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The aim of this study was to explore methods to: (1) enhance coarse-scale estimates of wood volume from
National Forest Inventories (NFIs) data and (2) map them at finer scales. The ‘standard’ coarse-scale estima-
tion extrapolates wood volume from clusters to the grid cell they represent, using the cluster’s represented
forested area (RFA) to predict the cell’s forested area. Data from a subset of Brazil’s NFI clusters were com-
bined with Landsat-8 imagery to explore a new coarse-scale method, where forested area derived from image
classification (FADIC) is used instead of RFA. The RFA- and FADIC-derived estimates of total volume were,
respectively, 197.4 million m3 and 116.3 million m3. For fine-scale methods, volume was estimated and
mapped at pixel level using: (i) surface reflectance-based models (SRMs), and (ii) regression-kriging (RK) and a
RK model (RKM) whose inputs were latitude and longitude of pixels. The SRM-based method captured the
mean and the general spatial trend of the volume well. The RK-based method also estimated the mean well,
but it failed to predict higher and lower volumes. The SRM- and RK-based estimates of total volume were
211.7 million m3 and 203.3 million m3, an overestimate of 7 per cent and 3 per cent, respectively, of the
‘standard’ NFI estimate (197.4 million m3), though both estimates were within the 95 per cent confidence
interval, meaning that both fine-scale methods yield total volume statistically similar to the ‘standard’
coarse-scale method.

Introduction
National forest inventories (NFI) provide critical information
describing the amount and characteristics of forests worldwide
and provide important information for decision-making about
sustainable use of forest resources and the role of forests at
national and global scales (McRoberts & Tomppo, 2007;
McRoberts et al., 2014). NFIs can be ground-based, accom-
plished via remote sensing or some combination of ground data
and either remote sensing (Tomppo et al., 2008; Gobakken et al.,
2012; Vibrans et al. 2013) or other geographic variables
(Scolforo et al., 2016). Ground-based inventories were once the
standard, but since the advent of remote sensing and with
improvements in remote-sensing technology and spatial model-
ling techniques they are increasingly being applied at national,

regional and local levels (e.g. Brooks et al., 2016; Maack et al.,
2016; Dube and Mutanga, 2015; Kim et al., 2013; Lu et al., 2012;
Gleason & Im, 2011; Fazakas et al., 1999; Cohen & Goward,
2004; Finley et al., 2011). Satellite data-based models have
been widely used in forestry and ecological applications, since
the onset of free access to Landsat imagery (Cohen & Goward,
2004).

Recently, Brazil developed a new ground-based NFI, following
a broad-scale sampling approach suited to meet national
demands (Freitas et al., 2010). The role of the Brazilian NFI is of
special importance for supplying a permanent-plot system, with
measurements of tree- and stand-level variables every five
years. In its primary stages, Brazil can produce information
about its forest resources at a strategic level with the NFI data;
national- and regional-level maps and estimates of wood

© Institute of Chartered Foresters, 2019. All rights reserved. For Permissions, please e-mail: journals.permissions@oup.com.
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volume are fundamental products and quantifying aboveground
forest biomass (AGB) and carbon stocks plays an important role
supporting greenhouse-gas emissions reporting (Kim et al.,
2013; Wilson et al., 2013; David et al., 2017). However, the cur-
rent scale of the NFI data is coarse relative to what is typically
needed to support forest management and planning at a
regional level (Wilson et al., 2013). So, methods are needed to
disaggregate forest estimates from the NFI, from coarse to finer
scales.

Disaggregation of Brazilian NFI data might be achieved
through remote sensing-based techniques which can accurately
map forest cover over broad areas (Vibrans et al. 2013). Some
investigators have found strong relations between forest bio-
mass and carbon with visible bands, as well as wood volume,
with middle infra-red bands (Lu et al., 2004), which suggests
that ground inventory data from the NFI might be able to par-
ameterize models which can extrapolate beyond the sample
plot locations using information contained in the remote sens-
ing. Kim et al. (2013) highlighted that suitable satellite imagery
data, used in the regression analysis, must be carefully selected,
given the variations in forest stand conditions and the complex
relationships between spectral reflectance values. Such condi-
tions require cautions on handling the predictor variables, exam-
ination of normality of residuals, as well as co-linearity among
input variables (Hayashi et al., 2015).

Kim et al. (2013) reviewed analytical techniques of varying
complexity, combined with remote sensing, in forestry applica-
tions. Among the less-complex ones, linear regression models
perhaps are among the most used (e.g. Fassnacht et al., 2014),
because they provide accurate results and can be rapidly pro-
cessed (Lu et al., 2004). Techniques such as artificial neural net-
works (ANN) in spatialization and mapping, often provide a little
more accuracy, but depend on complex programming practices.
In addition to ANN, other geostatistical techniques have been
increasingly used, such as ordinary kriging, cokriging and
regression-kriging (RK); this last being a hybrid method combing
linear modelling with kriging (Meng et al., 2009) that has been
considered the most accurate alternative (Kim et al., 2013).

In this study, we examined two modelling approaches to
extrapolate Brazilian NFI data to map forest volume to finer
(30-m pixel scale) spatial resolution. One approach extrapolated
via forest cover maps derived from Landsat imagery and the
other used the geographic location of forested pixels. We also
examined the differences in estimated total forest volume at
coarse scales (at the scale of the Brazilian NFI), when using
satellite-based versus ground-inventory-based estimates of for-
est area. The main hypotheses of this study were: (i) that the
two fine-scale methods would produce similar estimates of the
total volume stocks, because their spatial resolution is the
same; and (ii) fine- and coarse-scale methods would provide
statistically different results of the total stock, because their
spatial resolution is different.

Materials and Methods
Study area
The study area includes three political regions of the State of Parana,
Brazil, covering ~30 per cent of the state (Figure 1). Altitudes in these
regions range from 320 to 1300m. This region fits into the Atlantic

Forest biome; the major part of the study area is covered by three forest
types: Rainforest, Savanna and Seasonal Forest. According to Köppen
classification, Cfa and Cfb are the predominant climate in the region, i.e.
a sub-tropical climate without dry seasons, with mean temperatures
higher than 22°C (Cfa) or lower than 22°C (Cfb).

Data
Two types of data were used in this study: (i) Data from 152 NFI plots
carried out in the State of Parana, Brazil, in 2013 (Figure 1), and (ii)
remote sensing data for the same area.

