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Abstract:  

Spatial information on the soil carbon-to-nitrogen (C:N) ratio is essential for sustainable soil 

use and management. The unprecedented availability of Sentinel optical and radar data on 

cloud computing platforms, such as the Google Earth Engine (GEE), has created new 

possibilities for developing soil prediction models from the local scale to the planetary scale. 

However, there is a paucity of literature on the effects of Sentinel sensor selection and 

integration and radar data utilization strategies on mapping the C:N ratio. In this study, we 

explored the use of multiyear Sentinel-1 radar and Sentinel-2 optical data obtained from the 

GEE platform combined with the digital soil mapping (DSM) technique to map the soil C:N 

ratio at the European scale. The performance of soil prediction models, which were 

constructed using two modeling techniques (random forest and support vector machine), 

derived under multiple scenarios based on optical, radar and commonly used auxiliary data 

(climatic and topographic variables) combined with the LUCAS 2018 soil dataset, was 

evaluated by a cross-validation technique. The results showed that the modeling performance 

varied with the selection and integration of Sentinel observations, as well as the configuration 

of the radar data. Models based on single polarization performed the worst across all 

scenarios related to Sentinel-1, with cross-polarization performing better than copolarization. 

Models that utilized Sentinel-1 data from ascending orbits outperformed those that utilized 

data from descending orbits. The application of Sentinel-1 backscatter information derived 

from different orbits and polarization modes resulted in improved prediction accuracy. Our 

study also demonstrated the potential of integrating multiyear Sentinel satellite data via the 

GEE to map the continental-scale C:N ratio. The model based on Sentinel-1 data 
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outperformed the one built on Sentinel-2 data, whereas combining Sentinel-2 optical data 

with Sentinel-1 radar data led to more accurate predictions. The variable importance results 

indicated that optical data and backscattering information from Sentinel observations are the 

most important groups of variables for soil C:N ratio mapping compared to the other variable 

groups (terrain and climate data). The digital soil maps generated under the different 

scenarios exhibited detailed patterns with significant spatial variation, with similar overall 

trends but slightly different details. 

Keywords: Soil C:N ratio; Cloud computing; Sentinel; Soil mapping 

1. Introduction 

Soil organic carbon (SOC), as one of the main indicators reflecting soil fertility and 

ecological functions, affects soil physical, chemical and biological processes and plays a 

crucial role in maintaining agricultural productivity and soil quality (El-Naggar et al., 2019; 

Pu et al., 2024; Wang et al., 2023c). The ratio of SOC to total nitrogen (hereafter referred to 

as the C:N ratio) could be used to measure the balance between these quantities in soils, 

which affects the crop yield and microbial activity and is one of the important properties of 

terrestrial ecosystems (Cong et al., 2012; Li et al., 2020a). Therefore, there has been notable 

interest in understanding the spatial variations and controlling factors of the C:N ratio for use 

in soil biogeochemical modeling and carbon and nitrogen nutrition balance assessment (Geng 

et al., 2024; Gholizadeh et al., 2023). Unfortunately, the existing conventional soil maps 

produced by conventional soil mapping methods are limited in terms of their spatial details and 

the accuracy of soil attributes (Yang et al., 2011) and most of these soil maps may not meet the 
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requirements of practical applications at a finer scale (Li et al., 2020b). The production of soil 

maps using conventional soil mapping methods is very laborious, time-consuming and 

expensive (Dharumarajan et al., 2019). Therefore, alternative methods are needed to refine 

conventional soil maps, ensuring detailed and accurate soil information 

(Taghizadeh-Mehrjardi et al., 2022).  

Digital soil mapping (DSM) has been increasingly adopted as an alternative by soil 

scientists and environmentalists to meet the growing demand for spatial soil information 

(Duan et al., 2022; Odebiri et al., 2023). The main difference between DSM technique and 

conventional soil mapping methods is that the soil-landscape model in the latter is a 

qualitative model based on the expertise of soil surveyors, while the soil-landscape model in 

DSM is a quantitative model (Kempen et al., 2012). Many positive advances in the DSM 

technique and practice have been described in the extensive literature, providing better 

mapping options (Odebiri et al., 2023; Omrani et al., 2021). Many predictive models (e.g., 

statistical, geostatistical, hybrid, and machine learning approaches) have been used to link the 

relationships between soil observations and auxiliary variables under the DSM framework 

(Zhang et al., 2017). Since machine learning techniques are not conditioned to follow any 

statistical assumptions, their DSM predictions often appear to be more accurate than those 

from traditional models (Wadoux et al., 2020). Wadoux et al. (2020) reviewed the current use 

of machine learning techniques for DSM studies and found that their applications are 

transforming the way in which soil scientists produce soil maps. This literature review also 

showed that tree-based models (e.g., boosted regression tree and random forest (RF)) are the 

most popular machine learners for DSM applications. It is generally necessary to retrieve 
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environmental data from soil observation locations to represent soil formation factors in DSM 

application, such as topography, climate, and remote sensing data (Padarian et al., 2015). The 

DSM performance strongly depends on the input variables used to build the soil landscape 

model (Nussbaum et al., 2018). Therefore, it is critical to identify the main influencing 

environmental variables and develop effective prediction methods to generate accurate digital 

soil maps. Given the advantages of Earth observation (EO) datasets, which provide low-cost, 

reliable surface information and large coverage areas, they have become a promising data 

source for improving DSM (Luo et al., 2024).  

