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Abstract

:

The purpose of this study is to analyze the potential of Sentinel-1 C-band SAR data in VV polarization for estimating the surface roughness (Hrms) over bare agricultural soils. An inversion technique based on Multi-Layer Perceptron neural networks is used. It involves two steps. First, a neural network (NN) is used for estimating the soil moisture without taking into account the soil roughness. Then, a second neural network is used for retrieving the soil roughness when using as an input to the network the soil moisture that was estimated by the first network. The neural networks are trained and validated using simulated datasets generated from the radar backscattering model IEM (Integral Equation Model) with the range of soil moisture and surface roughness encountered in agricultural environments. The inversion approach is then validated using Sentinel-1 images collected over two agricultural study sites, one in France and one in Tunisia. Results show that the use of C-band in VV polarization for estimating the soil roughness does not allow a reliable estimate of the soil roughness. From the synthetic dataset, the achievable accuracy of the Hrms estimates is about 0.94 cm when using the soil moisture estimated by the NN built with a priori information on the moisture volumetric content “mv” (accuracy of mv is about 6 vol. %). In addition, an overestimation of Hrms for low Hrms-values and an underestimation of Hrms for Hrms higher than 2 cm are observed. From a real dataset, results show that the accuracy of the estimates of Hrms in using the mv estimated over a wide area (few km2) is similar to that in using the mv estimated at the plot scale (RMSE about 0.80 cm).
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1. Introduction


Soil surface characteristics (mainly soil moisture and surface roughness) play a key role in different hydrological processes (floods, runoff, evapotranspiration, infiltration, soil erosion, and imbalance in the water cycle). Surface roughness has a role in trapping water at the surface and reducing flow velocity, which increases infiltration and in turn reduces downstream runoff. The roughness scales observed by a radar sensor have a strong dependence on the frequency and radar incidence [1].



The most commonly used techniques for measuring soil roughness are laser scanner, photogrammetry, and mechanic profilometer. The roughness description is based on the computation of the surface height autocorrelation function from which two parameters are generally calculated. The first is the standard deviation of the surface height (root mean square surface height, Hrms), defining the vertical scale of the roughness. The second one corresponds to the surface correlation length (L) defined as the horizontal displacement for which the correlation function of the profile decreases to 1/e. For 95% of in situ measurements in agricultural areas, Hrms ranges from 0.25 cm for extremely smooth soils to 4 cm for ploughed fields, and the correlation length ranges between 2 and 20 cm [2]. As it is generally very difficult to retrieve Hrms and L in addition to soil moisture by inverting the backscattered radar signals of current SAR sensors; only Hrms is often used to characterize the soil roughness in the inversion algorithms of SAR signal. In addition, Zribi et al. [3] introduced a new roughness parameter combining Hrms, L and the correlation function power (α) into a single parameter Zg, defined as Hrms (Hrms/L)α. This parameter takes the influence of Hrms.



Numerous studies have shown that radar signal is strongly sensitive to soil roughness in agricultural areas mainly for small Hrms-values [4,5,6,7,8,9]. In addition, this sensitivity increases with the incidence angle and the wavelength of the radar signal [10,11]. It has been shown that under these conditions, the backscattered signal increases with the root mean square surface height, according to an exponential or logarithmic function (e.g., [5,9]). A comparison between TerraSAR-X, ASAR and PALSAR data reveals a difference of 8 decibels (dB) between the return signals from smooth and rough fields (Hrms between 0.5 and 3 cm) in the L-band (HH-38°), whereas this difference is approximately 4 dB in the C- and X-bands, at an incidence of around 25°, for both HH and VV polarizations [6]. Aubert et al. [4] have shown that the mean difference between the σ° values of the smoothest (Hrms = 0.7 cm) and roughest areas (Hrms = 3 cm) reached a maximum of 1.9 dB at 25°, and approximately 3.5 dB at 50°, for data in the X-band. Various studies dealing with the dynamic range of radar signals as a function of surface roughness show that it is difficult to discriminate between roughnesses greater than approximately 1, 1.5 and 2 cm in X-, C- and L-band, respectively (e.g., [6]). Concerning the influence of polarization, Holah et al. [12] found that the HH and HV polarizations are more sensitive to surface roughness than the VV polarization.