NFI data

The Brazilian NFI (for more complete details see, Freitas et al., 2010)
divides the nation into a 20 × 20 km grid of cells that are 400 km2 in
area. Within each cell, a sample cluster is established, shaped like a
Maltese cross, with four 1000-m2 subunits at the north, south, east and
west (Figure 2), so that each cluster represents a small fraction of the
400 km2 cell it is embedded in; we refer to this as the cluster’s repre-
sented area (RA). Each cluster sub-unit is split into ten 100-m2 plots,
totalling 40 cluster plots. The forested area of a cluster is determined
based on the number of plots that are classified as being forested,
resulting in three types of clusters: (i) entirely forested clusters, when all
40 plots are categorized as forest; (ii) partially forested, when there are
from 1 to 39 plots categorized as forest and (iii) non-forested, when
none of the plots in the cluster are classed as forest.

Various tree variables are collected on the plots in the clusters, when
visited during the inventory (Figure 2, step A); the key ones being tree
stem diameter at breast height (Dbh) as well as the total height (h) of
12 representative trees per cluster, measured via hypsometer. Tree mea-
surements at the plot level are used to generate plot level estimates,
such as stem density, basal area and volume per forested hectare, with
area extrapolated to the clusters and then to the cells.

Forested areas are divided into planted versus natural forests. For
simplicity, we omitted planted forests from our analyses. Following the
NFI standards, natural forests can be categorized into: (1) late-
successional forest; (2) mid-successional forest with palm trees; (3) mid-
successional forest without palm trees; (4) early-successional forest
(ESF) with palm trees; (5) ESF without palm trees; (6) mid-successional
palm forest and (7) early-successional palm forest (David, 2018). In our
study area, there was no occurrence of classes 6 and 7, which are palm
forest-related classes. We therefore considered only two natural forest
classes that lined up with our remote-sensing approaches (see below):
mid-to-late successional forests (MLSF), combined classes 1–3, and ESF,
combining classes 4–5. We focused on natural forest management for
timber purposes, so our target variable was stem volume of woody trees
with Dbh ≥ 10 cm, i.e. we ignored palms and tree ferns (stocking only
~1.1 per cent over the total volume), as well individuals having Dbh
smaller than 10 cm.

To obtain individual tree volume, we estimated via equation the total
height (h) of the trees not measured via hypsometer. To obtain a better
accuracy, we split the dataset into equal-interval h/Dbh strata, and then
fitted stratum-specific height–diameter models, whose equations are
shown in Supplementary Data 1. Next, we estimated the form factor of
stems by means of species-group-specific equations; one for broad-
leaved [1] and another for pine species [2]. Such equations were fitted
to data (Figure 2, step B) from forests along the State of Parana.

= ( ) ( )
−

f Dbh h
Dbh

1.2124
2

1
0.9975 0.0606 2

2

= ( ) ( )
−

f Dbh h
Dbh

1.2063
2

2
0.9855 0.0531 2

2
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Figure 1 Study area and location of clusters allocated following standards of the NFI sampling over the study area.

Figure 2 Analytical procedure for estimating wood volume in natural forests at coarse and fine scales.
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Stem volume was then estimated by means of the model [3]:

= ( )v s h f 31.3

where v: stem volume (over-bark), in m3. s1.3: sectional area (over-bark)
at breast height, in m2. f: form factor. Dbh: diameter at breast height
(over-bark), in cm. h: tree total height, in m.

The sum of all stem volumes (estimated through model [3]) of trees
belonging to a cluster corresponds to the cluster’s wood stock, given in
m3 ha−1 (Figure 2, step C), being our variable of interest.

Table 1 gives main statistics of total height, form factor and stem
volume estimated via equations, as well Dbh and density of trees.

Remote-sensing data

Remote-sensing data were acquired to combine with the NFI data (see
Analytical procedures below). To cover the study area, seven Landsat-8
Operational Land Imager (OLI) images were obtained: (path/row) 221/
077, 221/078, 222/077, 222/078, 223/076, 223/077 and 223/078, all
downloaded from the US Geological Survey (USGS). The period from
December 2013 to February 2014 was chosen to acquire the satellite
imagery, because it provides cloud cover lower than 0.25 per cent for all
images and aligns with the period when the NFI data were collected.
Imagery pre-processing was performed with Envi 5.3, being: (i) conversion
of digital number to radiance scale, and (ii) conversion of radiance to sur-
face reflectance (Figure 2, step D), this last executed with Fast Line-of-sight
Atmospheric Analysis of Hypercubes (FLAASH) algorithm, implemented in
Envi 5.3. FLAASH is based on the MODTRAN-4 radiative transfer (Berk et al.,
1999) for performing atmospheric correction necessary to remove most of
the haze and other atmospheric perturbations (Nazeer et al., 2014). After
this, the (iii) images were re-projected to Sirgas 2000 and (iv) clipped for
removing overlapped borders from neighbour scenes.

Analytical procedures
The analytical procedures are summarized in Figure 2 and described in
detail below. Data acquisition and pre-processing steps were described
in the previous sections (Figure 2, steps A–D).

Image segmentation and classification

The images were segmented and classified (Figure 2, step E) by using
the software eCognition Developer 8.7 (Trimble, 2011). This software

executes object-oriented classification, where ‘objects’ are a definite
spatially-connected region of the satellite image. The object-oriented
classification approach we used prevented expression of a ‘salt-and-pepper’
effect (Blaschke, 2010) that is often associated with pixel-based classifica-
tions. eCognition Developer 8.7 allows users to segment imagery by means
of seven different algorithms; the ‘multiresolution segmentation’ algorithm
was chosen for this research. This algorithm applies an optimization pro-
cedure for locally minimizing the average heterogeneity of objects. This pro-
cedure requires that image layers and weights (w) for each layer be chosen
as segmentation criteria, besides parameters referring to size (scale),
shape, and compactness of the image objects. For this research, all the
seven images were segmented using the same standardized parameters
and image w, as well as the same image layers: SWIR1 (Layer 1), NIR (L2)
and Red (L3). After performing an exploratory analysis changing w, para-
meters, and layers, the largest weight (w = 1.6) was assigned to SWIR1
(i.e. Layer 1), followed by NIR (Layer 2, w = 1.0) and Red (Layer 3, w = 0.6)
(Figure 8). The values for the parameters shape and compactness were 0.1
and 0.5, respectively.

