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 The composite mode and selection of satellite imagery, as well as the radar 

data utilization strategies, influenced the prediction performances. 

 The mixed information of different orbital directions and polarization 

modes effectively improved the mapping accuracy. 

 The predictive performance of C-band Sentinel-1 versus multispectral 

Sentinel-2 was comparable, although the complementary use of the two 

provided higher accuracy. 

 The accuracy rankings based on long-term optical and microwave sensor 

observations were as follows: Sentinel-3 > Sentinel-2 > Sentinel-1 > 

ALOS-2. 

 The synergistic utilization of the Sentinel series gave better prediction 

models and more accurate prediction results. 
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Abstract 1 

The modeling and mapping of soil organic carbon (SOC) has advanced through the rapid growth 2 

of Earth observation data (e.g., Sentinel) collection and the advent of appropriate tools such as 3 

the Google Earth Engine (GEE). However, the effects of differing optical and radar sensors on 4 

SOC prediction models remain uncertain. This research aims to investigate the effects of 5 

different optical and radar sensors (Sentinel-1/2/3 and ALOS-2) on SOC prediction models based 6 

on long-term satellite observations on the GEE platform. We also evaluate the relative impact of 7 

four synthetic aperture radar (SAR) acquisition configurations (polarization mode, band 8 

frequency, orbital direction and time window) on SOC mapping with multiband SAR data from 9 

Spain. Twelve experiments involving different satellite data configurations, combined with 4027 10 

soil samples, were used for building SOC random forest regression models. The results show that 11 

the synthesis mode and choice of satellite images, as well as the SAR acquisition configurations, 12 

influenced the model accuracy to varying degrees. Models based on SAR data involving cross-13 

polarization, multiple time periods and "ASCENDING" orbits outperformed those involving 14 

copolarization, a single time period and "DESCENDING" orbits. Moreover, combining 15 

information from different orbital directions and polarization modes improved the soil prediction 16 

models. Among the SOC models based on long-term satellite observations, the Sentinel-3-based 17 

models (R2 = 0.40) performed the best, while the ALOS-2-based model performed the worst. In 18 

addition, the predictive performance of MSI/Sentinel-2 (R2 = 0.34) was comparable with that of 19 

SAR/Sentinel-1 (R2 = 0.33); however, the combination (R2 > 0.39) of the two improved the 20 
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model performance. All the predicted maps involving Sentinel satellites had similar spatial 21 

patterns that were higher in northwest Spain and lower in the south, which is consistent with the 22 

land use. Overall, this study provides insights into the effects of different optical and radar 23 

sensors and radar system parameters on soil prediction models and improves our understanding 24 

of the potential of Sentinels in developing soil carbon mapping. 25 

Keywords: Google Earth Engine; Multisensor; Sentinel; Soil organic carbon; Digital soil 26 

mapping; Synthetic aperture radar 27 

1. Introduction 28 

Soil organic carbon constitutes a large carbon pool in the biosphere and greatly influences the 29 

global carbon cycle (Caddeo et al., 2019; Rowley et al., 2018). Spatial information on SOC is 30 

essential for food production, environmental quality management, soil health monitoring and 31 

ecosystem health (Dharumarajan et al., 2021; Mallik et al., 2022; Zhang et al., 2022). There is a 32 

great demand for detailed, accurate and up-to-date spatial information on SOC that extends from 33 

the local to the national and global levels. Many countries have made significant efforts to 34 

compile their own national-level SOC maps (Calvo de Anta et al., 2020; Lamichhane et al., 35 

2021; Liu et al., 2022a; Szatmári et al., 2021). However, conventional soil mapping with 36 

polygon-based methods is considered time-consuming, expensive and labor intensive, especially 37 

for large-scale soil mapping (Minasny and McBratney, 2016). Therefore, there is a need for an 38 

economical, reliable and suitable method for estimating the spatial distribution of SOC at large 39 
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scales. 40 

Digital soil mapping techniques, unlike traditional mapping approaches, are an effective 41 

method to characterize the spatial patterns of soil properties (He et al., 2021). Digital soil 42 

mapping mainly relies on establishing quantitative relationships between environmental 43 

variables (e.g., climate, topography, satellite imagery and parent material) and field soil 44 

observations, and then the relationship is used to make predictions (Baltensweiler et al., 2021; 45 

Wadoux et al., 2020). The accuracy of digital soil mapping techniques is strongly affected by the 46 

selected environmental variables; thus, developing influential environmental variables to 47 

generate accurate SOC maps is an important task (Yang et al., 2021a). At present, the amount 48 

and availability of environmental data is growing rapidly, especially for remote sensing products. 49 

