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Forest Biomass Estimation Using Texture
Measurements of High-Resolution

Dual-Polarization C-Band
SAR Data
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Abstract—Recent synthetic aperture radar (SAR) sensors with
a capability of providing data with varying spatial resolutions,
polarizations, and incidence angles have attracted greater in-
terest for forest biomass and carbon storage estimation. This
study investigates the capability of RADARSAT-2 fine-beam dual-
polarization (C-HV and C-HH) data for forest biomass estimation
in complex subtropical forest, with different types of process-
ing: 1) raw intensity data (both polarizations separately and
as polarization ratio) and 2) texture parameters of both po-
larizations (separately, jointly, and as polarization ratio). Field
data (diameter at breast height and height) were collected from
53 field plots and converted to biomass (dry weight) using a newly
developed allometric model. Finally, biomass estimation models
were developed between SAR signatures from different processing
steps and field plot biomass using stepwise multiple regression.
All biomass estimation models using radar intensity data (C-HV,
C-HH, and ratio of C-HV and C-HH) proved ineffective, but
texture parameters derived from intensity data showed potential.
We were able to estimate forest biomass amounts up to 360 t/ha
with a goodness of fit of 0.78 (adjusted r2) and an rmse of
28.68 t/ha using the combination of texture parameters of both
polarizations (C-HV and C-HH). However, goodness of fit could
be improved to 0.91 (adjusted r2) and an rmse of 26.95 t/ha for
biomass levels up to 532 t/ha using the ratio of texture parameters
of C-HV/C-HH. The result is very encouraging and indicates that
the dual-polarization C-band SAR sensor has a potential for the
estimation of forest biomass, particularly using the polarization
ratio of texture measurements, and biomass estimation can be
improved substantially beyond the previously stated saturation
level for C-band SAR.

Index Terms—Carbon storage capacity, forest biomass,
RADARSAT-2, texture measurement, texture ratio.
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I. INTRODUCTION

E STIMATION of forest biomass at regional and global
scales is essential for understanding and monitoring

ecosystem response to climate change for greenhouse gas in-
ventories, terrestrial carbon accounting, and climate change
modeling [1]–[4]. Traditional methods of forest biomass es-
timation are the most accurate but are time consuming and
destructive and, as a result, are limited only to small areas [5].
Remote sensing offers an effective alternative method for forest
biomass and carbon inventory at local, regional, and global
scales [6], [7]. Studies have been conducted for forest biomass
estimation using optical sensors [8]–[12], synthetic aperture
radar (SAR) sensors [13]–[18], Lidar [19], and multisensors
[20], [21] with varying degrees of success.

Among the different types of sensors, SAR shows great
potential for forest biomass estimation because of its sensitivity
to the plant canopy coupled with penetration ability [7]. Past
studies have indicated that L-band cross polarization (L-HV)
is the most suitable available choice (as no P-band spaceborne
SAR is planned), but C-band SAR is also effective for less
woody biomass. Research works [1], [2], [7], [22] have shown
that, on average, C-band data saturate below 50 t/ha, L-band
data saturate at less than 100t/ha, and P-band data saturate at
less than 200 t/ha of biomass.

The new generation of spaceborne SAR sensors, i.e., L-band
PALSAR (no longer operational), C-band RADARSAT-2,
X-band TerraSAR, and Cosmo Skymed, has provided new op-
portunities for forest biomass estimation using SAR because of
the ability to provide data with varying spatial resolutions, po-
larizations, and incidence angles. Although the new SAR data
are more attractive than the previous generation of spaceborne
SAR, i.e., JERS-1, ERS-1/-2, and RADARSAT-1, previous
studies indicated that improvement of forest biomass estimation
not only depends on the SAR data but also requires effective
SAR data processing [22] such as texture measurement. Texture
measurement is the most important source of information in
high-resolution SAR images [23], [24], and image texture is
capable of identifying different aspects of forest stand structure,
including age, density, and leaf area index [25].

