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Remotely sensed images have been widely used to model biomass and carbon content on large spatial
scales. Nevertheless, modeling biomass using remotely sensed data from steep slopes is still poorly
understood. We investigated how topographical features affect biomass estimation using remotely
sensed data and how such estimates can be used in the characterization of successional stands in the
Atlantic Rainforest in southeastern Brazil. We estimated forest biomass using a modeling approach that
included the use of both satellite data (LANDSAT) and topographic features derived from a digital eleva-
tion model (TOPODATA). Biomass estimations exhibited low error predictions (Adj. R*=0.67 and
RMSE = 35 Mg/ha) when combining satellite data with a secondary geomorphometric variable, the illu-
mination factor, which is based on hill shading patterns. This improved biomass prediction helped us
to determine carbon stock in different forest successional stands. Our results provide an important source
of modeling information about large-scale biomass in remaining forests over steep slopes.
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1. Introduction

Defining the spatial distribution of forest biomass enables us to
evaluate how forested areas respond to human impact (Tangki and
Chappell, 2008; Asner et al., 2010) and environmental conditions
(Saatchi et al., 2007; Asner et al., 2009). Forest biomass is impor-
tant to the carbon cycle (IPCC, 2006, 2010) because the rates of
deforestation and forest regrowth determine the dynamics be-
tween carbon sources and sinks from the atmosphere (Freedman
et al.,, 2009; Eckert et al., 2011). In this context, aboveground bio-
mass (AGB) estimated at landscape scale presents an attractive tool
for use on the evaluation of how forested regions influence the
atmospheric carbon balance (Lu, 2006; Tangki and Chappell,
2008; Anaya et al., 2009; Li et al., 2010; Hall et al., 2011; Hudak
et al., 2012). Regional or global AGB estimations have been largely
done using a combination of field and remotely sensed data. De-
spite increasing interest in AGB data, some forest types, such as
the Brazilian Atlantic Forest (BAF), have few studies that model
their biomass using remote sensing methods (Freitas et al., 2005).
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(M.D. Bitencourt).

The BAF is one of the largest biodiversity centers in the world
(Myers et al., 2000; Dirzo and Raven, 2003). However, 86% of its
original area was deforested, which represents a reduction of
approximately 129 million ha of forest area (SOS Mata Atlantica/
INPE, 2012). This deforestation process occurred within multiple
economic cycles (Dean, 1996). Some researchers have reported
the regrowth of secondary forests in the BAF (Baptista and Rudel,
2006; Baptista, 2008; Lira et al., 2012). Although these studies
are restricted both spatially and by scale, this tendency for re-
growth has been explained by agricultural displacement from the
BAF to the Amazon region (Pfaff and Walker, 2010; Walker, 2012).

The difficulty accessing steeply sloped areas helped maintain
the remaining Atlantic forest in Brazil (Munroe et al., 2007; Teixe-
ira et al., 2009). Similar de facto access restriction occurs in numer-
ous other tropical mountain forests (Southworth and Tucker,
2001). Surveying the biomass in these mountainous regions is
laborious, expensive and time consuming (Lu, 2006). Some success
has been reported with estimating the AGB of steep-slope areas
using remote sensing methods (Soenen et al., 2010; Sun et al.,
2002; He et al., 2012). However, the estimation error remains high
due to the difficulty of minimizing satellite data distortion in areas
with heterogeneous topography (Liu et al., 2008). The combined
difficulties of field surveys and satellite data processing in
mountainous regions create the need for alternative field survey
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strategies and new statistical approaches to modeling biomass
(Soenen et al., 2010).

In this study, we investigated how topographical features affect
biomass estimations from remotely sensed data using different
modeling steps. We also evaluated the accuracy of the biomass
estimations through forest successional stands. The topographic
information was included on the modeling steps to analyze its
influence on the biomass estimation. In addition, we compared
the spatial pattern of the modeled biomass among the successional
forest stands. The results provided both a straightforward frame-
work and a novel method for determining forest biomass in steep
slope regions.

