. Here, the RFE was conducted by using the
“rfe” function in the caret package [70].

2.5. RF Regression Algorithm

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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The random forest (RF) regression model was selected as the estimation model for the SOC
content. The RF model is an ensemble learning technique involving multiple decision trees and has
been widely applied in classification and regression studies [71]. During the regression process,
several regression trees were built on the basis of a unique bootstrap sample, and the averaged trees
were used to estimate the soil properties. The RF model contains three user-defined parameters,
including the number of trees (ntree), the number of variables used as predictors for each tree (mtry),
and the minimum size in each terminal mode (node size) [72]. ntree was set from 500-2000 to train
the model. The default value of mtry was generally set to one-third of the number of selected
predictors. Node size was also tested with different values, such as 1, 2, 3, 4, and 5. Considering the
above parameters and their ranges, hyperparameter tuning was applied to optimize the RF
parameters, and the grid search method was implemented [73]. After grid search and validation
procedure for parameter optimization, the optimal parameters were determined.

Moreover, the RF model can also calculate every predictor’s relative importance on the basis of
the regression prediction error of out-of-bag (OOB) predictions. The OOB data can compute the mean
squared error (MSE) for each tree before and after permuting each predictor, and the mean difference
between the two accuracies of all trees can measure the decrease in accuracy which result from the
exclusion of the covariate [74]. The higher the decrease in accuracy, the higher the relative importance
for the predictor. Particularly, the relative importance was calculated as follows [75]:

w,=0.5x4,/> 4 +05xB,/> B, ®)
i=1 i=1

: Lo . A B.
where " represents the relative importance of predictor?; ““and ~' represent the values of

%IncMSE and IncNodePurity for predictori , respectively; and 7 represents the total number of
predictors. %IncMSE is an increased percentage of the mean squared error, i.e., the decreased
accuracy value of the prediction after removing the variable, and IncNodePurity is the increase in
node purity, with greater node purity representing a more important variable [76].

2.6. Comparison, Validation, and Uncertainty Assessment

To predict the farmland SOC of Nong’an County in 2018, RF models were built using different
indicator combinations across single-date, single-year, and multi-year imagery from 2013-2018. The
indicator combinations included S+T, S+V, S+F, S+T+V, S+T+F, S+V+F, T+V, T+F, T+V+F, V+F, and
S+T+V+E. The multi-year combinations included one year (2018), two years (2017-2018), three years
(2016-2018), four years (2015-2008), five years (2014-2018), and six years (2013-2018). Moreover, we
investigated the SOC prediction accuracy during the bare soil and crop coverage periods (Fig. 3). The
soil surface in Northeast China is covered by snow from November of the previous year to March of
the current year, followed by the crop coverage status from May to September, so the bare soil period
is only in April and late October.

For all the SOC estimation models in the study area, the soil samples were split, with 70% for
the model calibration set and 30% for the validation set. Two statistical parameters, the coefficient of
determination (R? and root mean square error (RMSE), were subsequently used for RF model
validation across different image numbers and indicator combinations:

Zn:(zi - Zj)z

R2 :1_ i=1 (9)

>z -2y

RMSE = /1i(zi -z)’ (10)
noio
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where and are the observed and predicted SOC contents at site , respectively, and where is the
average of the observed values. n is the number of samples. A bootstrapping approach was applied
to calculate the uncertainty of the SOC estimations [77].

Here, we constructed a quantile regression forest (QRF) model for the uncertainty calculation of
SOC prediction. The QRF can estimate a target variable for any quantile that is needed to derive the
lower and upper limits of a 95% prediction interval. The uncertainty was calculated on the basis of
the prediction interval coverage probability (PICP) obtained from the QRF model, which is expressed
as follows [78]:

count(PI" <z, < PI”)

n

PICP =

(11)

L U
where Pl and 1 are the upper and lower 95% confidence limits for a pixel, respectively, and

where is the number of data points in the validation dataset. On the basis of this method, the spatial
patterns of SOC prediction uncertainty were obtained for different time periods and indicator
combinations.

3. Results
3.1. Descriptive Statistics

The descriptive statistics for the measured SOC contents of the soil samples from 2013-2018 are
presented in Table 2. The SOC content within Nong’an ranged from 7.2 g kg-1 to 44.7 g kg, with a
mean value of 25.9 g kg'. The coefficient of variation (CV) of the SOC was 16.8%, with skewness and
kurtosis values of 0.1 and 1.7, respectively, indicating that it was basically normally distributed. The
similarities between each year from 2013-2018, and the whole datasets, suggested that it was feasible
to compare the performance of single-year and multi-year images for SOC estimation.

Table 2. Descriptive statistics of the measured soil organic carbon (SOC) content (g kg-1) from 2013-2018 in
Nong’an County, the Mollisol region of Northeast China.

