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Accurate assessment of soil organic carbon (SOC) is essential for sustainable cropland management 
and carbon sequestration monitoring. However, high-resolution SOC mapping remains challenging 
due to two persistent limitations: (1) the difficulty of extracting true bare-soil reflectance—especially 
when single-date imagery is used and spectral signals remain influenced by vegetation, residue, and 
soil moisture; and (2) reliance on models that require large training datasets and may underperform 
in typical small-sample soil survey settings. To address these challenges, we developed an approach 
that integrates multi-temporal Sentinel-2 bare-soil composites with a transformer-based foundation 
model—Tabular Prior-data Fitted Network (TabPFN)—for SOC prediction in the black soil region 
of Northeast China. Bare soil pixels were extracted using a Normalized Difference Vegetation 
Index threshold (0.1–0.4), and two compositing strategies—the 50th percentile (P50) and 90th 
percentile (P90)—were compared. We systematically evaluated three advanced algorithms: TabPFN, 
convolutional neural network (CNN), and Extreme Gradient Boosting (XGBoost). Results demonstrated 
that the TabPFN model coupled with P50 composites achieved the highest prediction accuracy 
(R2 = 0.78, RMSE = 1.90 g kg⁻1), outperforming CNN and XGBoost by 4–6%. TabPFN’s distinct advantage 
lies in its design as a prior-data fitted transformer, which enables robust generalization from limited 
samples (N = 174) without extensive hyperparameter tuning, effectively addressing the “small data” 
challenge pervasive in digital soil mapping. SHapley Additive exPlanations analysis indicated that 
shortwave infrared band (B12) and precipitation have the greatest effect on model output, indicating 
joint role of soil spectral response and climate variability. This is one of the first studies to apply the 
TabPFN architecture to SOC estimation, offering a novel, interpretable, and scalable workflow that 
bridges the gap between data scarcity and model complexity. The proposed framework provides 
a reliable tool for high-resolution SOC mapping in heterogeneous croplands, supporting precision 
agriculture and long-term carbon accounting initiatives.
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Soil organic carbon (SOC) plays an important role in soil fertility, agribusiness, and global carbon cycle. SOC can 
alter soil structure, water preservation, nutrient availability, and microbial activity, all of which influence crop 
yield and soil health1–3. At large scale, SOC regulates atmospheric CO₂ levels, since soils are one of the planet’s 
largest carbon reservoirs, holding more carbon than vegetation and atmosphere together4. As climate change 
intensifies and food security demands grow, a better understanding of SOC distribution across landscapes is 
needed5,6. High-resolution SOC maps can guide soil management, support carbon sequestration initiatives, and 
inform land-use planning, particularly in regions with complex cropping environments7.

Digital Soil Mapping (DSM) has emerged as a key approach to estimate the spatial variability of soil properties 
using environmental covariates8–10. Traditional field-based methods such as soil sampling and laboratory 
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analysis are costly, labor-intensive, and often unable to capture fine-scale spatial heterogeneity over large areas11. 
DSM overcomes these limitations by integrating field observations with spatially continuous predictors derived 
from remote sensing, climate, and terrain data12. Sentinel-2 satellite imagery, with its high spatial resolution (10–
20 m), frequent revisit time, and multiple spectral bands, has been widely adopted in DSM for SOC prediction13. 
Combining remote sensing variables with machine learning algorithms can make SOC mapping faster and more 
cost-effective compared to purely sample-based approaches14.

However, several challenges persist in the remote sensing-based prediction of SOC. First, vegetation and 
crop residue can mask the spectral signal of bare soil, which is essential for reliable topsoil SOC estimation15–17. 
A common strategy to address this is applying a Normalized Difference Vegetation Index (NDVI) threshold 
to extract bare soil pixels, yet the optimal threshold often varies with local vegetation and environmental 
conditions18,19. Second, due to cloud cover and complex surface conditions, multi-temporal compositing of 
satellite imagery is necessary to obtain stable and representative reflectance values. The 50th percentile (P50, 
i.e., the median) composite is the most commonly used method20. P50 composite effectively suppresses noise 
and outliers while reflecting the most typical bare soil conditions, making it a relatively robust approach21. 
Castaldi et al.22 adopted the 90th percentile (P90) composite method to capture the driest bare soil state. More 
recent studies have employed different compositing strategies and conducted comparisons, with results varying 
across regions23,24. Nevertheless, how these compositing choices affect the predictive accuracy of organic carbon 
models still requires further exploration.

