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Abstract: Secondary forests (SF) are important carbon sinks, removing CO2 from the atmosphere 16 
through the photosynthesis process and storing photosynthates in their aboveground live biomass 17 
(AGB). This process occurring at large-scales partially counteracts C emissions from land-use 18 
change, playing, hence, an important role in the global carbon cycle. The absorption rates of carbon 19 
in these forests depend on forest physiology, controlled by environmental and climatic conditions 20 
as well as on the past land use, which is rarely considered for retrieving AGB from remotely sensed 21 
data. In this context, the main goal of this study is to evaluate the potential of full polarimetric 22 
ALOS-2 PALSAR-2 data for estimating AGB by taking into account the past-land use of SF areas in 23 
the Brazilian Amazon. We surveyed a chronosequence of 42 SF plots (20 ha) near the Tapajós 24 
National Forest in Pará state to quantifying AGB growth rates. We explored the full polarimetric 25 
data testing three regression models including non-linear (NL), multiple linear regressions models 26 
(MLR), and the semi-empirical extended water cloud model (EWCM). The results showed that the 27 
intensity of previous use has affected the structure of SF by reducing the AGB accumulation and 28 
being noticeable by several polarimetric attributes. The combination of multiple prediction 29 
variables with MLR improved the AGB estimation by 70% comparing amongst other models (R² 30 
adj. = 0.51; RMSE = 13.2 Mg ha-1) bias = 2.1 ± 37.9 Mg ha-1. The error propagation of the MLR model 31 
was estimated to be 15%.  32 

Keywords: backscattering; L-band; SAR polarimetry; microwave; Chapman-Richards model; 33 
tropical forest   34 

 35 

1. Introduction 36 

Secondary forests (SFs) are defined as areas of forests where clear cut was made only by 37 
anthropic actions, whether or not for conversion to other land uses [1]. Despite the multiples 38 
definitions of SFs fond in the literature [2, 3, 4, 5], hereafter, we consider as SF areas those that are in 39 
a process of regeneration after clearcutting Primary Forests (PFs) or SFs according to Convention on 40 
Biological Diversity CDB [1]. This definition was chosen because it adequately encompasses the 41 
classes of SF discriminated by satellite data on a regional or global scale [6]. 42 

According to Forest Resources Assessment FRA/FAO [7], from 106 nations located in the 43 
tropics, 36 have all remaining forests composed of SFs, almost half of all tropical countries have the 44 
majority of their forest land dominated by SFs, and only 19 of them have the dominance of PF in 45 
their territory, including Brazil. These numbers have led some authors to recognize the importance 46 
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of SFs, not only because of the capacity of these forests in maintaining biodiversity and mitigating 47 
anthropogenic carbon emissions, but also because SFs a likely to be the dominant state of rainforests 48 
in the future [2, 8, 9, 10, 11, 12].  49 

Forests undergoing regeneration partially offset carbon emissions from land use change and 50 
fossil fuels by accumulating carbon in their biomass. It has been estimated that SFs have the 51 
potential to accumulate 0.86 Pg C yr-1 in Latin America [10]. This value is twice as large as carbon 52 
emissions from Land Use, Land-Use Change and Forestry (LULUCF), which accounts for 0.47 Pg C 53 
yr-1 [13]. In the Brazilian Amazon, estimates of C accumulation in SFs vary between 0.06 Pg C yr-1 54 
[15] and 0.15 Pg C yr-1 [14]. Despite large uncertainties in these estimates, carbon uptake by SFs is 55 
likely to represent 17–44 % of total carbon emission from deforestation in the Brazilian Amazon. For 56 
improving these estimates, it is, therefore, crucial to accurately quantify the extent and growth rates 57 
of SFs in Amazonia [10, 13, 15, 16].  58 

In the Brazilian Amazon, SFs covered between 140,000 km² and 228,000 km² until 2010 [19, 20, 59 
22], representing approximately 30% of accumulated deforestation since 1988 (PRODES/INPE) [23]. 60 
The estimation of the extent of SF is often made using data from optical sensors [25, 26]. However, 61 
the low ability of these sensors in separating succession classes, confusion with other vegetation 62 
classes and the constant presence of clouds may reduce the accuracy of these estimates in tropical 63 
regions [24, 25]. To overcome these problems the analysis of time-series of land cover maps is 64 
essential for mapping SFs in the tropics to avoid misclassification [19]. These time-series also provide 65 
relevant information about prior land use history of each SF patch, including the period and type of 66 
land use before abandonment, the clear-cut frequency, and the fire history [19, 20, 24, 27]. This 67 
multi-temporal information is useful to model SF growth rates and to reduce the uncertainty of 68 
estimates throughout the Amazon region [18, 28].  69 

Knowing the extent and biomass stocks of SFs is critical for modeling the impacts and 70 
feedbacks of climate change, by allowing a better representation of the magnitude of carbon 71 
assimilation in tropical forests. . Despite several quantifications of the areal extent of SFs have been 72 
done before, uncertainties still remain because of the above-mentioned limitations inherent of 73 
optical satellite sensors. Estimating forest biomass in these SFs, additionally, has been performed 74 
using Synthetic Aperture Radar (SAR) data because of two main reasons: avoidance of the effects of 75 
high frequency of cloud cover in tropical regions and sensitivity to biomass density values above 300 76 
Mg ha-1 common in tropical forests with complex structures [19, 29, 30]. 77 

Forest AGB is usually estimated through regression models based on empirical relationships 78 
between AGB and radar parameters, including backscattering intensity or polarimetric 79 
decompositions [29, 30]. L-band SAR data is currently being used for AGB modeling, as the 80 
wavelength of its microwave pulse (23.5 cm) matches the dimensions of forest woody components. 81 
However, the sensitivity of L-band SAR data for estimating AGB is efficient until 100–150 Mg ha-1, 82 
with saturation of the signal observed above these values [31]. To overcome this limitation, the use 83 
of multiple variables obtained from polarimetric decomposition has been proposed to describe these 84 
structurally complex environments [32, 33, 34]. Multiple linear regressions (MLR) have achieved R² ≈ 85 
0.7 for AGB prediction when using multiple variables from polarimetric decomposition [29, 32]. 86 
Furthermore, a new semi-empirical extended water cloud model (EWCM) has also been tested for 87 
AGB modeling [35, 37]. In this parametrization, AGB is inverted from the model by decomposing the 88 
backscattering in three elementary components obtained from the Freeman-Durden or Yamaguchi 89 
decompositions: odd-bounce, double-bounce, and volumetric [38]. The advantage of the EWCM 90 
model is to be insensitive of signal saturation to higher AGB values and the physical meaning of its β 91 
parameter [37]. Although these studies have retrieved AGB using polarimetric data, they were 92 
carried out only on PFs or using logarithmic models. So, the potential of polarimetric data for 93 
assessing AGB in SF is still rare in the literature. 94 

Hence, the goal of this paper is to test the accuracy of AGB estimation in the SFs at the Santarem 95 
study site by analyzing polarimetric (quad-pol) data from the Advanced Land Observing Satellite-2 96 
Phased Array L-band SAR-2 (ALOS-2 PALSAR-2). We used three regression models: nonlinear 97 
regression (NL), multiple linear regressions (MLR), and the semi-empirical EWCM. Moreover, we 98 
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also evaluate the use of ALOS-2 PALSAR-2 data to characterize SF according to land use intensity 99 
before abandonment. We expect that land use history would directly influence the shape of the 100 
relationship between parameters derived from the SAR data and forest biomass (structure of the 101 
SFs). Such analysis is designed to help us understand which parameters of SAR data are more 102 
related to forest regrowth pathways, improving the accuracy for estimating forest carbon stock and 103 
dynamics. 104 

2. Materials and Methods  105 
The study was carried out at the vicinity of the National Forest of Tapajós (FLONA Tapajós), 106 

hereafter described as the Santarém site, located 80 km south of the city of Santarém, Pará state. This 107 
site comprises an area of 1.118 km² and was part of the REGROWTH-BR project studying SFs of 108 
varying ages and subjected to different historical land use [20] (Figure 1). 109 

 110 

Figure 1. Site location and field plots inside the Regrowth-BR project (crosses). Background image is 111 
ALOS-2 PALSAR-2 color composite of Yamaguchi three scattering mechanisms: RGB/odd-bounce 112 
volumetric double-bounce. Red continuous line represents BR-163 highway, which connects city of 113 
Santarém, Pará State, and Cuiabá, Mato Grosso State. Optical background image is Landsat 5 TM 114 
Path/Row 227/69 of 29 Jun 2010.    115 

2.1. A brief history of the ocupation in the Santarém region 116 
Santarém has a long tradition in the production of raw materials from agriculture and forest 117 

extractivism [39]. Archaeological discoveries in this region showed continuous human activities that 118 
date back to 7000-8000 years-old [40]. When the Europeans arrived in Santarém in the 17th century, 119 
the region was already a complex center with a structure formed by several indigenous nuclei that 120 
practiced agriculture, trade and taxation [40].  121 