In the last decades, important scientific activity has been devoted to demonstrate the potential of Synthetic Aperture Radar (SAR) for mapping the moisture content of agricultural areas [13,14,15,16,17,18]. The possibility of retrieving surface roughness was insufficiently investigated from SAR images [5,9,15].The new C-band radar satellites Sentinel-1A (launched on 3 April 2014) and Sentinel-1B (launched on 22 April 2016) provide free and open access data for the whole globe with high spatial and temporal resolutions (one image each 6 days at 10 m spatial resolution). These characteristics of Sentinel-1 open new perspectives for an operational soil roughness mapping.



Baghdadi et al. [5] investigated the potential of the first generation of SAR data (ERS-2 and RADARSAT-1) for monitoring roughness states over bare agricultural fields. Results indicate that high incidence angles (about 45°) are more suitable to discriminate various roughness classes (smooth, medium and rough) over bare agricultural fields. An algorithm based on an experimental exponential relationship between the radar backscattering coefficient and the surface roughness (root mean square surface height, Hrms) independently of the soil moisture was used. Next, Baghdadi et al. [15] developed an approach to estimate soil moisture and surface roughness from C-band polarimetric RADARSAT-2 data based on neural networks (NNs). Results showed that the accuracy of the soil roughness estimates was about 0.5 cm using polarimetric data. The estimation was better for Hrms-values lower than 2 cm than for Hrms-values higher than 2 cm. For higher Hrms, the NNs under-estimate the surface roughness. Moreover, Zribi and Dechambre [9] proposed an approach based on the use of two SAR images acquired at two different incidence angles, one image with a weak incidence (~20°) and one image with a strong incidence (~40°) for estimating both soil moisture and surface roughness. The surface roughness defined by Zs = Hrms/L (L is the correlation length) is estimated with an RMSE of 0.08 cm for Zs-values between 0.075 and 0.75 cm.



The objective of this study is to investigate the potential of Sentinel-1 C-band SAR data in VV polarization for estimating the soil roughness over bare agricultural soils. An inversion technique based on the use of neural networks (NNs) is used. The training of NNs is performed by using radar backscattering coefficients simulated through the Integral Equation Model (IEM). The performance of the inversion technique is then validated using both synthetic and real dataset. The real dataset is composed of Sentinel-1 images and ground measurements of soil moisture and surface roughness, collected in France and in Tunisia. Section 2 describes the inversion methodology, the neural networks, and datasets used (synthetic and real). The results and discussion are provided in Section 3. Finally, Section 4 presents the main conclusions.




2. Methods and Materials


2.1. Methodological Overview


An approach based on neural networks was chosen to estimate the soil roughness from Sentinel-1 images (SAR data) over bare agricultural soils at high spatial resolution “HSR” (plot scale or finer scale). This approach consisted of applying two networks one after the other, the first to estimate soil moisture and the second to estimate soil roughness. El Hajj et al. [19] showed that the use of VV alone provides better soil moisture estimation in comparison with the use of VH alone or the use of VV and VH together. Accordingly, only the VV polarization was used in this study for estimating soil parameters. In order to improve soil parameters estimates, a priori knowledge about soil moisture was introduced. Baghdadi et al. [15] showed that the use of a priori knowledge on soil moisture (dry to slightly wet or very wet information) improves soil moisture estimates. The a priori information on the moisture volumetric content “mv” was provided by an expert when using meteorological data (precipitations, temperature).



Three neural networks were developed for estimating mv, with and without a priori information on the soil moisture status:




	
Case 1: No a priori information is available on the soil moisture status. In this case mv is estimated between 2 and 40 vol. %.



	
Case 2: A priori information is available on mv. The soil is supposed to be dry to slightly wet according to expertise based mainly on meteorological data (precipitations, temperature). Soil moisture values are assumed to range from 2 to 25 vol. %.



	
Case 3: A priori information is available on mv. The soil is supposed to be very wet according to expertise based on meteorological data. mv-values are assumed to vary between 25 and 40 vol. %.