After the segmentation process, we classified the imagery consider-
ing land-use classes. As our variable of interest was wood volume stocks
in natural forests, the classification was focused on identifying areas
occupied by natural forests throughout the study area, though other
land-uses classes also had to be considered, as described later. Franklin
(2001) addressed the importance of accomplishing forest classification
under a hierarchical structure and the software we used allows that
classes be hierarchically structured, such that a ‘child class’ inherits
descriptions from its ‘parent’ class. The parent classes were (I) forest
and (II) non-forest. Class II was the inverted expression for class I, such
that objects not classified as forest turned into non-forest automatically
(an option provided by eCgonition Developer 8.7). The child classes asso-
ciated with (I) were (i) early-successional natural forests, (ii) mid- to
late-successional natural forests and (iii) planted forests. The two classes
of natural forests were created based on the Resolution n. 2 from
CONAMA (Brasil, 1994); a Brazilian standardization that defines and
characterizes early- and mid-to-late forest types. Although the volume
of planted forests was ignored, the land-use class ‘planted forests’ was
included in the image classification for completeness and to improve
classification accuracy, to help reduce misclassification between natural
and planted forests. It was also necessary to create another child class
for patches of lowland natural forests, which are generally areas wetter
than the higher ones and consequently have different spectral response
from the infra-red bands (NIR, SWIR1, SWIR2). An amount of 10 000–
20 000 samples (by scene, by class) of image objects (result from image
segmentation) were collected to represent parent and child classes.

Table 1 Descriptive statistics of tree variables by group of species, in NFI plot data of the State of Parana.

Tree variable Minimum Medium Maximum CV (%)

Broad-leaved species – n: 10 822 individuals
Diameter at breast height (cm) 10.0 18.4 118.3 52.0%
Total height (m) 1.4 10.4 28.0 34.9%
Form factora 0.481 0.551 0.696 4.8%
No. of trees ha−1 (Dbh ≥ 10 cm)b 3 237 1208 91.4%
Stem volume (m3 tree−1)a 0.009 0.228 9.512 189.0%

Pine species – n: 526 individuals
Diameter at breast height (cm) 10.0 27.1 74.8 53.5%
Total height (m) 4.0 13.4 26.0 32.5%
Form factora 0.458 0.508 0.587 4.7%
No. of trees ha−1 (Dbh ≥ 10 cm)b 3 53 1315 350.0%
Stem volume (m3 tree−1)a 0.020 0.580 4.831 128.1%

aValues obtained through equations previously described. bAverage per cluster. CV, coefficient of variation; n, number of observations.
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Five variables related to the image layers were chosen for the image
classification: (i) brightness index, (ii) mean SWIR1, (iii) mean NIR, (iv)
NDVI and (v) maximum difference of the image objects. The brightness
index plays the role of a proxy variable and is defined as the mean
reflectance of SWIR1, NIR and Red of an image object, as proposed by
the software. This same brightness index was used in the reflectance
models described later. For the sake of simplicity, brightness index is just
called ‘brightness’. NDVI is the Normalized Difference Vegetation Index
usually applied in vegetation studies with remote-sensing data (Powell
et al., 2010).

A post-classification visual analysis was accomplished to manually
edit misclassified objects (including shadow misclassification) to improve
the classifications. The accuracy of the classifications was assessed by
means of confusion matrices for each of the images and the Kappa
index of agreement, as explained by Congalton & Green (2008). To better
help understand the distribution of forests, as well of large forested and
deforested regions, we also presented a ground slope map originated
from SRTM (30-m spatial resolution), as proposed in Weber et al. (2004),
because we observed elevation patterns in the forest distribution.

Coarse-scale estimation of wood volume

The first coarse estimation method was to directly extrapolate the total
wood volume (m3 ha−1) over the study area (Figure 2, step G1); this is
essentially the ‘standard’ method currently provided by the Brazilian NFI
data. The natural forest volume per ha observed in entirely- or partially-
forested clusters during the NFI was multiplied by an extrapolation fac-
tor relating the percent forest in the sample cluster to the cell it repre-
sents, which we refer to as the represented forested area (RFA). For
entirely forested clusters, the estimated RFA is 400 km2 (assuming that
the entire cell is 100 per cent forested). For partially-forested clusters,
the estimated RFA is proportional to the cluster’s forested area; for
example, if 50 per cent of a cluster is in forest, RFA is 200 km2 (assuming
that half of the cell is considered forested). For non-forested clusters,
the estimated RFA is 0 km2 and consequently the extrapolation is set to
0. So, the total RFA for the study area is the sum of the RFA estimated
for each cell. The total volume over the study area is the sum of the pro-
ducts of the wood volume of each cluster and its RFA. Since the mean
and standard error of volume per cluster was known, it was possible to
obtain confidence intervals (CI) of the total volume; we applied the
method of the first differences for systematic sampling, as described in
Chacko (1965).

To understand how the remote-sensing data might change the
coarse-scale volume estimate, we computed a second estimate, using
another method (Figure 2, step G2), where the same volume estimates
for the clusters are used, but they are extrapolated to the forested area
of entire cells derived from image classification (FADIC); therefore, the
total forest area is computed at the cell, rather than cluster level, and
disregards the cluster’s RFA. Each cluster had its own FADIC, so that the
sum of all FADICs is the total forested area (TFA) resulted from the
image classifications. So, the remote-sensing extrapolated estimate of
total volume over the study area is the sum of the products of the wood
volume of each cluster and the cell’s FADIC.

In summary, the coarse-scale methods differ each from other by the
method of estimating the extrapolation area: RFA and FADIC. In an ideal
situation, the proportion of forest of the clusters would be equal to the
proportion of forest over the 400-km2 cell, i.e. RFA would be equal to
FADIC. Under such a situation, both coarse-scale methods would esti-
mate the same total volume, confirming the consistency between both
coarse methods. However, since the NFI clusters are only 0.004 km2, we
expected that the cluster would be unlikely to match the actual propor-
tion of forest in the cell (Figure 2). The coarse-scale estimation was com-
puted for both methods for both totally and partially forested clusters

and we compared the estimates from both methods to examine how
large the difference, if any, there was.

