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Quad-pol ALOS/PALSAR-2 data for modelling secondary forest

above-ground biomass in the central Brazilian Amazon
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Secondary forests (SFs) are one of the major carbon sinks in the Neotropics due
to the rapid carbon assimilation in their above-ground biomass (AGB). However,
the accurate contribution of SFs to the carbon cycle is a great challenge because
of the uncertainty in AGB estimates. In this context, the main objective of this
study is to explore full polarimetric ALOS/PALSAR-2 data to model SFs AGB in
the Central Amazon. We carried out the forest inventory in 2014, measuring 23
field plots. Supplementary land-use classification history was used to create 120
additional independent sample plots by adjusting growth curves using SFs age
and previous land-use intensity from field plots. Multiple Linear Regression
(MLR) analysis was performed to select the best model by corrected weighted
Akaike Information Criterion (AICw) and validated by the leave-one-out
bootstrapping method. The best-fitted model has six parameters and explained
65% of the above-ground biomass variability. The prediction error was of
RMSEP = 8.8 + 3 Mg ha! (8.75%). The main polarimetric attributes in the model
were those directly related to multiple scattering mechanisms as the Shannon
Entropy and the volumetric mechanism of Bhattacharya decomposition, and
those related to increasing in double-bounce as the co-polarization ratio (VV/HH)
resulted from soil-trunk interactions. Including past-use use in the model, as the
frequency of clear cuts and the number of years of active land-use before
abandonment, the variability explained by the MLR increased by 10%. The
uncertainty report showed that ground truth AGB estimation (inventory,
allometry, and plot expansion factors) might add more errors than SAR inversion

models.

Keywords: Amazon Forest; Polarimetry; Synthetic Aperture Radar; Scattering

Decomposition; Second Growth

Subject classification codes: include these here if the journal requires them

1. Introduction

The areas undergoing regeneration are partially counterbalancing the carbon emissions
from deforestation, forest degradation, forest fires, and other sources from land-use

change processes, accumulating carbon in their above-ground biomass (AGB). In the
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Brazilian Amazon, secondary forests (SFs) have the potential to accumulate over 6 Pg C
in 40 years (Chazon et al. 2016). It accounts for one-third of Brazil's total annual CO,
emissions during the 2000-2009 period (Houghton et al. 2012). So, carbon uptake by
SFs is a crucial element in the global carbon budget, which requires the need to
accurately estimate their AGB stocks and growth rates (Aragao et al. 2014). The rate of
forest regeneration depends on several factors to which the area was subjected before
abandonment, such as severity, the proximity of forest matrix, duration of the previous
land-use, and frequency of clearances (Chazdon, 2014; Wandelli and Fearnside, 2015).
For instance, an intensive land-use before regeneration reduces the rate of growth and
can compromise the resilience of the tropical ecosystem by arresting forest succession
following disturbances or even leading to alternative stable states (Scheffer et al. 2012).
The historical use information, however, is generally not taken into account when

retrieving forest AGB using remote sensing techniques.

When the microwave pulses reach the canopy layer, they suffer multiple
scatterings in all directions, and the recorded backscatter by the sensor is a result of the
structure and geometric properties of the forest targets at the same wavelength. Thus,
the higher the biomass density, the greater the backscatter recorded by the sensor (van
der Sanden, 1997). With the upcoming of polarimetric SAR systems (operating in four
polarizations), other levels of relationship with the forest targets are achieved, allowing
to decompose the recorded wave in three or more elementary scattering mechanisms
that depend only on the target's properties, such as volume, structure, and forest
characteristics (Santos et al. 2009). Such polarimetric decompositions are useful to
characterize these complex targets, increasing, above all, the accuracy of biomass
estimates (Bispo et al. 2014; Treuhaft et al. 2017; Lee and Pottier, 2009; Sinha et al.

2015; Cassol et al. 2018a). Some of these features, resulting from the decomposition
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process, were never tested to predict forest AGB or were applied only to land-use
classification in specific areas (Singh, Yamaguchi, and Park, 2013; Zhang et al. 2008;
Bharadwaj et al. 2015; Bhattacharya et al. 2015; Neumann, Ferro-Famil, and Pottier,

2009).

Historically, modelling AGB in the Brazilian Amazon has been carried out
through the information obtained by Radar (Radio-Detection and Range) data, due to
two main reasons: they operate in all-weather condition, and they have higher
sensitivity of the signal to AGB when compared with optical observations (Bispo et al.
2014; Treuhaft et al. 2017). The Advanced Land Observing Satellite / Phased Array L-
band Synthetic Aperture Radar-2 (ALOS/PALSAR-2), which operates in microwaves
(L-band, 23.5 cm), capture images during day and night and is insensitive to cloud

cover (Lee and Pottier, 2009).

The goal of this work is to evaluate the use of full polarimetric (Quad-pol)
ALOS/PALSAR-2 data to retrieve AGB of SFs at the Manaus study site, Amazonas
State in the Central Amazonia, using multiple linear regression analysis. We explored
125 polarimetric attributes from the ALOS/PALSAR-2, including some unusual as off-
diagonal terms of the covariance [C] and coherency [T] matrices for modelling SFs
biomass. Previously, we increased data sampling by creating 120 additional sample
plots based on growth models of previous land-use classification (Carreiras et al. 2014)

and field inventory data.

