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Highlights

(i) A multi-source ML framework was developed for SOC prediction.

(ii) 52 model-data combinations were established and systematically evaluated.

(iii) CARS-SVM with hyperspectral data achieved the highest point-scale SOC accuracy.

(iv) SPA-BPNN with multispectral and environmental variables performed best for SOC mapping.

Abstract

Soil organic carbon (SOC) is a key component of the terrestrial carbon cycle and is essential for soil fertility, directly influencing climate change 
and human well-being. However, it remains unclear how different spectral data sources and machine learning (ML) models can jointly influence 
SOC prediction performance, especially across large and heterogeneous agricultural landscapes. This study systematically evaluates combinations 
of spectral data sources, feature-selection methods, and ML models for SOC prediction in the farmland of the Loess Plateau (LP), a region 



characterized by fragmented croplands and limited carbon stock data. Based on large-scale field sampling of topsoil (0–5 cm) and measurements 
of SOC content and reflectance spectra from 460 samples, we evaluated 52 combinations of ML models and three categories of input data, including 
hyperspectral data, resampled multispectral data, and multispectral data combined with environmental variables. The results show that the 
hyperspectral-based model achieved the highest accuracy (R² = 0.97 in validation), but its reliance on regional-scale hyperspectral datasets restricts 
its practical applications. In contrast, the multispectral-environmental integration model delivered scalable performance, offering a feasible 
pathway for regional SOC mapping. The mapping results in this case study show that the SOC content in the farmland of the LP ranges from 0.002 
to 22.26 g·kg–1, with low SOC levels predominantly distributed in the loess hilly gully region and the central parts of the sandy and agricultural 
irrigation region. This study establishes a systematic framework for SOC mapping in heterogeneous agricultural landscapes and offers practical 
support for carbon management in agroecosystems.

Keywords Hyperspectral sensing; Machine learning; Multispectral remote sensing; Regional mapping; Soil organic carbon

1. Introduction

Soil organic carbon (SOC) is a major source of uncertainty in the terrestrial carbon balance [1,2] and plays a vital role in mitigating 
climate change and supporting food security [1,3,4]. Accurate SOC estimation is therefore essential for both scientific understanding 
and land management. Traditional SOC estimation based on field sampling is accurate but costly [5–7], while spectral techniques 
provide a rapid and non-destructive alternative [8,9]. Previous studies have shown that variations in SOC content induce detectable 
changes in soil spectral reflectance, making spectral modeling a promising approach for SOC mapping [8,10]. Among spectral data 
sources, hyperspectral and multispectral data each offer distinct advantages and limitations. Hyperspectral data provide numerous 
narrow and contiguous bands, allowing a finer characterization of soil variability [11,12]. However, their high dimensionality may 
introduce redundancy and increase modeling complexity [13]. In contrast, multispectral data are more accessible for regional 
applications [12,14], but their coarser spectral resolution may reduce sensitivity to subtle soil differences [15]. A promising strategy 
is to resample hyperspectral data into multispectral-equivalent bands, which helps bridge the gap between the detailed spectral 
information captured by hyperspectral measurements and the wider availability of multispectral observations. Although this strategy 
has shown promise for SOC prediction [12,16], its applicability at large scales under complex environmental conditions remains 
unclear.

Despite these advances, existing studies predominantly focus on a single type of data (e.g., using only hyperspectral or 
multispectral data) [17–19] and lack systematic comparisons of the strengths and weaknesses of different data sources. This 
knowledge gap constrains researchers’ ability to identify data strategies that balance predictive accuracy with regional scalability. 
Beyond data sources, the choice of modeling approach is equally critical [20,21]. Machine learning (ML) algorithms have shown 
superior capacity to capture the nonlinear relationships between SOC and environmental predictors [13,20], but their predictive 
accuracy strongly depends on the quality and type of input data [22–24]. We therefore hypothesized that SOC mapping accuracy 
would be jointly influenced by both the input spectral data and the ML algorithm, and that certain data–model combinations would 
be able to achieve a balance between high accuracy and regional scalability.

