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Abstract Satellite remote sensing technologies are currently tested and suggested
as a tool in REDD+ (MRV, Measurement Reporting, and Verification). SAR (Syn-
thetic Aperture Radar) has got an extensive application in the estimation of biomass
due to its all-weather capabilities. L band radar signals penetrate the canopy more
efficiently when compared to C band. Scientific biomass study using SAR has not
been conducted in Para in spite of extensive field datasets being freely available
under CMS (Carbon Monitoring System) project. This study aims in using various
polarization combinations like HH + HV, HH − HV, HH + HV/HH − HV and
vegetation index such as NDVI from the optical data. ALOS-PALSAR and Landsat
7 data acquired over Paragominas in Brazil, where field samples were collected in
the form of transects. Regression analysis was performed using backscatter coef-
ficients and field collected Above Ground Biomass (AGB). Semi-empirical model
was developed to model AGB using various polarization combinations and NDVI
as predictor variables. Combination gave higher R2 value of 0.657 for biomass pre-
diction. Multiple linear regression using NDVI and HH + HV as variables yielded
R2 of 0.73 during calibration and 0.363 during validation. There is future scope to
use other vegetation indices such as RVI, EVI, etc., along with increased number of
samples, which may yield more robust models with acceptable level of accuracy for
practical application.
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1 Introduction

Earlier, collection of biophysical parameters for the forest inventory was tiring and
time-consuming task. Comprehension of global C cycle is important in estimation
of global terrestrial biomass to eliminate uncertainty [6]. Advent of remote sensing
has made it possible to estimate above ground biomass by retrieving information
from images acquired by satellites. Synthetic Aperture Radar (SAR) acquisitions are
independent of cloud cover, weather and light conditions. SAR images are acquired
using both airborne and space-borne platforms in various wavelength bands such as
X, C, L, and P. Another Important advantage of using radar image is its penetration
capability. L band radar signals penetrate the canopymore efficientlywhen compared
to C band. And L band has performed considerably well in retrieving biomass when
compared to C Band [3, 7, 9]. Moreover, SAR plays an important role in forest obser-
vation [15]. It was demonstrated that the sensitivity of SAR polarimetry is depending
on the structure, density, and tree elements (i.e., trunk/stem, branches, and leaves) of
the forests. Although there have been many biomass estimation studies conducted all
over the world, there are limited studies done in estimating biomass using synergy of
Optical and SAR images. Deforestation has cleared about 15% of the extensive for-
est on the Brazilian Amazon frontier. In response to the potential climatic effects of
deforestation, policy makers have suggested reductions in emissions through defor-
estation and forest degradation and enhanced forest carbon stocks (REDD+) [14].
Application of different SAR and optical techniques in estimation of biomass will
help in understanding the forestmanagement ecosystem [10]. Combination of optical
and SARdata has exhibited increase in accuracy level of biomass estimation [5]. This
study was done using freely available datasets, as ALOS-2 datasets are expensive to
procure.

The sensitivity of backscatter and saturation depends on site conditions and struc-
ture of forest [8, 11]. The frequency of SAR is directly proportional to the depth of
wave penetration, which means that shorter wavelength can only penetrate the forest
for a few centimeters, while longer wavelength can penetrate deeper and sometimes
can interact with forest floor [8]. In addition to this, weather conditions may also
influence dielectric properties of vegetation and soil surface [6]. The scattering and
attenuation of signal dependon stand features, frequency, incidence angle, etc. InSAR
is one more emerging technique to estimate biomass [13]. The present study aims
to establish a relationship between ABG using SAR backscatter and NDVI as input
variables and generate biomass maps of higher accuracy. In addition, freely available
field and satellite data are used in this study.