Texture is a function of local variance in the image which is
related to the spatial resolution and the size of the dominant
scene objects [26]. In forested landscapes, texture is depen-
dent on the size and spacing of tree crowns, such that, on
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Fig. 1. Study area and distribution of field plots.

high-resolution images, if a pixel falls on a tree, its neighbor
may also fall on the same tree, resulting in a low local vari-
ance. As the resolution increases to a level comparable to the
dominant tree crown size, local variance increases, and this
should be particularly true in tropical forests with high species
diversity where stands are heterogeneous [27]. The advantage
of texture is that it can maximize the discrimination of spatial
information independently of tone (i.e., backscatter), and this
potentially increases the biomass range that can be measured
with SAR data by increasing the saturation level [28], [29].
Previous research indicates that texture parameters are very
useful for land cover and vegetation classification [30], [31],
but image texture and its relation with forest biomass have not
yet been fully investigated [17], [25], [28] probably due to the
difficulty of selecting appropriate texture measures along with
window size [32], [33] as well as the previous unavailability
of high-resolution spaceborne SAR which is believed to be a
source of better texture information in SAR images [28].

However, considering the necessity of forest biomass esti-
mation and the opportunity to investigate texture measurement
in combination with the data from new SAR sensors, this
paper examines advanced SAR (RADARSAT-2) data for forest
biomass estimation using different types of texture parameters
and processing techniques. The C-band RADARSAT-2 SAR
was selected because the L-band PALSAR is no longer avail-
able and Cosmo Skymed and TerraSAR are X-band. Although
RADARSAT-2 uses C-band, it can provide data with different
polarizations with varying incidence angles as well as high
spatial resolution, and our approach is to utilize the benefits of
spatial resolution and wavelength, considering the observations
of previous studies [28], [34], [35] about RADARSAT-2; all
of which mentioned that C-band SAR can provide excellent
texture properties for biomass estimation when it is acquired
at a high spatial resolution.

A. Objectives

This paper aims to improve the estimation of forest biomass
using SAR data. Other more specific objectives are the follow-
ing: 1) to develop an allometric model which will be useful
for future biomass estimation in Hong Kong and other places

in the subtropical evergreen forest zone; 2) to investigate the
efficiency of SAR intensity and SAR texture parameters of
both polarizations individually, jointly, and as a ratio for the
estimation of forest biomass; 3) to investigate the different types
of texture measurements of SAR data both individually and
jointly for forest biomass estimation; and 4) to find a best fit
model for forest biomass estimation using multiscale texture
measurement of high-resolution dual-polarization C-band SAR.

II. STUDY AREA AND DATA

A. Study Area and Forest

The study area for this research is the Hong Kong Special
Administrative Region (Fig. 1) which lies on the southeast
coast of China and just south of the Tropic of Cancer. The
total land area of Hong Kong is 1100 km2 which includes
235 small outlying islands. Approximately 40% of the total area
is designated as country parks which are reserved for natural
vegetation under the management of the Agriculture, Fisheries
and Conservation Department (AFCD).

The forests of Hong Kong were subtropical, dense, and lush,
dominated by evergreen trees belonging to the oak and laurel
families. By the late 1940s, Hong Kong was largely barren and
without trees due to the widespread cutting of fuel during the
Second World War. However, during the 1950s, 1960s, 1970s,
and up to the early 1980s, hardy and fast-growing pioneer
species such as Chinese Red Pine, Acacia, and Brisbane Box
were widely planted. Because of the extensive tree plantation
of native and nonnative (including Machilus species, Lophoste-
mon, Eucalyptus species, Acacia species, Pine, Castonopisis,
and Malaluca), prohibition of tree cutting, and the natural
growth of new young forests, the forest succession is ongoing.
As a result, the native subtropical evergreen broad leaf forest
has been replaced by a complex patchwork of regenerating sec-
ondary forest in various stages of development and plantations.

B. Data

A dual-polarization (HV and HH) C-band fine-beam image
(January 1, 2009) from the RADARSAT-2 SAR satellite image
with approximate resolution of 10.4 to 6.8 m in range and
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Fig. 2. Overall methodology.