Fine-spatial-scale estimation of wood volume

We tested two fine-scale methods (Figure 2, step H) that produced
wood volume estimates for each 30-m pixel in the study area. The first
method (Figure 2, step H3) consisted of estimating wood volume as a
function of reflectance pixel data, with application of a model we refer
to as ‘surface reflectance-based model’ (SRM). The second method
(Figure 2, step H4) had application of RK and of the RK model (RKM) as a
function of pixel locations (lat./long.). The latter was chosen because
latitude and longitude are variables that are much easier to obtain than
reflectance values from remote sensors, so it represents a more easily-
implemented approach to extrapolating over space. Both the SRMs as
the RKM were employed with two randomly selected sub-datasets: (i)
fitting, with ~90 per cent of the data participating in the model calibra-
tion and (ii) validation, with ~10 per cent of the data.

Surface reflectance-based model

The SRM (Figure 2, step F) determined wood volume (m3 ha−1) of clus-
ters from surface reflectance pixel values from Landsat-8 OLI bands. To
fit the SRM, data consistency was necessary to eliminate outlier pixels
that do not represent the variable of interest, as discussed by Fazakas
et al. (1999). This occurs because the localization of the clusters on the
ground is not exactly the same location on the digital maps, due to
Global Positioning System (GPS) errors, and to the fact that the surface
reflectance of pixels suffers from the influence of neighbouring pixels
(Maack et al., 2016). In this study, such influence was most likely to
occur where pixel reflectance values of clusters along the border of for-
ests were affected by non-forested pixels (Hall et al., 2006). The rule
employed removed lower and upper outlier pixels from the dataset if
the pixel value was lower or higher, respectively, than 1.5 times the
inter-quartile range of reflectance values.

The input (image value) and output (cluster volume) variables were
extracted at pixel level through Geographic Information System (GIS)
analysis. The chosen image bands were: Red, NIR, SWIR1, SWIR2,
Brightness and NDVI. Stepwise regression was used to select the most
important input variables, leaving variables that were statistically signifi-
cant (α ≤ 5 per cent) and removing those non-significant ones. The
Shapiro–Wilk statistic for testing the normality indicated that the input
variables were normally distributed at a 5-per cent probability level.

Satellite sensor data are commonly correlated (Hayashi et al., 2015).
To fix this problem, the raw input variables (i.e. surface reflectance) were
transformed into principal components (PCs), which is one of the most
commonly-used transformations for satellite data (Meng et al., 2009).
In the principal components analysis (PCA), PCs with significant eigenva-
lues capture the largest amount of variance of raw data (Johnson &
Wichern, 2007), therefore, only these PCs were used in the regression
analysis. The SRM was fitted through the method of ordinary least
squares and can be expressed by [4]:

α α α α εˆ = + + +…++ + ( )V PC PC PC 4i i i j ij i0 1 1 2 2

in which PC is given by [5]:

β β β= + +…++ ( )PC X X X 5ij i i p ip1 1 2 2

Where, V̂ : wood volume, m3 ha−1. PC: principal component. X: raw input
variable. j: number of PCs with λ ≥ 1. p: number of variables selected by
stepwise. αi: coefficients of the volume model. βi : coefficients of the PC.
εi : random error.

Each one of the seven Landsat scenes had the model [4] fitted to
them by using the specific dataset of clusters related to each scene.
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Separation by scene was necessary due to the variation of reflectance
values among them, caused by solar illumination, haze and atmospheric
conditions, among others. The equations from Landsat scenes 223/076
and 223/078 were replaced by similar equations from bordering scenes,
due to the lack of or low number of forested pixels, yielding thus five
SRM equations. With the raster files containing surface reflectance data,
these equations were used to estimate wood volume at pixel level by
using the raster calculator available in Envi 4.7, creating a raster file of
estimated wood volume.

The last step was to clip raster files by using vector files from the
image classifications. As these vector files delimit forest and non-forest
patches, clipping removes all pixels out of forest, generating a map of
natural forests across the study area.

Regression-kriging and RK model

RK is a geostatistical, hybrid method that combines kriging with a RK
model (RKM) (Odeh et al., 1995). The role of the RKM (Figure 2, step F) is
to introduce regression residuals into the spatial analysis (Meng et al.,
2009), i.e. into the spatialized variable (in this case wood volume). The
main idea was to take advantage of the capability of the RK method in
fixing estimated values with addition of spatialized residuals. To contrast
with the SRM, volume was modelled as a function of latitude and longi-
tude (as shown in [6]), instead of using reflectance data, to determine if
location, as a proxy for local climate, could provided a simpler way to
extrapolate NFI plot data. Mello et al. (2015), Scolforo et al. (2015) and
Angulo-Martínez et al. (2009) are examples of other studies that employ
RKMs in this context. The specific model employed was:

α α α εˆ = + + + ( )V X Y 6i i i i0 1 2

where V̂ : wood volume of a pixel, in m3 ha−1. X: latitude of a pixel. Y: lon-
gitude of a pixel. αi: regression coefficients. εi : random error.

Before executing the RK, we fitted the RKM [6] and obtained residuals
( )ri of wood volume by the formula = − ˆr y yi i i, where yi is the observed
wood volume and ŷi is the wood volume estimated by the RKM. To fit
the RKM, three assumptions were considered: ( ) =E r 0i , ( ) =Cov r y 0i i
and ( ) =Cov r x 0i i (Odeh et al., 1995). After that, an Exponential Model
[7] was fitted to the semivariogram of the residuals ( )ri . The function var-
iofit from the GeoR package was used for fitting the semivariogram
(Ribeiro Junior & Diggle, 2001).

⎡
⎣⎢

⎤
⎦⎥( )γ ε( ) = τ + σ − + < φ ( )− φh e h1 for 7

h
i

2 2

γ ε( ) = τ + σ + ≥ φh hfori
2 2

where γ(h): semivariance. τ2: nugget effect. σ2: random variance. h: dis-
tance between clusters, in km. φ: range; e: exponential. τ2 + σ2: sill of
the semivariogram. εi : random error.

The spatial dependence of the regression residuals was quantified by
means of the ratio (r(h)) between nugget effect and sill. The value of r(h)
was then classified into three classes of spatial dependence, as pro-
posed by Cambardella et al. (1994).

