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Abstract: In this paper, multi-frequency synthetic aperture radar (SAR) data at L- and C-bands
(ALOS PALSAR and Envisat/ASAR) were used to estimate forest biomass in Tuscany, in Central Italy.
The ground measurements of woody volume (WV, in m3/ha), which can be considered as a proxy of
forest biomass, were retrieved from the Italian National Forest Inventory (NFI). After a preliminary
investigation to assess the sensitivity of backscatter at C- and L-bands to forest biomass, an approach
based on an artificial neural network (ANN) was implemented. The ANN was trained using
the backscattering coefficient at L-band (ALOS PALSAR, HH and HV polarization) and C-band
(Envisat ASAR in HH polarization) as inputs. Spatially distributed WV values for the entire test
area were derived by the integration (fusion) of a canopy height map derived from the Ice, Cloud,
and Land Elevation Geoscience Laser Altimeter System (ICESat GLAS) and the NFI data, in order
to build a significant ground truth dataset for the training stage. The analysis of the backscattering
sensitivity to WV showed a moderate correlation at L-band and was almost negligible at C-band.
Despite this, the ANN algorithm was able to exploit the synergy of SAR frequencies and polarizations,
estimating WV with average Pearson’s correlation coefficient (R) = 0.96 and root mean square error
(RMSE) ' 39 m3/ha when applied to the test dataset and average R = 0.86 and RMSE ' 75 m3/ha
when validated on the direct measurements from the NFI. Considering the heterogeneity of the
scenario (Mediterranean mixed forests in hilly landscape) and the small amount of available ground
measurements with respect to the spatial variability of different plots, the obtained results can be
considered satisfactory. Moreover, the successful use of WV from global maps for implementing the
algorithm suggests the possibility to apply the algorithm to wider areas or even to global scales.

Keywords: SAR; forest biomass; woody volume; ANN; inversion algorithms

1. Introduction

Forest areas cover a significative percentage of the Earth’s surface and sequestrate
an important amount of atmospheric carbon dioxide (CO2). Consequently, forests have a
strong impact on climate change, representing one of the main sinks of atmospheric carbon.
The reduction in forest biomass due to deforestation and fires (more than 3% of forest area,
corresponding to 17.4 gigatonnes of forest biomass, has been lost since 1990) increased
atmospheric carbon dioxide, with a strong impact (more than 10%) on all greenhouse gas
emissions and, consequently, on climate change [1–3]. The estimation of forest biomass at
the regional scale assumes, therefore, a significant importance for other environmental stud-
ies, such as bioenergy production, forest management, detection of land-use changes and
assessment of carbon stocks [4].

Among forest biophysical parameters such as Leaf Area Index (LAI), net primary pro-
duction (NPP) and above ground biomass (AGB) [5], which are related to the biomass quan-

Remote Sens. 2021, 13, 809. https://doi.org/10.3390/rs13040809 https://www.mdpi.com/journal/remotesensing

https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com
https://orcid.org/0000-0003-1882-6321
https://orcid.org/0000-0003-3459-6693
https://orcid.org/0000-0002-3790-8288
https://orcid.org/0000-0002-7711-7229
https://orcid.org/0000-0003-3414-4531
https://orcid.org/0000-0002-3155-8918
https://orcid.org/0000-0001-7316-643X
https://doi.org/10.3390/rs13040809
https://doi.org/10.3390/rs13040809
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.3390/rs13040809
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com/2072-4292/13/4/809?type=check_update&version=2


Remote Sens. 2021, 13, 809 2 of 18

tity, AGB is a key index for the study of carbon cycle. The estimation of AGB is performed
by using different approaches and techniques [6], the most accurate of which requires
the harvesting of tree samples, thus being a local and destructive method that cannot be
extended to a regional scale. Methods for the indirect estimation of AGB are based on
specific models, focusing on allometric equations [7] or using conversion factors between
the AGB and some physical attributes of the single species (e.g., canopy height and trunk
diameter, wood density, canopy cover). These models are developed and calibrated by
using regressions, statistical approaches, or machine learning techniques calibrated on
local measured data and refer to single tree species [8]. Nevertheless, indirect techniques
lack the spatial and temporal robustness of the inversion models [9], mainly due to natural
spatial inhomogeneity and temporal variations of the vegetation coverage characteristics.