2. Materials and Methods

The study area comprises SFs formed on both sides of BR-174 highway, 70 km north of

the city of Manaus. This area has 5,042 km? (2°33'11"S, 60°5'7'"W) and includes
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protected areas and long-term ecological experiments, such as the Biological Dynamics
of Forest Fragments Project (BDFFP), started in 1979 (Figure 1a) (Laurance et al.
2018).

The process of deforestation in the region began with the construction of the
BR-174 highway in the mid-1970s, where significant forest areas were suppressed
around the highway that connects Manaus, Amazonas State, to Boa Vista, Roraima
State. However, due to low agricultural capability and the extinction of government
subsidies, many of these areas were abandoned after 1984 (Feldpausch et al. 2005). As a
result of these idle areas, SFs have over 16 years of age in 50% of the REGROWTH-BR
project area (Carreiras et al. 2014), as depicted in Figure 1b.

The climate is classified as Am (K&ppen), with an annual mean temperature of
26.7 °C and an annual average rainfall of 2200 mm. The dry season occurs from July to
September with rainfall below 100 mm in this period. The vegetation is considered as
Terra Firme rainforest, with canopy height between 25 and 35 m, with some emergent
trees reaching 40 m in favourable sites (Lima et al. 2007). The methodological
flowchart is shown in Figure 2. The described steps are summarized in the following

sections and subsections.

2.1. Sampling design

The sampling strategy was carried out in three main stages with the aiming of
expanding the data set, as follows:
e forest inventory data (23 plots measured in this study);
e modelling SFs growth (additional 76 plots with auxiliary forest inventory plots
from the literature), and
e creation of 120 samples based on Landsat classification time series and SFs

growth curves (Figure 2).
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The detailed description of each of these processes is shown in the following
sections. Random sampling was chosen to guarantee independence among samples

allowing to compute uncertainty and errors independently.

2.2. Landsat time series classification

This area was part of the international project REGROWTH-BR, completed in 2015,
and carried out in partnership between the Tropical Research Institute IICT/Lisbon,
School of Agriculture/ University of Lisbon ISA/Lisbon, and the National Institute for
Space Research (INPE). As a part of the project, Landsat time series classification was
performed annually from 1984 to 2010 at the study site using the machine learning
algorithms (Carreiras et al. 2014). This classification allowed the extraction of several
secondary forest metrics, including forest age (years since deforestation event), the
frequency of clear cuts (number of clear cuts), and period of active land-use - PALU
(years of agriculture or livestock practices before being abandoned and forest regrowth)

(Figure 1b). The authors updated the classification for data image acquisition (2016).

2.3. Inventory data

The forest inventory was carried out in August 2014, measuring 23 field plots (white
triangles in Fig 1a). Field plots were randomly selected in SFs, with ages varying from
12 to 34 years, according to land-use history obtained by the REGROWTH-BR project
(Carreiras et al. 2014, Figure 1b). These plots were subsequently grouped into two
intensity class of use prior abandonment (see section 2.3.2) to expand the sample size
for the growth models (Figure 2).

The method consisted of nested transects with different sizes, ranging from 10 x
100 m for the measurement of small tree individuals with diameters at breast height

DBH > 5 cm, up to 60 x 100 m to measure large-trees (DBH > 20 cm). The arboreal
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individuals were identified by species and botanical family by an experienced
parataxonomist and had its scientific names checked in the site: www.theplantlist.org
(Cassol et al. 2018b). Also, we computed some phytosociological parameters, such as

basal area (G), the number of species (S), and the number of individuals per hectare (N).

2.3.1. Above-ground biomass

The equation to estimate above-ground biomass (AGB) in living trees at the Manaus
study site was given in Brown, Gillespie, and Lugo (1989):

AGBiive = e( —2.41+40.9521n (DBH? h p) (1)

where AGB)jy. 1s the above-ground dry mass (kg), DBH is the diameter at breast
height (cm), p is the wood density (g cm™), 4 is the total tree height (m), obtained by
hypsometric equations adjusted by ecological species group (Cassol et al. 2018b). The
AGB from standing dead trees and palm trees were estimated by different
methodologies, as described in Cassol et al. (2018b). The total AGB was extrapolated to

the hectare by the sum of the individual tree weights in each plot (Mg ha™!).

2.3.2. Classes of Intensity from the previous land-use

The land-use history was assessed for two purposes: (i) to model secondary forest
growth as a function of past land-use, as reported by Wandelli and Fearnside (2015) and
(i1) to create an additional 120 independent sample plots for retrieving AGB using
polarimetric ALOS/PALSAR-2 data. Intensity classes separated land-use before
abandonment as (1) low intensity - one clear cut (deforestation event) and PALU <2
years; (2) high intensity - two or more clear cuts and PALU > 2 years (Figure 3).
Visually, we can see a clear separation of the structure and species distribution
of the secondary forest's profiles regarding intensity class in Figure 3. In A and B there

is a well-structured forest, well-distribution of individuals in all classes of diameter, and
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less light reaching the understory. Note the higher incidence of vines and lianas, in C
and D (Figure 3).