2. Materials and methods
2.1. Study area

The study area is located in Vale do Ribeira at Sdo Paulo State,
southern Brazil (24°33'S and 48°39'W; Fig. 1). It covers approxi-
mately 15,000 ha and encompasses elevations from 100 m to
900 m, slopes ranging from 0° to 40°, and a full variety of terrain as-
pects. This area is a representative portion of the topographic char-
acteristics of the largest remaining Brazilian Atlantic Forest. The
climate is characterized by consistent rainfall throughout the year,
with an average annual rainfall about 2000 mm and a mean annual
temperature of over 21 °C. The vegetation consists of ombrophilous
tropical forests, which have approximately 100-160 species per
hectare (Tabarelli and Mantovani, 1999) and a complex biophysical
structure (Guilherme et al., 2004; Marques et al., 2009). Steep
slopes within the study area have reduced deforestation required
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for intensive land use practices (Teixeira et al., 2009). Historically,
major forest disturbances occurred through the slash and burn agri-
culture system, which was practiced by small farmers (Adams,
2000; Peroni and Hanazaki, 2002). This historical land management
formed forest mosaics that include primary and secondary forests
in different stages of regrowth.

2.2. Vegetation field data

Vegetation field data were collected in November 2010. A first
survey (S1) of 170 points was distributed inside 17 plots of
0.36 ha. This number and area of calibration plots (totaling
6.12 ha) is similar to previous biomass mapping of tropical forests
(Cutler et al,, 2012). For each plot, 10 non-overlapping sample
points were randomly selected and surveyed via the point-cen-
tered quarter method (PCQ) (Cottam and Curtis, 1956). The center
of each sample point was divided into four quadrants. Subse-
quently, the nearest tree with a diameter at breast height (DBH)
of over 4.9 cm in each quadrant was selected, and its total height,
DBH and distance to the sample point were measured, totaling 40
trees for each plot (Fig. 2). Distance and tree height measurements
were taken with a laser distance meter (Leica DISTRO A5). The
stand density at each plot (S) was calculated as follows:

S=4/(+d+d+dy) (1)
S=2S/n 2)

where S; is a tree density estimate for the ith sampled point; d;, da,
ds and d,4 are the distances (m) from the central point to the nearest
tree in each quadrant; n is the number of points. S is the mean tree
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Fig. 1. Study area and surveyed points. The Illumination Factor represents a relief enhancement of solar illumination differences between mountainsides.
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Fig. 2. Sample design of the point quadrant method. Ten sampled points were
scattered within the plot (Adapted from Main-Knorn et al., 2011). Qy, Q2, Qs3, Q4 are
quadrants and d;, d,, d3 and d,4 are the distances (m) of the central point to the
nearest tree (DBH over 10 cm) in each quadrant.

density considering n surveyed points, which is subsequently
extrapolated to the plot area (0.36 ha) and then to one hectare.

The stand tree density was multiplied by the mean AGB of each
sampled plot. The AGB of the sampled trees was estimated using
an allometric equation (Eq. (3)) calibrated with dry biomass from
tree leaves, branches and trunks (Burger and Deletti, 2008). This
equation was used due to the structural similarity between our
study area and that used by the authors:

Ln(AGB;) = —3.676 + 0.951Ln(DBH?h) (3)

where AGB; is the dry aboveground biomass (kg) of the tree, DBH is
the diameter at breast height (cm), and h is the total tree height (m).
A general biomass-carbon conversion factor of 47.4% (+2.51% SD)
was used despite the fact that generic conversion factors lead to
overestimates of biomass resulting from high interspecific variation
in wood C content (Martin and Thomas, 2011).

