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ABSTRACT 

 

The aim of this communication is to present an operational approach for mapping soil moisture at high 

spatial resolution (plot scale) in agriculture areas by coupling S1 and S2 images. The proposed 

approach is based on the inversion of the Water Cloud Model (WCM) combined with the modified 

Integral Equation Model (IEM). Neural networks were developed and validated using synthetic SAR 

C-band database. The results showed that the soil moisture could be estimated in agricultural areas 

with an accuracy of approximately 5 vol.%. 

 

Index Terms - Soil moisture, Sentinel-1&2, SAR, C-band, Neural networks. 

 

 

1. INTRODUCTION 

 

Soil moisture content and surface roughness play an important role in meteorology, hydrology, 

agronomy, agriculture, and risk assessment. These soil surface characteristics can be estimated using 

synthetic aperture radar (SAR) [1-17]. SAR data in the C- and X-bands were widely and primarily 

used to estimate surface soil moisture (SSM) over bare soils and soils covered with vegetation. The 

arrival of free and open access Sentinel-1 "S1" (10 m spatial resolution and a 6-day revisit period) and 

Sentinel-2 "S2" (10 m spatial resolution and a 6-day revisit period) satellites have encouraged the 

development of operational algorithms for soil moisture mapping over agricultural areas with high 

revisit time (6 days with the two Sentinel-1 satellites) and high spatial resolution (up to plot scale).  

 

The retrieval of soil moisture content and surface roughness requires the use of radar backscatter 

models capable of correctly modeling the radar signal for a wide range of soil parameter values. This 

estimation from imaging radar data implies the use of backscattering electromagnetic models, which 

can be physical, semi-empirical or empirical [18-20]. 

 

Several studies tend to use the neural networks technique to invert backscattering models and estimate 

the soil moisture. To estimate soil moisture and roughness over bare soils from the C-band 

polarimetric radar data, Baghdadi et al. [8] first generated a database of backscattering coefficients for 

a wide range of bare soil conditions (Hrms between 0.3 and 3.6 cm and SSM between 5 and 45 vol.%) 

using the Integral Equation Model IEM [18-19]. Then, the neural networks (NNs) were trained using 

the synthetic database. Finally, the trained neural networks were validated using a real database. 

 



The aim of this paper is to present an operational approach for mapping soil moisture at high spatial 

resolution (up to the plot scale) in agriculture areas by coupling S1 and S2 images. The proposed 

approach uses the neural network technique [8,21]. It is based on the inversion of the WCM combined 

with the modified Integral Equation Model (IEM) [18-19].  

 

 

2. S1-SSM ALGORITHM 
 

The approach for soil moisture mapping uses the neural networks (NNs) technique to invert the radar 

backscattering signal [2]. It uses the Water Cloud Model parameterized by Baghdadi et al. [22] for the 

C-band combined with the Integral Equation model (IEM) [18,23]. The total radar backscattering 

coefficient in the WCM is considered as the sum of the direct vegetation contribution and the soil 

contribution multiplied by the attenuation factor. Using a vegetation descriptor (NDVI) derived from 

optical images (Sentinel-2), the direct contribution of vegetation as well as the attenuation of soil 

scattering can be computed. 

 

The development of the inversion method consists of the following steps [2]: 

 

 Generate a synthetic database of backscattering coefficients in VV polarization (σ°VV) using a 

parameterized WCM combined with the modified IEM; 

 Noise the synthetic SAR C-band database (zero-mean Gaussian random additive noises with a 

standard deviation of ±0.7 and ±1.0 dB to be added to the simulated backscattering coefficients 

in VV, respectively) and NDVI values (zero-mean Gaussian additive relative noise of 15%) to 

obtain synthetic database close to the real SAR and NDVI data; 

 Train and validate the neural networks using the noisy synthetic dataset; 

 Finally, apply the trained neural networks to S1 and S2 images to map the soil moisture.  