The rapid growth in the number of Earth Observation (EO) satellites in orbit and the 50 

unprecedented improvements in computing power have created an enormous potential for 51 

improving soil mapping techniques. 52 

        Many sensors (i.e., multispectral, hyperspectral and radar) on board satellite platforms can 53 

acquire rich land surface information for the digital mapping of SOC (Guo et al., 2021; Sothe et 54 

al., 2022; Vaudour et al., 2021; Venter et al., 2021). These studies have tested the possibility of 55 

different satellite sensors and methods in predicting SOC and have validated their ability to 56 

monitor and map soil properties in different ecosystems. Currently, research on SOC mapping 57 

relies heavily on optical satellite sensors, and the commonly derived variables include surface 58 

reflectance and vegetation indices (Nguyen et al., 2022). However, optical satellite imagery is 59 

susceptible to cloud cover, which hinders its application for soil mapping. The synergy of optical 60 
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imagery and synthetic aperture radar (SAR) data is considered an innovative solution. Compared 61 

with optical data, the application of SAR imagery in SOC mapping has not been fully explored 62 

and developed. 63 

        Several researchers have recently attempted to use SAR data to characterize the spatial 64 

pattern of SOC (Nguyen et al., 2022; Wang et al., 2020; Zhou et al., 2020b). These studies 65 

carried out SOC mappings at local, regional, or national scales, indicating the potential of SAR 66 

data in mapping SOC. However, the application of SAR data for SOC mapping is complicated 67 

by the various possible configurations of these data, such as with variations in polarization mode, 68 

band frequency, orbital direction and time window, especially since the configurations may affect 69 

the outcome of SOC predictions (Mahdianpari et al., 2017). The shorter wavelength C-band SAR 70 

system mainly interacts with the upper part of the canopy layer and has difficulty penetrating the 71 

vegetation canopy. In contrast, the longer-wavelength L-band SAR sensors can penetrate dense 72 

vegetation layers and better characterize vegetation structures (Li et al., 2019; Ottinger and 73 

Kuenzer, 2020). In addition to the band frequency, the interaction of the SAR signal with the 74 

surface also depends on other radar system parameters, such as polarization and incident angle 75 

(Prudente et al., 2022). In this context, it is important to study the impact of SAR data-76 

acquisition configurations on their application in scientific fields (Hosseini et al., 2015; 77 

Mohammadimanesh et al., 2018; Purinton and Bookhagen, 2020; Rapinel et al., 2020). However, 78 

the relative impact of each acquisition configuration on SOC mapping remains to be addressed. 79 

        The advent of the era of big EO data is driving a significant shift in digital soil mapping 80 

(Tziolas et al., 2020). The recently launched Sentinel satellites (Sentinel-1/2/3) provide excellent 81 
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observation capabilities for many different applications, including SOC mapping and 82 

environmental monitoring (Esch et al., 2018b; Song et al., 2020; Wang et al., 2022). Each 83 

Sentinel-1/2/3 mission consists of two satellites to ensure a high revisit frequency and rapid 84 

coverage of large areas. Sentinel-1 (6-day revisit) and Sentinel-2 (5-day revisit) provide C-band 85 

SAR data and multispectral imagery, respectively, while Sentinel-3 (with a revisit time of 1-2 86 

days) uses multiple sensing instruments for land and ocean missions (Prikaziuk and van der Tol, 87 

2019; Wang et al., 2019a). Sentinel-1/2/3 missions collect approximately 20 TB of data per day 88 

(Esch et al., 2018a), and such an unpredented revisit frequency and multiplication of sensing 89 

intensities will likely revolutionize soil mapping by advancing EO data into the era of big data. 90 

Moreover, the advent of cloud computing platforms such as Google Earth Engine (GEE) is 91 

leading to a shift in how EO data are processed, allowing users to process large-scale and 92 

intensive satellite time-series data (DeVries et al., 2020). Recently, the GEE platform has been 93 

shown to be a powerful tool for soil mapping, and it has been reported that soil prediction models 94 

based on multitemporal synthetic images provide more robust prediction results (Luo et al., 95 

2022b; Luo et al., 2022c). However, most of the existing efforts are limited to specific optical 96 

sensors (e.g., Landsat-8 and Sentinel-2). Tamiminia et al. (2020) used a meta-analysis to review 97 

349 peer-reviewed GEE articles, of which only 14 were on soil research-related topics. Based on 98 

this review, optical imagery (90% of studies), which is more accessible and familiar to users, was 99 

found to remain the most commonly used data source, especially Landsat (82%) and MODIS 100 

(6%) data, while only 9 studies utilized SAR data. The provision of analysis-ready SAR data 101 

within GEE represents an important step forward in applying SAR, as the complexity of SAR 102 
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preprocessing has previously hindered its application; furthermore, the existence of other 103 

geospatial data sources, such as the global Sentinel archive, allows for relative ease in integrating 104 

the different EO data sources (DeVries et al., 2020). There is still a lack of comprehensive 105 

analysis supported by high-performance GEE computing platforms to evaluate and compare the 106 

potential and capabilities of the different optical and radar Sentinel sensors (Sentinel-1/2/3) in 107 

mapping SOC. 108 

       The focus of this study is to investigate the effects of different optical and radar Sentinel 109 

sensors on SOC prediction models based on long-term Sentinel-1/2/3 satellite observations. The 110 

specific aims are to: (1) evaluate the relative impact of four SAR acquisition configurations (i.e., 111 

polarization mode, band frequency, orbital direction and time window) on predicting SOC 112 

content and; (2) analyze and to compare the ability of optical and radar sensors (Sentinel-1/2/3 113 

and ALOS-2), with different characteristics, in mapping SOC. 114 

2. Materials and methods 115 

2.1. Study area 116 

The area for this study is located in mainland Spain (hereafter Spain), which covers nearly 117 

500,000 km2 (Fig. 1). The region is divided into three main climatic zones, oceanic, continental, 118 

and Mediterranean (Mulomba Mukadi and González-García, 2021; Rodríguez Martín et al., 119 

2016). The Mediterranean climate dominates most of the study area, with an Atlantic climate in 120 

northern Spain and a semiarid climate in the southeastern part (Moreno-García et al., 2020). The 121 
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mean annual precipitation varies widely from <200 mm (southeastern Spain) to >2200 mm 122 