Recently, the region underwent several agroforestry cycles: rubber (1924-1945), fiber 122 
production (1950s), and pepper (1970) [39]. At the beginning of the 21st century up to 2007 areas 123 
previously abandoned by slash-and-burn agriculture were deforested again, following 124 
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developmental programs to accelerate the soybeans outflow from the Midwest to the port of 125 
Santarém with the paving of the BR-163 highway [41]. As a consequence of this "new occupation", 126 
57% of the SFs in this study area are between 6-15 years old and have been deforested more than 127 
three times since 1984 [20]. Besides that, Santarém has passed through severe droughts and forest 128 
fires in 1998, 2005, 2010 and 2015, thus further changing the dynamics of land use and land cover 129 
change [42]. 130 

2.2. Site description 131 
The climate is classified as Am by Köppen climatic definition, with mean annual temperature 132 

between 25.5 and 26.7 0 C [43, 44]. According to Chave et al. [50], Santarém site is considered moist 133 
forest located in areas with annual rainfall between 1500-2500 mm and dry season length < 5 months. 134 
The dry season, considering average monthly rainfall lower than 100 mm, occurs from July to 135 
November. The soils are predominantly Oxisols (red-yellow Latosols), with low cation exchange 136 
capacity, high saturation by exchangeable aluminum Al+++, low pH, and are mainly found in 137 
non-flooded upland Terra-firme areas [45]. In a lesser proportion than Oxisols, Ultisols (Argisols) 138 
occurs in lowland and floodplain areas, which are also nutrient poor and often sandier [46, 47]. The 139 
terrain is flat to undulate and the altitude is 100 m above sea level [49]. 140 

The vegetation prior to deforestation is classified as Dense Ombrophilous Forest of Terra-firme 141 
and Open Rain Forest composed of palm trees in the sandy soils as Attalea speciosa Mart. (Babaçu) 142 
and A. maripa (Aubl.) Mart. (Inajá) [51, 52, author's observations]. Dense Ombrophilous Forest of 143 
Terra-firme presents a bi-modal distribution of tree-canopy height, one stratum formed by emergent 144 
trees as Manilkara huberi (Ducke) Chev. (Maçaranduba) e Hymanaea courbaril L. (Jatobá) with an 145 
average height of 35-40 m and a lower stratum made of sub-dominant trees (average height = 15-30 146 
m) [53, 54, 55]. SFs, however, show an unimodal distribution of tree-height with mean 14.3 m where 147 
emergent trees are rare and are represented by small individuals [58]. The species density ranged 148 
between 133 and 186 sp ha-1, and the tree density is 441 ± 43 ind ha-1 with the most predominant 149 
families being Lechytidaceae and Fabaceae [43, 53, 54]. 150 

2.3. Field and SAR data  151 
The processing steps of field inventory and ALOS-2 PALSAR-2 data processing are shown in 152 

Figure 2 and are described in the following sections. 153 
 154 
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 155 
Figure 2. Methodological flowchart. Land use history of secondary forests (SFs) was obtained from 156 
the analysis of Landsat time-series [20], whereby were extracted the SF age, the period of active land 157 
use (PALU), the frequency of clear cuts (FC), and the intensity class of land use (IC). Field data 158 
processing following forest inventory to obtain biophysical parameters of SFs is highlighted in green. 159 
In yellow we summarize the processing steps of full-polarimetric SAR data. The methodology to 160 
characterize and to model AGB biomass in SFs is shown in the middle panel. Dashed boxes represent 161 
statistical analysis. 162 

Landsat time-series were used to extract the land use history in SFs, such as age, period of 163 
active land use (PALU), and frequency of cuts (FC), and are described in Carreiras et al. [20]. SFs 164 
were then grouped into two classes of previous land-use intensity, referred to as intensity classes 165 
(ICs): IC = 1 when PALU ≤ 2 years and FC ≤ 2 times, or IC = 2 for PALU > 2 years or FC > 2 times. 166 

Field plot data were composed by two databases: 16 plots measured in this study and 26 plots 167 
measured by Silva [57] (Table 1). The sample plots were placed close to the Tapajós National Forest 168 
(FLONA Tapajós, Pará State) on either side of the BR-163 highway, 100 km to the south of the 169 
Santarém city (Figure 1). 170 

In this study we measured 16 nested plots of 60 x 100 m in advanced SFs (> 16 years) during 171 
September 2015. In the nested plots, all trees with a diameter at the breast height (DBH at 1.3 m 172 
height) greater than or equal to 5 cm were measured within a 10 × 100 m plot size. Trees with a DBH 173 
≥ 10 cm were measured in a 20 × 100 m plot size, and trees with a DBH ≥ 20 cm were measured in a 174 
60 × 100 m plot size.  175 

 176 
 177 
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Table 1. Field plot information by age, Diameter at Breast Height (DBH at 1.3 m height), area, and plot size.  178 

N Plot size (m) DBH min (cm) Age (years) Area (ha) Reference 
16 10 x 100 5 16 - 28 1.60 Our study 
16 20 x 100 10 16 - 28 3.20 Our study 
16 60 x 100 20 16 - 28 9.60 Our study 
14 20 x 50 5 1 - 7 1.75 Silva et al. [57] 
9 20 x 50 5 7 - 16 2.40 Silva et al. [57] 
3 25 x 100 10 > 16 1.35 Silva et al. [57] 
 179 

Silva [56] carried out a field campaign between 2012 and 2013 at the same site. The method 180 
consisted of the collection of 23 plots (20 x 50 m) for the SF with initial and intermediate stages of 181 
succession and 3 plots for the advanced stages of succession (25 x 100 m). In both databases, all 182 
individuals were identified at the species level. 183 

2.4. Aboveground biomass (AGB) allometric equations 184 

The total AGB is composed by the sum of three components of the forest plots: living tree AGB, 185 
palm AGB, and standing dead tree AGB. Each of these components was addressed separately and 186 
has their own allometric equations for AGB estimation. The total AGB, hereafter named AGB, was 187 
then extrapolated to unit area (Mg ha-1). 188 

We evaluated 23 allometric equations to estimate AGB that are available from the literature for 189 
primary and secondary forests, and compared to the equations estimates with those from 148 190 
harvested trees [59, 60]. All tested equations underestimated AGB, but the equation from Brown et 191 
al. [62] presented the lowest relative root mean square error (RMSE = 14%). The underestimation was 192 
due to the errors concerning individuals with DBH > 30 cm whose values were superior to 400 kg. 193 
Hence, living AGB was estimated with the equation developed by Brown et al. [62]: 194 

௟௜௩௘ܤܩܣ =  exp(−2.41 + 0.9522 ln(DBHଶ h ρ))                                               (1) 195 
where AGB is the live aboveground biomass in kg, DBH in cm, h is the total height estimated by 196 
hypsometric equations adjusted by ecological species groups by Cassol et al. [58], and ρ (rho) is the 197 
wood density collected from the literature and from the Global Wood Density Database [58, 61]. 198 
Palm AGB was measured with distinct equations according to Table 2. 199 

Table 2. Equations to estimate the above-ground biomass (AGB) of palm trees. 200 

Species AGB Equation Nº Reference 

Astrocaryum aculeatum G.Mey., Euterpe precatoria 
Mart., Oenocarpus minor Mart., Syagrus inajai 
(Spruce) Becc., S. coccoides Mart. 

AGBpalm = 0.399 + 7.907 h (2) [63] 

Astrocaryum vulgare Mart AGBpalm = 21.302 h (3) [64] 
Attalea maripa (Aubl.) Mart. and A. speciosa 
Mart. 

AGBpalm = exp(3.257 + 1.125 ln (h + 1))  (4) [64] 

Elaeis oleifera (Kunth) Cortés AGBpalm = (0.55512 (h DBH² ρ)0.25)4 h  (5) [64] 
Oenocarpus bacaba Mart. AGBpalm = exp(4.5496 + 0.1387 h)  (6) [64] 

 201 
The AGB of standing dead trees was estimated with (1) using a rotten wood density ρ = 0.342 g 202 

cm-3 and with (5) for dead palms using ρ = 0.327 g cm-3 [65]. 203 
SF plots provided by Silva et al. 2016 had their AGB estimated by Uhl equation [66]: 204 

௟௜௩௘ܤܩܣ =  exp(−2.17 + 1.02 ln(DBHଶ) + 0.39 ln (h))               (7) 205 
 206 
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2.5. Growth models for biophysical variables 207 

The objective of modeling secondary forest growth was to project the estimates of those 208 
biophysical variables to the SAR acquisition date in order to avoid temporal mismatch between both 209 
datasets, and also to provide the accumulation rates of these variables by age. Otherwise, the data 210 
from SAR may be not representative of the structural biophysical parameters presented on SFs. The 211 
biophysical parameters modeled were: mean diameter (DBH), mean total height (Ht), basal area (G), 212 
tree density (N), number of species per hectare (S) and total aboveground biomass (AGB). The 213 
selected growth yield model was Chapman-Richards (8): 214 

௧ܻ = 1)ܣ  − ݁ି௞௧)௖ +  215 (8)               ߝ
where Yt represents the size of the variable at age t; A refers to the asymptote (maximum value of Y 216 
as age tends to infinite), the coefficient k is the growth rate of Y as a function of time t, c is the shape 217 
of the curve (inflection point), and ε is the experimental error. The negative exponential was used to 218 
estimate N (9) as [17]:  219 