( ) = τ
τ + σ

( )r h 100 8
2

2 2

An exponential model was applied to spatialize the regression resi-
duals at pixel level, in which the final product was a 30-m spatial reso-
lution raster. Subsequently, the wood volume was also spatialized at
pixel level, but now using the RKM. To that end, a vector format file con-
taining points with latitude and longitude from each image pixel was
required for the wood volume estimation. This operation also produces a
30-m spatial resolution raster. These two raster files were added each
other aiming to sum, at pixel level, regression residuals and estimated

wood volumes. Procedures for clipping rasters to obtain map of wood
volume is similar to the SRM case. These methods have a same extrapo-
lation area, which is the FADIC.

Uncertainty analysis

We quantified uncertainty in the wood volume (V̂i , in m3 ha−1) estima-
tion by means of the Monte Carlo method (MCM), following, e.g.
McRoberts et al. (2015) and Finley et al. (2011). As we modelled V̂i at pix-
el level from two different models (SRMs and RKM), the uncertainty ana-
lysis was applied to each of these cases. The MCM is an approach that
relies on the distribution of data, in our case, normal distribution. Our
procedure is summarized into four steps: (i) obtaining standard deviation
of V̂i (i.e. σ V̂ ), and a size-n vector of predicted volumes (i.e. V̂ i); (ii) gener-
ating vector of random values (i.e. X̂ i) based on σ V̂ and V̂ i, with X̂ i repre-
senting wood volume simulations forced to follow the normal
distribution; (iii) replicating steps (i) and (ii) 5000 times; and (iv) binding
the 5000 X̂ i into an only one vector, for calculating standard deviation
of X̂i (i.e. σ X̂).

These four steps were performed five times for the SRM, because it
was fit to five image scenes, and one time for the RKM, because it was
fit to a single data frame. So, V̂ i obtained in step (ii) is generated both
from the SRM and the RKM, with each having a different number of
observations (n), which is a parameter we used to determine the size of
V̂ i (step i), so that σ X̂ be proportional to the size of datasets.

By observing the total amount of pixels in the forest map, we com-
puted the mean wood volume (v̄p) at pixel level, in m3 ha−1. The aim of
the analysis was to obtain an CI with the new standard deviation fixed
by the uncertainty, σ X̂ . The CI for the total wood volume is

σ( ¯ ± )ˆTFA v t n/p X .

Assessment of goodness-of-fit

Goodness-of-fit statistics were applied to the pixel-level models [4] and
[6] aiming to examine their accuracy. The SRMs were fitted, by scene, to
evaluate the accuracy of the global volume estimation, so statistics
were proportionally weighed in relation to the portion that each Landsat
scene covered the study area. The accuracy statistics were: adjusted
coefficient of determination [9], root mean square error (%) [10], mean
error (ME) [11] and mean absolute error [12]:
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where y is observed volume, ŷ is predicted volume, ȳ is mean observed
volume, n is number of observations and p is number of parameters.

Results
Image classification
The vegetation map resulting from the image classification is
presented in Figure 3. The total area classified as ‘ESF’ and

Forestry

6 of 14

D
ow

nloaded from
 https://academ

ic.oup.com
/forestry/advance-article-abstract/doi/10.1093/forestry/cpz030/5505404 by U

N
ESP-U

niversidade Estadual Paulista Júlio de M
esquita Filho user on 30 M

ay 2019



‘MLSF’ were 432 528 ha and 1 330 041 ha, respectively. These
two classes combined totalled 1 762 570 ha of TFA, i.e. sum of
all FADICs (Table 2).

The map of ground slope in Figure 3 indicates that most for-
ests are located on steeper terrain, and vice versa for non-for-
est. The image classifications yielded Kappa values ranging from
0.81 to 0.90 (see Supplementary Data 2), which corresponds to
a relatively strong agreement between the imagery and the
ground truth (Landis & Koch, 1977). In general, disagreements
were mostly classes of non-forest (e.g. tillage, pasture) being
erroneously classified as ESF, but also planted forests were mis-
classified as both ESF and MLSF, and vice versa.

Coarse-scale estimation of forest area and wood volume

Table 2 shows forest area estimates and volumes for the study
area extrapolated via RFA computed from the NFI sample clus-
ters of via the FADIC. Recall that the total area represented by
each cluster is 400 km2 and 152 clusters were examined, so the
total area represented (RA) is 6 080 000 ha (152 × 40 000 ha).
Summing the forested areas of the entirely and partially
forested clusters from the NFI data, the overall RFA was 1 987
000 ha, which corresponds to an overall forest coverage of 32.7
per cent (=RFA/RA), coming from 100 per cent coverage in the

entirely-forested clusters and an estimated forested cover of a
little under 50 per cent for the partially-forested clusters
(Table 2). Multiplying the mean volume per ha in each type of
sample cluster (Table 2) by the RFA for each cluster led to an
estimated total volume of 197 396 519m3 ( ± about 5000m3,
95 per cent CI) over the study area.

The FADIC from Landsat, by contrast, indicated that only
about 35 per cent of the area represented by entirely-forested
clusters from the NFI was actually forested, and only about a
third of the area represented by the partially-forested clusters;
this lead to much less volume predicted in those areas
(Table 2). Additionally, the FADIC was almost 500 k ha in the
cells containing non-forested NFI clusters. This resulted in a total
FADIC (TFA, Table 2) about 11 per cent less than the total forest
area predicted by the NFI data (total RFA, Table 2), because the
imagery suggested that there was significant forested area in
the cells containing non-forested clusters, which mostly com-
pensated for the lower levels of forested area suggested to be
in the cells containing forested sample clusters. On the other
hand, the total estimate of forest volume from forested NFI
clusters extrapolated via FADIC was about 41 per cent less, due
to the mismatch between the forested volume represented by
the different types of sample clusters and the RFA versus FADIC
(Table 2).

Figure 3 Spatial distribution of early-successional and mid- to late-successional forests and ground slope in a study area within the State of Parana,
Brazil.
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SRM and RKM model performance

Table 3 gives goodness-of-fit statistics from the SRMs and the
RKM. As proposed, each Landsat scene had its specific SRM. The
overall RMSE was of 32.5 per cent for the SRM-based estimation,
ranging from ~29 to 51 per cent for the individual scenes. The
RKM-based estimation had a higher error at 49.0 per cent RMSE.

The results for the fitting and validation datasets were very simi-
lar, which indicates that the validation dataset was a good
representation of the overall dataset.

The RKM was less accurate than the SRMs (Table 3). However,
we reiterate that the RKM does not provide the final wood vol-
ume estimates. Instead, the final estimates are obtained by
adding spatialized estimates from the RKM to their respective

Table 2 Total forest area and volume estimates based on NFI sample clusters versus those extrapolated via forest classification from the satellite
imagery.