There are significant differences in phytosociological parameters measured in
the field according to intensity classes based on the Kolmogorov-Smirnoff test (Figure
4, p-value<0.005). In general, when initial disturbances are small, and land-use has a
short duration, the phytosociological parameters recover quickly. Low-intensity use
areas have higher values of stand parameters, such as average diameter, mean tree
height, basal area, number of species, and forest AGB (Figure 4).

The exception was the number of individuals per hectare (N), which has fewer
individuals in low-intensity use areas. Secondary forest AGB was significantly higher in
low-intensity areas than in high intensity used areas before abandonment (p; = 188.4
Mg ha'l, p, = 178.3 Mg ha'!, p-value<0.001, Figure 2). These differences in AGB
accumulation and phytosociological parameters support the treatment of SF growth by

intensity class.

2.3.3. Modelling tree growth

As the number of samples may be a limiting factor to retrieve forest AGB (Sinha et al.
2015), we model secondary forest growth by its age and intensity class to create new
independently AGB samples from the classified Landsat time series Figure 2b
(Carreiras et al. 2014). Furthermore, the purpose was to correct the values of AGB

collected during the field inventory in 2014 for the satellite overpass date (2016).

Therefore, to improve the model fit, we collected other 76 secondary forest plots
within the same study area describing the AGB, age, and intensity class, which were
added to the analysis, totalizing 99 1-ha plots (Gehring, Denich, and Vlek, 2005; Prates-

Clark, Lucas, and Santos, 2009; Steininger, 2000; Feldpausch et al. 2005; Lima et al.
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2007, Silva, 2007).

The model used was a three parameters Chapman-Richards model adjusted by
Nonlinear Mixed-Effects model (Pinheiro and Bates, 2000), where forest stand age was
treated as a fixed factor and the intensity class as a random effect (Table 1). Low-
intensity land-use accumulates more AGB in secondary forests up to 10 years (Figure
5a); the Mean Annual Increment (MAI) in low-intensity areas is almost twice the
increment of high-intensity areas in the early years (Figure 5b). After 20 years of
abandonment, SFs AGB presents similar growth curves and increment regardless of

their past land-use.

2.3.4. Additional sampling

Appling specific growth curves from Figure 5a, a total of 120 samples of AGB in the
study area (60 from intensity class IC = 1, and 60 from IC = 2) were created. The new
independent secondary forest samples were randomly located in the classification of the
Landsat times series, aged between 1 to 32 years, ranging from low to high-intensity use
classes (Figure 1b). The sample size was the same as inventory plots (60 x 100 m).
Finally, these 120 samples form the dataset for retrieving SFs AGB from

ALOS/PALSAR-2.

2.4. ALOS/PALSAR-2 data processing

Two full-polarimetric scenes were acquired for the study area in CEOS SAR format,
processing level 1.1. (Single Look Complex) in slant range high sensitive mode. The
acquisition dates were 04 and 18 April 2016, obtained in the ascending orbit to the right
of the antenna at 4:15 pm. The angle of incidence ranged from 33.8 to 36.5° to the dates

of April 4 and April 18, respectively. According to the meteorological institute of Brazil
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(INMET), rainfall prior to acquisition time was negligible.

The pre-processing steps were the following: multilook, filtering, extraction of
attributes derived from covariance and coherence matrices, polarimetric
decompositions, calibration, and geocoding (Figure 2). The multilook process is a
resampling step towards the azimuth applied to produce images with regular
dimensions, as well as to reduce the speckle effect (Lee and Pottier, 2009). The range
and azimuth resampling factor were set at 1:2, resulting in a nominal spatial resolution
of approximately 6.25 m. The speckle was reduced by the Refined Lee filter (11x11
pixels window size), which was considered optimal for our analysis (Cassol et al.
2018a). This filter size was a trade-off between the gain obtained by the indiscriminate
increase of the filter size and the loss of relevant radiometric information caused by
spatial smoothing (Lee and Pottier, 2009). The polarimetric decomposition involved the
extraction of 125 polarimetric attributes from coherence [T] and covariance [C]
matrices and used as predictors of multiple linear regressions models to retrieve AGB.

The full-list description is given in Table A.1. (Appendix I).

The conversion of the digital numbers from the SLC image to the backscatter
coefficient 6° (sigma nought, in dB) in the four polarizations (HV = VH) was performed
by (2):

a’ = 10 log1o(I* + Q) +CF (2)
where I is the in-phase and Q is the quadrature in the SLC data; CF is the
absolute calibration factor and has the value of -83 dB (Shimada et al. 2009).

After calibration and extraction of polarimetric attributes, the Range-Doppler

Terrain Correction performs image geocoding (Small and Schubert, 2008). This process

executes the SAR orthorectification with the precise transformation of slant-range to
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ground-range using a Digital Elevation Model (DEM) from SRTM

(Www.usgs.gov/srtm).

