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Abstract

Soil organic carbon (SOC) is a critical component of soil health, influencing soil structure,
soil water retention capacity, and nutrient cycling while playing a key role in the global
carbon cycle. Accurate SOC estimation over croplands is essential for sustainable land
management and climate change mitigation. This study explores a novel approach to
SOC estimation using multi-frequency synthetic aperture radar (SAR) data, specifically
Sentinel-1 and ALOS-2/PALSAR-2 imagery, combined with advanced machine learning
techniques for cropland SOC estimation. Diverse agricultural practices, with major crop
types such as rice (Oryza sativa), finger millet (Eleusine coracana), Niger (Guizotia abyssinica),
maize (Zea mays), and vegetable cultivation, characterize the study region. By integrating
C-band (Sentinel-1) and L-band (ALOS-2/PALSAR-2) SAR data with key polarimetric
features such as the C2 matrix, entropy, and degree of polarization, this study enhances
SOC estimation. These parameters help distinguish variations in soil moisture, texture, and
mineral composition, reducing their confounding effects on SOC estimation. An ensemble
model incorporating Random Forest (RF) and neural networks (NNs) was developed
to capture the complex relationships between SAR data and SOC. The NN component
effectively models complex non-linear relationships, while the RF model helps prevent
overfitting. The proposed model achieved a correlation coefficient (r) of 0.64 and a root
mean square error (RMSE) of 0.18, demonstrating its predictive capability. In summary,
our results offer an efficient approach for enhanced SOC mapping in diverse agricultural
landscapes, with ongoing work targeting challenges in data availability to facilitate large-
scale SOC mapping.

Keywords: SOC; SAR; Sentinel-1; ALOS-2; machine learning; ensemble model

1. Introduction
Soil is a vital component of our planet’s health, serving as the foundation for plant

growth. Soil organic carbon (SOC) is a crucial indicator of soil health and fertility, playing a
vital role in the global carbon cycle [1–3]. Soil’s ability to sequester carbon is a key strategy
for mitigating atmospheric greenhouse gases (GHGs). Soils hold an estimated 1500 to
2000 petagrams (Pg) of carbon [4–6]. This is approximately equal to the total carbon in the
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atmosphere. Croplands, in particular, have significant potential for carbon sequestration
ranging from 0.90 to 1.85 Pg C/yr, which is 26–53% of the target of the COP21 Paris climate
summit in 2015, according to [7]. This can be achieved through improved land management
practices that enhance SOC levels. According to [8], management practices such as reduced
tillage, residue management, stubble retention, organic farming, crop rotation, and biochar
application are effective in increasing SOC stock. These practices enhance soil quality
while reducing atmospheric carbon dioxide, contributing to climate change mitigation. The
spatial distribution of SOC on croplands, as well as its contribution to total carbon stock,
differs substantially from that of carbon stored in above- and below-ground biomass [9].

Accurate mapping SOC in croplands, particularly during the fallow period, is essential
for understanding and managing carbon dynamics [10,11]. Traditional SOC estimation
methods rely on physical sampling and laboratory tests, which are labor-intensive, time-
consuming, costly, and challenging to scale across large geographic areas. Additionally,
these methods can be destructive to the soil. Remote sensing has emerged as a promising
alternative to SOC estimation. Techniques such as vegetation indices correlate vegetation
health with SOC levels, as healthier vegetation often indicates a higher SOC content [12,13].
Hyper-spectral and multi-spectral imaging capture soil reflectance across various wave-
lengths, enabling SOC identification through specific spectral signatures [14,15]. Optical
remote sensing maps bare soil areas, where direct measurements of soil reflectance can
be correlated with the SOC content, providing accurate SOC estimates [16]. Microwave
remote sensing is less influenced by surface conditions such as soil moisture, roughness,
and vegetation cover, which can significantly affect optical data accuracy [17]. Integrating
microwave remote sensing provides significant advantages over optical methods. Ad-
ditionally, microwave sensors operate in all weather conditions and at any time of day,
ensuring continuous data acquisition. This capability is crucial for monitoring SOC in
regions with frequent cloud cover or varying light conditions, where optical sensors often
face limitations [18]. Furthermore, microwave data enable deeper soil penetration, allowing
for a more comprehensive assessment of SOC distribution and dynamics. These attributes
make microwave remote sensing a robust tool for SOC estimation, improving the data
reliability and temporal resolution.