A second sample was taken for use in the validation procedure.
For this second survey (S2), another 174 points were scattered over
the study area (Fig. 1) and biomass was estimated for each forest
succession class using the same PCQ protocol. Subsequently, the
biomass data from the plots (S1) and the scattered points (S2) were
statistically compared. Both surveys, S1 and S2 (totaling 344 sam-
pled points) were scattered over the study area using a stratified
protocol that included three illumination factor (IFpishading) and
two forest succession classes (see classifications in Section 2.3).
This sampling protocol allowed different combination of forest
types, aspects and slope to be surveyed. Specifically, 34% of the to-
tal sampled points were located on the initial secondary forest and
66% on advanced secondary forest. In addition, all aspects were
proportionally surveyed (24% on the north, 22% south, 26% east
and 28% west). Thirty-seven percent of the sampled points were lo-
cated on slopes below 20° and 63% on slopes steeper than 20°.

2.3. Topographic and image data processing

Topographic data was employed for satellite imagery prepro-
cessing and also for biomass prediction. The terrain data were ac-
quired using a digital elevation model (DEM). The DEM was
obtained from TOPODATA (http://www.dsr.inpe.br/topodata), a
Brazilian geomorphometric database (Valeriano et al., 2006; Val-
eriano, 2008). TOPODATA is available for the entirety of Brazil
and has been refined to 1 arcsec (~30 m) resolution through a geo-
statistical approach using the Shuttle Radar Topography Mission
dataset (Valeriano and Albuquerque, 2010; Valeriano and Rossetti,
2012). Resampling the DEMs with geostatistical approaches, such

as on the TOPODATA, produces satisfactory estimates of geomor-
phometric data even though it does not increase the level of detail
(Grohmann and Steiner, 2008; Mantelli et al., 2011). Instead, this
technique preserves the coherence of the angular properties (i.e.,
slope and aspect) of neighboring pixels (Valeriano et al., 2006)
and can be an important source of data in regions where original
1 arcsec DEM is unavailable.

The DEM and solar angles from the same time as the Landsat
data, solar azimuth (84.89°) and zenith (27.37°), were used to
obtain an illumination factor (IF) image (Fig. 1). The IF is the angle
between the normal of the pixel surface and the solar zenith direc-
tion, which represents a relief enhancement used to identify hill
sides shadowed in a certain sun elevation and azimuth (Canavesi,
2008; Valeriano and Albuquerque, 2010; Valeriano, 2011). The IF
was used in the present study as an explanatory variable of the
modeling biomass.

Using spherical trigonometry, the IF was calculated in three
separate ways: {1} using a hillshade variable (considering the
direction of the ground, slope, solar azimuth, and solar zenith
(Eq. (4)) (Canavesi, 2008); {2} using a sum of orthogonal vectors
(Eq. (5)) (Canavesi and Ponzoni, 2007; Valeriano and Albuquerque,
2010); and {3} using the law of cosines (Eq. (6)) (Slater, 1980; Val-
eriano, 2011):

IFhitishading = v/(COS(@,, — @) + COS(0yy — 05))? (4)

[Fvector sum = (COS((/)W - (ps))z + (COS(Hx,y - Hs))z (5)

[Feos = €OS Oxy €OS O + sin Oy sin 0; cos(@p,, — @5) (6)

where IF is the illumination factor image (scaled from O to 2), ¢y,
the aspect, ¢ the solar azimuth, 6,, the slope, and 6 is the solar ze-
nith. The last four variables are expressed in degrees. Aspect and
slope variables were obtained from the DEM.