(northeastern Spain); the annual mean temperature ranges from <2.5 °C in the high altitudes 123 

to >17 °C in the southern regions (Calvo de Anta et al., 2020; López-Senespleda et al., 2021). 124 

The terrain of Spain is highly heterogeneous, with elevations ranging from 0 to 3479 m; the 125 

average elevation is 600 m to 800 m (Moreno-García et al., 2020; Wang et al., 2020). 126 

Agricultural and forestland occupies 91% of the area, the latter is mainly on the northwest coast 127 

of Spain (Calvo de Anta et al., 2020; Wang et al., 2020). As one of the major agricultural 128 

producers in Europe, wheat and maize are the two most important crops in Spain (Allende-129 

Montalbán et al., 2022; Morales-Polo et al., 2021). The main soil types in the different regions of 130 

Spain are described by Calvo de Anta et al. (2020). 131 

2.2. Soil data 132 

The soil dataset for this study came from the LUCAS project, a statistical survey initiated by 133 

Eurostat and conducted every three years in the European Union (EU) (Borrelli et al., 2022). The 134 

newly published LUCAS 2015 topsoil data covering Spain were used in this study. The LUCAS 135 

2015 Survey was conducted in all EU-28 member states; a total of 27,069 locations were 136 

selected for sampling, of which 22,631 were collected in the EU-28 (Jones et al., 2020). In the 137 

LUCAS 2015 Survey, 90% of the soil sampling points in the LUCAS 2009/2012 Survey were 138 

repeated, with the remaining 10% displaced by new locations, including some points above 139 

1,000 m in elevation (Fernández-Ugalde et al., 2020). These soil samples, representative of 140 

European landscape features, cover all land use types and were collected using a standard 141 
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sampling scheme. Soil sample analysis was performed in an ISO-certified laboratory following 142 

standard procedures (Panagos et al., 2014; Zhong et al., 2021). The results of the analysis 143 

recorded the physicochemical properties (e.g., SOC) of the soil samples with details of the 144 

vegetation, soil type and altitude (Khan and Chiti, 2022). LUCAS topsoil is perhaps globally the 145 

largest, most comprehensive, and open-access topsoil dataset and has been used by many 146 

scholars for soil mapping at different scales (Ballabio et al., 2019; Castaldi et al., 2018; Zhou et 147 

al., 2021). We modeled the soil properties using soil samples (n = 4027) covering Spain based on 148 

the LUCAS database (Fig. 1). 149 

2.3. Satellite data 150 

2.3.1. Sentinel-1 151 

Sentinel-1 is a C-band SAR system provided by the European Space Agency (ESA) since 2014; 152 

it makes acquisitions in four imaging modes with different spatial resolutions and swath widths 153 

(Zhao et al., 2022). The satellite is a two-satellite constellation of Earth-imaging satellites that 154 

collect data from both the descending and ascending orbits. Interferometric wide swath mode 155 

(IW) is the main operating mode over land, with a high spatial resolution (5 m × 20 m) and wide 156 

coverage (250 km) (Huang et al., 2018). We leveraged the GEE platform to access and process 157 

all the IW-mode Sentinel-1 ground range detected (GRD) images available in 2015 (Fig. 2). In 158 

this study, the Sentinel-1 data were filtered by orbital direction to obtain the images with 159 

"DESCENDING" and "ASCENDING" orbits. Sentinel-1 data were subjected to several 160 
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preprocessing algorithms in the GEE platform to generate VV and VH backscatter coefficients, 161 

as described by Singha et al. (2020). The VV and VH polarizations of the Sentinel-1 data in 162 

different orbital directions were time-composited over 6 time periods at bimonthly intervals (e.g., 163 

period 1: January–February 2015); all Sentinel-1 images acquired during these time periods were 164 

used to calculate median and mean composite images for VV and VH polarizations in different 165 

composite modes (median and average). In total, we integrated 48 Sentinel-1 features—two 166 

bands (VV and VH) multiplied by six time periods, two orbital directions and two composite 167 

modes —to be considered in the next modeling step. 168 

2.3.2. Sentinel-2 169 

Sentinel-2, a two-satellite multispectral imaging mission, provides multispectral image (13 170 

spectral bands) data with high spatial resolution (10–60 m) and wide area coverage (swath width 171 

of 290 km) at a 5-day interval (Murphy et al., 2016). High-level Sentinel-2 surface reflectance 172 

images have been available in GEE only since 2017. All available Sentinel-2 Top of Atmosphere 173 

(TOA) data with cloud cover less than 10% in 2015 were obtained using the GEE platform (Fig. 174 

2). The QA60 band containing cloud information was used for cloud removal in the early stages 175 

of image preprocessing (Wang et al., 2019b; Yang et al., 2020). We synthesized all the Sentinel-2 176 

images in two composite modes, resulting in a total of 20 feature synthesis results, 10 bands (i.e., 177 

bands 2-8a, 11, and 12) times two composite modes (median and average). 178 
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2.3.3. Sentinel-3 179 

Sentinel-3 is the latest in the Sentinel family and consists of two satellites, Sentinel-3A, launched 180 

in February 2016, and Sentinel-3B, launched in April 2018 (Fernandez-Moran et al., 2021; 181 