The advent of remote sensing technologies, particularly synthetic aperture radar (SAR)
from satellites like Sentinel-1 and ALOS-2/PALSAR-2, has revolutionized our ability to
monitor SOC across extensive landscapes. Polarimetric SAR data are highly sensitive to
soil and vegetation roughness and moisture conditions [19]. These properties enable SAR
data to provide valuable insights into SOC distribution, enhancing large-scale monitoring
capabilities. By leveraging time-series data from these satellites, we can capture dynamic
changes in soil properties over time. This is particularly beneficial for SOC estimation, as it
allows us to account for seasonal variations and enables long-term monitoring of organic
carbon dynamics. When integrated with ground-truth data, these datasets form a robust
foundation for SOC modeling.

Machine learning approaches such as Support Vector Machines (SVMs), Gradient
Boosting Machines (GBMs), and neural networks are valuable tools in environmental
modeling [20]. These models handle large datasets and multiple input variables, effectively
capturing the non-linear relationships in data derived from remote sensing technologies [21].
They can be trained on various features extracted from SAR data, including backscatter
values and textural indices, to predict SOC with high precision [22]. This demonstrated
that multi-temporal Sentinel-1A data, when used in RF and BRT models, enhance model
performance by incorporating 15 environmental variables. These models are a cornerstone
of machine learning and are extensively applied in the spatial prediction of soil proper-
ties [23]. Among various machine learning models, Random Forest (RF) has shown great
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promise in environmental sciences due to its robustness and accuracy in handling complex
relationships between the target variable and predictors [24]. Tree-based models, unlike
linear models, excel at capturing complex non-linear relationships. RF constructs multiple
decision trees during training and predicts the final outcome by aggregating the mode (for
classification) or the mean (for regression) of individual tree outputs. Building upon the
strengths of Random Forest, this study explores ensemble methods such as stacked models
and hybrid approaches that integrate RF with other machine learning techniques, including
neural networks.

This study aims to assess the effectiveness of multi-frequency and multi-temporal SAR
data, combined with advanced machine learning techniques, for improving SOC estimation
and mapping. Integrating these techniques enhances our understanding of soil carbon
dynamics and improves cropland management for effective carbon sequestration. We
hypothesize that integrating a time-series of Sentinel-1 and ALOS-2/PALSAR-2 data with
an Ensemble model, which leverages the strengths of multiple machine learning models,
will enhance the accuracy and reliability of SOC mapping using SAR data. The integration
of machine learning with remote sensing paves the way for scalable and efficient soil
resource monitoring and management. By improving carbon stock estimation with this
approach, better cropping practices can be implemented, ultimately enhancing carbon
sequestration in croplands and contributing to climate change mitigation strategies.

2. Study Area and Dataset
This study focuses on croplands in four districts of Odisha, India: Koraput, Nabarang-

pur, Rayagada, and Gajapati. These districts fall under distinct agroclimatic zones. Raya-
gada and Gajapati belong to the agroclimatic zone of the northeastern Ghats, characterized
by a cultivated area of less than 0.1 Mha. In contrast, Koraput and Nabarangpur belong to
the agroclimatic zone of the eastern Ghat mountains, and parts of Koraput extend into the
southern Ghat zone. These two districts have a larger cropland area exceeding 0.2 Mha.

Rice (Oryza sativa) is the dominant crop across all four districts, benefiting from ir-
rigation. Koraput has the highest crop diversity, with significant cultivation of Niger
(Guizotia abyssinica), maize (Zea mays), and finger millet (Eleusine coracana). Nabarangpur
features additional major crops such as maize (Zea mays) and sugarcane (Saccharum offici-
narum). In Rayagada and Gajapati, cotton (Gossypium spp. ) and maize (Zea mays) are the
dominant crops, with cotton being grown on newly converted agricultural lands.

The integration of Sentinel-1 C-band SAR and ALOS-2/PALSAR-2 L-band SAR data
in this study provides a comprehensive assessment of SOC distribution. The C-band is
effective in detecting surface soil moisture and vegetation cover, key indicators of SOC
levels, while the L-band penetrates vegetation, revealing underlying soil structures essential
for SOC mapping. By combining multi-temporal SAR datasets with in situ measurements,
this study aims to enhance the accuracy of SOC estimation across these cropland regions.