Remote sensing data nowadays represent the most important information source for
the estimation of forest parameters, due to their significant temporal and spatial cover-
age [10]. For instance, gross and net primary production (GPP/NPP) [11], as well as the
impact of fires on biomass [12], are commonly assessed by using the Normalized Difference
Vegetation Index (NDVI) and the Enhanced Vegetation Index (EVI) that are extracted from
optical remote sensing data. A recent and exhaustive review of the estimation techniques
from remote sensed data can be found in [13]. In the field of optical systems, light detection
and ranging (LiDAR) systems have also become progressively important due to their
capability of assessing vertical structures, such as the canopy height [14–16], which can
be successfully used to retrieve structural parameters of forests. Since the late 1990s,
many studies have been proposed concerning the use of airborne LiDAR for estimating
forest characteristics such as stand volume, basal area, canopy height, and tree biomass,
and also in integration with other remote sensing data such as multi or hyperspectral
data [17,18]. In particular, global estimates of forest canopy height have been derived
from the Geoscience Laser Altimeter System (GLAS) LiDAR instrument that is aboard the
NASA Ice, Cloud, and land Elevation (ICESat) satellite. The canopy heights were estimated
by processing the dataset collected between October 2004 and March 2008 [19]. A new
map of canopy heights at 30 m spatial resolution was made available from the ICESat
heir mission, i.e., the NASA Global Ecoystem Dynamics Investigation (GEDI), which has
been operating onboard the International Space Station since April 2019 [20]. The map,
which is continuously updated, was obtained through the integration of the GEDI LiDAR
forest structure measurements and Landsat data timeseries [21].

Unlike the optical sensors, microwave remote sensing is characterized by the inde-
pendence of cloud cover and solar radiation. Microwaves’ capability to penetrate through
the vegetation cover and to interact with its water content can be exploited to estimate
forest biomass [22,23]. In active sensors, such as Synthetic Aperture Radar (SAR) systems,
the backscatter is strongly related to the intrinsic characteristics of vegetation such as
the dielectric constant of the tissues and the geometry of the forest stands, constituted
by the orientation, the dimensions, and the density of trunks, leaves, and branches [22].
In general, the correlation between SAR backscatter and woody biomass is dependent on
operational frequency, polarization, and incidence angle. While the backscatter at higher
frequencies as C- and X-bands is mainly generated in the upper part of the crown, the con-
tribution to total backscatter provided by soil and trunks is taken into account using longer
wavelengths, such as L- and P-band [24–26], deeming these frequencies as the most suitable
for the retrieval of forest biomass. Waiting for the ESA BIOMASS mission, which will carry
on board a P-band SAR [27], the L-band SAR satellite sensors adopted for forest monitoring
were the Phased Array L-band Synthetic Aperture Radar (PALSAR) installed onboard the
Advanced Land Observing Satellite (ALOS), which is no longer operating [28], and its
follow-on PALSAR-2 onboard ALOS-2 [29]. Both missions were conceived for environmen-
tal monitoring, including land, agricultural, and forest monitoring, natural hazard and
disaster observation, and the exploration of natural resources. The revisit time for ALOS-2
is 14 days.
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Further studies based on SAR data demonstrated that the correlation of backscat-
ter to forest biomass is also dependent on forest types and, at low frequencies, on soil
moisture variations [30,31]. In the specific context of Mediterranean forests, a logarithmic
shape relation has been found between backscatter at L-band and woody volume (WV,
expressed in m3/ha) from 200 m3/ha up to a saturation level of 400 m3/ha, whereas P-band
has been found to be less affected by these saturation effects [23].

Different techniques have been proposed to estimate the AGB of vegetated areas
by means of SAR data to overcome this limited range of backscatter sensitivity. Multi-
polarization and multi-temporal data [32–34], interferometry (InSAR) [35–37], polarimet-
ric SAR interferometry (PolInSAR) [38,39] and SAR tomography [40] have been used to
estimate high values of forest biomass at regional and global scale [41].

Noticeably, most previous studies and several seminal papers (e.g., [42–44]) investigat-
ing methodologies to estimate forest biomass were focused on boreal forests, due to their
significant impact on the carbon cycle. Tropical forests have also been widely considered,
due to the high importance for biodiversity [45,46]. More recently, Mediterranean forests
have also gained attention, mainly in the framework of forest fire impact on biomass [47–49].
Nevertheless, the assessment of vegetation parameters of these ecosystems is a complex
task due to their marked inhomogeneity [50].