ܰ = ௔ܰ + ( ଴ܰ − ௔ܰ). ݁ି௞௧ +  220 (9)               ߝ
where N0 is the asymptote (number of individuals per hectare at t = 0), Na is the number of 221 
individuals per hectare at t = ∞, k is the decrease rate of N at time t. The parameters of the (8) and (9) 222 
were adjusted using the non-linear least squares method [67]. 223 

The input data for the growth models were obtained from SFs data located in Santarém region 224 
with ages varying from 1 to 30 years, along with field plots measured in the present study [68, 69, 225 
70]. Plots obtained from these studies vary according to size, age, and methodology of measurement, 226 
but were carried out under similar environmental conditions (same geographic location) - 1st model 227 
assumption. However, the high variability of the dataset may result in the non-convergence of the 228 
growth model parameters; and a simple solution is to hold fixed one of its parameters [71]. Thus, a 229 
fixed value was assumed for the asymptote (A, N or N0) of each biophysical parameter whereby we 230 
assumed that SF reaches resembling values of adjacent PF - 2nd model assumption [17]. These 231 
maximum values were obtained from the literature and correspond to the mean value observed in 232 
the PFs located nearby the study area (Table 3). The goodness-of-fit of the Chapman-Richards 233 
models was evaluated by the significance and the confidence interval of their parameters, as well as 234 
by the visual analysis of their residuals [72].  235 

Table 3. Asymptote of the biophysical parameters in the primary forest used for modeling the 236 
secondary forest growth.  237 

Biophysical parameters Asymptote Units References 
Mean diameter (DBH) 23.1 cm 17, 49, 56, 75, 77, 81, 82, 83 
Mean total tree height (Ht) 25.0 m 17, 56, 78, 81, 85 
Basal area (G) 24.4 m² ha-1 17, 56, 73, 74, 76, 78, 80, 81, 84 
Species richness (S) 133.00 sp ha-1 53 
Tree density (N) 433.00 individuals ha-1 17, 53, 74, 75, 80, 81, 84  
Aboveground biomass (ABG) 314.00 Mg ha-1 17, 53, 54, 56, 86 

 238 
From the adjusted models, the accumulation rates of the SFs were obtained through the partial 239 

derivatives of the AGB model. The mean annual increment (MAI) was obtained by the derivative of 240 
the second order, or simply by dividing the estimated value by the corresponding age [87]. The age 241 
at which SF growth rate is maximum (maximum MAI) was then estimated according to the MAI 242 
curves. 243 

2.6. ALOS-2 PALSAR-2 data processing 244 
Two full-polarimetric scenes covering the study site were acquired in CEOS SAR format single 245 

look complex (SLC) at processing level 1.1 in slant range and HBQ mode of acquisition (High 246 
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Sensitive). SAR images were acquired at descending orbit in a right-looking off nadir angle (θ) of 247 
28-31˚. The SLC nominal resolution is 2.86 m and 3.13 m in range and azimuth respectively. Both 248 
scenes were acquired at the end of rainy season (6 February 2015). The cumulative rainfall on the 249 
date of acquisition and the day before was 10 mm [89]. The low accumulated precipitation at the 250 
previous date, however, should not cause major problems related to the increase in dielectric 251 
constant given the high evaporation in this season (about 3.5 mm day-1), whereby partially cancels 252 
the cumulative precipitation.  253 

In orbital low-frequency SAR systems, the path of the microwave pulse traverses twice the 254 
ionosphere, a region of free electrons pervaded by the magnetosphere resulting in the rotation of the 255 
plane of the polarization wave, known as Faraday Rotation (FR) [90]. The magnitude of the FR 256 
depends on a number of factors, including RADAR wavelength, degree of ionization, solar activity, 257 
geographic position, and total electron content (TEC) at the acquisition date. The TEC is defined as 258 
amount of free electrons in the ionosphere magnetic field and causes an increase in the FR angle (Ω). 259 
Due to intense solar activity, the TEC observed at the acquisition date was high, circa 70 x 1016 260 
electrons m-2, which resulted in a FR angle of approximately 15˚ in the plane of transmitted wave 261 
polarization and around 30˚ considering the transmitted and received wave [90, 91, 92]. According 262 
to Wright et al. [92], angles of rotation greater than 8.3˚ may reduce the accuracy of biophysical 263 
parameters estimation. FR was previously corrected in one scene, but preliminary analysis of the 264 
corrected data showed no significant changes in the polarimetric responses of the main forest 265 
targets. So, we did not perform FR correction in order to avoid unnecessary transformation of the 266 
coherence matrix, although we believe this correction is necessary when data from different orbits 267 
and dates will be used, or for classification purposes.  268 

Image processing consisted of the following procedures: multilooking, polarimetric filtering, 269 
extraction of attributes derived from covariance and coherency matrices, polarimetric 270 
decompositions, calibration, and finally geocoding (Figure 2). 271 

The azimuth and range resampling factor (multilooking) was set at 2:1, resulting in a nominal 272 
spatial resolution of approximately 6.25 m squared pixel. Although multilooking is a process of 273 
de-speckling, we also performed a polarimetric filtering to further reduce speckle noise. 274 

Since the size of the forest plots are several orders of magnitude greater than the SAR spatial 275 
resolution (10-15 times), we have tested different filter sizes with the objective of finding the most 276 
suitable window size for de-speckling. So, we used a Refined Lee polarimetric filter, testing ten 277 
different filter sizes, from 3x3 to 21x21 pixels and compared the resulting mean intensity 278 
backscattering in all polarizations with the AGB from field data. The optimal window size was set 279 
up to 11 x 11 pixels, selected by looking at the mean relative growth of R² between filters of different 280 
sizes and the AGB at plot level (Figure 3). This optimal window size was a trade-off between the 281 
gain obtained by the de-speckling caused by indiscriminate increase of the filter size and the loss of 282 
relevant radiometric information caused by smoothing [59]. 283 
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 284 

Figure 3. Coefficient of determination between mean HH, HV and VV backscatter and AGB by filter 285 
size (main axis). Relative growth of R² by filter size unitless (secondary axis). 286 

Several attributes from the coherency and covariance matrices and polarimetric decompositions 287 
were obtained for characterizing SF by ICs and for modeling forest AGB. PolSARpro 5 288 
(https://earth.esa.int/web/polsarpro/home) was used to generate 125 polarimetric attributes (Table 289 
A.1, Appendix A). 290 

Calibration consists of converting digital numbers (DN) to backscatter coefficient σ 291 
(sigma-naught, in dB) in the four polarizations, and is calculated by (10) [88]: 292 

σ◦ = 10 log10 (I² + Q²) + CF              (10) 293 
where I and Q are the phase image and complex image phase quadrature (SLC), respectively. CF is 294 
the calibration coefficient factor CF = -83 dB ± 0.406 dB [88]. 295 

After calibration and extraction of the polarimetric attributes, data was geocoded using the 296 
Range-Doppler approach. This process performs geocoding of the SAR data with precise 297 
transformation of slant-range to ground-range using a Digital Elevation Model (DEM) [93, 94]. In 298 
addition to obtaining precise geocoding, topographic effects are reduced in the estimation of 299 
backscatter coefficients, which is considered a source of uncertainty for AGB estimation [29, 95]. 300 

2.7. Correlation analisys 301 

Correlation analysis was performed to find the best subset of polarimetric attributes to be used 302 
in the regression model. Furthermore, the correlation was also used to find the best polarimetric 303 
attributes which allow separate SFs by intensity classes (IC).  304 

A correlation-based feature selection (CFS) filter algorithm [96] was applied in order to reduce 305 
the dimensionality of the data. This was implemented in R with the FSelector package [97]. In the 306 
CFS approach an algorithm selects a subset of attributes based on the correlation coefficients and the 307 
concept of information entropy theory. The metrics of Yang and Pedersen [98], such as information 308 
gain and chi-square test (χ²), were used to measure the degree of association between the class of 309 
intensity used and the attributes, as well as the interrelationship among attributes. The best subset of 310 
data is formed by the attributes having higher correlation and greater gain of information with the 311 
class and having also lower correlation amongst them [96, 99].  312 
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Data was randomized into 10 subsets by the leave-one-out cross-validation process and the 313 
result of the best subset of polarimetric attributes was generated. The polarimetric attributes that 314 
appeared in 50% or more cases were selected. 315 

2.8. Models to retrieve aboveground biomass  316 
We evaluated the performance of three different types of regression models for AGB estimation: 317 

i) non-linear, ii) multiple linear; and iii) semi-empirical EWCM. Goodness-of-fit was calculated using 318 
i) the significance and confidence interval of the regression parameters, ii) the distribution of the 319 
standardized residuals from the regression to verify the presence of possible outliers; (iii) the Akaike 320 
information criterion (AIC), and iv) the Breusch-Pagan test to evaluate the homoscedasticity of the 321 
residuals [72].  322 

2.8.1. Non-Linear Regression Model 323 
The non-linear regression model involves the logarithmic relationship between AGB (Y) and a 324 

single independent variable (X), usually the backscatter coefficient, given by (11): 325 