Remote sensing data captured by optical, thermal, or radar imaging systems provide 

spatially exhaustive environmental covariates for DSM application (Lausch et al., 2020; 

Richer-de-Forges et al., 2023b). The most commonly used sensor in EO-based DSM research 

is the optical imaging system, although it is susceptible to cloudy and rainy weather 

conditions (Pouladi et al., 2023). Synthetic aperture radar (SAR) sensors, which provide the 

advantages of penetrating clouds and operating at night, have received limited attention in 

DSM research (Zhou et al., 2020a). As an important part of the new EO program, the Sentinel 

constellations launched by the European Space Agency (ESA) perform continuous 

observation missions (Pouladi et al., 2023), providing a continuously updated image stream 

for DSM research. The comprehensive spatiotemporal coverage and new technical 

capabilities of the Sentinel-1 radar and Sentinel-2 optical sensors and the potential synergistic 

utilization of Sentinel observations provide a unique opportunity for the development of 

digital soil maps. Within this context, scholars have recently evaluated the observation 

capabilities of Sentinel-1/2 missions in DSM research activities (Deodoro et al., 2023; Li et 
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al., 2023; Ma et al., 2021; Zhou et al., 2020a; Zhou et al., 2020b). While these previous 

efforts demonstrated the potential usability of these two sensors in DSM applications, most 

were too limited in their spatial range to scale up the work and exhibited limitations in 

building DSM models using dense Sentinel observations with different acquisition 

configurations.  

The availability of SAR sensors with various acquisition modes has increased over the 

past decade and has significantly contributed to soil research (Liu et al., 2019). The rapid 

advancement of the SAR sensor technique provides both great opportunities and certain 

challenges in DSM. For example, soil scientists employing SAR data may be confused by the 

various possible data configurations, such as the frequency, polarization, orbital direction, 

and time window, as these configurations may affect the DSM results. The wavelength of the 

sensor (e.g., C-, X- or L-band) is an important parameter to consider when using SAR 

observations, as it determines how the radar signal interacts with the surface and is related to 

the signal penetration depth (McNairn and Shang, 2016). In addition to the wavelength, the 

polarization mode used greatly affects the features captured in SAR images and should be 

accounted for. The interaction of the SAR system with different ground objects is through the 

different polarizations that the sensor can measure (Santos et al., 2023). The properties of 

ground targets (such as soil and vegetation) were reported to affect amplitude magnitude over 

time depending on the polarization of the SAR system (Brunelli and Mancini, 2024). 

Different SAR systems possess varying polarization capabilities, and under various 

polarizations, a single scene may exhibit different backscattering mechanisms. Compared to 

dual-polarized and fully-polarized SAR data, single-polarized SAR data provides relatively 
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limited information about the characteristics of the target ground (Zhang et al., 2016). 

Multipolarization SAR systems can offer additional details on surface features due to the 

different and complementary echoes obtained from multiple polarizations (Gao et al., 2023). 

Additionally, to extract meaningful information from SAR data, it is essential for users to 

carefully select the appropriate orbital configuration (Wood et al., 2002). SAR satellites can 

observe the ground in opposite directions, collecting data during both ascending 

(south-to-north) and descending (north-to-south) passes (Yun et al., 2006). Images acquired 

from these opposite orbits contain different amounts of backscatter, a factor that has been 

considered in many previous studies based on SAR data (Sayedain et al., 2020; Wang et al., 

2023a). As one of the crucial configurations for EO data acquisition, the number of 

acquisition dates of optical data has been reported to significantly impact satellite-based DSM 

applications (Song et al., 2024; Zhang et al., 2024). Within this context, many studies have 

focused on investigating the most appropriate SAR configurations for various SAR-based 

applications (Holobâcă et al., 2019; Irwin et al., 2018; Luo et al., 2022b; Qadir et al., 2023). 

However, there is a lack of consensus on the most appropriate SAR configuration for 

SAR-based DSM applications, and more thorough research is needed. 

Advanced DSM technique combined with cloud computing platforms like Google Earth 

Engine (GEE) offers a novel opportunity for large-scale soil monitoring. In this study, we 

aimed to establish continental (European)-scale soil C:N ratio prediction models using 

multiyear Sentinel radar and optical observation data compiled by the GEE combined with 

the LUCAS 2018 soil dataset. In Europe, the LUCAS soil survey, carried out by the European 

Commission, provides the largest scalable soil dataset in Europe (Fernandez-Ugalde et al., 
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2022b), and its latest data collection campaign allows the use of updated input datasets to 

estimate soil properties. The LUCAS soil dataset has been used in many DSM studies to 

produce updated maps of soil properties (Ballabio et al., 2016; Chen et al., 2023; Xiao et al., 

2023). Specifically, the objectives were to (1) explore the impacts of Sentinel-1 data 

integration strategies on the prediction accuracy; (2) evaluate the capabilities of multiyear 

Sentinel optical and radar EO data, as well as the combination of Sentinel optical and SAR 

data, for mapping the soil C:N ratio; and (3) conduct digital mapping of the soil C:N ratio at 

the continental scale via open data and cloud computing.  

2. Materials and methods 

2.1. Soil data 

The research region includes all European Union (EU) member states and the UK where the 

soil survey of the 2018 LUCAS (Land Use/Land Cover Area Frame Survey) was carried out 

(Fig. 1). The LUCAS soil survey is the only mechanism for uniform and regular collection of 

soil samples implemented across the EU, covering all major land cover types simultaneously. 

Since 2009, the survey has included the sampling and analysis of the essential characteristics 

of EU topsoil, and the latest LUCAS database can be traced back to 2022 (Bispo et al., 2021). 

In the LUCAS 2015 survey, 90% of the locations were retained, and the remaining 10% were 

replaced by new sampling points, including points above 1000 m in elevation, which were 

beyond the scope of the LUCAS 2009/2012 surveys (Jones et al., 2020). The LUCAS 2018 

survey is the third update of the database, analyzing soil samples collected from 18,984 

locations, of which 16,556 points were repeat visits to sites previously sampled in 2015 
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(Fernandez-Ugalde et al., 2022a). In the 2018 LUCAS soil survey, samples were collected 

from all land use types (Table S1), with 7429 samples from cropland (constituting 39.1% of 

the total samples), 3989 from grassland (21.0%), 6092 from woodland (32.1%), 638 from 

bareland (3.4%), 720 from shrubland (3.8%), 71 from artificial land (0.4%), and 40 from 

wetland (0.2%). The LUCAS Topsoil data are considered the most detailed and harmonized 

soil database on a European scale, recording various basic soil properties, and the data have 

been adopted in many DSM studies (Kebonye et al., 2023; Xiao et al., 2023). The sampling 

protocol and laboratory analyses of the LUCAS survey have been described in detail by 

Bispo et al. (2021). In this study, all soil samples in the LUCAS 2018 topsoil dataset were 

used to build soil prediction models. 