Machine learning methods, including Random Forest, Cubist, Extreme Gradient Boosting (XGBoost) etc., 
have been widely applied in SOC mapping14,25,26. Building on this foundation, more recent research has turned 
to deep learning methods. Recent studies have demonstrated the superiority of deep learning methods (e.g., 
Convolutional Neural Network, CNN) in SOC mapping, owing to their powerful feature extraction capabilities, 
which enable the automatic identification of complex spatial patterns and hierarchical relationships from multi-
dimensional remote sensing data27–29. Nonetheless, deep learning methods typically require large and diverse 
training datasets to avoid overfitting and ensure generalization, which is often impractical in large agricultural 
landscapes where soil sampling is constrained by cost and accessibility30. This is particularly true in China’s vast 
Northeast black soil region, where systematic sampling is difficult, resulting in limited training data. A promising 
alternative in data-scarce scenarios is the Tabular Prior-data Fitted Network (TabPFN), a transformer-based 
foundation model31. Unlike conventional deep learning models, TabPFN is tailored for small-sample settings, as 
it is pre-trained on millions of synthetic tabular tasks to learn transferable priors before fine-tuning. This enables 
strong predictive performance with minimal hyperparameter tuning, even when training data are limited. 
Moreover, its probabilistic formulation provides uncertainty-aware predictions, which is particularly valuable 
when working with sparse or heterogeneous environmental datasets. These characteristics make TabPFN well 
suited for SOC prediction under common real-world sampling constraints.

Despite progress in remote sensing–based SOC modeling, two key gaps remain: the effects of different bare-
soil compositing strategies on SOC prediction are not well assessed, and the potential of transformer-based 
foundation models such as TabPFN under small-sample conditions has not yet been explored. To address 
these gaps, this study proposes a workflow that integrates Sentinel-2 multi-temporal bare-soil composites with 
a TabPFN model for SOC mapping in Northeast China and compares its performance against XGBoost and 
CNN. Specifically, we (i) evaluate the effect of different bare‐soil compositing strategies (P50 composite vs. 
P90 composite) on model performance, (ii) assess the predictive capability and uncertainty characteristics of 
TabPFN in a data-limited SOC mapping context, and (iii) interpret the drivers of SOC prediction using SHapley 
Additive exPlanations (SHAP) analysis. This work provides one of the first empirical evaluations of integrating 
foundation models with bare-soil remote sensing for digital soil mapping, offering a scalable and interpretable 
framework suitable for data-scarce agricultural environments.

Results
Model performance comparison
The SOC content of the 174 surface soil samples exhibited considerable variability across the study area. SOC 
values ranged from 4.05 to 25.29 g kg−1, with a mean of 14.20 g kg−1 and a median of 14.33 g kg−1. The standard 
deviation of 4.12  g kg−1 reflects substantial heterogeneity in soil carbon levels. Additionally, the near-zero 
skewness (− 0.08) suggests an approximately symmetric distribution, indicating that both low-carbon and high-
carbon croplands are well represented. This variability provides a robust foundation for model calibration and 
validation under diverse soil conditions.

The distribution of R2 and RMSE values across all bootstrap runs in Fig. 1 indicates that the performance 
across the three models is quite stable across the iterations, suggesting that the bootstrap strategy is not adversely 
affected by random sampling. A comparison of the mean performance shows that TabPFN has higher accuracy 
than CNN and XGBoost, respectively. Under P50 composite, TabPFN attained an average R2 of 0.781 ± 0.043 
and an RMSE of 1.902 ± 0.153, outperforming CNN (R2 = 0.737 ± 0.042, RMSE = 2.093 ± 0.171) and XGBoost 
(R2 = 0.715 ± 0.049, RMSE = 2.174 ± 0.166). For P90 composite, all models have a slightly lower accuracy but the 
same relative rank. This performance difference suggests that P90 composite may introduce additional spectral 
variability or noise, while the P50 composite provides more stable and representative reflectance values for SOC 
prediction. Likewise, the clear ranking of TabPFN > CNN > XGBoost implies that the models differ in their 
ability to handle uncertainty and learn non-linear relationships under these compositing strategies.