Ccv

Year n Min Max Mean SD %) Median Skewness Kurtosis
2013 1016 7.3 33.2 26.3 3.6 13.5 26.8 -14 4.4
2014 954 12.5 34.1 25.1 3.6 14.4 25.3 -0.3 -0.3
2015 932 9.7 44.5 26.9 6.3 23.5 26.5 0.0 -0.2
2016 979 9.1 44.7 259 5.0 20.4 25.5 0.2 1.0
2017 598 14.6 36.6 26.9 2.9 10.8 27.0 -0.3 1.3
2018 991 7.2 36.2 24.7 2.8 11.3 24.7 -0.2 49
2013-

2018 5470 7.2 447 25.9 4.4 16.8 25.8 0.1 1.7

n: number of soil samples, SD: standard deviation, CV: coefficient of variation.

3.2. Spatial Autocorrelation Analysis

The appropriate semivariance model was selected based on the maximum coefficient of
determination R? (0.83) and the residual sums of squares RS5<0.001 (Table 3). The range of the
semivariance was 900 m, and the mean sampling density was 1 point/km?, which indicated that our
averaged sampling interval was larger than the maximum distance of autocorrelation for the SOC
content.

Table 3. Parameters of semivariograms of soil organic carbon (SOC) in Nong’an County.

Model Nugget (Co)  Sill (Co+C)  Nugget/Sill Range (m) R2 RSS
(%)
Exponential 0.0117 0.0807 85.50 900 0.83  1.54E-04
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3.3. Indicator Selection and Model Performance

To conduct the feature elimination process, we used the RF model to calculate the feature
importance across all the SOC prediction models with different time periods. Taking the prediction
of 2018 under bare soil conditions as an example, the initial training with all 44 indicators yielded an
R? of 0.79 and an RMSE of 2.03 g kg'. To achieve the highest R? and lowest RMSE, the 10 most
influential indicators (grain yield, livestock production, chemical fertilizer, vertical depth, elevation,
NBR?2, soil type, SOC index, MSAVI2, sin (Aspect)) were selected for retraining. The model trained
with these 10 indicators also achieved a consistent performance, with an R? of 0.79 and an RMSE of
2.01 g kg'. This result indicated that the RFE method could simplify the models without
compromising their predictive ability.

After the indicator selection process, the performance of the SOC prediction models across
different time periods and indicator combinations was tested by using the validation dataset, as
shown in Table 4 for bare soil and Table 5 for crop cover conditions. For RF models of different
indicator combinations, the range of optimal hyperparameters settings of ntree mainly ranged
between 550-1000, and the optimal mtry mainly ranged between 5-10, respectively. Compared with
the prediction model that uses multi-year indicators, the model that uses single-year indicators
achieves a poorer performance for SOC estimation. During the 2016-2018 time period, the R? and
RMSE of the S+T+V+F combination were 0.95 and 1.75 g kg, respectively, and the prediction accuracy
for farmland SOC was the highest for the bare soil condition (Table 4). The highest prediction
accuracy for the best time period and indicator combination for crop cover conditions was consistent
with that for bare soil conditions, with R2 (0.94) and lowest RMSE (1.77 g kg™) for the 2016-2018 time
period and S+T+V+F combination (Table 5). The best time period for the selection of multi-temporal
images was approximately three years, which achieved the best performance of the farmland SOC
prediction model in 2018.

A variety of SOC prediction models showed significant differences in performance across a
series of indicator combinations. A prediction model that uses two indicators generally performs
poorly, and a model that uses three or four indicators performs well. Compared with other indicator
combinations, the results revealed that adding management practices to the environmental covariates
increased the prediction accuracy by 27.7-39.7% (in terms of R?) and 13.0-43.6% (in terms of RMSE)
relative to the S+T+V combination for the 2016-2018 period. As shown in Table 4, the farmland SOC
prediction models also performed well with indicator combinations such as V+F, S+V+F, T+V+F, and
S+T+V+E. These findings indicate that adding vegetation spectral features and management practices
would also improve the prediction accuracy of farmland SOC for crop cover conditions.

Table 4. Model performance of different time periods and indicator combinations for soil organic carbon (SOC)
estimation under bare soil conditions in Nong’an County, the Mollisol region of Northeast China.

Single-

date 2018 2017-2018  2016-2018 2015-2018 2014-2018 2013-2018
RM RM RM RM RM
Ind R2 R2 R?2 R2 R2 Rz RM RM
E E E E E R2
icat S S 5 S S SE SE
ors (Me (Me (Me (Me (Me (Me (Me (Me (Me (Me (Me (Mean
an + an + an + an + an + an + an + an + an + an + an+ (Mean +sD) (Mean
D N D N D N D N D N D +SD) +5D)
SD) gpy SD) gp) SD) gpy SD) gp) SD) gy SD)

019 443 029 4.08 029 408 029 408 029 4.08 029 4.08 0.29 4.08

29 £33 16 27 #1.6 70 3.7 50 +13 5.0 1.7 +80 +43 <38

x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- x=10- x10- x10-
Sg 3C 3i 3d 3h 3C 3i 4C 3i 4C Si 4C 3i SC