Statistics Unit Type of sample cluster

Entirely Partially (C) Non- Total
forested (A) forested (B) forested (A + B + C)

Number of clusters n 7 89 56 152
Proportion of clusters % 4.60 58.60 36.80 100.00
Area represented by NFI sample clusters (RA) ha 280 000 3 560 000 2 240 000 6 080 000

Forest area and volume estimates from NFI sample clusters
Forested area represented by NFI sample clusters (RFA) ha 280 000 1 707 000 0 1 987 000
Proportion of forest coverage (=RFA/RA) % 100.00 47.95 0.00 32.68
Lower total volume (α=5%) m3 55 603 212 109 703 290 0 165 306 502
Total volume m3 60 639 475 136 757 044 0 197 396 519
Upper total volume (α=5%) m3 65 675 737 163 810 798 0 229 486 535

Forest area from image classification and volume estimates from NFI sample clusters
Forested area delimited by image classification (FADIC) ha 97 987 1 186 667 477 916 1 762 570a

Proportion of forest coverage (=FADIC/RA) % 35.00 33.33 21.34 28.99
Lower total volume (α=5%) m3 19 461 278 76 248 504 0 97 386 291
Total volume (forested clusters) m3 21 223 984 95 052 027 0 116 291 341
Upper total volume (α=5%) m3 22 986 690 113 855 549 0 135 196 391

aTotal Forested Area (TFA) includes FADIC in cells containing non-forested clusters.

Table 3 Goodness-of-fit statistics of the pixel-level models SRM and RKM predicting total volume.

Scene Dataset Radj.2 RMSE% MEa MAEa DF Coverageb (%)

Surface reflectance-based model (SRM)
221/077 Fitting 0.61 30.7% 0.00 46.33 41 3.4

Validation 0.59 31.5% 18.78 37.64 4
221/078 and 223/076 Fitting 0.11 27.4% 0.00 20.73 299 24.3

Validation 0.10 33.0% −5.64 23.86 43
222/077 and 223/078 Fitting 0.33 39.3% 0.00 36.56 283 23.0

Validation 0.32 41.8% 12.35 41.10 36
222/078 Fitting 0.39 28.9% 0.00 33.08 542 44.0

Validation 0.39 29.0% 9.86 34.59 77
223/077 Fitting 0.22 41.9% 0.00 49.53 66 5.4

Validation 0.18 51.0% 8.73 36.08 7
Overall Fitting 0.43 32.5% −1.57 33.05 1231 100

Validation 0.46 32.3% −6.84 33.53 167
Regression-kriging model (RKM)

Overall Fitting 0.11 49.0% 0.00 41.55 60 100
Validation 0.11 47.2% −13.23 26.57 10

aValue given in m3 ha−1. RMSE, root mean square error; ME, mean error; MAE, mean absolute error; DF, degrees of freedom. bCoverage by scene over
the study area.
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spatialized regression residuals. In other words, the RMSE of the
RKM (Table 3) does not portray the overall accuracy of the final
estimates.

Figure 4a,c show plots of estimated and observed volumes
for both SRM and RKM. Figure 4a indicates a moderate tendency
in overestimating the lower volumes by the SRM, and underesti-
mating the higher ones, but otherwise predicted and observed
values are roughly linearly related. RKM, by contrast, showed a
relatively constant estimated volume over the range of
observed volumes. This occurred because latitude was the only
significant (P-value < 5 per cent) variable in the RKM fitting and
the spatial pattern of wood volume was apparently much more
complex than a simple latitudinal gradient.

The accuracy of the RK depends on residuals (of the RKM) fol-
lowing the normal distribution pattern, once normality is a con-
dition necessary to apply the technique (Odeh et al., 1995).
Figure 4b,d reveal a distribution of the regression residuals for
both methods approaching normality and the Shapiro–Wilk test
confirms that the residuals from both models are normally dis-
tributed at 95 per cent probability level. This indicates that
many of the positive and negative residuals nullify themselves.
However, both methods show an overall error in predictions, as
indicated by the ME for the validation data, and with a lower
error for the fitted models than the validation data, as expected
(Table 3).

In addition to normality, another issue of importance for the
application of the RKM is that the regression residuals have spa-
tial dependence further than ~20 km, which is the minimum dis-
tance among clusters. The practical asymptotic range (95 per
cent of the sill) of the Exponential Model [7], which is equal to
three times the value of range (φ) (Wackernagel, 2003), was of
269.6 km, meaning that there is spatial dependence until such
distance. With this result, the residuals could be properly spatia-
lized with the NFI grid distance. Residuals were classified as
moderately spatially dependent (r(h) = 55.32 per cent). The
equation of the semivariogram is expressed in [13].

⎡
⎣
⎢⎢

⎤
⎦
⎥⎥

⎜ ⎟⎛
⎝

⎞
⎠γ ( ) = + − ( )

−
h e16.3804 13.2294 1 13

h
90,000

where γ(h): semivariance; h: distance between clusters; e:
exponential.

Fine-scale estimation of wood volume

Each method (SRM and RKM) estimated wood volume at pixel
level and the frequency distribution of pixels classes of volume
are presented in Figure 5. The SRM produced a frequency of
volumes much close to a normal distribution and covered a full

Figure 4 Graphs showing estimated x observed volumes (a, c) and histogram of residuals of volume estimates (b, d). Red line: normal distribution
curve.
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range of values reflected in the ground-based observations
from the NFI. In contrast, RKM predicted a much more limited
range of volume with very high frequencies for some volume
classes (Figure 5).

Ultimately, the goal was to produce a fine-scale map of for-
est volume; the resulting maps describing the spatial distribu-
tion of the wood volume (m3 ha−1) estimated through both
methods is shown in Figure 6. The maps show a spatialized
representation of the data shown in Figure 5. In general, both
maps agree on where the densest areas of forest volume are,
but the SRM suggests a greater variety of volumes and a greater
spatial differentiation across the landscape.

