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Estimation of aboveground biomass from PolSAR and
PolInSAR using regression-based modelling techniques
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Anurag Kulshresthab

aIndian Institute of Remote Sensing (IIRS), Indian Space Research Organisation (ISRO), Dehradun,
India; bFaculty of Geo-information Science and Earth Observation, University of Twente, Enschede,
The Netherlands

ABSTRACT
In the field of forestry studies, microwave remote sensing has
broad applications due to the penetration into the semi-transpar-
ent media. This feature is used for the estimation of biophysical
parameters and monitoring of deforestation. Therefore, the esti-
mation of biophysical parameters is essential for assessing carbon
stock management. Hence, the aboveground biomass (AGB) using
synthetic aperture radar (SAR) data is recognized as typical
approaches in forest application. However, the integrated use of
polarimetric (PolSAR) and interferometric (PolInSAR) data might
be more efficient tools for AGB mapping. Accordingly, in this
study with the integrated data, the efficiency of machine learning
techniques including random forest regression (RFR) and multiple
linear regression (MLR) model were assessed and compared for
the prediction of AGB. The analyses were performed using an
image pair of fully polarimetric Radarsat-2 C-band data set and
the related field data of Malhan Forest Range, Dehradun Forest
Division, which were collected using the systematic sampling
technique. Particularly, the training and testing of the models
were done using the field sample plots. The experimental results
showed that the RFR algorithm provided a better prediction result
of AGB than the MLR model. The correlation coefficient (R2) and
root-mean-square error (RMSE) for the RFR algorithm was esti-
mated to be around 0.65 and 24.33Mg/ha, respectively, while for
the MLR model, R2 and RMSE are estimated as 0.54 and
33.05Mg/ha, respectively. Therefore, it was concluded that the
prediction of AGB through the machine learning technique using
PolSAR and PolInSAR data has a significant advantage for accurate
estimation of the AGB.
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Introduction

Forests have a significant contribution in maintaining a balance in the environment and\
also in providing tangible and intangible resources (FAO 2018). Forests sequester carbon
in its trunks, branches, leaves and roots which accumulates to be the biomass of forests.
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Therefore, the forest quality and health assessment is of significant concern and can be
measured from biophysical parameters (Brandeis et al. 2006; Hogg et al. 2008; Adams
2012; Chi et al. 2016). Biomass is the essential biophysical parameter for indicating the
health of the forest as it represents the potential amount of carbon stored in the trees
(Brown 1997; Adams 2012). AGB can be estimated through destructive sampling methods
(Khanna and Chaturvedi 1994; Husch et al. 2003; Kershaw et al. 2016), non-destructive
sampling methods (Husch et al. 1972; Khanna and Chaturvedi 1994), remote-sensed data-
like, microwave, Light Detection and Ranging (LiDAR) and optical data (Mangla et al.
2016; Kumar et al. 2018)

Microwave remote sensing is advantageous over other techniques as it can penetrate
through cloud cover and can acquire data both in day and night time (Rencz and
Ryerson 1999; Moreira et al. 2013). Synthetic Aperture Radar (SAR) sensors transmit
microwave signals and receive the backscattered signal from the targets on the earth’s sur-
face (Richards 2009; Cloude 2010; Moreira et al. 2013). Polarimetric SAR (PolSAR) is an
extended technique of SAR that retrieves the scattering information from each resolution
cell with multi-polarization information, which helps in the characterization of the objects
(Kumar et al. 2017; Tomar et al. 2019). PolSAR is sensitive to different parameters of
objects such as shape, orientation, dielectric properties, as well as permittivity, material
constituents of the target and also the ensemble average entropy, which can be used for
measuring forest biophysical parameters (Rencz and Ryerson 1999; Papathanassiou and
Cloude 2001; Krieger et al. 2005). The PolSAR scattering mechanisms contributed from
each SAR resolution cell can be retrieved separately after decomposition (Shafai and
Kumar 2020; ME and Kumar 2021). The scattering mechanisms are odd-bounce, volume,
double-bounce, helix and wire scatterings (Zhang et al. 2008). There are various decom-
position models such as three-component decomposition models (Freeman and Durden
1998; Van Zyl et al. 2011), Yamaguchi four-component decomposition model (Yamaguchi
et al. 2005) and multiple component scattering model (Zhang et al. 2008). Polarimetric
SAR Interferometry (PolInSAR) is a further extended technique of SAR. It uses the bene-
fits of polarimetry and interferometry coherently (Kumar et al. 2017; Kumar et al. 2020).
From the PolInSAR-based coherency matrices, both the polarimetric and interferometric
properties of images can be retrieved separately (Papathanassiou and Cloude 2001).
PolInSAR coherence values indicate the degree of correlation between the images acquired
at different times or from different locations (Neumann 2009).