In addition to the topographical data (IF, slope, aspect), Landsat
Thematic Mapper (TM) satellite imagery (path 220 and row 77)
was also used as an explanatory variable in the biomass estima-
tion. The acquisition date of the TM data was November 19,
2010, which is the same period of the field survey. First, the le-
vel-1 TM data were converted from digital numbers to a spectral
radiance using published calibration gain and offset values (Chand-
er et al,, 2010). The image bands were then converted to top of
atmosphere reflectance and atmospherically corrected based on
the COS-T1 model, which considers the earth-sun distance, mean
exoatmospheric solar irradiance, solar zenith angle and dark object
subtraction (Chavez, 1996; Lu et al., 2002). Then, two different
topographic correction methods were applied to the TM images
in order to evaluate their suitability for the biomass estimates,
namely the C-correction (Teillet et al., 1982) and the SCS + C cor-
rection (Soenen et al., 2005). The SCS + C correction is based on
the photometric Sun-Canopy-Sensor (SCS) method and theoreti-
cally preserves geotropic nature of the vertical tree growth and
performs better than the C-correction (Soenen et al., 2005, 2010).

Biomass modeling with satellite imagery was done using sepa-
rate TM bands and with vegetation indices, such as the normalized
difference vegetation index (NDVI) and enhanced vegetation index
(EVI). The NDVI was calculated as (near infrared — red)/(near infra-
red + red) and the EVI was calculated as (near infrared — red)/(near
infrared + 6 x red—7.5 x blue + 1) (Huete et al., 1997).

The TM data were also used to elaborate a land cover classifica-
tion map focusing on successional forest stands. An unsupervised
classification with the k-means clustering algorithm using all of
TM bands was applied. Six land cover classes were identified: the
initial secondary forest (highest trees less than 10 m height), the
advanced secondary forest (highest trees over 10 m height), urban
sites, anthropic settlements (productive fields, pasture), abandoned
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anthropic settlements and water. Advanced secondary forest and
primary forest stands were grouped into the same class due their
great spectral similarity as observed in the image-based spectral
signatures. The map accuracy was assessed using a 200 points val-
idation dataset by computing the Kappa coefficient (Pontius, 2000).
This land cover validation dataset encompassed 100 field-georefer-
enced ground truth points and another 100 points obtained from
ALOS imaging (date 2010 and 10 m spatial resolution) and SPOT
images from Google Earth® (date 2010).

2.4. Predictive biomass modeling

The biomass was estimated using a set of input data, such as the
Landsat reflectance (TM1, TM2, TM3, TM4, TM7 bands), NDVI, EVI,
and topographic variables, such as IF, slope, and aspect (Fig. 3).
Landsat data was analyzed considering both the topographically
corrected and uncorrected images. The modeling was processed
using generalized linear models (GLM) by linking the averages of
the spatially coinciding satellite data to each plot sampled in the
biomass field survey (S1). The GLM is commonly used in environ-
mental research (Guisan and Zimmermann, 2000) and has been
increasingly popular in remote sensing (Schwarz and Zimmer-
mann, 2005; Mathys et al., 2009; Kajisa et al., 2009) because it al-
lows for non-linear and non-constant variance structures in the
data (Bolker, 2008). To avoid multicollinearity amongst the explan-
atory variables, the variation inflation factor (VIF) and tolerance
(O’Brien, 2007) were used to define any correlations. The VIF and
tolerance were calculated from Eqs. (7) and (8), respectively:

VIF=1/1-R? 7)

Tolerance = 1/VIF (8)

The biomass model plausibility was evaluated using the
Akaike’s Information Criterion (AIC) (Akaike, 1974) and R-squared.
Models with AAIC values less than or equal to 2 were considered
equally plausible. We also used the Akaike weights to indicate
the probability that the model was the best of the candidate

models (McCullagh and Nelder, 1989). All of the modeling steps
were implemented using the statistical programming language R
version 2.0.0 (Development Core Team, 2011).

2.5. Estimated AGB versus field data

The error estimation of the predicted biomass was calculated
using the root mean square error (RMSE) between the observed
(field) and modeled data. In this validation procedure, we ran-
domly selected 70% of the total data sets from 17 plots one hun-
dred times. For each selection, the RMSE between the remaining
30% field biomass values and the model estimates was obtained.
Next, the reliability of each model using the mean of the 100 RMSE
values was evaluated. Finally, the bias trends of the models from
the percent error for 1000 comparisons between the observed
and predicted data were analyzed. These comparisons allowed
any positive or negative trends in the errors to be detected.