2.5. Partial Correlation and Feature Selection

To reduce data dimensionality, the "CFS filter" algorithm proposed by Hall (1999)
applies a variable selection in the FSelector package (Romanski and Kotthoff, 2014) in
the R Core Team (2017). According to the authors, the Correlation-based Feature
Selection (CFS) is an algorithm that selects a subset of attributes based on correlation
coefficients and the concept of information entropy (Hall, 1999). This step was critical
to avoid catching similar information from polarimetric decompositions, such as distinct
volumetric scattering mechanisms. The dataset was randomized into ten subsets by the
leave-one-out cross-validation process resulting in the best polarimetric attributes
subset. Attributes that appear in 90% of cases were used as selection criteria to model

SFs AGB.

2.6. Multiple linear regression models (MLR)

In the multiple linear regression models, the AGB (Y) dependent variable is estimated
by multiple independent variables (X) from the ALOS/PALSAR-2 images by a linear
relationship between these variables (3):
Yi= Bo+ B1Xi1 + B2Xi2 +... + BpXip + & (3)
where Y; is the AGB in the i-th observation in Mg ha’!, B, 1, B2,..., B are the
model parameters, X; 1, X;,..., X;, are the p explanatory variables of the model in the i-
th observation and the ¢; is the random error.

The analysis was performed using the exhaustive selection package of variables

"glmulti" implemented in R through the ordinary least square’s method (Calcagno and
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Mazancourt, 2010). Model selection was performed by the AIC criterion, where the
models with A AIC < 2 were chosen, and the best model was determined by the weights
given to the set of explanatory variables in the model — Akaike weights (w;) (Burnham
and Anderson, 2002). According to the authors, w; is the relative likelihood of the
model, given the data. These are normalized to sum 1 and interpreted as probabilities.
So, the ratio of Akaike weights w;/w; can be judged in favour of the best model against
alternative model w;. We also evaluated the best MLR model by the following criteria,
defined by (Motulsky and Christopoulos, 2003): 1) the significance of the estimate
parameters, standard error (Sy), and Variance Inflation Factor (VIF) of the regression
parameters; ii) the distribution of the standardized residuals to verify the absence of

outliers; and 1ii) the Breusch-Pagan test for the homoscedasticity of the residuals.

2.7. Model validation

The validation of the regression models was evaluated by the coefficient of
determination (R?) between the values predicted by the regression and the values from
the validation samples and by the distribution error of prediction, i.e., by Root Mean
Square Error of the Prediction (RMSEP) (Motulsky and Christopoulos, 2003) (4):
RMSEP = /bias® + s (4)
where bias is the difference between the observed and the expected value from
MLR, using validation sample. The distribution of the prediction bias was analyzed by
the t-test considering the null hypothesis of bias deviation equal to zero (without trend).
The selection of the best MLR model, therefore, combines the highest w; value and
lowest RMSEP. The bootstrap method with 100 repetitions was performed iteratively to
build the model and its confidence intervals, keeping 80% of samples for training and

20% of samples for validation (Figure 2).
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2.8. Uncertainty Analysis

We also assessed the major uncertainties considering retrieving forest AGB in different
stages of the estimation procedure. Understanding the source errors is critical to perform
wall-to-wall mapping of forest AGB, which is challenging in heterogeneous complex
tropical environments (Sinha et al. 2015). For the propagation of errors calculated here,
we assumed that all errors were distributed independently, uncorrelated, and random. In
order to make a comparison among scale and units, we reported the uncertainty through
relative mean errors (%). The propagation error (0Q) was defined by (5) (Motulsky and

Christopoulos, 2003):

5Q = (6a)? + (6b)% + (6¢)% + ... + (62)*

)

where 0Q is the square root of the sum squares or the mean uncertainty, and da,

ob, ..., oz are the specific uncertainties in percentage (%).

3. Results and Discussion

3.1. Performance of the Multiple Linear Models

Ten attributes were chosen as the best predictors of the SFs AGB using CFS feature
selection. The selected attributes were those from the multiple scattering mechanisms
from the canopy, such as the Bhattacharya and Yamaguchi volumetric scattering
components, the Shannon Entropy (SE), and the cross-polarization ratio (Rcp). The
attributes from the VV channel, whose responses are mostly related to the double-
bounce scattering components such as co-polarization ratio (Rpp), which becomes more
significant as the forest AGB increases (Figure 6).

The other attributes were related to the structure of the SFs, which, due to the

orientation of the multiple scatters, changes the signal phase return and causes
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depolarization between the polarimetric channels (Table 2). These attributes are the
terms off-diagonal of the coherency matrix [T]sx3 and the phase magnitude of the first
Touzi component (@s1) and showed lowest with SFs AGB (p < 0.28); the highest
correlation with SFs AGB was the contribution volumetric scattering mechanism
obtained from four-component model-based polarimetric decompositions, Bhattacharya
and Yamaguchi (p = 0.77-0.78) (Figure A.1, Appendix). According to the authors
(Yamaguchi et al. 2005; Bhattacharya et al. 2015), the four-component decomposition
model, instead of three as originally proposed by Freeman and Durden (1998), added
the helix scattering term in non-reflection symmetric scattering cases, i.e., when the co-
pol and cross-pol are not close to zero. At this moment, an asymmetric volumetric
scattering covariance matrix is used to an appropriate choice among the symmetric or
asymmetric covariance matrices to find the best fit with model data (Yamaguchi et al.
2005). The result is a strong power of the volumetric scattering contribution (Pv), even
in naturally non-distributed cloud dipoles as a forest environment.