The three NNs use the backscattering coefficient in VV polarization and the incidence angle as input. The output is only the soil moisture mv. In the two cases with a priori information on mv, an overlapping of 10 vol. % on mv was used between the datasets used for the training of these two networks. For dry to slightly wet soils, mv-values used for the training range from 2 to 30 vol. %. In the case of very wet soils, the mv-values vary between 20 and 40 vol. %.



Next, soil roughness could be estimated at a fine spatial scale (plot or sub-plot scale) using the soil moisture mv estimated by the first network. The standard acquisition mode of Sentinel-1 corresponds to acquisitions in both VV and VH polarizations. Since the VH polarization produces low signal levels over bare soils and is strongly affected by noise (radiometric accuracy is about 1.0 dB (3σ) for VH [20], it is less commonly used for the analysis of surface parameters. Accordingly, only VV was used. The NN for estimating soil roughness used the backscattering coefficient in VV, the incidence angle and the estimated soil moisture as input. The output was the soil surface roughness Hrms. The validation of the NN was carried out using, as input to the NN, the soil moisture estimated without and with a priori information on mv.




2.2. Artificial Neural Networks (Ann)


Multi-Layer Perceptron (MLP) neural networks were here developed to estimate soil parameters over bare agricultural soils (moisture content and roughness). Neural networks (NN) were trained using the Levenberg-Marquardt algorithm [21]. The neural network developed for estimating soil moisture has two hidden layers while the network built for estimating soil roughness has only one hidden layer. For each hidden layer, the number of neurons was determined by training the networks in order to obtain a good estimate of parameters while keeping a reasonable computing time. A number of 20 neurons was used [15]. For soil moisture estimation, two transfer functions were used, the first is Linear and the second is Tangent-Sigmoid. The transfer function used for the estimation of the surface roughness is Log-Sigmoid.



The most common approach for training neural networks consists of using a synthetic dataset generated from either physical or empirical radar backscattering model [10,17,22,23]. Training is accomplished to minimize the mean square error between the predicted NN outputs and the reference values.




2.3. Dataset Description


Neural networks were trained using the synthetic dataset generated from the radar backscattering model IEM (Integral Equation Model) with the range of surface roughness and soil moisture encountered in agricultural environments. The performance of inversion approaches for retrieving soil parameters is first validated by using another synthetic dataset that was different from the dataset used for NN learning. The validation was then performed using a real dataset composed of Sentinel-1 images collected over two contrasted agricultural study sites, one in France and one in Tunisia.



The inversion accuracy was evaluated through two statistical indexes: Bias (difference between estimated and measured variable) and Root Mean Square Error (RMSE).



2.3.1. Synthetic Dataset


In this study, the Integral Equation Model (IEM) developed by [8] and later modified by Baghdadi et al. [24,25] was used for modeling the radar backscattered signal as a function of soil parameters. This physical model is widely used to estimate soil moisture [10,15,17].



The radar backscattering coefficient that depends of soil moisture and surface roughness (in addition to SAR instrumental parameters) was simulated using the IEM calibrated by Baghdadi et al. [24,25]. This calibration consisted of replacing the measured correlation length by a fitting parameter (Lopt) that depends on the root mean square surface height (Hrms) and the SAR parameters (radar incidence angle, and radar frequency). The use of the fitting parameter (Lopt) in the IEM model instead of the correlation length leads to an extension of the IEM’s theoretical validity domain for HH and VV polarizations from Hrms ≤ 3 cm (C-band) to Hrms ≤ 5.1 cm [24,26]. For the HV polarization, the IEM ensures correct physical behaviour to approximately Hrms = 3.8 cm (C-band) [25]. In the C-band, the fitting parameter Lopt was defined for each polarization follows:


   L o p t   ( H r m s , θ , VV ) = 1.281 + 0.134   ( sin   0.19 θ )   − 1.59   × H r m s   



(1)




where θ is the incidence angle expressed in degrees, and Lopt and Hrms are expressed in cm. The formulations for Lopt were obtained with a Gaussian correlation function.