To ensure that the biomass estimated using the plot data was
representative of the entire study area, the modeled data was com-
pared with the S2 validation sample. First, the average modeled
AGB for 20 polygons (0.81 ha each) randomly distributed over each
forest succession class was obtained and then compared to the
field biomass from S2. Both the field and modeled biomass were
statistically compared for each forest class using their means and
standard deviations. The highest similarity between the field and
modeled data represents the highest feasibility of the modeled
biomass.

3. Results
3.1. Field forest structure

The forest stand parameters corresponding to the 344 surveyed
points (S1 and S2) are shown in Table 1. The average AGB in the
studied area was 107 Mg/ha. There were 227 (66%) sampled points
in the advanced secondary forest stand, with mean biomass of
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Fig. 3. Procedure for predicting the biomass from the TM, inventory plot and topographic data.
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Table 1

Summary of the mean (+ standard deviation) forest stand parameters for each forest successional class.

Successional stage Tree diameter (cm)

Tree height (m)

Tree density (ind./ha) Biomass (Mg/ha)

Initial 10 (+4) 7 (£2) 2084 (£1927) 54 (+68)
Advanced 14 (5) 9 (£2) 2185 (+1306) 128 (£190)
Total 13 (£5) 8 (£2) 2144 (£1491) 107 (£170)
S
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Fig. 4. Mean modeled biomass and confidence intervals (95%) related to Illumination Factor (IF), aspect and slope. The IF was classified as 1 = IF from 0 to 0.66; 2 = IF from
0.66 to 1.33; and 3 = IF from 1.33 to 2. The aspect was classified as North = ground directions from 0° to 45° and 316° to 360°; East = 46° to 135°; South = 136° to 225°; and

West = 226° to 315°.

Table 2

Summary of the suitability of the models. AAIC.=Akaike Information Criterion, Adj. R?=Adjusted coefficient of determination, RMSE =root mean square error,
AGB = aboveground biomass, TM5 = mid-infrared Landsat TM, IF = [llumination Factor. The models used the identity link-function.

Model Fitting parameters Values
AAIC, Weight Adj. R? RMSE (Mg/ha) Variable name Estimate () Std. Err. (B) p-Level
Model 1 0.0 0.95 0.67 35 Intercept —6.04644 1.83352 0.0050
Ln(TM5) —5.44825 0.95790 0.0001
Ln(TM5) x Ln(IFsinishading) —0.22188 0.05939 0.0022
Model 2 6.5 0.036 0.52 52 Intercept -1.1382 1.3758 0.4219
Ln(TM5) —3.0333 0.7122 0.0007
Ln(TM5) x Ln(IFyectorsum) 1.2074 0.5378 0.0414
Model 3 7.9 0.017 0.40 60 Intercept —7.736 3.575 0.0470
Ln(TM5 SCS-C correction) -6.143 1.801 0.0038
Model 4 9.0 0.010 0.44 63 Intercept —0.464 1.45999 0.7553
Ln(TM5) -1.684 0.90784 0.0848
Ln(slope) x Ln(aspect) 0.096 0.06098 0.1353
Model 5 10.2 0.005 0.39 62 Intercept —4.5288 3.7172 0.2432
Ln(TM5) —4.7679 2.0757 0.0376
Ln(TM5) x Ln(IFces) —0.9651 0.8388 0.2692
Model 6 11.8 0.002 0.24 59 Intercept -6.116 4.227 0.1685
Ln(TMS5 C correction) —5.579 2.231 0.0245
Null model 14.7 <0.001

128 Mg/ha, and 117 points (34%) in the initial secondary forest
stand, with mean biomass of 54 Mg/ha. The low global mean
AGB is due the inclusion in the sample of secondary forest in differ-
ent successional stands. The high standard deviation of the mean
biomass (Table 1) indicates the large range of biomass values sur-
veyed for each class. This large forest structure variation within the
sampled data ensures that different forest succession stages were
included in the modeling procedure.