2.1. Remote Sensing Datasets

This study employed a synergistic approach using multi-frequency SAR data to en-
hance SOC mapping accuracy in fallow croplands. Sentinel-1’s C-band SLC data, operating
at a frequency of approximately 5.405 GHz, provided imagery in VV and VH polariza-
tions. This was complemented by ALOS-2/PALSAR-2’s L-band SAR data, operating at
a lower frequency of 1.215 GHz, which provided HH and HV polarizations. Sentinel-1
datasets were acquired in Interferometric Wide (IW) mode with a temporal resolution of
12 days and 20 scenes. ALOS-2/PALSAR-2 datasets were acquired in ScanSAR mode every
46 days from May to June 2020, with a total of 10 scenes acquired. The imagery footprint is
shown in Figure 1. In this study, the Sentinel-1 C-band frequency was effective in detect-
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ing surface soil moisture and vegetation cover, both of which are key indicators of SOC
levels. The longer wavelength of the ALOS-2/PALSAR-2 L-band penetrated vegetation
more effectively, revealing underlying soil structures that are essential for SOC mapping,
particularly in areas with residual vegetation. To focus our analysis on croplands, we
used a high-resolution cropland mask from previously published work [25], clipped to
the four study districts.By integrating multi-temporal remote sensing datasets with in situ
measurements, this study provides a detailed analysis of SOC variability across fallow
croplands. The results highlight how integrating field observations with high-resolution
satellite data improves the accuracy of SOC estimation. This approach aligns with recent
advancements in remote sensing, where multi-spectral and multi-temporal data enhance
SOC mapping, supporting improved agricultural land management.

Figure 1. Map of the study area.

2.2. In Situ Datasets

The ground dataset includes SOC values (percentage) measured using the Walkley–
Black method from the top soil of 15 cm depth. Initially, samples were collected from
six districts in Odisha, including Puri and Khordha, resulting in over 11,500 data points.
However, due to rapid urbanization as well as changes in croplands into plantations,
Khordha and Puri districts were excluded to be studied separately. The final dataset
comprised 8836 samples from four districts: Nawrangpur, Koraput, Rayagada, and Gajapati.
These samples exhibited a narrow range of SOC values but showed a strong correlation
with SLC data. The distribution of SOC sample density is illustrated in Figure 2.

Figure 2. Density distribution of SOC across the test sites.

3. Methodology
Sentinel-1 and ALOS-2/PALSAR-2 data were acquired from the ASF and JAXA sites,

respectively. SLC data were acquired in slant range geometry and contained amplitude
and phase information. The preprocessing steps aimed to prepare the SLC data for further
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analysis by removing noise, correcting for geometric distortions, and applying specific
processing techniques for polarimetric analysis.

Preprocessing Steps:

• Radiometric Calibration: Apply radiometric calibration to convert the raw digital
numbers (DNs) to radar backscatter coefficients (sigma-0) in dB.

• Thermal Noise Reduction: Remove thermal noise from the data to improve signal-to-
noise ratio.

• Multilooking: Reduce speckle noise by averaging multiple looks within a resolution
cell. Choose an appropriate number of looks based on the desired balance between
noise reduction and spatial resolution.

• Speckle Filtering: Apply additional speckle filtering techniques (e.g., Lee filter) to
further reduce noise while preserving image features.

• Terrain Correction: Apply terrain correction to account for geometric distortions
caused by topography. This step is crucial for accurate analysis, especially when
comparing data from different acquisition times or sensors.

In the linear dual-polarized SAR configuration, the 2 × 2 Hermitian positive semi-
definite covariance matrix C2 contains the complete parametric information for a particular
transmit polarization channel X and simultaneously receives X and Y, and is given as

C2 =

[
⟨|SXX |2⟩ ⟨SXXS∗

XY⟩
⟨SXYS∗

XX⟩ ⟨|SXY|2⟩

]
(1)

where ⟨·⟩ represents the ensemble average of the covariance matrix elements, and ∗ repre-
sents the complex conjugate.