The IEM was used to generate a synthetic dataset of backscattering coefficients in VV polarization (σ°VV) from a wide range of θ (20° to 45°), mv (2 to 40 vol. %), and Hrms (0.5 to 3.8 cm). An element of this dataset is a vector composed of a combination of three parameters θ, mv, Hrms, and simulated σ°VV. Each input vector to the IEM (θ, mv, Hrms) is generated using a pseudorandom function in order to cover the range of each input parameter [17]. In the modified IEM model, the empirical model developed by Hallikainen et al. [27] was used to derive the dielectric constant from the surface volumetric soil moisture content and soil texture.



A total of 9360 elements corresponding to 18 surface roughness values (rms between 0.5 and 3.8 cm), 20 soil moisture values (mv between 2 and 40 vol. %, 26 radar incidence angles (θ between 20°and 45°) was considered. In order to make the IEM simulations more realistic, Sentinel-1 radiometric error was added to simulated backscattering coefficients. In Schwerdt et al. [20], this error is about 0.70 dB (3σ) for VV polarization. Accordingly, zero-mean Gaussian random noise with a standard deviation of ±0.70 dB was added to simulated backscattering coefficients in VV polarization. In order to obtain a statistically significant dataset, 100 noise samples were generated for the simulated backscattering coefficients of each element of the dataset. Finally, the synthetic dataset was randomly divided into equal amounts, where 50% of the synthetic dataset was used for training the neural networks, and the remaining 50% served for validation.




2.3.2. Real Dataset


An experimental dataset was also used in this study, consisting of Sentinel-1 images as well as ground measurements of soil moisture and surface roughness collected over two agricultural study sites: one in France and one in Tunisia (Figure 1, Table 1). Sentinel-1 images (C-band, radar wavelength about 5.6 cm) were acquired with incidence angles between 34° and 41°, and in VV polarization.



Study Sites


The French study site is the Versailles plain. It is located west of Paris and covers about 221 km2 (48°46′–48°56′ N; 1°50′–2°07′ E, Figure 1) [28]. This agricultural peri-urban site is characterized by a semi-oceanic climate with an average rainfall of 570 mm/year and an average annual temperature of 11.3 °C (INRA meteorological station of Thiverval-Grignon, 1986–2016). Rainfed annual crop systems cover 99 km2 and develop over two embedded plateaus, and also over the gentle slopes at their edges and the valleys at their bottom. The main crop rotations in the area involve winter wheat, winter rapeseed, winter and spring barley and maize on occasion [28]. Conventional tillage practices are used: ploughing in November-December, followed by chisel in March then seedbed preparation for spring cereals (spring barley in March, maize in April). The main cultivated soils according to the The Food and Agriculture Organization of the United Nations (FAO) classification (World Reference Base (WRB) [28] are haplic or glossic luvisols deriving from loessic material over the plateaus, calcaric cambisols deriving from limestones and/or colluvic material and/or chalk along slopes and stagnic colluvic cambisols in the valley bottoms. The topsoil texture is dominated by silt loam (silt > 50%) with extreme textural classes varying from sandy loam to silty clay. The clay content is between 14% and 32% (22% in median). The Tunisian study site is situated in the Kairouan plain, in central Tunisia (35°1′−35°55′ N–9°23′−10°17′ E, Figure 1). The climate in this region is semi-arid Mediterranean, with an average rainfall of approximately 300 mm/year, characterized by a rainy season lasting from October to May, with the two rainiest months being October and March [29]. The study site consists mainly of agricultural fields (cereals) on flat landscape. Soil texture measurements showed a clay percentage between 2.4% and 53.1% and sand percentage between 4.4% and 84.3% [29].




SAR Satellite Images


Four Sentinel-1 images were acquired in March and April 2017 (Table 1) over the French study site. In addition, 7 Sentinel-1 images acquired over the Kairouan plain between 2015 and 2017 were used in this study. All Sentinel-1 images acquired with a spatial resolution of 10 m and in VV polarization were radiometrically calibrated in order to convert their digital numbers into radar backscattering coefficients.