014 447 016 446 017 442 021 445 024 445 024 445 025 445

S+ #15 21 39 +40 32 50 24 1.0 1.7 £31 32 =#1.7 48 =36

V.  x100 x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- x10
3h 3a 3k 4a 3 4a 3k 3a 3k 3a 3k 3a 3k 3a

S+T
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025 426 039 368 041 3.63 042 363 042 363 042 3.63 042 3.63
+23 +47 31 50 80 2.0 1.1 +14 +29 +50 1.1 80 2.7 +£1.8
x10-  x10- x10- x10- x10- x10- x10- x=10- x10- x10- x10- x10- x10- x10-
3f 36 3f 4e 4f 4e 3g 3f Sg 4e 3g 4a 3g 3e
015 445 023 412 026 410 025 411 026 411 026 413 026 4.13
T+ 29 3.7 28 +46 30 6.0 30 70 21 50 £33 +2.1 2.8 7.0
V  x100 x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- x10-
Bh 3b 3]' 3b 3]' 3b 3]' 4b 3] 4b 3] 3b 3]' 4b
020 442 031 409 035 387 037 376 037 375 037 376 037 375
+3.0 48 42 21 26 3.0 43 2.6 43 26 1.1 29 1.1 24
x10- x10- x10- x10- x10- x10- x10- x=10- x10- x10- x10- x10- x10- x10
3g 3d 3h 3C Sg 3d 3h 3e Sh 3d Sh 3d 3h 3d
039 371 047 355 0.62 335 074 209 074 211 074 211 074 211
V+ 21 1.8 19 +40 4.0 1.0 35 45 +40 +40 9.0 5.0 1.2 6.0
F x10- x10- =10 x10- x10- x10- x10- =10~ x10- x10- x10- x10- x10- x10
3d Si 3e 4g 4d 4f 3d 3i 3d Zh 4d 4g 3d 4h
035 391 046 361 055 328 0.65 310 0.68 3.11 0.68 3.08 0.68 3.08
S+T +1.3 7.0 2.8 +70 32 +8.0 +28 1.0 =15 £33 +33 3.6 35 =35
+V  x10- %10 x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- x10
3e 4g 3g 4f 3e 4h 4f 4g 3f 3f 3f 3f 3f 3f
036 410 054 336 055 329 070 3.07 070 3.05 0.70 3.10 0.70 3.07
S+T 20 +#5.0 40 50 29 90 +1.3 +35 +33 +8.0 =+4.1 6.0 42 =35
+F  x10- x10- =10~ x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- x10
3e 4f 3C 4i 3e 4g 3e Bh 3e 4g Se 3e 3e Sg
042 378 051 346 0.66 313 0.77 205 077 205 0.77 205 0.76 2.05

S+F

T+F

\S;:L +32 24 36 3.0 37 20 27 24 +7.0 +23 1.8 9.0 1.0 4.1
x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- x10-
F 3¢ 3h 3d 4h ic 4 3¢ 3 ic 3 3¢ h 3¢ 3
T+ 051 338 065 315 075 213 084 197 084 196 0.84 196 084 197
Ve +39 70 3.7 20 32 20 +34 +50 +6.0 +3.8 2.0 1.6 2.0 3.0
F x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- x10-
2b 4k 4b 3]' 3b 3]' 3b 4] 4b 3j 4b 31 4b 3]
SiT 058 340 079 201 087 18 09 175 095 175 095 175 094 1.75
Y +4.0 3.7 32 50 90 3.0 +34 6.0 9.0 1.6 1.0 =50 6.0 =13
F x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- x10-

4q 3]' 3a 4k 4q 41( 3a 4k 4q 3k 3a 3]' 4q 3k

Note: S-soil properties; T-terrain attributes; V-vegetation indices; F-farm management. Different lowercase

letters indicate signiffcant statistical differences between groups of the same confidence intervals (p<0.05).

Table 5. Model performance of different time periods and indicator combinations for soil organic carbon (SOC)
estimation on the basis of crop cover conditions in Nong’an County, the Mollisol region of Northeast China.

Sl(;‘::lgtlee- 2018 2017-2018 2016-2018 2015-2018 2014-2018 2013-2018
RM RM RM RM RM RM RM

2 2 2 2 2 2
Ind R gy R gy R R R R R

icat

ors (Me (Me (Me (Me (Me (Me (Me (Me (Me (Me (Me (Me (Me (Me
an+ an + an + an + an + an + an + an + an + an + an + an + an + an +
SD) SD) SD) SD) SD) SD) SD) SD) SD) SD) SD) SD) SD) SD)

0.15 440 029 408 029 4.08 029 4.08 029 4.08 029 4.08 029 4.08

S+ £1.7 41 13 37 27 +69 1.7 44 3.6 95 +£1.9 48 1.3 3.3

T x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- x10-
3k 3a 3k 3¢ 3 3a 3k 3b 3k 3a 3k 3b 3k 3a
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025 432 048 324 053 341 054 342 054 341 053 341 054 341
S+ £1.3 #£31 20 +55 +19 +52 1.0 23 29 +81 3.8 1.0 26 58
V  x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- x10