7.7 m in azimuth directions was used in this study. The inci-
dence angle of the data was 34.2◦.

III. METHODOLOGY

This study comprises two parts, i.e., allometric model devel-
opment for field biomass and SAR image processing (Fig. 2).
Field measurement of DBH and height was carried out in
53 plots, and the field DBH data were converted into field
biomass using a newly developed allometric model. SAR
intensity data were converted into backscattering coefficient,
and texture measurements were carried out for each polariza-
tion. After geometric correction, all texture parameters were
divided into five processing groups: 1) intensity images (HV
and HH individually and as ratio); 2) texture parameters of
HV polarization; 3) texture parameters of HH polarization;
4) texture parameters of HV and HH polarizations jointly; and
5) ratio of texture parameters of HV and HH polarizations. The
mean intensity of SAR data was extracted using an area of
interest mask corresponding to the 53 field plots, and multiple
linear regression was performed between SAR parameters and
field plot biomass. The aforementioned methodology is detailed
in the following.

A. Allometric Model Development

The complex history of Hong Kong forest makes it difficult
to find an effective existing allometric model which includes a
representative sample of trees. Therefore, an allometric model
was developed by harvesting 75 trees (from 14 dominant
species) in four DBH classes (less than 10 cm, 10–15 cm,
15–20 cm, and 20 cm and above). The harvested trees were
separated into fractions including leaves, twigs, small branches,
large branches, and stem. The measurements of DBH, height,
fresh weight, and dry weight (DW) were taken for all harvested
trees following the procedures of previous studies [5], [6], [36].
Tree parameters such as DBH and DW were used for the
development of the allometric model considering DW as the
dependent variable and DBH and height as independent vari-
ables. Twelve regression models used by previous researchers
[6], [36], [37] were tested, and the best fit model (InDW =
a+ b ∗ InDBH) was found using the log-transformed DBH
and DW as dependent and independent variables, respectively,
in the least square regression model. The bias of the model
was corrected according to Baskerville’s method [38] multi-
plying by the correction factor “exp (mse/2 or S2

ε/2).” The
performance of the allometric model (Table I) was highly
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TABLE I
BEST FIT ALLOMETRIC MODEL

TABLE II
FIELD BIOMASS/DW DISTRIBUTION IN GENERAL AND BASED ON PLOT SETTINGS

satisfactory considering the adjusted r2 (0.93), fit index (0.90),
rmse (13.52 t/ha), and p-value (0.0005), and in view of the great
variety of tree species, this performance is similar to that of
several other studies [6], [36].

B. Field Plot Measurement and Field Biomass Estimation

Because forest area of Hong Kong is mostly inaccessible
due to topographic conditions, random or stratified sampling
could not be used for field plot selection. Therefore, after field
investigation and consultation with AFCD ecologists, purposive
sampling was conducted for the selection of 53 field plots to
cover a variety of tree stands (from low to high biomass), and
all the plots were established on flat and steady slope areas
avoiding rugged terrain. Circular plots with a 15-m radius were
determined considering the image resolution, orthorectification
error, and GPS positioning error, and plots were positioned
within a homogeneous area of forest and at least 15 m distant

from other features such as roads, water bodies, and other
infrastructure. A Leica GS5+ GPS was used to determine
the center of each plot using Differential Global Positioning
System (DGPS) mode for accuracy within ±3 m. Both DBH
and tree height were measured for all trees within the circular
plot region. The measured DBH of each tree as well as each plot
was converted into plot biomass (Table II) using the allometric
model developed for this study area.