The last result was the total wood volume estimated for the
study area under each extrapolation method, which is total vol-
ume of all the pixels, under each method, including the 95
per cent CI from the uncertainty analyses (Table 4). Both the
SRM and the RKM produced higher total volume estimates for
the landscape than that suggested by the NFI (compare
Tables 2 and 4). We noted that the CI provided by the SRM-
based method (Table 4) fits into and is more precise than the CI
yielded by the ‘standard’ NFI method (Table 4). The CI provided
by the RKM-based method, in turn, had the upper limit slightly
exceeding in relation to the CI of the ‘standard’ method; how-
ever, it was less precise than the CI of the SRM. The relative

Figure 5 Frequency of pixels versus classes of wood volume estimated by pixel-level methods of mapping.

Figure 6 Spatial distribution of the volume estimated by the methods with SRM and RK.
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volume estimation errors (±standard error/estimate) were: SRM
= ±5 per cent; RKM = ±13 per cent. Table 4 gives the CIs pro-
vided by the two methods.

Discussion
Coarse-scale estimates of volume given different
estimates of forest area
The large discrepancy in the total volume is between the ‘stand-
ard’ NFI estimate (197 396 519m3) and that one based on the
image classification (116 291 341m3, Table 2), result from the
large difference between RFA and FADIC. The cells containing
‘entirely-forested’ clusters were not entirely forested as esti-
mated by FADIC. This result reflects the fact that our study area
is a region with fragmented vegetation, with no occurrence of
400-km2 cells that are actually entirely forested. In general,
FADIC should be lower than RFA in cells containing entirely-
forested clusters, except perhaps in well-forested regions of
Brazil’s Amazon, where large contiguous forested areas are
found. For the cells containing partially-forested ones, we
expected a better match between FADIC and RFA.

The most important difference between RFA and FADIC was
in cells containing non-forested clusters, where almost 500 k ha
of forest was estimated by FADIC (Table 2). A partial explanation
for the discrepancy could be from non-forested areas (e.g. till-
age, pasture) erroneously classified as ESF, which was the major
source of error over the image classification (see Supplementary
Data 2). This error in the classification was caused because
some image objects belonging to agricultural areas shared the
same spectral range with objects from young forest vegetation,
as shown in Trishchenko et al. (2002) and Kachhwaha (1983).
Though there may have been some misclassification error, our
results suggested a considerable amount of wood volume might
be present in cells containing non-forested clusters. This high-
lights the importance of correctly identifying non-forested and
forested areas to derive accurate estimates and maps of forest
attributes over large spatial domains (see Finley et al. 2011).

Overall, this part of our analysis revealed a mismatch
between the % forest cover in a cell and the % forest cover of a
sample cluster representing it. The NFI cluster represents an
area one hundred thousand times the plot size. By contrast, the
US NFI has a ratio of plot area to RA of 1:6000 (Bechtold and
Patterson 2005). The relatively small size of the NFI sample clus-
ter (0.001 per cent of the cell), gives a high probability that a
non-forested cluster could land in a partially-forested cell, or
vice versa. While this does not mean that the RFA is biased at
the national level, based on the NFI design, it does suggest a

strong need to enhance estimates with remote-sensing data at
smaller scales.

Performance of the SRMs for estimating wood volume at
pixel level

Many authors have modelled forest variables as a function of
remote-sensing data (Fazakas et al., 1999; Krankina et al., 2004;
Labrecque et al., 2006; Kim et al., 2013; Maack et al., 2016;
Bohlin et al., 2017). The SRM method we tried in the study area,
appeared to be an effective method for extrapolating wood vol-
ume to finer spatial scales then are currently possible, using
remote-sensing data, combined with the NFI data. Our SRMs
had relatively good performances (Table 3) comparing to some
other studies reported in the literature. As examples, Berra et al.
(2012), Mäkelä & Pekkarinen (2004), and Mohammadi et al.
(2010) used Landsat imagery to estimate wood volume in
homogeneous forests, obtaining RMSE ranging from 48 per cent
to 100 per cent. In deciduous forest, Tomppo et al. (2002) found
up to 180 per cent of error in volume estimates. Aiming at esti-
mating AGB in across the Northern Minnesota, US, Deo et al.
(2017) used remotely-sensed data from Landsat and Lidar to
test various pixel-level polynomial models. The authors found
RMSE ranging from ~35 to ~70 per cent. Fazakas et al. (1999)
used the k nearest-neighbour (kNN) algorithm and Landsat TM
sensor data to estimate wood volume and biomass on NFI sam-
ple plot data. On plot level, Fazakas et al. found RMSE higher
than (~66 per cent for both forest variables) the ones observed
here. Nonetheless, our SRM had a fairly high error rate (Table 2)
and a tendency to overestimate in lower-volume forests and
underestimate in higher-volume forests (Figure 4), which sug-
gests that the model would need to be enhanced to more
accurately estimate the wood volume. It is worth noting that
we obtained a better accuracy when the SRMs were modelled
by Landsat scene. A single SRM for the whole study area was ini-
tially tested and we noted a performance worse than the
specific-by-scene SRMs. This supports the approach of fitting the
models by scene.

More generally, our review of the literature suggests that are
many factors affecting the canopy or vegetation reflectance
(Guyot et al., 1989), which in turn affect the accuracy of
reflectance-based models, including: geometry of data acquisi-
tion, solar illumination, sensor spectral sensibility, canopy for-
mat, crown closure, among others. Characteristics of the
background vegetation affects the reflectance spectra. For
example, infra-red band reflectance values are smaller in vege-
tation located wet soils (lowland areas) than in dry soils (Adam
et al., 2010; Joseph & Jeganathan, 2017). Also, from a same
remote sensor, vegetation reflectance spectra change as forest
types and sites change. In a study area with different sites,
Foody et al. (2003) found that the contribution of Landsat bands
to predict AGB differed between sites, so that bands that were
important at one site were unimportant at other sites. As con-
sequence of this, the vegetation indices that are strongly corre-
lated with AGB also differed between sites, as well as the
magnitude and direction of regression parameters. All these
facts, therefore, suggest better success with either a single
robust model at regional level, or various specific models that
capture the variation over large areas. As Brazil contains a wide

Table 4 Total wood volume estimated from the SRMs and RKM, and CI
obtained from the uncertainty analysis.

Unit SRM RKM

Lower total volume (α=5%) m3 201 540 889 176 633 239
Total volume m3 211 703 516 203 326 674
Upper total volume (α=5%) m3 221 866 144 230 020 109
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diversity of forest types at the national scale, it is of special
importance to test stratifications of the NFI plots, when a
national database is analyzed. Such strata should aggregate,
for example, classes of succession of vegetation, or forest types.