3i 3d 3g 3g 3f 3e Sg 3e 3g 3C 3g Ze Sg 3d

026 435 040 365 043 362 045 353 045 353 045 353 045 353

+4.0 89 £1.3 45 480 +23 1.1 29 15 50 1.1 39 24 +79

x10-  x10- =10~ x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- x10-
3h 3¢ 3h 3d 4h 3¢ 3 3d 3 b 3 3d 3 3¢

027 413 038 412 045 3.67 048 354 048 354 048 3.84 048 354
T+ 36 89 21 +54 19 152 30 79 24 57 24 6.0 1.4 <39
V  x100 x100 x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- x10-

3g 3e 3i 3a 3g 3b Sh SC 3h Sb Sh 3C 3h 3b

021 441 036 411 038 4.08 038 4.09 038 4.09 038 4.09 038 4.09
T+ 28 +49 19 +50 26 77 1.1 +39 1.1 39 1.1 3.7 1.1 +3.
F x100 x100 =100 x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- 6x1

3]' 3b 3j 3b Si 3a 3] Sa 3j 3a 3] 3a 3] 0-3g

040 386 052 346 066 3.15 0.77 212 077 212 0.77 212 077 212
V+ 3.0 77 1.6 +4.0 +£3.0 +£1.1 1.3 +43 +1.7 54 +1.8 66 +24 82
F x100 <100 =100 x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- x10

3d 3h 3f 3e ic 3h 3d 3h 3d 3e 3d 3h 3d 3h

039 3.88 0.61 322 062 317 068 3.11 0.68 312 068 3.12 0.68 3.12

S+F

,T,: 2.7 78 5.0 +13 40 +19 +3.0 =14 +1.0 80 +5.0 =19 3.0 =14
x10- x10- =10~ x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- x10-
V 3e Sg 4d 3h 4d Bg 4o 3g 4o 4d 4o Sg 4o 3f
St 035 4.02 053 341 055 343 060 341 0.60 341 0.60 341 0.60 341
T+ +2.0 +54 20 50 +£25 59 +6.0 +x19 +40 1.6 +2.0 80 6.0 =24
x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- x10-
F 3f 3f 3e 3f 3e 3d 4 3f af 3¢ 4 4 of 3e
5t 045 360 064 316 070 225 0.82 204 082 204 081 204 081 204
Ve +14 35 50 +£1.2 9.0 +25 +1.0 +58 70 35 +7.0 6.2 8.0 +54
F x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- x10-
3¢ 3 i 3 b 3f 3¢ 3 ic 3f ic 3 ic 3
T+ 052 345 069 315 076 196 090 1.8 090 185 090 1.85 090 1.85
Ve +25 64 +40 +£1.6 1.6 55 +7.0 +48 50 52 8.0 +49 1.0 =49
F x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- x10- x10-

3b 3] 4b 3]' 3 a 31 4b 3j 4b 3g 4b 3] 3b 3]
S+ 056 320 075 201 076 205 094 177 095 176 094 176 095 1.76
T+ 20 455 2.0 71 1.1 +45 70 6.0 50 51 6.0 4.1 4.0 4.0
V+ x100 x10- x10- x10- x10- x10- x10- x10- x10- =10 x10- x10- x10- x10-
F ‘a 3k %a 3k 3a 3 ‘a 3k ‘a Sh ‘a 3k ‘a 3k

Note: S-soil properties; T-terrain attributes; V-vegetation indices; F-farm management. Different lowercase

letters indicate signiffcant statistical differences between groups of the same confidence intervals (p<0.05).

Since the model performance of the S+T+V+F combination for the bare soil condition was almost
consistent with that of the same indicator combination for the crop cover condition, the SOC
prediction accuracies for the crop cover condition were selected to be listed here. Moreover, the bare
soil period of the study area was short, and SOC prediction during crop cover conditions would be
useful for most years. The prediction accuracies across single-date images from 2018, multi-temporal
images from 2018, multi-temporal images from 2016-2018, and multi-temporal images from 2013—
2018 for crop cover conditions were tested using the validation dataset (Fig. 4a-d). The SOC
prediction results were satisfactory, as shown in Fig. 4c-d, with most points close to the 1:1 line;
however, one problem with the validation results was somewhat overestimating the low SOC values.
The validation results revealed that the use of multi-temporal images longer than three years can
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increase the prediction accuracy from only one-date image (R?=0.56, RMSE=3.20 g kg) or one-year
images (R?=0.75, RMSE=2.01 g kg') to the multi-temporal images during 2013-2018 (R>=0.95,
RMSE=1.76 g kg!). Thus, the model performance can be improved by 21.1-41.1% (in terms of R?) and
12.4-45.0% (in terms of RMSE) relative to the use of single-date or single-year for SOC prediction.
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Figure 4. Scatter plots of observed versus predicted farmland soil organic carbon (SOC) (g kg) derived from the
RF model via the S+T+V+F indicator combination: (a) single-date image from 2018, (b) multitemporal images
from 2018, (c) multitemporal images from 20162018, and (d) multitemporal images from 2013-2018 for crop
cover conditions in Nong’an County, the Mollisol region of Northeast China. The dashed lines represent fitted
curves, and the shaded area represent 95% confidence intervals.