Table 2 shows the results of the best models by the A AIC < 2 criteria, and the
model-averaged importance of the polarimetric attributes. Eleven models were pre-
selected by the A AIC <2 criteria. Four polarimetric attributes occurred in 80% of the
selected models. They were the ratio between HH and VV channels (Rpp), the terms
imaginary and real off-diagonal of the coherency matrix [T], and the volume power of
the Bhattacharya decomposition.

The selected model with six parameters (1) was able to explain 65% of AGB
variability of SFsat Manaus study site (R%adj. = 0.65; RMSE = 35.93 Mg ha!); and did
not show evidence of multicollinearity by VIF (Table 3). Considering that LogLik and

AIC had similar results when evaluating Akaike weights w;, the first model presents a

performance 30% higher than the second and 50% higher than the third (Table 2). The
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off-diagonal terms of the [T] and [C] matrices have rarely been selected for retrieving
forest AGB, due to the reflection asymmetry assumption. However, the importance of
some polarimetric attributes argues against this assumption. For instance, the relative
importance of Touzi component, which is formulated by the Kennaugh—Huynen
scattering matrix of the coherent target scattering, i.e., distributed targets (Touzi, 2004).
Also, the importance of four-component model-based on the Yamaguchi and
Bhattacharya decompositions, which consider asymmetry target to describe model
volumetric scattering better (Bhattacharya et al. 2015; Yamaguchi et al. 2005; Touzi,
2004).

The polarimetric attributes selected by MLR models in Table 3 have different
levels of iteration with forest AGB. The parameter T3realC is the real part of the term

T3 of coherence matrix [T] Tq3realC = 2((SH.H_ + SV_V_)Sﬁ_V). We can infer that high

AGB values presented higher T3 values or an increase of cross-talk between channels.

The same occurs concerning the imaginary term T1,imagC =

((Stp. — Svv) (S, + Syw) ™).

Shannon Entropy is the normalized contribution of the polarization degree of the
matrix [T] (SE_P_norm), that means the random degree of two of electric fields targets,
as two forest class, for instance (Réfrégier and Morio, 2006). So, the higher the value
higher the standard degree of randomness, i.e., they are more depolarized with the
AGB, which indicates that SE value increases with increasing AGB (Figure A.1).
TVSM phi_sl is the Touzi target phase angle of the first eigenvector 4; and represents
an unambiguous description of symmetric scattering phase. For asymmetric cases under
the assumption of the roll-invariant decomposition of coherent target scattering, the @s
solves the ambiguity of the scattering type phase in the electric field spherical-helices

basis (Touzi, 2007); TVSM_phi_ sl is more out of phase with the increasing SFs AGB.
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The increase of AGB seems to be more helical scattering-type and spatially
heterogeneous. By using the @s; parameter, Touzi (2007) observed clear discrimination
between small shrubs and sedges in wetlands.

The cross-polarization Ratio (Rpc) is the ratio between HV and HH channel
Rpc = Ohv/od),; values higher than one represent the largest volumetric contribution
with surface scattering (Henderson and Lewis, 1998). The relative standard errors of the
parameter's estimators were higher than Sy = 20%, except for the Bhattacharya
volumetric scattering component (Sy = 11.5%, Table 3); all estimator parameters were
significant at a = 0.05 (Table 3).

The selected model shows well-distribution of the residuals regardless of the
previous intensity use (Figure 7) and does not show evidence of heteroscedasticity (BP:
3.38, p-valor = 0.067). However, there is a tendency to overestimate low AGB values <
50 Mg ha! and underestimate AGB > 150 Mg ha! (Figure 8a), which is reflected in the
positive and non-zero bias by the t-test: ubias = 1.3 Mg ha'!, t = -2.21, p-value = 0.02
(Figure 8b). This behaviour is commonly reported in the literature due to the lack of
SAR signal sensitive to the increase of forest AGB (Imhoff, 1995; Saatchi et al. 2011).
Here, we also noticed an overestimation of low AGB values that may be due to high
increment rates of SF AGB in the low-intensity use areas. Besides, there is a slight
tendency to overestimate SF AGB submitted to previous low-intensity use (blue dots)
and to underestimate SF AGB submitted to high-intensity use (green dots) (Figure 7 and
Figure 8a). From these observations, we can infer that separated models by intensity
class could be built in future research.

The error of prediction after the bootstrap cross-validation was low and
represented 8.75% of the mean observed AGB (RMSEP = 8.8 +2.98 Mg ha'!), as

depicted in Figure 8a. The bias of the estimate was pbias = 1.3 + 36.5 Mg ha! (Figure
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8b). The RMSEP was low or at the same magnitude than the observed from other
simple regression (Saatchi et al. 2011; Santos et al. 2016) and MLR model (Bispo et al.
2014).

Recent studies have focused on semi-empirical approaches based on the Water
Cloud Model because these models seem to be insensitive to the increase of forest
AGB, although the RMSE tends to increase in densely vegetated areas (Bharadwaj et al.

2015, Kumar et al. 2012).