Odebiri et al., 2022). The Sentinel-3 sensor (with a revisit time of 1–2 days) is equipped with 182 

scientific instruments, the Ocean and Land Color Imager (OLCI), Sea and Land Surface 183 

Temperature Radiometer (SLSTR), SAR Radar Altimeter (SRAL) and MicroWave Radiometer 184 

(MWR) (Prikaziuk and van der Tol, 2019; Wooster et al., 2012). The OLCI has 21 spectral bands 185 

with a spatial resolution of 300 m and a large swath width of 1270 km (Clevers and Gitelson, 186 

2013; Kravitz et al., 2020). This study used the GEE platform to collect and process all the 187 

available Sentinel-3 OLCI TOA data for the study area in 2016 (Fig. 2). We filtered out the 188 

bright pixels, which mainly consist of clouds, snow and ice, using each image's quality flag band 189 

(Liu et al., 2022b). The median and mean of all the Sentinel-3 images were calculated to produce 190 

composite images consisting of 21 median and mean bands, respectively. 191 

2.3.4. ALOS-2 PALSAR-2 192 

ALOS-2 is a follow-up mission to ALOS that launched in May 2014 and is equipped with an 193 

enhanced L-band SAR sensor (PALSAR-2) operating in the 1215-1300 MHz frequency range 194 

(Rosenqvist et al., 2014). The Japan Aerospace Exploration Agency (JAXA) provides annual 195 

global 25 m ALOS-2 PALSAR-2 mosaic data by mosaicking SAR images of backscatter 196 

coefficients (Xu et al., 2020). PALSAR-2 data were preprocessed by JAXA; each mosaic 197 
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contains HH and HV polarizations (Li et al., 2022). We acquired the 2015 ALOS-2 PALSAR-2 198 

annual mosaic via GEE and converted the digital numbers (DNs) of the original HH and HV 199 

polarizations to backscatter gamma-naught (γ0) values using Equation (1) (Yang et al., 2021b). 200 

There are two polarization models (HH and HV) in the composite PALSAR-2 imagery that are 201 

available for further analysis. 202 

γ0 = 10𝑙𝑜𝑔10(𝐷𝑁2) – 83                                      (1) 203 

2.4. Random forest 204 

Random forest (RF) is an ensemble tree-based algorithm for regression and classification tasks 205 

that combines the concepts of decision trees and bagging (Jia et al., 2021). RF relies on building 206 

decision trees on a training dataset, where each tree is planted using bootstrap samples from the 207 

training dataset (Nabiollahi et al., 2021). Bagging stands for bootstrapping and aggregation 208 

techniques and employs voting or averaging strategies to aggregate learners (Wadoux et al., 209 

2019). The RF model is robust to overfitting and noise, has higher accuracy and works well with 210 

large datasets (Zhang et al., 2021). The algorithm has two important user-defined parameters that 211 

need to be optimized, the number of trees (ntree) and the number of randomly selected variables 212 

(mtry). We used the grid search method of the "caret" package in R software to optimize these 213 

parameters (Tiyasha et al., 2021). 214 

2.5. Statistical analyses 215 

A Pearson's correlation analysis between SOC and remote sensing-derived predictors was carried 216 
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out, following the approaches of previous soil mapping studies (Gholizadeh et al., 2018; Nguyen 217 

et al., 2022; Yang and Guo, 2019). A descriptive statistical analysis of the soil properties was 218 

performed in the SPSS 21.0 software. The RF modeling process was performed in R software 219 

using the "randomForest" package. 220 

2.6. Model evaluation 221 

Twelve experiments (Table 1) were conducted to assess the suitability and potential of the 222 

different datasets and their combinations in mapping and predicting SOC at the national scale in 223 

Spain. We evaluated the performance of the soil prediction models based on each experiment 224 

using a 10-fold cross-validation procedure. Chen et al. (2022) reviewed studies on digital soil 225 

mapping at a broad scale and reported that the cross-validation techniques are the most common 226 

validation strategy for evaluating the accuracy of digital soil maps. Here, the data were randomly 227 

divided into ten folds; nine folds were used to fit the model, and the remaining fold was used for 228 

validation (Mello et al., 2022; Taghipour et al., 2022). This process was repeated ten times; then, 229 

the validation folds were aggregated together, and the quality of the predictions was evaluated by 230 

three accuracy metrics, the coefficient of determination (R2), the root mean square error (RMSE) 231 

and the mean absolute error (MAE) (Equations (2)–(4)). 232 
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                                             (4) 235 

where n represents the number of samples and Pi and Oi represent the predicted and observed 236 

values at site i, respectively. 237 

3. Results 238 

3.1. Descriptive statistics and correlation analysis 239 

A descriptive statistical analysis of the SOC content is shown in Table 2. The SOC content 240 

ranged from 0.10 to 406.10 g/kg, with a mean and median of 22.95 and 14.30 g/kg, respectively. 241 

The SOC data showed a strongly skewed distribution, yielding a skewness coefficient of 3.65. A 242 

natural logarithmic transformation reduced the skewness coefficient to 0.03. The SD values of 243 

the original and converted SOC were 25.42 g/kg and 0.90 g/kg, respectively. 244 

We performed a Pearson correlation analysis and built correlograms between SOC and the 245 

quantitative predictors (Fig. 3). There were statistically significant correlations between all 246 

remote sensing-derived predictors and SOC (P < 0.01). Overall, higher correlations between the 247 

predictors and SOC were observed after log transformations. The highest correlations in the four 248 

remote sensing datasets were obtained from the spectral bands from B6 to B11 of Sentinel-3 249 