Thanks to increasing hardware and software resources, artificial neural networks
(ANNs) have gained increasing attention in the analysis of complex systems, and therefore
in the forest biomass estimation from SAR backscattering [51]. Multitemporal SAR-based
AGB estimation by means of ANNs was presented and compared with support vector
regression and multivariate linear regression in [49], where it was noted that ANNs show
better results at higher AGB values. Furthermore, mixed optical-SAR ANNs based on
Sentinel data were presented in [52].

Recently, the use of an ANN approach to directly estimate the WV in a Mediterranean
forest contest from multifrequency SAR data was proposed in [53]. In that paper, the
ANN algorithm was firstly trained using the WV derived from airborne laser scanning
(ALS) data combined with data simulated by a forward electromagnetic model based
on the Radiative Transfer Theory. The algorithm was thus able to merge SAR data at
L- and C-bands for correctly estimating WV in diversified Mediterranean environments,
showing a Pearson’s correlation coefficient (R) > 0.97 and a root mean square error (RMSE)
= 28.5 m3/ha for the independent test, and R = 0.86 and RMSE ≈ 77 m3/ha for the final
independent validation, the latter based on conventional measurements available in areas
not included in the ALS acquisitions.

In this paper, ANN-based algorithms were developed to estimate WV in a large part of
Tuscany, by spatially and temporally extending the analysis with respect to [53]. Six images
of the test area from ALOS PALSAR L-band at HH and HV polarization and six from
ENVISAT Advanced Synthetic Aperture Radar (ASAR) C-band at VV polarization were se-
lected, based on minimum temporal distance: the images covered a period of about 2 years,
from June 2007 to June 2009. Given the lack of spatially distributed WV measurements for
the entire test area, the target data considered for training and testing the algorithm were
derived from data fusion of the National Forest Inventory and a map of canopy height
obtained from the ICESat GLAS satellite mission [19]. Six ANN algorithms were developed
independently, considering 1% of the SAR data available at each of the six dates for training
and the remaining 99% for testing the ANN. Then, a cross-fold test was performed by
applying each trained ANN to the other five datasets, in order to verify the robustness
and exportability of the proposed retrieval concept. Finally, the six ANN algorithms were
validated on the direct WV measurements from the National Forest Inventory.

The final results, in spite of a rather scarce direct correlation between the backscattering
and the target WV data (R < 0.45 at L- band and < 0.2 at C- band for all the considered dates),
were revealed to be rather good, showing average R ' 0.96 and RMSE ' 39 m3/ha for the
test on 99% of the WV fused map and R ' 0.86 and RMSE ' 75 m3/ha on the independent



Remote Sens. 2021, 13, 809 4 of 18

validation on National Forest Inventory data, confirming the robustness and the accuracy
of the proposed algorithm.

2. Materials and Methods
2.1. Test Area Description

Tuscany is situated in Central Italy between 9◦ and 12◦ east longitude and 44◦ and 42◦

north latitude, covering more than 2,000,000 ha (Figure 1). The topography ranges from
flat areas near the coastline and along the principal river valleys, to hilly and mountainous
zones towards the Apennine chain. Approximately 2/3 of the area is covered by hills,
1/5 by mountains and only 1/10 by plains and valleys. From a climatic viewpoint, Tus-
cany is influenced by its complex orographic structure and by the direction of the prevalent
air flows (from west/north-west). Thus, the climate ranges from typically Mediterranean
to temperate warm or cool, according to the altitudinal and latitudinal gradients and the
distance from the sea [54].

Figure 1. Position of Tuscany (boundaries in red line) in Central Italy with the superimposition of the
woody volume (WV) measurements (white dots) available for the area covered by synthetic aperture
radar (SAR) images.

The high variability of ecological conditions in Tuscany results in extremely diversified
vegetation types and structures. About 50% of the region is covered by forest, which makes
Tuscany the most forested region in Italy. Agricultural areas cover approximately 25% of
the land surface and are represented both by tree plantations (mostly olive groves and
vineyards) and by cereal crops (mainly wheat and maize). The rest of the region is covered
by pastures, unproductive, and urban areas.