In Situ Measurements


Simultaneously with the Sentinel-1 acquisitions, in situ measurements of soil moisture and surface roughness were collected on several reference bare plots of a few hectares. Soil moisture was determined gravimetrically at each reference plot of the French site in using soil samples collected within cylinders of 528 cm3 between 0 and 8 cm depth (2–7 measures by plot). For the Tunisian site, between 20 and 30 volumetric soil moisture measurements (mv) were performed in the first top 5 cm using calibrated TDR (Time Domain Reflectometry) probes. The mean volumetric soil moisture was then calculated for each reference plot and each date. The soil moisture on the reference plots ranged between 14 and 24 vol. % for the French site and between 5 and 42 vol. % for the Tunisian site.



The soil roughness measurements made in Tunisia on the reference plots used 1 m long pin profiler with a resolution of 2 cm. Ten roughness profiles (five parallel and five perpendicular to the tillage row direction) were made in each reference field using a 1 m long needle-profilometer and a sampling interval of 2 cm. From these roughness profiles, the root mean square surface height (Hrms) was then calculated for each reference plot using the mean of all autocorrelation functions acquired for each reference plot. For the French site, soil roughness was estimated with a fully automatic photogrammetric method [30]. The rms surface height ranged between 0.56 cm and 4.55 cm for the reference plots in the Tunisian site and between 0.41 cm and 2.90 cm for the reference plots in the French site.



Finally, each element of our real dataset was composed of in situ measurements (mv and Hrms) and Sentinel-1 information (mean of radar backscattered coefficients in VV, and radar incidence angle). For each reference plot, the mean of radar backscattered coefficients was calculated by averaging the values of all pixels within the reference plot.







3. Results and Discussion


The different neural networks were tested for the evaluation of the accuracy of soil roughness estimates using synthetic and real datasets.



3.1. Synthetic Dataset


The estimation of soil roughness (Hrms) requires the use of an estimate of mv. First, we will discuss the performance of networks developed for the estimation of mv. Then, the network built for estimating Hrms is analyzed.



3.1.1. Estimation of mv


For more details on the networks used for estimating mv, readers can refer to [19]. In El Hajj et al. [19], VV polarization provides better results in comparison to VH alone or to the use of VV and VH together. Only the results corresponding to VV are therefore presented.



Case 1: No a Priori Information on the Soil Moisture State


In this case, mv is supposed between 2 and 40 vol. %. The RMSE of the mv estimates is of 4.9 vol. % for mv between 2 and 25 vol. % and 6.6 vol. % for mv between 25 and 40 vol. %. An overestimation of 2.4 vol. % on mv  is observed for mv between 2 and 25 vol. %, and an underestimation of −3.8 vol. % is obtained for mv between 25 and 40 vol. %. For the entire range of mv, between 2 and 40%, the RMSE of mv is of 5.7 vol. %.



Next, the performance of the algorithm is analyzed according to Hrms and incidence angle “θ” (Figure 2a,b). Results show that the bias (estimated mv–measured mv) and the RMSE are strongly dependent on Hrms. The RMSE of mv in the case of inversion without a priori information on mv increases from 4.0 vol. % for Hrms = 0.5 cm to 7.2 vol. % for Hrms = 3.8 cm for mv between 2 and 25 vol. % (dry to slightly wet soils). Under very wet soil conditions, the RMSE of mv decreases from 11.7 vol. % for Hrms = 0.5 cm to 4.0 vol. % for Hrms = 3.8 cm. The high RMSE values in the case of dry to slightly wet conditions and high Hrms-values are due to an overestimation of mv (bias increases from −2.7 to +6.1 vol. % for Hrms between 0.5 and 3.8 cm). Similarly, the high RMSE values in the case of very wet conditions and low Hrms-values are due to an underestimation of mv (bias increases from −10.5 to 0 vol. % for Hrms between 0.5 and 3.8 cm).



In addition, results show that the RMSE of mv slightly depends on θ in the case of no a priori information on mv (Figure 2c,d). The RMSE is about 4.9 vol. % for dry to slightly wet soil conditions and about 6.5 vol. % for very wet soils. The overestimation of mv in dry to slightly conditions is approximately 2.5 vol. % for θ between 20° and 45°. For very wet soil conditions, the underestimation of mv is about −3.8 vol. % for θ between 20° and 45°.