2.2. Environmental data 

To explore the use of Sentinel radar and optical data combined with DSM technique to map 

the soil C:N ratio at the European scale, and to further improve model performance by 

incorporating commonly used environmental variables into the models built from Sentinel 

observations, this study collected environmental data from the following two pools: 

commonly used variables (climatic and topographic variables) and multiyear Sentinel EO 

data. These environmental data were obtained from the GEE platform, and the approach 

described by Poggio and Gimona (2017) was used to homogenize the resolutions to the 

selected pixel size (250 m) for soil property modeling. The selected pixel size is consistent 

with the digital soil map previously generated at the European scale using LUCAS soil data 

(Ballabio et al., 2019; Lu et al., 2023), serving as a compromise between coarse and 
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high-resolution auxiliary variables. All environmental variables and the LUCAS 2018 soil 

dataset were integrated into a geographic information system utilizing the ETRS89-LAEA 

projection (EPSG: 3035) for model building. 

2.2.1. Climatic and topographic indicators 

In this study, we used the Copernicus GLO-30 DEM with a resolution of 30 m stored in the 

GEE to prepare terrain attributes. Derived from the TanDEM-X mission, the Copernicus 

DEM is an improved version of WorldDEM™ published by the ESA (Moges et al., 2023). 

Nine terrain indicators were calculated using SAGA GIS software based on the Copernicus 

GLO-30 DEM covering the study area: elevation, plan curvature (PLC), profile curvature 

(PRC), length-slope factor (LSF), channel network base level (CNBL), analytical hillshading 

(AH), relative slope position (RSP), topographic position index (TPI) and channel network 

distance (CND). Mean annual temperature (MAT) and mean annual precipitation (MAP) data 

were collected from the WorldClim database with a spatial resolution of 1 km on the GEE 

platform as climate indicators (Fick and Hijmans, 2017). 

2.2.2. Sentinel-1 

Sentinel-1, consisting of two satellites, is a C-band (5.4 GHz) SAR mission launched by the 

ESA (Liang et al., 2021). Sentinel-1 provides four operating modes and multipolarization 

imaging capabilities, with a revisit cycle of 12 days using one satellite and a shortened revisit 

cycle of 6 days using two satellites (Bao et al., 2018). The interferometric wide swath mode 

(IW) exhibits high spatial resolution and wide coverage and is the main operating mode on 
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land (Nagler et al., 2016). We accessed and processed IW-mode Sentinel-1 ground 

range-detected (GRD) images on the GEE platform. The GEE platform preprocesses 

Sentinel-1 data using tools available in the Sentinel-1 SNAP software package to produce 

backscatter coefficients in each pixel, as described by Nagler et al. (2016). We filtered the 

Sentinel-1 data based on the properties, namely, acquisition time, orbital direction and 

polarization mode. Many GEE-based studies have demonstrated that the median composite is 

a feasible and efficient option to obtain optimal pixels in time-series images (Griffiths et al., 

2019; Luo et al., 2023a). The Sentinel-1 data were collected over both single-year (2018) and 

multi-year (from the availability of Sentinel-1 on GEE up to 2018) time windows (Fig. 2). 

Sentinel-1 imagery collected during these periods was utilized to generate median composite 

images at five different time intervals: from one-month to four-month intervals and a 

six-month interval. Recently, some scholars have used multi-year optical images to generate 

median composite images at different time intervals in the GEE platform for DSM studies, 

and found that the prediction accuracy of composite images at different time intervals for soil 

organic matter varies greatly (Luo et al., 2022b; Song et al., 2024; Zhang et al., 2024). Luo et 

al. (2022a) conducted a similar study and found that the more years of synthetic images used, 

the more robust the prediction results. We tested the prediction accuracy of composite images 

with five different time intervals in single-year and multi-year time windows using all 

backscatter observations under VV and VH polarizations to select the optimal image 

synthesis method to obtain better prediction results. Backscatter observations under VV and 

VH polarizations and extracted SAR indices using backscatter data, including the ratio 

(VV/VH), difference (VV − VH), sum (VV + VH) and SAR Normalized Difference 
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Vegetation Index ((VV − VH) / (VV + VH)) (Hu et al., 2021), were used for model building 

(Table 1, Table S2). 

2.2.3. Sentinel-2 

Sentinel-2 consists of twin satellites launched by the ESA, with Sentinel-2A launched on June 

23, 2015, and Sentinel-2B on March 7, 2017 (Filippucci et al., 2022; Yilmaz et al., 2023). 

Sentinel-2 is a multispectral imaging mission equipped with multispectral instrument (MSI) 

sensors, with 13 spectral bands, a spatial resolution of 10-60 m, and a revisit time of 5 days 

(two satellites) (He et al., 2022; Kumar et al., 2022). The QA60 image band provides 

information on the coverage of opaque and cirrus clouds and was used for cloud masking 

(Thorp and Drajat, 2021; Vergni et al., 2021). Similar to the study by Poggio and Gimona 

(2017) utilizing optical EO data for DSM research, to ensure the composite images contain 

limited snow-covered areas, all Sentinel-2 surface reflectance images with less than 10% 

cloud cover from June to October were collected on the GEE platform. This collection, 

similar to Sentinel-1, was performed within single-year and multi-year time windows (Fig. 2). 