2 Study Area

The study area is located in Paragominas, Brazil (Fig. 1). The study area is bound
by extent coordinates of 48°54′15.607′′ W, 3°35′15.339′′ S to 48°19′43.994′′ W,
3°43′24.833′′ S. The dominant vegetation in this region is humid forest with predom-
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Fig. 1 Location map of the study area in State of Paragominas, Brazil

inantly oxisols perenefólia and ultisols soils. Paragominas was a large agricultural
and timber center of the country, with its exploitation started in the 70s and expansion
in the 80s. During the period 1989–1990, it is estimated that 67,845 ha were explored
for wood intended to supply the 238 sawmills operating in the region. Paragominas
was once considered the largest timber source of Brazil [4, 14].
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3 Data Collection

3.1 Satellite Data

ALOS PALSAR data was downloaded from ASF’s (Alaska Satellite Facility) Data
portal for June month in 2010. To avoid any disturbance in backscatter due to soil
moisture, dry season of year was chosen for the analysis. Data was acquired in Fine
Beam Dual Polarization mode. HH and HV were the two polarization channels in
which data was acquired. Data has spatial resolution of 20 m and was acquired at an
incidence angle of 34.3°. ALOS PALSAR mission was decommissioned in the year
2011. As there was no suitable data available in 2011, 2010 data was used. Landsat
7 LaSRC (Landsat Surface Reflectance Corrected) Level 2 products were procured
by ordering through USGS earth explorer website. Landsat 7 has spatial resolution
of 30 m × 30 m.

3.2 Field Data

This data set providesmeasurements for diameter at breast height (DBH), commercial
tree height, and total tree height for forest inventories taken at the FazendaCauaxi and
the FazendaNovaNeonita, Paragominasmunicipality, Para, Brazil. Also included for
each tree are the common, family, and scientific name, coordinates, canopy position,
and for dead trees the decomposition status. These biophysical measurements were
made at Fazenda Cauaxi during 2012 and 2014 and at the Fazenda Nova Neonita
during 2013. The data were collected under the project Sustainable Landscapes,
a project supported by the United States Agency for International Development
(USAID) and US Department of State [4]. Forest inventory surveys were conducted
at the Fazenda Nova Neonita and Fazenda Cauaxi in the Paragominas municipality,
Para, Brazil (). Total area inventoried at the Fazenda Cauaxi was 22 ha: 22 plots
of 10,000 m2. Plot sizes were 20 × 500 m with a 2 × 500-m subplot within a plot.
Measurements weremade at the Fazenda Cauaxi from 2012/01/27 to 2012/03/26 and
also from 2014/02/18 to 2014/04/25. Commercial and total height measurements
were only made in 2012. Trees with diameter at breast height (DBH) equal to or
greater than 35 cm were accounted for and measured within the plot area. Total
Height (m) was measured on live trees and standing dead trees using a clinometer
and tape as the height to the highest point of the tree crown (Fig. 2).
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Fig. 2 Transects having dimensions of 500 m × 20 m with sampled trees inside

4 Methodology

4.1 Image Preprocessing

Level 1.5 product of ALOSwas downloaded throughASF’s data portal. Image is a 16
bit datatype with DN’s (Digital numbers) varying from 0 to 65,535. SNAP software
was made use of to process the image and the software automatically calibrates
the ALOS image for Normalized Radar Cross Section (NRCS) using the following
equation:

σ◦
dB = 10 · log10

(
DN2

)−83 (1)

Fine beam dual pol data has spatial resolution of 20 m. Speckle filtering was done
using refined lee filter to eliminate speckles in the image. Image was upscaled to
100 m × 100 m or 1 ha resolution as it is standard practice to measure the biomass
in tons/ha units [2]. Layover and shadow effects on the image were reduced using
SRTM 1 arc second Digital Elevation Model (DEM). This is done because if terrain
slope is facing the sensor then returning signals get stronger relatively to the other
side of the slope. Landsat 7 LaSRC products were used to generate NDVImaps using
ArcMap 10.1 software. Landsat 7 products had gaps due to error in the detectors and
were gap filled using IDL code in ENVI software. NDVI maps generated were also
upscaled to a pixel area of 1 ha (Fig. 3).

4.2 Field AGB Calculation

Field AGB was calculated using generalized allometric equations for the study area
[1]. AGB depends upon species of tree and can be estimated using allometric equa-
tions which are either species specific or generalized within the given area. As there
are no species-specific allometric equations, generalized equations have been uti-
lized to calculate the field AGB. Allometric equations take DBH (cm) and Height
(m) as input variables and give AGB in tons/ha. The equation used for this study is
as follows:
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Fig. 3 Flow chart of overall methodology

AGB = 0.026 · DBH1.529 · H1.47 (2)