 

Wide range of incidence angle "θ" (20° to 45°), SSM (2 to 40 vol. %), Hrms (0.5 to 3.8 cm), and 

NDVI (0 to 0.75) was considered in the generation of synthetic SAR database. Each element of the 

database is composed of a combination of four input parameters θ, SSM, Hrms, NDVI and a simulated 

σ°VV. Two SAR configurations for estimating the soil moisture are considered: 

 

 Configuration 1: incidence angle, noisy radar signal at VV polarization, and noisy NDVI are the 

inputs of the NNs; 

 Configuration 2: incidence angle, both noisy radar signal at VV polarization and noisy NDVI are 

the inputs of the NNs. 

 

The soil roughness (root mean square surface height “Hrms”) was not used as an input parameter 

for the neural networks training and validation. NNs were trained in using the Levenberg-Marquardt 

algorithm with two hidden layers. The number of neurons for each hidden layer is 20. Linear and 

tangent-sigmoid transfer functions were associated with the first and second hidden layers, 

respectively. 

 

 



3. RESULTS 

 

Figures 1a and 1b show the performance of the neural networks that take °VV, θ, and NDVI as input 

parameters (configuration 1). For a reference SSM lower than 25 vol.% (dry to wet soils), small bias 

"estimated SSM – reference SSM" (1.2 vol.%) and RMSE of 4.0 vol.% are observed (Figure 1a). 

Similarly, for a reference SSM between 25 and 40 vol.% (very wet conditions), a bias of -2.3 vol.% 

and an RMSE of 5.1 vol.% are obtained (Figure 1b). 

 

 
(a) 

 
(b) 

Figure 1. Estimated SSM as a function of the reference SSM. (a) VV is used alone, dry to 

wet soils, (b) VV is used alone, very wet soils.  

The approach for the operational mapping of soil moisture was applied over a study site located in 

Occitanie, South France (Figure 2). S1-SSM maps are available at high spatial resolution (up to plot 

scale) since September 2016 as open access data via the Theia French Land Data Center 

(http://www.theia-land.fr/en/thematic-products). An evaluation of SMOS, SMAP, ASCAT and S1-

SSM products was performed by El Hajj et al. [24] and reveals that the S1-derived soil moisture maps 

provide the most accurate estimation of SSM. The higher accuracy of estimated SSM moisture is 

probably due to the well-calibrated IEM combined with the well parameterized WCM and the use of 

high spatial resolution (10 m × 10 m) land cover maps derived from S2 images to eliminate SAR 

scattering from forest and urban areas. 

 

A comparison between S1-SSM maps and precipitation derived from GPM (Global Precipitation 

Measurement) data was carried out. For each S1-SSM map date, one cumulative rainfall map for the 6 

days prior to the S1-SSM map date was computed by summing the 30 min time interval of the Late 

IMERG GPM product. Then, each S1-derived SSM map was overlaid with the corresponding 6 days 

of cumulative GPM rainfall. Starting with the initial map on 21/12/2016 (Figure 2a), departments as 

Tarn, Hérault, Lozère, and Aveyron of the eastern and middle parts of the region encountered high soil 

moisture values (more than 20 vol.%) corresponding to 10-20 mm cumulative precipitation during the 

past 6 days, whereas Gers and Haute-Garonne of the western part shows low soil moisture values (20 

vol.% at most) corresponding to the absence of precipitation in the area for the same prior period. A 

http://www.theia-land.fr/en/thematic-products


map derived 6 days later on 27/12/2016 (Figure 2b) shows a decrease in soil moisture values in the 

Hérault and Gard due to the absence of precipitation between 21/12/2016 and 27/12/2016. Moreover, 

high soil moisture values are estimated for Tarn due to continuous raining episodes between 

21/12/2017 and 27/12/2017, and a slight increase in soil moisture values is observed in western part 

due to 3 mm of precipitation recorded one day prior to the S1-SSM map according to the GPM data 

(Figure 2b). A general decrease in soil moisture values throughout the region is observed between 

27/12/2016 (Figure 2b) and 02/01/2017 (Figure 2c) as no precipitation was recorded. A continuous 

lack of precipitation for 12 days from 27/12/2016 until 08/01/2017 caused soil moisture values to drop 

to less than 15 vol.% on 08/01/2017 in the whole region as shown in Figure 2d. Six days later on 