All Sentinel-2 images acquired during these two time windows were used to generate median 

composite images by calculating the median of colocated pixels. Similar to our analysis with 

Sentinel-1, we also tested and compared the prediction accuracy of Sentinel-2 synthetic 

images in single-year and multi-year time windows. Synthetic optical images from ten 

Sentinel-2 channels (i.e., bands 2-8a, 11, and 12) were exported from the GEE for modeling 

analysis (Table 1). 

2.3. Scenarios based on different input variables 
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We designed eleven modeling scenarios using widely adopted variables and multiyear 

Sentinel EO data to assess the potential and applicability of different data integration 

strategies for soil C:N ratio mapping at the European scale. The details of the scenarios 

formed for the different input variables are provided in Table 2.  

2.4. Predictor selection 

Multicollinearity resulting from high intercorrelations between predictor variables is a 

common problem in regression modeling that may negatively impact model performance 

(Arogoundade et al., 2023). Variable selection techniques are ideal to solve this problem to 

some extent by eliminating redundant variables (Chen et al., 2022b). We used recursive 

feature elimination (RFE) technique to remove irrelevant input features without losing model 

performance, selecting the optimal set of predictors for each scenario. The RFE algorithm is a 

wrapper-type feature ranking technique that operates by searching for a subset of features in 

the original dataset and eliminating redundant features (Yang et al., 2022). This algorithm 

begins by fitting a model using all input variables, evaluating both model performance and 

variable importance (Xiao et al., 2022). In subsequent iterations, the least important predictor 

is eliminated from the model, and performance metrics are recalculated (Kasraei et al., 2024). 

This process is repeated to select the most important predictors and determine the subset of 

environmental variables that yield the best performance (Chen et al., 2021). The RFE 

algorithm is one of the variable selection techniques commonly used in DSM studies to 

remove variables with multicollinearity and redundancy (Hounkpatin et al., 2022; Mashalaba 

et al., 2020; Zhang et al., 2023c). This study used the “caret” package in R to implement the 
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RFE algorithm to determine the optimal set of predictors for each modeling scenario. 

2.5. Predictive models 

2.5.1 Random forest 

The RF model is an integrated system based on a decision tree developed by Breiman (2001), 

which can be used to perform classification and regression tasks. A vast number of trees are 

constructed in the RF model; each regression tree is derived from the training dataset using 

the unique bootstrap sample, and multiple regression trees are combined to form a forest; the 

results of all decision trees are averaged as the output of the model (Castaldi et al., 2019; 

Nguyen et al., 2022). The RF model has been widely used to solve regression problems in 

DSM (Guo et al., 2020; Stumpf et al., 2018). Two main parameters must be defined by the 

user in RF model construction: the number of random variables selected in each tree (mtry) 

and the number of trees in the forest (ntree) (Deng et al., 2018; Hong et al., 2018a). To 

optimize these parameters, we used the grid search method of the “caret” package in R 

software combined with ten-fold cross-validation based on the entire original dataset to 

determine the optimal values of the parameters, following the method of hyperparameter 

optimization and subsequent validation strategy of previous DSM studies (Wang et al., 2019; 

Yang et al., 2015). The RF model was constructed using the “randomForest” package in R 

software. 

2.5.2 Support vector machine 

Support vector machine (SVM) is a technique that uses statistical theory for classification and 
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regression analysis (Hasanipanah et al., 2015). The SVM algorithm is a very flexible machine 

learning technique with high level of model performance and has been widely used in DSM 

studies (Esfandiarpour-Boroujeni et al., 2020; Wu et al., 2018). This algorithm uses the kernel 

function to map the dataset matrix into a high-dimensional feature space and construct a 

hyperplane within it for classification or regression (Hong et al., 2018b; Tian et al., 2018). 

The radial basis function (RBF) kernel, which has excellent performance in capturing 

nonlinear relationships and is a commonly used kernel function in DSM studies (Wang et al., 

2018; Zhou et al., 2020b), was selected as the kernel model of SVM. SVM modeling involves 

adjusting two parameters: kernel width and penalty. Similar to the RF algorithm, the 

optimization of these parameters was performed by the grid search method of the “caret” 

package in R software. The SVM model was built using the “kernlab” package in the R 

software. More information about the SVM algorithm is provided by Zendehboudi et al. 

(2018). 

2.6. Model assessment 

The prediction quality of the models built by the two machine learners with the best 

hyperparameters was evaluated using a ten-fold cross-validation technique, similar to the 

hyperparameter optimization and validation strategy adopted in previous soil mapping studies 

(Liu et al., 2022a; Yang et al., 2015). The entire original dataset was randomly divided into 

equal-size subsets; one group was selected for validation, and the other nine groups were 

used for model training; the process was repeated 10 times, and the validation results were 

aggregated and averaged to determine the final model performance (Vabalas et al., 2019). The 
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cross-validation technique has been reported as one of the most commonly used validation 

methods to evaluate the accuracy of DSM results (Wadoux et al., 2020). We calculated three 

common performance metrics to evaluate the prediction results: the coefficient of 

determination (R
2
), mean absolute error (MAE) and root mean square error (RMSE). 

3. Results 

3.1. Comparison of the accuracy results for the different input datasets 

We first tested the accuracy results of Sentinel-1 synthetic images with five different time 

intervals in single-year and multi-year time windows using all backscatter observations under 

VV and VH polarizations (Table S3), and compared the accuracy results of Sentinel-2 

synthetic images in these two time windows (Table S4). The results indicated that the 

modeling results of Sentinel-1/2 composite images in multi-year time windows were better 

than those in single-year time windows. The accuracy ranking of composite images based on 

five different time intervals in these two time windows was as follows: one-month interval > 

two-month interval > three-month interval > four-month interval > six-month interval. 

