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Abstract: The quantification of aboveground biomass using remote sensing is critical
for better understanding the role of forests in carbon sequestration and for informed
sustainable management. Although remote sensing techniques have been proven useful in
assessing forest biomass in general, more is required to investigate their capabilities in
predicting intra-and-inter species biomass which are mainly characterised by non-linear
relationships. In this study, we tested two machine learning algorithms, Stochastic Gradient
Boosting (SGB) and Random Forest (RF) regression trees to predict intra-and-inter species
biomass using high resolution RapidEye reflectance bands as well as the derived
vegetation indices in a commercial plantation. The results showed that the SGB algorithm
yielded the best performance for intra-and-inter species biomass prediction; using all the
predictor variables as well as based on the most important selected variables. For example
using the most important variables the algorithm produced an R? of 0.80 and RMSE of
16.93 t ha ' for E. grandis; R? of 0.79, RMSE of 17.27 t ha ' for P. taeda and R? of 0.61,
RMSE of 43.39 tha ' for the combined species data sets. Comparatively, RF yielded
plausible results only for E. dunii (R® of 0.79; RMSE of 7.18 t ha ). We demonstrated that
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although the two statistical methods were able to predict biomass accurately, RF produced
weaker results as compared to SGB when applied to combined species dataset. The result
underscores the relevance of stochastic models in predicting biomass drawn from different
species and genera using the new generation high resolution RapidEye sensor with
strategically positioned bands.

Keywords: bag fraction; biosphere-atmospheric interactions; learning rate; high resolution
RapidEye imagery; tree complexity; variable importance and variable selection

1. Introduction

Forests serve as an important key driver of regional and local climate systems through
biosphere-atmospheric interactions [1-3]. Information on forest spatial distribution, biomass levels and
dynamics is therefore, required for accurate estimation of greenhouse gases flux, policy development
and implementation [4]. In addition, knowledge on intra-and-inter commercial forest biomass is central
in: (i) determining their productive capacity; (ii) ensuring informed sustainable management practices
and (iii) understanding the functioning of the planet and the environment [5,6]. Therefore, continuous
estimation, mapping and monitoring of forest aboveground biomass (tonnes ha ), which is the amount
of living plant matter [5]; is central in climate modelling worldwide, due to its significance in net
carbon emission computations [7-9].

Currently, there are two approaches for forest biomass estimation namely, field-based traditional
methods (i.e., field measurements or harvesting) and remotely sensed methods [10]. So far, traditional
methods have been side lined in favour of remotely sensed techniques; since its inception. Although,
regarded as highly accurate [10,11]; the traditional methods are exceedingly time consuming, labour
intensive, and difficult to implement, especially in remote areas and are practically and spatially
limited to a small tree sample size and requires a sufficient number of samples [10,12]. Recent
evidence suggests that remote sensing seems to be a valuable and low-cost tool for determining forest
biophysical attributes when compared to field surveys [13-15]. Remotely sensed data permits robust
biomass retrieval which is critical for assessing the ecosystem yield and carbon accounting. As a
result, biomass estimation using remotely sensed data as the primary source has gained increasing
interest in the past decades especially for natural forests at both local and regional scales [10].

Although biomass cannot be directly quantified from space, satellite image reflectance permits the
extraction of biomass estimates especially when integrated with field-based measurements [15].
Consequently, various remotely sensed studies concerning forest biomass estimation have been applied
at different scales. It has been discovered that coarse spatial resolution optical sensors are useful for
biomass mapping at continental and global scale rather than at local scale [16,17] due to the plausible
trade-off between spatial resolution, image coverage and frequency in data acquisition [3,6,10,18,19].
The main limitation with the broadband multispectral sensors for biomass estimation is the fact that
they are characterised by mixed pixels which occur as a result of large sensor footprint [20,21]. In that
regard, the huge difference between the satellite data pixel size and the ground reference data makes
these sensors inapplicable for intra-and-inter species biomass prediction in commercial forest plantations.
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Recent efforts have been geared towards the use of high resolution sensors such as narrow band
hyperspectral, radar and lidar data for estimating aboveground forest biomass (AGB) to reduce the
limitations associated with the broadband multispectral data sets [21-27]. Results have shown that
hyperspectral, radar and lidar sensors have robust means of data collection and subsequent characterization
of the vertically distributed forest attributes hence can be regarded as an appropriate primary data
source for forest inventorying. The use of these data sets nonetheless comes with its own limitations in
terms of cost; availability; spectral contiguity, processing and analysis complexity especially in the
African context given its economic situation and lack of the required technical expertise. For example,
processing hyperspectral data for vegetation applications is a major challenge due to the Hughes
phenomenon or “the curse of dimensionality”. This problem often introduces a high degree of
multicollinearity as a result of the similarities in the biophysical spectral reflectance properties [28-31].

The utility of new generation sensors, such as the RapidEye with strategic bands is therefore seen as
a trade-off between the advantages of coarse multispectral data, hyperspectral, lidar and radar data in
predicting intra-and-inter species AGB [32-34]. Currently, RapidEye together with WorldView-2
sensors are the only commercial multispectral satellite sensors which provide a reasonable number of
spectral bands that are configured in unique portions of the electromagnetic spectrum and provide a
global, high-resolution access to the red- edge spectral band [35]. In remote sensing, the “red-edge” is
the region of abrupt change in the leaf reflectance between 680 and 780 nm, due to the combined
effects of strong chlorophyll absorption in red wavelengths and high reflectance in the NIR
wavelengths due to leaf internal scattering [36]. The new generation RapidEye image containing
strategically positioned bands with a fine spatial resolution of 5 m is hypothesized to be critical for
vegetation mapping when compared to the traditional broadband satellite images, such as ASTER,
SPOT and Landsat Thematic Mapper. Above all, the RapidEye reduces unnecessary redundancy, a
problem associated with hyperspectral data [13]. Recently, the strategically positioned bands of the
RapidEye imagery has successfully been applied extensively in detecting different levels of insect
defoliation in Mopane woodlands [37,38] whereas other studies have demonstrated that the strategically
positioned RapidEye bands allow for enhanced vegetation mapping [39,40].

However, the rich spectral information contained in this data set has not been exploited for
estimating intra-and-inter species biomass in managed commercial plantations. For instance,
commercial forests with mixed species (inter-species) are characterised by significant biomass
variations, making it difficult for national carbon accounting. Taxonomical and structural differences
are a major problem for intra-species aboveground biomass estimation [21]. More importantly,
different species and genera result in high biomass variations that are associated with non-linear
relationships making algorithm applications a significant challenge in estimating ABG in such
environments. Due to the intra-and-inter species variability there is a high probability of outliers and
unbalanced data sets in the collected training data. It is therefore critical for biomass studies to identify
robust models that could overcome the failure to estimate biomass in forests characterised with
intra-and-inter species [21,41-43].

In this study we therefore assessed the potential of two machine learning algorithms; Stochastic
Gradient Boosting (SGB) and Random Forest (RF) in predicting intra-and-inter species biomass in a
commercial plantation forest in the midlands region of KwaZulu-Natal, South Africa using the
strategically positioned spectral information derived from 5 m RapidEye imagery. Previous studies
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have shown that non-parametric statistical techniques such as the SGB and RF simplify the biomass
estimation process when compared to other statistical regression methods [12,13,21]. Both regression
ensembles have received considerable attention due to a number of statistical modeling properties. For
instance, the SGB method produces results with plausible and highly robust estimates in regression
studies due to its ability to handle outliers, inaccurate training data, missing and unbalanced data
sets [44-46]. Moreover, the model’s stochastic characteristic in modelling non-linear relationships and
the inherent ability to handle, identify as well as select critical variables from large amounts of data is
expected to provide the best model accuracies [21,45-47]. Most importantly, SGB uses a stage-wise
additive model fitting procedure that enhances the predictive performance of weak learning algorithms.