Scatter plots of observed and predicted SOC values (Fig. 2) show visual information compared to the three 
methods. Among all three methods, TabPFN produced the points that closest to 1:1 and tended to be a little 
more dispersed and biased across the full SOC range. CNN returned moderate results, while XGBoost was 
much more varied and spreadable. Such distributions suggest that TabPFN made more consistent and reliable 
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Fig. 2.  Scatter plots of measured vs. predicted SOC values for each model, with error bars representing 
variability across 100 bootstrap iterations.

 

Fig. 1.  Distribution of R2 and RMSE across 100 bootstrap iterations for TabPFN, CNN, and XGBoost models 
using P50 and P90 composite.
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predictions, especially for lower and higher SOC concentrations, suggesting it may be an effective tool for SOC 
modeling in the black soil region.

Spatial prediction of SOC
With TabPFN, our best predictive model, we mapped SOC continuously across the study region at a spatial 
resolution of 10  m. The resulting distribution (Fig.  3) shows significant spatial variations in the surface 
SOC in the Black soil region, including a mean SOC content of 16.28 g kg−1, which is consistent with earlier 
results from similar agro-ecological contexts9. The comparison between the local zoom-in map and the high-
resolution Sentinel-2 synthetic image (using P50 composite method) indicates that the predicted SOC effectively 
captures the changes at the field scale and reflects the subtle differences in soil conditions of individual plots. 
In undulating terrain, organic carbon tends to accumulate in sedimentary areas, and this distribution pattern 
is more obvious in space. Overall, high-resolution organic carbon maps provide detailed baselines for assessing 
the spatial distribution of soil fertility and carbon storage in heterogeneous cropland landscapes. A resolution 
of 10 m enables differentiation at the field division level, which is crucial for precise soil management, targeted 
intervention, and continuous carbon monitoring efforts.

Model interpretation
To better understand how different predictors affect the SOC estimates, we performed SHAP interpretation on 
best-performing TabPFN model. The 10 variables with the largest mean absolute SHAP values were B12, mean 
annual precipitation (PRE), mean annual temperature (TMP), clay index (CI), B11, Potential Evapotranspiration 
(PET), Digital Elevation Model (DEM), B2, B7, and B8 (Fig. 4a). B12 had the most influence on the model 
output, which indicates that it is sensitive to soil organic matter. Climatic variables (PRE, TMP, PET) also had a 
prominent role, as well as DEM. These results suggest that spectral information and environmental conditions 
contributed to the variation of SOC in the region.

The SHAP beeswarm plot (Fig. 4b) also helps clarify how each predictor has affected the SOC estimation. 
B12 gave the largest range of SHAP (roughly − 6 to 4), which implies that it could be quite different across 
samples. In general, darker surfaces (low B12 reflectance) correlate with higher SOC predictions, and lighter 
ones (high reflectance) with lower. PRE was on the opposite side: more rain contributed to SOC, most likely 
through enhanced organic matter input and reduced decomposition. TMP had negative effects at high values, 
which is normal for SOC loss at warmer temperatures. Other predictors like CI, B11 and PET also contributed 
moderately, reflecting their relationship to soil texture, moisture, and microtopographic variation.

Fig. 3.  Spatial distribution of predicted SOC content across cropland areas in the study region at 10 m 
resolution, with local zoom-in views highlighting field-scale variability. The map was created using QGIS 
Desktop 3.40.4 (https://qgis.org). The background imagery uses Sentinel-2 data courtesy of the European Space 
Agency (ESA).
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Discussion
Effect of image compositing strategies on SOC prediction
Our findings demonstrate that the P50 composite consistently outperformed the P90 composite across all 
models for SOC prediction in the black soil region. In all three models the inputs from P50 composite generally 
achieve slightly higher R2 values and lower RMSE, meaning that this approach provides representative surface 
reflectance. The result can be attributed to the distinct spectral characteristics and noise profiles captured by 
each compositing strategy. The P50 composite, representing the central tendency of reflectance over time, 
effectively filters out transient anomalies caused by residual moisture, subtle vegetation greening, or atmospheric 
perturbations23. In the context of Northeast China’s croplands, where the pre-planting window for bare soil 
observation is relatively short and often characterized by variable surface conditions, P50 composite provides 
more temporally consistent, radiometrically stable images as well as more reliable reflectance soil studies32.

