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Abstract—Soil moisture content is a key variable in many 

environmental sciences. Even though it represents a small proportion 
of the liquid freshwater on Earth, it modulates interactions between 
the land surface and the atmosphere, thereby influencing climate and 
weather. Accurate modeling of the above processes depends on the 
ability to provide a proper spatial characterization of soil moisture. 
The measurement of soil moisture content allows assessment of soil 
water resources in the field of hydrology and agronomy. The second 
parameter in interaction with the radar signal is the geometric 
structure of the soil. Most traditional electromagnetic models 
consider natural surfaces as single scale zero mean stationary 
Gaussian random processes. Roughness behavior is characterized by 
statistical parameters like the Root Mean Square (RMS) height and 
the correlation length. Then, the main problem is that the agreement 
between experimental measurements and theoretical values is usually 
poor due to the large variability of the correlation function, and as a 
consequence, backscattering models have often failed to predict 
correctly backscattering. In this study, surfaces are considered as 
band-limited fractal random processes corresponding to a 
superposition of a finite number of one-dimensional Gaussian process 
each one having a spatial scale. Multiscale roughness is characterized 
by two parameters, the first one is proportional to the RMS height, 
and the other one is related to the fractal dimension. Soil moisture is 
related to the complex dielectric constant. This multiscale description 
has been adapted to two-dimensional profiles using the bi-
dimensional wavelet transform and the Mallat algorithm to describe 
more correctly natural surfaces. We characterize the soil surfaces and 
sub-surfaces by a three layers geo-electrical model. The upper layer 
is described by its dielectric constant, thickness, a multiscale bi-
dimensional surface roughness model by using the wavelet transform 
and the Mallat algorithm, and volume scattering parameters. The 
lower layer is divided into three fictive layers separated by an 
assumed plane interface. These three layers were modeled by an 
effective medium characterized by an apparent effective dielectric 
constant taking into account the presence of air pockets in the soil. 
We have adopted the 2D multiscale three layers small perturbations 
model including, firstly air pockets in the soil sub-structure, and then 
a vegetable canopy in the soil surface structure, that is to simulate the 
radar backscattering. A sensitivity analysis of backscattering 
coefficient dependence on multiscale roughness and new soil 
moisture has been performed. Later, we proposed to change the 
dielectric constant of the multilayer medium because it takes into 
account the different moisture values of each layer in the soil. A 
sensitivity analysis of the backscattering coefficient, including the air 
pockets in the volume structure with respect to the multiscale 
roughness parameters and the apparent dielectric constant, was 
carried out. Finally, we proposed to study the behavior of the 
backscattering coefficient of the radar on a soil having a vegetable 
layer in its surface structure. 
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I. MULTISCALE MODELIZATION OF SOIL ROUGHNESS 

HEwavelets weights (called wavelet coefficients) are the 
wavelet transform, which is therefore a function of two 

variables: time and scale (or dilation). In electromagnetic 
scattering modelization of rough soil, theoretical models (SPM 
IEM [1]) and empirical models [2] generally describe the 
surface using the autocorrelation function. Several studies 
have proved that backscattering coefficient σ is closely related 
to the form of this function [3], [4]. Thus, the choice of the 
analytical autocorrelation function (Gaussian or exponential) 
and its form used to adjust the experimental function is of 
paramount importance for proper simulation of radar signal. 

A. Autocorrelation Function (ACF) 

New approaches based on fractal analysis of the soil surface 
have improved the simulation of the radar signal with the 
integration of new roughness parameter which is the fractal 
dimension [5]: 

 

𝜌 𝑥  𝑒 exponential 
 

𝜌 𝑥  𝑒  gaussian 
 

𝜌 𝑥  𝑒  fractal 
 

with 𝜏 1.67𝐷 3.67, 𝐷 is the fractal dimension 
calculated from the empirical correlation function that best fits 
the experimental function so that it lies between the Gaussian 
function and the exponential function. 

B. Autocorrelation Function (ACF) 

The natural rough surfaces have different structures in all 
directions, especially in two perpendicular directions. In this 
case, the one-dimensional description is inadequate, anda two-
dimensional processing is required. 

In the 2D case, the two-dimensional scale function 𝜑 𝑥, 𝑦  
and the 2D three wavelets, 𝜓ℎ, 𝜓𝑣, 𝜓𝑑 are defined as follows: 

 
𝜙 𝑥, 𝑦  𝜑 𝑥 𝜑 𝑦                           (1) 

 

𝜓 𝑥, 𝑦  𝜑 𝑥 𝜓 𝑦                          (2) 
 

𝜓 𝑥, 𝑦  𝜓 𝑥 𝜑 𝑦                          (3) 
 

𝜓 𝑥, 𝑦  𝜓 𝑥 𝜓 𝑦                         (4) 
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Thus, in the present case, the modeled surface is considered 
as a collection of elementary surfaces of size B (external 
spatial scales number). The horizontal, vertical, and diagonal 
components produced by the decomposition of z (x, y) into 
wavelets are given by: 

Horizontal component: 
 

𝑧 𝑥, 𝑦 ∑ ∑ ∑ ∑ 𝑧𝑛𝑥

𝑚𝑥 𝑧𝑛𝑦

𝑚𝑦∞
𝑛𝑦 ∞

∞
𝑛𝑥 ∞

𝑃
𝑚𝑦 0

𝑃
𝑚𝑥 0 𝜓

2𝑚𝑥

𝐵
𝑥 𝑛𝑥 𝜙

2𝑚𝑦

𝐵
𝑦

𝑛𝑦  (5) 
 
Vertical component: 
 

𝑧 𝑥, 𝑦 ∑ ∑ ∑ ∑ 𝑧 𝑧 𝜙 𝑥

𝑛 𝜓 𝑦 n        (6) 
 
Diagonal component: 

 

𝑧 𝑥, 𝑦  ∑ ∑ ∑ ∑ 𝑧 𝑧 𝜓 𝑥

𝑛 𝜓 𝑦 n  (7) 

 

where the scale function is given by: 𝜙 𝜙 𝑛 , and 

𝜓 𝜓 𝑛  is the mother wavelet, 𝑖 𝑥or 𝑦. 