The Loess Plateau (LP) provides an ideal case for testing our hypothesis, as it represents a typical region for evaluating the 
applicability of SOC mapping approaches [25] while also serving as a highly challenging testing ground. Within this region, 
farmland was selected as the focus of this study because it is a major type of land use supporting regional food security and 
livelihoods [26]. In addition, farmland offers favorable conditions for soil spectral observation owing to its distinct bare-soil period 
between harvest and sowing, when surface reflectance is less affected by vegetation and more directly reflects soil properties [27,28]. 
Nevertheless, relatively few studies have specifically addressed the prediction of farmland SOC in this region [27,29,30], resulting 
in a limited understanding of carbon cycling in this critical land-use type.

Using the LP as a case study, we systematically tested 52 combinations of input data and ML models and mapped the spatial 
distribution of farmland SOC. Specifically, our objectives were:  to assess the predictive performance of three types of input data 
across multiple ML models and identify the optimal strategy for SOC prediction, and  to reveal the spatial pattern of farmland 
SOC across the LP under varying environmental gradients. By doing so, this study offers new perspectives for future efforts in 
sustainable land management and food security planning in dryland agroecosystems.

2. Materials and methods

2.1 Study area

The LP is located in Northern China (100°54′E–114°33′E, 33°41′N–41°16′N), covering the upper and middle reaches of the 
Yellow River with a total area of about 646 200 km2 [31] (Fig. 1(a)). The terrain of the LP is dominated by deeply incised gullies 
and ravines, and severe soil erosion remains one of its most prominent environmental issues [32]. Farmland, grassland, and forest 
are the major land cover types, with farmland accounting for one-third of the area [26] and supporting key staple crops such as 
wheat, corn, and millet. To evaluate the feasibility of converting hyperspectral data into multispectral data for SOC prediction, a 
representative subarea within the loess hilly gully region was selected (Fig. 1). This area predominantly lies within the agro-pastoral 
transition zone, representing a typical ecologically fragile region that also serves as an important ecological barrier [33]. It exhibits 
extremely low baseline SOC values and has been understudied. Moreover, the relatively sparse vegetation cover during the sampling 
period minimized interference with spectral measurements, thereby improving the correspondence between laboratory spectra and 
satellite observations.



Fig. 1. Geographical location of the study area and subarea, distribution of farmland areas, and sampling points. (a) Location of the study area, 
digital elevation model (DEM), and ecological subregions of the LP. The ecological subregions [34] labeled A–D in panel (a) are as follows: A, 
the LP gully region; B, the loess hilly–gully region; C, the sandy and agricultural irrigation region, and D, the earthy–rocky mountain and river 
valley plain region. (b) Distribution of farmland areas and soil organic carbon sampling points.

2.2 Data acquisition and processing

2.2.1 SOC sampling data

In mid-April 2023, during the bare-soil period after crop harvesting and before the onset of new germination, five sampling groups 
conducted simultaneous field surveys across the LP within this limited observation window. As a result, 460 sampling sites were 
established across the region, covering over 180 counties (Fig. 1(b)). To better match the soil samples with remote-sensing spectra, 
topsoil samples (0–5 cm) were collected using the standard five-point composite sampling method [6]. Each sample was divided 
into two equal parts. One part of the sample was analyzed in the laboratory for SOC content using the potassium dichromate 
(K2Cr2O7) volumetric method following air-drying, grinding, and sieving [35]. SOC content was calculated as the mean of three 
replicate measurements. After excluding outliers, a Kolmogorov–Smirnov test [36] was performed to characterize the distribution 
pattern of the SOC data, thereby providing a statistical basis for data description, quality assessment, and subsequent model 
development. A total of 448 valid soil samples were retained for further analysis, and their SOC values were found to be 
approximately normally distributed. The statistical characteristics of these samples are summarized in Table S1 in Appendix A. 
Among these samples, the 81 samples from the study subarea had a mean SOC content of 6.73 g·kg–1, which is lower than the 
overall mean of 9.10 g·kg–1 across all sampling points on the LP.

2.2.2 Hyperspectral data

The remaining part of each sample described in Section 2.2.1 was measured using an ASD FieldSpec4 spectrometer under 
controlled laboratory lighting conditions. For each sample, 20 reflectance spectra were acquired from different angles and averaged 
to reduce measurement noise and improve accuracy [37]. Reflectance data within the range of 400–2400 nm were retained for 
further analysis [38].