To evaluate the robustness of our optimal modeling strategies, such as V+F, S+T+F, St+V+F,
T+V+F, and S+T+V+F indicator combinations in 2016-2018, the bootstrap sampling method was also
used to test the influence of reducing training samples at 90%, 70%, and 50% of the full calibration
data set. The performance metrics were validated and presented in Table 6 (detailed in Table S3).

Table 6. Model robustness evaluation across different sample sizes, with S+T+V+F combination in 2016-2018 as
an example.

Note: The model

. Cover condition Sample size R? (Mean = SD) RMSE (Mean = SD)
accuracies across Bare soil 100% 0.95 + 3.4x103 1.75 + 6.0x10
different sample 90% 0.93 + 9.5x10-4 1.60 + 6.0x10+
Sfesi i Werfl 70% 0.96 + 4.8x103 1.50 + 4.5x104
ioéame bt rtofg 50% 0.94 + 4.3x103 1.55 + 4.0x104
molin cowtap Crop cover 100% 0.94 + 7.0x104 1.77 + 6.0x103
iteral:t)ioni Pl 90% 0.93 + 8.5x104 1.85 + 6.7x10°
datain de.tail in 70% 0.94 + 7.1x10+ 1.50 + 7.9x103
Supplementary 50% 0.94 + 6.9x10 1.56 + 6.5x103
Table S3.

3.4. Covariate Importance for SOC Predictions
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The indicator importance in the S+T+V+F combination for crop cover conditions in the four time
periods of satellite images (single date, single year, three years, and more than three years) is shown
in Fig. 5. The relative importance of the four types of indicators varied across different time periods
of the selected satellite images. The soil properties accounted for 22.6-27.5% of the relative importance
for SOC predictions in the single-date and single-year periods, and their importance decreased as the
time periods changed, with importance scores ranging from 8.4-10.6% in the 2016-2018 and 2013-
2018 periods. The relative importance of terrain attributes decreased from 37.5% to 15.7% as the time
period increased. The importance scores of both vegetation and farm management increased over
time, with values ranging from 23.5-48.7% (in terms of vegetation) and 11.5-27.3% (in terms of farm
management), respectively. Moreover, the contribution of each type of indicator to the S+T+V+F
combination changed with increasing time. The relative importance of each indicator was consistent
in the 20162018 and 2013-2018 time periods, with soil properties accounting for 8.4-10.6%, terrain
attributes accounting for 15.7-17.2%, vegetation accounting for 45.6-48.7%, and farm management
accounting for 27.3-27.8% of the S+T+V+F combination for SOC predictions.

0.6

1 Soil properties

= Terrain attributes
1 Vegetation M
T Farm management

0.5 -

Feature importance
(=]
w
1
]

|

single-date  single-year 2016-2018  2013-2018
Time periods

Figure 5. Covariate importance of soil organic carbon (SOC) prediction for crop cover conditions via the RF
model for the S+T+V+F indicator combination across four time periods: single-date images from 2018,
multitemporal images from 2018, multitemporal images from 20162018, and multitemporal images from 2013-
2018 in Nong’an County, the Mollisol region of Northeast China.

3.5. Spatial Distribution of SOC and Uncertainty Mapping

Fig. 6 shows the spatial distribution maps of farmland SOC in Nong’an County during four
different time periods (single-date, single-year, three-year, and more than three-year periods) under
crop cover conditions. The spatial patterns of the four maps were mostly consistent, with the lower
SOC values distributed in the western part and the higher SOC values distributed in the northeastern
and southwestern regions. However, the spatial details differed across the four predicted SOC maps.
The SOC spatial maps from single-date and single-year images presented more heterogeneity than
did the maps from the multi-year images, especially in the central part of the study area. To obtain
more detailed differences and errors among the four predicted SOC maps, the PICP was calculated
on the basis of the 95% prediction interval as the uncertainty map (Fig. 7a-d). The PICP values from
multiple years were generally higher than those from single dates and single year, which indicated
the reliability and stability of the prediction model derived from three or more years.
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Figure 6. Spatial distribution map of soil organic carbon for the S+T+V+F combination on crop cover conditions
over four time periods of Landsat images. (a) Single-date image from 2018, (b) multitemporal images from 2018,
(c) multitemporal images from 20162018, and (d) multitemporal images from 2013-2018 in Nongan County, the
Mollisol region of Northeast China.
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Figure 6. The prediction uncertainty of soil organic carbon expressed by the PICP in the farmland of Nong’an.
(a) Single-date image from 2018, (b) multitemporal images from 2018, (c) multitemporal images from 20162018,
and (d) multitemporal images from 2013-2018 for crop cover conditions in Nong’an County, the Mollisol region
of Northeast China.