Previous works have been done for the estimation of biophysical parameters of the for-
est using X, C, L and P bands of the microwave range (Mette et al. 2004; Santoro et al.
2006; Garestier et al. 2009; Carreiras et al. 2013; Behera et al. 2016; Duncanson et al.
2020; Khati et al. 2020). The integration of models with remote sensing techniques for the
estimation of tree height and aboveground biomass for the entire vegetation has shown
huge applicability (Agrawal et al. 2019; Joshi and Kumar 2017a, 2017b; Kumar et al.
2017). The different types of models used are WCM (Attema and Ulaby 1978; Kumar
et al. 2012; van Leeuwen 2014; Behera et al. 2016), IWCM (Santoro 2003; Kumar 2009;
Chandola 2014) and EWCM (Agrawal 2015; Bharadwaj et al. 2015; Tomar 2015; Kumar
et al. 2019). Mangla (2015) did a comparative analysis between RFR and MLR for the esti-
mation of AGB using PolSAR data. From the study, it was concluded that AGB could be
estimated with higher accuracy using the RFR algorithm compared with MLR. Neumann
et al. (2010) in his study compared the efficiency of linear regression, support vector
regression (SVR) and random forest (RF) algorithms for the estimation of AGB using
PolInSAR data. In this study, linear regression was observed to predict AGB more accur-
ately but further investigation on the efficiency of the RF algorithm was suggested.
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The PolSAR- and PolInSAR-based retrieved image parameters, backscatter component
and coherence values can be integrated with the field estimated parameters and can be,
therefore, utilized to predict AGB using machine learning (ML) algorithms. ML is an arti-
ficial intelligence technique implementing supervised and unsupervised learning of the
data (Shataee et al. 2012; Mangla 2015). The ML algorithms used for classification or
regression are support vector machine (SVM), RF, rotation random forest (RoRF) and
classification and regression tree (CART) (Vapnik 2000; Shataee et al. 2012; Mangla 2015;
Trisasongko et al. 2019). The regression algorithms adopted for this work is the RFR fol-
lowed by MLR.

The estimation of biophysical parameters of forest using PolSAR backscatter and
PolInSAR coherences has proved to be efficient individually, as discussed above.
Therefore, the main objective of this present work was to test and explore the integration
of PolSAR backscatter parameters and PolInSAR coherences retrieved from fully polari-
metric Radarsat-2 C-band data sets. These parameters were then used to estimate AGB of
a forest stand using a ML algorithm, RFR and a conventional regression model, MLR.
Finally, a comparative analysis was done between the two regression models on the basis
of their efficiency to predict AGB. These two regression models were chosen in order to
overcome the rigidity of conventional models (WCM, IWCM, EWCM) for biophysical
parameter estimation. The second objective is to optimize the RFR algorithm with differ-
ent train and test data subsets, followed by the validation and accuracy assessment.

The contribution of this work in this field is the coherent use of the PolSAR backscat-
ter parameters and PolInSAR coherence values and field data for estimating AGB using
regression algorithms, RFR and MLR. The developed model will enable us to identify the
most sensitive parameters for the prediction of AGB.

Materials and methods

The work was carried out in several stages as explained in the following sections, and the
summary of the methodology adopted in this study is presented in Figure 1.

Study area

The study area for this present work is the Malhan Forest Range, Dehradun Forest
Division (30� 200 N and 77�490 E) located in the south-westernmost part of the
Uttarakhand, India, as shown in Figure 2. Malhan Forest covers an area of 75.9 sq. Km
approximately with a sub-tropical type of climate. The major forest types found in the
region are Moist Bhabar Dun Sal Forest, Moist Shivalik Sal Forest, Mixed Deciduous
Forest and Deciduous Scrubs (Champion and Seth 1968). The forest mainly comprised of
homogenous vegetation with Shorea robusta being the dominant and the keystone species
(Champion and Seth 1968), as shown in Figure 3a,b.

Field inventory

The field data used in this study were collected following the systematic sampling tech-
nique. Firstly, the entire study area was divided into regular grids of 500 sq. m, as repre-
sented by the red lines shown in Figure 4a, followed by the implementation of the
systematic sampling technique for laying the sample plots. The sample plots were laid sys-
tematically within the regular grids at an equal interval. Therefore, the first sample plot
location was chosen randomly, while the successive sample plots were laid systematically
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in both the directions, as represented by the red dots in Figure 4a. The sample plot loca-
tions were measured using an Real-time Kinematics (RTK) for recording the latitude and
longitudes of the sample plots, as shown in Figure 5a,b. It consisted of a GNSS 10
receiver, GNSS antenna, a Leica GPS controller and a tripod. RTK provides higher posi-
tioning accuracy as compared with handheld GPS systems. The accuracy is as high as 2 to
3 cm. Each sample plot was square-shaped with dimensions of 31.62� 31.62 sq. m cover-
ing an area of 0.1 ha, as shown in Figure 4b. A total of 38 sample plots were laid in the
study area for field inventory, out of which one plot was observed to be an outlier during
the data analysis. This sampling technique enables an unbiased representation of the study
area (Khanna and Chaturvedi 1994; Husch et al. 2003).