(from -0.52 to -0.55); meanwhile, SOC had the weakest correlation with the VV polarization of 250 

Sentinel-1. Moreover, good correlations were also observed between SOC and the remaining 251 
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bands of Sentinel-3, with r values above 0.30, with the exception of B20; in general, higher r-252 

values were obtained from the Sentinel-3 median composite images in the two composite modes. 253 

Among the Sentinel-2 bands, B4 and B5 had the highest correlation with SOC (r > 0.50); the 254 

remaining Sentinel-2 bands also provided good correlations with SOC, with correlation 255 

coefficients above 0.25. For the two radar datasets used, the cross-polarizations (HV and VH) 256 

provided higher correlations with SOC than copolarizations (VV and HH); for example, for the 257 

Sentinel-1 derived predictors, SOC had a weak correlation with the VV polarizations (from 0.07 258 

to 0.27) and a relatively strong correlation with the VH polarizations (from 0.32 to 0.44); the 259 

highest correlations for the VV and VH polarizations of Sentinel-1 came from VVa_2_median 260 

and VHa_2_mean, respectively (Fig. 3). 261 

3.2. Effects of different inputs on SOC mapping 262 

We compared the overall accuracy of the twelve input datasets under different synthesis modes to 263 

evaluate the effects of different input variables on the model outputs (Fig. 4). Models based only 264 

on ALOS-2 had the lowest accuracy in predicting SOC (HH: R2 = 0.0522; HV: R2 = 0.0854; 265 

HH+HV: R2 = 0.1518); SOC was better predicted by cross-polarization (HV) than HH 266 

polarization; the co/cross-polarization combination yielded higher accuracy. The Sentinel series 267 

had higher accuracies than ALOS-2. Sentinel-3-based models had the highest accuracy (R2: 268 

0.3965-0.4019; RMSE: 0.6974-0.7011; MAE: 0.5352-0.5384) when using a single sensor, 269 

followed by Sentinel-2 (R2: 0.3449-0.3486; RMSE: 0.7282-0.7304; MAE: 0.5594-0.5601) and 270 

Sentinel-1 (R2: 0.3250-0.3322; RMSE: 0.7369-0.7413; MAE: 0.5629-0.5669); we also observed 271 
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that the latter two sensors exhibited similar predictive performances. 272 

The results showed that the prediction models built by Sentinel-1 had obvious differences in 273 

accuracy under different polarization modes and orbital directions. Consistent with the results 274 

from ALOS-2, the cross-polarization (i.e., VH) from Sentinel-1 yielded a better SOC prediction 275 

than the copolarization (i.e., VV). The combined use of copolarization and cross-polarization 276 

improved the prediction accuracy compared to the single-polarization mode, with a higher R2 277 

(0.3250-0.3322) and lower MAE (0.5629-0.5669) and RMSE (0.7369-0.7413). The SOC 278 

prediction models based on Sentinel-1 imagery with "ASCENDING" orbits (R2: 0.2912-0.2984; 279 

RMSE: 0.7556-0.7596; MAE: 0.5781-0.5834) had higher R2 and lower RMSE and MAE values 280 

than the models constructed from data with "DESCENDING" orbitals (R2: 0.2759-0.2831; 281 

RMSE: 0.7635-0.7669; MAE: 0.5877-0.5899). Meanwhile, improved accuracy was found when 282 

using Sentinel-1 with two orbital orientations, with a 17% increase in R2 compared to the model 283 

constructed with "DESCENDING" orbital data. The R2 values of the SOC prediction models 284 

increased when six time periods were used relative to a single time period (Fig. 4, Fig. 5). The 285 

accuracy of SOC predictions using the composite images of six different time intervals varied. 286 

For different composite modes (median and mean), the highest R2 values were obtained in the 287 

first and second time periods, respectively. Overall, the SOC prediction accuracy using the mean 288 

composite mode was slightly higher than that using the median composite mode. 289 

Although the mapping accuracy of different composite modes and sensors differed, the 290 

synergistic utilization of the Sentinel series gave better prediction models and more accurate 291 

prediction results. For example, the performance of the SOC prediction models established by 292 
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Sentinel-1/2 showed that the R2 values were > 0.39, the RMSE was between 0.7015 and 0.7026 293 

and the MAE was between 0.5369 and 0.5376, which was better than the results based on 294 

Sentinel-1. As we expected, all available Sentinel sensors modeled together had the highest 295 

prediction accuracy (R2 > 0.44), with a greater improvement in the SOC prediction accuracy than 296 

with a single Sentinel. The R2 values of the predictive models built by Sentinel-1/2/3 indicated 297 

that these models could explain approximately 33%, 34% and 40% of the SOC variability, 298 

respectively, and together they explained 44% of the SOC variation. 299 

3.3. Variable importance 300 

The predictor importance in four experiments conducted in SOC modeling under mean 301 

composite mode is shown in Fig. 6. For models based on all the Sentinels, the backscatter bands 302 

(Sentinel-1) accounted for 64% of the relative importance of the SOC predictions in the models, 303 

followed by Sentinel-2 (18%) and Sentinel-3 (18%); S3_B20 and S3_B10 were the first and third 304 

most important predictors in the model, respectively, and the Sentinel-1 VH backscatter bands 305 

from the fourth time period and S2_B4 also ranked in the top five in our model. For the model 306 

built by Sentinel-2, the most important predictors were S2_B2 (relative importance of 29%) and 307 