On the other hand, RF provides other appealing statistical properties, such as the useful internal
estimates of error, strength, correlation and variable importance [48,49]. In addition, Strobl,
Boulesteix, Kneib, Augustin and Zeileis [49] describe random forest algorithm as an effective tool
which performs simple and complex regressions with modest fine-tuning of parameters resulting in
accurate predictions. The highlighted characteristics of SGB and RF as well as the probability of
intra-and-inter species biomass variability have therefore prompted an investigation of their
capabilities (SGB and RF) in predicting AGB from a commercial forest in the midlands of KwaZulu
Natal, South Africa. Although both machine learning techniques have been found to be robust under
certain conditions, in this mixed species environment of KwaZulu Natal, it is expected that SGB would
perform better, due to its capabilities in modelling possible outliers and unbalanced data sets as well as
non-linear relationships. To the best of our knowledge, so far no study has assessed the SGB and RF
for intra-and-inter species biomass prediction in a commercial forest and in particular, using the
strategically positioned bands of the new generation sensors such as RapidEye. Therefore, our main
objective was to investigate the robustness of the two machine learning algorithms in predicting
intra-and-inter species biomass from a plantation forests using the recent high spatial resolution
spaceborne RapidEye multispectral imagery. A secondary objective was to evaluate the relative
importance of the high resolution RapidEye reflectance bands as well as the derived vegetation indices
in the prediction of intra-and-inter species biomass.

2. Materials and Methods
2.1. Study Area

The study was conducted at sappi Clan forest, located approximately 27 km away from
Pietermaritzburg city, the provincial capital of KwaZulu-Natal Province, South Africa (Figure 1).
The plantation is located between Latitudes (2924'46.74"S, 29<17'45.94"S) and Longitude
(30<18'32.89"E, 3028'28.21"E). South Africa is home to vast tracks of commercial plantation forests,
both hardwood and softwoods, covering approximately one percent of the total land area [50].
Specifically, the Clan forest used in this study covers about 6700 ha. The forest is characterized by
extensive commercial forestry dominated by Pinus (P. taeda), and Eucalyptus spp. (e.g., E. grandis
and E. dunii). The climate in the study area is sub-tropical with the mean annual rainfall varying
between 700 mm and 1500 mm [51]. These fast-growing Eucalyptus species are planted with clones or
seedlings and harvested every six to seven years. Stands are managed on a pulpwood regime
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(i.e., established at 1667 trees/ha); and intensive soil preparation and weed control measures are

practiced, until crown closure occurs between 1 to 1.5 years.

Figure 1. Location of Sappi Clan forest in the midlands of KwaZulu Natal, South Africa.
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2.2. Field Data Collection and Sampling Design

The field campaign was carried out between the 30th of July and the 22nd of August 2013, in
conjunction with Sappi annual routine-field surveys. Sampling was conducted on Eucalyptus grandis,
Eucalyptus dunii and Pinus taeda forests aged between 8 and 20 years (Figure 2a,b). Selected tree
structural variables, namely; tree diameter-at-breast height (DBH), tree height (H) were measured for
each plot (181) using the Haglof Digitech Calliper and Vertex 1V laser instrument respectively. A total
of 181 plots were selected for field surveys using vector maps, courtesy of Sappi. The selection criteria
were based on species type, age and spatial location of compartments. The measurements were
collected using a grid-based systematic sampling technique, utilizing a circular sample plots,
approximately 400 m? in size. These plots were systematically distributed (usually every 100 m)
within the stand. Sample intensities varied between 2% and 10%, depending on the species
composition, stand size or local forest conditions [52].
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2.3. Field Aboveground Forest Biomass Computation

For individual species biomass (tha ') calculation, two approaches were applied for the three
selected species (E. grandis, E. dunii and P. taeda). The first method was only used for Eucalyptus
spp. and it involved the use of volume and biomass expansion factors found in literature specifically
for South African species [53]. Volume was derived and reported at stand level following the
allometric method explained by Bredenkamp [54]. For P. taeda, a general allometric equation was
used for biomass computation, as proposed by the Intergovernmental Panel on Climate Change
(IPCC), IPCC [55]. The basis for the application of this allometric equation for this species (P. taeda)
in particular is the fact that the rainfall (800-1500 mm) and temperature range (21 C-34 <C) are
similar to the climatic conditions prevailing in the study area. The equation used for the species was
also formulated using diameter-at-breast height (DBH) ranging from 0.6 cm-56 cm at rainfall of 800
to 1500 mm and temperatures were similar to the study area. Species difference prompted the use of
different approaches for computing biomass because of the existing differences in species structural
and taxonomical characteristics [11,41,43]. Moreover, literature shows that different allometric
equations exist for biomass computation for the selected species [11,56]. The biomass results from the
two approaches were finally standardised to the same unit of measurement, which is tonnes per
hectare (t ha?).

Figure 2. Typical field site showing (a) Eucalyptus spp. and (b), P. taeda in early
August 2013.

(@)

2.4. Image Acquisition and Data Preprocessing

A recent high spatial resolution spaceborne multispectral sensor (i.e., RapidEye imagery) with zero
percent cloud cover, covering the study area was obtained on the 25th of August 2013 from DLR
Germany. The RapidEye image comprised of five multispectral bands with a spatial resolution of 5 m.
The spectral ranges of the five bands are 440-510 nm (B1-blue), 520-590 nm (B2-green), 630-685 nm
(B3-red), 690—730 nm (B4-red-edge), and 760-850 nm (B5-near infrared). All the RapidEye products
are collected by a 12 bit imager. Radiometric corrections were applied to the RapidEye image,
subsequently converting the image digital numbers (DN) into values directly related to absolute
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radiances, using a constant factor (originally determined during launch) [57]. Earlier experimentation
done by Naughton, et al. [58] demonstrated that the image registration error was within a single pixel,
hence further geometric processing was not implemented. Radiance image was atmospherically
corrected and transformed to canopy reflectance using the Fast Line-of-Sight Atmospheric Analysis of
Spectral Hypercubes (FLAASH) algorithm built in ENVI 4.7 software [59].

2.5. Spectral Information and Vegetation Indices Derived from Strategically Positioned Multispectral
Spaceborne RapidEye Image Bands

A point map of the biomass plots was developed using the field data and GPS recordings. This map
was then overlaid on the RapidEye images to generate a region-of-interest (ROI) map using the central
GPS point for each plot (n = 181). A 3 x 3 pixels window (i.e., 15 m > 15 m) was used to collect
vegetation image spectra from each band (n = 5) using ArcGIS 10.2 software. The 3 % 3 pixels
window size was used in order to avoid the inclusion of pixels located outside the plot [13,60]. Hence,
only pixels that fall entirely within the ROIs were included in the spectral dataset, while the pixels that
partially fall inside the ROIs were discarded [13,60,61]. The spectra were collected and averaged for
each plot. All derived parameters that were related to the field plot data are listed in Table 1. The
indices were chosen, based on previous research dealing with forest biomass estimation from remote
sensing data.