4. Discussion
4.1. Multi-Temporal Satellite Images for SOC Prediction

Currently, the challenge is to find the shortest time length of the multi-temporal images to
capture the features of SOC changes, especially in agricultural soils. Here, the best model
performance obtained in the three-year period might be linked to the cycle of input and
transformation of carbon, which was just the carbon sequestration period for agricultural soils. The
model performance did not improve when the period was longer than three years, possibly because
adding more multi-temporal images away from the SOC prediction year cannot provide more related
features for SOC sequestration. The results of this study were also consistent with those of [79], who
compared one and three years of compositing Sentinel-2 images for SOC predictions in croplands,
and the best model performances were obtained for three years or longer. Zepp et al. [30] noted that
the model performance over three years (R% 0.66, RMSE: 1.33%) when the NBR2 index was used was
similar to that over fifteen years (R% 0.72, RMSE: 1.16%) when the PV+BLUE combination was used
for SOC prediction in topsoil croplands. Moreover, comparable prediction performances were also
obtained here from the models from the V+F (R%0.77, RMSE:2.12 g kg*), S+V+F (R2:0.82, RMSE:2.04 g
kg1), and T+V+F (R%0.90, RMSE:1.85 g kg) combinations, even for the vegetation cover conditions.
However, the study region was covered by snow from early November to late March of the following
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year, and the number of cloudless scenes may be limited in some years. Although three years is the
shortest period for obtaining the best model performance, a longer period (3-5 years) is advisable for
farmland SOC prediction to reduce the uncertainty from multi-temporal images across multiple
years.

SOC estimation and mapping is challenging, due to the temporal or permanent crop and crop
residue cover. Compared with previous studies that focused on the SOC prediction during bare soil
periods only [16,28,60,], this paper proposed a new method for SOC prediction under crop cover
conditions by integrating multi-temporal images from crop cover periods across different time
lengths. The similar performance was obtained on crop cover conditions compared with that from
the bare soil condition by optimising environmental indicator combinations and time periods. The
results from our study are reliable, at least at this study site, and are expected to be used to overcome
the limitations of short bare soil periods, especially in the farmlands of Northeast China. As Zepp et
al. [30] suggested, investigating how long the soil reflectance composited length to capture SOC
changes, and the shortest time period for optimizing SOC prediction performance, was essential. It
is challenging to quantify and monitor SOC changes over short bare soil periods every year. Time
series of satellite images have the potential to capture SOC dynamics through long-term varying soil
reflectance composites.

4.2. Contributions of the Indicators

Vegetation/organism conditions, including spectral indices (e.g., MSAVI2 and the SOC index),
are the most influential indicators for farmland SOC prediction in the best time periods (2016-2018)
of the satellite images (Fig. 5). Here, the results, which presented the close relationships between the
SOC and spectral indices, were inconsistent with those of previous studies which also indicated loose
relationship between them. Some studies have shown that spectral indices can represent carbon input
and are the dominant factor in SOC sequestration, especially in agricultural soils [25,27]. Some studies
have shown very inconsistent results for SOC relationships with spectral indices, especially for
indices derived from a single-date image [24]. Moreover, spectral indices sometimes cannot
accurately represent the temporal variations in vegetation growth, and may work ineffectively in
SOC estimation. This can be explained by the relationships between SOC and spectral indices being
influenced by various random spatial components, such as soil moisture, surface roughness, and the
presence of crops on the soil surface [80]. To best describe the spatial variability of the SOC, the
random component needs to be minimized. Similar to previous studies, only long-term changes in
carbon input can be detected by multi-temporal spectral indices. This occurred because the presence
of confounding random errors in such long-term relationships would be weakened. Accordingly, the
correlation of SOC and spectral indices can be captured by multi-temporal RS images via a more
reliable approach.

In agricultural soils, SOC release occurs when farmland is subjected to continuous cropping or
intensive cultivation practices. Improvements in soil conservation and fertility are considered
suitable agricultural practices. We introduced the straw return practice (NBR2 index) to represent
soil conservation and three other covariates (chemical fertilizer, livestock production, and grain yield)
as soil fertility indicators. Here, farm management was the secondary influential indicator for SOC
prediction from 2016-2018 to 2013-2018, accounting for approximately 27.7% of the SOC prediction.
We also found that livestock production was employed to represent mature fertilizer. As mature
fertilizer is a direct carbon input to farmland, it is the most influential indicator of agricultural
practices. In intensively cultivated Mollisols in Northeast China, chemical fertilizer has been widely
used for many years, and it has made a significant contribution to crop production[33]. Accordingly,
greater crop production increased the amount of straw returned to the farmland and promoted SOC
storage. It is necessary to reconsider SOC estimation and mapping in agricultural soils, and the use
of agricultural practices has the ability to improve the performance of SOC prediction models.