Measurements of girth at breast height (gbh) over bark (ob) and height were taken for
each tree in each plot. The gbh (ob) was measured using a flexible measuring tape of

Figure 1. Flowchart of the methodology used in this study.
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30m length, as shown in Figure 6a,b. The height of trees was measured using a Nikon
Forestry Pro hypsometer laser range-finder, as shown in Figure 7. The accuracy of this
instrument was ± 1m. From the field measured gbh (ob), the diameter at breast height
(dbh) was estimated by the formula represented in Equation (1), followed by the calcula-
tion of stem volumes. The stem volumes were calculated using the allometric equations
for the particular species, as provided in Table 1 (Forest Survey of India 1996). The distri-
bution of the stem volumes of each sample plot is shown in Figure 8. The stem volume
was observed to range from 214.86 cu.m to 616.75 cu.m. From the stem volumes, the
AGB of each tree was estimated using the formula represented in Equation (2), finally
leading to the plot-level AGB estimation.

Figure 3. (a)–(b) Field photograph of the Malhan forest range showing the dominant species as Sal (Shorea robusta).

Figure 2. The study area: (a) Political map of India (Survey of India 2020), (b) District level map of Uttarakhand and
(c) Malhan Forest Range.
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dbh ¼ gbh
p

(1)

AGB ¼ v� g (2)

Figure 4. (a) Layout of the systematic sampling plots in field; (b) a sampling unit of 0.1 ha.

Figure 5. (a)–(b) RTK (Real-time Kinematics) being used for recording the latitude and longitudes of the sample plots.

Figure 6. (a)–(b) A flexible measuring tape of 30m length being used in field to measure the tree gbh.
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where v is stem volume and g represents the specific gravity. The specific gravity was
obtained from the standard species specific values provided in Table 1 (Forest Survey of
India 1996).

SAR data sets

The images used for this study were a pair of fully polarimetric Radarsat-2 C-band data,
as described in Table 2. The images were acquired on 25 January 2019 and 18 February
2019 with a temporal baseline of 24 days, and the related Pauli images are shown in

Figure 7. Nikon Forestry Pro hypsometer laser range-finder being used in field for measuring the tree heights.

Table 1. Allometric equations provided by FSI.

Species Volume equation Specific gravity

Shorea robusta (0.16306þ 4.8991�D – 1.57402�(D)�0.5)�2 0.726
Tectona grandis 0.08847 – 1.4693�Dþ 11.98979�(D)�2þ 1.970560�(D)�3 0.578
Mallotus philippinensis 0.14749 – 2.87503�Dþ 19.61977�(D)�2–19.11630�(D)�3 0.571
Erhetia laevis ((0.16609/(D)�2) – (2.78851/D)þ17.22127–(11.60248)�D)�(D)�2 0.571
Lagerstromia parviflora 0.10529 – 1.68829�Dþ 10.29573�(D)�2 0.71
Ficus religiosa (0.03629þ 3.95389�D – 0.84421�D�2)�2 0.523
Bauhinia variegata ((–0.00342/((D)�2)) �0.0922/Dþ 2.28178þ 9.46641�D)�D�2 0.629
Terminalia tomentosa ((0.18149/D�2) – (2.85865/D)þ18.60799)�D�2 0.696
Terminalia alata 0.08658 – 2.04096�Dþ 13.28405�D�2 – 3.58047�D�3 0.63

Figure 8. Graph representing the distribution of the stem volumes of 38 sample plots.
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Figure 9. The image pair was obtained from MDA Geospatial Services. The data are not
freely available. The first acquisition has been considered as the master image, while the
second acquisition as the slave image.

Backscatter parameter retrieval using PolSAR data

The Radarsat-2 data were first calibrated using the sigma nought look-up table to obtain
radar backscatter coefficient values (r0). The pre-processing steps were done in
polSARpro 5.0 software. The backscatter coefficient values were used to generate the scat-
tering matrices [S], as shown in Equation (3). The scattering matrices were then vector-
ized in Pauli basis in order to generate the coherence matrice [T3] for further
polarimetric analysis, as shown in Equations (4) and (5).

S½ � ¼ SHH SHV

SVH SVV

� �
(3)

The diagonal elements in the [S] matrix are the co-polarized wave channel amplitudes,
whereas the off-diagonal elements are the cross-polarized wave channel amplitudes.

KP ¼
1ffiffiffi
2

p
SHH þ SVV
SHH� SVV

2SHV

24 35 (4)

where Kp denotes the Pauli feature basis vector. The 3� 3 coherence matrix [T3] is gener-
ated as shown below;

½T� ¼ < KP : K†
P > (5)

Table 2. Description of the Radarsat-2 image pair.