2.6. Intra-and-Inter Species Biomass Training and Test Datasets

To validate the performance of the SGB and RF algorithms the datasets (E. dunii: n = 63,
E. grandis: n = 65, P. taeda: n = 53 and all species: n = 181) were randomly split into 70%, training
dataset and 30% for a test (independent) dataset [12,62]. Moreover, the training datasets were used in
optimizing both regression algorithms (SGB and RF) and to train the prediction models whereas the
test dataset was used to examine the performance and reliability of the prediction model.

2.7. Statistical Analysis

Two main data analysis techniques were implemented and these include stochastic gradient
boosting (SGB) and random forest (RF) regression algorithms. The two algorithms are discussed in
detail below.

2.7.1. Stochastic Gradient Boosting Regression Model

Stochastic gradient boosting is a powerful machine learning technique producing competitive,
highly robust and interpretable procedures for both regression and classification applications [63]. The
tree ensemble has the ability to accommodate different types of explanatory variables and data with
missing values [45]. The ensemble is immune to outlier effects; it can fit complex nonlinear
relationships and automatically handles interaction effects among predictors. The algorithm introduces
also an element of stochasticity, thus improving model accuracy and reducing over-fitting [44,47].
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Table 1. Selected strategically positioned Rapideye spectral parameters and vegetation

indices used for this study.

Parameters Formula References
Single band reflectance

Blue, green, red, NIR and Red-edge -

Vegetation Indices

Simple Ratio NIR/Red Jordan [64]

RVI.RE (Ratio Vegetation Index)
NDVI (Normalized Difference
Vegetation Index)

NDVI.RE

DVI (Difference Vegetation Index)
MSR (Modified Simple Ratio)
MSR.RE

TVI (Triangular Vegetation Index)

TVI.RE

IPVI (Perpendicular Vegetation Index)
IPVI.RE

Gl (Greenness Index)

GI.RE

PSSR (Pigment specific simple ratio)

Red-edge/NIR
(NIR-Red)/(NIR + Red)

(NIR — Red-edge)/(NIR + Red-edge)
NIR — Red
(NIR/Red)-1/(NIR/Red)*<® + 1
(NIR/Red-edge)-1/(NIR /Red-edge) = +
1

0.5*[120*(NIR — Green)—200*(Red-
Green)]

0.5*[120*(NIR — Green)—200*(Red-
edge-Green)]

NIR/(NIR + Red)

NIR/(NIR + Red-edge)

Green/Red

Green/Red-edge

NIR/Red-edge

de Sousa, et al. [65]
Rouse, et al. [66]; Jordan [64]

Mutanga, Adam and Cho [13]-

Tucker [67]
Qi, et al. [68]

Broge and Leblanc [69]

Crippen [70]

Zarco-Tejada, et al. [71]

Blackburn [72]

variables

SGB predicts the response by combining regression tree and boosting
algorithms [44,45,47,73,74]. The ensemble uses a backward stage-wise approach by fitting regression
tree models iteratively to a subset of the training data (50%) that is randomly selected without
replacement. A residual deviance is then calculated on data not used in the model fitting process. Trees
are added until the total residual deviance calculated from the withheld data ceases to decrease. The
number of trees giving the lowest total residual deviance represents the most appropriate model
for prediction.

During model fitting SGB is governed by three important user-defined parameters [44,47,75]
namely: (i) the learning rate (Ir), which determines the contribution of each tree to the final model;
(ii) the tree complexity (tc), which is the number of independent variables interacting to determine
each split and (iii) the number of regression trees (nt) in the ensemble. The learning rate controls the
increase in model complexity, with smaller values resulting in fitting a larger number of trees [45]. For
each combination of nt, tc and Ir, the combination producing the lowest cross-validated deviance is
then identified, using the training dataset. For this study, we fitted SGB models, with varying values
for nt (100-10,000), Ir (0 1-00001), tc of 1 and 5, a bag fraction of 0.2-0.75 and evaluated the results
across all categories of species biomass. The gbm library [73] for the R statistical package for
statistical analysis [76] was utilized to implement SGB.
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2.7.2. Stochastic Gradient Boosting and Relative Variable Importance

For the accurate and simple prediction of inter-and-intra species biomass, the relative individual
variable influence was determined to identify the smallest number of input variables (p = 19) that
yielded the best predictive performance. This information is important because not all model input
variables are equally relevant in the modelling process. In this regard, it is often suitable to learn or
determine the relative influence of each input variable in predicting inter-and-intra species biomass.
Based on SGB, the relative influence of model terms was calculated by the contribution of each
variable in reducing overall model deviance [45,47]. Subsequently, variable selection was achieved by
implementing a backward feature elimination approach to determine the most important spectral bands
and vegetation indices required for accurate biomass prediction. More precisely, the approach develops
a model which utilizes all the input predictor variables and then progressively eliminates input
predictor variables with least relative influence. Additionally, all SGB models are optimized in terms
of their Ir, tc and nt hyper-parameters. The SGB model for predicting inter-and-intra species biomass
was initially run using nineteen variables.

2.7.3. Random Forest Regression Algorithms

Random forest (RF) is a machine learning technique developed by Breiman [77] that employs
bootstrap aggregation, where a number of trees (ntree) are constructed based on a random subset of
samples derived from the training data. RF regression algorithm utilizes bootstrap samples from the
training data without pruning to grow a large number of decision trees [48,78,79]. These trees assign
each variable (RapidEye band reflectance or vegetation index) to a response value (biomass), using the
averaged estimates that the value receives from the collection of all trees [48]. The algorithm has an
additional modification of selecting only a random subset of candidate features (mtry) to determine the
split at each node of a tree. This ensemble method uses recursive partitioning, to create multiple
regression trees (ntree) and then averages the results of all trees [77]. RF algorithm is easy to
implement as only two parameters (ntree and mtry) need to be optimized based on the lowest root
mean square error (RMSE) of prediction [77,80,81,82]. The ntree parameter, the number of regression
trees grown based on a bootstrap sample of the observations (the default value is 500 trees) and mtry is
the number of different predictors tested at each node (the default value is 1/3 of the total number of
the variables). Thus, in this study the ntree parameter values were tested in increments of 500 to 2500
with a 500 interval whereas the mtry was tested in increments of 1 to 19.

Approximately one-third of the data which is not included in the bootstrapped training sample,
called the out-of-bag (OOB) samples is then used to evaluate the RF model. A number of researchers
have shown that the OOB samples offer unbiased estimates of the training error [12,37,48,77,82,83].
The permutation based variable importance follows the rationale that the random permutation of a
predictor variable represents the absence of the variable from the model. Hence, the difference in
prediction accuracy prior and after permuting a variable is used as a measure of importance. The
number of observations predicted correctly, decreases substantially if the permuted variable is strongly
associated with the response values. Gradnping [84] provided a more detailed account of the random
forest’s variable importance measures, both from the theoretical understanding and from the
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perspective of computational advantages. The ensemble was implemented using the randomForest
package [85] within the R statistical package version R-3.0.2 [76].

2.7.4. Variables Selection Using Random Forest

Random forest measure the importance of each predictive variable using the mean decrease in
accuracy that is calculated using the OOB sample data. However, the challenge was to select the
fewest number of predictors that offer the best predictive power and help in the interpretation of the
final model. In this regard, a backward feature elimination method (BFE) integrated with random
forest regression as part of the evaluation process was implemented (RF) based on 1000 model runs.
The BFE uses the ranking to identify the sequence in which to discard the least important predictors
from the input data sets. The method starts with the entire variables (p = 19) and then progressively
eliminates the least promising variable from the list. For each iteration, the model is optimized by
selecting the best mtry and ntree, the least promising variable is eliminated and root mean square error
is calculated. The smallest subset of variables with lowest RMSE is then selected to predict
inter-species biomass. A comprehensive analysis of the predictive performance of different subsets of
extracted RapidEye reflectance and vegetation indices was implemented to explore the role of the new
generation sensor in predicting interspecies biomass as well as to test if the variables selection method
implemented in this study can enhance the predictive performance of random forest regression model.