The autocorrelation functions (ACF) associated with the 
horizontal, vertical and diagonal components are expressed as 
follows: 

Horizontal component: 
 
𝜌 𝑥, 𝑦, 𝑥 𝜉, 𝑦 𝜂 〈𝑧 𝑥, 𝑦 𝑧 𝑥 𝜉, 𝑦 𝜂 〉       (8) 
 
Vertical component: 
 
𝜌 𝑥, 𝑦, 𝑥 𝜉, 𝑦 𝜂 〈𝑧 𝑥, 𝑦 𝑧 𝑥 𝜉, 𝑦 𝜂 〉       (9) 
 
Diagonal component: 
 
𝜌 𝑥, 𝑦, 𝑥 𝜉, 𝑦 𝜂 〈𝑧 𝑥, 𝑦 𝑧 𝑥 𝜉, 𝑦 𝜂 〉    (10) 

 
In Figs. 1-9, the two perpendicular axes present respectively 

the spatial extension in x (cm) and the spatial extension in y 
(cm). 

Figs. 1-3 show the variations of the three autocorrelation 
function components for two-dimensional surfaces 
characterized by the same multiscale parameters of soil 
roughness: 𝜈𝑥  1.1;  𝜈𝑦  1.1, 𝛾𝑥  0.2 𝑐𝑚 and 𝛾𝑦  0.2 𝑐𝑚. 

We can notice that the vertical and horizontal components 
have similar aspect in perpendicular directions. 

In Figs. 4-9, we studied the effect of P (spatial scales 
number) on the autocorrelation function form by representing 
the three components of ACF of the same surfaces (with 
𝑃  7 and 𝑃  13). 

 

 

Fig. 1 ACF horizontal component: 𝝂𝒙 𝟏. 𝟏; 𝝂𝒚 𝟏. 𝟏;  𝜸𝒙
𝟎. 𝟐 𝐜𝐦;  𝜸𝒚 𝟎. 𝟐 𝐜𝐦 

 

 

Fig. 2 ACF vertical component: 𝜈𝑥 1.1; 𝜈𝑦 1.1;  𝛾𝑥
0.2 cm;  𝛾𝑦 0.2 cm 

 

 

Fig. 3 ACF diagonal component: 𝜈𝑥 1,1; 𝜈𝑦 1,1;  𝛾𝑥
0, 2cm;  𝛾𝑦 0,2 cm 

 
 Horizontal Component 

 

 

Fig. 4 ACF horizontal component: 𝛎𝐱  𝟐. 𝟏;  𝛎𝐲  𝟏. 𝟏;  𝛄𝐱 
 𝟎. 𝟐 𝐜𝐦;  𝛄𝐲  𝟎. 𝟖  𝐜𝐦 𝐚𝐧𝐝 𝐏  𝟕 
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Fig. 5 ACF horizontal component: 𝜈𝑥  2.1;  𝜈𝑦  1.1;  𝛾𝑥 
 0.2 𝑐𝑚;  𝛾𝑦  0.8 𝑐𝑚 𝑎𝑛𝑑 𝑃  13 

 
 Vertical Component 

 

 

Fig. 6 ACF vertical component: 𝛎𝐱  𝟐. 𝟏;  𝛎𝐲  𝟏. 𝟏;  𝛄𝐱 
 𝟎. 𝟐 𝐜𝐦;  𝛄𝐲  𝟎. 𝟖 𝐜𝐦 𝐚𝐧𝐝 𝐏  𝟕 

 

 

Fig. 7 ACF vertical component: 𝜈𝑥  2.1;  𝜈𝑦  1.1;  𝛾𝑥 
 0.2 𝑐𝑚;  𝛾𝑦  0.8 𝑐𝑚 𝑎𝑛𝑑 𝑃  13 

 
 Diagonal component 

 

 

Fig. 8 ACF diagonal component: vx= 2.1; vy = 1.1; yx= 0.2 cm; γy = 
0.8 cm and Zmax = 3.7 cm 𝛎𝐱  𝟐. 𝟏;  𝛎𝐲  𝟏. 𝟏;  𝛄𝐱 

 𝟎. 𝟐 𝐜𝐦;  𝛄𝐲  𝟎. 𝟖 𝐜𝐦 𝐚𝐧𝐝 𝐏  𝟕 

 

Fig. 9 ACF diagonal component: 𝜈𝑥  2.1;  𝜈𝑦  1.1;  𝛾𝑥 
 0.2 𝑐𝑚;  𝛾𝑦  0.8 𝑐𝑚 𝑎𝑛𝑑 𝑃  13 

C. Wavelet Type Effect in the Calculation of the ACF 

Figs. 10-13 show shapes of the autocorrelation function for 
different types of wavelets. 