3.2. Topographic patterns

The relief pattern of the studied area forms a complex mosaic of
slopes and aspects. Different combinations of slopes and aspects
were synthetized into three illumination factors (IFces, IFhiiishading
and IFyector sum). The IFcos and IFninshading Showed higher values
when the related slope aspect was similar to the sun azimuth of
84° (sun angle at the acquisition time of the Landsat TM data used
in present study). Contrarily, the IF,ecor Sum exhibited two peaks

of maximum IF relating to the aspect. The upper and lower limits
of IFhiishading Values were found in many slope degrees as well as
IFyector sum» While IF.s values showed higher heterogeneity in
sloped areas then flat areas.

A negative, though weak, relation between the biomass and
the IFninshading (r=—0.32; p =0.004) indicated a tendency for ele-
vated biomass values in areas with low illumination factor
(Fig. 4). Intermediary IF values showed a large range of biomass
resulting in the weak relationship between both variables. In
addition, the forest biomass showed a weak positive correlation
with the aspect (r=0.30; p =0.006) and no correlation with the
slope (Fig. 4).

3.3. Modeling biomass using both field and remotely sensed data

One model was a plausible predictor of forest AGB (AAIC, < 2). -
Table 2 summarizes the six best models in relation to the null
model. Some explanatory variables, such as the NDVI and EVI, were
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not shown due to their poor predictions. The model that combined
the topographically uncorrected Landsat TM5 (1.55-1.75 pum) and
[Fhillshading was the most predictive for AGB (R*=0.67;
RMSE = 35 Mg/ha). This model had a reduced probability of finding
large errors (Fig. 5a) and showed two error peaks of approximately
25% for both the negative and positive tendencies (Fig. 5b). The
relationship between the predicted and observed AGB for this
model is shown in Fig. 6. The multicollinearity test for model 1
indicates a VIF of 2.9 and a tolerance of 0.34.

The estimated biomass within 20 polygons (0.81 ha each) ran-
domly scattered in each of the forest succession class were
50.3 Mg/ha (SD =17 Mg/ha) for the initial secondary forest and
172.7 Mg/ha (SD = 66 Mg/ha) for the advanced secondary forest.
These modeled data were closely related to the scattered field sur-
vey points (S2), which showed a mean field biomass of 54 Mg/ha
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Fig. 7. Mean biomass and confidence intervals (95%). 1: Field biomass in the
advanced forest class. 2: Modeled biomass in the advanced forest class. 3: Field
biomass in the initial forest class. 4: Modeled biomass in the initial forest class.

(SD =68 Mg/ha) for the initial secondary forest and 128 Mg/ha
(SD =190 Mg/ha) for the advanced secondary forest class (Fig. 7).
There were no statistically significant differences between these
field-based data and the modeled data (p < 0.05). While the esti-
mated biomass of the initial forest succession class possessed
low heterogeneity, the advanced forest class showed high variance
in the modeled biomass of randomly selected plots (Fig. 8). The ad-
vanced forest succession class showed higher differences for the
modeled biomass both between the plots and within each plot.

The land-cover map (Fig. 9) resulted in an overall kappa of 0.80
(Congalton, 1991). Although this accuracy was acceptable, the er-
ror matrix merges the initial secondary forests with abandoned
settlements. As illustrated in Table 3, the studied region had a large
forested area (76.4% of the total area). The sum of all human settle-
ments represented a 22.75% of the studied area (pasture, subsis-
tence agriculture, urban, and abandoned settlements). The best
biomass model indicated approximately 23.8 (+1.25) TC/ha and
81.8 (#4.33) TC/ha for the initial secondary forest and advanced
secondary classes, respectively. The biomass maps for the initial
and advanced forest classes developed using model 1 demon-
strated different visual patterns (Fig. 9). Considering the forested
area of each land cover class, the studied landscape stored more
than 5 million T of aboveground forest carbon.