௜ܻ = )ܧ ௜ܻ| ௜ܺ) + ௜ߝ = ݂( ௜ܺ , (௜ߠ  ௜             (11) 326ߝ +
whereby the average of the i-th observations ܧ( ௜ܻ| ௜ܺ) depend on ௜ܺ, by means of a mean kernel 327 
function of ݂( ௜ܺ ,  ௜ is 328ߠ ௜); ௜ܺ is the explanatory variable that can have one or more components andߠ
the parameter vector. ߝ௜ is the random error with mean ܧ{ߝ௜}  = 0 and variance ߪଶ {ߝ௜}  =  by 329 ݓ/ଶߪ 
the non-linear least squares method. For many practical applications, w, which is the weight given to 330 
the variance, is equal to one. Nonlinear models were fit with the "nls" package in R. 331 

2.8.2. Multiple Linear Regression Model 332 
In a multiple linear regression model, the dependent variable AGB (Y) is estimated by multiple 333 

independent variables (X) from the SAR data by a linear (in the parameters) relationship with these 334 
variables (12): 335 
   ௜ܻ = ଴ߚ  + ଵߚ  ௜ܺଵ + ଶߚ ௜ܺଶ + ⋯ + ௣ିଵߚ ௜ܺ,௣ିଵ +  ௜                                            (12) 336ߝ 

where ௜ܻ is AGB at the i-th observation in Mg ha-1, ߚ଴, ߚଵ, ..., ߚ(௣ିଵ) are the model parameters and 337 
௜ܺ,௣ିଵ are the p-1 explanatory variables at the i-th observation, and ߝ௜ is the random error with 338 

mean ܧ{ߝ௜}  = 0 and variance ߪଶ {ߝ௜}  =  ଶ. 339ߪ 
In MLR the shape and orientation of multiple scattering mechanisms and other parameters of 340 

SAR decomposition in one resolution cell can be used instead of only the backscattering coefficient. 341 
However, MLR can have some limitations, namely in terms of parameter interpretation and 342 
overfitting. 343 

Multiple linear models were fit with the ordinary least squares (OLS) method. The analysis was 344 
performed using the exhaustive selection package “Glmulti” implemented in R [101]. The selection 345 
of the model was performed by the AIC criterion, whose models with ∆ AIC < 2 were chosen; and 346 
the best model was determined by the weights given to the set of explanatory variables in the model. 347 
The larger the weight, the greater is the contribution of each variable to the model. The selection of 348 
optimal subset was performed by CFS selector in order to reduce the input polarimetric attributes 349 
avoid overfitting in the MLR [72].  350 

2.8.3. Semi-empirical Model EWCM 351 
The EWCM is an adaptation of the radiative transfer model developed by Attema and Ulaby 352 

[36] that expresses the relation between the backscattered signals by the multiple scattering elements 353 
in a horizontal homogeneous medium, the cloud droplets. According to the EWCM, incoming 354 
electromagnetic waves are the result of the energy partially reflected directly by the vegetation and 355 
the transmitted energy of the lower vegetation layers which suffers attenuation by multiple scatters 356 
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before returning to the sensor. Hence, the backscatter coefficient of a forested area is a result of 357 
backscatter coefficients from vegetation, ground, and ground-stem interaction, given by Eq. (13) [37]: 358 

௙௢௥ߪ
௢ = (1 − ௚௥ߪ(ܣ

௢ + ௚௥ߪܣ
௢

௧ܶ௥௘௘ + ௩௘௚ߪܣ
௢ (1 − ௧ܶ௥௘௘) + (1 − ௚௦ߪ(ܣ

௢ + ௚௦ߪܣ
௢

௧ܶ௥௘௘                (13) 359 

where ߪ௙௢௥
௢  is the total backscatter coefficient of the forest, in dB; ߪ௚௥

௢  is the backscattering 360 
coefficient of the ground from canopy gaps; ߪ௩௘௚

௢  is the backscattering coefficient of vegetation; ߪ௚௦
௢  361 

is the backscatter from the ground-stem interaction, A is the fraction of the forest area illuminated by 362 
the SAR observation and ௧ܶ௥௘௘  is the two-way transmissivity resulting from the trees. 363 

The term ௧ܶ௥௘௘  is the amount of total energy transmitted to the lower canopy layers, expressed 364 
as the inverse exponential attenuation per meter "α" of the product of two directions in a forest layer 365 
of thickness "h", as ௧ܶ௥௘௘ = ݁ିఈ௛ [102]. Thus, equation (13) can be rewritten as (14): 366 

௙௢௥ߪ
௢ = ௚௥ߪ

௢ (1 − ܣ + (ఈ௛ି݁ܣ + ௩௘௚ߪܣ
௢ (1 − ݁ିఈ௛) + ௚௦ߪܣ

௢ (1 −  ఈ௛)             (14) 367ି݁ܣ+ܣ

The two-way transmissivity attenuation of the forest can be expressed in terms of A as ௙ܶ௢௥ =368 
(1 −  ఈ௛), and is related to the amount of scatters present in the area, in an empirical relation 369ି݁ܣ+ܣ
with AGB as (15) [35]: 370 

௙௢௥ߪ
௢ = ௚௥ߪ

௢ ݁ିఉ஺ீ஻ + ௩௘௚ߪ
௢ (1 − ݁ିఉ஺ீ஻) + ௚௦ߪ

௢ ݁ିఉ஺ீ஻            (15) 371 

where AGB is the above-ground biomass, in Mg ha-1 and β is the empirical coefficient of attenuation 372 
as a function of AGB.  373 

The backscatter coefficients resulting from ground, vegetation and ground stem interaction can 374 
be replaced by the uncorrelated scattering mechanisms from the Freeman and Durden or Yamaguchi 375 
polarimetric decompositions, for instance, as surface (odd-bounce), volumetric and double-bounce, 376 
respectively [37]. Then, by inverting (15), AGB can be modeled by means of the scattering 377 
mechanisms as in (16): 378 

ܤܩܣ = − ଵ
ఉ

ቂ ln  (௉ି ௉ೡ)
(௉ೞି ௉ೡା௉೏) 

ቃ              (16) 379 

where P is the total power (span) represented by the sum of the three scattering mechanisms in 380 
linear units, Pv is the volumetric scattering and represents the backscatter of the forest canopy ߪ௩௘௚

௢ , 381 
Ps is the surface scattering and is related to the direct backscatter of the ground ߪ௚௥

௢ , and Pd is the 382 
double-bounce scattering resulting from the backscatter of the ground stem interaction [37]. To feed 383 
the model, the most correlated decompositions with AGB were tested, but Yamaguchi's was used 384 
because it was less sensitive to changes in the orientation angle. 385 

2.9. Evaluation of model’s performance 386 

Validation of the regression models was carried out by assessing the distribution and coefficient 387 
of determination (R²) between predicted and reference values (from the validation sample) and by 388 
the root mean square error and its bias and variance terms [100] (17): 389 

ܧܵܯܴ =  ඥܾ݅ܽ²ݏ + variance                (17) 390 
In addition, the error distribution was presented for each model and null hypothesis of the 391 

deviation (bias) of the estimate to be equal to zero (without trend) was analyzed by the one-sample 392 
t-test. The number of plots was small (n = 42), thus limiting the separation in training and validation 393 
subsets. Therefore, a bootstrapping randomization process with 100 repetitions was carried out, 394 
maintaining the separation of 80% for training and 20% for validation. 395 

3. Results 396 
3.1. Structural parameters of secondary forests 397 

Almost half of the plots had a high intensity of use before abandonment (IC = 2). As expected, 398 
the maximum AGB found in our sampling was observed at a 28 years old secondary forest plot 399 
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(AGB = 200.0 Mg ha-1). Mean AGB in the initial secondary succession class (ISS) is less than half 400 
when compared to the mean value of the advanced secondary succession class (Table 4). 401 

Table 4. Mean and standard deviation (in brackets) of structural parameters in secondary forest plots 402 
by succession class: ISS – initial secondary succession, IntSS – intermediate secondary succession, 403 
and AdvSS - advanced secondary succession, and IC - Intensity Classes. The abbreviations are: FC - 404 
frequency of cuts, PALU - period of active land-use, DBH - diameter at the breast height, Ht - total 405 
height, G - basal area, S – species density, N – tree density, AGB - aboveground biomass. 406 

Plot n 
(plots) 

Age* 
(years) 

FC 
(x) 

PALU 
(years) 

DBH 
(cm) 

Ht 
(m) 

G 
(m² ha-1) 

S 
(sp ha-1) 

N 
(ind ha-1) 

AGB 
(Mg ha-1) 

IC = 1 22 16.5(6.8) 1.6(0.5) 1.4(0.5) 16.2(2.9) 14.8(1.2) 22.1(5.6) 45(11) 1036(325) 129.4(47.6) 
ISS 3 3.7(0.6) 1.7(0.6) 1.7(0.6) 12.6(2.6) 13.3(1.3) 15.6(5.1) 31(9) 805(137) 71.2(41.4) 
IntSS 4 11.0(2.0) 1.8(0.5) 1.0(0.0) 13.0(1.3) 13.6(0.6) 17.0(2.9) 32(4) 778(71) 74.9(18.5) 
Adv 15 20.5(2.6) 1.5(0.5) 1.4(0.5) 17.7(1.7) 15.4(0.7) 24.8(4.1) 51(6) 1151(332) 155.6(27.9) 