2.7.5. Effectiveness of SGB and RF in Predicting Intra-and-Inter Species Biomass

To assess the effectiveness of SGB and RF algorithms in predicting either intra or inter species
biomass in a commercial forest environment, the r-square (R?) and the root mean square error (RSME)
were computed (Equation (1). A one-to-one relationship between measured and predicted AGB
values was fitted with coefficients of determination (R?), and root mean square error (RMSE)
values reported:

" (X ~ X pregitea)
RMSE = \/Z,l( measured predlcted) (1)
n

where Xmeasured 1S measured biomass values, Xpredicted IS predicted biomass values and i represent each of
the predictor variables included in the summation process (p = 19).

3. Results
3.1. Intra-and-Inter-Species Aboveground Biomass (t*ha )

Table 2 shows descriptive statistics for each category of the target species (e.g., E. dunii (n = 63),
E. grandis (n = 65), P. taeda (n = 53) and for the all species-datasets (n = 181). High biomass was
observed for P. taeda, followed by E. grandis and E. dunii having the least biomass.
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Table 2. Descriptive statistics of the measured above ground biomass (t ha ).

Species Type Total Min. Max. Mean Std dev.
E. dunii 63 33.24 96.49 52.86 16.39
E. grandis 65 106.03 225.07 170.30 29.94
P. taeda 53 137.11 298.04 206.07 42.83
All species 181 33.24 298.04 139.89 72.22

Figure 3. One-to-one relationship between measured and predicted intra-species biomass
based on (i) SGB and (ii) RF algorithms. a, b, and ¢ represent E. grandis, E. dunii, and
P. taeda based on all the predictor variables (p = 19).

230 230 _
[ a() 0 & ra(ii)
[ o [R2=0.73
~210 [ R”?=075 ° b L - i
a I RMSE = 18.40 t ha! (10.80% of the mean) 8 210 [RMSE =20.37 t ha™ (11.96% of the mean
< [ ) [ ° 8 °
<190 ° w 190 °
") 0® ) 7] [
1] ] L
© ) £ [
E 170 6 170 ¢ H ® o0
s ° a r
T [ k-] [
850 [ ° 8150 o
2 [ ° 0 r
'5-‘, [ o '8 [
g 130 o £ 130t
[ 110’HH\HH\HH\HH\HH\HH
110 I T T I T T N T S T T T YT M T T SN S T W1
110 130 150 170 190 210 230 110 130 150 170 190 210 230
Measured biomass (t ha') Measured biomass (t ha™)
100 100 =
Eb(i) —~ £b (i)
=~ o0 [ W 90 [R o0
b [ R2=0.86 g [ RMSE = 8.14 t ha'!(15.40% of the mean) g
E [ RMSE =10.14 tha! (19.18% of the mean - F L d
~ 80 F ~ 80
~ [ ') E
2 . & f
©® 70 | g 70 r ..
£ o C
i) [ 2 60 F @
8 60 2 .
3 3.0 °
E F 00®
E 50 .§ >0 F 9% ¢° %
- P a0 b’ °
a 40 a g
E 30 VA b e b
30 TS T N T T N T T S T § T N T B ' NI T T N T N B E

30 40 50 60 70 80 90 100

30 40 50 60 70 80 90 100 -
Measured biomass (t ha™!)

Measured biomass (t ha'')

305 Fe) 305 [ ¢ i)
280 [R?=0.77 o °
FRMSE = 19.43 t ha'(9.43% of the mean)
F (]

255 |

280 FR?=10.79
F RMSE = 24.46 t ha"}(11.87% of the mean

255 | o e

230 ¢ . 230 | °

205 | ° 205 | °

180 f 180 [

Predicted biomass (t ha™)
e e
Predicted biomass (t ha™!)

155 |

130 :AAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAAA 130 :AAAAIAAAALAAAALAAAAIAAAALAAAALAAAA
130 155 180 205 230 255 280 305 130 155 180 205 230 255 280 305

Measured biomass (t ha) Measured biomass (t ha™)

3.2. Intra-Species AGB: SGB and RF Regression Predictive Performance Based all Variables

One to one relationship between measured and predicted intraspecies biomass using SGB and RF
regression models are shown in Figure 3. For each model, the R?> and RMSE were reported. A
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comparative analysis of the predictive performance of the two models shows that the SGB model
yielded better predictions for the intra-species dataset, producing R? of 0.75 and RMSE of 18.40 t ha™*
(10.80%) for E. grandis; R? of 0.77 and RMSE of 19.43 t ha* (19.18%) for P. taeda. Comparatively,
the RF produced better results for E. dunii (R* of 0.74 and RMSE of 8.14 t ha ?).

3.3. Interspecies AGB: SGB and RF Regression Predictive Performance Based all Variables

In testing the potential of SGB and RF in predicting interspecies biomass it can be observed that
SGB produced plausible results based on the R? of 0.58 and RMSE of 46.51 tha '; 33.25% of the
mean compared to RF which had an R? of 0.33 and RMSE of 64.27 tha '; 45.94% of the mean
(Figure 4).

Figure 4. The one-to-one relationship between measured and predicted inter-species
biomass for all species data combined, based on (i) SGB and (ii) RF algorithms without
variable selection.
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3.4. Variable Selection Using SGB and RF Models

The SGB and RF variable importance measures were used to explore the relevance of model input
variables (strategically positioned RapidEye spectral bands as well as derived vegetation indices). The
backward variable selection provided by the two algorithms (SGB and RF) have successfully explored
and defined the relative importance of the individual input variables (predictors). Additionally,
the methods further managed to select the optimal number of the input variables for predicting
intra-and-inter species AGB. For SGB better results were achieved after variable selection was
implemented, see Table 4. SGB backward variable selection method selected a few optimal number of
important variables for (a) E. grandis (p = 4); (b) E. dunii (p = 7); (c) P. taeda (p = 6) and (d) all
species data combined (p = 19), using the optimal nt and Ir which resulted in deviance reduction
(Table 3). For instance, E. grandis achieved the lowest predictive deviance (deviance = 0.27) based on
nt = 2350, Ir = 0.001 and tc = 3. E. dunii on the other hand, yielded better results (lowest deviance
value) based on a value of Ir = 0001, nt = 3750 and tc= 3. Similarly, for P. taeda and all species
combined, a value of nt = 2850, Ir = 0.001 and tc = 3 produced the best results with the lowest deviance.



Sensors 2014, 14 15360

Table 3. lllustrates the most important variables retained by SGB and RF after implementing
variable selection.

E. grandis E. dunii P. taeda All species

Variables Selected SGB RF SGB RF SGB RF SGB RF

1 RE NIR NIR RE NIR NIR

2 PSSR RE RE PSSR  Green  Green

3 GI.RE PSSR Red GI.RE RE RE

4 NIR DVI GI.RE NIR Red Red .

5 Green - Green  Green DVI DVI All variables selected

6 - - Blue DVI Blue

7 - - - Blue - -

Table 4. Inter-and-intra species biomass prediction results using the most important
variables selected by the two regression models SGB and RF.