The state of polarization of an electromagnetic (EM) wave is characterized by the
degree of polarization (0 ≤ m ≤ 1). For a completely polarized EM wave, m = 1, and
conversely, for a completely unpolarized wave, m = 0. In between these two extreme
cases, the EM wave is treated as partially polarized, 0 < m < 1. Barakat [26] provided an
expression of m for the N × N covariance matrix. This expression is used in this study to
obtain the degree of polarization m from the 2× 2 covariance matrix C2 for dual-pol data as

m =

√
1 − 4|C2|

(Tr(C2))2 (2)

where Tr is the matrix trace operator (i.e., the sum of the diagonal elements), and | · | is
the determinant of a matrix. In addition, the two non-negative eigenvalues (λ1 ≥ λ2 ≥ 0)
are obtained from the eigen-decomposition of the C2 matrix, which are then normalized
with the total power Span (Tr(C2) = λ1 + λ2). The eigenvalues quantify the dominance of
scattering mechanisms. The eigen-decomposition of C2 can be expressed as

C2 = U2ΣU−1
2 , (3)

where Σ is a 2 × 2 diagonal matrix with non-negative real elements, λ1 ≥ λ2 ≥ 0, which
are the eigenvalues of C2, and U2 is 2 × 2 unitary matrix, where ui’s are the unit orthogonal
eigenvectors. We define the pseudo probabilities, pi, in terms of the eigenvalues as

pi =
λi

∑2
k=1 λk

, (4)

which we then use to derive the scattering entropy, HDP, as
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HDP = −
2

∑
k=1

pk log2(pk). (5)

Further, one can obtain a pseudo-scattering type parameter (θDP) [27] for dual-
polarimetric SAR data as

tan θDP =
m Tr(C2) (C11 − C22)

C11 C22 + m2 (Tr(C2))2 (6)

where θDP ∈ [−45◦, 45◦] and C11 and C22 are diagonal elements of C2.

Model Training and Validation

A Random Forest model was initially trained using the ground data and satellite-
derived features. The Random Forest algorithm, an ensemble learning method based on
decision trees, excels in processing the non-linear interactions between SAR backscatter
values and SOC content. By using a large number of decision trees, the Random Forest
model reduces the risk of overfitting [28] and improves predictive accuracy. Each tree
in the ensemble is trained on a random subset of the data, and the final prediction is
made by averaging the outputs of all trees, ensuring robust and reliable SOC estimates.
Studies have demonstrated that Random Forest models can effectively integrate C-band
and L-band SAR data to improve SOC estimation accuracy compared to models using
a single data source. This integration leverages the complementary strengths of both
SAR bands, providing a more detailed and accurate representation of SOC across various
landscapes and environmental conditions. Using the Random Forest model to estimate
soil organic carbon (SOC) with C-band and L-band synthetic aperture radar (SAR) data
has proven to be an effective approach due to the model’s ability to handle large datasets
and complex relationships between variables. C-band SAR data, such as those from the
Sentinel-1 satellite, operate at a wavelength that is sensitive to surface roughness and
vegetation structure, providing valuable information about soil conditions. L-band SAR
data, on the other hand, penetrate deeper into the soil and vegetation, capturing subsurface
characteristics that are crucial for accurate SOC estimation. The combination of these two
bands allows for a comprehensive analysis of soil properties across different depths and
surface conditions. A further Ensemble model, which was developed with the RF model,
served as the foundational component in both the SNN-RF and SRF models, enabling
the creation of a powerful ensemble approach by combining its robust feature learning
capabilities with the strengths of neural networks and stacked ensembles for improved
SOC prediction.

Ensemble Model Architecture Overview Model 1 (Sandwich Neural Network–Random
Forest (SNN-RF)): This structure could be seen as a “sandwich” because you have two
different types of models (NN) “sandwiching” a third model (RF) in the middle. A novel
hybrid model, termed the SNN-RF, was developed. This architecture comprises three layers:
The input layer receives the extracted SAR features. Hidden Layer (RF): A Random Forest
(RF) layer is embedded within the neural network. The RF layer learns complex non-linear
relationships between the input features and SOC, leveraging the strengths of tree-based
models in capturing intricate patterns and non-linear interactions. Output Layer: A fully
connected layer processes the output of the RF layer and generates the final SOC prediction.
This could combine the strengths of both neural networks (for capturing complex patterns)
and Random Forests (for handling feature importance and non-linearity).