Description 1st acquisition 2nd acquisition

Satellite Radarsat-2 Radarsat-2
Date of acquisition 25-01-2019 18-02-2019
Pass Descending Descending
Product Id PDS_07004040 PDS_07004050
Acquisition mode Fine quad polarisation Fine quad polarisation
Range Resolution 4.733 m 4.733 m
Azimuth resolution 5.486 m 5.486 m

Figure 9. Represent the Pauli colour composite of the (a) master and (b) slave acquisitions.
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< T½ � > ¼

1
2
<jSHH þ SVVj2> 1

2
< SHH þ SVVð ÞðSHH�SVVÞ� > < ðSHH þ SVVÞS�HV >

1
2
< SHH � SVVð ÞðSHH þ SVVÞ�> 1

2
< jSHH�SVVj2 > < ðSHH � SVVÞS�HV >

<SHVðSHH þ SVVÞ�> < SHVðSHH�SVVÞ� > < 2jSHVj2 >

2666664

3777775
The Yamaguchi four-component decomposition modelling approach was then

implemented for the retrieval of the backscatter components. In Yamaguchi four-
component model, the reflection symmetry is not assumed and can be therefore denoted
as, < SHHS�HV > 6¼ 0 and < SVVS�HV > 6¼ 0. The estimated coherence matrix can be
represented as linear combination of four canonical scattering mechanisms (Yamaguchi
et al. 2005; Yamaguchi et al. 2006) as shown in Equation (6).

T½ � ¼ fs
1þ bj j2

1 b� 0

b bj j2 0

0 0 0

264
375þ fd

1þ jaj2
jaj2 a 0

a� 1 0

0 0 0

2664
3775þ fv

4

2 0 0

0 1 0

0 0 1

264
375þ fc

2

0 0 0

0 1 6j

0 7j 1

264
375
(6)

where, fs, fd, fv and fc are expansion coefficients, and a, b are complex observables. The
coefficients can be expressed as follows:

fv ¼ 8<jSHVj2>4jIm<S�HVðSHH�SVVÞ>j

fs ¼ B� jC2j
A

fd ¼ 1
2
<jðSHH�SVVÞj2>�2<jSHVj2>

fc ¼ 2jIm<S�HVðSHH�SVVÞ>j

(7)

where

A ¼ 1
2
< jðSHH�SVVÞj2 > �2 < jSHVj2 >

B ¼ 1
2
< jðSHH þ SVVÞj2 > �4 < jSHVj2 > þ2jIm < S�HV SHH � SVVð Þ > j

C ¼ 1
2
< ðSHH þ SVVÞðSHH�SVVÞ� >

In this study, the polarimetric features that have been used in AGB estimation
includes the double-bounce, surface, volume and helix backscatter coefficients
retrieved from the Yamaguchi four-component modelling approach. Additionally,
the entropy, anisotropy, sigma-nought HV, sigma-nought HH and sigma-nought VV
backscatter coefficients were extracted from the H-alpha decomposition approach
(Lee and Pottier 2009).

Coherence value retrieval using PolInSAR data

Firstly, the master and the slave images were co-registered. From our analysis, a shift of 2
rows and 43 columns was observed and compensated. Then, the [T6] matrix was gener-
ated from the Pauli vectors k1 and k2 vectors, as shown in the Equation (8) (Lavalle et al.
2009; Cloude 2010).

GEOCARTO INTERNATIONAL 9



k1 ¼
S1HH þ S1VV
S1HH�S1VV
2S1HV

264
375 k2 ¼

S2HH þ S2VV
S2HH�S2VV
2S2HV

264
375

T6½ � ¼ <

S1HH þ S1VV
S1HH�S1VV
2S1HV

S2HH þ S2VV
S2HH�S2VV
2S2HV

2666666664

3777777775
S1�HH þ S1�VV S1�HH � S1�VV 2S1�HV S2�HH þ S2�VV S2�HH�S2�VV 2S2�HV

� �

T6½ � ¼ ½T11� ½X12�
½X12��T ½T22�

" #
(8)

The subscripts 1 and 2 denote the two images acquired at each end of the temporal
baseline, that is the master and the slave image. [T11] and [T22] represent the Hermitian
coherency matrix of each acquisition and, [X12� is a non-hermitian complex polarimetric
interferometric matrix (Cloude 2010).

Figure 10. Algorithm of the RFR model for predicting and mapping of AGB.
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From the definition of X12, the complex coherence can be obtained as (Cloude 2010).

l1 ¼ x†
1Kp1 (9)

l2 ¼ x†
2Kp2 (10)

where x1 and x2 are the unitary projection vectors. l1 and l2 are complex scalars due
to the projection of the scattering vectors on x1 and x2. Complex coherence can be
expressed as the vectorized form of the coherence. It is the product of the coherence mag-
nitude and the phase factor.