To improve spectral quality and enhance SOC-related spectral information, eight preprocessing techniques were applied to the 
original hyperspectral data, including Savitzky–Golay smoothing (SG), first derivative (FD), second derivative (SD), multiplicative 
scatter correction (MSC), standard normal variate (SNV), continuum removal (CR), and several combined methods (Text S1 in 
Appendix A). The preprocessed spectral curves are shown in Fig. S1 in Appendix A. Subsequently, Pearson correlation coefficients 
between the SOC content and nine spectral variants (including the original spectrum) were calculated (Figs. S2 and S3 in Appendix 
A).

2.2.3 Multispectral data

Moderate-resolution imaging spectroradiometer (MODIS) satellite imagery from multiple periods in 2023 was used for SOC 
prediction. We obtained MOD09A1, MOD11A2, MOD15A2H, MOD17A3HGF, and MOD13Q1 datasets from the NASA Level-1 
Atmosphere Archive & Distribution System (LAADS) distributed active archive center (DAAC) platform†, covering tiles h26v04, 
h26v05, and h27v05. Selected periods included summer (June–August), winter (December–February), and the sampling period in 
mid-April. All MODIS images were resampled to a spatial resolution of 500 m. A detailed overview of the MODIS products 
employed in this study is presented in Table S2 in Appendix A.

2.2.4 Environmental variables

† https://ladsweb.modaps.eosdis.nasa.gov/



The environmental variables primarily included terrain, climate, and soil factors. All datasets were projected into a common 
coordinate system and resampled to a 500 m spatial resolution using ArcGIS 10.8. Details of the data sources and resolutions are 
provided in Table S3 in Appendix A.

2.3 SOC prediction approach

The overall workflow is presented in Fig. 2 and comprises three main experiment workflows (Table 1. Summary of the three 
experiment workflows, their purposes, and the corresponding data used in this study.Table 1). Experiment workflow 1 addressed 
hyperspectral preprocessing and point-scale model construction. Experiment workflow 2 examined the predictive potential of 
resampled multispectral data and the transferability of the resulting model to corrected multispectral observations. Experiment 
workflow 3 then developed a more practical regional mapping framework based on actual MODIS multispectral data and 
environmental covariates, with the optimal model further interpreted using Shapley additive explanations (SHAP).

Fig. 2. Overview of the experimental workflow for SOC prediction and mapping, including data preparation, variable construction, model 
development, and SOC mapping. PLSR, partial least squares regression; SPA, successive projections algorithm; CARS, competitive adaptive 
reweighted sampling; SVM, support vector machine; RF, random forest; BPNN, back-propagation neural network; SHAP, Shapley additive 
explanations.
Table 1. Summary of the three experiment workflows, their purposes, and the corresponding data used in this study.

Experiment 
workflow Data inputs

Description and purpose

1
Hyperspectral data

Point-scale, accuracy-oriented framework under ideal spectral conditions. Used to 
evaluate the upper limit of SOC prediction accuracy, the effects of spectral 
preprocessing and feature selection, and the optimal model–data combination for high-
accuracy SOC estimation.

2

Resampled multispectral data 
(referring to laboratory-measured 
hyperspectral data resampled to 
MODIS bands);
corrected multispectral data 
(referring to corrected MODIS 
satellite imagery)

Theoretical experiment on transferability between hyperspectral and multispectral 
conditions. Used to assess information retention after spectral aggregation, estimate 
the predictive potential of standard multispectral data under controlled conditions, and 
quantify performance loss from laboratory spectra to actual satellite observations.

3

Multispectral data (referring to 
MODIS satellite imagery);
remote sensing variables and 
environmental variables

Application-oriented regional mapping framework under realistic data and scale 
constraints. Used to identify a practical balance among prediction accuracy, data 
accessibility, and spatial scalability, and to determine which covariates compensate for 
the limitations of broadband multispectral data.

2.3.1 Spectral resampling

Hyperspectral reflectance was resampled according to the MODIS spectral response function to generate multispectral data 
corresponding to MODIS bands [39]. This resampled dataset is referred to herein as “resampled multispectral data.” The specific 



calculation formula is as follows:

𝑅𝑖 =
∑𝜆max

𝑖=𝜆min 𝑆𝑖𝑅𝑖

∑𝜆max
𝑖=𝜆min 𝑆𝑖

(1)

where 𝜆min and 𝜆max represent the starting and ending wavelengths of the simulated satellite sensor, respectively, Si denotes the 
value of the satellite’s spectral response function at wavelength i, and Ri corresponds to the actual hyperspectral reflectance value 
at wavelength i.