Model 2 (Stacked Random Forest (SRF)): It consists of three Random Forest (RF)
models, which are likely used in a stacked fashion. A traditional stacked Random Forest
model was implemented as a second component of the ensemble. This model employs
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multiple RF models as base learners. Each base learner independently predicts SOC based
on the input features. The outputs of these individual RF models are then used as input to
a meta-learner (another RF model). The meta-learner analyzes the predictions of the base
learners and generates a final, more robust SOC prediction. Stacking simply combines each
RF layer and its outputs in a way that minimizes the bias and variance of the predictions.

Ensemble Method: Predictions from SNN-RF and SRF models were combined for
improved performance and reduced overfitting. The models were used to generate multiple
predictions for each input. The final output was the average of all model predictions.
Standard deviation was used to measure uncertainty and variance in predictions, indicating
model confidence. The architectural flow of this ensemble model is shown in Figure 3.

Figure 3. Schematic flowchart of ensemble framework.

Data Integration: Any missing values in the in situ SOC data were addressed using
appropriate imputation techniques. Extensive ground sampling data, including SOC mea-
surements, were utilized as ground truth for model training and validation, in addition to
polarimetric SAR descriptors such as the C2 matrix, scattering entropy, and incidence angle.
These descriptors provide valuable information about soil properties. SAR descriptors
were normalized to ensure they were on a comparable scale. The in situ SOC data and SAR
descriptors were integrated to form a comprehensive dataset. This integration ensured
that the model was trained on a comprehensive dataset that captured both spatial and
spectral variations.

Training: The dataset was split into 80% for training and 20% for independent valida-
tion. The training data were further stratified into 10 bins covering SOC values from 0.03%
to 1.5% to ensure a diverse representation. Within this, an internal 80-20 split was used for
model validation. The Random Forest model was configured with 200 trees, selected to
balance computational efficiency and prediction stability with a size of 11,500 samples. The
Gini impurity criterion was used for node splitting, and the maximum depth was set based
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on cross-validation to prevent overfitting while capturing complex relationships in the
data. For the SNN-RF model, the RF layer was trained on these stratified samples, learning
non-linear relationships before passing outputs to the neural network for final prediction.
In the Stacked RF model, multiple base RF models were trained independently, with their
outputs fed into a meta-level RF model for final SOC estimation. This structured sampling
approach ensured both models effectively captured SOC variability.

Validation: The model’s performance was validated using the 20% independent
validation dataset. Metrics such as R and RMSE, related to the sample size (N), were used
to evaluate the accuracy and reliability of the predictions.

This methodology ensures a robust and accurate mapping of soil organic carbon
percentage by leveraging the strengths of ensemble machine learning models and the rich
information provided by ground and satellite data.

4. Results and Discussion
This section analyzes the predicted SOC values in the croplands of four districts. The

spatial distribution of the SOC percentages within the croplands is illustrated in Figure 4.
Although there is a trend in SOC percentage that appears to be consistent across all four
districts, the limited in situ data distribution spatially does not allow for a statistically
reliable comparison between the different agroclimatic zones.

(a) (b)

(c) (d)

Figure 4. (a–d) Spatial distribution of SOC in each district with continuous range values.

We provide a detailed quantitative analysis of the four districts, examining the test
sample size, correlation coefficient (r), RMSE, and standard error of the predicted values.
The results are plotted in Figure 5. Koraput demonstrated the strongest agreement, with
an r-value of 0.72 and an RMSE of 0.18, supported by a good sample size. This suggests a
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reasonably strong predictive capability of the model in Koraput, although the scatter of
points around the 1:1 line indicates some level of uncertainty in individual predictions, as
reflected in the confidence intervals.

(a) Gajapati (b) Koraput

(c) Nabarangpur (d) Rayagada

Figure 5. Correlation plots of measured SOC and estimated SOC with standard error for each district.

Crop types also play a crucial role in SOC distribution across the study area. In
Koraput, which has the highest crop diversity, Niger (Guizotia abyssinica), maize (Zea mays),
and finger millet (Eleusine coracana) are widely cultivated alongside rice (Oryza sativa).
Nabarangpur features maize (Zea mays) and sugarcane (Saccharum officinarum) as additional
major crops, while Rayagada and Gajapati districts are dominated by cotton (Gossypium
spp.) and maize (Zea mays), with cotton being grown on newly converted agricultural
lands. These variations in cropping patterns contribute to differences in SOC levels and
may influence model performance across regions.