Therefore, Sentinel-2 composite images under a multi-year time window and Sentinel-1 

composite images with a one-month interval under this time window were selected as inputs 

to build the subsequent soil prediction models. The accuracy results of predicting the soil C:N 

ratio using eleven scenarios are summarized in Table 3. Our results showed that the selection 

of satellite sensors and predictive models, as well as the utilization strategy of SAR 

observations, impacted the model performance. Overall, for the two machine learners used, 

the prediction accuracy levels of the SVM and RF models were similar in most scenarios, 

https://www.sciencedirect.com/topics/engineering/mean-absolute-error
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while the latter had a relatively higher prediction performance in the scenario 10 built from 

terrain and climate data. The prediction accuracy rankings of the scenarios built with different 

data integration strategies of Sentinel-1/2 were similar under these two modeling techniques. 

For instance, models trained on cross-polarized (VH) Sentinel-1 data outperformed those 

trained on co-polarized (VV) data under both SVM and RF algorithms; the synergistic 

utilization of polarization modes (SC5) improved the model performance over the utilization 

of a single polarization mode (SC1 and SC2). Moreover, under the two modeling techniques 

used, the models (SC5) with Sentinel-1 observations from the ascending and descending 

orbits achieved a higher accuracy than that based on single-orbital data (SC3 and SC4); the 

model based on ascending orbit data (SC3) from Sentinel-1 exhibited higher R
2
 and lower 

RMSE and MAE values than that based on descending orbit data (SC4). We observed that the 

model (SC5) with backscattering coefficients exhibited a comparable predictive performance 

to that (SC6) with SAR indices; these two models showed a very close performance to the 

model (SC7) trained jointly by backscattering coefficients and SAR indices.  

The models built from all Sentinel-2-derived predictors (SC8) performed worse than 

those built involving all SAR indices (SC6) or backscatter values (SC5) from Sentinel-1. The 

predictive performance of models (SC9) constructed using combined Sentinel SAR and 

optical data surpassed that of models built with data from a single Sentinel sensor alone, with 

both RF and SVM algorithms showing a 13% improvement in R
2
 compared to models that 

solely utilized Sentinel-2 data as input (SC8). This study used the most commonly used 

auxiliary variables (terrain and climate) in DSM as additional input variables to further 

improve the performance of our soil prediction models. When using the RF algorithm, the 
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predictive accuracy (R
2 

= 0.49, RMSE = 4.93, and MAE = 2.83) of the model established 

with terrain and climate variables (SC10) was higher than that of the model established with 

Sentinel-2 data (SC8), but lower than the predictive accuracy of the model trained with either 

Sentinel-1 data alone (SC5, SC6, and SC7) or the combined use of Sentinel optical and SAR 

data (SC9). Among the soil prediction models built with the SVM algorithm, the model (R
2 
= 

0.44, RMSE = 5.25, and MAE = 2.96) that utilized topographic and climatic variables 

exhibited the poorest performance, with a predictive accuracy lower than any model 

involving Sentinel-1 or Sentinel-2 data. When climate and terrain data were added to the 

model built using a combination of Sentinel optical and radar data, the prediction accuracy 

for the C:N ratio slightly improved (SC11), with R
2
 increasing from 0.54 to 0.59 for the RF 

algorithm and from 0.55 to 0.58 for the SVM algorithm. As the most frequently used 

performance indicator in DSM, DSM studies often use R
2
 expressed as the percentage of 

explained variance to represent predictive performance (Chen et al., 2022a). The R
2
 values of 

the models built from Sentinel-1/2 (SC9) and auxiliary data (SC10) indicated that they could 

explain approximately 54% and 49% of the total C:N ratio variability, respectively, and could 

jointly (SC11) explained 59% of the total C:N ratio variation. 

3.2. Variable importance assessment 

The importance scores of the top twenty most important predictors for C:N ratio modeling 

under the different scenarios are shown in Fig. 3. This study classified all used input variables 

into four categories (i.e., climate variables, terrain attributes, Sentinel-1 and Sentinel-2 data) 

and calculated the total importance of each group. Under the experimental scenario with all 
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environmental data, the Sentinel-1 data received the highest sum of relative importance 

(48%), followed by climate variables (34%), terrain attributes (11%) and Sentinel-2 data 

(7%), indicating the varying impacts of these variable groups in the soil prediction model. 

MAT and MAP were the most important variables in this model built with all variables, and 

they were among the top two variables in models built from climate and terrain data. Climatic 

variables were more important inputs than terrain attributes in predicting C:N ratios in the 

two models involving topography and climate. Under the scenarios involving Sentinel-1 data, 

SAR indices were better predictors of the C:N ratio than backscatter data; VH polarization 

scored higher than VV polarization, further confirming the superiority of cross-polarization in 

C:N ratio modeling. When Sentinel-1 and Sentinel-2 data were applied synergistically, 

Sentinel data exerted a greater impact on C:N ratio mapping than climate or terrain data, 

which confirms that Sentinel observations are useful for continental-scale C:N ratio 

modeling. 

3.3. Spatial prediction of the soil C:N ratio 

The mapping results of the soil C:N ratio in Europe generated based on the different 

scenarios are shown in Figs. 4-5. The predicted maps exhibited detailed patterns with 

significant spatial variation, revealing a high degree of heterogeneity in soil C:N across the 

geographic space. Although the predictive accuracy of the scenarios with different input 

variables varied, the spatial patterns of mapping results generated by the models based on 

these scenarios were basically similar, with slight differences in details. The mean and 

standard deviation values of the soil C:N ratio predicted by scenario 11, which performed the 
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best among all scenarios, were 13.03 and 4.34 for RF (ranging from 4.03 to 57.49), and 12.61 

and 4.43 for SVM (ranging from 5.29 to 39.06), respectively. We found that the C:N ratio 

generally showed some strong correlations with natural conditions, with higher levels in 

northern areas and in areas with higher rainfall.  