The main forest types are dominated by Quercus cerris L., Castanea sativa Mill., Quer-
cus pubescens Willd., Fagus sylvatica L., Quercus ilex L., Mediterranean pines, Ostrya carpinifo-
lia Scop., Pinus nigra Arnold, Abies alba Mill., Pseudotsuga menziesii Franco, Cupressus semper-
virens L. and Cupressus arizonica E. Greene.
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Mediterranean forests (mostly maquis, shrubland and evergreen species) represent
25% of the total forest area and are situated mainly in the south-west of the region. De-
ciduous species (about 50% of the forest area) are spread partly on hilly areas (mainly
deciduous oaks) and partly in higher zones (i.e., Castanea sativa Mill., Ostrya carpinifo-
lia Scop., etc.). Mountain forests cover 15% of the area and are dominated by Fagus sylvatica
L., Abies alba Mill., Pseudotsuga menziesii Franco, and Pinus nigra Arnold.

2.2. Italian National Forest Inventory (NFI) Data

Woody volume data related to the study area were derived from the Italian National
Forest Inventory (NFI) [55,56]. This inventory was based on a three-phase sampling [57]:
the first two phases were aimed at estimating the forest area and distribution into different
classes according to qualitative attributes (e.g., property, management issues, vegetation
structure and conditions, site features, etc.). The third phase was aimed at collecting
quantitative measurements of trees and stand attributes by means of field surveys car-
ried out on about 700 plots all over Tuscany region. During this last phase, which was
carried out from 2003 to 2006, several forest variables (trunk diameters, canopy heights,
trunk diameter increments, etc.) were collected on a plot basis.

2.3. WV Map from ICESat GLAS Mission

The sparse WV measurements derived from NFI were not sufficient for developing the
algorithm, given the large amount of data required for training the ANNs. For this reason,
and to keep training, testing, and validation as independent as possible, a WV map of the
entire test area was obtained by merging the NFI data with a global map of canopy height
derived from the ICESat GLAS acquisitions (GLAS-H) as described in [19]. The GLAS-H
map contains height values of the canopy expressed in meters: for the scopes of this study,
the map was clipped to match the same area covered by SAR, converted to WV and
resampled up to 100 m spatial resolution by data fusion with the NFI measurements.

The map of the WV derived from GLAS-H and NFI (GLAS WV) is shown in Figure 2a,
the NFI measurements are shown in Figure 2b, and the GLAS WV validation, obtained through
comparison with the NFI direct measurements, is shown in the scatterplot in Figure 2c.
As evident from the last figure, the overall agreement is good, with a correlation coefficient
R = 0.93 and a RMSE of 58 m3/ha.

2.4. SAR Data

The considered SAR sensors are PALSAR and ASAR. PALSAR was on board the
ALOS satellite that was developed by JAXA and Japan Resources Observation System
Organization (JAROS). This satellite, whose repeat cycle was 46 days, was launched in 2006
into the sun-synchronous orbit and was operational until 2011.

ASAR was on board the Envisat satellite, which was operational from March 2002
until the unexpected loss of contact in April 2012. This satellite, whose repeat cycle was
30 days, was developed by European Space Agency.

The dataset of PALSAR images consists of six passes, on track 642, acquired between
2007 and 2009. Similarly, the ASAR dataset consists of six passes acquired in the same
period (Table 1).

Each pass is the combination of the consecutive frames: PALSAR considers frames
from 840 to 870, while ASAR takes into account frames 855 and 873, in order to cover
most of the Tuscan area (Figure 3). Both SAR data formats are single look complex (SLC)
and are provided in the slant range coordinates (Level 1.1 for PALSAR, Image Mode
Single-Look Complex for ASAR). The polarization mode is HH/HV for PALSAR and VV
for ASAR, respectively.
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Table 1. List of the dataset acquired over the test site (Tuscany). Legend: A/P = ALOS/PALSAR, E/A = ENVISAT/ASAR,
Asc. = ascending.