IC = 2 20 7.5(6.2) 3.0(1.1) 3.3(1.7) 12.5(2.6) 13.2(1.3) 16.6(6.4) 32(9) 1013(428) 77.2(43.1) 
ISS 11 3.2(1.2) 3.1(1.2) 3.5(1.7) 11.7(2.9) 12.9(1.5) 13.6(5.9) 28(10) 851(152) 62.0(42.4) 
IntSS 5 7.8(1.3) 2.6(1.3) 4.2(1.3) 12.8(1.0) 13.4(0.5) 16.5(2.0) 31(3) 791(52) 70.8(15.8) 
Adv 4 18.8(1.7) 3.3(0.5) 1.5(0.6) 14.4(2.5) 13.6(1.3) 25.2(3.2) 43(6) 1735(456) 126.9(35.2) 

Mean 42 12.2(7.9) 2.3(1.1) 2.3(1.5) 14.4(3.3) 14(1.5) 19.5(6.5) 39(12) 1025(373) 104.5(52.2) 
Note: * Age at the field survey.  407 

3.1. Growth models and accumulation rates of the secondary forests biophysical parameters 408 
The curves of biophysical parameters showed different behavior, indicating distinct 409 

accumulation rates. The fitted growth models for mean DBH, mean tree height, and species density 410 
do not show a typical sigmoidal shape, but resembles logarithmic models - inflection point c < 1 411 
(Figure 4). As a consequence, the corresponding maximum MAI occurs very early. All model 412 
parameters (A, k and C) were significant for α = 0.05. For instance, mean DBH and mean tree height 413 
showed a rapid growth in the SFs of Santarém reaching half of the PF value in approximately 9 and 8 414 
years, respectively (Figure 4 A-B). The MAI of mean DBH was higher than 2 cm yr-1 in the first 5 415 
years (Figure 4 A). The MAI of mean tree height was greater than 1 m yr-1 during the first 13-14 years 416 
(Figure 4 B), with similar results reported by Neeff and Santos [17]. 417 

The basal area was the biophysical parameter that reached the asymptote faster in the SFs, as 418 
reported by others authors [12, 103]. For instance, SFs recover 90% of G observed in adjacent PF at 19 419 
years age (Figure 4 C). The maximum MAI estimated was 1.6 m² ha-1 yr-1 and occurred in the fourth 420 
year, while [17] observed maximum MAI in the sixth year. Along with the Ht and G, the tree density 421 
quickly reaches values close to the PFs [17, 103]. At the age of 20, the SF presents 70% of the tree 422 
density per hectare of the PF (Figure 4E). Due to different measurements methodologies, we 423 
excluded some advanced SF aging plots > 20 years in the analysis of tree density.    424 

The number of species, on the other hand, showed slowest accumulation in the SFs among 425 
biophysical parameters; the MAI was below to 4 sp ha-1 yr-1 in the first 10 years and inferior to 2 sp 426 
ha-1 yr-1 from the age of 25 years (Figure 4D). In this species recover rate, the SFs of the Santarém site 427 
would present 72% of the number of species per average hectare observed in the PF at 428 
approximately 100 years.  429 

The mean AGB showed intermediate recovering rate among biophysical variables. The mean 430 
annual increment occurs at 18th year MAI = 6.6 Mg ha-1 yr-1 (Figure 4F). At this growth rate, 50% of 431 
the asymptote is reached at age 25; and 75% at age 44. Considering that approximately 50% of the 432 
AGB is organic carbon (C), the potential assimilation of C is greater than 3.7 Mg C ha-1 yr-1 in the 433 
Santarém SF up to 10 years.  434 

 435 
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  436 

  437 

  438 
Figure 4. Growth models of mean diameter at breast height (A), mean tree height (B), basal area (C), 439 
species density (D), tree density (E), and aboveground biomass (F) in Santarém site by age of 440 
secondary forests (continuous black line). Secondary axis represents the relative growth per year 441 
(increment). The continuous red line refers to primary forest asymptote. Confidence and prediction 442 
intervals are represented in dark and light shaded areas, respectively. Dashed line represents the 443 
mean annual increment (MAI).  444 

3.2. Distribution of biophysical variables after modeling growth 445 
The fitted growth models described in the previous section were used to predict the biophysical 446 

variables to the date of ALOS-2 PALSAR-2 data acquisition. All biophysical variables follow a 447 
normal distribution with this being significantly different in terms of IC (t-test, α = 0.05), apart from 448 
tree density (Figure 5). Secondary forests abandoned after light intensity use (IC = 1) had higher 449 
values of biophysical parameters when compared to those from SFs subjected to heavy intensity use 450 
(IC = 2). 451 

 452 
Figure 5. Distribution of biophysical variables: mean diameter at breast height (DBH), mean tree 453 
height (Ht), basal area (G), species density (S), tree density (N), and aboveground biomass (AGB) by 454 
intensity class of previous use in the secondary forests of Santarém study site after modeling growth.  455 

 456 
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3.3. Characterization of secondary forest with polarimetric data 457 

According to the CFS selection criteria, only four polarimetric attributes were selected in more 458 
than 50% of the subsets when separating SFs by intensity classes of use (Table 5). They were the real 459 
terms C12 and T13 of the covariance [C]3 and coherence [T]3 matrices, the diagonal term T22 of the 460 
Cloude coherence matrix, and the imaginary term T23 of the Barnes-Holm decomposition (Table 5). 461 
However, the last term T13_real did not present significant differences by the W-test between ICs. 462 

Table 5. Polarimetric attributes selected by CFS criteria for separation of the SF by intensity classes 463 
using the 10:1 cross validation. The Normal distribution attributes follow two sample t-test and 464 
non-normal Wilcoxon W-test.   465 

Attribute % of CFS selected attributes p-value (t –test or W) 

I_C12real 90 t: 0.017 
T13_real 70 W: 0.110 
T22_C 60 t: 0.022 
T23_imagB 60 W: 0.021 
T22 50 W:0.026 
TVSM_phi_s 50 t: 0.018 
MCSM_Wire 50 W: 0.012 
MCSM_Dbl 50 W: 0.042 
l3 50 W: 0.018 
Yamaguchi_Dbl 50 t: 0.025 
… … … 
Note: I_C12real - real term off diagonal of the covariance matrix ܥଵଶ =  √2〈ܵுுܵு௏

∗ 〉, T13_real - real term off 466 
diagonal of the coherency matrix ଵܶଷ =  〈(ܵுு + ܵ௏௏) ுܵ௏

∗ 〉, T22_C - relative difference between the co-polarized 467 
channels of coherency matrix from Cloude ଶܶଶܥ =  〈|ܵுு − ܵ௏௏|ଶ〉, T23_imagB – imaginary term off diagonal of 468 
the Barnes-Holm coherency matrix ଶܶଷܤ =  〈(ܵுு + ܵ௏௏) ுܵ௏

∗ 〉, T22 - relative difference between the co-polarized 469 
channels of coherency matrix ଶܶଶ =  〈|ܵுு − ܵ௏௏|ଶ〉, TVSM_phi_s - Touzi phase module angle, MCSM_Wire - 470 
Zhang wire scattering mechanism, MCSM_Dbl - Zhang double-bounce scattering mechanism, l3 - third 471 
eigenvalue associated to the respective eigenvector of the Cloude decomposition, and Yamaguchi_Dbl - 472 
Yamaguchi double-bounce scattering mechanism. 473 

Those ten attributes were significant at α = 0.05 significance level in the correlation analysis 474 
with intensity class, a part of T22_C significant at α = 0.1, and are related to distinct biophysical 475 
variables (Figure 6). The biophysical variables were negative correlated with IC’s meaning that areas 476 
of SF that suffered intense land use exhibit lower biophysical values, but the period of active use and 477 
frequency of cuts were positively correlated with IC (ρ = 0.62-0.63, Figure 6). From this analysis, we 478 
inferred that DBH and Ht were more related to ICs than AGB (ρ = -0.56, and ρ = -0.48, Figure 6). 479 

The highest correlation value with IC (ρ = 0.56), the real term off the diagonal of the covariance 480 
matrix ܥଵଶ =  √2〈ܵுுܵு௏

∗ 〉, showed non-significant correlation values with any of the biophysical 481 
variables tested. This term is a measure of the complex coherence degree between HH and HV 482 
channels, whereby values close to zero representing targets with low polarimetric coherence; and 483 
values close to one, representing targets with highest polarimetric coherence [111]. Areas of SFs 484 
intensively used in the past IC = 2 showed low complex coherence (Figure 7). The term T13_real also 485 
showed no significant correlation with any biophysical variable. 486 

