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Abstract 
 

The polarimetric study in terms of energy spectrum (matrix 

decomposition) and degree of polarization ( 𝑚 ) for 

vegetation targets infer the accuracy of synthetic aperture 

radar (SAR) sensors and vegetation operational algorithms. 

In the present work the dual polarimetric radar vegetation 

index (DpRVI) and polarimetric radar vegetation index 

(PRVI) were used as a radar vegetation descriptor (V) in 

modified water cloud model (MWCM) for assessment of 

retrieval accuracy of leaf area index (LAI) for wheat crop 

in the vegetative cropland using Sentinel -1 (C - band) 

satellite data. The Jacobian based non – linear least square 

optimization algorithm was used for the parametrization of 

MWCM. Further, the inversion methods were adopted for 

retrieval of LAI at VV polarization. The statistical 

correlation analysis was indicated that DpRVI  employed 

the better R2 = 0.78 than PRVI.( R2 = 0.71) Thus, the DpRVI 

may be alternative tool than optical indices in all weather 

and in night time acquisition for gap filling in time -series 

study of crop monitoring.  

 

 

1 Introduction 
 

Earth surface vegetation plays important role for balancing 

the energy fluxes in terrestrial ecosystem and at land – 

atmosphere interfaces. Therefore, the study of biophysical 

growth behavior is important due to its tremendous 

application (viz. agrometeorological and production 

forecasting). Nowadays, the remote sensing techniques 

play vital role to explore the earth surfaces such as crop and 

soil moisture monitoring at global scale. In the recent past, 

the ample research has been carried out to monitoring crop 

growth variables and soil moisture using semi-empirical, 

empirical and physical algorithms. The microwave satellite 

data has proven remarkable results for more accurate 

mapping and monitoring of vegetation and soil moisture at 

earth surfaces. The synthetic aperture radar (SAR) data is 

one of the active sensor data which marked the good 

potential to full fill the vegetation monitoring requirement 

due to unrestricted mode of acquisition in all-weather 

conditions and in day – night mode capability [2].   

 

In this study, the radar vegetation descriptors (𝑉 = DpRVI  

and PRVI) were incorporated in modified water cloud 

model (MWCM) for the potential of Sentinel -1 (C – band) 

SAR satellite data and retrieval of leaf area index (LAI) for 

wheat crop in Varanasi regions. Eventually, the optical 

satellite data is being contaminated by the atmospheric 

haze, cloud and all-weather conditions. Therefore, the 

developed algorithm may help or alternative tool to 

continuous monitoring of vegetation growth variables and 

their chemical properties [4],[5]. 

 

2 Study area 

 
A part of Varanasi study location was selected for the 

evaluation of developed methodology. The slope variation 

and elevation ranges are 0%–3% and 0 – 98 meters, 

respectively. The agricultural regions of this city mainly 

covered wheat, barley and mustered in Rabi season and 

Rice in Kharif season, which is shown in Figure 1. 

 

Figure 1. Sentinel -1 RGB (R -VV, G – VH and B – 

VV/VH) image of study location 

3 Satellite data  
Table 1. Satellite data specifications 
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4 Methodology 
 

The schematic flowchart of pre -processing of SAR data 

and retrieval mechanism of LAI using MWCM which were 

shown in Figure 2. The radiometric correction was 

followed for better intensity calibration of pixel values. 

After that covariance polarimetric (C2) were generated 

followed by speckle filter and geometric correction 

(Terrain). 

 

 

 
 

 
Figure 2. Flowchart for computation of LAI using MWCM 

 
4.1 Dual polarimetric radar vegetation descriptor 

 
The computation of dual polarimetric radar index at C – 

band mainly depends on degree of polarization (m  and 

scattering energy span (sum of eigenvalues) [3]. The 

covariance scattering matrix ( C2 ) is primary factor to 

determine the 𝑚𝐿  which decided the dominancy of 

scattering mechanism from the vegetation and soil surfaces 

at VV and VH polarization [1]. 

   𝐶2 = [
C11 C12

C21 C22
] = [

< |sVV|2 > < sVV sVH
∗ >

< sVH sVV
∗ > < |sVH|2 >

]    (1) 

 

𝑚 =  √1 −
4|𝐶2|

(Tr (𝐶2))
2
                                                       (2) 

 

Where the |𝐶2| and Tr (𝐶2) is determinant and trace (sum 

of eigenvalues) of 𝐶2 matrix, respectively. 

(i) Dual polarimetric radar vegetation index ((𝑫𝒑𝑹𝑽𝑰 )) 

 

DpRVI =  1 −  𝑚β               0 ≤ DpRVI ≤ 1               (3) 

 where 

β =  
λ1

λ1 + λ2

 

 

The λ1  and λ1  are the eigenvalues through the 

decomposition of 2 × 2 covariance scattering matrix. 