Satellite/Sensor Track Frames Date Time (UTC) Orbit Polarization Data Format

A/P 642 840–870 2007-07-23 21:38:03 Asc. HH/HV Level 1.1

A/P 642 840–870 2008-04-24 21:35:23 Asc. HH/HV Level 1.1

A/P 642 840–870 2008-06-09 21:34:34 Asc. HH/HV Level 1.1

A/P 642 840–870 2008-07-25 21:34:41 Asc. HH/HV Level 1.1

A/P 642 840–870 2008-09-09 21:35:36 Asc. HH/HV Level 1.1

A/P 642 840–870 2009-06-12 21:39:12 Asc. HH/HV Level 1.1

E/A 444 855,873 2007-07-12 20:56:26 Asc. VV IMS

E/A 444 855,873 2008-04-17 20:56:17 Asc. VV IMS

E/A 444 855,873 2008-06-26 20:56:20 Asc. VV IMS

E/A 444 855,873 2008-07-31 20:56:21 Asc. VV IMS

E/A 444 855,873 2008-09-04 20:56:17 Asc. VV IMS

E/A 444 855,873 2009-06-11 20:56:19 Asc. VV IMS

Figure 2. (a) The WV map obtained by integrating Ice, Cloud, and Land Elevation Geoscience Laser Altimeter System
(ICESat GLAS) canopy height and Italian National Forest Inventory (NFI) measurements, (b) the NFI measurements,
(c) validation of the GLAS WV map obtained by comparison with ground truth measurements.
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Figure 3. PALSAR (blue) and ASAR (red) data coverage of Tuscany.

Each frame was processed in order to obtain SAR data that are radiometrically cal-
ibrated, i.e., the reflecting surface is correctly represented by the radar backscatter (σ◦)
of each imagery pixel. Simultaneously, the geocoding procedure was applied to carry
out a precise geographic location of each pixel from the original slant range geometry.
The selected projection of output images was UTM-32 North, WGS84, with 10 m pixel size.
This result was achieved by using a digital elevation model at 10 m spatial resolution, pro-
vided by Tuscany Region [58] and SARscape©/ ENVI©/IDL© software. Local incidence
angle images and layover and shadow masks were generated too. Each temporal pass
consisted of two or more frames that were joined through a mosaicking process (Figure 3).
Lastly, the mosaicked images were coregistered and collected in a single stack of images to
be compared ‘pixel by pixel’.

In order to perform the sensitivity analysis described in Section 3.2, the backscattering
coefficient was extracted in the areas corresponding to the biomass values of the NFI: for
each WV value (Figure 2a), a mean radar backscatter value was calculated as the average
value of 5 by 5 pixels window. Considering that some points were discarded since they
were placed in areas affected by layover and shadow phenomena, a database of 288 points
was generated. Each point contained a pair of backscattering–biomass values that allowed
us to perform the sensitivity analysis.

The dataset considered for implementing and validating the algorithms was obtained
by combining the six PALSAR images with the closest ASAR acquisitions, resampling and
coregistering all the SAR data on the coordinates grid of the GLAS WV, at 100 m spatial res-
olution: the final data amount, considering the areas covered by the frames of both sensors,
was of about 4 million triplets of calibrated and geocoded backscattering coefficients at the
three polarizations, HH, HV, and VV, for each date.

2.5. The ANN Algorithms

ANNs were largely proven to be capable of approximating almost any kind of non-
linear relationships [59,60]. For this reason, joint to the capability of easily combining
multiple inputs into the retrieval scheme, their use in solving remote sensing problems



Remote Sens. 2021, 13, 809 8 of 18

increased exponentially in the last few years (e.g., [61–65]), thanks also to the increased
computational resources of recent machines. The main limitation of ANNs is related
to the training: similarly to the human brain they attempt to replicate, an ANN cannot
approximate relationships it did not previously learn from the training. A training well
representative of the given problem is therefore mandatory to obtain satisfactory results.

The retrieval algorithms implemented in this study were based on the feed-forward
multi-layer perceptron neural networks (FF-MLPs). FF-MLPs are composed of some hidden
layers with a given number of neurons, which are all interconnected with weights and
biases that are iteratively adjusted during the training. In this study, the training was based
on the so-called back propagation (BP) learning rule, a gradient descent algorithm that
adjusts iteratively weights and biases for minimizing the mean square error (MSE) between
the actual and desired output. The optimal number of neurons and hidden layers and the
transfer function for the given problem were defined by the systematic search algorithm
presented in [66]. The algorithm repeats training and testing for all the transfer functions
available, by iteratively increasing the number of neurons and hidden layers, to select the
configuration that gives the best results (highest R in the test), with the aim of preventing
the overfitting and the underfitting. The “optimal” ANN resulting from the iterative search
algorithm was composed of two hidden layers with 14 neurons and a transfer function of
type logistic sigmoid (logsig).