Y ¼ Yj jei/ ¼ c x1x2ð Þ (11)

cðx1x2Þ ¼
<l1l

†
2>ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

<l1l
†
1><l2l

†
2>

q ¼ x†
1X12x2ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

x†
1T11x1x

†
2T22x2

q (12)

Prediction of AGB using RFR algorithm

All the backscatter components and the coherence values were taken as inputs for the
RFR algorithms represented in Figure 10. The algorithm was optimized by tuning the
hyper-parameters, namely, random subset of predictors (‘mtry’) and the number of regres-
sion trees (‘ntree’) used to form the RF (Ghosh and Behera 2018; Stelmaszczuk-G�orska
et al. 2018; Brigot et al. 2019). RFR trees were generated using the following independent
variables, PolSAR- and PolInSAR-derived variables, namely, entropy, anisotropy, sigma-
nought HV, sigma-nought VV, sigma-nought HH backscatter coefficients, volume, helix,
surface, double-bounce backscatter mechanisms and HH, HV, VV, HH-VV, HHþVV
and HVþVH coherences. Two-third data (26 samples) were used for training the RFR
algorithm, while the remaining one-third data (11 samples) were used for testing and val-
idation purpose. The algorithm predicts the target variable using various input parameters

Figure 11. Algorithm of the MLR model for predicting and mapping of AGB.
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as an ensemble average of the predictions of each regression trees as represented in
Equation (13) (Shataee et al. 2012; Esteban et al. 2019). Each tree is built randomly based
on the training sample subset of the data (Dhanda 2013).

dAGBR ¼ 1
k

Xk
k¼1

kthtreeresponses (13)

where k is the number of regression trees used for the prediction and dAGB is the esti-
mated AGB from the SAR data using the RFR algorithm.

Prediction of AGB using MLR model

The MLR model enables to develop a statistical relationship to explain the variation of
the target variable with respect to the variations of the independent variables, as explained

Figure 13. Boxplot showing the distribution of each plot-level AGB with the maximum and minimum values. Plot 17
can be identified as an outlier of the data set.

Figure 12. Graph representing the distribution of the aboveground biomass of 38 sample plots.
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in Figure 11 (Stein et al. 1999; Mangla 2015). The independent variables can be more
than one, as shown in Equation (14).

dAGBM ¼ b0 þ b1:x1 þ b2:x2 þ . . .þ bn:xn (14)

where b0 is the intercept, b1, b2, … bn are the coefficients, x1, x2, … xn are the inde-
pendent variables and dAGBM is the dependent variable, that is the estimated AGB from
the SAR data using the MLR algorithm.

Figure 14. The products of the Yamaguchi four-component decomposition modelling: (a) surface backscatter, (b) dou-
ble-bounce backscatter, (c) volume backscatter, (d) helix backscatter, and (e) RGB colour composite (R – double-
bounce backscatter, G – volume backscatter, B – surface backscatter).

GEOCARTO INTERNATIONAL 13



In this study, the independent variables of RFR, with higher sensitivity to the target
variable were selected to serve as the independent variables for the MLR model. The
multi-collinearity test was performed to check the correlation of the independent variables
of the developed regression model. Also, the variance inflation factors (VIFs) were calcu-
lated to indicate the degree of collinearity among the independent variables (O’Brien
2007). The validation and accuracy assessment for both the regression algorithms were
done by comparing the predicted AGB with respect to the test data subset, that is the field
estimated AGB.

Results

Field-estimated AGB

The tree-level field-estimated AGB contributed to the plot-level estimation of AGB. The
AGB for the entire study area was observed to range from 158.14 to 384.84Mg/ha, as
shown in Figure 12. The AGB for plot 17 was seen to fall as an outlier from the complete
data set having a value of 447.23Mg/ha, as shown in Figure 13. The rest of the plots were
observed to be almost evenly spread within the inter-quartile ranges.

Backscatter parameter retrieval using PolSAR data for AGB estimation

The backscatter images were retrieved from the Yamaguchi four-component decompos-
ition modelling approach. The surface, double-bounce, volume and helix scattering
parameters were extracted from the respective images for all the sample plots as shown in

Figure 15. The graphs represent the relation between the field estimated AGB and the PolSAR backscatter compo-
nents like (a) volume backscatter; (b) sigma-nought HV; (c) entropy; (d) anisotropy.

14 R. MUKHOPADHYAY ET AL.



Figure 14a–d. The colour composite image of the Yamaguchi four-component
decomposition is shown in Figure 14e. The red band represents double-bounce scattering
from stable scatterers, the green band represents volume scattering from the vegetated area
and blue band represents surface scattering from top surface canopy and coherent scatterers.
The H/A/alpha (Entropy/Anisotropy/alpha)decomposition modelling approach was also
implemented to extract the entropy, anisotropy and sigma-nought HV scattering parameters.