SFs areas of IC = 1 have higher values of polarimetric attributes that have direct relation with 487 
volumetric and canopy scattering, as the attribute T22 T22_C, and λ3, as well as with wire and 488 
double-bounce scattering mechanisms (MCSM and Yamaguchi). T22, the term representing the 489 
relative difference between the co-polarized channels (HH and VV), is associated with the 490 
double-bounce metric. λ3, which refers to the third eigenvalue, represents the magnitude of the 491 
cross-polarization signal (HV) associated to the respective eigenvector of the Cloude decomposition. 492 
These higher values of T22 T22_C, and λ3 are expected for more structured forests and with higher AGB, 493 
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as is the case of abandoned SFs after cutting (IC = 1). The wire scattering mechanism is predominant 494 
in urban environments and results from the interaction of the electro-magnetic waves with edges, 495 
eaves and window frames [113]. Obviously, these structures are not present in forests, but according 496 
to the authors themselves, these elementary mechanisms are manifested when the condition of 497 
reflection symmetry is not satisfied and the terms outside the main diagonal of the covariance matrix 498 
are not zero, which is be the case of SF.  499 

 500 
Figure 6. Correlation matrix between biophysical variables and polarimetric parameters for characterization 501 
secondary forests by intensity classes. Non-significant values are left blank. Note: IC - Intensity Class of use, 502 
DBH - mean diameter at breast height, Ht - mean tree height, G - basal area, S - species density, N - tree density, 503 
AGB - aboveground biomass, PALU – period of active land-use, FC -  frequency of cuts, I_C12real - real term 504 
off diagonal of the covariance matrix ܥଵଶ =  √2〈ܵுுܵு௏

∗ 〉, T13_real - real term off diagonal of the coherency 505 
matrix ଵܶଷ =  〈(ܵுு + ܵ௏௏)ܵு௏

∗ 〉, T22_C - relative difference between the co-polarized channels of coherency 506 
matrix from Cloude ଶܶଶܥ =  〈|ܵுு − ܵ௏௏|ଶ〉, T23_imagB – imaginary term off diagonal of the Barnes-Holm 507 
coherency matrix ଶܶଷܤ =  〈(ܵுு + ܵ௏௏) ுܵ௏

∗ 〉, T22 - relative difference between the co-polarized channels of 508 
coherency matrix ଶܶଶ =  〈|ܵுு − ܵ௏௏|ଶ〉, TVSM_phi_s - Touzi phase module angle, MCSM_Wire - Zhang wire 509 
scattering mechanism, MCSM_Dbl - Zhang double-bounce scattering mechanism, l3 - third eigenvalue 510 
associated to the respective eigenvector of the Cloude decomposition, and Yamaguchi_Dbl - Yamaguchi 511 
double-bounce scattering mechanism. 512 

The Touzi phase module angle ߶௠ = ݏ_ℎ݅݌_ܯܸܵܶ  showed a negative and significant 513 
correlation with IC and also a positive and significant correlation with biophysical variables, higher 514 
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with AGB. On the other hand, the components of the Yamaguchi and Zhang double-bounce 515 
scattering mechanism and Zhang's wire scattering component are more strongly correlated with 516 
basal area G (ρ = 0.43, 0.61, 0.59, respectively, p-value <0.005). Areas of SF experiencing greater 517 
intensity of use in the past tend to have greater asymmetry of reflection, as shown by the distribution 518 
of Touzi phase module angle (߶௠) (Figure 7).  519 

 520 

 521 
Figure 7. Distribution of biophysical variables by intensity class of previous use in the secondary 522 
forests of Santarém study using CFS algorithm. I_C12real - real term off diagonal of the covariance 523 
matrix ܥଵଶ =  √2〈 ுܵுܵு௏

∗ 〉 , TVSM_phi_s - Touzi phase module angle, MCSM_Dbl - Zhang 524 
double-bounce scattering mechanism, MCSM_Wire - Zhang wire scattering mechanism, 525 
Yamaguchi_Dbl - Yamaguchi double-bounce scattering mechanism, and l3 = λ3 - third eigenvalue 526 
associated to the respective eigenvector of the Cloude decomposition. 527 

3.4. Modeling AGB 528 
The nonlinear (NL) model using the backscattering coefficient of the cross-polarized channel (σ0 529 

HV) showed signal saturation for AGB values close to 150 Mg ha-1 as often reported in the literature 530 
(Figure 8). 531 
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 532 

 533 
Figure 8. Model performance for the nonlinear regression of AGB as a function of backscattering 534 
coefficient σ0 HV in dB. A. Logarithmic fitting to AGB field data. Confidence and prediction intervals 535 
shown as dark and light shaded areas respectively. B. Standardized residuals against predicted AGB 536 
values. 537 

The fitted NL model has an AIC of 417.1 and R² = 0.28 (Table 6). When compared to other 538 
studies that used similar models R² = 0.44-0.86 [29, 56, 114], we found low R² value for the NL model. 539 
We argue that this was due to the low amount of data available for the young SF. These young SF 540 
usually have higher annual increments of AGB and higher sensitivity to SAR microwave 541 
wavelength, before the saturation point than older SFs [17, 31]. The standardized residues, 542 
otherwise, were heteroscedastic, rejecting the hypothesis of homoscedasticity of the residuals at the 543 
level α = 0.05 (BP: 4.8; p-value <0.05). 544 

Table 6. Model’s performance evaluation.    545 

Model AIC R² 
validation 

RMSE 
(Mg ha-1) 

Bias 
(Mg ha-1) 

Non linear (NL) 417.1 0.28 12.6 0.3 
Multiple Linear Regression (MLR) 408.1 0.37 13.2 2.1 
Extended Water Cloud Model (EWCM) 443.0 0.14 15.0 3.4 

 546 
Using the CFS the algorithm selected nine polarimetric attributes with the highest importance 547 

value and ten models by the Akaike criteria ∆ AIC < 2 (Figure S.1. Suppl. material). The attributes 548 
that presented the highest relative importance in the MLR models were: the real term T12 between 549 
the channels (HH + VV) and (HH - VV) of the Barnes-Holm decomposition, the ellipticity angles of 550 
Neumann (Neumann_tau), and the ellipticity angle of the third component of Touzi (TVSM_tau_s3) 551 
(Figure 1). 552 

The attributes of the Touzi decomposition, especially the Touzi magnitude and phase 553 
components, are reported to present important information for modeling AGB [29, 56, 82]. Bispo et 554 
al. [29] observed a high correlation between AGB and ellipticity angle, but only for the first Touzi 555 
component and did not for the third as described here.  556 

Among the ten models pre-selected by the ∆ AIC < 2, the best model presented AIC = 407.42 and 557 
seven attributes selected, against AIC = 408.13 and AIC = 408.14 for the second and third best models 558 
with six and five attributes, respectively. However, the first and third models presented high 559 
Variance Inflation Factor (VIF) values for the λ3 and T23_imagB attributes, which both have high 560 
correlation with AGB indicating multicollinearity problems. So, the best prediction model was the 561 
second Eq. (17):  562 

.݃ܯ) ܵܣܤ ℎܽିଵ)  = −1151,1 + (௧௔௨݊݊ܽ݉ݑ݁ܰ) 516,6 + 0,96 ൫ܸܶܵܯ௧௔௨ೞయ ൯ + 2809,1 ൫ܶ23௜௠௔௚൯ +563 
592,91 ൫ܵܧ௉೙೚ೝ೘൯ + (௡௢௥௠ܵܧ) 319,52 + 2306,73 (ܶ12௥௘௔௟஻) (17) 564 
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The selected model was able to explain slightly more than 50% of the AGB variability in the 565 
Santarém’s SF (R²adj. = 0.51), whose parameters were significant at the α = 0.05 level, except for the 566 
ellipticity of the third Touzi component and the imaginary component T23 of the matrix [T] that were 567 
significant at the α = 0.1 level. 568 

Interestingly, the selected polarimetric attributes of the MLR model did not have the highest 569 
correlation with the AGB. For instance, the ellipticity of Neumann decomposition has highest and 570 
significant correlation with the basal area (G) p-value <0.001 and the normalized Shannon entropy 571 
with the mean DBH, p-value = 0.001. These attributes also showed a significant correlation with 572 
AGB, Ht, and S at the α = 0.05 level. The third component of Touzi's ellipticity presented higher 573 
correlation with the AGB, but it was not significant (p-value> 0.05). The real T12 term of the 574 
Barnes-Holm decomposition and the imaginary term T23 have a negative correlation with the period 575 
of active land-use (PALU), p-value = 0.18 and p-value = 0.42, respectively. The contribution of the 576 
degree of depolarization of the normalized Shannon entropy, in turn, showed a higher and not 577 
significant correlation with G. The regression residuals present normal distribution (p-value = 0.64) 578 
without the presence of possible outliers (Figure S.2. Suppl. material) and absence of 579 
homoscedasticity of the residues by the Breusch-Pagan test (BP: 3.46, p-value = 0.063). 580 

The semi-empirical EWCM had the lowest value of Akaike AIC = 395.62 among the three 581 
models used in this study, but it stems mainly from the smaller number of training samples used. If 582 
the model were made with the total number of samples the AIC value would be approximately AIC 583 
= 443 (Table 6). The parameter β calculated for the model was β = 0.00408 ± 0.000454 (p-value <0.001) 584 
whose value is similar to β =0.0059 found in the Tropical Forest from India [37]. The residuals of the 585 
EWCM model are well homogeneously distributed in the range of BAS = 52.6-180.22 Mg ha-1 without 586 
the presence of outliers or heteroscedasticity (BP = 0.24; p-value = 0.62) (Figure S.3. Suppl. material). 587 
It can be noted that, visually, there is no signal saturation for values of AGB > 150 Mg ha-1 (Figure 588 
9E), unlike what happened with the NL model (Figure 9A). Because of this, modifications of the 589 
EWCM model have been proposed even in the techniques of PolInSar – Polarimetric Interferometry 590 
SAR [35]. 591 