Data Organization for Training and Testing the ANNs

The dataset considered for training, testing, and validating the algorithm was derived
from the overall database of PALSAR and ASAR acquisitions, combined with the GLAS
WV map and NFI direct measurements described in Section 2.3. In order to assess the
possible effects of vegetation seasonality and rainfall on the retrieval, and to ensure the
repeatability of the results, the data acquired at different dates were treated independently.
Therefore, six datasets were created by co-registering the SAR data (PALSAR + ASAR) at
each date with the GLAS WV map. The ANN training and test were repeated for each
dataset and the test results compared. The entire process is summarized in the flowchart
depicted in Figure 4.

In detail, for the ith date out of the six available, a random sampling is applied to
the corresponding ith dataset of SAR + WV to create the training and test subsets: their
percentages are established in 1% for training and 99% for test, respectively. According to
the so called “early stopping rule”, aimed at preventing the overfitting, the training set
is further subsampled randomly in 60%, 20%, and 20% subsets [67]. Then, the ith ANN
(ANNi) is trained by considering the σ◦ values at all frequencies and polarizations and
the corresponding local incidence angle (LIA) as inputs, and the GLAS WV map as target.
For this step, the iterative architecture definition and training described above is applied.
Then, the ANNi is applied to the test set, composed of the 99% of data not included in
the training process. After test, the ANNi is validated on the independent set of NFI WV
data: it should be noticed that, to keep training, testing, and validation as independent as
possible, both the testing and validation datasets are not directly involved in the training.
Finally, the output VW map is generated. The ANNs considered in this study were
developed using the Matlab Neural Network toolbox.
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Figure 4. Flowchart of the artificial neural network (ANN) training, testing, and validation process.

3. Results
3.1. Sensitivity Analysis: ALOS PALSAR vs. NFI

A sensitivity analysis was preliminarily carried out in order to check the sensitivity
of backscattering coefficient at L-band to the WV and to consider the potential usefulness
of an advanced algorithm for the forest biomass retrieval. The temporal trends of the
backscattering coefficient at HH and HV polarizations are shown in Figure 5a,b, respectively.
Different curves refer to five classes of WV obtained by averaging plots with similar biomass
(the latter expressed as WV in m3/ha, i.e., 0–50, 50–100, 100–200, 200–300, and > 300 m3/ha).
It can be observed that lower curves refer to lower values of biomass and the highest ones to
higher values. The distance between the curves is more marked at HV polarization, which
is in fact more sensitive to scattering from branches and therefore more related to WV. After
an increase in backscattering values in springtime, a decrease in backscattering is observed
during summer, probably due to the decrease in soil moisture. This agrees with the values
of rainfall acquired at three meteorological stations located in the north, center and south
of Tuscany that are reported as histograms in Figure 5a. The sensitivity to soil moisture
conditions is indeed more marked at low values of biomass (green lines in Figure 5a,b).

A direct comparison between backscattering coefficient at L band and the WV is re-
ported in Figure 6a,b for the HH and the HV polarization, respectively. The sensitivity of
backscatter to WV is evident, although the inhomogeneity of the different plots scattered
in the entire region and characterized by different orography and species compositions.
The regression curve for the HH backscatter (σ0

HH) as a function of the WV (m3/ha) is
σ0

HH = 0.54 log(WV)− 13.50, attaining a correlation coefficient R = 0.39. Similarly, for the
HV backscatter (σ0

HV), the regression curve isσ0
HV = 0.78 log(WV)− 19.57, attaining R = 0.51.
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Figure 5. Temporal trends of backscatter at L-band for different intervals of forest biomass: (a) HH po-
larization, (b) HV polarization. Temporal trends of rainfall acquired by meteorological stations located
in north, center, and south of Tuscany are also reported in (a). Each bar represents the cumulative
rainfall of the previous 7 days.
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Figure 6. Regression plots between the woody volume and the backscatter (dB) at L-band for:
(a) HH polarization, (b) HV polarization.