 

 

Fig. 10 Multiscale ACF with Daubechies4 wavelet 
 

 

Fig. 11 Multiscale ACF with Hamar wavelet 
 

 

Fig. 12 Multiscale ACF with Meyer wavelet 
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Fig. 13 Multiscale ACF with Morlet wavelet 
 
The wavelets used in this work are Daubechiesfour 

wavelets. The number 4 in this wavelet type explains that this 
transformation has four coefficients of wavelet and scaling 
functions. 

D. Representations of 3D Multi-Scale Surfaces 

The following figures correspond to the three-dimensional 
representations of the multi-scale surfaces for different values 
of roughness parameters. We have studied the effects of the 
variation of multi-scale parameters, namely 𝜈 (parameter 
related to the fractal dimension) and 𝑃 (the number of spatial 
scales). In Figs. 14 and 15, the parameter 𝜈 linked to multi-
scale fractal structure has been varied. 

 

 

Fig. 14 3D representation of the height of a multiscale two-
dimensional surface: vx= vy = 1.1; yx= y1 =0.2 cm; γy = γ2 = 0.3 

cm, Zmax = 3.7 cm 
 

It can be noted that for 𝜈  1.1, the surface is rougher with 
a maximum of 3.7 cm, whereas for 𝜈  2.1 it is smoother 
with a maximum of 2.3 cm.In Figs. 16 and 17, the 3D 
structure of a multi-scale surface is represented for two 
different numbers of spatial scales, P = 5 and P = 7 with the 
same roughness parameters. We observed that by increasing P, 
the structure of the surface is more complex and more varied. 

In the following section, we will study the modelization of 
backscattering signal by using the multi-scale description of 
rough surfaces and we will focus on the sensitivity of the 
modelized radar signal with respect to the different parameters 
on which it depends, intrinsic (as frequency, polarization, 

incidence angle) and extrinsic (multiscale roughness and 
moisture). 

 

 

Fig. 15 3D representation of the height of a multiscale two-
dimensional surface: vx= vy = 2.1; yx= y1 =0.2 cm; γy = γ2 = 0.3 

cm, Zmax = 2.3 cm 
 

 

Fig. 16 3D representation of the height of a multiscale two-
dimensional surface: νx = νy = 1.3; γy = γx = 0.3 cm; P = 5 

 

 

Fig. 17 3D representation of the height of a multiscale two-
dimensional surface: 𝜈𝑥 𝜈𝑦  1.3;  𝛾𝑦  𝛾𝑥  0.3 𝑐𝑚;  𝑃 7 

II. THREE-LAYERED MULTI-SCALE SPM MODEL 

This section is about studding the impact of the multi-scale 
three-layered description on the radar backscattering 
coefficient by using the SPM model adapted to three-layered 
multi-scale surfaces with low roughness, using parameters 
values in correspondent validity domain. 
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A. Proposed Description of the Studied Soil 

In order to analyze the effects of the dielectric permittivity 
profile, we have introduced a modification of the Fresnel 
coefficients of the SPM model by integrating the criterion of 
three fictitious layers (0 1 𝑐𝑚, 1 2 𝑐𝑚, 2 5 𝑐𝑚) (Fig. 
18). 

A multilayered approach for reflection phenomenon has 
been conceptually chosen because actually there is no real 
physical layer, but rather a continuous variability. We 
proposed to use a surface diffusion model with surface 
permittivity. We introduced thereafter the hypothesis of the 
layers and we calculated an effective permittivity. It includes 
the different dielectric permittivities of the three fictitious 
layers, and a new estimated Fresnel reflection coefficient is 
carried out. 

Fig. 18 shows a conceptual representation of the soil surface 
in the first five centimeters. This surface consists of three 
layers separated by an interface supposed to be plane. Each 
layer has its own characteristics: a relative permittivity  𝜀 , a 
thickness d and a reflection coefficient 𝑅. 

At this stage, and in order to be able to calculate the new 
effective permittivity, we must foremost modify the 
expression of Fresnel reflection coefficients of the SPM 
model. These coefficients control the reflection phenomenon 
of electromagnetic waves at the interface between two media, 
having two different refractive indices. They indicate the links 
existing between the amplitudes of the reflected and 
transmitted waves and the amplitude of the incident wave. 

 

 

Fig. 18 Conceptual representation of the surface 

B. Modification of the Fresnel Reflection Coefficients 

Actually, there are no physical boundaries between the 
different layers, and therefore the soil is characterized by a 
continuous dielectric profile. The hypothesis of the existence 
of three distinct layers in the soil is a result of an incoherent 
treatment caused by the interference of multiple reflections. 

According to the Fung article [6], the reflection coefficient 
is expressed as follows: 

 

𝑅 ∗  

∗  
                           (11) 

 
with 𝑅  et 𝑅  are the Fresnel reflection coefficients at the layer 
boundaries, 𝑅  is the Fresnel reflection coefficient of the 
added layer, 𝑑 defines the thickness of the layer, and 𝛼 is the 
parameter on which depends the relative dielectric permittivity 

𝜀  and the wavelength of the layer in vacuum wave 𝜆 . 
 