3.2. Model Performance Considering Past Land Use

We tested the contribution of the previous land-use history over SF areas by including
the period of active land-use (PALU) and clear-cut frequency (FC) in the MLR model.
When running the "glmulti" variable selection criterion, seven models with AIC <2
were generated, but only the first three presented all parameters with VIF < 10;
therefore, the others were excluded from the analysis. Here we depicted only the

selected model in Table 4.

As all models presented similar results, with at least one non-significant parameter at
the level a = 0.05, the second one was chosen because, besides presenting a smaller
number of independent variables (6), it had VIF <2 of the parameters. This model was
similar to the one obtained without the inclusion of PUS and FC variables in the model,
except for the phase magnitude of the first Touzi component, which presented higher
S.Y. % (Table 3).

The model with the inclusion of the land-use history was able to describe over
70% of AGB variability (R%adj. = 0.71, RMSEP = 8.2 + 2.63 Mg ha‘!) of the secondary
forests at Manaus study site. Besides, the AIC decreased from 1809.03 to 1781.24.

Standardized residues presented behaviour similar to that observed for MLR without a
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history of land-use (PALU and FC). The results suggested that the combination of
backscattering power with multi-source data as land-use history, height index or
interferometric coherence from InSAR (Bharadwaj et al. 2015; Kumar et al. 2012), local
geomorphometric variables (Bispo et al. 2014), and polarimetric attributes would
increase the accuracy of SFs AGB estimation across spatial scales and forest ages.
Finally, Figure 9 shows the SFs AGB in the study site. Note that young and
early SF (aged 1 to 15 years) are preferentially located on both sides of BR-174, north
of Manaus. Advanced S.F. stages (age > 16 years), on the other hand, are confused with

primary forests because their boundaries are not distinguished from these.

3.3. Uncertainty report

The mean uncertainty was 7.5% =+ 3.9% calculated by Eq (5). From the total uncertainty
(Figure 10), the highest errors encompassed the plot expansion step, i.e., when forest
biomass is scaled up from individuals to forest stands in hectare (26% Cassol et al.
2018a), followed by the reported land-use time-series (19% Carreiras et al. 2014), forest
inventory (19%), and then regression model (15%). It is interesting to note that
regression models (MLR) do not contribute to the highest errors in the AGB estimation.
Errors from the field measurements, commonly known as ground truth, represent 53%
of the total errors, which include, plot expansion, inventory measures, and allometry.
Secondary forest Carbon sink on tropical forests remains with a high degree of
uncertainty (Houghton et al. 2012; Aragdo et al. 2014); except for studies at local scales
(Neeff and Santos, 2005). Fast recovery of SF AGB associated with a high probability
of re-clearance makes it challenging to estimate annual net carbon emissions in these
areas. New platforms and sensors, as BIOMASS mission, which is designed with a P-

band polarimetric sensor onboard, that can perform tomographic and repeat-pass
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interferometry, set to be launched in 2022, would be appropriate to generate repeatedly

SFs AGB across the tropics (Le Toan et al. 2011).

4. Conclusion

The selected MLR model with six parameters estimator was able to explain 65% of the
biomass variability in secondary forest areas north of Manaus city, Central Amazonia.
Prediction errors, obtained by cross-validation, were only 8.75% (8.8 Mg ha-!). The
main regression parameters of the MLR models involved unusual polarimetric
decompositions and attributes as off-diagonal terms obtained from covariance [C] and
coherence [T] matrices. The assumption of reflection symmetry may be relaxed on
forest environments by the relative importance of its regression parameters. Considering
past land-use history information, such as the frequency of clear cuts and the period of
active land-use before abandonment on the input model, the model explains 71% of the
SFs AGB. Relative uncertainty was 7.5 &+ 3.8%, considering the different stages of the
estimation procedures, from field measurements to SAR inversion models. Highest
relative errors, however, were observed at the ground truth stages (inventory, allometry,
and plot expansion), representing 53% of the total. These models can help us understand
how the secondary forests interact with the different polarimetric attributes from the
ALOS/PALSAR-2 data, and especially to increase the accuracy of biomass and carbon

estimates in the study area, often covered by clouds.
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Table A.1. Polarimetric attributes. Note: [C]sx; covariance 3x3 matrix, [T]sx; coherency

3x3 matrix, [S].xe Sinclair 2x2 matrix. The complete nomenclature can be accessed in

Cassol et al. (2018a).