In addition to the issues related to reflectance variations,
other sources of error inherent to NFI plots and field collection
may have contributed to the loss of accuracy of the SRMs. One
of them was the large variation of stand-level volume we
observed in NFI plots. We observed entirely forested clusters (i.e.
with 40 plots classified into a forest class) with low wood vol-
ume, or even without any volume. This situation is typical in
ESFs, since the NFI inclusion criteria (of trees with Dbh ≥ 10 cm)
disregards the smaller trees in young forests. An overstory may
have spectral responses similar to a mature forest, given similar
‘greenness’ and ‘wetness’ values, for example. However, their
forest volume stocks could be much different from each other,
portraying a high volume variability over a short reflectance
variability.

Incompatibilities between size of NFI’s subunits and spatial
resolution of sensors may have been another source of error
and loss of accuracy, as reported by Fassnacht et al. (2014). We
observed such problems in our study; the cluster-plot subunits
were of 20 × 50m, so one 30-m pixel exceeds the width of one
side of the subunits. This condition obligated us to expand the
collection of pixels across the total area covered by the cluster,
i.e. 40 000m2 (200 × 200m: North–South/East–West distances
= 200m), instead of collecting only pixels over subunits. Such
expansion was performed only in entirely-forested clusters,
since the other clusters have non-forest pixels over this area of
40 000m2. In this case, the source of error exists because such
expanded area contemplates pixels from non-inventoried parts
of the forest, hoping that they have similar stocks to that inven-
toried ones. If they do not have similar stocks, the underlying
pixel reflectances used to calibrate the models may have been
incompatible to the ground truth.

As a third source of error, the complex composition and
structure from tropical forests (Malhi et al., 1999) also are cited
as negative influences to fit satellite-based models (Mallinis
et al., 2004). Especially in the Brazilian tropical forests, heights
of trees is variable over small areas of forest, besides having a
high number of tree species. This complexity increases the vari-
ation of pixel reflectances, and likely contributed to inaccuracy
in the SRMs.

Performance of the RKM for estimating wood volume at
pixel level

Our study revealed that the RKM was able to more finely map
forest volumes than the NFI, but this was mainly the result of
the fact that it was built on a grid of forested and non-forested
pixels and the non-forested areas were clipped from the final
coverage (white areas in RK-based mapping in Figure 6). The
RKM was unable to accurately estimate forest volumes at spe-
cific locations and failed to predict any areas with lesser or
greater wood volumes (Figure 5). As a result, RK produced more
homogeneous maps of forest volume distribution than SRM
(Figure 6). The map based on the SRMs showed a wider range of
volumes over the study area, which likely better represents real-
ities observed on the ground. Both methods provided close

estimates for total volume, with relative difference of ~4 per
cent, which suggests that the RKM captured the mean trend
fairly well, but could not effectively spatialize the residuals, with
only latitude as a spatial predictor. Wood volume is unlikely to
be gradually spatialized in lat./long. gradient, which could ham-
per the performance of any model based on geographic loca-
tion. The forested areas tended to follow a similar spatial
pattern to the ground slope map (compare Figures 3 and 6).
Therefore, in the future, we would recommend using elevation
as a third coordinate to possibly improve the RKM estimates.

Our RK method yielded RMSE similar to studies which also
used geostatistical methods (Scolforo et al., 2015, 2016; Yadav
& Nandy, 2015). Meng et al. (2009) tested four geostatistical
methods aiming at estimating forest basal area in a region of
~35 000 km2 and RK provided the smallest errors. The main dif-
ference between this study and the one from Meng et al. is that
they used Landsat ETM+ data as input variables to the linear
model, rather than geographical variables. Unlike our RKM,
Meng et al. showed no limitation in estimating lower or upper
values covering the underlying distribution and obtained much
better fit statistics for their models (values of R2 around 0.90).
On the other hand, Viana et al. (2012) used remotely-sensed
data combined with RK for estimating AGB; the authors
obtained low performance of the RK method, but they asso-
ciated this result with a low spatial dependence of the variable.
This appears to have been the case in our study.

Aiming to spatialize aboveground carbon (AGC) in tropical
forests, Scolforo et al. (2016) also used RK combined with longi-
tude, besides another variable related to the biome. The authors
obtained an ME of ~58 per cent and a residual distribution not-
ably biased, but relatively better than the residuals showed in
Figure 4c. A limitation in estimating volume of extreme classes
also was noted in Scolforo et al., indicating that their variable of
interest (AGC) was limited to longitude, similar to this study,
except wood volume was limited to latitude.

In a survey also with AGC, but in a larger study area (State of
Minas Gerais, Brazil), Scolforo et al. (2015) selected the variables
latitude and altitude in the model used to the RK. In this case,
their residuals were much less biased than the residuals shown
in Figure 4c. The inclusion of altitude in the model, possibly con-
tributed to a better residual distribution. Elevation is commonly
related to AGB and carbon, and is thus often used to estimate
such variables (Houghton et al., 2001; Zhang et al., 2009; Alves
et al., 2010).

Conclusions
This study explored two methods to extrapolate NFI cluster plot
volume estimates, which are currently extrapolated from a 20-
km spatial resolution to a very-fine 30-m scale resolution, using
a SRM built off 30-m Landsat imagery, or an RKM that uses that
coordinates of the centre points of pixels, without using the
reflectance values of the pixels. The SRM-based method cap-
tured the mean and the general spatial trend in forest volume
in a 30-m resolution map, though it did so with a significant
bias. The RK-based method also well estimated the mean trend
of wood volume, but completely failed to predict any areas with
high or low forest volume and was unable to capture a mean-
ingful spatial trend, with spatialized residuals having only
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latitude as a weak predictor of volume distribution within the
region. The current RKMs need more refinement to eliminate
bias and reduce prediction error, before such models could be
used operationally.

The SRM produced a higher overall estimate of forest volume
for the region than the ‘standard’ estimate provided by the NFI,
with a lower relative error (±5 per cent versus ±16 per cent).
Combined with other analyses presented here, the results sug-
gest that the NFI cluster plot resolution may be too coarse to be
accurately representing the amount forest cover in the region
and a remote-sensing-assisted SRM approach could be an
effective way enhance predictions from the NFI ground data.
Our results also suggest developing multiple SRMs over smaller
regions of larger areas might be more effective than using a sin-
gle SRM to cover a large area.

Supplementary data
Supplementary data are available at Forestry online.
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