2.3.2 Spectral radiometric correction

Polynomial regression was applied using the resampled multispectral data as a reference to calibrate the MODIS reflectance, 
reducing environmental influence and increasing the transferability of the laboratory-derived models to satellite data [40]. The 
calibrated MODIS data are referred to herein as “corrected multispectral data.”

2.3.3 Variable set construction

The variable set for this study was constructed as follows:
Spectral variables. The spectral variables included hyperspectral reflectance from 2001 bands (Fig. S1) and multispectral 

variables derived from MOD09A1 (Table S2).
Remote-sensing variables. The remote-sensing variables comprised index-based and product-based indicators. Index variables 

were calculated using relevant formulas in ArcGIS 10.8 (Table S4 in Appendix A), while product variables were extracted from 
various MODIS datasets (excluding MOD09A1) (Table S2). The spatial distributions of the main variables are shown in Fig. S4 in 
Appendix A.

Environmental variables. A total of 21 environmental covariates were selected, including nine terrain factors, four climate 
factors, six soil factors, and two additional factors (Table S3). The spatial distribution of the main environmental covariates is 
illustrated in Fig. S5 in Appendix A.

2.3.4 Feature variable selection

To reduce multicollinearity and improve modeling efficiency, the successive projections algorithm (SPA), competitive adaptive 
reweighted sampling (CARS), and their combination (CARS–SPA) were applied. SPA is a forward selection method that minimizes 
collinearity, whereas CARS integrates Monte Carlo sampling with partial least squares regression (PLSR) coefficients to identify 
informative variables [41,42]. All procedures were implemented in MATLAB R2020b.

2.3.5 Model construction and evaluation

Here, we outline the model construction and evaluation process:
Division of modeling set and validation set. Sample set partitioning based on the joint X–Y distances (SPXY) algorithm was 

used to split the 448 soil samples into modeling and validation sets at a 2:1 ratio (Table S1). Unlike random splitting, SPXY jointly 
considers the distribution of predictor variables (X) and response values (Y), thereby ensuring representative and diverse samples 
[44].

Model establishment and accuracy evaluation. PLSR, random forest (RF), back propagation neural network (BPNN), and 
support vector machine (SVM) models were implemented in Python 3.9.2 for all three experimental workflows (Fig. 2). For each 
algorithm, hyperparameters were optimized on the calibration set using five-fold cross-validation. Specifically, PLSR was optimized 
by limiting the number of latent variables within a constrained range and using a standard-error rule to control model complexity, 
whereas the other three models (SVM, RF, and BPNN) were tuned by means of a grid search with the highest mean cross-validated 
R² for model selection. SVM was implemented with a radial basis function kernel, RF with a bootstrap-based ensemble framework, 
and BPNN with Adam optimization and early stopping. After hyperparameter optimization, all final models were refitted using the 
full calibration set before evaluation on the independent validation set. The algorithm principles, parameter settings, and search 
spaces are provided in Text S2 in Appendix A. Model performance and stability were assessed using the coefficient of determination 
(R²), root mean square error (RMSE), and relative percent difference (RPD) (Text S3 in Appendix A).

2.3.6 Shapley additive explanations model

SHAP is a model-interpretation method derived from cooperative game theory [43]. It decomposes model outputs into Shapley 
values for individual features, thereby quantifying the contribution of each predictor to the final prediction [44]. In this study, SHAP 
was used to interpret the optimal model based on multispectral data and environmental variables and to quantify the effects of input 
variables on SOC prediction.



3. Results

3.1 Hyperspectral data-based approach

The nine types of hyperspectral data were used as inputs for the PLSR model to estimate SOC at the point-scale (Table S5 in 
Appendix A). The results show that the model constructed after the SG–SD preprocessing achieved the best performance (R² = 0.97, 
RMSE = 0.59, RPD = 5.82 in validation), indicating that SG–SD was the most effective hyperspectral preprocessing method in this 
study. Feature selection results for both the original spectral data (R) and the optimally preprocessed spectral data (SG–SD) are 
shown in Fig. S6 in Appendix A. The selected characteristic bands were distributed relatively unevenly across the entire spectral 
range.