4. Discussion 

4.1. Analysis of the modeling performance for the different input variables 

Analysis of the accuracy results indicated that the selection and integration of Sentinel 

observations, as well as the utilization strategy of radar satellite observations, greatly 

impacted the modeling performance. The model built with a single polarization mode 

performed the worst under all scenarios related to Sentinel-1. Among the various options, VH 

polarization showed a better modeling performance than VV polarization, and the combined 

use of both polarization modes significantly improved the prediction accuracy (Table 3). 

DSM technique facilitates the effective prediction of soil attributes by exploiting the valuable 

information provided by EO data on the controlling factors of soil formation and changes 

(Pouladi et al., 2023). The dominance of vegetation cover on the Earth's land surface affects 

the direct detection of soil by satellite sensors (Richer-de-Forges et al., 2023a). Yang and Guo 

(2019) reported that time-series SAR data can capture potential relationships between soil 

properties and vegetation, and such captured relationships aid in utilizing EO technique for 

predicting soil properties. They also found that the ability of radar satellite imagery to predict 

soil properties depends on how accurately it captures the temporal dynamics of vegetation. 

The interaction of SAR systems with vegetation is volumetric in nature, and the sensitivity of 
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SAR backscatter to vegetation dynamics depends on SAR sensor parameters such as 

polarization and frequency (Patel et al., 2006). Numerous studies have demonstrated that 

cross-polarization (e.g., VH polarization) backscatter is more sensitive to vegetation 

dynamics than co-polarization (e.g., VV polarization) backscatter (Cougo et al., 2015; 

Vreugdenhil et al., 2020; Wu et al., 2011). Compared to co-polarized SAR signals, 

cross-polarized SAR signals may be more sensitive to vegetation volume scattering, whereas 

co-polarized signals primarily reflect surface scattering characteristics (Singh et al., 2023; 

Urbazaev et al., 2015). The features captured in SAR images are strongly affected by the 

selected polarization mode (Mishra et al., 2016). Single-polarization SAR observations 

contain less information than multipolarization SAR observations, while the integration of 

VV and VH polarization modes provides more information on the target scattering 

mechanism (Chen et al., 2020). Co-polarized images are highly sensitive to surface properties, 

while cross-polarized images are directly related to canopy volume scattering intensity (Singh 

et al., 2023), thereby providing supplementary information to co-polarized images. In this 

study, we further evaluated the impact of Sentinel-1 images retrieved from different orbits on 

the prediction accuracy. Our results showed that the Sentinel-1-based models with ascending 

orbit data performed better than those with descending orbit data; the application of 

information obtained from different orbits could lead to more accurate predictions than using 

single-orbital images alone. Wood et al. (2002) reported that the differences between image 

pairs from ascending and descending orbits were attributed to the presence of dew and 

variations in the incidence angle. In descending orbit mode, Sentinel-1 images are captured in 

the morning when the water content of vegetation or bare soil is higher than at other times of 
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the day (Qadir et al., 2024). Data from ascending orbits are less affected by moisture than 

data from descending orbits, and the moisture levels of their ground targets are more stable 

and lower (Sayedain et al., 2020), resulting in more consistent backscatter signals that may 

help improve the stability of soil prediction models. Images captured from different orbits 

reflect the ground from opposite directions and contain different amounts of backscatter for 

specific areas (Sayedain et al., 2020). Cross-orbit satellite data could provide information 

missing from the line of sight of sensors along opposite orbits (Mahdavi et al., 2017). The 

idea of integrating SAR observations from ascending and descending orbits has been applied 

in various fields such as agriculture, deformation monitoring, and land use mapping (Fu et al., 

2024; Qadir et al., 2023). While the differences in backscattering between images acquired 

along opposite orbits have been highlighted, the impact of orbits on modeling large-scale C:N 

ratios has received less attention. This study is the first attempt to assess the impact of 

different SAR configurations on mapping the continental-scale C:N ratio using multiyear 

Sentinel-1 observations on the GEE. 

Our results demonstrated the potential of integrating multiyear radar EO data via the 

GEE to model large-scale C:N ratios and revealed that the models based on SAR 

observations could achieve a higher prediction accuracy than those based on optical 

observations (Table 3). Current satellite-based DSM research heavily relies on optical 

imaging systems, although they are susceptible to clouds and rain. SAR images, where cloud 

cover is less problematic, have not been widely adopted in DSM partly due to their 

complexity, diversity, and availability (Zhou et al., 2020b). Previous DSM research mainly 

focused on building models based on a single sensor such as Landsat or MODIS (Zhang et al., 
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2023b). In this study, the combination of Sentinel optical-radar data produced better models 

and more accurate predictions, with R
2
 improved by 13% over the use of optical Sentinel-2 

data as input (Table 3). The integration of Sentinel optical-SAR observations has great 

potential to overcome certain issues, especially in areas prone to cloud cover. The 

comprehensive spatiotemporal coverage of Sentinel optical and radar sensors undoubtedly 

provides a unique opportunity to explore the benefits of synergistically utilizing Sentinel 

observations in DSM. In some studies, the potential of combining optical and radar data for 

improving DSM models has been reported (Azizi et al., 2023; Zhou et al., 2020b). However, 

these studies mainly only entailed the application of single-date or multiple-date images to 

build DSM models, ignoring the advantages of long-term satellite observations in soil 

prediction, as confirmed by Ma et al. (2023). Our results highlighted the advantages of the 

GEE platform in integrating dense Sentinel observations to build DSM models more 

efficiently. 