3.2. Sensitivity Analysis: PALSAR and ASAR vs. GLAS WV Map

The sensitivity of PALSAR and ASAR to WV was also evaluated on the entire area by
comparison with the GLAS WV map. The correlation coefficients obtained at each date
are listed in Table 2, while the σ◦ behavior as a function of WV is shown in Figure 7a for
PALSAR HH polarization, in Figure 7b for PALSAR HV polarization, and in Figure 7c
for ASAR VV polarization. This figure refers to the acquisitions on the date 2007-07-23;
however, very similar behaviors were found for the other dates.

Table 2. Correlation coefficient values (R) between the radar backscatter (σ◦) and WV for PALSAR
and ASAR.

R

Date PALSAR ASAR

HH HV VV
2007-07-23 0.38 0.44 0.20
2008-04-24 0.35 0.44 0.19
2008-06-09 0.31 0.41 0.21
2008-07-25 0.38 0.43 0.20
2008-09-09 0.35 0.42 0.17
2009-06-12 0.37 0.43 0.19
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Figure 7. Backscatter (σ◦) behavior as a function of woody volume (WV): (a) PALSAR HH polarization, (b) PALSAR
HV polarization, (c) ASAR VV polarization.

The R values listed in Table 2 point out some correlation of the L- band σ◦ to the
target parameter: as expected, such correlation is slightly higher in cross-polarization than
in co-polarization. Conversely, the C-band σ◦ was confirmed as being significantly less
correlated to the WV parameter.

The sensitivities and correlations shown in Figure 7 are in line with those obtained in
the previous sections by comparison with NFI. Overall, these results confirm the PALSAR
and ASAR sensitivity to forest biomass reported in past studies [53], by evidencing the
backscatter saturation for high WV, well demonstrated by the logarithmic relationships and
more pronounced at C- than at L-band. The obtained correlations, although not negligible,
were not sufficient for directly attempting the WV retrieval by simple regression algorithms.
Therefore, advanced methods based on ANN were considered for implementing the WV
retrieval algorithm presented in this study.

3.3. Retrieval Results

As an example, the results obtained for the date 2008-09-09 are shown in Figure 8.
The figure shows: (a) the test result based on the 99% of the data not involved in the training,
represented as density plot of ANN estimated vs. target WV, (b) the ANN validation on
the NFI dataset, (c) the GLAS WV map considered as target, (d) the WV map generated by
the ANN, and (e) the absolute error map.
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Figure 8. Results obtained for the date 2008-09-09: (a) the test result based on the 99% of the data not involved in the training,
represented as density plot of ANN estimated vs. target WV, (b) the ANN validation on the NFI dataset, (c) the GLAS WV
map considered as target, (d) the WV map generated by the ANN, and (e) the absolute error map.

The results obtained for the other dates were very close each other, as pointed out by
the main statistics listed in Table 3.
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Table 3. Main statistics of test and validation.

Test (99% of WV Map) Validation (NFI Measurements)

Date R RMSE (m3/ha) Bias (m3/ha) R RMSE (m3/ha) Bias (m3/ha)

2007-07-23 0.96 39.14 0.73 0.87 75.13 −29.58

2008-04-24 0.96 33.18 0.4 0.89 70.32 −29.95

2008-06-09 0.96 33.65 0.47 0.87 73.36 −29.19

2008-07-25 0.96 42.31 0.43 0.85 79.09 −30.85

2008-09-09 0.96 42.65 0.26 0.85 78.44 −31.20

2009-06-12 0.96 41.20 −0.17 0.86 78.13 −32.34

These results can be considered encouraging as they confirm and extend both spatially
and temporally what was previously obtained with a similar retrieval concept [53]. In par-
ticular, although the test area was different as well as the training strategy and the WV
reference data source, the correlations obtained are very similar for both testing (R = 0.96
vs. R = 0.97) and validation with direct measurements (R = 0.86).

It is worth noting that, although the driving contribution to the retrieval comes from
PALSAR, some slight improvement was obtained by adding the ASAR data: in particular,
another run of the algorithm by considering only PALSAR data as input gave average
R ' 0.93 and RMSE ' 45 m3/ha.

3.3.1. Cross-Fold Test

To assess the exportability of the algorithm, i.e., the possibility of applying the algo-
rithm to other datasets without repeating the training, a cross-fold test was also conducted
by applying each of the six trained ANN algorithms to the SAR datasets at the other
five dates. The results were more than encouraging, and each ANN was successfully
applied to all datasets, by obtaining results from the 30 possible combinations (six ANNs x
five dates) in line with those shown in the previous section. In particular, the average corre-
lation coefficient was R = 0.95 for testing and R = 0.86 for validation, and the corresponding
RMSE ' 45 and 76 m3/ha, respectively (Table 4).