4. Discussion

The results indicate a high importance of the topographic
pattern on the aboveground biomass modeling. For the studied
Brazilian Atlantic Forest area, the best biomass prediction occurred
when we combined a satellite image of the Landsat TM5 (1.55-
1.75 um) band with a secondary geomorphometric variable, the
illumination factor (IF). Among three IF indices tested, models that
integrated IFniishadging and TM5 band resulted in best biomass
predictions. IFniishading Provides a snapshot of the solar illumina-
tion at the moment of the TM data acquisition, enhancing
illumination differences between mountainsides (Canavesi, 2008;
Valeriano and Albuquerque, 2010; Valeriano, 2011). In addition,
different IFninshaging values, with specific aspects and slopes,
showed characteristic vegetation covers. For example, low
IFhinshading coincided with high values of forest biomass and it
mainly occurred in sloping hills facing to the west and south,
which are areas with low illumination in the southern hemisphere.
This tendency is probably related to the maintenance of an
elevated biomass in shaded and inaccessible areas that experi-
enced less historical agriculture usage (Munroe et al., 2007; Silva
et al., 2008; Teixeira et al., 2009).

IFhinshadging €nhances differences of solar reflectance due steep
slope patterns and correlates with the vegetation cover, thereby
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improving the accuracy of AGB predictions. Biomass and terrain
variables are usually correlated, as shown by previous studies
(Sun et al., 2002; He et al., 2012; Dahlin et al., 2012). Therefore,
both the explicit parameterization of the sun reflection geometry
and the inclusion of topographic data in the model are alternatives
to refine biomass predictions (Soenen et al., 2010; Main-Knorn
et al., 2011). However, our predictions were weak when we used

slope and aspect independently or when we used topographically
corrected images.

Early topographic correction, such as the C-correction (Teillet
et al., 1982), has been reported to be capable of reducing the
topographic effects to a certain degree, but only for highly non-
Lambertian surfaces (Wu et al., 2008). A more recent topographic
correction approach, the SCS + C (Soenen et al., 2005), is more con-
cise and compensates for changes in the self-shadowed area across
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Table 3

Area for each land-cover class.
Land cover ha %
Water 746.4 0.83
Anthropic settlement 12958.4 14.53
Urban 104.3 0.11
Abandoned anthropic settlement 7238.7 8.11
Initial secondary forest 8216.4 9.21
Advanced secondary forest/primary forest 59934.1 67.19

Overall Kappa = 0.8.

the range of canopy complexities (Kane et al., 2008). However, our
results suggest that both topographic corrections do not perform
well with our datasets, which is possibly because of the intricate
orography and complexity of the forest stands. The topographic
correction of the satellite images was based on the assumption that
there was a linear relationship between the sun reflectance and the
cosine of the angle between the normal of the ground and the solar
beam (Ekstrand, 1996). Nevertheless, the scatterplot of both
variables failed to generate a suitable linear regression, resulting
in the low performance of the corrected images in predicting
biomass.