 

Fig. 19 Representation of multi -layered model and existing 
phenomena of reflection / refraction between layers 

 
The corresponding effective permittivity is presented by the 

following equation: 
 

𝜀 𝑧                                (12) 

 
For the proposed soil description, the coefficients 𝑅 , 𝑅 , 𝑅  

present the Fresnel reflection coefficients at the boundaries of 
the three distinct layers of the soil. The indices ℎ and 𝑣 denote 
respectively the two orthogonal polarizations (horizontal and 
vertical). The Fresnel reflection coefficient air/layer1 is 
defined by: 

 

𝑅                            (13) 

 

𝑅                           (14) 

 
The Fresnel reflection coefficient first-layer/second-layer is 

defined by: 
 

𝑅
⁄

⁄
          (15) 

 

𝑅                       (16) 

 
The Fresnel reflection coefficient second-layer/third-layer is 

defined by: 
 

𝑅
⁄

⁄
                         (17) 

 

𝑅                      (18) 

 
The coefficients of the considered three layers are in the 

following form: 
 

𝑅 𝑅                              (19) 
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𝑅
∗ ∗

∗
∗ √ ∗

∗ ∗
∗

∗ √ ∗
               (20) 

 
The reflection model based on a multilayer approach 

consists of three fictitious layers. We have taken into account 
assumptions to respect: 
 The mixture of soil particles and liquid water is 

horizontally and vertically uniform, thereby the 
distribution of complex and constant dielectric variables 
is as well uniform. 

 Multiple refractions between different interfaces in the 
reflection model are ignored, thus only the reflection of 
the upper interface is considered. 

The incidence and reflection angles of the radar signal can 
be written as follows: 

  

𝐸 𝐸 𝑒𝑥𝑝                            (21) 
 

𝐸 𝑅 𝐸 𝑒𝑥𝑝                          (22) 
 

𝐸 𝑇 𝐴𝑅 𝐴𝑇 𝐸                       (23) 
 

𝐸 𝑇 𝐴𝑇 𝑅 𝑇 𝐴𝑇 𝐸                   (24) 
 

where  𝑘 𝑘 𝑐𝑜𝑠𝜃, 𝜃 and 𝑘  are respectively the incidence 
angle and the waves. Number. 𝐸 and𝑒𝑥𝑝  are 
respectively the incident waves amplitude and phase, 𝑅 is the 
air specular reflection coefficient, 𝑅 is the reflection 
coefficient of the interface, 𝑇 is the transmission coefficient 
from layer m to layer n, 𝐴 is the amplitude of the attenuation 
factor given by the following formula: 
 

𝐴 𝑒𝑥𝑝 ⁄                              (25) 
 
where𝐾 is the extinction coefficient of the first layer, 𝑑  is its 
thickness, 𝜃  is the reflection angle of the first layer interface 
in the case. Based on the preceding equations, we can 
calculate the total reflection coefficient of the soil multilayer 
reflection model, given by the following equation: 
 

𝑅 𝑅 𝑅 𝑇 𝑇 𝐴 𝑇 𝑇 1                   (26) 
 
with: 

𝑇 1 𝑅 1 𝑅                           (27) 
 

𝑇 1 𝑅 1 𝑅                           (28) 
 
This model includes two variables: 

 Specular reflection variable  𝑅 , it corresponds to the 
energy amount of the dispersed radar signal by the natural 
soil surface; 

 Volume dispersion variable:𝑇 𝑇 𝐴 𝑅 𝑇 𝑇
𝑅 , it describes the internal reflections between layers. 

In these multilayer reflections model, the thickness of the 
first layer 𝑑  is a key parameter. If we assume that the 
propagation of the radar signal is from one layer to another 

and assume that the radar penetration depth is D, then we 
obtain: 

 
𝐷 𝑑 𝑑 𝑑                                (29) 

 
Since the total volume of the natural soil is the sum of the 

voids, the mixture of soil particles and the liquid water, we 
have: 

 
𝑑 𝐷 1 𝜙                               (30) 

 
where𝜙 defines the percentage of voids volume in the total 
soil volume. 

C. Sensitive Analysis of the Three-Layered Multi-Scale SPM 
Backscattering Model 

1) Presentation of the New Parameters 

The measurement of soil moisture, closely related to the 
dielectric constant ε [7], [8], allows the evaluation of soil 
water resources in the field of water, hydrology and agronomy 
[9]. The second soil parameter interacting with the radar signal 
is the geometric structure. 

In this context, many previous works in the mathematical 
description of surfaces in different application domains and 
spatial scales [10], [11] often concluded that natural surfaces 
are better characterized by a stationary random process [12]. 
The distribution of heights defining the roughness of the soil is 
considered as a superposition of a finite number of one-
dimensional fractal Gaussian processes, having each one a 
different spatial scale [13], [14]. This multi-scale roughness is 
represented by two new multi-scale parameters;𝜈 and 𝛾 related 
respectively to the fractal dimension 𝐷 and the standard 
deviation of the heights 𝑠 [12]. 

The SPM Model has been modified, using a two-
dimensional multi-resolution description of three-layered 
soils, in order tomodelise the radar response and to simulate 
radar backscattering coefficients. The input parameters of this 
model are: 
 The dielectric constant (derived from the volume water 

content of the surface), the parameter ν related to the 
fractal dimension and the γ parameter related to the 
standard deviation of the heights. 