The relationship between the PolSAR backscatter components and the field-estimated
AGB for the 37 sample plots were observed, as shown in Figure 15. The coefficient of
determination for AGB with respect to volume backscatter, sigma-nought HV backscatter
coefficient, entropy and anisotropy is 0.479, 0.447, 0.218 and 0.006, respectively. The p
values for the volume backscatter, sigma-nought HV backscatter coefficient, entropy and
anisotropy are 3.59e-27, 3.6e-27, 3.81e-27 and 3.82e-27, respectively.

Coherence value retrieval using PolInSAR data for AGB estimation

The complex coherence values retrieved from the [T6] matrix are a function of the polar-
ization basis, as shown in Equation (8), which range from 0 to 1. The coherences in the
linear polarization basis are HH, HV and VV. In the HH channel, the polarization basis

is: x1 ¼ x2 ¼ 1ffiffi
2

p �1ffiffi
2

p 0
h iT

whereas in the VV channel, the polarization basis are

x1 ¼ x2 ¼ 1ffiffi
2

p 1ffiffi
2

p 0
h iT

(Khati 2014), and the polarization basis for the HV channel

Figure 16. The RGB colour composites of the coherence images in (a) linear basis representing RGB as VV, HV and
HH band combinations, (b) Pauli basis representing RGB as HH-VV, 2HV and HHþ VV band combinations and
(c) optimal basis representing RGB as Opt-1, Opt-2 and Opt-3 band combinations.
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is x1 ¼ x2 ¼ 0 0 1
� �T

(Khati 2014). The coherences were also retrieved for Pauli
basis (HHþVV, HVþVH and HH-VV) and Optimal basis (Opt-1, Opt-2 and Opt-3).
The RGB colour composite images of the coherences for linear, Pauli and optimal basis
are shown in Figure 16.

The dependency of coherence with respect to ground-to-volume scattering ratio was
analysed from the scatter plots shown in Figure 17. The ground-to-volume scattering ratio
was derived from the ratio of the double-bounce and volume scattering powers extracted
from the Yamaguchi four-component decomposition modelling results. The ratio is
observed to range between �20 and þ20 dB. The positive range, that is 0 to þ20 dB,

Figure 17. The density scatter plots of the coherences in different polarization basis as a function of the ground-to-
volume scattering ratio derived based on double-bounce scattering: (a) HH coherence, (b) HV coherence, (c) VV coher-
ence, (d) HHþ VV coherence, (e)HVþ VH coherence, (f) HH-VV coherence, (g) Optimum-1 coherence, (h) Optimum-2
coherence and (i) Optimum-3 coherence.
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represents the dominance of ground scattering, whereas the negative range, that is 0 to
�20 dB, represents the dominance of volume scattering. The coherences of each polariza-
tion basis were plotted against the ground-to-volume scattering ratio, and their depend-
ency was analysed.

The relation between the coherences and the field-estimated AGB for the 37 sample
plots was also observed, as shown in Figure 18. The coefficient of determination for AGB
and each polarization channel, HH, HV, VV, HHþVV, HVþVH, HH-VV, optimum 1,
optimum 2 and optimum 3 were observed to be 0.038, 0.339, 0.015, 0.063, 0.398, 0.007,
0.0001, 0.0002 and 0.018, respectively. The p values for each polarization channel, HH,
HV, VV, HHþVV, HVþVH, HH-VV, optimum 1, optimum 2 and optimum 3 were
observed to be 1.928e-27, 1.934e-27, 1.914e-27, 1.953e-27, 1.957e-27, 1.919e-27, 2.014e-27,
1.953e-27 and 1.887e-27, respectively.

Prediction of AGB using RFR algorithm

The distribution of RMSE with respect to the size of training data subset and the number
of regression trees were plotted, as shown in Figure 19a. Also, the distribution of the ‘test
score’, that is the value of the coefficient of determination, was plotted with respect to the
size of training data subset as shown in Figure 19b. The feature importance and sensitivity
was observed for all the independent variables, as shown in Figure 19c.

For validation of the predicted values, a linear regression analysis was done between the
field-estimated AGB and the predicted AGB of the RFR model ( dAGBR), as shown in Figure
19d followed by the mapping of AGB for the entire study area, as shown in Figure 19e.

Figure 18. Scatter plot between field AGB and coherence values: (a) HH coherence, (b) VV coherence, (c) HV coher-
ence, (d) HHþ VV coherence, (e) HVþ VH coherence, (f) HH-VV coherence, (g) Optimum coherence 1, (h) Optimum
coherence 2 and (i) Optimum coherence 3.
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Prediction of AGB using MLR model

The most sensitive parameters retrieved from the optimised RFR algorithm were selected for
developing a regression equation using the MLR model. The scatter plot matrix, shown in
Figure 20, represents the distribution of all the independent variables against each other.
The independent variables were volume backscatter component, sigma-nought HV backscat-
ter component, HV coherence and HVþVH coherence, and the target variable was dAGBM :
The first regression equation was developed, as shown in Equation (15), followed by the test
of multi-collinearity. The multi-collinearity test was done to check the interdependency or
the degree of collinearity of the input variables. After discarding the highly interdependent
variables, the second regression equation was developed, as shown in Equation (16), followed
by the estimation of the variation inflation factors (VIFs).dAGBM ¼ (15)

Figure 18. Continued.