S2_B4 (16%), which were also the most important Sentinel-2-derived predictors in the model 308 

based on dataset D12. S3_B20 and S3_B2 had the highest contribution to the SOC prediction 309 

model constructed by Sentinel-3, followed by S3_B1 and S3_B3. The contribution of the SAR 310 

product bands to the SOC prediction model based on Sentinel-1 ranged from 3% to 9%; of the 311 

top six most important predictors, only one was from VV polarization, and the remaining five 312 
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were from VH polarization, which further suggests that VH polarization has a greater impact on 313 

the model than VV. 314 

3.4. Spatial distribution of SOC using different inputs 315 

Fig. 7 shows the modeled SOC maps for the study area with different inputs under two 316 

composite modes. The spatial pattern of the mapping results of the SOC prediction model with 317 

the same input under the two composite modes was consistent. The overall trend was similar 318 

among the digital maps produced by different SOC prediction models based on the Sentinel 319 

series, but the spatial details differed slightly; the ALOS-2-based model had the highest SOC 320 

prediction error, resulting in a significantly different spatial pattern of mapping results from these 321 

models. The mean and SD of the predicted maps from these prediction models based on different 322 

datasets were very close despite differences in spatial patterns and spatial details. 323 

4. Discussion 324 

4.1. The influence of input satellite sensors on prediction 325 

performance 326 

Our results show that the composite mode and selection of satellite imagery, as well as the radar 327 

data utilization strategies, influenced the prediction performances (Fig. 4, Fig. 5). The L-band 328 

ALOS-2 images had the poorest performance, where HV polarization was more effective in 329 
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predicting SOC than HH polarization. Combining HV and HH polarization performed better than 330 

a single polarization mode. This is consistent with Sentinel-1 predictions, where cross-331 

polarization provided more accurate results than copolarization, and their combination yielded 332 

higher accuracy. These differences are attributed to the different ways in which microwaves 333 

interact with the surface or canopy, and the integration of co/cross-polarization provides richer 334 

information on radar wave scattering and effectively improves the accuracy (Chen et al., 2020; 335 

Hosseini et al., 2015). 336 

Our results show that predictive models based on Sentinel-1 data with "ASCENDING" 337 

orbits perform better than models built from "DESCENDING" orbital data. We recommend 338 

building soil prediction models based on mixed information with different orbital directions, 339 

which can effectively improve the mapping accuracy (Fig. 4). Several studies have highlighted 340 

the differences in the backscatter and scattering mechanisms in the two orbital directions of SAR 341 

(Elfadaly et al., 2020; Mahdavi et al., 2019). Our results also show that the prediction model 342 

based on Sentinel-1 with multiple time periods is more stable and accurate than Sentinel-1 with a 343 

single time period (Fig. 4, Fig. 5). Similar findings were reported by Dou et al. (2019) and 344 

Silvero et al. (2021). The advantages of multitemporal remote sensing imagery can be explained 345 

by its ability to capture changes in land surface characteristics over time (Fathololoumi et al., 346 

2020). Furthermore, our results show that the prediction performance of L-band ALOS-2 is 347 

lower than that of C-band Sentinel-1. Several scholars have emphasized the importance of 348 

studying the effects of band frequencies and polarization modes on the modeling of SAR data 349 

(Hosseini et al., 2015; Rapinel et al., 2020; Shu et al., 2020). However, to our knowledge, few 350 
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scholars have comprehensively evaluated the effects of the polarization mode, band frequency, 351 

orbital direction and time window of SAR data on SOC modeling. 352 

        Our results demonstrate that Sentinel-1/2/3 with different spatiotemporal resolutions are 353 

well suited to map SOC content at the national scale in Spain. The accuracy ranking based on 354 

these sensors was as follows: Sentinel-3 > Sentinel-2 > Sentinel-1 (Fig. 4). This result agrees 355 

with previous studies by Zhou et al. (2021) and Silvero et al. (2021), who reported that satellite 356 

imagery with higher spatial resolutions did not necessarily provide better results. It is worth 357 

noting that the Sentinel-2 (optical) and Sentinel-1 (SAR) data had similar performance in SOC 358 

modeling. Therefore, the prediction of SOC based on the integration of open access SAR data 359 

obtained from ESA is very promising during periods when ideal optical data are not available. To 360 

the best of our knowledge, this is the first study that employed long-term composite Sentinel-361 

1/2/3 images on the GEE platform to analyze and compare their potential for predicting SOC, but 362 

some studies have reported suitable results based on single-date or multitemporal Sentinel data. 363 

For example, several recent studies have demonstrated the usefulness of Copernicus Sentinel 364 

families in SOC mapping, including Sentinel-1 (Tripathi and Tiwari, 2022), Sentinel-2 365 

(Gholizadeh et al., 2018) and Sentinel-3 (Odebiri et al., 2022). 366 

Our study reveals that the GEE cloud platform has promising prospects in soil mapping due 367 

to its powerful data processing capability and sufficient satellite image data. Amani et al. (2020) 368 

reviewed various applications of the GEE platform and found that the Landsat and Sentinel 369 

datasets are widely used by GEE users, but only 3% are soil-related studies. Luo et al. (2022a) 370 

reported the advantage of using the GEE platform for soil attribute prediction, avoiding the 371 
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impact of insufficient data and environmental differences on regional soil mapping. Combining 372 