Case 2: A Priori Information on mv: Dry to Slightly Wet Soils (2 to 25 vol. %)


In this case the NN was trained using synthetic dataset with mv between 2 and 30 vol. %. Its validation was done using the validation synthetic dataset with mv between 2 and 25 vol. %. Results show that the introduction of a priori information on mv in the case of dry to slightly wet soil conditions improves the mv estimates. The RMSE of mv estimates decreases from 4.9 vol. % without a priori information on mv to 3.6 vol. % in the case of a priori information on mv. In addition, the difference between estimated and measured mv is also reduced from 2.4 vol. % to 1.1 vol. %.



This improvement of the estimation quality is also well observed when the accuracy of mv estimates is analyzed according to Hrms and θ. The RMSE of mv estimates varies between 4.2 and 4.8 vol. % for all mv and Hrms values considered in this study. The bias was also reduced with values between −3.0 vol. % (low Hrms) and +4.0 vol. % (high Hrms). Finally, RMSE and bias on mv estimates are slightly dependent on the incidence angle.




Case 3: A Priori Information on mv: Very Wet Soils (25 to 40 vol. %)


In this case the NN was trained using synthetic dataset with mv between 20 and 40 vol. %. Its validation was made using the validation synthetic dataset with mv between 25 and 40 vol. %. Results show that the use of a priori information on mv in the case of very wet soil conditions improves the mv estimates (Figure 2c,d). The RMSE of mv estimates decreases from 6.6 vol. % without a priori information on mv to 5.0 vol. % in the case of a priori information on mv. In addition, the difference between estimated and measured mv is also well reduced from −3.8 vol. % to −2.3 vol. %. According to Hrms, the RMSE of mv estimates varies between 3.9 and 7.0 vol. % for all mv and Hrms values of the validation synthetic dataset (case of very wet conditions). The highest RMSE-values correspond to low Hrms-values. The bias is also well reduced mainly for low Hrms-values (by a factor 2). The analysis of the RMSE and the bias shows relatively close values according to the incidence angle.




Discussion


The use of a priori information on mv strongly improves the estimate of mv. For the range of surface roughness most encountered in agricultural environments with Hrms between 1 and 2 cm, the RMSE of mv is lower than 6 vol. % (varies between 2.4 and 5.9 vol. %). The difference between estimated and real mv varies between −1.4 and +1.4 vol. % in the case of dry to slightly wet soils. An underestimation of mv from −4.4 to −2.2 vol. % in the case of very wet soils is observed for Hrms between 1 and 2 cm.





3.1.2. Estimation of Hrms


The estimation of the soil roughness is carried out after a first step which consisted of estimating mv because the network which estimates Hrms needs mv-values as input. These are the mv estimated by the previous networks built to estimate mv which are used (no a priori information and a priori information on mv). In addition to these cases corresponding to operational conditions for estimating the soil roughness, the case where the mv used as input to the network corresponds to exact mv without estimation error (mv-values of the validation synthetic dataset) is also tested.



Figure 3 shows the results of the inversion of the radar signal for estimating soil roughness. Results show better estimates of Hrms when the mv used at the input of the NN corresponds to the synthetic mv (RMSE = 0.71 cm). The results obtained using the mv estimated without and with a priori information on mv are of poor accuracy with RMSE of 1.01 cm and 0.94 cm, respectively. This shows that the use of mv estimates with an accuracy of about 6 vol. % is not sufficient to accurately estimate the soil roughness in C-band and VV polarization. In addition, Figure 3 shows an overestimation of Hrms for low Hrms-values and an underestimation of Hrms for Hrms higher than 2 cm.



The performance of the neural network is also studied as a function of mv and the incidence angle (θ) only when the mv in input to the NN corresponds to the synthetic mv (without estimation error) (Figure 4). The RMSE of Hrms decreases from 0.80 cm for mv = 2 vol. % to 0.70 cm for mv higher than 15 vol. %. In addition, the RMSE of Hrms decreases when the incidence angle increases. The RMSE of Hrms shows values between 0.90 cm for θ = 20° and 0.60 cm for θ = 45°. This is due to the sensitivity of radar signal to Hrms, which is much stronger for high values of θ than for low values of θ [5]. Finally, a slight under-estimation of reference Hrms-values (bias about −0.1 cm) was observed for all mv and θ values (Figure 4).