Species Statistical Methods  tc Ir mtry nt/ntree R? RMSE (teha™)
E. grandis SGB (n =5) 3 0.001 - 3750 0.80 16.93
RF (n=4) - - 4 500 0.76 18.61
E.dunii SGB (n = 6) 5 0.001 - 2350 0.88 09.23
RF(n=7) - - 7 500 0.79 07.18
P.taeda SGB (n =5) 5 0.001 - 800 0.79 17.27
RF (n = 6) - - 6 2800 0.80 22.43
All species SGB (n=19) 5 0.001 - 2800 0.61 43.39
RF (n=19) - - 19 750 0.37 59.27

For the RF ensemble, the optimal number of variables was determined based on the lowest
averaged RMSE obtained after running the backward feature elimination process a 1000 times. The
process selected four variables for predicting (a) E. grandis based on averaged RMSE of 26.10 t ha ';
seven predictor variables for (b) E. dunii based on an averaged RMSE value of 10.87 tha '; six
variables for (c) P. taeda with an averaged RMSE value of 31.65 t ha ‘and lastly, nineteen variables
for (d) the all species dataset based on a RMSE value of 50.76 tha * (Figure 5). The findings in
Figure 5 further demonstrate that the RMSE error generally decreased as the least important variables
were removed from the model progressively. The use of the most important RF selected variables
produced the lowest RMSE across all species categories. To conclude, important variables selected by
SGB and RF (Table 3) were used in the final model for predicting biomass across all species
categories using the test dataset (Table 4).

The results in Table 3 show the most important predictor variables that were selected for estimating
intra-and-inter species biomass. Most interestingly, the results from both models shows that a limited
and similar number of input variables contribute to intra-and-inter species biomass prediction. It can be
observed that in predicting intra-and-inter species biomass, the NIR, red-edge, and Red bands are
selected across all categories by both algorithms (Table 3).
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Figure 5. Show the optimal number of variables (spectral bands and VIs) based on the
backward feature elimination search function for estimating intra-and-inter species using

Random Forest (based on 1000 repetitions). In Figure 5, (a—d) represent E. grandis,
E. dunii, P. taeda and inter-species dataset.
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3.5. Intra-Species AGB: SGB and RF Regression Predictive Performance Using Selected Variables

Table 4 demonstrates inter-and-intra species aboveground biomass prediction results obtained using
the SGB and RF algorithms and the most important variables shown in Table 3. It can be observed that
inter-and-intra species biomass predictions based on the most important variables provides better
predictive accuracies when compared to the SGB and RF models that use all the predictor variables
(Figures 3 and 4) The SGB model produced good accuracies in predicting E. grandis (R* = 0.80,
RMSE = 16.93), P. taeda (R®> = 0.79, RMSE = 17.27 tha ) and the all species data (R* = 0.61,

RMSE = 43.39 tha'). The RF ensemble however, demonstrated better results (R*> = 0.79; RMSE
7.18 t ha %) in predicting the biomass E. dunii (Table 4).

4. Discussion

The accurate, reliable and timely quantification of intra-and-inter species AGB using remote
sensing technologies is critical for better understanding the role of forests in local climate systems
through biosphere-atmospheric interactions for a detailed evaluation of commercial forest resources, as
well as for informed sustainable management. In this study we assessed two machine learning
regression algorithms namely, SGB and RF based on 1000 model runs in predicting intra-and-inter
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species biomass in a commercial plantation forest located in the midlands region of KwaZulu- Natal,
South Africa using the RapidEye sensor.

4.1. RapidEye Image Potential in Predicting Intra-and-Inter Species Biomass

One of the most critical challenges in predicting biomass in plantation forests using remote sensing
is the complexity of species structural and taxonomic composition as well as the presence of dense
vegetation canopies resulting in significant inter-species biomass variations. It is therefore critical to
identify remote sensing datasets with critical spectral information that can overcome the saturation
problems and produce better intra-and-inter species biomass prediction accuracies. In this study, we
have shown that high spatial resolution RapidEye image data with strategically positioned bands can
accurately predict intra-and-inter species biomass in commercial forests when compared to the existing
broadband multispectral data, which have high spectral variation and saturation problems at high
density biomass. Furthermore, this study demonstrated new generation multispectral sensors as having
the capability to provide a better and cost-effective alternative for predicting interspecies biomass,
when compared to existing broadband multispectral images [12,13,32]. Most importantly, the presence
of the red-edge band, which has been unavailable in existing multispectral sensors provide very critical
and sensitive measurements of vegetation properties such as chlorophyll content, necessary for
predicting forest metrics, such as biomass etc. [13,34]. The findings from this study therefore largely
supports the claim that strategically positioned bands (e.g., red-edge) found in new generation
RapidEye multispectral imagery, contains more spectral information critical for vegetation mapping,
when compared to other broadband multispectral sensors.

4.2. SGB and RF Prediction Performance Using Different RapidEye Spectral Parameters

Stochastic gradient boosting has increasingly been used in ecological modelling with limited
applications in remote sensing studies e.g., [44,45,47,76,86-92]. On the other hand, random forest has
been applied mainly in classification e.g., [37,38,62,93-97], hence there are limited remote sensing
studies that utilize SGB and RF for regression analysis e.g., [13,18,21]. The results of the present work
have demonstrated the applicability and strength of the two algorithms (SGB and RF) for variable
selection and intra-and-inter species biomass prediction using the spaceborne RapidEye imagery.

Moreover, for the two different algorithms applied, the better results based on the R?> and RMSE
were obtained from the SGB model across all species categories except for the E. dunii dataset. The
results of the present study further demonstrated that SGB and RF models are useful and robust for
intra-species biomass prediction, using remotely sensed data. For the prediction of all inter-species
biomass (species data combined), the RF model performed poorly when using all the variables. We
attribute this poor performance of RF to the high variability in biomass, as a result of the existing
differences amongst the tree species considered in this study. The results of this study have shown that
RF is less robust in environment with mixed species, when compared to the SGB algorithm.
Furthermore, literature shows that the RF regression algorithm results in underestimation, when the dataset
is large and variable, as well as overestimation, when the data is small with less variability [13,98].

For the SGB model algorithm, plausible interspecies biomass prediction results were observed,
indicating the model’s robustness in handling non-linear interspecies biomass relationships. The good
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performance of the SGB regression algorithm can be associated with the model’s internal regularization
process and the model’s element of stochasticity, which is well known for enhancing the model’s
predictive performance [47,75,99,100]. These results are further supported by Carreiras, VVasconcelos
and Lucas [21] whose work demonstrated that the simple base learner in our case, decision trees, built
by running the SGB model using a random sub-sample of the training data without replacement,
substantially improved the prediction accuracy. However, the effectiveness and robustness of the SGB
algorithm in variable selection, based on remotely sensed data sets still needs to be tested in the
mapping and understanding of other vegetation metrics such as aboveground carbon content. This
information would aid in assessing forests contribution to carbon sequestration, as well as for a
comprehensive evaluation of commercial forest resources, which is a pre-requisite for informed
sustainable management.

5. Conclusion

This paper investigated: (i) the robustness of two machine learning algorithms, Stochastic Gradient
Boosting and Random Forest regression trees to predict intra- and-inter species biomass in plantation
forests using RapidEye multispectral imagery in KwaZulu Natal, South Africa and (ii) the performance
and the strength of the SGB and RF regression algorithms as variable selection and prediction methods.

Our results have demonstrated that:

(1) Stochastic Gradient Boosting regression tree is more robust in predicting both intra-and-
inter species biomass in plantation forests when integrated with the strategically positioned
bands of the multispectral spaceborne RapidEye imagery as compared to the Random Forest
ensemble.