Finally, from the initial investigation and considering the
diversity of tree species and growing stage of some plots, we
divided the field plot biomass into two different plot settings
(Table II): 1) 53-plot setting, where the maximum biomass is
532 t/ha and the forest structure and species composition of
some plots are heterogeneous, and 2) 45-plot setting, where
the maximum biomass is 360 t/ha and the forest structure and
species composition in the plots are more homogeneous. Both
plot settings were used for data analysis for all processing
combinations.
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TABLE III
FORMULA OF TEXTURE MEASUREMENTS USED IN THIS STUDY

C. SAR Data Processing

1) Calculation of Backscattering Coefficient: Before tex-
ture measurement, the image was converted from digital num-
ber to a calibrated backscattering coefficient

Calibrated value =
DN2 +B

A
(1)

where “DN” is a complex number, calibrated value is the sigma
nought in power, B is the offset, and A is the gain. The sigma
nought in power image was then converted to scaled intensity
to use as an input for texture measurement mainly because the
scaled intensity image provides a better dynamic range over low
backscattering targets [30]. Subsequently, conversion to sigma
nought in power and sigma nought in decibels was carried out
for model development.
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Fig. 3. Accuracy of different models using different intensity data.

Fig. 4. Comparison of accuracy among intensity (HH, HV, and HV/HH) and
HH texture parameters.

2) Texture Analysis: Image texture is characterized as the
spatial variability in image tone and arises from the heterogene-
ity in target properties giving rise to different neighboring pixel
values for the same apparent target type [28]. Several methods
and techniques for describing texture based on statistical mod-
els have been developed [29]–[31]; however, three groups of
texture algorithms were selected because these are commonly
used, easy to implement, and can provide complementary in-
formation in the forest biomass estimation model.

The first group is the gray-level co-occurrence matrix
(GLCM) [26]-based texture measurements (column 1 in
Table III) which considers the relation between two neighbor-
ing pixels in one offset, as the second-order texture. In this

Fig. 5. Comparison of accuracy among intensity (HH, HV, and HV/HH),
HH texture, and HV texture parameters.

texture algorithm, the gray value relationships in a target are
transformed into the co-occurrence matrix space by a given
kernel mask such as 3 ∗ 3, 5 ∗ 5, and 7 ∗ 7. The second
group of texture algorithms (column 2 in Table III) is the sum
and difference histogram (SADH) [39], where the sum and
difference of two random variables with the same variances
are decorrelated and the principal axes of their associated
joint probability function are defined. Two maximum likelihood
texture classifiers are presented depending on the type of object
used for texture characterization. The third group is model-
based log form texture algorithms (column 3 in Table III)
reported by Oliver [40] and Oliver and Quegan [35] which
presented a correlated K-distribution model for SAR image
pixels with parameters defining spatial correlation lengths in
x- and y-dimensions along with a spatial frequency component
in one direction to model periodic variation in the autocorre-
lation function. Texture measures extracted by this algorithm
are based on SAR-specific statistics of pixel values in the
rectangular window of user-specified dimensions.

All texture algorithms were carried out using small to
medium window sizes (from 3 × 3 to 9 × 9) considering
the resolution of the image and the forest structure of this
study area. Four texture measurement directions (0◦, 45◦, 90◦,
and 135◦) were specified for the processing and texture mea-
surements used in the research are named TEX for GLCM-
based texture measurement, HISTEX for SADH-based texture
parameter, SARTEX for model-based log form texture parame-
ter, and ALLTEX for all texture classes together. The texture
measurement was performed before geometric correction so
that the original image resolution can be used for better tex-
ture measurement. No filtering was performed before texture
measurement as there is always a tradeoff between speckle
suppression and preservation of the detailed features [41].
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TABLE IV
RESULTS OBTAINED FROM HV TEXTURE PARAMETERS USING DIFFERENT MODELS

Fig. 6. Comparison of accuracy among intensity (HH, HV, and HV/HH),
HH texture, HV texture, and combination of HV and HH texture parameters.

3) Geometric Correction: Geometric correction was done
using Toutin’s model in PCI Geomatica. A high-resolution
(10 m) digital elevation model, a SPOT-5 image (as reference
image), and 41 well-distributed ground control points were used
for orthorectification. The rms errors in X and Y were 0.38 and
0.31, and the overall error was 0.23 pixel. All images were re-
sampled to a 10-m pixel size because this closely approximates
the real image resolution and easily matches our field plot size,
and nearest neighbor resampling was used because it does not
alter the statistical properties [42].