 

(ii) Polarimetric radar vegetation index  (𝑷𝑹𝑽𝑰)       
 

 PRVI =  (1 −  𝑚) σHV
0                                                    (4) 

 

4.2 Modified water cloud model (MWCM) 

 

The total backscattered energy or backscattering 

coefficient (σT
0 ) from the vegetation and soil surfaces 

mainly contributed by the sum of contributions due to (i) 

volume scattering σveg
0 (V)  from the vegetation canopy 

itself, (ii) surface scattering σsoil
0 (εs, mv, θ)  by the soil 

attenuated by the vegetation layer, and (iii) intermediate 

interactions σinter
0 (εs, mv, θ, V)  between the vegetation 

canopy and the ground surface after the double attenuation, 

as follows [7]:   

σT
0 = σveg

0 (V) + σinter
0 (εr, mv, θ, V)

+ τ2σsoil
0 (εr, mv, h, θ)       (5) 

where σveg
0  represents the backscattered radar signal from 

the vegetation canopy and σsoil
0   is the backscattering 

response from bare soil surfaces [6]. Whereas, τ2  is 

defined as the two-way attenuation factor through 

vegetation-soil interfaces [8]. 

         σveg
0 = AVEcosθ [1 − e−(

2.B.V

COSθ
)
]          (6)           

                   τ2 = e−(
2BV

COSθ
)
                             (7)                                                           

       σinter
0 (εs, mv, θ, V) =

γ V τ2  |
(εs −1)(sin2 θ −εs(1+ sin2 θ))

(cosθ+√εs−sin2 θ)2
|
2

          (8) 

The soil backscattering coefficients at VV polarization 

(𝜎𝑠𝑜𝑖𝑙
0 ) can be defined as a term of soil Fresnel reflectivity 

(𝛤(0, 𝑉)). It also represents the rough surfaces scattering 

term approximated by geometrical model [10]. This can be 

defined as:  

𝜎𝑠𝑜𝑖𝑙
0 (𝑉𝑉) =  

|𝛤(0,𝑉)|2𝑒
−(

tan2 𝜃

2 𝑠2
)

2𝑠2 cos4 𝜃
                    (9) 

In the above expression, the surface roughness parameter 

(𝑠 =  
√ℎ

𝑙
= 0.125) may be defined in terms of RMS height 

(h), correlation length (l) and incidence angle (𝜃 = 40°). 

Whereas, the soil Fresnel reflectivity (𝛤(0, 𝑉)) is expressed 

as: 

            𝛤(0, 𝑉) =  |
𝜀𝑠 cos 𝜃−√𝜀𝑠−sin2 𝜃

𝜀𝑠 cos 𝜃+√𝜀𝑠−sin2 𝜃
|                   (10) 

In the soil Fresnel reflectivity, the 𝜀𝑠  is the relative soil 

dielectric constant [9], which can be computed by using 

Equation (11) using soil moisture (𝑚𝑣). 

       𝜀𝑠 = 114𝑚𝑣
2 + 13.3𝑚𝑣 + 2.5                     (11) 
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Modified water cloud model 



4.2 Parametrization of model 

 

The Jacobian constrained with non -linear least square 

optimization technique was adopted for optimality 

condition of MWCM model for computation of unknown 

parameters in the developed algorithm, which can be 

expressed as: 

∇𝑔 = 2𝐷 (∑(𝜎𝑜𝑏𝑖

0 − 𝜎𝑚𝑜𝑑𝑖

0 )2

n

i=1

)

𝑇

(∑(𝜎𝑜𝑏𝑖

0 − 𝜎𝑚𝑜𝑑𝑖

0 )2

n

i=1

)

= 0                                                (12)  
Therefore, the Derivative matrix (Jacobian) of 

differentiable function (𝜎𝑜𝑏𝑖

0 − 𝜎𝑚𝑜𝑑𝑖

0 )2 can be defined as: 

𝐷 (∑(𝜎𝑜𝑏𝑖

0 − 𝜎𝑚𝑜𝑑𝑖

0 )
2

n

i=1

)

𝑇

= 

[
 
 
 
 
 
 
 