The backscattering coefficients of the three-layered surface, 
for both vertical and parallel polarizations can be expressed as 
follow: 

 

𝜎 8𝑘 𝜎 𝑅∥𝑐𝑜𝑠 𝜃 ∥ 1 𝑊 2𝑘𝑠𝑖𝑛𝜃, 0  (31) 
 

𝜎 8𝑘 𝜎 |𝑅 𝑐𝑜𝑠 𝜃| 𝑊 2𝑘𝑠𝑖𝑛𝜃, 0                 (32) 
 

𝑊 2𝑘 , 0 ,

,
cos 2𝑘 𝜉 𝑑𝜉𝑑𝜂      (33) 

 
𝜃is the incident angle, the expression of 𝐼  is given by 

Fung [6]. 𝑊 is the nth Fourier transform of the 
autocorrelation function given by Mattia, with n = 1 for the 
SPM model [12]-[15], [16]. 
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2) The Effect of Multi-Scale Roughness on the 
Backscattering Coefficient 

Figs. 20-31, 35-38, and 42-49 present the backscattering 
coefficient (dB) as a function of the incident angle (degrees). 

At first, the value of 𝛾 was set at 0.0031𝑚 (Figs. 20 and 
21), the parameter related to the fractal dimension ν was 
varied from 1.3 to 2.1 for the two polarizations HH and VV 
with five spatial scales. 

It can be noted that the backscattering coefficient 𝜎 
decreases as the increasing of the incident angle 𝜃. Otherwise, 
as the parameter 𝜈 increases, the backscattering coefficient 
decreases. This can be explained by the fact that the surfaces 
become smoother and the diffusion properties are dominated 
by specular reflection. 

In a second step, the value of 𝜈 was set at 1.3 and 𝛾 was 
varied from 0.0011 𝑚 to 0.0051 𝑚 (Figs. 22 and 23). 

 

 

Fig. 20 𝜎  as a function of the incident angle 𝜃 for different values of 𝜈 
 

 

Fig. 21 𝜎  as a function of the incident angle 𝜃 for different values of 𝜈 
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Fig. 22 𝜎 as a function of the incident angle 𝜃 for different values of 𝛾 
 

 

 

Fig. 23 𝛔𝐕𝐕 as a function of the incident angle 𝜽 for different values of 𝜸 
 

 

Fig. 24 𝜎  as a function of the incident angle 𝜃 for different values of 𝜀  
 

In both cases, we see that the backscattering coefficient 
increases with the increasing of 𝛾. 

3) The Effect of Moisture on the Backscattering Coefficient 

The humidity is related to the complex dielectric constant, 
𝜀  and 𝜀  denote the real and the imaginary part of the 

dielectric constant 𝜀. 
At first, we studied the impact of 𝜀  on radar signal 

backscattering by setting 𝜀  at 10 (Figs. 24 and 25) and 
varying 𝜀  from 2 to 6, respectively for both HH and VV 
polarizations. We can note that the backscattering coefficient 
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decreases when the complex dielectric constant 𝜀  increases. 
In Figs. 26 and 27, 𝜀  was set at 5. For VV polarization, we 

varied 𝜀  from 8 to 12 and from 6 to 10 for the HH 
polarization. 

 

 

Fig. 25 𝜎 as a function of the incident angle 𝜃 for different values of 𝜀  
 

 

Fig. 26  𝝈𝑽𝑽 as a function of the incident angle 𝜽 for different values of 𝜺𝟐 
 

 

Fig. 27  𝜎  as a function of the incident angle 𝜃 for different values of 𝜀  
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It can be noted that the backscattering coefficient increases 
as well 𝜀  increases. 

4) The Effect of Spatial Scales Number on the 
Backscattering Coefficient 

We studied the effect of the number of spatial scales (Figs. 
28 and 29) corresponding to an increase of the outer spatial 
scale on the backscattering coefficient for surfaces having the 

same multi-scale roughness parameters 𝜈 and 𝛾 in both HH 
and VV polarizations. 

These backscattering plots clearly show that these surfaces 
have the same multiscale roughness characteristics but a 
different number of spatial scales, produce substantially 
different backscattering coefficients. 

 

 

Fig. 28 𝜎  as a function of the incident angle 𝜃 for different values of 𝑃 
 

 

Fig. 29  𝝈𝑯𝑯 as a function of the incident angle 𝜽 for different values of 𝑷 
 
Indeed, we see that when we go from 4 to 8 spatial scales, 

the backscattering coefficient rose by 19 𝑑𝐵. This could be 
explained by the fact that the surfaces having a large number 
of spatial scales, are more sensitive to the roughness variations 
resulting an increase of the specular scattering. 

5) Incident Wave Frequency Effect on the Backscattering 
Coefficient 

We studied the effect of the frequency of the incident wave 
on the backscattering for different values of roughness and 
humidity parameters. To this end, there is shown in Figs. 30 
and 31 the variations of backscattering coefficient for five 
different frequencies ranging from 0.5 GHz to 0.9 GHz. 
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Fig. 30 𝝈𝑯𝑯 as a function of the incident angle 𝜽 for different values of frequency 𝒇 (GHz) 
 

 

Fig. 31 𝜎  as a function of the incident angle 𝜃 for different values of frequency f (GHz) 
 
We observed that the frequency variation effect induced a 

translation of the curve with signal amplification. This signal 
amplification can be explained by the fact that an increase in 
the frequency of the signal induced an increase in the 
imaginary part of the complex dielectric constant proportional 
inversely to the penetration depth and therefore an increase in 
moisture. Thus, higher the frequency, greater the 
backscattered signal strength and less the penetration depth. 

III. SOIL SUBSURFACE MODELIZATION 

The air in the soil is vital for the respiration of roots and soil 
organisms, it also affects soil drainage, because more air 
pockets, greater the drainage is fast. Rough agricultural 
parcels have clods on their surfaces, including air fractions 
therebetween. We proposed to redefine the dielectric constant 
to include these air fractions presented in the volume of soil 
structure, taking into account the multiscale multilayer 
description of the soil. 