Sentinel series data yielded the best results in all experiments (Fig. 4). Similar findings have 373 

been reported by other studies using Sentinel-1 and Sentinel-2 (as well as other optical and SAR 374 

data) in soil property prediction (Nguyen et al., 2022; Wang et al., 2020). This can be attributed 375 

to the differences in image characteristics, information content, and imaging techniques of the 376 

two systems (Forkuor et al., 2020), which help improve SOC predictions when they are 377 

combined. This knowledge notwithstanding, this study achieved efficient mapping of large-scale 378 

SOC using long-term composite images on the GEE platform, taking into account the influence 379 

of sensor types, composite modes and radar data utilization strategies in the modeling, which 380 

provides new insights into the complementarity and strengths of the Sentinel series for future 381 

rapid, large-scale, high-resolution modeling of soil properties. 382 

4.2. The importance of using satellite-derived predictors in the 383 

GEE platform for SOC modeling 384 

Previous SOC mapping studies have relied heavily on optical sensors, such as Landsat or 385 

MODIS. However, our results showed that optical and radar sensors and their combinations from 386 

the Sentinel series are essential for effective SOC modeling. Among the prediction models 387 

constructed by all the Sentinel series, Sentinel-1 showed a stronger impact than Sentinel-2 and 388 

Sentinel-3 in SOC prediction, with a sum of importance of 64%, 18% and 18%, respectively 389 

(Fig. 6). This is similar to previous studies, which highlighted the importance of the Sentinel 390 

series, that included radar (e.g., (Zhou et al., 2020a)) and optical (e.g., (Castaldi et al., 2019)) 391 
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sensors, in explaining SOC variability. For the model built with Sentinel-1, five of the top six 392 

most important predictors were derived from VH polarization, revealing that VH polarization 393 

had a greater impact than VV polarization in our predictions. Among the Sentinel-1-derived 394 

predictors, we also observed a weaker correlation of SOC with VV polarization and a relatively 395 

strong correlation with VH polarization. Long-term composite backscatter bands in our 396 

prediction model were identified as effective predictors of SOC. Although radar data have rarely 397 

been used to map SOC, previous studies using these images to monitor vegetation have 398 

demonstrated the ability of radar data to capture short-term changes in vegetation characteristics, 399 

which can be further applied to predict SOC due to the relationship in the soil-vegetation system 400 

(Yang and Guo, 2019; Yang et al., 2019). 401 

        Among the Sentinel-2-built models, S2_B2 (relative importance of 29%) and S2_B4 (16%) 402 

were identified as the most influential predictors for SOC mapping and were also the most 403 

significant Sentinel-2-derived predictors when the models were built with all the Sentinels (Fig. 404 

6). This finding was reported by other studies using Sentinel-2 to predict SOC. For example, 405 

Zhou et al. (2021) found that S2_B2 was the most important predictor among all the spectral 406 

bands of Sentinel-2 for SOC prediction. On the other hand, S2_B4 was the most correlated 407 

spectral band in the correlation analysis between the SOC and Sentinel-2 bands. With respect to 408 

Sentinel-3, S3_B20 had the highest importance in experiments involving Sentinel-3. The spectral 409 

reflectance of optical satellites is the most commonly used practical indicator for SOC 410 

prediction. The spectral bands based on remote sensing can reflect the biophysical properties 411 

related to vegetation cover and soil conditions (Lamichhane et al., 2019; Xu et al., 2017). The 412 
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close relationship of soil-vegetation systems observed by satellite images helps explain the 413 

spatial variability of SOC (Yang and Guo, 2019). Long-term vegetation cover conditions may be 414 

more influential than short-term snapshots. The GEE platform is very efficient in acquiring long-415 

term time series images, and its potential in soil mapping cannot be underestimated. 416 

4.3. Digital SOC maps and spatial pattern analysis using 417 

different inputs 418 

The SOC maps predicted by the models involving Sentinel data (i.e., Sentinel-1/2/3) in this study 419 

were compared with those produced by Wang et al. (2020) and Calvo de Anta et al. (2020). 420 

These predicted SOC maps had roughly the same spatial distribution trends as our mapping 421 

results involving Sentinel satellites (Fig. 7). The spatial pattern of the mapping results of the 422 

models with the same Sentinel input was consistent in the two composite modes. The spatial 423 

details of the mapping results from satellite sensors with different image characteristics, 424 

information content and imaging techniques varied slightly. The predicted SOC maps exhibited 425 

strong spatial variation due to the complex interaction of environmental factors such as land use, 426 

climate, topography and vegetation (Calvo de Anta et al., 2020). The spatial pattern of SOC was 427 

in accordance with the land use distribution, with higher SOC concentrations in the northwest 428 

dominated by closed broadleaved deciduous forest. We also found high values in some 429 

mountainous areas of the Central System and the Iberian System, which is consistent with the 430 

results of López-Senespleda et al. (2021). Another area of noteworthy high values was the high-431 

altitude Pyrenees, a mountain system that originates from the Alps and is unconnected to the 432 
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Central Plateau. The agricultural systems (especially woody crops) had lower SOC 433 

concentrations than the above areas located under forests and scrubs. The lowest SOC levels 434 

were observed in the southern regions, which depends mainly on the climatic conditions in Spain 435 