14/01/2017 (Figure 2e), soil moisture values remained low at the east as no precipitation was recorded 

for an additional 6 days, whereas a moderate increase in soil moisture values is observed in the middle 

and western parts (Tarn, Haute-Garonne, and Gers) corresponding to precipitation between 

08/01/2017 and 14/01/2017 (a cumulative rainfall increase of 5-20 mm). Twenty-four days with no 

precipitation recorded in the Hérault and Gard region between 27/12/2016 and 20/01/2017 caused the 

soil moisture values to drop more, with values less than 15 vol.% in this area on 20/01/2017 (Figure 

2f).  

 

In addition, for Gers department, low soil moisture values (less than 15 vol.%) were estimated on 

January 20, 2017 and high cumulative precipitation was recorded between 14 and 20 January 2017 (15 

mm) (Figure 2f). This low soil moisture estimates could be linked to the presence of frozen soil in the 

area. In a recent study using Sentinel-1 SAR data, Baghdadi et al. [25] showed that a decrease of at 

least 3 dB in the radar backscattered signal can be observed over frozen soil conditions. Such a 

decrease in the SAR signal yields an underestimation of soil moisture in the S1-derived SSM maps. In 

our case, it seems that low soil moisture values for this area on 20/01/2017, although with the presence 

of rainfall, is due to frozen soil conditions. To support our assumption, the temperature curve and 

precipitation records for a local meteorological station in Auch city located in Gers-Occitanie were 

analyzed. On 19 January 2017 (S1 acquisition over Gers on January 19, 2017 17:56 UTC), the 

temperature varied between -8°C and 2°C with a mean value of -3°C throughout the day. Three days 

before (15 and 16 January) 15 mm cumulative precipitation was recorded. Thus, a precipitation event 

followed by a decrease in the air temperature to less than 0°C justifies the presence of frozen soil 

conditions as the cause of a decrease in the estimated soil moisture values in the S1-derived SSM 

maps. 

 

After 29 days of dry conditions in the eastern part (Hérault and Gard between 27/12/2016 and 

25/01/2017), a sudden increase in the soil moisture was observed on 26/01/2017 with the beginning of 

a rainfall event (Figure 2g). The mean S1-SSM mean value in this area increased from 13 vol.% in 

20/01/2017 to 32 vol.% in 26/01/2017. On the other hand, the absence of precipitation in the 

remaining parts of the region between 20/01/2017 and 26/01/2017 caused soil moisture to attain lower 

values (16 vol.%) on 26/01/2017.The slight increase in soil moisture values in Gers between 20 and 

26 January is probably due to the disappearance of the frozen conditions observed in the previous 

acquisition (20/01/2017). The temporal analysis of S1-derived SSM values over a period of time 

shows the direct effect of raining episodes or dry conditions on S1-SSM values. 
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Precipitation (mm) 0 - 5 10 - 40 > 40 5 - 10

Soil Moisture (Vol.%) < 15 15 - 20 20 - 25 > 25

 
 

Figure 2. S1-derived SSM map overlaid with GPM cumulative precipitation data. (a) 21/12/2016, (b) 

27/12/2016, (c) 02/01/2017, (d) 08/01/2017, (e) 14/01)2017, (f) 20/01/2017, (g) 26/01/2017. 

 

 
 



4. CONCLUSION 
 

This paper present an operational approach for soil moisture estimates in agricultural areas at a high 

spatial resolution (up to plot scale). Our approach is based on a synergic use of radar and optical 

images. With the use of Sentinel-1 and Sentinel-2 data, the developed approach will provide soil 

moisture mapping with a high temporal frequency. Our approach for soil moisture estimates used the 

neural networks technique to invert the radar signal and estimate the soil moisture. 

 

From the synthetic database, the results showed that the soil moisture in agricultural areas could be 

estimated with an accuracy of approximately 5 vol.%. A good coherence was observed between the 

temporal evolution of the soil moisture and the precipitation records derived from the GPM data. The 

S1-SSM values increases following rainfall event and decreases after a period without rainfall due to 

evaporation. 
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