In contrast, the P90 composite strategy, designed to select drier and presumably “cleaner” soil pixels, may 
inadvertently introduce bias. In our study area, higher reflectance values (targeted by P90 composite) are not 
solely indicative of dry soil; they can also correspond to surface crusting, residual crop residues with higher 
cellulose reflectance, or increased sensor noise under certain sun-target-sensor geometries22. This is consistent 
with the findings of Hong, et al.23, who suggested that the superiority of the P50 composite over P90 composite 
can be explained by stronger spectral correlations and the P90 composite method may amplify non-soil signals 
in complex agroecosystems. Consequently, while P90 composite aims to reduce moisture interference, it may 
compromise the spectral integrity related to SOC by incorporating pixel values influenced by confounding 
surface factors, thereby reducing model generalizability and accuracy. Our study underscores that in intensively 
managed, heterogeneous croplands, robustness against outliers (achieved by P50 composite) is more critical for 
reliable SOC prediction than targeting an assumed optimal soil state.

Model performance comparison and underlying causes
The comparative analysis revealed a clear performance hierarchy: TabPFN > CNN > XGBoost. This hierarchy 
elucidates the strengths and limitations of different algorithmic paradigms for the specific task of SOC mapping 
from tabularized remote sensing data.

The superior performance of TabPFN stems from its unique integration of prior knowledge and attention-
based learning. As a transformer-based model pre-trained on a broad spectrum of synthetic tabular data, 
TabPFN adds prior distributions over functions to approximate Bayesian inference31. This allows it to make 
strong inferences even with limited training samples (n = 174), effectively mitigating overfitting—a common 
challenge in digital soil mapping with sparse point data. Furthermore, its self-attention mechanism excels at 
identifying and weighting complex, non-linear interactions between predictors, such as the synergistic effect 
between precipitation and temperature revealed by our SHAP analysis. This capability to model high-order 
interactions without explicit feature engineering provides a significant advantage in capturing the multifaceted 
controls on SOC distribution.

The CNN model, while powerful for spatial feature extraction from image patches, showed suboptimal 
performance here. This is primarily because our input data structure—a feature vector per pixel—does not 
fully leverage CNN’s strength in learning local spatial contexts and textures from neighboring pixels33. When 
spectral and environmental data are processed as independent pixel-wise observations, the convolutional layers’ 
capacity to abstract spatial patterns is underutilized, rendering it similar to a standard feedforward network but 
with higher parametric complexity prone to overfitting on small datasets. XGBoost, a robust and widely used 

Fig. 4.  SHAP analysis for the TabPFN model: (a) variable importance ranking; (b) beeswarm plot of feature 
effects.
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ensemble method, served as a strong baseline. Its slightly lower accuracy compared to TabPFN may be attributed 
to its inherent structure: while excellent at capturing non-linearities through boosted trees, it primarily models 
additive effects and may not as efficiently capture the complex, multiplicative interactions between climatic and 
spectral variables that are characteristic of soil forming processes34.

Together, these results suggest that transformer-based models could be a valuable alternative to traditional 
machine learning and deep learning in tabular remote sensing. Furthermore, their scalability and interpretability 
make them particularly suitable for soil property mapping and environmental prediction.

Mechanistic insights from SHAP interpretation
The SHAP dependence analysis transcended mere feature ranking, offering a mechanistic window into the 
drivers of SOC variability that aligns with and extends established pedological understanding (Fig.  5). The 
Shortwave-Infrared (SWIR) band (B12) was the most influential predictor, which is consistent with previous 
studies and highlights the direct spectral response of soil to organic matter9,35. Organic compounds, particularly 
humic substances, exhibit strong absorption features in the SWIR region due to overtones and combinations of 
C–H, N–H, and O–H bonds36. Our observed negative relationship (higher B12 reflectance → lower SOC) is a 
classic spectral signature of soils, where darker, carbon-rich soils absorb more radiation across the spectrum36,37. 
This confirms that despite compositing, Sentinel-2's SWIR bands retain critical information on SOC content, 
validating their central role in bare soil spectroscopy.

PRE ranked second in importance, showing a strong positive association with SOC, consistent with its 
recognized role in sustaining biomass production and contributing organic matter to the soil38. Interestingly, 
the SHAP dependence plots revealed a positive interaction between PRE and TMP, suggesting that warmer 
conditions do not necessarily accelerate SOC loss when moisture is abundant. This interaction reflects the 
buffering effect of precipitation on temperature-driven decomposition, a pattern also reported in temperate 
agroecosystems where carbon accumulation is governed by the balance between organic matter input and decay 
processes39.