The performance of the EWCM was inferior among models, with R² = 0.14 and RMSE = 15 ± 8.53 592 
Mg ha-1 (Table 6). Bharadwaj et al. [37], on the other hand, observed R² = 0.43 for AGB ranging from 593 
10 to 470 Mg ha-1 and RMSE = 117.6 Mg ha-1 using this model for the estimate of AGB in a Tropical 594 
Forest from India. The RMSE from NL model represented about 12% of the mean value of the AGB 595 
(RMSE = 12.57 ± 6.66 Mg ha-1). The non-linear model had a bias of the estimate μbias = 0.26 ± 38.3 Mg 596 
ha-1 and did not different from zero by the t-test (Figure 9B), besides of the tendency of 597 
overestimating the AGB > 100-150 Mg.ha-1 (Figure 9A).  598 

The mean error of prediction after cross-validation of MLR was RMSE = 13.19 ± 7.82 Mg ha-1 and 599 
the AGB prediction showed no clear signal saturation when multiple polarimetric attributes were 600 
combined (Figure 9C). However, prediction errors were higher in low AGB values because of 601 
multiple interactions between attributes resulted in spurious values resulting from low sampling at 602 
AGB values of about 20-70 Mg ha-1. The mean bias error was higher than in the NL model μbias = 2.1 ± 603 
37.9 Mg ha-1 (Figure 9D) and shown not different from zero by the t-test (p-value = 0.1). 604 

 605 
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 606 

 607 
Figure 9. Bootstrapped cross-validation results for AGB estimation in the secondary forests using 608 
non-linear (A and B), multiple linear (C and D), and extended water cloud model (E and F). A, C, and 609 
E. Linear regression between reference AGB (x-axis) and predicted AGB (y-axis). The solid line 610 
represents the perfect 1: 1 fit and the dotted line the adjustment after cross validation. B, D, and F. 611 
Probability density function and histogram of bias of prediction AGB. 612 

We observed the saturation signal in our AGB estimate using NL model, as the estimated 613 
values AGB are preferably below 100 Mg ha-1 (Figure 10A). Using the MLR model (Figure 10B) it is 614 
noted that the agricultural areas were classified as NoData (transparent) and a great part of the SF 615 
nearby FLONA presents intermediate biomass values AGB = 25-100 Mg ha-1, which are represented 616 
by young forests aging less than 16 years. This result is in agreement with the results obtained by 617 
Carreiras et al. [20] who observed 57% of SF was aged 6-15 years-old at the same study site. We did 618 
not generate a map from EWCM because of the low accuracy of the model. 619 
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 620 
Figure 10. A. Map of above-ground biomass (AGB, Mg ha-1) in the secondary forests of Santarém 621 
with the non-linear (NL) model, and B. with multiple linear regression (MLR) model. The 622 
background image is Landsat 5 TM false color composite 5-4-3 from 25 Jul 2015. 623 

4. Discussion 624 

4.1. Growth models for biophysical variables 625 
By analyzing the empirical models we showed that biophysical variables had different 626 

accumulation rates. While DBH, Ht, G and N could quickly recover during the regrowth of SFs, AGB 627 
and S took a much longer time to recover the PFs values. By this reason the classification of the SF in 628 
initial, intermediate and advanced succession is often based on structural parameters and not on 629 
species richness and composition [12].  630 

Our results demonstrated the patterns of growth for different SF biophysical variables in 631 
Santarém. Although the graphs showed the growth curves up to a 40 year interval, the input data 632 
included SFs younger than 30 years-old. This was the reason why the growth models tested could 633 
not be fitted without the asymptote being fixed – 2nd model assumptions [17]. The age distribution of 634 
plots (up to 28 years) is quite narrow as the most pioneer species ages (48-162), so this approach 635 
might be less useful at more advanced stages of secondary succession [2, 104].  636 

Growth curves of AGB attained asymptotic values at more than 100 years. These reports do not 637 
match observations made by Neeff and Santos [17], who found out the asymptote in the 40-50 years 638 
of young SFs in the Santarém site. However, they used power model for modeling AGB growth and 639 
fixed the maximum AGB values of 192.8 Mg ha-1 of the mature forest. Others authors depicted 640 
similar accumulation of biomass in young SF up to 100 Mg ha-1 at less than 15 years [2]. Houghton et 641 
al. [105] considered a superior AGB accumulation in their model at age 25, with almost 70% of AGB 642 
from PF. The Houghton’s model was obtained by the product of the growth rate estimated by Brown 643 
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and Lugo [2] MAI = 11 Mg ha-1 yr-1 for SF < 10 years in the entire Brazilian Amazon, regardless of the 644 
land-use history [2]. Our value of MAI is almost 2.5 times higher than the 1.5 Mg C ha-1 yr-1 estimated 645 
by Houghton et al. [105] for SFs with AGB < 100 Mg ha-1 used in the model of annual carbon flux 646 
from regeneration areas in the Brazilian Amazon. We argue the absence of emergent slow growth 647 
species that have the largest contribution to AGB [53] as a possible cause for reducing the rates of 648 
recovery of AGB in our study. 649 

These growth models are not only applicable for estimating biophysical variables of the SFs 650 
using ALOS-2 PALSAR-2 data, but also for carbon budget estimation and ecological application. The 651 
chronosequences of SFs were obtained in areas that suffered distinct previous intensity of use and 652 
despite neglecting them in growth models it is rely on assumptions relating to the ecological process 653 
of the forest growth. 654 

The results indicate that the SF monitoring in the tropics should cover a broader range of ages, 655 
specifically including SFs older than 100 years. The widening of the age spectrum would allow an 656 
increase in accuracy of growth models due to a better characterization of the underlying sources of 657 
variation, such as the intensity of previous use, the soil characteristics, among others. These 658 
long-term surveys could be useful to confirm the hypothesis of the different degrees of SF resilience 659 
across the Amazon Basin [106, 107].  660 

4.2. Polarimetric data for SF characterization 661 
The polarimetric attributes extracted from the ALOS-2 PALSAR-2 data allowed to separate the 662 

SF by their ICs, but the p-values were close to the critical value of H0 (α = 0.05). One reason may be 663 
the low sampling in the initial secondary succession stages where the backscattering saturation is 664 
not close as the saturation point [108]. Other possible reason could be the attenuation caused by the 665 
growth models which did not encompasses previous uses, smoothing structural differences in forest 666 
parameters related to intensity before abandonment. It is known that areas of SFs had significant 667 
differences according to their past use. For instance, the increment of the AGB in areas previously 668 
burned 4-5 times can be 50% less than in the areas abandonment right after clear-cut [27]. Uhl et al. 669 
[66] reported a strong reduction in biomass accumulation at 8 years of the SF in the Central Amazon. 670 
The AGB was 60-87 Mg ha-1 after one year of grazing, 28 Mg ha-1 with 6 years of grazing and only 671 
0.16 Mg ha-1 with 11 years of grazing. This slow increment related to past use was significant up to 18 672 
years-old, but disappear at advanced secondary succession stages [28]. Such differences on 673 
structural parameters of the SFs could highlight the divergences among polarimetric attributes by 674 
intensity classes. 675 

One of the best attribute, C12real, showed p-value = 0.017 for ICs separation, and low complex 676 
coherence of lighter use class. Probably the more complex structure of SF with lower past intensity 677 
use (IC =1) could be producing depolarization between the HH and HV channels when compared to 678 
SF with higher intensity use (IC = 2). The hypothesis that forested areas show reflection symmetry 679 
can be denied by the value of C12real, since according to Lee and Pottier [104], the elements outside the 680 
main diagonal of the covariance matrix are null if they satisfy the condition of reflection symmetry 681 
(monostatic case). This observation motivated us to apply the non usual terms off diagonal of 682 
coherence and covariance matrices as a prediction variables, despite of their physical relationship 683 
with forest targets is not fully understood. 684 

4.3. Regression models 685 
Our results showed good performance of the regression models varying from R² = 0.14 to 0.51 686 

(Table 4). The best model performance was the MLR and the lowest the EWCM. In the selected MLR 687 
model it was observed the importance of polarimetric attributes not commonly used for AGB 688 
estimation as the terms off diagonal of the coherency and covariance matrices. The importance of 689 
these attributes have been neglected from analysis in the literature by believe they were null under 690 
reflection symmetry assumption. And instead of being related to AGB, they were correlated to other 691 
biophysical parameters such as the N, G, and average DBH, which in turn are related to the previous 692 
land-use. Furthermore, recent polarimetric decompositions approaches as Shannon Entropy and 693 
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Neumann also presented good relationships with AGB and can be useful for other forest 694 
applications [128, 118].  695 