Different DSM studies have utilized composite images obtained at varying time 

intervals, including those spanning multiple years (Poggio and Gimona, 2017; Poppiel et al., 

2021; Wang et al., 2023b; Zhang et al., 2023a), within a single year (Liu et al., 2023), or from 

multiple specific dates (Wang et al., 2022). Our results indicated that the predictions based on 

Sentinel-1/2 composite images over a multi-year time window were superior to those 

obtained from a single-year time window. This result is consistent with a previous GEE-based 

DSM study, which found that multi-year composite images can provide more robust 

prediction results (Luo et al., 2022a). The study attributed this to the ability of multi-year 

median composite images to better mitigate the influence of extreme outliers. Research on 
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crop mapping based on GEE typically uses images from the same year for synthesis, and the 

shorter the time interval, the better the mapping effect (Luo et al., 2023b). Soil is more stable 

than crops (Luo et al., 2023b), and many GEE-based DSM studies have used multi-year 

composite images to obtain more useful pixels (Poggio and Gimona, 2017; Zhang et al., 

2021). The results showed that the GEE platform could effectively support the development 

of DSM models due to its notable data integration and computing capabilities. This is 

consistent with the results of existing GEE-based DSM studies (Song et al., 2023; Zhang et 

al., 2021). However, optical sensors are most commonly used in existing efforts, while there 

are few studies based on SAR technology or combined with optical data. Pérez-Cutillas et al. 

(2023) reviewed the latest progress in GEE studies and found that the GEE provides a wide 

range of applications, with water resource applications as the most frequent, followed by land 

use and natural disaster applications, while the number of soil-related studies is relatively 

small. In this review, Landsat EO data were reported to be most widely used in GEE studies, 

with Landsat-8 as the most commonly used satellite, while the use of the Sentinel satellites 

has significantly increased. The workflow described in this study provides a promising path 

for integrating the data and computational potential inherent in the GEE to model large-scale 

soil properties. With the rapid development of the GEE and the increased participation of 

application experts, the GEE will provide more practical and powerful functions to help solve 

the problems faced by the DSM community.  

4.2. Variable importance analysis 

The successful application of Sentinel satellite observations in predicting soil carbon and 
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nitrogen has been demonstrated in many studies on different scales (Liu et al., 2022b; Xu et 

al., 2022). However, most studies on this topic mainly focus on the feasibility of Sentinel 

optical data, especially Sentinel-2, in predicting soil carbon and nitrogen. In this study, we 

illustrated that optical data and backscattering information from Sentinel observations are the 

most important groups of variables for predicting the C:N ratio. When utilized collaboratively, 

Sentinel optical and SAR data scored higher in importance than climate or terrain data (Fig. 

3). Several studies also confirmed the usefulness of Sentinel-2's spectral bands for C:N ratio 

modeling (Geng et al., 2024; Zhou et al., 2021). The backscattering group achieved a higher 

sum of the importance scores than the optical predictors. This is supported by the results of 

Sothe et al. (2022), who explained that SAR images could better capture surface targets and 

are thus more likely to provide direct soil information than optical images. In all experiments 

involving Sentinel-1, SAR indices have been consistently identified as more important 

predictors than backscattered bands (Fig. 3). The DSM study involving SAR data of 

Domenech et al. (2020) also emphasized the importance of SAR indices in constructing DSM 

models. In this study, we revealed that the contribution of cross-polarization was greater than 

that of copolarization according to the variable importance. This finding was also obtained in 

another study using Sentinel-1 to map SOC (Zhou et al., 2022).  

Climatic and topographic variables explained additional sources of variation in the C:N 

ratio estimates in this study. In the model incorporating all environmental data, the Sentinel-1 

data exhibited the highest importance score, followed by climate data, terrain attributes, and 

Sentinel-2 data. In the models involving terrain and climate data, MAT was identified as the 

most important predictor, followed by MAP. Climate indirectly affects the soil C:N ratio by 
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controlling plant growth, biological activity, and litter accumulation and decomposition 

(Zhou et al., 2021). In many studies, a close relationship between temperature, precipitation 

and soil C:N ratio has been revealed (He et al., 2023; Jiao et al., 2016). Climate was the main 

parameter influencing carbon accumulation at the European continental scale (Rial et al., 

2017). DEM derivatives were the third variable group in the variable importance ranking, 

revealing their moderate importance for predicting the C:N ratio in the study area (Fig. 3). 

DEM derivatives describing the shape of the land surface are the most commonly used input 

variables in DSM (Dharumarajan et al., 2019). Terrain plays a key role in several 

environmental processes, such as soil erosion and sedimentation, water infiltration and 

distribution, thereby affecting the soil C:N ratio. In our study, both groups of terrain and 

climate data enhanced the model performance by introducing information not available in the 

other groups. 

4.3. Spatial analysis of soil C:N ratio maps predicted by the different data 

integration strategies 

The spatial pattern of the soil C:N ratio predicted under the scenarios with different input 

variables in this study showed notable similarities with other map products produced using 

different mapping techniques (Matschullat et al., 2018). The maps produced by the different 

scenarios exhibited detailed patterns with significant spatial variation. The overall trend in the 

mapping results of the models under the different data integration strategies was consistent, 

but the details were slightly different (Figs. 4-5). Overall, the C:N ratio exhibited a strong 

correlation with natural conditions, although it was not uniform at the continental scale 
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(Matschullat et al., 2018). Higher C:N ratio levels were observed in northern areas and in 

areas with higher rainfall, consistent with a previous DSM study (Ballabio et al., 2019). It has 

been observed that high C:N ratio values are generally associated with low temperatures and 

heavy rainfall from regional to continental and global scales (He et al., 2023). The spatial 

distribution of the C:N ratio was significantly affected by land use, with coniferous trees and 

peatlands exhibiting higher C:N ratio levels. High plant litter inputs and lower average 

temperatures in boreal forests favor the accumulation of carbon in soil. Cotrufo et al. (2019) 

found that C:N ratio levels in forest and grassland topsoil in European coniferous and mixed 

forests were the highest, while those in broadleaf forests and pure grasslands were lower. Tree 

species were reported as the main factor explaining C:N ratios in European forest soils 

followed by biogeographical zoning (Cools et al., 2014). Some researchers have proposed 

that combinations of variables such as ecoregion, climate, topography, soil type, and parent 

material should be investigated when evaluating factors affecting C:N ratios (He et al., 2023; 

Ostrowska and Porębska, 2015). 