 
𝜕(𝜎𝑜𝑏1

0 − 𝜎𝑚𝑜𝑑1

0 )2

𝜕𝑥1

𝜕(𝜎𝑜𝑏1

0 − 𝜎𝑚𝑜𝑑1

0 )2

𝜕𝑥2
⋯

𝜕(𝜎𝑜𝑏1

0 − 𝜎𝑚𝑜𝑑1

0 )2

𝜕𝑥𝑛

𝜕(𝜎𝑜𝑏2

0 − 𝜎𝑚𝑜𝑑2

0 )2

𝜕𝑥1

𝜕(𝜎𝑜𝑏2

0 − 𝜎𝑚𝑜𝑑2

0 )2

𝜕𝑥1
⋯

𝜕(𝜎𝑜𝑏2

0 − 𝜎𝑚𝑜𝑑2

0 )2

𝜕𝑥𝑛

⋮
𝜕(𝜎𝑜𝑏𝑛

0 − 𝜎𝑚𝑜𝑑𝑛

0 )2

𝜕𝑥1

⋮
𝜕(𝜎𝑜𝑏𝑛

0 − 𝜎𝑚𝑜𝑑𝑛

0 )2

𝜕𝑥2

⋯
𝜕(𝜎𝑜𝑏𝑛

0 − 𝜎𝑚𝑜𝑑𝑛

0 )2

𝜕𝑥𝑛 ]
 
 
 
 
 
 
 
 

 

Therefore, the optimized unknown model parameters of 

MWCM were found as A = -1.58, E =0.232, B = -0.021, γ 

=3.32 for V = DpRVI  and A = -1.43, E =0.336, B = -0.011, 

γ = 4.72 for V = PRVI using above computational 

techniques. 

 

5 Results and discussion 

 
5.1 Simulation of backscattered energy in the forward 

modelling direction 

 

The polarimetric decomposition techniques were used to 

derive the eigenvalues of 2 × 2 covariance scattering 

matrix. After that dual polarimetric vegetation descriptors 

were computed and used in MWCM for simulation of 

backscattered energy at VV polarization. However, the 

unknown model parameters were computed using 

mathematical constrained at optimum value.  

 

 
Figure 3. Simulated backscattering coefficient using (a) 

DpRVI  and (b) PRVI at VV polarization  

 
The simulated backscattered coefficient at V = DpRVI  in 

MWCM results are shown that the higher accuracy  than V 

= PRVI in MWCM at VV polarization (Figure 3). 

However, the statistical analysis was shown the simulation 

of backscattering coefficient in forward direction at VV 

polarization for V = DpRVI  have higher R2 = 0.87 and 

lower RMSE = 0.22 dB as compared to V = PRVI (R2 = 

0.79 and RMSE = 0.31 dB) in MWCM at same 

polarization. 

 

5.2 Retrieval of LAI using inverse modelling approach 

 
The geolocated wheat crop pixel values were selected to 

the assessment of vegetation descriptors DpRVI and PRVI 

for retrieval the of LAI values using inversion approach in 

MWCM. Figure 4 shows the correlation analysis between 

radar and optical vegetation fraction. The statistical indices 

results were shown that the retrieved LAI for DpRVI  at VV 

polarization having higher sensitivity with in-situ LAI data 

than PRVI. The higher R2 = 0.78 and lower RMSE = 

0.184  m2 m2⁄  were found at VV polarization for V = 

DpRVI in MWCM. Whereas, for V = PRVI in MWCM at 

VV polarization showed comparatively lower sensitivity 

(R2 = 0.71 and RMSE = 1.32 m2 m2⁄ ) with observed data. 

However, the system (polarization and frequency) 

parameters and wheat crop canopy development and 

orientation of leaves are the major factors for 

depolarization of the wave signal. For the early stage of 

crop growth, the energy span λ1 / λ1 + λ2is less than λ2 / 

λ1 + λ2  due to dominant contribution of underlying soil 

parameters. Therefore, at the dense canopy stage of the 

wheat crop, the value of 𝑚 is found relatively lower than 

leaf development (early stage) of the wheat crop. 
Therefore, this modified algorithm could be proximate the 

higher retrieval LAI values accuracy of wheat crop than 

others modified existing models using polarimetric radar 

vegetation index.  
 



 

 
 

Figure 4. Comparative analysis of LAI using (a) DpRVI  

and (b) PRVI at VV polarization  
 

6 Conclusion 

 
In this study, the polarimetric study based radar vegetation 

descriptors were computed using Sentinel -1 (C - band) 

SAR data. The study reveals that the radar based DpRVI  as 

vegetation descriptor have great ability to rectify the ill – 

posed problem like continuous vegetation monitoring in 

homogeneous and heterogeneous vegetative cropland than 

that of PRVI. Further, both DpRVI  and PRVI were 

assessed in MWCM for inversion of the model. The 

statistical technique showed that DpRVI  (R2 = 0.78) good 

retrieval accuracy of LAI as compared to PRVI (R2 = 0.71). 

Thus, the DpRVI  can be more robust SAR derived 

vegetation descriptor or may be an alternative tool for 

accurate retrieval of biophysical parameters in the 

vegetative areas than optical indices. This study can be 

further evaluated by using other microwave region like X- 

band and L – band and in NISAR mission. 
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