A. Air Pockets Introduction in the Volume Structure of the 
Soil 

Natural soilscontain air fractions. Previous works [13] 
modified the expression of the dielectric constant to take 
account of air pockets. The presence of air fractions is an 
influencing factor of the relationship between soil moisture 
and backscattering coefficient of the radar signal from a 
studied site to another and from a plot to another. The 
roughness description does not solve the problem gap between 
measurement and simulation, account must be taken of the 
work on agricultural fields and natural phenomena such as 
erosion, rain, etc. 

The aim is to study the impact of new multiscale descriptive 
parameters of the surface, namely the γ parameter related to 
the standard deviation of the heights and the ν related to the 
fractal dimension parameter on the radar backscattering while 
taking into account the impact of air pockets included in the 
subsoil, and the modification of the scattering SPM (MLS 2D 
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three-layered model) using the two-dimensional wavelet 
transform and Mallat multi resolution algorithm [17]. 

1) Reflection of a Multilayer Medium 

We have considered the soil, as illustrated in Fig. 32, as a 
three-layered medium, where 𝐷 is the penetration depth of the 
radar signal. The multilayer model of the soil has three 
uniform layers [14]. 

 

 

Fig. 32 Reflection multilayered model of the soil [14] 
 
Medium 0 is a half-space. Medium 1, with 𝑑  as its 

thickness and 𝜀  as its permittivity. Medium 2, which shows 
the air particles in the subsoil, with 𝑑  as its thickness and 𝜀  
as its permittivity. Medium 3 represents the undersoil layer 
below the penetration depth level of the radar signal 𝐷 
(𝑑 𝑑 ), with a permittivity𝜀 : it is a semi-infinite layer 

which has no thickness. 𝐸  and 𝐸  are respectively the incident 
and reflected radar signal [14]. We have introduced multilayer 
aspect of the surface soil humidity, and thereafter, the 
dielectric constant is designed to be redefined according to the 
new description to take into consideration the air/soil 
composition. 𝜀 is an effective permittivity that encompasses 
different dielectric permittivities of the three layers. 

 

𝜀 𝑣 ∗ 𝜀 1 𝑣 ∗ 𝜀                (34) 
 

α = 0.5, 𝜀  is the dielectric constant of the soil, 𝜀  is the 
dielectric constant of air, and 𝑣 is the fraction of the soil 
defined as: 
 

𝑣 0.22 𝐿𝑜𝑔 𝑍 0.0058                   (35) 
 

𝑍 𝑠 𝑙⁄                                         (36) 
The volumetric water content is given by 𝑚 : 
 

𝑚 5.3 10 2.92 10 𝜀 5.5 10 𝜀
4.3 10 𝜀                  (37) 

 
Figs. 33 and 34 show the impact of various variables, 

namely 𝑣  (the fraction of the soil) and 𝑚 (soil moisture) on 
the volumetric water content of the soil.  

 

 

Fig. 33  𝑹𝟐 Variation as a function of moisture for different values of 𝒗𝒔𝒐𝒍 R
2 is the squared modulus of the Fresnel reflection coefficient 

 

 

Fig. 34  𝜺𝒂𝒑𝒑 impact on moisture for different values of 𝜺𝒔𝒐𝒍 
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It may be noted that the volumetric soil moisture 
incremented simultaneously with the increase in the values of 
the parameters listed above. 

2) Sensitive Analysis of Multiscale TrilayerSPM 

We studied the backscattered radar signal sensitivity on a 
multiscale three-layered soil with different moisture and 
multiscale roughness values of each layer, and while taking 
account of the air pockets included in it. 
 The impact of multi-scale roughness parameters on the 

backscattering coefficient 
We set 𝛾, the parameter related to the standard deviation of 

the heights, at 0.0031m with five spatial scales (Figs. 35 and 
36). 

It may be noted that when the fractal dimension increases, 
the surface becomes smoother, and the value of the 
backscattering coefficient down due to specular reflection. 
Then, we set 𝜈, the parameter related to the fractal dimension, 
at 1.9 with P = 5, we varied the multiscale parameter related to 
the standard deviation of the heights 𝛾 (Figs. 37 and 38). The 
value of the backscattering coefficient increases, because an 
increase in the vertical roughness can cause amplification of 
the backscattered signal. 

 

 

Fig. 35  𝝈𝑽𝑽 as a function of the incident angle 𝜽 for different values of 𝝂 
 

 

Fig. 36 𝝈𝑯𝑯 as a function of the incident angle 𝜽 for different values of ν 
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Fig. 37 𝝈𝑽𝑽 as a function of the incident angle θ for different values of 𝜸 
 

 

Fig. 38 𝝈𝑯𝑯 as a function of the incident angle 𝜽 for different values of 𝜸 
 
 The impact of the multi-scale moisture parameter on the 

backscattering coefficient 
We can note in Figs. 39-41, that with an increase of the 

value of soil moisture, the amount of the backscattered signal 
will be higher and the depth of penetration of the radar signal 
will be lower. (x axe is the value of humidity %, and y axe is 
the backscattering coefficient dB). 