(2) The new generation spaceborne multispectral sensors (e.g., RapidEye) with a high spatial
resolution have the potential to satisfactorily predict intra-and-inter species biomass in areas
of closed and dense vegetation.

(3) Both machine learning algorithms (SGB and RF regression trees) were able to provide a
valuable screening tool for the identification of the most important spectral bands and
derived vegetation indices, required accurate inter-and-intra species biomass prediction.

Overall, results of the present study demonstrate the utility, great potential and robustness of the
Stochastic Gradient Boosting regression algorithm in modelling non-linear biomass relationships for
mixed forests mainly based on the strategically positioned spectral information derived from the new
generation multispectral sensors, a previously challenging task with broadband satellite sensors.
However, there is need to further test the performance and robustness of this method (i.e., SGB regression
algorithm) in mapping and understanding the spatial distribution of critical forest parameters such as
aboveground carbon content.

Acknowledgments

The authors are thankful to BlackBridge for accepting our proposal and providing the high spatial
resolution RapidEye image of the study area free of charge. We also extend thanks to ACCESS-SA:
Applied Center for Climate and Earth Systems Science in South Africa, for funding this research under



Sensors 2014, 14 15364

the theme “Land Use and Land Cover Change”. Sappi Forest Company is again thanked for providing
up-to-date forest mensuration data.

Author Contributions

The research presented in this article was conducted with input from co-authors. Timothy Dube
developed the study concept, design, and statistical analysis as well as drafted the manuscript under the
supervision of Onisimo Mutanga. Elhadi Adam and Riyad Ismail contributed on machine learning
algorithms technical knowledge.

Conflicts of Interest
The authors declare no conflict of interest.
References

1. Yang, C.; Huang, H.; Wang, S. Estimation of tropical forest biomass using Landsat TM imagery
and permanent plot data in Xishuangbanna, China. Int. J. Remote Sens. 2011, 32, 5741-5756.

2. Poulain, M.; Pefa, M.; Schmidt, A.; Schmidt, H.; Schulte, A. Aboveground biomass estimation
in intervened and non-intervened Nothofagus pumilio forests using remotely sensed data. Int. J.
Remote Sens. 2011, 33, 3816-3833.

3. Muukkonen, P.; Heiskanen, J. Biomass estimation over a large area based on standwise forest
inventory data and ASTER and MODIS satellite data: A possibility to verify carbon inventories.
Remote Sens. Environ. 2007, 107, 617-624.

4.  Gibbs, H.K.; Brown, S.; Niles, J.O.; Foley, J.A. Monitoring and estimating tropical forest carbon
stocks: Making REDD a reality. Environ. Res. Lett. 2007, 2, 1-13.

5. De Jong, S.M.; Pebesma, E.J.; Lacaze, B. Aboveground biomass assessment of Mediterranean
forests using airborne imaging spectrometry: The DAIS Peyne experiment. Int. J. Remote Sens.
2003, 24, 1505-1520.

6. Heiskanen, J. Estimating aboveground tree biomass and leaf area index in a mountain birch
forest using ASTER satellite data. Int. J. Remote Sens. 2006, 27, 1135-1158.

7. St-Onge, B.; Hu, Y.; Vega, C. Mapping the height and above-ground biomass of a mixed forest
using lidar and stereo Ikonos images. Int. J. Remote Sens. 2008, 29, 1277-1294.

8. Kurz, W.A.; Apps, M.J. Developing Canada’s National Forest Carbon Monitoring, Accounting
and Reporting System to Meet the Reporting Requirements of the Kyoto Protocol. Mitig. Adapt.
Strat. Glob. Chang. 2006, 11, 33-43.

9.  Chinembiri, T.S.; Bronsveld, M.C.; Rossiter, D.G.; Dube, T. The Precision of C Stock
Estimation in the Ludhikola Watershed Using Model-Based and Design-Based Approaches. Nat.
Resour. Res. 2013, 22, 297-309.

10. Lu, D. The potential and challenge of remote sensing-based biomass estimation. Int. J. Remote
Sens. 2006, 27, 1297-1328.



Sensors 2014, 14 15365

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

Henry, M.; Picard, N.; Trotta, C.; Manlay, R.J.; Valentini, R.; Bernoux, M.; Saint-André L.
Estimating tree biomass of sub-Saharan African forests: A review of available allometric
equations. Silva. Fennica 2011, 45, 477-569.

Adam, E.; Mutanga, O.; Abdel-Rahman, E.M.; Ismail, R. Estimating standing biomass in
papyrus (Cyperus papyrus L.) swamp: Exploratory of in situ hyperspectral indices and random
forest regression. Int. J. Remote Sens. 2014, 35, 693-714.

Mutanga, O.; Adam, E.; Cho, M.A. High density biomass estimation for wetland vegetation
using WorldView-2 imagery and random forest regression algorithm. Int. J. Appl. Earth Observ.
Geoinform. 2012, 18, 399-406.

Gebreslasie, M.T.; Ahmed, F.B.; van Aardt, J.A.N. Extracting structural attributes from
IKONOS imagery for Eucalyptus plantation forests in KwaZulu-Natal, South Africa, using
image texture analysis and artificial neural networks. Int. J. Remote Sens. 2011, 32, 7677-7701.
Dong, J.; Kaufmann, R.K.; Myneni, R.B.; Tucker, C.J.; Kauppi, P.E.; Liski, J.; Buermann, W.;
Alexeyev, V.; Hughes, M.K. Remote sensing estimates of boreal and temperate forest woody
biomass: carbon pools, sources, and sinks. Remote Sens. Environ. 2003, 84, 393-410.

Zhang, X.; Kondragunta, S. Estimating forest biomass in the USA using generalized allometric
models and MODIS land products. Geophys. Res. Lett. 2006, 33, L09402.

van der Werf, G.R.; Randerson, J.T.; Giglio, L.; Collatz, G.J.; Kasibhatla, P.S.; Arellano, A.F., Jr.
Interannual variability in global biomass burning emissions from 1997 to 2004. Atmosph. Chem.
Phys. 2006, 6, 3423-3441.

Baccini, A.; Friedl, M.A.; Woodcock, C.E.; Warbington, R. Forest biomass estimation over
regional scales using multisource data. Geophys. Res. Lett. 2004, 31, L10501.

Hyyppa, H.; Hyyppa, J. Effects of stand size on the accuracy of remote sensing-based forest
inventory. IEEE Trans. Geosci. Remote Sens. 2001, 39, 2613-2621.

Basuki, T.M.; Skidmore, A.K.; van Laake, P.E.; van Duren, I.; Hussin, Y.A. The potential of
spectral mixture analysis to improve the estimation accuracy of tropical forest biomass. Geocarto
Int. 2011, 27, 329-345.

Carreiras, J.; Vasconcelos, M.; Lucas, R. Understanding the relationship between aboveground
biomass and ALOS PALSAR data in the forests of Guinea-Bissau (West Africa). Remote Sens.
Environ. 2012, 121, 426-442.

Carreiras, J.M.B.; Melo, J.B.; Vasconcelos, M.J. Estimating the Above-Ground Biomass in
Miombo Savanna Woodlands (Mozambique, East Africa) Using L-Band Synthetic Aperture
Radar Data. Remote Sens. 2013, 5, 1524-1548.

Colgan, S.; Asner, G.; Swemmer, T. Harvesting tree biomass at the stand level to assess the
accuracy of field and airborne biomass estimation in savannas. Ecol. Appl. 2013, 23,
1170-1184.