Recent remote sensing biomass estimates of tropical forests
employ images from active sensors such as RADAR or LIDAR (Engl-
hart et al., 2011; Saatchi et al., 2011), while others employ passive
optical systems (Tangki and Chappell, 2008; Kajisa et al., 2009; Li
et al., 2010; Wijaya et al., 2010; Sarker and Nichol, 2011) or a com-
bination of both (Bitencourt et al., 2007; Wang and Qi, 2008; Cutler
et al.,, 2012). In the present study, we used passive optical systems,
which provide a large pool of data suitable for biomass mapping
because they are widely available for many regions and time sets
(i.e. historical images from Landsat program). However, cloud cov-
erage in tropical regions and satellite data saturation are major
constraints for passive optical systems when modeling tropical for-
est biomass (Lu, 2006). In our case, we used cloud free images. In
addition, the saturation effect on our modeling procedure may be
reduced because there is a lower biomass amount in the secondary
BAF than in Amazon (Vieira et al., 2008; Anderson, 2012). Previous
studies in tropical forests found that using mid-infrared spectral
bands for biomass estimates minimized the pixel saturation
(Steininger, 2000; Freitas et al., 2005). Our results agree with this
statement, as demonstrated by the inclusion of the mid-infrared
Landsat band (TM5) in better performing models. Nevertheless,
our best-performing model still showed an important error
(35 Mg/ha) that might be minimized using multisensory data or
processing approaches such as multi-date and texture analyzes.

Beyond satellite image processing, field data is a determinant of
the accuracy of estimates. The integration between both the point-
centered quarter method and the plot-based approach for survey-
ing forest structure shows similar results for studies limited to
plot-based survey of the BAF (Alves et al., 2010; Borgo, 2010). This
sample protocol allowed surveys of several locations throughout
the landscape with large plots (i.e. 0.36 ha) and reduced field-work.
The use of large plots permits a more representative biophysical
variation of the vegetation in the sample and results in minor
model inaccuracies due to GPS positional errors (Frazer et al.,
2011; Zolkos et al., 2013). As demonstrated in the methods, the
PCQ is an estimative method for tree density and demands an ele-
vated number of points by forest stand (Bryant et al., 2004). In the
present study, ten PCQ points within only 0.36 ha showed reliable
forest structure estimates.

Differences between initial and advanced biomass occurred for
both the field and modeled data (Fig. 7). These results indicate the
feasibility of predicting the AGB for different forest succession
stages. The modeled biomass allowed identification of structural
heterogeneity inside the forest classes (Fig. 8). This finding indi-

cates that spatially explicit AGB estimates can provide qualitative
information about the forest successional stage and may be used
to investigate forest regrowth when an increase in the forest area
does not exist. Different authors have studied forest succession
using historical analysis or stand classes (Neeff et al., 2006; Liu
et al., 2008; Helmer et al., 2009; Sirén and Brondizio, 2009). How-
ever, forest age classes and stages (i.e., initial, intermediate and
advanced) were not equally defined by these authors. The lack of
standardization in successional stands may be a problem when
comparing different studies. The species composition and forest
structure such as biomass, diameter and height can be better sui-
ted to defining the successional stage (Vieira et al., 2003).

In Brazil, many remote sensing studies have been conducted in
the Amazon (Foody et al., 2003; Lu et al., 2004; Li et al., 2010; d’Oli-
veira et al., 2012), which has resulted in the use of Amazon-based
biomass estimates at the national level due to the minimal effort to
measure the AGB of other biomes such as the BAF. Biomass esti-
mates in the BAF have been previously studied with field-based
methods (Vieira et al., 2008). However, few studies have measured
the large-scale biomass in the BAF using remote sensing data. In
this context, the present study provides important tools for infer-
ring the biomass on steep slopes in the Atlantic forest.

5. Conclusions

This study provides a feasible framework for estimating the
aboveground forest biomass in the Brazilian Atlantic Forest with
reduced field requirements. In addition, the results indicate that
the combination of mid-infrared spectral bands with a secondary
geomorphometric variable significantly improved biomass esti-
mates in a mountainous area. The reduced time required to cali-
brate the model when using the point-centered quarter method
can provide an alternative survey strategy to estimate the field bio-
mass and promote the validation of biomass maps. However, this
methodology can be better evaluated using other forest types
and different satellite data. Considering the scarcity of remotely
sensed biomass data from the Atlantic Rainforest, our results pres-
ent an important source of information about large-scale biomass
estimation in this biome and demonstrate that the forests remain-
ing on the steep slopes in the Brazilian Atlantic Forest form impor-
tant carbon pools.
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