The quality of SOC prediction is also affected by the explanatory power of variables with scale-
specific representativeness [39,59]. Twenty terrain attributes across three spatial scales, including the
local, regional, and combined scales, were identified for SOC prediction via the RF data-mining
model. In addition to the terrain features at the local scale, our results indicated that introducing

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202604.2005.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 29 April 2026 d0i:10.20944/preprints202604.2005.v1

18 of 26

topographic indicators at other scales affected model performance for all the models and at different
time periods. The most influential terrain indicators included valley depth, elevation, MRVBEF, TWI,
and slope height, with contributions of 4.1%-4.8%, 4.0%-4.2%, 2.4%-2.9%, 1.9%-2.2%, and 1.7%-2.1%,
respectively, for the prediction models from 2016-2018 to 2013-2018. Because Nong’'an, which is
located in the Mollisol region of Northeast China, is a rolling and hilly area, the above indicators
affect the vertical distribution of precipitation, influencing the decomposition and transformation of
soil organic carbon. As Guo et al. [37] reported, elevation, valley depth, and the TWI are the key
attributes influencing SOC distribution and should not be ignored in SOC prediction. Except for the
elevation indicator, the other terrain variables were all regional-scale indicators. This occurred
because coarsening regional sizes by the aggregation of terrain features could loose the overall spatial
information and thereby improve soil variable predictions. Notably, most areas of cropland in the
study region are located in flat terrains, which somewhat weakens the impact of terrain variables on
SOC variation.

The soil properties accounted for 8.4-10.6% of the SOC prediction, with the best model
performance occurring in the 20162018 and 20132018 time periods for crop cover conditions. First,
the bare soil period of the Mollisol region of Northeast China is very short every year, and it is
covered mainly by snow or crops for most years; second, the collection of soil samples is labor
intensive, especially for crop cover conditions. The results indicated that soil organic carbon could be
predicted not only during the bare soil period but also during the crop coverage period. Moreover,
the explanatory power for the bare soil and crop cover periods was similar.

4.3. Spatial Distribution of Farmland SOC in Nong'an

The predicted SOC maps, including single-date, single-year, 20162018, and 2013-2018 maps,
presented highly heterogeneous spatial patterns. This occurred because of the complex interactions
among various variables, such as the terrain attributes, vegetation, soil, and human activities. The
SOC maps from 2016-2018 and 2013-2018 provide more reliable spatial patterns than those from
single date and single year, as shown in the four uncertainty maps (Fig. 7a-d). The detailed trends in
the digital soil maps from 2016-2018 and 2013-2018 were consistent with those in the other soil maps
from single date and single year. Moreover, SOC showed significant spatial variation across different
elevations and farm management practices. Generally, high SOC contents occur mainly in areas at
low elevations, where precipitation and water combine to improve the transformation of carbon
inputs. Similar to the relative importance of the terrain indicators shown in Section 3.4, a variety of
indicators (e.g., valley depth, elevation, MRVBF, TWI, and slope height) at different scales contribute
to SOC variation. The spatial distribution of SOC maps was also affected by farm management
practices. The lower SOC concentrations were mainly distributed in the western regions of the study
area, where few residue cover practices were applied. The results of the SOC maps confirmed that
terrain features and farm management had an impact on the spatial distribution of the SOC content,
a phenomena that was also reported in other soil mapping studies.

4.4. Limitations and Prospects

This study has several limitations, and future research should consider these problems and
improve the SOC prediction performance. First, only four indicators of farm management were
employed in the SOC prediction models because of the limited data availability. Other agricultural
practices that may induce SOC dynamics, such as carbon inputs, tillage practices, and cropping
practices [27], could be introduced into the models to improve the input datasets. Specifically, the
conservation practices applied widely in the Mollisols of Northeast China, including no tillage,
mulching, incorporation of crop residue, and organic farming, play important roles in carbon storage
and SOC dynamics. Secondly, the RF algorithm was selected as the prediction model here due to its
high predictive power and the flexibility in DSM applications. Other machine learning and deep
learning algorithms, such as convolutional neural networks (CNNs) and long short term memory
(LSTM), which can capture the dependencies in spatial features and time-series RS images, could also
be applied for more accurate SOC prediction in further research. Finally, coupling the knowledge-
driven process model with the data-driven machine learning model may advance the long-term SOC
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simulation and regional expansion, and obtain more robust soil carbon storage dynamics. It may
expand this work in both space and time, and offer a robust solution for comprehensive SOC
modelling and its interpretability.

5. Conclusions

Estimation of SOC in farmlands by using multi-temporal satellite images and environmental
variables has been widely applied in current studies. However, the consideration of the minimum
time periods for establishing SOC estimation models has been largely overlooked in previous
research. In this study, a novel approach for estimating SOC in agricultural soils was proposed. The
SOC predictions in the farmland of Nong'an by using single-date, single-year, and multi-year
Landsat 8 OLI images were investigated to obtain the optimized time periods for the best model
performance. Four types of indicators, including soil properties, terrain attributes, vegetation
conditions, and farm management practices, were selected to represent SOC changes, and their
different combinations for both bare soil and crop cover conditions were compared for SOC
sequestration. The overall purpose of this research was to determine the optimized time length and
best indicator combination for farmland SOC prediction, especially for crop cover periods. The results
indicated that the use of multiple years of multi-temporal images achieved greater accuracy in the
estimation of farmland SOC than did the use of single-date and single-year images. We propose that
the time period for SOC prediction in agricultural soils should be 3-5 years. Across the four types of
indicators for SOC estimation, spectral indices and farm management accounted for significant
importance in estimating SOC, and their contributions ranged from 45.6-48.7% and 27.3-27.8% for the
best model performance under crop cover conditions, respectively.
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Table S1. Abbreviations in this study.