Mitchard, E.T.A.; Saatchi, S.S.; Woodhouse, I.H.; Nangendo, G.; Ribeiro, N.S.; Williams, M.;
Ryan, C.M.; Lewis, S.L.; Feldpausch, T.R.; et al. Using satellite radar backscatter to predict
above-ground woody biomass: A consistent relationship across four different African landscapes.
Geophys. Res. Lett. 2009, 36, L23401.



Sensors 2014, 14 15366

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

Mitchard, E.T.A.; Saatchi, S.S.; Lewis, S.L.; Feldpausch, T.R.; Woodhouse, I.H.; Sonké& B.;
Rowland, C.; Meir, P. Measuring biomass changes due to woody encroachment and
deforestation/degradation in a forest-savanna boundary region of central Africa using
multi-temporal L-band radar backscatter. Remote Sens. Environ. 2011, 115, 2861-2873.

Saatchi, S.S.; Harris, N.L.; Brown, S.; Lefsky, M.; Mitchard, E.T.A.; Salas, W.; Zutta, B.R.;
Buermann, W.; Lewis, S.L.; et al. Benchmark map of forest carbon stocks in tropical regions
across three continents. Proc. Natl. Acad. Sci. USA 2011, 108, 9899-9904.

Mitchard, E.T.A.; Meir, P.; Ryan, C.M.; Woollen, E.S.; Williams, M.; Goodman, L.E.;
Mucavele, J.A.; Watts, P.; Woodhouse, I.H.; Saatchi, S.S. A novel application of satellite radar
data: measuring carbon sequestration and detecting degradation in a community forestry project
in Mozambique. Plant. Ecol. Div. 2012, 6, 159-170.

Adjorlolo, C. Remote Sensing of the Distribution and Quality of Subtropical C3 and C4 Grasses;
University of KwaZulu-Natal: Pietermaritzburg, South Africa, 2013.

Clevers, J.; Van Der Heijden, G.; Verzakov, S.; Schaepman, M. Estimating grassland biomass
using SVM band shaving of hyperspectral data. Photogr. Eng. Remote Sens. 2007, 73, 1141.
Ferwerda, J.G.; Skidmore, A.K.; Mutanga, O. Nitrogen detection with hyperspectral normalized
ratio indices across multiple plant species. Int. J. Remote Sens. 2005, 26, 4083-4095.

Knox, N.M.; Skidmore, A.K.; Prins, H.H.; Asner, G.P.; van der Werff, H.; de Boer, W.F;
van der Waal, C.; de Knegt, H.J.; Kohi, E.M.; et al. Dry season mapping of savanna forage
quality, using the hyperspectral Carnegie Airborne Observatory sensor. Remote Sens. Environ.
2011, 115, 1478-1488.

Eckert, S. Improved forest biomass and carbon estimations using texture measures from
WorldView-2 satellite data. Remote Sens. 2012, 4, 810-829.

Thenkabail, P.S.; Stucky, N.; Griscom, B.W.; Ashton, M.S.; Diels, J.; van der Meer, B.;
Enclona, E. Biomass estimations and carbon stock calculations in the oil palm plantations of
African derived savannas using IKONOS data. Int. J. Remote Sens. 2004, 25, 5447-5472.
Ozdemir, I.; Karnieli, A. Predicting forest structural parameters using the image texture derived
from WorldView-2 multispectral imagery in a dryland forest, Israel. Int. J. Appl. Earth Observ.
Geoinform. 2011, 13, 701-710.

Cheng, P.; Chaapel, C. Increased image collection opportunities, Digital Globe’s worldview-1
satellite. Geoform. Online Mag. 2008.

Horler, D.N.H.; Dockray, M.; Barber, J. The red edge of plant leaf reflectance. Int. J. Remote
Sens. 1983, 4, 273-288.

Adelabu, S.; Mutanga, O.; Adam, E.; Cho, M.A. Exploiting machine learning algorithms for tree
species classification in a semiarid woodland using RapidEye image. J. Appl. Remote Sens. 2013,
7,073480.

Adelabu, S.; Mutanga, O.; Adam, E.; Sebego, R. Spectral Discrimination of Insect Defoliation
Levels in Mopane Woodland Using Hyperspectral Data. J. Select. Topic. Appl. Earth Observ.
Remote Sens. 2013, 7, 1-11.

Schuster, C.; Forster, M.; Kleinschmit, B. Testing the red edge channel for improving land-use
classifications based on high-resolution multi-spectral satellite data. Int. J. Remote Sens. 2012,
33, 5583-55909.



Sensors 2014, 14 15367

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

Tigges, J.; Lakes, T.; Hostert, P. Urban vegetation classification: Benefits of multitemporal
RapidEye satellite data. Remote Sens. Environ. 2013, 136, 66—75.

Lu, D. Aboveground biomass estimation using Landsat TM data in the Brazilian Amazon. Int. J.
Remote Sens. 2005, 26, 2509-2525.

Dube, T.; Mutanga, O.; Ismail, R. Predicting Eucalyptus stand volumes in African environments:
An analysis using stochastic gradient boosting with multisource spatial data. ACCESS 2013, 19,
18-20.

Atta-Boateng, J.; William, M.J. A method for classifying commercial tree species of an
uneven-aged mixed species tropical forest for growth and yield model construction. For. Ecol.
Manag. 1998, 104, 89-99.

Leathwick, J.R.; Elith, J.; Francis, M.P.; Hastie, T.; Taylor, P. Variation in demersal fish species
richness in the oceans surrounding New Zealand: an analysis using boosted regression trees.
Marine Ecol. Prog. Series 2006, 321, 267-281.

De’ath, G. Boosted trees for ecological modeling and prediction. Ecology 2007, 88, 243-251.
Lawrence, R.; Bunn, A.; Powell, S.; Zambon, M. Classification of remotely sensed imagery
using stochastic gradient boosting as a refinement of classification tree analysis. Remote Sens.
Environ. 2004, 90, 331-336.

Elith, J.; Leathwick, J.R.; Hastie, T. A working guide to boosted regression trees. J. Anim. Ecol.
2008, 77, 802-813.

Prasad, A.M.; Iverson, L.R.; Liaw, A. Newer Classification and Regression Tree Techniques:
Bagging and Random Forests for Ecological Prediction. Ecosystems 2006, 9, 181-199.

Strobl, C.; Boulesteix, A.-L.; Kneib, T.; Augustin, T.; Zeileis, A. Conditional variable
importance for random forests. BMC Bioinform. 2008, 9, 307.

DAFF Report on Commercial Timber Resources and Primary Round Wood Processing in South.
Africa; DAFF: Pretoria, South Africa, 2008.

Scott, D.F.; Lesch, W. Streamflow responses to afforestation with Eucalyptus grandis and Pinus
patula and to felling in the Mokobulaan experimental catchments, South Africa. J. Hydrol. 1997,
199, 360-377.

Wessels, N.O.; Kassier, H.W. A Computerised System for Forest Management and Silvicultural
Planning and Control in Even-aged Plantation Forestry. S. Afr. For. J. 1985, 132, 62-64.

Dovey, S.B. Estimating biomass and macronutrient content of some commercially important
plantation species in South Africa. South For. 2009, 71, 245-251.

Bredenkamp, B. Volume and Mass of Logs and Standing Trees; Southern African Institute of
Forestry: Menlo Park, San Mateo, 2000; Volume 1, pp. 167-174.