The negative SHAP response of TMP aligns with the expectation that higher temperatures accelerate microbial 
activity and organic matter decomposition, thereby reducing SOC storage40. At the same time, its interaction 
with PRE highlights the context-dependent nature of climatic effects: under wetter conditions, enhanced plant 

Fig. 5.  SHAP dependence plots for the top 4 predictors of SOC.

 

Scientific Reports |         (2026) 16:3784 6| https://doi.org/10.1038/s41598-025-33682-4

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


productivity can partially compensate for the increased decomposition caused by higher temperatures41. The CI 
exhibited a consistently positive influence on SOC predictions, reflecting the established role of clay minerals in 
protecting organic matter through mineral associations and aggregate stabilization42. Clay particles provide vast 
surface areas for organo-mineral complexation, physically protecting organic molecules from microbial access 
and enzymatic breakdown. The fact that CI’s importance was largely independent of climatic variables in our 
analysis suggests that this stabilization mechanism operates as a fundamental, geographically persistent control 
on SOC levels, providing a buffer against climatic fluctuations43.

Collectively, these results indicate that both spectral variables (B12, CI) and environmental factors (PRE, 
TMP) provide complementary, mechanistically meaningful information for explaining SOC variability. The 
TabPFN model’s ability to capture complex, nonlinear, and interactive relationships underscores its suitability 
for cropland systems characterized by limited data and heterogeneous environmental conditions. At the same 
time, the influence of spectral predictors such as B12 on transient surface states—like soil moisture and crop 
residue cover—points to the potential benefit of incorporating direct indicators of surface conditions in future 
modeling efforts to enhance generalizability.

Methodological implications, limitations, and future perspectives
This study introduces and validates an integrated framework that advances SOC mapping in cultivated landscapes 
by making three key methodological contributions. First, it establishes the practical advantage of P50 composite 
over high-percentile methods for generating spectrally stable bare soil inputs in the heterogeneous black soil 
region, a finding critical for operational DSM. Second, it demonstrates, for the first time in SOC mapping, 
the superior efficacy of the transformer-based TabPFN model under data-scarce conditions, outperforming 
established CNN and XGBoost approaches and offering a promising new paradigm for tabular remote sensing 
data analysis. Third, by coupling this high-performing model with SHAP analysis, the framework moves beyond 
prediction to provide mechanistically interpretable outputs. It explicitly quantifies the dominant role of the SWIR 
band (B12) and reveals the critical interactive effect between precipitation and temperature on SOC—a nuanced 
insight into climate controls that refines understanding of carbon vulnerability in temperate croplands. This 
combination of robust compositing, data-efficient learning, and process-aware interpretation offers a practical 
and insightful template for local-scale cropland SOC assessment.

We acknowledge several limitations that contextualize our findings. The spatial extent and sample size of 
our dataset, while adequate for this regional proof-of-concept, may constrain the direct transferability of the 
trained model to other agroecological zones with different soil-forming factors. Although the NDVI-based bare 
soil extraction effectively minimized green vegetation interference, it did not differentiate bare soil from non-
photosynthetic vegetation (crop residues), which can spectrally confound SOC estimation. Furthermore, the 
static nature of some environmental covariates (e.g., long-term climate averages) fails to capture intra- and inter-
annual dynamics that influence SOC. Most importantly, while SHAP enhances post-hoc interpretability, the 
TabPFN model remains purely data-driven. Its predictions are not constrained by established soil biogeochemical 
principles, potentially limiting its physical plausibility and reliability when extrapolating to conditions not 
represented in the training data.

Future research should build on this framework along three interconnected fronts. To improve transferability, 
efforts must focus on assembling larger, multi-region soil-spectral databases and developing domain adaptation 
or meta-learning techniques that allow models like TabPFN to generalize across diverse agricultural systems. 
Regarding input data, next-generation bare soil composites should integrate multi-sensor data (e.g., Sentinel-1 
SAR for moisture and residue detection) and employ more sophisticated unmixing or classification algorithms 
to isolate the purest soil signal. The most transformative direction lies in developing hybrid mechanistic-
machine learning models. Embedding physical constraints (e.g., decomposition kinetics) or process-model 
outputs into the architecture or loss function of predictive algorithms will be crucial. This shift from purely 
data-driven to knowledge-informed learning is essential for generating SOC maps that are not only accurate but 
also truly consistent with pedological theory, thereby enabling trustworthy projections under novel climate and 
management scenarios44.