(Rodríguez Martín et al., 2016). Land use and climate are the key variables in determining SOC 436 

concentrations in Spain, as confirmed by other studies (Hontoria et al., 1999; Rodríguez Martín 437 

et al., 2016). Rodríguez Martín et al. (2016) modeled the spatial variability of SOC in Spain and 438 

found that the average SOC content of forestlands and grasslands was more than 3 times higher 439 

than that of croplands. 440 

5. Conclusions 441 

This study combined machine learning and multiple types of long-term optical and microwave 442 

satellite observations acquired from the GEE platform to estimate the spatial distribution of SOC 443 

concentrations in Spain. The main conclusions can be summarized as follows: 444 

 The results show that the composite mode and choice of satellite imagery, as well as the 445 

SAR acquisition configurations, affect the model results to varying degrees. The models 446 

constructed from SAR data involving cross-polarization, multiple time periods and 447 

"ASCENDING" orbits performed better than models involving copolarization, a single time 448 

period and "DESCENDING" orbits. The soil prediction models based on mixed information 449 

of different orbital directions and polarization modes effectively improved the mapping 450 

accuracy. 451 
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 The accuracy rankings based on long-term optical and microwave sensor observations were 452 

as follows: Sentinel-3 > Sentinel-2 > Sentinel-1 > ALOS-2. The predictive performance of 453 

C-band Sentinel-1 versus multispectral Sentinel-2 was comparable, although the 454 

complementary use of the two provided higher accuracy. 455 

 Our mapping results involving Sentinel satellites had similar spatial patterns with slightly 456 

different spatial details, exhibiting extensive spatial variability. The predicted SOC was 457 

higher in northwestern Spain and lower in southern Spain. 458 

 This study emphasizes the benefits of the GEE platform allowing rapid, dynamic analysis of 459 

EO data in near real-time to support soil mapping and health monitoring. 460 

 Our results confirm the good predictive power of long-term Sentinel-1/2/3 observations, and 461 

the massive amounts of freely available high-quality Sentinel data is expected to accelerate 462 

and advance digital soil mapping research. 463 
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Figure Legends 

Fig. 1. Overview of the study area and soil observations. 

Fig. 2. Spatial distribution of the total number of observations per pixel for the different 

Sentinels over Spain. 

Fig. 3. Correlation matrix using Pearson’s correlation coefficients between SOC and the 

satellite-derived predictors. The S2_B2_mean to the S2_B12_mean correspond to bands 2 to 

12 of the Sentinel-2 data under the mean composite mode, respectively; The S3_B1_mean to 

the S3_B21_mean correspond to bands 1 to 21 of the Sentinel-3 data under the mean 

composite mode, respectively; The VHa_1_mean to the VHa_6_mean correspond to the 

Sentinel-1 VH polarizations (mean composite mode) with "ASCENDING" orbits at 1 to 6 

different time periods, respectively; The VHd_1_mean to the VHd_6_mean correspond to the 

Sentinel-1 VH polarizations (mean composite mode) with "DESCENDING" orbits at 1 to 6 

different time periods, respectively. 

Fig. 4. Prediction accuracy of twelve experiments conducted with SOC modeling under 

different synthesis modes (For the definition of the datasets used in the experiments, see Table 

1). 

Fig. 5. Prediction accuracy of the Sentinel-1 composite images for six time periods (e.g., 

period 1: January–February 2015) under different composite modes. 

Fig. 6. Variable importance of the experiments conducted with SOC modeling under the mean 

composite mode (for the specific meaning of the abbreviations, see Fig. 3). (a) - (d) 

correspond to the results of datasets D8, D9, D10 and D12, respectively (see Table 1 for a 

description of the different datasets). 

Fig. 7. Modeled SOC maps of the experiments conducted under different synthesis modes 

(the subareas of the predicted map are displayed to the right). The first map represents the 

results from the D3 dataset; the predicted maps under the mean composite mode correspond 

to datasets D8 (b), D9 (d), D10 (f) and D12 (h); and the predicted maps under the median 

composite mode correspond to datasets D8 (c), D9 (e), D10 (g) and D12 (i) (see Table 1 for a 

description of the different datasets). 

Figure Click here to access/download;Figure;Tables and Figures.docx
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Table 1. Details of the experimental setups formed from the different satellite 

observation datasets. 

Sensors Datasets Description 

ALOS-2 D1 Backscatter coefficient in HH polarization 

ALOS-2 D2 Backscatter coefficient in HV polarization 

ALOS-2 D3 Backscatter coefficient in HH and HV polarization 

Sentinel-1 D4 Backscatter coefficient in "ASCENDING" orbit 

Sentinel-1 D5 Backscatter coefficient in "DESCENDING" orbit 

Sentinel-1 D6 Backscatter coefficient in VH polarization 

Sentinel-1 D7 Backscatter coefficient in VV polarization 

Sentinel-1 D8 All available Sentinel-1 polarization metrics 

Sentinel-2 D9 All available Sentinel-2 derived predictors 

Sentinel-3 D10 All available Sentinel-3 derived predictors 

Sentinel-1/2 D11 All available Sentinel-1/2 derived predictors 

Sentinel-1/2/3 D12 All available Sentinel-1/2/3 derived predictors 

 

Table 2. Descriptive statistics of raw and log-transformed SOC (g/kg). 

 Minimum Maximum Mean Median Standard deviation (SD) Skewness 

SOC 0.10 406.10 22.95 14.30 25.42 3.65 

LnSOC -2.30 6.00 2.72 2.66 0.90 0.03 

Notes: LnSOC, log-transformed SOC. 
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