 

 

Fig. 39 𝝈𝑽𝑽 as a function of the incident angle 𝜽 for different values 
of humidity 

 

Fig. 40 𝝈𝑯𝑯 as a function of the incident angle 𝜽 for different values 
of humidity 
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Fig. 41 𝝈𝑯𝑯as a function of the incident angle 𝜽 for different values 
of 𝒔 

IV. INTRODUCTION OF THE VEGETAL LAYER ON THE SURFACE 

SOIL STRUCTURE 

A. Data from Remote Sensing 

The vegetation occupies a large portion of the Earth's 
surface, and because of human agricultural activities, these 
natural resources have been allocated, particularly by the 
biodiversity, atmospheric composition and climate. 
Monitoring these areas has therefore become a very 
demanding environmental issue to treat. 

The amount of vegetation or its density is an important 
geophysical parameter for many agronomic models, but also 
hydrological, meteorological or climate. In hydrology for 
example, vegetation plays the interception rainfall role, 
modifies the energy balance and water by transpiration, and 
finally it has a direct action on the filling level of the root layer 
of soil. In climatology, vegetation alters the aerodynamic 
roughness, which is an essential parameter of erosion 
processes [18]. 

Satellite remote sensing affords a valuable tool to provide 
geophysical information on a regional or global scale using 
microwave and optical sensors. 

Optical sensors require illumination of the sun and clear sky 
conditions for measurements. In addition, optical data provide 
little information of the earth. 

Contrariwise, the microwave remote sensing is able to 
obtain soil measurements regardless of weather conditions and 
at what time of the day, and thus it improves optical data.  

There are two types of these sensors: active and passive 
sensors [19], [20]. Radiometers, passive sensors, measure the 
noise temperature from the thermal radiation of the observed 
scene. Furthermore, the radar, active sensors, measure the 
signal broadcast by the target. 

The major drawback of the radar system is its low spatial 
resolution; this can be overcome by the use of SAR sensors 
(Synthetic Aperture Radar).  

The SAR system is a technology that takes advantage of the 
satellite or aircraft movement where the radar system was 
installed in order to obtain the effect of an antenna aperture 
having a size larger than the real physical dimensions of the 
antenna, and finally acquire images with high resolution [19], 
[21], [22]. 

 

B. Comparison between the Active and Passive Remote 
Sensing for Estimating Soil Moisture 

Getting information about the moisture content of the 
surface is important to assess the availability of soil water for 
plant growth in alpine meadows, and this can affect the 
duration of the grazing season, the rate of growth of grass and 
nutrient absorption. 

Unfortunately, the spatial and temporal variations of soil 
moisture cannot be easily observed on a large scale using 
conventional measurement techniques. Radar Remote Sensing 
is an effective tool for the evaluation of soil moisture due to its 
dielectric constant witch is one of the most important factors 
influencing the radar backscatter intensity. 

Active microwave systems offer the advantage of high 
resolution, but this comes at the expense of higher data rates 
and more complex treatment, while passive microwave 
systems offer the advantages of a frequent cover, low flow 
rates and a simpler data processing. 

C. Synergistic Methodology Coupling of Optical and SAR 
Data for Estimating Physical Parameters of a Vegetation 
Zone 

Several models simulating soil moisture from synthetic 
aperture radar data (SAR) have been developed for bare soil 
[7]-[11]. However, these models cannot be directly applied on 
vegetated areas; topsoil complicates the recovery of moisture 
in the basement-vegetation as it contains specific humidity 
[23]. Thus, the SAR acquisition corresponds to the combined 
signatures of water from vegetation water and soil water [15]. 

Because of the multiple scattering effects from the soil, the 
interaction between, the contributions of soil moisture and 
vegetation moisture on the one hand, and secondly of the 
observed backscattering radar signal, are highly non-linear. 
Therefore, the key problem in the quantitative estimation of 
soil moisture is to separate the contributions of the water 
content on vegetation and vegetated soil in radar backscatter. 

The effects of vegetation on the SAR signatures are 
controlled by its biophysical parameters (e.g., vegetation cover 
and leaf area index), which may be obtained from optical 
remote sensing. 

To minimize the effect of vegetation, some [16] attempted 
to use the additional plant information provided by optical 
remote sensing, which has been widely used to obtain 
information of vegetation biophysical properties. Moreover, 
other studies [16] suggested that the accuracy of soil moisture 
estimates were significantly improved when the optical and 
SAR data were combined compared with the estimates 
obtained based solely on SAR data. 

The information on vegetation was extracted from optical 
remote sensing to correct SAR observations of vegetation 
based on a cloud model (WCM: Water Cloud Model [24]). 

Radar backscatter is sensitive to roughness and soil 
moisture; however, in a vegetated area, it can also be affected 
by vegetation cover and the water content of plants. Therefore, 
the backscattering of a green area consists of the volume 
scattering vegetation and surface diffusion of the basement-
vegetation attenuated by the vegetation layer. 
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The method is based on a synergistic microwave/optical 
model to simulate the radar backscatter from a green surface 
based on WCM model [24] and the two-dimensional SPM 
model. This SPM model was used to simulate the diffusion 
from a bare soil surface, and the WCM model was used to 
calculate the distribution of the volume and the bidirectional 
attenuation of vegetation. 

1) Backscatter Bare Soil 

The backscatter of bare soil surface mainly depends on the 
moisture content and the soil surface roughness. The 
multilayer two-dimensional SPM model is used to determine 
the backscatter of the basement-vegetation. In general, this 
model quantizes the backscattering coefficient of a surface 
roughness in terms of its parameters, its dielectric constant and 
the properties of acquired images (polarization, incident angle 
and frequency). Surface roughness is characterized by the 
RMS height and the correlation length. The dielectric constant 
is derived from the volumetric water content of the soil 𝜎 . 