Conclusions
This study demonstrates that integrating multi-temporal Sentinel-2 bare-soil composites with the TabPFN 
transformer model provides an effective approach for SOC mapping under limited sampling conditions. Among 
the tested methods, the TabPFN model using the P50 composite achieved the highest accuracy, indicating that 
P50 composite better captures representative soil reflectance for SOC prediction. The SHAP analysis further 
revealed that SWIR (B12) and precipitation were the dominant predictors, highlighting the combined influence 
of soil spectral properties and climatic controls on SOC variability. Overall, the proposed workflow provides a 
practical pathway for scalable SOC mapping in agricultural regions where dense soil sampling is not feasible. 
Future work should evaluate the transferability of this approach across broader environmental gradients and 
integrate additional sensing modalities to further enhance robustness and generalization.

Materials and methods
Study area
The area is Nong’an County and Dehui City, in Changchun City, Jilin Province (124°31′–126°24′E, 43°55′–
44°55’N)45. Nong’an County lies on the eastern border of the plain and covers about 5400 km2. It is a landscape 
that ranges from rolling grasslands in the west to wide plains in the east and is connected by a major river such 
as Songhua and Yitong Rivers. Dehui City is situated in the central–northern part of Jilin Province, adjacent to 
Changchun, with a total area of about 3,322 km2. Both Nong’an and Dehui belong to the Songnen Plain, where 
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the landscape is slightly steep in the southwest and in the northeast. The soil is very fertile, forming part of the 
Northeast Black Soil Zone. Black and brown soils cover the area and are rich in organic matter, which is well 
used for growing46. The area is single cropping with maize being the main food crop. The maize season runs 
from April to October, during which the land is prepared from April–May, producing large soil exposures, which 
provides good conditions to monitor SOC47.

Soil sampling and laboratory analysis
174 surface soil samples (0–20 cm) were taken in 2022 from croplands throughout the area (Fig. 6). Sampling 
sites are selected for a wide variety of cultivated soil conditions corresponding to the regional heterogeneity. 
Five subsamples from each location are taken within a 10 × 10 m region and mixed. The geographic point of the 
center is observed with Global Positioning System (GPS). The locations of the centers of interest are recorded. 
The soil samples in the laboratory are air-dried, gently ground, and filtered through a 2 mm sieve before the 
analysis. The SOC content is determined with the dichromate oxidation (Walkley–Black) method48 and the 
measured SOC concentrations (g kg⁻1) are used for model calibration and independent validation.

Sentinel-2 imagery and preprocessing
Sentinel-2 Level-2A imagery from April 15 to May 31 of each year between 2021 and 2023 was obtained from 
the Google Earth Engine (GEE) platform. This period coincides with the pre-planting stage, during which most 
cropland soils in the study area remain bare, providing favorable conditions for the retrieval of soil reflectance 
data9. Images with cloud cover less than 20% were selected, and additional cloud masking was performed using 
the S2Cloudless algorithm to further eliminate cloud and cloud-shadow contamination.

To minimize the influence of vegetation, a NDVI threshold of 0.1–0.4 was applied to extract pixels 
corresponding to bare or sparsely vegetated soil49,50. To generate representative multi-year bare-soil reflectance 
composites, two compositing strategies were applied: P50 composite, which provides robust reflectance 
estimates with strong stability and low sensitivity to outliers; and P90 composite, which reduces the influence of 
moisture22. Ten Sentinel-2 spectral bands (B2–B8, B8A, B11, and B12) were used as predictors. The bands with 
coarser spatial resolution (B5, B6, B7, B8A, B11, and B12) were resampled to 10 m using the nearest-neighbor 
method to ensure spatial consistency across all bands.