Full name Abbreviation
Digital soil mapping DSM
Soil organic carbon SOC
Soil reflectance composite SRC
Remote sensing RS
Random forest RF
Quantile regression forest QRF
Normalized difference vegetation index NDVI
Normalized burn ratio 2 NBR2
Soil organic carbon index SOC index
Enhanced vegetation index 2 EVI2
Ratio vegetation index RVI
Modified soil-adjusted vegetation index 2 MSAVI2
Digital elevation model DEM
Topographic wetness index TWI
Recursive feature elimination RFE
Prediction interval coverage probability PICP

Table S2. Distribution proportions and sample numbers of different soil types.

Soil type Proportion (%) Sample number
Calcic Chernozems 41.6 2,442
Gleyic Phaeozems 19.7 976
Haplic Phaeozems 7.3 548
Calcaric Phaeozems 6.5 393
Gleyic Chernozems 6.4 286
Haplic Arenosols 4.7 243
Gleyic Solonetz 41 204
Luvic Chernozems 3 93
Mollic Gleysols 19 54
Calcaric Gleysols 1.7 115
Calcic Gleysols 15 88
Haplic Chernozems 0.8 17
Mollic Solonchaks 0.5 6
Calcaric Fluvisols 0.1 5

Table S3. Model robustness evaluation across different sample sizes.
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Cover condition Indicator combination Sample size R? (Mean + SD) RMSE (Mean + SD)
Bare soil Vi 100% 0.74 + 3.5%10° 2.09 + 4.5%10°
90% 0.74 + 1.1x10° 2.63 + 6.0x10°
70% 0.73  6.3x10* 3.56 +2.8x10°
50% 0.73 + 41104 2.62 +5.4x10°
ST 100% 0.70 £ 1.3x10° 3.07 +3.5%10°
90% 0.71 +1.0x10° 2.14 + 4.5x10°
70% 0.72 + 1.1x10° 1.97 +5.2x103
50% 0.69 +9.3x10 1.96 + 4.7x10°
SHVAE 100% 0.77 £ 2.7x10° 2.05 + 2.4x10°
90% 0.75 £ 7.9x10* 3.59 + 4.4x10°
70% 0.76 + 8.9x10* 3.51 +5.4x10°
50% 0.77 +5.3x10 1.55 + 4.3x10°
THVaE 100% 0.84 +3.4x10° 1.97 + 5.0x10*
90% 0.83 + 6.5x10 1.62 + 4.1x10*
70% 0.84 + 3.4x10°3 1.55 + 3.9x10*
50% 0.85 + 3.5x10° 1.59 + 4.6x10*
SITHVAE 100% 0.95 = 3.4x10° 1.75 + 6.0x10+
90% 0.93 + 9.5%10+ 1.60 = 6.0x10%
70% 0.96 + 4.8x10° 1.50 = 4.5x104
50% 0.94 + 4.3x10° 1.55 + 4.0x10*
Crop cover Vi 100% 0.77 £ 1.3x10° 212 + 4.3x10°
90% 0.77 +1.2x10° 1.65 + 6.0x10°
70% 0.76 + 2.43x10* 1.57 +2.1x103
50% 0.77 +1.2x10° 1.63 +3.1x10°
SITHE 100% 0.60 = 6.0x10 3.41+1.9x10°
90% 0.61 £ 1.0x10° 414 + 4.5%10°
70% 0.59 + 5.4x10° 5.96 +2.12x107
50% 0.60 + 9.0x10* 3.96 + 4.7x10°
STVAE 100% 0.82 + 1.0x10° 2.04 +5.8x10°
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90%

70%

50%

T+V+F 100%

90%

70%

50%

S+T+V+F 100%

90%

70%

50%

0.81 +1.0x103

0.82 + 6.5x103

0.82 £ 6.5x103

0.90 +7.0x10+

0.92 +8.8x10+

0.90 + 6.1x10+

0.89 +7.2x10+

0.94 +7.0x10+

0.93 +8.5x10+

0.94 £7.1x10*

0.94 £ 6.9x10*

1.60 + 6.8x10

2.52 +2.2x103

1.57 £2.7x10°3

1.85 +4.8x10°3

1.63 +4.2x10°3

1.55 +4.7x10°3

1.61 +4.1x103

1.77 £ 6.0x10

1.85 +6.7x103

1.50 +7.9x10®

1.56 + 6.5x10®

Note: The accuracy of the models at 90%, 70%, and 50% sample sizes was obtained through 100 bootstrap

resampling iterations (mean =+ standard deviation).
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