The predictive performance of the 32 hyperspectral models was further evaluated (Fig. 3; Table S6 in Appendix A). The findings 
indicate that the models built using preprocessed spectra generally outperformed those based on the original spectra. Feature variable 
selection methods significantly improved the performance of models based on the original spectra, whereas their effects on models 
built from preprocessed spectra were limited and, even slightly reducing the model accuracy in some cases. The overall performance 
of the validation set for the models was ranked from highest to lowest accuracy as follows: SVM, BPNN, PLSR, and RF. 
Additionally, the scatter plots of the validation sets for the optimal modeling methods of each ML model (Fig. 4) show that the 
CARS–SVM model produced predictions closest to the 1:1 line, especially within the SOC value range of 5–15 g·kg–1. Although 
this model tended to underestimate SOC in the high value range (> 15 g·kg–1), it still showed the best predictive performance. In 
summary, this study identified the CARS–SVM model, which used only 7.8% of the spectral variables, as the most accurate 
hyperspectral model (R² = 0.97, RMSE = 0.57, RPD = 5.99 in validation).

Fig. 3. Comparison of validation performance among the studied hyperspectral prediction models (validation set, n = 149). “Preprocessed spectra” 
refer to spectra preprocessed using the optimal preprocessing method (SG–SD).



Fig. 4. Comparison between measured and predicted SOC values from the optimal hyperspectral prediction models on the validation 
set (validation set, n = 149) using different ML algorithms. (a) SG-SD-Full-PLSR, (b) SG-SD-CARS-SVM, (c) SG-SD-CARS-RF, 
and (d) SG-SD-CARS-BPNN.

3.2 Resampled multispectral data-based approach

Eight models were constructed using the resampled multispectral data in combination with three types of variables calculated 
from any two non-identical bands, including the normalized difference, simple difference, and ratio indices (formulas are provided 
in Table S4). Among these, the SPA–BPNN model was identified as the optimal model (R² = 0.67, RMSE = 1.23, RPD = 1.77 in 
validation) (Table 2).

The corrected multispectral data, generated using the spectral radiometric correction parameters (Table S7 in Appendix A), were 
used as inputs to the optimal SPA-BPNN model for SOC mapping. Predicted SOC values were extracted at the validation sample 
locations and compared with measured values to assess the mapping accuracy. The validation results showed that the model 
performance on the corrected multispectral data (R² = 0.33, RMSE = 1.71, RPD = 1.25 in validation) was markedly lower than that 
of the SPA-BPNN model based on resampled multispectral data (R² = 0.67 in validation). Nevertheless, the resulting SOC map still 
revealed a spatial gradient within the study subarea (Fig. S7 in Appendix A), with relatively higher SOC levels observed in the 
southeast and lower levels in the northwest. Areas with lower elevation generally displayed higher SOC content compared with 
higher-elevation regions. However, when the same model was extended to the broader LP, the resulting model performance 
remained insufficient for reliable large-scale application.

Table 2 Accuracy assessment and validation of models (calibration and validation set, n = 81).