Table 4. Results of the cross-fold test and validation expressed as mean and standard deviation of R,
RMSE, and bias.

R RMSE (m3/ha) BIAS (m3/ha)

Mean std Mean std Mean std

Test 0.95 0.022 45.22 10.66 0.79 1.46

Validation 0.86 0.013 75.79 2.87 −30.38 1.65

4. Discussion

The study was aimed at exploiting the synergy of L- and C-band SAR observations for
mapping the forest WV. Both frequencies are not the most suitable for this scope: the sensi-
tivity of L-band SAR to forest is limited by the signal saturation arising at high WV levels,
and C-band is only sensitive to the upper layer of the canopy. Better performances are
expected from the P- band SAR installed onboard of the incoming ESA BIOMASS mission.
However, BIOMASS has not been launched yet—the launch is indicatively planned for
2022—and BIOMASS will not acquire data on Europe, being in any case useless for studying
the Mediterranean forests. Therefore, L- and C-band SAR will remain the only possibility
of monitoring the WV of Mediterranean forests at high resolution with microwave sensors
in the near future.

In this framework, the algorithms based on ANNs appear as a valid tool to exploit the
synergy of L- and C- band for addressing the WV retrieval. Taking advantage of the dual
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frequency, multi-polarization observations, the algorithms were indeed able to exploit the
residual sensitivity of L-band to higher WV and to take advantage of C-band for retrieving
WV with good correlation and accuracy, as pointed out by the results shown in Table 3
and Figure 8. This study also attempted to assess the validity and exportability of the
proposed methodology, which is one of the key problems of “data driven” approaches,
i.e., approaches based exclusively on experimental and remote sensed data. In this sense,
the study, although based on completely different datasets and different algorithm imple-
mentation, confirmed with similar accuracies and extended to larger areas the findings of a
previous research [45]. This result is even more appealing if we consider the heterogeneity
of Mediterranean forests, and it seems to suggest that the retrieval is feasible indepen-
dently of the dataset (satellite/airborne LiDAR, in-situ etc.) that has been considered
for representing the target parameter. Moreover, the results of cross-fold test described
in Section 3.3.1 and Table 4 confirm the independence of this method from the seasonal
cycle of vegetation, since each of the ANNs developed for a single date provided similar
retrievals when applied to the other dates. This is particularly relevant considering that
ANNs are prone to the so called “outliers”, and large errors occur if the test set contains
values that are not properly represented in the training set.

In the prosecution of this research, the analysis will be spatially and temporally ex-
tended, aiming at validating the method on a larger scale as well as verifying its robustness
under different environmental conditions and for various forest species. In this sense,
adapting the algorithm to new datasets will be straightforward because it will simply
require an ANN re-training (which on recent machines can be achieved in near real time)
without changing the algorithm structure.

5. Conclusions

This study aimed at assessing the retrieval of forest woody volume (WV) by using
SAR data and a machine learning approach. The investigation was conducted on the
heterogeneous environment of Mediterranean forests in central Italy, using combined SAR
acquisitions from ALOS PALSAR L-band and ENVISAT ASAR C-band. The results of the
preliminary investigation confirmed what was expected from theory and previous studies,
by pointing out some sensitivity of L-band acquisitions to WV, which was slightly more
pronounced at HV polarization than HH, while the C-band, although showing some
increase when biomass increases, did not reveal any significant correlation to the target
parameter. The retrieval concept based on ANN confirmed its effectiveness in exploiting
the synergy of the multifrequency and multi-polarization SAR data, by retrieving WV with
average R = 0.96 and RMSE ' 39 m3/ha when applied to the test dataset and average
R = 0.86 and RMSE ' 75 m3/ha when validated on the direct measurements from the
National Forest Inventory.

Overall, this study extended the results obtained with similar retrieval approaches [53],
by further demonstrating the robustness and exportability of the proposed method. The use
of data derived from global maps, instead of limited ALS sampling for training the algo-
rithm, paves the way to further extending the analysis to larger or even global scales.
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