2) Vegetation Backscattering Model 

The model was originally developed to describe the 
diffusion from only bare soil surfaces; Therefore, vegetation 
backscattering effects are not explicitly incorporated into the 
model [23]. WCM [24] is a mathematical model that was used 
to reduce the effect of vegetation, it considers the canopy like 
a cloud of water droplets that were randomly distributed. It has 
been used to determine the contribution of the vegetation 
using the leaf area index (LAI), the water content of the 
vegetation and biomass as canopy descriptors [11]. It was 
introduced by Attema and Ulaby [24] and was developed to 
predict the backscattering of a vegetated area.  

In the WCM model, the total backscatter 𝜎  is represented 
by the incoherent sum of the contribution of vegetation cover 
backscattering 𝜎 and the contribution of the basement-
vegetation𝜎 , mitigated by the vegetation layer and the 
interaction between the vegetated canopy and soil that is 
represented by multiple internal backscatter 𝜎 . Thus, 
the WCM can be represented for an incident angle 𝜃 by the 
following equation: 

 
𝜎 𝜎 𝜃 𝛾 𝜃 𝜎 𝜃 𝜎              (38) 

 
𝛾 𝜃 is the bidirectional attenuation coefficient of vegetation. 
Many modifications of WCM model have been reported [7], 
[20], [24]. 

We can conclude that for a given radar configuration, the 
backscatter of bare soil is a linear function of soil moisture. In 
addition, internal multiple interactions are not a dominant 
factor in the expression of the backscattering coefficient and 
can therefore be overlooked [25], [26]. Hence the modified 
equation is: 

 

𝜎 𝜎 𝜃 𝛾 𝜃 𝜎 𝜃                     (39) 
 

𝜎 𝜃 𝐴𝑉 cos 𝜃 1 𝛾 𝜃                  (40) 
 

𝛾 𝜃 𝑒𝑥𝑝 2 𝑉  / cos 𝜃                   (41) 
 

𝑉  and 𝑉  are respectively two topsoil descriptors, they 
describe the geometry effect of the cover canopy and the water 
content on the backscattering coefficient [24], [20], [26], [27]. 
𝐴 and𝐵 are two empirical coefficients depending on the layer 
type. 

The multilayered SPM model is used to replace the term of 
𝜎 𝜃  in WCM model, and this replacement allows more 
realistic description of the bare soil moisture contribution in 
backscattering coefficient [14]. 

D.  Sensitive Analysis of the Backscattering Coefficient 
Behavior 

1) Multiscale Roughness Parameters Impact on 
Backscattering Coefficient 

 Fractal dimension effect 
We studied the impact of fractal dimension 𝜈 on 

backscattered radar signal by setting γ, the parameter related 
to the standard deviation of heights, at 0.0031m with a number 
of spatial scales P equal to 5 (Figs. 42 and 43). 

We can note that the backscattering coefficient decreases 
with incident angle. Furthermore, higher the parameter ν, the 
backscattering coefficient decreases. This can be explained by 
the fact that the surfaces become smoother, and the diffusion 
properties are dominated by the specular reflection. 

 

 

Fig. 42 𝝈𝑽𝑽 as a function of incident angle 𝜽 for different values of 𝝂 
 

 
Fig. 43 𝝈𝑯𝑯 as a function of the incident angle 𝜽 for different values 

of ν 
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 The Effect of the Correlation Length 
𝜈 was fixed to 1.3, and γ was varied from 0.0011m to 

0.0051 m. In both cases, we note that the backscattering 
coefficient increases with 𝛾. 

 

 

Fig. 44 𝝈𝑽𝑽 as a function of the incident angle 𝜽 for different values 
of 𝜸 

 

 

Fig. 45 𝝈𝑯𝑯 as a function of the incident angle 𝜽 for different values 
of 𝜸 

2) The Impact of Multi-Scale Moisture on Backscattering 
Coefficient 

At first, the impact of 𝜀′ on radar signal backscattering by 
fixing 𝜀" at 8 (Figs. 46 and 47) was studied and by varying𝜀′ 
from 2 to 6 in both HH and VV polarizations. We notice that 
the backscattering coefficient increases as the complex 
dielectric constant 𝜀′ increases. 

In Figs. 48 and 49, we set  𝜀′ at 5 and ranging 𝜀" from 8 to 
12. It is noted that when increasing 𝜀", the backscattering 
coefficient increases as well. This is because when the soil 
gets wet, the amount of energy returned to the radar system 
decreases: the diffuse reflection is dominating in this case. 

 

Fig. 46  𝝈𝑽𝑽 as a function of the incident angle 𝜽 for different values 
of 𝜺′ 

 

 

Fig. 47 𝝈𝑯𝑯as a function of the incident angle 𝜽 for different values 
of 𝜺′ 

 

 

Fig. 48 𝝈𝑽𝑽 as a function of the incident angle 𝜽 for different values 
of 𝜺" 
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Fig. 49 𝝈𝑯𝑯 as a function of the incident angle 𝜽 for different values 
of 𝜺" 

V. CONCLUSION 

The backscattering radar signal inversion in order to recover 
the physical parameters of large-scale natural surfaces is a 
major challenge for several applications in hydrology, 
geophysics and geology for predicting risks, monitoring the 
erosion and gully erosion. Data supplied by inversion process 
provide a comprehensive large-scale monitoring of natural 
surfaces over time and enabling firstly a major time savings 
compared to conventional data collection and secondly a 
broader vision. 
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