18 R. MUKHOPADHYAY ET AL.



222.519 þ 0.177 � (sig0HV) – 0.115 � (HV þ VH) þ 0.445 � (vol) – 0.362 � (HV)

dAGBM ¼ 227:373–0:390� ðHVþ VHÞ þ 0:589� ðvolÞ (16)

For validation, a linear regression analysis was done between the AGB estimated from
field inventory and the predicted AGB of the MLR model ( dAGBM), using Equation (16),

Figure 19. (a) The distribution of RMSE with respect to the variation in the number of regression trees; (b) the distri-
bution of ’test_score’ values with respect to the size of the training data set; (c) bar graph indicating the sensitivity of
the input variables in the RFR algorithm; (d) relation between field estimated AGB and predicted AGB; (e) mapped
AGB using RFR algorithm.
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as shown in Figure 21a followed by the mapping of AGB for the entire study area, as
shown in Figure 21b.

Discussion

In this paper, we investigated the efficiency of the coherent implementation of PolSAR and
PolInSAR techniques for parameter retrieval and using them for AGB estimation through
regression modelling and ML approach. The field-estimated AGB data showed that biomass
had a broad range even in a homogenous forest. Therefore, the PolSAR- and PolInSAR-
based parameters were analysed with respect to the different levels of AGB distributed over
the entire study area and to examine their sensitivity for the prediction of AGB.

In the RGB colour composite image of the Yamaguchi four-component decomposition
model, shown in Figure 14e, where the vegetated areas were observed resulting in volume
scattering. Surface scattering was observed mainly from the top surface of the canopy and
also from the dry riverbed regions due to the presence of stable scatterers such as rocks,
pebbles and sand. Moreover, there are some patches that are resulting in double-bounce
scattering between the vegetated areas from the regions with less dense canopy cover.

The relation between the volume backscatter, sigma-nought HV backscatter and
entropy against field-estimated AGB showed (in Figure 15) a positive linear correlation
in each case. The densely vegetated areas contributed to higher volume backscatter, higher
sigma-nought HV backscatter, as well as higher entropy than the lesser dense regions.
And from the p values it was observed that the PolSAR backscatter components are
statistically significant for the prediction of AGB with a confidence level of 95%.

In the colour composite image of the coherences in the linear polarization basis shown
in Figure 16a, the HV coherence was observed mainly from the forest area as well as
compact urban structures. The dry riverbeds were observed to contribute in double-
bounce scattering due to the presence of stable scatterers. In the colour composite image

Figure 20. The scatter plot matrix showing the distribution of the input variables with respect to each other
and the target variable.
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of the Pauli basis, as shown in Figure 16b, double-bounce scattering is represented by
HH-VV, surface scattering is represented by HHþVV and the volume scattering is
represented by HVþVH. The riverbeds are represented by cyan colour, which indicates
the presence of stable surface (ground or sand) and double-bounce scatterers (stones).
The forest regions appear darker due to the volume decorrelation factor in the forest
region. The colour composite image of the optimum polarizations as shown in
Figure 16c, the coherence for the forest region was observed to be low in all the three
polarizations due to high decorrelation as it appears darker, while the riverbeds appear
bright indicating low decorrelation.

Figure 21. (a) Relation between field estimated AGB and predicted AGB ( dAGBM ); (b) mapped AGB using MLR model.
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The coherence with respect to ground-to-volume scattering ratio was analysed in order
to study the dependency of coherence as a function of the ground-to-volume scattering
ratio. For the linear basis polarizations (Figure 17(a–c)), the range of HV in the y axis
in both the cases was seen to be lower than that of HH and VV, which represents higher
decorrelation from randomly oriented dipole scatterers. For the Pauli basis, the HVþVH
and HH-VV polarizations were seen to show a similar distribution pattern as in
Figure 17d–f. The HH-VV polarization in both cases was seen to be centred at 0 dB,
therefore, representing the contribution from stable scatterers, which were independent of
the ground-to-volume scattering ratio. And, HVþVH in both the cases have a lower
range of distribution in y axis as they represent higher decorrelation from randomly
oriented dipole scatterers. On the other hand, the coherences in the optimal basis
(in Figure 17(g–i)) show no dependency on the ground-to-volume scattering ratio as they
have an equiprobable distribution with a gradual decrease in the range of coherence val-
ues from opt-1 to opt-2 and the least in opt-3. From this analysis, it can be concluded
that the HH, VV, HHþVV and HH-VV co-pols are more sensitive to ground scattering
than the cross-pol HV and HVþVH for a forest region.