D. Statistical Analysis

The relationship between forest biomass and remotely sensed
data is not easy to realize, and different techniques have already
been used for this purpose such as linear regression models
with or without log transformation of field biomass data [2] and

multiple regression [20], [43], [44]. Nonlinear regression [16]
and semiempirical models [45] have also been examined.

In this paper, a stepwise multiple linear regression approach
was used to establish a relationship between SAR image pa-
rameters and field plot biomass. SAR parameters (e.g., raw
intensity, texture of HV and HH, and ratio of HV and HH
textures) were used as independent variables, and the plot
biomass was used as the dependent variable. The best fit model
was estimated, considering four common statistical parame-
ters, namely, coefficient of determination (r2), adjusted r2,
rmse, and p-level. However, another six statistical parameters,
namely, beta coefficient, standard error of B, p-level, tolerance
(Tol) [46], variance inflation factor (VIF) [20], [47], and condi-
tion index (CI) [48], were examined to avoid multicollinearity
and overfitting problems. Thresholds of 0.01, > 10, and > 30
were set for Tol, VIF, and CIs, respectively, as indicators of
multicollinearity.

IV. RESULTS AND ANALYSIS

A. Step-1: Intensity Images

The relationship between field biomass and simple radar
intensity (HH, HV, and ratio of HV/HH) is not well defined
using either 53 plots or 45 plots (Fig. 3), but the ratio of
HV/HH intensity data showed better performance (adjusted
r2 = 0.327) than any single-polarization data. The poor result
can be explained by the speckle noise in the raw (intensity) SAR
data compounded by the complex forest structure and rugged
topography of the study area, but most importantly, the biomass
of the plots is beyond the saturation level of the raw data. As we
know from previous studies, C-band SAR is likely to saturate
at a low level of biomass [1], [7], [15], [22], and the biomass of
all plots in this study area is above 50 t/ha (Table II).

B. Step-2: Texture Parameters for HH-Polarized Image

Almost 100 texture-derived independent variables were used
step by step and altogether, to find the best fit model for biomass
using both 53- and 45-plot settings, but none was found to be
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Fig. 7. Scatter plots between model-predicted biomass and observed biomass using combination of HH and HV texture data.

TABLE V
RESULTS OBTAINED FROM HH AND HV TEXTURE PARAMETERS JOINTLY USING DIFFERENT MODELS
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Fig. 8. Comparison of accuracy among intensity (HH, HV, and HV/HH),
HH texture, HV texture, combination of HV and HH texture, and ratio of HV
and HH texture parameters.

robust and can only explain about 14% (adjusted r2 = 0.144
and r2 = 0.202) of the variation in biomass. Using 53 plots,
no texture parameters were found to be significant. On the
other hand, using the 45-plot setting, TEX (adjusted r2 = 0.144
and r2 = 0.202) showed better performance than HISTEX and
SARTEX but was equal to ALLTEX (adjusted r2 = 0.144 and
r2 = 0.202). The goodness of fit of HH-polarized texture data
was very similar to intensity of HH and HV data but was
lower than the ratio of intensity images (Fig. 4). Generally,
HH-polarized data are known to be less sensitive to biomass
[49], [50], and after texture analysis, still poor results were
obtained from the HH-polarized SAR data. It was evident that
adding more and more parameters using different processing
techniques was unable to significantly improve the sensitivity
of HH polarization data.

C. Step-3: Texture Parameters for HV-Polarized Data

Similar to HH-polarized data processing, 100 texture param-
eters were used for HV data. All texture measurements (TEX,
HISTEX, SARTEX, and ALLTEX) showed poor performance
(with highest adjusted r2 = 0.07 and r2 = 0.105), and no
model was found to be significant using 53 plots probably
because of the higher field biomass levels represented by the
53-plot data, although it is commonly believed that HV-
polarized SAR data have better sensitivity for biomass esti-
mation [1], [7], [15], [51]. However, significant improvement
(adjusted r2 = 0.52) (Fig. 5 and Model-2 in Table IV) was
observed using 45 plots with HV-polarized data compared to
intensity (adjusted r2 = 0.20) and texture of HH-polarized data
(adjusted r2 = 0.14). This tells us that HV-polarized SAR data
have the potential to predict biomass and this can be increased
using texture parameters with a goodness of fit of more than
50% using the less complex 45-plot setting.