Input

NO

. Polarimetric Attributes Reference
Matrix att.
I CI11,1 Cl2imag, I Cl2real, I Cl3imag, I Cl3real,
[Cha 9 {22 1 C23imag, 1 C23real, T €33 Woodhouse (2006)
[Clsxs 3 Freeman_Dbl, Freeman Odd, Freeman Vol (Flr ggr;)an and Durden
[Clsxs 2 phh-vv, |phh-vv]| Woodhouse (2006)
Neumann, Ferro-Famil,
[Clsxs 3 Neumann_mDelta, Neumann_phDelta, Neumann_tau and Pottier (2009)
[Clsxs 3 VanZyl Dbl, VanZyl Odd, VanZyl Vol van Zyl (1993)
Yamaguchi_Dbl, Yamaguchi Hlx, Yamaguchi_Odd, .
[Clsxs 4 Yamaguchi Vol Yamaguchi et al. (2005)
Bhattacharya Dbl, Bhattacharya HIx,
[Clss 4 Bhattacharya Odd, Bhattacharya Vol Bhattacharya et al. (2015)
MCSM_Dbl, MCSM_DblHIx, MCSM_0dd,
[Clsxs 5 MCSM_Vol. MCSM_Wire Zhang et al. (2008)
[Clsxs 4 Singh Dbl, Singh HIx, Singh Odd, Singh Vol Singh et al. (2008)
TVSM alpha s, TVSM_alpha s1, TVSM_alpha_ s2,
TVSM alpha s3, TVSM phi_s, TVSM phi_sl,
[Sl2x TVSM_phi_s2, TVSM_phi_s3, TVSM psi_s, .
[Tlee  '© TVSM psi sl, TVSM psi s2, TVSM psi s3, Touzi (2004)
TVSM tau s, TVSM tau sl, TVSM tau s2,
TVSM tau s3
T11,
[Tl 9 T12imag,T12real, T13imag,T13real, T22,T23imag,T23re ~ Woodhouse (2006)
al,T33
A - anisotropy, H - entropy, a — alfa angle, B — beta
[Tl 15 angle, A — lambda angle, y — gamma angle, 6 — delta Cloude e Pottier (1997)
angle, pl, p2, p3, HA., H A, Al, A2, A3
T11 _H,
[Tl3x3 9 T12imag H,T12real H,T13imag H,T13real H,T22 H, Huynen (1970)
T23imag H,T23real H,T33 H
T11 _C,T12imag C,T12real C,T13imag C,T13real C,
Ths % 127CT23imag C.T23real CT33 C Cloude (1985)
T11 B,T12imag B,T12real B,T13imag B,T13real B,
[Tl ® 122 B.T23imag B.T23real B.T33 B Barnes-Holm (1988)
SE — Shannon Entropy, SE_norm, SE I, SE I norm, o4 .
[Tlsxs 6 SE_P, SE_P norm Réfrégier e Morio (2006)
Allain, Ferro-Famil, and
[Tlaxs 4 SERD, SERD norm, DERD, DERD norm Pottier (2005)
. Durden, van Zyl, and
[Tlsxs 1 P.H. - pedestal height Zebker (1990)
. . Ainsworth, Lee, and
[T]3x3 1 P.F. — Polarization Fraction Schuler (2000)
[Tl 1 RVI — Radar Vegetation Index van Zyl (1993)
(] 3 VSI — Volume Scattering index, BMI — Biomass Index, = Pope, Rey-Benayas, and
3 CSI — Canopy Structure Index Paris (1994)
[Clsxs 1 RFDI — Radar Forest Degradation Index Saatchi et al. (2010)
[Clsxs 1 span (Tp) — Total power Woodhouse (2006)
(] ) Rep - Cross-polarization ratio, Rpp — parallel Henderson and Lewis
3x3

polarization Ratio

(1998)
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[Clsxs 1 Forest Nguyen et al. (2016)
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Table 1. Description statistic of the nonlinear mixed effects model of Chapman-

International Journal of Remote Sensing and Remote Sensing Letters

Richards model using "nlme" package. MSE — mean square error.

Page 28 of 42

Model: AGB ~ 0, (1 — e (-0.1225 age)) *3

IC =1

Parameters: Est. Std. Error T-value PC>t)

0, 187.1 9.1 20.5 2.0E-16 ok

0 0.84 0.14 6.0 1.2E-07 Hoxk
MSE 374

IC=2

Parameters: Est. Std. Error T-value PC>t)

0, 217.6 22.1 9.8 4.69E-11 HoEk

0 2.46 0.65 3.8 0.000641 Hoxk
MSE 59.5

Random effects: List (6;~ 1,65~ 1)

Level: I.C. Structure: Diagonal MSE

Correlation: 0, 0, 0

0; 0.26 0.0011 0.56 4.7
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Table 2. Model description of AAIC < 2 selected by the exhaustive "glmulti" package.

w; are the weights given by the relative likelihood amongst models (Burnham and

Anderson, 2002).
N MLR Model g) 8 Ac W
1 ;11&;\1%@ﬂ%&ﬁ?ﬂachmya_w1+SE_p_norm+T12_1 6 8965 1809.0 0.122
2 ;};I}’ f;fﬁg;g;%ﬁiﬁgﬁrﬁgvoprSE—P—“°m+SE—“ 7 8958 1809.5 0.094
3 ; 11*2’1__1512 ZE Z}r/ls?l)\f r_giic_ ii{t]ghattacharya_VoH—SE_norm+ 7 8962 18103 0.065
4 gfﬁﬁﬁgljé;ﬁfﬁ*;g_‘ﬁ;gﬁgﬁigjfgjggg°1+E 8 -8952 18104 0.062
s~ 1+Bhattacharya Vol+ES P norm+ES norm+T12 imag 6  -8970 18104 0.062

C+T13 realC+Rpp
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Table 3. Statistics of the selected MLR model to estimate AGB of secondary forests at

Manaus study site. Sy — standard error; Sy — relative standard error (%), VIF — variance

International Journal of Remote Sensing and Remote Sensing Letters

inflation factor.