Calibration set
Validation set

Modeling methods Variable selection methods Number of variables

R2 RMSE R2 RMSE
RPD

Full variable set
121 0.37 3.75 0.31 1.77 1.23

PLSR SPA
12 0.50 3.33 0.55 1.43 1.52

SVM
Full variable set

121 0.67 2.69 0.65 1.25 1.73



Calibration set
Validation set

Modeling methods Variable selection methods Number of variables

R2 RMSE R2 RMSE
RPD

SPA
12 0.45 3.49 0.45 1.58 1.37

Full variable set
121 0.51 3.29 0.41 1.63 1.33

RF SPA
12 0.54 3.18 0.49 1.53 1.42

Full variable set
121 0.49 3.37 0.45 1.59 1.37

BPNN SPA
12 0.55 3.16 0.67 1.23 1.77

3.3 Multispectral data and environmental variables-based approach

The correlation between the input variables and SOC is illustrated in Figs. S8–S11 in Appendix A. Based on the overall correlation 
strength, the variables were ranked in the following order: remote-sensing variables, multispectral variables, and environmental 
covariates. Among the remote-sensing variables, the highest correlation was observed for the sampling-period ratio of band 7 to 
band 3 (r = –0.50). In the multispectral variables, the highest correlation was found for the winter fraction of photosynthetically 
active radiation (r = 0.38). Among the environmental covariates, terrain relief showed the highest correlation (r = –0.33). The SPA 
selected 15 feature variables, including sampling-period band 1, sampling-period band 2, sampling-period band 7, winter band 2, 
winter band 3, winter band 7, summer band 6, the sampling-period daytime land surface temperature, the gross primary productivity, 
the net primary productivity, the summer enhanced vegetation index, the summer normalized difference vegetation index, the digital 
elevation model, the sampling-period soil composition index, and the sampling-period ratio of band 6 to band 2. The definitions and 
calculation formulas of these variables are provided in Tables S2–S4. These selected variables accounted for 6.20% of the original 
covariates. The accuracy of the 12 multispectral models was evaluated (Table S8 in Appendix A; Fig. 5). The results showed that 
the scatter plot of the validation set for the SPA-BPNN model was the most tightly clustered around the 1:1 line, indicating that it 
had the best predictive performance (R² = 0.62, RMSE = 1.83, RPD = 1.62 in validation).

SHAP analysis of the optimal SPA–BPNN model (Fig. S12 in Appendix A) showed that the sampling-period ratio of band 6 to 
band 2 was the most important predictor, contributing 24.9% of the total importance and substantially exceeding the contribution 
of the other variables. The next most important variables were the summer enhanced vegetation index (10.9%), the sampling-period 
soil-composition index (7.9%), winter band 7 (7.9%), winter band 3 (7.4%), and the digital elevation model (6.5%). Overall, multi-
temporal spectral information played a dominant role in SOC prediction in the optimal model, whereas environmental variables 
provided indispensable supplementary contributions.



Fig. 5. Comparison of measured and predicted SOC values from the optimal multispectral prediction model on the validation set (validation set, n 
= 149), using different modeling methods. (a) SPA-PLSR, (b)SPA-SVM, (c) CARS-RF, and (d) SPA-BPNN.

3.4 SOC mapping using the SPA–BPNN model

SOC content showed marked spatial heterogeneity across the LP (Fig. 6 (a)–(c)). The predicted SOC content ranged from 0.002 
to 22.26 g·kg–1. Across the farmland of the LP, high SOC levels were mainly concentrated in the earthy–rocky mountain and river 
valley plain region and the LP gully region in the southwest. Medium SOC values were primarily distributed in the sandy and 
agricultural irrigation region located in the northern and western LP, whereas low SOC levels were predominantly found in the loess 
hilly–gully region and the central portions of the sandy and agricultural irrigation region. Overall, the distribution of SOC content 
exhibited a distinctly right-skewed pattern (Fig. 6(d)). Most predicted SOC values were concentrated in the range of 6‒10 g·kg–1, 
where the frequency was relatively high, whereas frequencies were low at both extremes, particularly for SOC values close to 0 or 
greater than 12 g·kg–1. Medium SOC values were therefore more common across the LP. Differences in SOC content were also 
observed among the ecological subzones (Fig. 6(e)). The median SOC content in divisions B1 and B2 (loess hilly-gully region) and 
C (sandy and agricultural irrigation region) was relatively low, and the data showed a large degree of dispersion. The median SOC 
content in divisions D (earthy–rocky mountain and river valley plain region), A1, and A2 (LP gully region) was relatively high. 
Notably, divisions B1 and D had a small interquartile range, indicating a more concentrated SOC distribution.



Fig. 6. Spatial distribution, statistical characteristics, and ecological zoning analysis of SOC in farmland of the LP predicted by the SPA‒BPNN 
model: (a) Spatial distribution of topsoil SOC (0–5 cm); (b, c) mean SOC values along (b) the latitudinal and (c) the longitudinal gradients (with 
blue shaded areas representing standard deviations); (d) histogram of predicted SOC; (e) boxplots of predicted SOC values in each ecological 
division of the LP.

4. Discussion

4.1 Comparison of different methods

Our comparative analysis across diverse data types and modeling approaches (Table 2; Tables S6–S8) provides both a 
performance-based evaluation of model–data combinations and a practical reference for selecting SOC prediction strategies under 
different data and application constraints.