Rayagada exhibited a moderate positive correlation (r = 0.67), slightly lower than
Koraput but still indicating a reasonable agreement between measured and estimated
values. Gajapati had a lower correlation (r = 0.63), which could be attributed to a smaller
sample size (N = 254) and the hilly terrain, introducing additional spatial variability. The
weakest correlation was observed in Nabarangpur (r = 0.56). Despite its large sample size,
the district’s high cropping intensity and complex variations in soil management practices
likely introduced challenges in capturing SOC variations effectively, leading to reduced
model performance.
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The overall accuracy of the four districts shows that averaging the large sample sizes
of Nawrangpur and Rayagargh districts, compared to the slightly smaller Koraput and
Gajapati districts, yields an accuracy r-value of 0.66 and an RMSE of 0.18%, as shown in
Figure 6. The uncertainty analysis and accuracy assessment highlight the role of land use,
cropping patterns, and agroclimatic conditions in SOC prediction accuracy. These findings
underscore the need for further refinement of SOC estimation models to better account for
localized agricultural and environmental factors.

Figure 6. Correlation plot of measured SOC and estimated SOC for all districts.

The SOC distribution map generated from this study effectively captures the influ-
ence of key soil physical properties—drainage, topography, texture, and pH—on SOC
variability in the Eastern Ghats of Odisha. The spatial patterns observed in our SOC esti-
mations are consistent with established research findings, reinforcing the reliability of the
produced map.

Well-drained soils exhibit higher SOC retention, whereas poorly drained or water-
logged areas hinder microbial activity and root interactions, leading to unstable SOC
levels [29]. Conversely, excessive drainage accelerates organic matter decomposition, re-
ducing long-term carbon storage [30]. This pattern is evident in the rice-dominated districts
of Koraput and Nabarangpur, where intensive double-cropping practices coincide with
lower SOC levels.

Soil texture further influences SOC distribution, with fine–loamy and fine–textured
soils demonstrating higher carbon retention compared to coarser, loamy–skeletal soils.
The higher silt and clay content in finer soils enhances SOC stabilization by promoting
aggregate formation and reducing organic matter decomposition [31]. Similarly, neutral pH
soils (~7) show greater SOC stability, while acidic soils—prevalent across approximately
70% of Odisha’s cultivated land—exhibit lower SOC levels due to suppressed microbial
activity and decomposition rates [32]. Topographic factors, particularly slope gradients,
also impact SOC retention. Steeper slopes are prone to erosion, leading to the loss of organic
matter, whereas gentle and very gentle slopes retain more SOC.

The generated SOC map has direct applications in sustainable land management and
climate resilience strategies. By identifying areas with lower SOC levels, policymakers
and farmers can prioritize soil conservation techniques to enhance carbon sequestration.
Furthermore, integrating multi-frequency SAR data and analyzing the effects of different
polarizations in SOC estimation could improve prediction accuracy, further aiding in carbon
stock assessment.
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5. Conclusions
This study integrates multi-frequency SAR data from Sentinel-1 (C-band) and ALOS-

2/PALSAR-2 (L-band) with a large SOC sample size to assess spatial heterogeneity in
the Eastern Ghats. The hybrid model demonstrated reliable performance (r = 0.64,
RMSE = 0.18), highlighting the potential of machine learning and SAR data for the es-
timation of SOC. The unique agroclimatic conditions of the region, characterized by high
rainfall and temperature, influence SOC distribution through vegetation cover, microbial
activity, and erosion patterns.

Despite promising results, this study has limitations. The narrow dynamic range of
in situ SOC data may affect model generalization, requiring smart sampling based on the
initially produced SOC map. The resulting SOC map highlighted the influence of soil
drainage, surface texture, and terrain on SOC distribution. The influence of crop types on
SOC also needs deeper investigation with more balanced sampling.

In future research, we plan to explore advanced SAR missions like NISAR, incorporat-
ing multi-frequency and multi-polarization data for improved accuracy. Another avenue to
refine SOC predictions is integrating additional spatial datasets (DEM, LULC, soil maps)
and geostatistical modeling. Long-term monitoring of SOC changes under varying land-use
and climatic conditions is crucial for developing sustainable soil management strategies.
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