5. Conclusions 

This study explored the use of multiyear Sentinel radar and optical observation data obtained 

from the GEE platform combined with the DSM technique to model and map the soil C:N 

ratio at the continental scale. Multiple prediction scenarios were implemented based on 

different data integration strategies for optical, radar and commonly used auxiliary data. Our 

analysis yielded the following key conclusions: 

 Our results indicated that the modeling performance varied depending on the selection 
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and integration of Sentinel observations, as well as the strategy for utilizing radar data.  

 The model built with the single polarization mode performed the worst under all 

scenarios related to Sentinel-1, with cross-polarization performing better than 

copolarization, while the synergistic use of both polarization modes improved model 

performance. 

 The application of information derived from different orbits led to more accurate 

predictions than utilizing single-orbit images, with models based on ascending orbit data 

performing better than those based on descending orbit data. 

 In this study, we revealed the importance of integrating multiyear Sentinel observations 

via the GEE to model large-scale C:N ratios. The radar Sentinel-1-based model 

performed better than the optical Sentinel-2-based model, and the combined use of 

Sentinel optical and radar data resulted in more accurate predictions. Furthermore, the 

analysis of the importance showed that optical and backscatter information from these 

two sensors are the most important groups of variables for C:N ratio modeling. 

 We observed that the maps produced under the different scenarios exhibited detailed 

patterns with significant spatial variation, with consistent overall trends but slightly 

different details. Furthermore, the results indicated that the GEE platform is a promising 

tool for developing DSM products. 
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Table 1 Overview of features derived from Sentinel satellite observations. 

Sensors Types Description 

Sentinel-1 Backscattering coefficient Backscattering coefficient in VV polarization 

Sentinel-1 Backscattering coefficient Backscattering coefficient in VH polarization 

Sentinel-1 Backscattering coefficient Backscatter coefficient from ascending orbit 

Sentinel-1 Backscattering coefficient Backscatter coefficient from descending orbit 

Sentinel-1 SAR indices Ratio images of VV and VH (VV/VH) 

Sentinel-1 SAR indices Difference images of VV and VH (VV − VH) 

Sentinel-1 SAR indices Sum images of VV and VH (VV + VH) 

Sentinel-1 SAR indices Normalized difference of backscattering coefficients for 

VV and VH polarizations ((VV − VH) / (VV + VH)). 

Sentinel-2 Optical images Sentinel-2 spectral bands 

 

 

 

 

Table 2. Details of the modeling scenarios based on different data integration strategies 

Scenarios Modeling groups Input data 

SC1 Sentinel-1 VV backscattering coefficients 

SC2 Sentinel-1 VH backscattering coefficients 

SC3 Sentinel-1 Backscatter bands in the ascending orbit 

SC4 Sentinel-1 Backscatter bands in the descending orbit 

SC5 Sentinel-1 Radar backscatter coefficients (VV and VH) 

SC6 Sentinel-1 SAR indices (VV/VH, VV-VH, VV+VH, and (VV − VH) / 

(VV + VH)) 

SC7 Sentinel-1 Backscatter bands and SAR indices 

SC8 Sentinel-2 Sentinel-2 derived features 

SC9 Sentinel-1/2 Sentinel-1/2 derived features 

SC10 Terrain and climate Topographic and climatic indicators 

SC11 Sentinel-1/2, terrain and 

climate 

Sentinel-1/2-derived features, climatic and topographic 

indicators 
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Table 3. Accuracy results for predicting the soil C:N ratio using eleven scenarios 

Predictive models Scenarios RMSE  R
2
 MAE 

RF SC1 5.06 0.46 2.93 

 SC2 5.00 0.48 2.85 

 SC3 4.93 0.50 2.79 

 SC4 4.99 0.48 2.84 

 SC5 4.89 0.51 2.76 

 SC6 4.90 0.51 2.78 

 SC7 4.88 0.51 2.76 

 SC8 5.03 0.47 2.87 

 SC9 4.80 0.54 2.68 

 SC10 4.93 0.49 2.83 

 SC11 4.62 0.59 2.54 

SVM SC1 5.07 0.47 2.87 

 SC2 5.00 0.49 2.80 

 SC3 4.97 0.50 2.77 

 SC4 4.99 0.48 2.78 

 SC5 4.85 0.52 2.69 

 SC6 4.87 0.52 2.71 

 SC7 4.86 0.52 2.69 

 SC8 5.07 0.48 2.78 

 SC9 4.77 0.55 2.60 

 SC10 5.25 0.44 2.96 

 SC11 4.70 0.58 2.55 

 

 

 

 



50 

 

Figure Legends 

Fig. 1. Sampling points collected in different land use types (a) and number of sampling 

points in each country (b) in the LUCAS 2018 survey. 

Fig. 2. Spatial pattern of the total number of Sentinel observations in the study area. 

Fig. 3. Importance scores of the top twenty most important predictors for C:N ratio modeling 

using the different scenarios: (a) SC7; (b) SC8; (c) SC10; and (d) SC11 (refer to Table 2 for 

the modeling scenario details). The names of the Sentinel-1-derived features were 

abbreviated according to the different periods during which they were composited (refer to 

Section 2.2 for more details on the abbreviated names of the input variables). 

Fig. 4. Mapping results of the soil C:N ratio in Europe using the RF model for different 

scenarios: (a) SC5; (b) SC6; (c) SC8; (d) SC9; (e) SC10; and (f) SC11 (refer to Table 2 for 

the modeling scenario details). 

Fig. 5. Mapping results of the soil C:N ratio in Europe using the SVM model for different 

scenarios: (a) SC5; (b) SC6; (c) SC8; (d) SC9; (e) SC10; and (f) SC11 (refer to Table 2 for 

the modeling scenario details). 
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