When hyperspectral data are available, they offer the greatest potential for high point-scale prediction accuracy (experiment 
workflow 1). In this study, the hyperspectral CARS–SVM model achieved the highest accuracy (R² = 0.97 in validation). Compared 
with multispectral approaches, hyperspectral data provide narrow and contiguous spectral bands that better capture diagnostic 
absorption features related to organic functional groups, soil minerals, and moisture, thereby enabling the detection of subtle SOC-
related signals [45]. The SG–SD preprocessing reduced spectral noise and enhanced SOC-sensitive information [46], while CARS 
retained informative bands and removed redundant information [47]. These steps particularly benefited SVM, which is well suited 
for capturing complex nonlinear relationships between SOC and soil properties [48,49]. Therefore, combining hyperspectral data 
with preprocessing, feature selection, and nonlinear modeling is an effective strategy for high-accuracy SOC prediction, although 
its broader application remains limited by cost and data availability [50].

Experiment workflow 2 provided an intermediate perspective. Its purpose was to assess how much SOC-related information could 
be retained when hyperspectral data were resampled to MODIS-like broadband data under idealized conditions. In this sense, the 
resampling results can be regarded as a theoretical upper-bound reference for the SOC predictive capacity of multispectral data [51]. 
The results showed that part of the SOC signal remained detectable after spectral aggregation (R² = 0.67 in validation), particularly 
when band indices were derived before feature selection, which can partly offset the loss of narrowband diagnostic information. 
This finding is especially relevant in arid and semi-arid regions, where sparse vegetation cover and greater soil exposure enhance 
the detectability of soil spectral signals [52]. However, when corrected multispectral data were applied to the optimal model 
developed from resampled spectra, the predictive accuracy declined substantially. This reduction was likely caused by residual 
atmospheric and radiometric errors [53], a scale mismatch between point samples and 500-m pixels, and mixed-pixel effects related 
to sparse vegetation, crop residues, and variable surface moisture [54]. These problems are particularly pronounced in the LP because 
terrain, land cover, and soil properties vary markedly over short distances [55]. Therefore, the performance gap between the 
resampled and corrected multispectral data reflects the practical difficulty of transferring SOC prediction from laboratory conditions 
to real-world regional mapping.

For large-scale mapping, the integration of multispectral data with environmental covariates was found to be more practical 
(experiment workflow 3). In this study, we achieved acceptable predictive accuracy using this approach (validation set R² = 0.62) 
and demonstrated its clear advantages in spatial scalability and data accessibility. Although this approach is less accurate than that 
in experiment workflow 1, it provides a more realistic balance among accuracy, interpretability, and operational feasibility for 
regional SOC mapping. Environmental covariates were essential for compensating for the limitations of broadband multispectral 
data [5] because part of the SOC-related information must be inferred indirectly from ecological and geomorphological controls. 



Vegetation-related variables reflect carbon inputs through litter return, root turnover, and biomass accumulation [56,57]; topography 
influences SOC distribution through erosion and deposition [58]; and climate factors regulate vegetation growth and microbial 
decomposition [59,60]. The SHAP analysis further showed that the sampling-period ratio of band 6 to band 2 was the most important 
predictor. Because band 2 is generally associated with vegetation productivity [61], while band 6 is more sensitive to moisture and 
residue conditions [62], this ratio may reflect the balance between carbon input and decomposition while reducing the effects of 
illumination, atmospheric variation, and viewing geometry. The digital elevation model also contributed substantially, indicating 
that topography provides key non-spectral information that helps compensate for the limitations of broadband multispectral data, 
particularly in the LP, where the terrain strongly influences erosion, deposition, and soil moisture redistribution. Together, these 
results support the use of multispectral data combined with environmental covariates for effective and scalable SOC mapping when 
hyperspectral data are unavailable.

4.2 Comparison with existing data

To validate the mapping results presented in this paper, we obtained three existing products: SoilGrids 2.0 [63], HWSD 2.0 [64], 
and CSDLv2 [63] (hereafter CSDL). Among them, SoilGrids and CSDL provide SOC estimates for the 0–5 cm layer, consistent 
with the target depth of this study, whereas HWSD represents the 0–20 cm layer. All products were resampled to 500 m to match 
the spatial resolution of our map.