Polarimetric attribute  Estimate Sy Sy (%) p-value VIF
(Intercept) ~1 -60.64 20.6 -34.0 0.0037

TVSMphi_sl 0.71 0.3 46.1 0.0314 4.06
Bhattacharya Vol 272.76 31.2 11.5 <0.0001 2.26
SE P norm 34.77 14.8 42.6 0.0202 241
T12 imagC 910.79 274.1 30.1 0.0011 4.14
T13 realC 733.02 237.4 324 0.0024 1.03
Rpc 58.31 23.3 40.0 0.0134 1.38
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Table 4. Statistics of the selected MLR model to estimate AGB of secondary forests at
Manaus study site. Sy — standard error; sy — relative standard error (%), VIF — variance

inflation factor.

oNOYTULT D WN =

9 Polarimetric attribute Estimator Sy Sy (%) p-value VIF

(Intercept) ~1 -27.05 20.2 74.7 0.181
12 Bhattacharya Vol 259.40 28.9 11.1 0.000
13 SE P norm 30.35 13.8 45.5 0.030
14 T12_imagC 412.11 131.1 31.8 0.002
15 T13 realC 592.22 220.9 37.3 0.008
16 Rpp 46.85 21.7 46.3 0.032
Bhattacharya Vol 259.40 28.9 11.1 0.000
PALU -11.27 1.9 16.9 0.000
20 FC 2.82 1.3 46.1 0.034

—_— = DN = = = DN DN
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Figure 1. Location of the study area. (a) ALOS/PALSAR image in colour composition
R(H.H.)G(H.V.)B(H.H.) highlighting inventory plot location (white triangle). (b)

Classification of time-series of Landsat imagery to map several parameters of the

secondary forests in the study site. Source: Carreiras et al. (2014).
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Figure 2. Methodological flowchart.
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it D AN

Figure 3. Profile of the secondary forests at Manaus study site regarding land-use before
abandonment. A and B low-intensity class (IC = 1). C and D high-intensity class (IC =
2).
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Figure 4. Distribution of phytosociological parameters by intensity class of previous use
36 in secondary forests from Manaus: 1 — low-intensity; 2 — high-intensity. (a) Average

38 diameter of breast height (DBH) at 1.3 m, DBH > 5cm (cm). (b) Mean tree height (m).
(c) Basal area (G) (m? ha!). (d) Number of species per ha (S) (sp ha!). (¢) Number of
41 individuals DBH > 5 ¢cm per ha (N) (ind ha™'). (f) Above-ground biomass per ha (AGB)
43 (Mg ha'').
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Figure 5. Growth curves of the secondary forest by intensity class. (a) Above-ground
biomass accumulation by stand age, in years. Confidence intervals are represented in

light shade areas. (b) Mean annual increment of AGB by age.
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Figure 6. Performance of multiple linear models with CFS using "glmulti" exhaustive
model selection algorithm. The x-axis in the right figure refers to partial importance

correlation of each variable in the model.
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Standardized residuals

24 Prediction AGB values (Mg. ha ")

Figure 7. Distribution of standardized residues for the multiple linear model selected.
30 Blue dots are low-intensity use plots, and green dots are high-intensity use areas. The

32 dotted line is = 1o. The dashed line is the perfect residual fit.
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Figure 8. Cross-validation of MLR for AGB estimation at Manaus study site. A)
Biomass distribution after bootstrapping cross-validation between the estimated and
observed AGB values. The solid line represents the perfect 1:1 fit and the dotted line the
adjustment after cross-validation R?2 = 0.65; RMSEP = 8.8 + 2.98 Mg ha!. B)
Probability density histogram of AGB bias after bootstrapping. Blue bars are low-

intensity use plots, and green bars are high-intensity use areas.
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Figure 9. Above-ground biomass map in the study site.
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Figure 10. Partial uncertainty assessment in different stages for retrieving SFsbiomass
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Figure A.1. Correlation matrix between AGB and the polarimetric attributes from CFS
selector of the ALOS/ PALSAR-2. Note: AGB_adj — Above-ground biomass adjusted
by growth curves; PALU — the period of active land-use; F.C. — frequency of clear cuts;

Rpp — parallel polarization Ratio between V.V. and H.H. channel (1 > dominant double-
bounce scattering, <1 dominant odd-bounce scattering) Rpp = va/ oPy; T13 realC —
real term off-diagonal of the coherency matrix T3 = 2((Sy.u. + Syv)Siiv.); T12_imagC
— imaginary term off-diagonal of the coherency matrix T, =

((SH,H. —Suv)(Syn + Svw) ); Bhattacharya Vol — volumetric contribution of

Bhattacharya decomposition; TVSM_phi_sl— Touzi target phase angle of the first

eigenvector (@s1); SE P norm and SE P — contribution of the Shannon Entropy

polarimetry normalized ([0, 1]; O = depolarized entropy, 1 = polarized entropy) SEp
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=log (1 —prd), pr= \/1 — 271 [T] |/Tr[T] 3; 1 (33 — third element of the covariance
matrix Czp = (|Syv.|%). Yamaguchi Vol — volumetric contribution of Yamaguchi

decomposition; Rpc — cross-polarization Ratio is the ratio between H.V. and HH

channel (1 > higher volumetric contribution in relation to surface scattering) Rpc =

va/ (0 ﬁh.
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