4.3 Plot Planning to Extract Pixel Values

As we can see in Fig. 2, sampling of trees has been done in the form of transect
which makes it difficult to extract pixel values for a 500 m long transect. To avoid
the same, each transect was manually divided into 3 sample plots of size 90 m ×
20 m, 30 m × 20 m and 60 m × 20 m resulting in plots of area 1800 m2, 600 m2,
1200 m2, respectively. Generally, random sampling techniques are adopted to fix the
plot size which are generally square in shape. As such square plots were unavailable,
in this case randomly sampled plots were created to avoid bias in results. Finally,
this resulted in 64 plots for the regression modeling of backscatter versus field AGB.
In which 44 plots were chosen for modeling and 20 for validation. Plots covering
the upscaled imagery were noted and values were extracted for NDVI, HH and HV
images.
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5 Results and Discussion

5.1 AGB Modeling Using Optical Data

Nonlinear regression was performed between field calculated AGB and NDVI. Log-
arithmic fit gave most appropriate results while also giving suitable R2 values. NDVI
was used as a predictor variable for modeling. Equation of the following form was
used. Coefficient of determination and RMSE were used as performance indicators
for the model

AGB = a ∗ ln (NDVI) + c (3)

R2 of 0.298 was obtained which is considerably low and is exhibiting poor relation
with field calculated AGB.

5.2 AGB Modeling Using SAR Data

Generally, the regression function between field AGB and SAR backscatter (σ°) in
dB is known to be nonlinear. It can be represented by logarithmic, exponential, and
power functions until it reaches saturation. As the curve starts to reach this threshold
value of AGB backscatter starts to saturate and becomes nearly constant beyond this
AGB point [11, 12]. Coefficient of determination was used as performance indi-
cator for the model. R2 value of 0.604 and 0.345 was obtained for HH and HV
polarization channels, respectively. HH backscatter is outperforming HV in estima-
tion of biomass. Apart from this, other polarization combinations were also tested
for biomass estimation. In this study, the following polarization combinations were
tested (1) HH + HV (2) HH − HV (3) (HH − HV)/(HH + HV) are used (Figs. 4
and 5).

HVbackscatter showcased better R2 when compared toHHbackscatterwith value
of 0.5592. Also, HH + HV polarization combination exhibited reasonably good (R2

= 0.6574) relation. (HH − HV) and (HH + HV/HH − HV) combinations had lower
relation with AGB.

5.3 AGB Modeling by Combining Optical and SAR Data

Multiple linear regression was carried out in order to generate higher accuracy
biomass maps using polarization combinations and NDVI as predictor variables
with AGB as a response variable. HH backscatter was considered because it was
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Fig. 4 Regression model for field calculated AGB and NDVI

Fig. 5 Regression model for field calculated AGB versus HV

showing better relation with field AGB. HH backscatter along with NDVI showed
increase in R2 to 0.663 with RMSE of 31.01 t/ha.

AGB = 26.21 ∗ (HH + HV) + 1329 ∗ NDVI − 385.29 (4)

Equation 4 was used to calculate predicted biomass. Model validation was done
using linear regression between predicted and field AGB which resulted in R2 of
0.3625 (Figs. 6 and 7).
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Fig. 6 a Regression model for AGB versus HV. b Regression model for AGB versus HH + HV.
cRegressionmodel for AGBversusHH–HV. dRegressionmodel for AGBversus (HH+HV)/(HH
− HV)

Fig. 7 Correlation between predicted and field calculated AGB

6 Conclusion

Synergy of optical and SAR data with different polarization combinations in esti-
mation of biomass was assessed. HV backscatter has better sensitivity (R2 = 0.559)
for AGB than HH backscatter (R2 = 0.437) which agrees with earlier research. HH
+ HV yielded R2 of 0.6574 which was outperforming all other backscatter combi-
nations. Empirical model was developed to generate biomass maps and R2 of 0.732
was obtained during calibration and 0.363 during validation (RMSE = 43.18 t/ha).
However, this result was generated without excluding any outliers so as to avoid bias
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Fig. 8 Biomass map generated using combination of optical and SAR data

due to small number of samples. Also, Model generated is site specific and depends
on structure of tree and weather of surrounding area. Tropical trees have higher den-
sity when compared to other species, resulting in attenuation of SAR signals. There
is future scope to try other vegetation indices like RVI, EVI, etc., along with various
polarization combinations. It is expected that with larger number of sample plots,
modeling, and validation statistics become more robust [2]. Figure 8 depicts final
biomass map generated using MLR equation.
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