In the linear regression plots of PolInSAR coherence and field-estimated AGB,
of Figure 18, a high correlation was observed for using a C-band data set as it has a low
frequency and, hence, less penetrating power. Therefore, the major percentage of
contribution to coherence is from the canopy cover. The plots with dense canopy cover
contributed to lower coherence than the plots with less dense canopy cover. The highest
correlation was observed between coherence values in HVþVH polarization and field
biomass, followed by HV polarization. Therefore, from the analysis of coherence, it was
seen that scattering media, that is the vegetation, interacts differently with different
combinations of coherences in different polarization basis and also with different back-
scattering components. Also, from the p values it was observed that the PolInSAR coher-
ences are statistically significant for the prediction of AGB with a confidence level of 95%.

The RFR algorithm was optimised at 250 regression trees and with 70:30 training and
testing data ratio. From the analysis of dAGBR , it was found that the highest ranked
variables in the feature importance graph, shown in Figure 19c, are the most sensitive
parameters for AGB estimation. The ranking of the variables was volume backscatter

Table 3. SWOT analysis.

Strengths and opportunities Weaknesses and Threats

Internal factors Integration of PolSAR backscatter components
and PolInSAR coherence values
Flexibility in terms of considering input
variables for the RFR algorithm
Attaining an acceptable accuracy between
predicted AGB and field estimated AGB
Having scope for further improvement and
extension of the present study

To check the robustness of the optimized
RFR and MLR models
Comparative analysis using multi-
frequency data sets

External factors Intensive field inventory
Implementation of systematic sampling
technique in a sub-tropical forest with dense
undergrowth
Quadpol C-band Radarsat-2 data sets having
the ability of cloud cover penetration and
efficiency in the characterization of objects
Large-scale estimation of AGB compared to
conventional methods
Positive cooperation from forest personnel of
Dehradun Forest Division

Weather constraints during field inventory
Presence of dense undergrowth in the
ground strata of the study area
Presence of wildlife in the forest area
Uncertainty due to the allometric
equations provided by Forest Survey of
India (FSI)
Uncertainty due to instrumental errors
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component followed by HV and HVþVH coherences, and sigma-nought HV backscatter
coefficient. Therefore, it can be said that the most sensitive parameters make the best
combination of variables for the prediction of AGB with highest accuracy and yields
the lowest RMSE. From the RFR algorithm (Figure 19(d)), the value of the coefficient
of determination obtained was 0.65, the RMSE value was 24.33Mg/ha and the RPIQ
(ratio of performance to inter-quartile distance) value was 2.34. And from the MLR model
(Figure 21(a)), the value of the coefficient of determination obtained was 0.54, the RMSE
value was 33.05Mg/ha and the RPIQ value was 2.17. The values for coefficient determin-
ation and RPIQ were observed to be greater for RFR model, whereas the RMSE value was
observed to be lower for RFR model as compared with the MLR model. Therefore, the
prediction of AGB using RFR was considered and seen to be better than that of MLR.
The mapping of AGB was done for both the regression models, as shown in Figures 19e
and 21b. The non-vegetated areas such as riverbed boundaries, power-line and fire lines
showed AGB value of 0Mg/ha represented with red colour. The areas with open canopy
cover were seen to have intermediate values of AGB represented by dark green colour,
and the areas with higher AGB values were represented with a light green colour. A better
representation of AGB for the entire study area can be observed in the case of RFR-based
modelling as compared with that of MLR-based modelling. The regions of intermediate
AGB and open areas were distinctly identifiable in case of the RFR-based AGB model and
less distinctly identifiable for MLR-based AGB model.

The SWOT analysis of this study was evaluated as shown in Table 3. The main
strengths and opportunities of this work were the availability of the quadpol C-band data
sets, which enabled the proper characterization of the targets in the study area and helped
to obtain acceptable results within the given time duration. The positive cooperation of
the forest personnel of Dehradun Forest Division was helpful during field inventory work
and while traversing through the forests, whereas the main weaknesses and threats
encountered during this study were the uncertainty due to instrumental errors such as
RTK and laser range finder. These were reduced by taking RTK readings towards the
centre of each sampling unit and measuring tree height with the laser range finder 2–3
times for proper validation. Uncertainty was also incorporated due to the allometric equa-
tions used.

Conclusions

This study showed that the integrated use of PolSAR and PolInSAR parameters retrieved
from an image pair of fully polarimetric Radarsat-2 C-band data used as input variables
for RFR, and MLR models gives optimal prediction for AGB estimation. Out of these
two, the RFR gives the best result for the prediction of AGB. The advantage of RFR over
MLR is the flexibility of input variables. The number of input variables can be large in
case of RFR, but MLR often fails for the same. RFR is also not vulnerable to over-fitting
and noise as compared with MLR. RFR also allows to estimate model error without bias.
The volume scattering, HV and HVþVH coherences and sigma-nought HV backscatter
coefficient components were identified to be the most sensitive and important parameters
for the prediction of AGB.
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