Environmental covariates
In addition to Sentinel-2 spectral reflectance, a suite of environmental variables known to influence SOC 
distribution were incorporated as auxiliary predictors (Table 1). These variables encompass climatic, topographic, 
and spectral indices derived from remote sensing data. Climatic variables, including TMP, PET, and PRE, were 

Fig. 6.  Location of the study area and distribution of soil sampling points. The map was generated using 
QGIS Desktop 3.40.4 (https://qgis.org). The background satellite imagery uses Sentinel-2 data courtesy of the 
European Space Agency (ESA).
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obtained from the National Earth System Science Data Center (National Science & Technology Infrastructure 
of China; http://www.geodata.cn). Topographic variables such as elevation and the topographic position index 
(TPI) were derived from the NASADEM dataset. Additionally, several spectral indices sensitive to soil properties 
were computed, including the soil organic carbon index (SOCI), brightness index (BI), Red-Edge carbon index 
(RECI), and CI. All covariates were resampled to a 10 m spatial resolution and spatially aligned with Sentinel-2 
composites to ensure consistency among predictors.

SOC modeling
SOC prediction was conducted using three modeling approaches: TabPFN, CNN, and XGBoost (Fig.  7). 
TabPFN is a transformer-based probabilistic model specifically designed for tabular data. It integrates prior 
knowledge into a Bayesian framework and employs self-attention mechanisms to capture nonlinear and high-
order dependencies among predictors without explicit hyperparameter tuning31. CNN is a deep learning model 
capable of learning spatial-spectral representations from multi-band raster data, effectively capturing the local 
spatial context and spectral variability related to SOC51. XGBoost is a widely used gradient boosting algorithm 
that builds an ensemble of decision trees to iteratively minimize prediction errors and has demonstrated high 
predictive performance in soil property estimation52.

To ensure the robustness of the evaluation, a bootstrap sampling strategy was adopted. For each model, 
perform 100 bootstrap iterations. In each iteration, a training set is generated through random sampling and 
replacement, while the remaining out-of-bag samples are used for validation. The final model performance 
metrics, including the R2 and the RMSE, are calculated as the average of all 100 iterations. The model input 
includes bare soil reflectance composites from Sentinel-2 images. Each composite is combined with a set 
of environmental covariates to form two different pre-diction datasets for model comparison. The model 
performance metrics are defined as follows:

	 RMSE =
√∑n

i=1
(x1−x2)2

n
� (1)

	
R2 =

∑n

i=1
(x1−x̄)2∑n

i=1
(x2−x̄)2 # � (2)

x1 represents the actual measurement value of SOC while x2 represents the predicted value of SOC; x ̄ represents 
the average of SOC measured values; n represents the number of sampling points.

Model Interpretation and mapping
SHAP was used to interpret the model and quantify the relative contributions of each predictor to the SOC 
prediction of the best-performing model53. For spatial mapping, 100 trained models from bootstrap iterations 
were respectively applied to the prediction dataset to generate separate SOC maps for the entire research area. 
Then, pixel averaging is performed on these maps to generate the final SOC prediction map with a spatial 
resolution of 10 m, representing the average predicted SOC value and effectively reducing the uncertainty caused 
by model variability. The final map was then visualized to analyze the spatial levels and distributions of SOC in 
the black soil region.

Category Abbreviation Source / Formula Spatial resolution Description

Climatic

TMP National Earth System Science Data Center 1 km (resampled to 10 m) Represents long-term thermal conditions

PET Same as above 1 km (resampled to 10 m) Indicates atmospheric water demand

PRE Same as above 1 km (resampled to 10 m) Reflects long-term moisture availability

Topographic
DEM NASADEM 30 m (resampled to 10 m) Absolute terrain height

TPI Derived from DEM 30 m (resampled to 10 m) Relative elevation position

Spectral

SOCI B2 / (B3 × B4) 10 m Sensitive to SOC-related spectral absorption54

BI √((B32 + B42)/2) 10 m Indicates overall soil brightness55

RECI (B5 + B6)/2 10 m Captures red-edge reflectance response of organic matter56

CI B11 / B12 10 m Related to clay mineral absorption features29

Table 1.  List of environmental covariates used in SOC modeling.

 

Scientific Reports |         (2026) 16:3784 9| https://doi.org/10.1038/s41598-025-33682-4

www.nature.com/scientificreports/

http://www.geodata.cn
http://www.nature.com/scientificreports


Data availability
The datasets analyzed during the current study are not publicly available due to existing agreements and data-use 
restrictions but are available from the corresponding author on reasonable request.
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