The performance (adjusted r2) of the different texture
modules varied significantly (TEX = 0.49, HISTEX = 0.28,
and SARTEX = 0.041), but all texture modules together
(ALLTEX = 0.52) outperformed individual texture modules
using 45 plots, probably due to each individual texture measure-
ment providing complementary information in the model. The
best model was found using all texture modules together with
six variables (Model-2 in Table IV). The model, intercept, and
variables were significant, but moderate multicollinearity was
evident considering the set thresholds for VIF and CI. Since
this best model can only define about 52% of the variability
of field biomass and it also shows moderate multicollinearity
effects, we decided to investigate other processing methods.

D. Step-4: Combination of Texture Parameters for HV and
HH-Polarized Data

To investigate the complementarity of information from
both polarizations (HH and HV), approximately 200 inde-
pendent texture variables (100 from each polarization) were
used. The performance of the biomass estimation increased
(Figs. 6 and 7) significantly using both polarization textures
jointly (HH and HV) although the magnitude of the improve-
ment was different with respect to plot settings.

The combination of both polarized texture (HH and HV)
data obtained the highest goodness of fit (adjusted r2) of 0.449
compared with the previously obtained highest goodness of fit
from intensity (0.327), texture of HH (0.079), and texture of
HV (0.069) using the 53-plot setting. On the other hand, the
highest goodness of fit (adjusted r2) of 0.789 was obtained
from the texture of both HH and HV polarization data using the
45-plot setting compared with previous highest accuracies of
0.201 from intensity, 0.144 from texture of HH, and 0.524 from
texture of HV data. The increases in goodness of fit (Fig. 6) ob-
tained using dual-polarization texture data are 27.17%, 82.40%,
and 84.63% compared to intensity, texture of HH, and texture
of HV data, respectively, using 53 plots, and 74.52%, 81.74%,
and 33.58%, compared to intensity, texture of HH, and texture
of HV, respectively, using 45 plots.

The performance of the individual texture modules also var-
ied according to the number of plots used. Using 45 plots, the
lowest goodness of fit (r2 = 0.408 and adjusted r2 = 0.315)
was achieved using SARTEX, while the highest goodness of
fit (r2 = 0.882 and adjusted r2 = 0.789) was obtained from
ALLTEX (Model-2 in Table V), and the second highest good-
ness of fit (r2 = 0.75 and adjusted r2 = 0.722) was obtained
from HISTEX. An almost similar pattern of goodness of fit was
obtained using 53 plots, but the goodness of fit was significantly
lower (highest r2 = 0.512 and adjusted r2 = 0.449) (Model-1
in Table V) than that for the 45-plot setting. In both plot settings,
the best results were achieved from the combination of all
texture modules “ALLTEX.”

The best fitting model (Model-1 in Table V) using 53 plots
was obtained from six independent variables, while seven inde-
pendent variables (Model-2 in Table V) were used in the best fit
model using 45 plots. Both models (Models 1 and 2 in Table V)
are significant, and no multicollinearity effect was suspected
(considering the Tol, VIF, and CI). However, the model using
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Fig. 9. Scatter plots between model-predicted biomass and observed biomass using the ratio of (HV and HH) texture data.

TABLE VI
RESULTS OBTAINED FROM THE RATIO OF TEXTURE PARAMETERS (HV/HH) USING DIFFERENT MODELS
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53 plots (Model-1 in Table V) can only predict 45% of the
variability of the dependent variable (DW), while the model
using 45 plots (Model-2 in Table V) has the potential to estimate
biomass up to 80% goodness of fit using dual-polarization SAR.
Despite this high performance, we have proceeded for further
investigation using the polarization ratio of texture parameters
(Section IV-E) considering the potential advantages which may
be realized from raw polarization ratio for minimizing forest
structural effects [51] and topographic effects [52].