3.2. Real Dataset


The NNs built for estimating mv and Hrms are then analyzed using the real Sentinel-1 dataset. Figure 5 gives the results obtained for the estimation of mv. Results show that the introduction of a priori information on mv provides better accuracy of the mv estimates than the case without a priori information on mv (RMSE = 6.0 vol. % with a priori on mv and RMSE = 6.9 vol. % without a priori on mv). The analysis of the difference between the estimated and measured mv shows that the strong underestimates of the mv corresponds to low Hrms-values (Hrms < 2 cm) and the strong overestimates corresponds to high Hrms-values (Hrms > 2 cm).



Next, the soil roughness is estimated using the soil moisture provided by the mv-network. Two approaches are tested. The first one uses as input to the Hrms-network the mv estimated at high spatial resolution “HSR” (plot scale). The second one uses as input to the Hrms-network the average soil moisture estimated by the mv-network at the study site scale (an area of a few km2) using the mean backscattering coefficient of all bare agricultural pixels. This second approach assumes that the soil moisture is of the same order for all bare agricultural plots located in the area under consideration (no irrigation activities and similar soil composition). The use of mv estimated at the scale of the study site in the estimation technique of Hrms could be relevant only when the study site is not irrigated (case of Versailles site). Indeed, if the SAR images are acquired during the dry season with irrigation activities on the study site, the use of an average soil moisture estimated at the scale of the study site (average mv calculated on all the bare soil agricultural plots) will lead to a strong overestimation of Hrms since the mv used for irrigated plots in the neural network for estimating Hrms will most probably be underestimated.



Figure 6 shows the results of the estimation of Hrms using the two inversion configurations described before:




	
At the input of the network for the estimation of Hrms, the mv used corresponds to mv estimated at plot scale (using the mean radar signal calculated by averaging for each reference plot the values of all pixels within the reference plot).



	
At the input of the network for the estimation of Hrms, the mv used corresponds to mv estimated at the scale of the study site (using the mean radar signal calculated by averaging the values of all bare soil pixels within the study site).








For these two configurations, a priori information on mv is used in the network for estimating mv.



Results show that the accuracy of the estimates of Hrms is similar in using the mv estimated at the study site scale (a few tens of km2) than when using the mv estimated at the plot scale. The RMSE is 0.80 cm when the mv used corresponds to mv estimated at the scale of the study site and 1.00 cm when the mv is estimated at the plot scale (Figure 6).



Figure 6 shows also that the estimation of Hrms is very difficult for high roughness values (Hrms  > 3 cm). Indeed, the radar signal in C-band is highly sensitive to the soil roughness for Hrms values lower than 2 cm [10]. Beyond 3 cm, the radar signal tends to saturate with the Hrms. For soil roughness lower than 3 cm, the precision (RMSE) of the soil roughness estimates is of 0.65 cm when the mv used at the input of the network corresponds to mv estimated at the scale of the study site.



In a recent study, Bousbih et al. [31] investigate the sensitivity of the Sentinel-1 radar signal to soil moisture and surface roughness. For a bare soil, results showed that the radar signal in the C-band increases as soil moisture increases (5 vol. % < mv < 35 vol. %) with a sensitivity of 0.27 dB/vol. % and 0.18 dB/vol. % for VV and VH, respectively. In addition, the Sentinel-1 signal increases about 5 dB for VV polarization and 4 dB for VH polarization as the soil roughness increases from 0.5 cm to 3 cm. Beyond 3 cm, the radar signal tend to saturates with increasing soil roughness.





4. Conclusions


The objective of this study was to investigate the potential of the C-band in VV polarization for estimating the soil roughness over bare agricultural areas using the neural network technique. Neural networks (NNs) were trained with radar backscattering coefficients generated from the Integral Equation Model (IEM). A second simulated dataset and a real dataset composed of Sentinel-1 images were then used to analyze the performance of the inversion technique.