The SOC distribution in SoilGrids and CSDL showed patterns broadly similar to those in our predicted map, but they generally 
overestimated the SOC in low-SOC areas and underestimated it in high-SOC areas. (Fig. 7(a) and (b)). Similar findings have been 
reported in previous studies [65]. In contrast, HWSD overestimated the SOC content (Fig. 7(c)), which is consistent with earlier 
work in East China [66], although this comparison should be interpreted cautiously because HWSD represents a deeper soil layer. 
Furthermore, when using our soil sampling data to validate these products’ SOC estimates, we found that the R² value between 
SoilGrids and the measured SOC was 0.16, whereas the R² value between HWSD, CSDL, and the measured SOC was nearly 0. 
Many studies have also reported low R² values [67,68]. The largest underestimations by the existing products were mainly 
concentrated in the loess hilly–gully region and in some major grain-producing areas in the eastern and southern LP (Figs. 7(a)–
(c)). These areas are often strongly affected by human disturbance and agricultural management [69], which may not be fully 
captured by global products. Such uncertainty has also been noted in previous evaluations of these datasets [70]. At the provincial 
scale, our estimates differed notably from other datasets in Qinghai and Gansu, which may partly reflect the relatively sparse 
sampling coverage in these provinces.

Overall, the strong spatial heterogeneity of the LP limits the applicability of global SOC products. While SoilGrids and CSDL 
can provide rough regional trends, they are less reliable for capturing local variation. In contrast, the regional model developed in 
this study is better suited to heterogeneous drylands, highlighting the importance of local models for accurate SOC assessment.

Fig. 7. Comparative analysis of SOC contents from different sources (SoilGrids, HWSD, and CSDL) and field-measured SOC. (a–c) Spatial 



distributions of SOC derived from (a) SoilGrids, (b) HWSD, and (c) CSDL. The colored points on the maps represent the spatial differences 
between the existing products and field-measured SOC at the sampling locations. The scatterplots compare field-measured SOC with the 
corresponding existing product. (d) Provincial-scale comparison of farmland SOC content in the LP derived from SPA-BPNN, SoilGrids, HWSD, 
and CSDL. The measured SOC and SPA–BPNN, SoilGrids, and CSDL estimates all correspond to the 0–5 cm layer, whereas HWSD represents 
the 0–20 cm layer; thus, comparisons involving HWSD should be interpreted cautiously because of the depth mismatch.

4.3 Uncertainties and limitations

Although we derived some interesting findings, this study has a few limitations. First, the high cost of acquiring hyperspectral 
data limits the application of such data over large areas. Thus, improving the large-scale integration of hyperspectral information 
remains an important challenge for farmland SOC prediction. Second, the spatial resolution and selection of environmental variables 
directly affect the accuracy of SOC predictions [71], and future studies should explore higher-resolution datasets (e.g., Landsat or 
Sentinel-2), more comprehensive environmental variables, and advanced remote-sensing platforms (e.g., hyperspectral satellites or 
unmanned aerial vehicle (UAV)-based technologies) to further improve prediction performance. Larger in situ datasets will also be 
required to assess the potential of more advanced deep learning approaches for SOC prediction. Finally, although our sampling 
covered typical farmland areas across the LP, the relatively low sampling density in Qinghai and Gansu may have reduced dataset 
representativeness. Expanding sampling in underrepresented regions and incorporating management factors would further improve 
the spatial balance and explanatory power of our proposed approach.

5. Conclusions

In this study, we systematically compared three categories of input data in combination with ML-driven modeling approaches on 
the LP. Through a comprehensive evaluation of 52 model-data combinations, we found that the CARS-SVM model using 
hyperspectral inputs achieved the highest prediction accuracy (R² = 0.97 in validation), highlighting the ability of high-resolution 
spectral information to capture subtle variations in soil properties. In contrast, spectral resampling from hyperspectral to MODIS 
bands resulted in a loss of diagnostic spectral detail, thereby reducing the predictive precision. Ultimately, the SPA-BPNN model 
based on multispectral data and environmental covariates provided the most practical balance between accuracy and applicability. 
The dominant contribution of the sampling-period ratio of band 6 to band 2 indicates that remote-sensing index variables associated 
with vegetation productivity, moisture, and residue status may play an important role in SOC prediction, while environmental 
gradients such as topography and vegetation help compensate for spectral limitations. Overall, this study provides a systematic basis 
for selecting SOC prediction strategies under different data and application constraints. Although this study focused on the LP, the 
methodology and framework adopted in this study can provide useful guidance for other regions.
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