E. Step-5: Ratio of Texture Parameters for HV and
HH-Polarized Data

At the final stage of this analysis, we used the ratio of dual-
polarization (HV and HH) texture parameters because ratio
is a simple image fusion/combination method which has the
advantage of being unaffected by multiplicative calibration
errors [35]. Furthermore, the ratio of backscattering can po-
tentially reduce topographic effects [51], [52] and forest-type-
dependent structural effects [43], [51] and thereby increase the
strength of correlations [2], [53]. We assumed that the ratio of
dual-polarization texture parameters may have similar advan-
tages, resulting in an increase in the saturation level as well
as an improvement of the biomass estimation. Since the ratio
combines HH and HV texture parameters together, only 100 in-
dependent variables were used compared with 200 independent
variables in the previous stage (Step-4 in Section IV-D).

Significant improvement was achieved for both plot settings
using the ratio of texture images compared to intensity, HH
texture, HV texture, and combination of HH and HV texture
images (Figs. 8 and 9). The highest performance (adjusted r2)
of 0.907 and 0.877 were achieved using this ratio for the 53-
(Model-1 in Table VI) and 45- (Model-2 in Table VI) plot
settings, respectively. The increases in performance (Fig. 8) are
63.94%, 91.28%, 92.39%, and 50.49% compared to the best
performance of intensity, HH texture, HV texture, and com-
bined HH and HV texture images, respectively, using 53 plots,
and 77.08%, 83.58%, 40.25%, and 10.03% using 45 plots. In
both cases, the improvement is highly significant particularly
in the case of 53 plots, where the performance improvement is
really large from an adjusted r2 of 0.449 (highest from Step-4)
to 0.907.

Using the ratio of texture images, the performance of indi-
vidual textures was variable, but the highest goodness of fit
was achieved using all texture modules together (ALLTEX)
which indicates that the different texture modules consistently
provide complimentary information for biomass estimation.
The ALLTEX texture model with nine independent variables
(Model-2 in Table VI) achieved the highest goodness of fit
(adjusted r2 = 0.907 and rmse = 26.95 t/ha) using 53 plots.
The model and all variables were significant, and all parameters
for the multicollinearity test (Tol, VIF, and CI) were far below
the set threshold levels. Similarly, for the 45 plots, the ALLTEX
texture module achieved a highly significant result with a good-
ness of fit of 0.877 (adjusted r2) and rmse of 21.55 t/ha. This
model used eight independent variables (Model-1 in Table VI),
and the model, intercept, and all variables are significant with
no apparent multicollinearity effect.

V. DISCUSSION

The high accuracies obtained in this analysis are promising
since C-band SAR has previously been considered less effective
for biomass estimation than L-band or P-band SAR but may
be explained by the high quality of the data in terms of polar-
ization, incidence angle, and spatial resolution, in combination
with the many different processing techniques applied. Our
finding from the raw intensity data is that backscattering of
C-band SAR data is saturated at low biomass levels despite
the fact that we used high-resolution data. The problem of this
saturation and the reason for this are well established from
many previous studies [1], [2], [7], [50].

However, the main contribution of this paper is to use
the texture parameters of dual-polarization SAR in different
processing steps for the estimation of forest biomass. From
this endeavor, we found that, similar to raw intensity of HH
polarization, texture parameters of HH polarization were less
suitable for forest biomass estimation. Although we used ap-
proximately 100 texture images, the result is almost the same
as for raw HH polarization. The texture parameters of HV
polarization showed improvement over HH polarization texture
parameters and also over raw intensity of HV polarization.
The different effectiveness between the HH and HV polariza-
tion texture parameters cannot be directly compared with the
findings of previous studies, but in principle, it agrees with other
researchers who found that HH polarization is less sensitive for
forest biomass estimation than HV polarization [1], [15], [50].