The inversion procedure of the soil roughness involves two steps. The first one consists of the estimation of the soil moisture. Results show that the soil moisture could be estimated with an RMSE better than 6 vol. % when a priori information on mv is used in the neural network. The second neural network uses this estimation of mv in order to estimate the soil roughness at the plot scale. Results obtained show estimates of Hrms with an RMSE of 0.94 cm. This accuracy of Hrms obtained in using the NN built with a priori information on mv shows that the use of mv estimates with an accuracy of about 6 vol. % is not sufficient to accurately estimate the soil roughness in the C-band and VV polarization. From the real dataset, results show that the accuracy of Hrms estimates in using the mv estimated at the study site scale is better than that using the mv estimated at the plot scale, with an RMSE of Hrms about 0.80 cm (RMSE = 1.00 cm using mv estimated at the plot scale). The use of mv estimated at the scale of the study site is possible only when the study site is not irrigated.



This first study on the potential of Sentinel-1 data for estimating the soil roughness shows that the development of an automatic and generalizable inversion procedure of the C-band radar signal does not allow a pertinent estimation of the soil roughness. The accuracy of soil roughness estimates obtained in this study cannot satisfy the requirements of operational users of soil roughness products (in particular to modelers) because the need is at least three roughness classes: smooth (sowing), medium (small plowing) and rough (large plowing).



Only methods based on the use of experimental relationships, which are often difficult to apply to sites other than those for which they were developed and are generally valid only for specific soil conditions, allows the mapping of three roughness classes [5]. Indeed, different experimental studies have revealed that the sensitivity of the radar signal to surface roughness (i.e., the slope of the regression lines) can be highly variable from one site to another. In addition, the experimental relationships between the radar signal and Hrms are established for a given incidence angle and a range of soil moisture. The soil composition could also be different from one site to another. All these reasons explain why the experimental relationships are not generalizable.
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Figure 1. Location of our two study sites: Versailles plain (a) and Kairouan plain (b). 
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Figure 2. Accuracy of the mv estimates (RMSE and Bias “=estimated − measured”) retrieved from the synthetic dataset in VV polarization. Three NNs are tested: without a priori information on mv (case 1), with a priori information on mv with dry to slightly wet soil conditions (case 2), with a priori information on mv with very wet conditions (case 3). (a) RMSE of mv according to Hrms; (b) Bias on mv estimates according to Hrms; (c) RMSE of mv according to θ; (d) Bias on mv estimates according to θ. 
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Figure 3. Box plots of Hrms (cm) retrieved from the synthetic dataset using VV polarization. (a) the input mv to the network corresponds to synthetic mv (those that are in the validation synthetic dataset, without error on mv); (b) the input mv to the network corresponds to mv estimated by the NN built for estimating mv without a priori information on mv (case 1); (c) the input mv to the network corresponds to mv estimated by the NN built for estimating mv with a priori information on mv (cases 2 and 3). 
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Figure 4. Accuracy of the Hrms estimates (RMSE) as a function of the soil moisture and the incidence angle. The mv-values as input to the network correspond to exact mv (those that are in the validation synthetic dataset). (a) RMSE of Hrms according to mv; (b) RMSE of Hrms according to θ; (c) Biais on Hrms estimates according to mv; (d) Biais on Hrms estimates according to θ. 
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Figure 5. Retrieved mv versus in situ measurements. (a) using VV without a priori information on mv; (b) using VV with a priori information on mv. Each point corresponds to one reference plot. The red ellipse represents reference plots with low Hrms-values (Hrms < 2 cm). The green dashed ellipse represents reference plots with high Hrms-values (Hrms > 2 cm). 
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Figure 6. Retrieved Hrms versus measured measurements. (a) the mv used at the input of the network corresponds to mv estimated at the plot scale; (b) the mv used at the input of the network corresponds to mv estimated at the scale of the study site. For these two configurations, a priori information on mv was used for estimating mv. 
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Table 1. Description of the real dataset used in this study for validating the inversion approach.
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	Site
	SAR Sensor
	Incidence Angle (°)
	Dates (Day/Month/Year)
	Number of Data





	French site
	Sentinel-1
	~37°
	15/3/2017; 27/3/2017

2/4/2017; 8/4/2017
	24 measurements



	Tunisian site
	Sentinel-1
	~39° to 41°
	18/12/2015; 4/2/2016

3/4/2016; 4/4/2016

23/12/2016; 5/1/2017

9/2/2017
	85 measurements
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