Although EWCM has had the least performance, it has a potential to be used due to physical 696 
meaning of β parameter which has a linear relation with biomass amount. Moreover, the EWCM 697 
model showed to be independent of forest area or location, and does not presenting signal saturation 698 
for higher AGB values [37]. The EWCM is based on the interaction of the contribution of the three 699 
main scattering mechanisms with AGB, and can be modeled by only one parameter β. However, the 700 
EWCM is highly sensitive to outliers [35, 37], and the preprocessing tests should be made in order to 701 
avoid mean shift in the orientation angle in the analysis. The de-orientation of the targets is caused 702 
by the change in the angle of orientation with respect to the line of sight of the sensor, as result of the 703 
azimuth and slope of the relief. The direct effect of the de-orientation is the rotation of [T] and, 704 
consequently, the increase of the volumetric scattering and decrease of the double-bounce and 705 
superficial scatters [35]. We also proved that reflection symmetry is unsolved and showed how it 706 
affects the polarimetric decomposition assumptions and their relation to biophysical variables. 707 
Although estimated β parameter has had realistic number, the small numbers of younger SF (age < 7 708 
years) could have underestimated this forest parameter. It is recommended, however, to perform the 709 
de-orientation correction of the coherence matrix [T] before the modeling to reduce the number of 710 
outliers and increase the accuracy of the AGB estimation. 711 

4.4. Uncertainty report  712 

Several sources of uncertainty could be identified which are mainly originated by the 713 
propagation of errors from the field data to remote sensing analysis. These errors included inherent 714 
inventory errors, the choice of the hypsometric equation for height estimation, the allometric 715 
equation for the AGB estimation, and the expansion errors of individual trees for the plot analysis. In 716 
addition, the errors related to the growth modeling and from the land-use history, the errors of the 717 
geometric co-registration and orthorectification, the inherent errors of the sensor instrument and, 718 
finally, the errors from regression models. 719 

The inventory errors were set up at 10%, the error of the allometric equation was RMSE = 14%, 720 
and the errors of individual tree expansion for plot analysis was RMSE = 49%. The errors of AGB 721 
growth models were RMSE = 5.4% and the ones from the history of use were on average 17% [20]. 722 
Inherent sensor instrument errors include speckle noise, calibration errors, topographic effects and 723 
variability sources as moisture content, but they were not computed here. The value modeled by the 724 
sum of these components calculated by Ahmed et al. [109] was σ° = 0.025 dB, that is, less than 2% of 725 
the mean backscatter coefficient of the SF. Co-registration errors were not computed, but were 726 
smoothed due to the use of the mean of the attributes in each plot. The errors from MLR model were 727 
RMSE = 8.92%. 728 

The error propagation was not modeled, but a good approximation can be made computing the 729 
mean errors, considering that they are independent and not correlated with each other [110]. In such 730 
case, the mean error of AGB estimation was greater than 15% considering all the mentioned sources 731 
of uncertainty. It is noted that the errors related to the choice of the allometric equation for the 732 
individual biomass estimation and to the expansion of the individual tree analysis for the plot 733 
analysis represent more than 50% of the total errors in Santarém site. The smallest errors come from 734 
SAR data and processing, as well as from the regression models, which were less than 20% of the 735 
average total errors. 736 

5. Conclusions 737 
The main goal of this research was to estimate the aboveground biomass (AGB) in the 738 

Secondary Forest (SF) from Santarém site using the polarimetric ALOS-2 PALSAR-2 data. The 739 
Chapman-Richards models were used to update the biophysical variables to PALSAR-2 acquisition 740 
date time. The CR growth models showed that mean diameter (DBH), mean tree height (Ht), and 741 
basal area (G) had highest increment among biophysical variables reaching half of asymptote in less 742 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 31 July 2018                   doi:10.20944/preprints201807.0604.v1

http://dx.doi.org/10.20944/preprints201807.0604.v1


  23 of 31 

 

than 15 years on SFs. However, the AGB and the number of species per hectare (S) may reach half of 743 
asymptote after 25 years, and 90% of asymptote beyond 100 years.  744 

We also used polarimetric data to characterize the SFs by previous land use intensity, and the 745 
data from SF plots was splitted into two intensity classes (IC) of use: 1- light use (after the clear cut 746 
and inferior of 2 years of use) and 2 - moderate to heavy use (after a period of more than two years of 747 
use before abandonment or two or more cuts in the same area. The ICs presented significant floristic 748 
and structural differences regarding the previous intensity of use. For instance, IC = 1 showed 749 
greater DBH, Ht, G, S, and AGB in the SF for (p < 0.05), but not for number of individuals per hectare 750 
(p = 0.72).  751 

Such differences in the previous land-use were observed using polarimetric attributes with 752 
emphasis on the real component of the covariance matrix between the channels HH and HV (C12real) 753 
the Touzi phase module angle (TVSM_phis_s), the second diagonal component of the Cloude 754 
coherence matrix. (T22_C), and the double-bounce scattering mechanism from Yamaguchi and Zhang 755 
decomposition. 756 

Among the models tested, the multiple linear regression (MLR) model presented the best 757 
performance R² = 0.51, RMSE = 13.19 Mg ha-1 (8.9%). It improves up to 70% of the model performance 758 
comparing with non linear model. The polarimetric attributes of the MLR model were strongest 759 
related with different structural parameters such as DBH, G, and Ht, instead of AGB. The 760 
uncertainties of the MLR were estimated to be less than 15%.  761 
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Appendix A 777 

Table A.1. Polarimetric attributes   778 
Input 

Matrix 
Nº 

Attr. 
Polarimetric Attributes Reference 

C3 9 I_C11, I_C12imag, I_C12real, I_C13imag, I_C13real, I_C22, I_C23imag, I_C23real, I_C33 [111] 

C3 3 Freeman_Dbl, Freeman_Odd, Freeman_Vol [117] 

C3 2 ρhh-vv, |ρhh-vv| [111] 

C3 3 Neumann_mDelta, Neumann_phDelta, Neumann_tau [118] 

C3 3 VanZyl_Dbl, VanZyl_Odd, VanZyl_Vol [119] 

C3 4 Yamaguchi_Dbl, Yamaguchi_Hlx, Yamaguchi_Odd, Yamaguchi_Vol [120] 

C3 4 Bhattacharya_Dbl, Bhattacharya_Hlx, Bhattacharya_Odd, Bhattacharya_Vol [121] 

C3 5 MCSM_Dbl, MCSM_DblHlx, MCSM_Odd, MCSM_Vol, MCSM_Wire [113] 

C3 4 Singh_Dbl, Singh_Hlx, Singh_Odd, Singh_Vol [122] 

S, T3 16 
TSVM_alpha_s, TSVM_alpha_s1, TSVM_alpha_s2, TSVM_alpha_s3, TSVM_phi_s, 
TSVM_phi_s1, TSVM_phi_s2, TSVM_phi_s3, TSVM_psi_s, TSVM_psi_s1, TSVM_psi_s2, 
TSVM_psi_s3, TSVM_tau_s, TSVM_tau_s1, TSVM_tau_s2, TSVM_tau_s3 

[123] 
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T3 9 T11,T12imag,T12real,T13imag,T13real,T22,T23imag,T23real,T33 [111] 

T3 15 A, H, α, β, λ, γ, δ, p1, p2, p3, HA, H_A, λ1,λ2,λ3 [124] 

T3 9 
T11_H,T12imag_H,T12real_H,T13imag_H,T13real_H,T22_H,T23imag_H,T23real_H,T33_
H [125] 

T3 9 T11_C,T12imag_C,T12real_C,T13imag_C,T13real_C,T22_C,T23imag_C,T23real_C,T33_C [126] 

T3 9 T11_B,T12imag_B,T12real_B,T13imag_B,T13real_B,T22_B,T23imag_B,T23real_B,T33_B [127] 

T3 6 ES, ES_norm, ES_I, ES_I_norm, ES_P, ES_P_norm  [128] 

T3 4 SERD, SERD_norm, DERD, DERD_norm [129] 

T3 1 PH - pedestal height [130] 

T3 1 PF - polarisation fraction [131] 

T3 1 RVI - radar vegetation index [119] 

C3 3 VSI – vegetation scattering index, BMI – biomass index, CSI – canopy structure index [132] 

C3 1 RFDI – radar forest degradation index [133] 

C3 1 Span (Total Power) [111] 

C3 2 Rpp – parallel polarization ratio, Rcp – cross-polarization ratio   [134] 

C3 1 Forest [38] 

Note: C3 - covariance 3 x 3 matrix, T3 - coherency 3 x 3 matrix, S - Sinclair 2 x 2 matrix, ρhh-vv - modulus of the 779 
complex coherency between hh-vv linear polarizations, |ρhh-vv| - magnitude of the complex coherency 780 
between hh-vv linear polarizations, MCSM - Multiple-Component Scattering Model, TSVM - Target Scattering 781 
Vector Model, ES - entropy Shannon, SERD – Double-bounce Eigenvalue Relative Difference, DERD – 782 
Single-bounce Eigenvalue Relative Difference. Notation: Xnm_imag imaginary part of nm term of x matrix, 783 
Xnm_real real part of nm term of x matrix, Z_Dbl double-bounce scattering mechanism from the Z 784 
decomposition, Z_Vol volumetric scattering form the Z decomposition, Z_Odd odd-bounce scattering 785 
mechanism form Z decomposition, Z_Hlx helix scattering mechanism from Z decomposition, Z_Wire wire 786 
scattering mechanism from Z decomposition,  787 
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