The use of texture parameters from both image channels (HH
and HV) in the model jointly without ratio (i.e., HH and HV)
and with ratio (i.e., HV/HV) showed substantial improvement
for biomass estimation performance in both plot settings, but
texture polarization ratio (adjusted r2 = 0.90) greatly surpasses
the performance of all other processing steps. This is a very
significant improvement and indicates that the ratio of texture
parameters of RADARSAT-2 dual-polarization data is very
effective for biomass estimation and is adequately robust to
represent the high species diversity and high biomass present
in the 53-plot setting.

This image processing technique was not directly applied
before for forest biomass estimation, but the basic principle,
i.e., use of both polarizations together and polarization ratio,
was used in many studies for land use/land cover mapping as
well as forest biomass estimation, and our results agree with
findings of previous researchers who found improvement from
multifrequency, multipolarization, and multisensor data in the
form of ratio or other combination [20], [52], [54], [55].

However, until more details are known about the interaction
between forest parameters and radar backscatter, the physical
interpretation of our results can only be inductive, based on
our observations. While the many parameters and processing
approaches examined here are unlikely to represent biomass
individually, the use of multiple regression identifies the dif-
ferent contributions of the key components and may explain the
high correlations achieved. Despite being unable to explain the
result physically, we believe that the good result is an outcome
of the selection of data and processing techniques together and
can be explained as follows: 1) the use of dual-polarization
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high-resolution C-band SAR data which are believed to be a
good source of image texture; 2) the use of texture measurement
which has the ability to discriminate spatial information, as
well as to reduce those forest structural differences which are
independent of biomass; 3) the use of complementary infor-
mation from both polarization texture parameters together as
this information can improve performance compared with any
single-channel data; 4) the use of texture polarization ratio
which gives us complementarities and advantages of reducing
other effects such as forest structural differences, differences
in the radar incidence angle, and topographic effects; these
advantages of the use of ratio are likely to be particularly
effective in our study area due to the heterogeneity of species
and forest structure and complexity of the terrain; and 5) finally,
the use of texture algorithms with multiple window sizes which
produced uncorrelated texture parameters and this uncorrelated
independent variable played an important role in the model
building, explaining part of the variability of the dependent
variable (field biomass).

VI. CONCLUSION AND RECOMMENDATION

This study set out to improve forest biomass estimation from
RADARSAT-2 SAR data, using intensity data and texture pa-
rameters with different data combinations. Our results suggest
that the forest biomass estimation capacity of C-band can be
greatly improved beyond the commonly stated saturation levels
using the texture parameters of high-resolution SAR images,
particularly using the ratio of texture parameters. Conclusions
can be made as follows.

1) The direct relationships between C-band SAR backscat-
tering and forest biomass are still not good for forest
biomass estimation despite the use of high resolution and
dual polarizations. However, texture measurement of the
high-resolution C-band SAR data showed improvement
particularly using HV polarization, although texture pa-
rameters of HH polarization data remain less effective
and similar to the raw HH polarization data.

2) Notable improvement for forest biomass estimation can
be achieved using the texture measurements of both
polarizations jointly. However, the performance of this
processing technique varies with the level of biomass and
forest conditions and probably with topography.

3) The performance can be further improved using the tex-
ture ratio of this new C-band SAR data, and the main
conclusion is that texture parameters of dual-polarization
data have the potential for estimating biomass, but the
ratio of polarization texture parameters has even greater
potential to improve forest biomass estimation and in-
crease saturation levels.

4) The performance of the three groups of texture measure-
ments was inconsistent, but all texture models together
outperformed all individual texture models. Although we
found it difficult to make any clear recommendation as to
which individual group of texture measurements is better
than any other group, our suggestion is to select texture
algorithms from different groups (maybe not all algo-

rithms from all groups) in order to get complementary
information in the model.

5) Finally, it is important to mention here that we obtained
the best results after all of these five steps of processing
and we only propose two best models (one for 45-plot
setting and the other for 53-plot settings), but in fact,
many models can be developed considering the number
and selection of variables. We used only one study area
to test our processing, but it is likely that this processing
can be used in other study area as we have not used any
local parameters in the model. We assume that different
best models are likely to emerge in different study areas,
as their texture parameters would be different, but the
best model for other areas can be identified using the
procedure described in this paper.
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