IPCC Climate Change, The Physical Science Basis. Summary for Policymakers. Contribution of
Working Group | to the Fourth Assessment Report of the Intergovernmental Panel on Climate
Change. In An Introduction to Applied Geostatistics; Isaaks, E.H., Srivastava, R.M., Eds.;
Oxford University Press: New York, NY, USA, 2007.

Schau, A.; Boden, D. Preliminary Biomass Studies in Young Eucalypts. S. Afr. For. J. 1982,
120, 24-28.



Sensors 2014, 14 15368

57.

58.

59.
60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.
71.

72,

73.

RapidEye Satellite imagery product specifications. Available online:
http://www.RapidEye.de/upload/-RE_Product_Specifications ENG.pdf  (accessed on 1
November 2011).

Naughton, D.; Brunn, A.; Czapla-Myers, J.; Douglass, S.; Thiele, M.; Weichelt, H.; Oxfort, M.
Absolute radiometric calibration of the RapidEye multispectral imager using the
reflectance-based vicarious calibration method. J. Appl. Remote Sens. 2011, 5, 053544,

ENVI Environment for Visualising Images; ITT Industries, Inc.: Boulder, CO, USA, 2009.

Cho, M.A.; Skidmore, A.; Corsi, F.; van Wieren, S.E.; Sobhan, I. Estimation of green grass/herb
biomass from airborne hyperspectral imagery using spectral indices and partial least squares
regression. Int. J. Appl. Earth Observ. Geoinform. 2007, 9, 414-424.

Wang, C.; Menenti, M.; Stoll, M.-P.; Belluco, E.; Marani, M. Mapping mixed vegetation
communities in salt marshes using airborne spectral data. Remote Sens. Environ. 2007, 107,
559-570.

Lawrence, R.L.; Wood, S.D.; Sheley, R.L. Mapping invasive plants using hyperspectral imagery
and Breiman Cutler classifications (randomForest). Remote Sens. Environ. 2006, 100, 356—362.
Friedman, J.H. Greedy function approximation: A gradient boosting machine. Ann. Stat. 2001,
29, 1189-1232.

Jordan, C.F. Derivation of Leaf-Area Index from Quality of Light on the Forest Floor. Ecology
1969, 50, 663-666.

de Sousa, C.H.R.; Souza, C.G.; Zanella, L.; de Carvalho, L.M.T. Analysis of Rapideye’s Red
Edge Band for Image Segmentation and Classification. In Proceedings of the 4th GEOBIA, Rio
de Janeiro, Brazil, 7-9 May 2012; p. 518.

Rouse, JW.; Haas, R.H.; Schell, J.A.; Deering, D.W.; Harlan, J.C. Monitoring the Vernal
Advancements and Retrogradation (Greenwave Effect) of Nature Vegetation; NASA/GSFC Final
Report; NASA: Greenbelt, MD, USA, 1974.

Tucker, C.J. Red and photographic infrared linear combinations for monitoring vegetation.
Remote Sens. Environ. 1979, 8, 127-150.

Qi, J.; Chehbouni, A.; Huete, A.R.; Kerr, Y.H.; Sorooshian, S. A modified soil adjusted
vegetation index. Remote Sens. Environ. 1994, 48, 119-126.

Broge, N.H.; Leblanc, E. Comparing prediction power and stability of broadband and
hyperspectral vegetation indices for estimation of green leaf area index and canopy chlorophyll
density. Remote Sens. Environ. 2001, 76, 156-172.

Crippen, R.E. Calculating the vegetation index faster. Remote Sens. Environ. 1990, 34, 71-73.
Zarco-Tejada, P.J.; Berjdn, A.; L&ez-Lozano, R.; Miller, J.R.; Martm, P.; Cachorro, V.
Gonzdez, M.R.; de Frutos, A. Assessing vineyard condition with hyperspectral indices: Leaf and
canopy reflectance simulation in a row-structured discontinuous canopy. Remote Sens. Environ.
2005, 99, 271-287.

Blackburn, G.A. Spectral indices for estimating photosynthetic pigment concentrations: A test
using senescent tree leaves. Int. J. Remote Sens. 1998, 19, 657-675.

Ridgeway, G. Generalized boosted models: A Guide to the gbm Package. Update 2007, 1, 1.



Sensors 2014, 14 15369

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

Pinkerton, M.H.; Smith, A.N.H.; Raymond, B.; Hosie, G.W.; Sharp, B.; Leathwick, J.R.;
Bradford-Grieve, J.M. Spatial and seasonal distribution of adult Oithona similis in the Southern
Ocean: Predictions using boosted regression trees. Deep Sea Res. Part. I: Oceanogr. Res. Pap.
2010, 57, 469-485.

Hastie, T.; Tibshirani, R.; Friedman, J. The Elements of Statistical Learning Data Mining,
Inference, and Prediction, 2nd ed.; Springer: New York, NY, USA, 2001.

R: A Language and Environment for Statistical Computing; Development Core Team: Vienna,
Austria, 2008.

Breiman, L. Random forests. Mach. Learn. 2001, 45, 5-32.

Ismail, R.; Mutanga, O. A comparison of regression tree ensembles: Predicting Sirex noctilio
induced water stress in Pinus patula forests of KwaZulu-Natal, South Africa. Int. J. Appl. Earth
Observ. Geoinform. 2010, 12, S45-S51.

Dye, M.; Mutanga, O.; Ismail, R. Examining the utility of random forest and AISA Eagle
hyperspectral image data to predict Pinus patula age in KwaZulu-Natal, South Africa. Geocarto
Int. 2011, 26, 275-289.

Ozgft, A. Random forests ensemble classifier trained with data resampling strategy to improve
cardiac arrhythmia diagnosis. Comput. Biol. Med. 2011, 41, 265-271.

Coulston, J.W.; Moisen, G.G.; Wilson, B.T.; Finco, M.V.; Cohen, W.B.; Brewer, C.K. Modeling
Percent Tree Canopy Cover: A Pilot Study. Photogramm. Eng. Remote Sens. 2012, 78, 715-727.
Palmer, D.S.; O’Boyle, N.M.; Glen, R.C.; Mitchell, J.B. Random forest models to predict
aqueous solubility. J. Chem. Inform. Model. 2007, 47, 150-158.

Powell, S.L.; Cohen, W.B.; Healey, S.P.; Kennedy, R.E.; Moisen, G.G.; Pierce, K.B,;
Ohmann, J.L. Quantification of live aboveground forest biomass dynamics with Landsat
time-series and field inventory data: A comparison of empirical modeling approaches. Remote
Sens. Environ. 2010, 114, 1053-1068.

Grémping, U. Variable importance assessment in regression: Linear regression versus random
forest. Am. Stat. 2009, 63, 308-319.

Liaw, A.; Wiener, M. Classification and regression by random Forest. R News 2002, 2, 18-22.
Soykan, C.U.; Eguchi, T.; Kohin, S.; Dewar, H. Prediction of fishing effort distributions using
boosted regression trees. Ecol. Appl. 2014, 24, 71-83.

Lewin, W.C.; Mehner, T.; Ritterbusch, D.; Bramick, U. The influence of anthropogenic shoreline
changes on the littoral abundance of fish species in German lowland lakes varying in depth as
determined by boosted regression trees. Hydrobiologia 2014, 724, 293-306.

Froeschke, J.T.; Froeschke, B.F. Spatio-temporal predictive model based on environmental
factors for juvenile spotted seatrout in Texas estuaries using boosted regression trees. Fish. Res.
2011, 111, 131-138.

Kint, V.; Vansteenkiste, D.; Aertsen, W.; Vos, B.; Bequet, R.; Acker, J.; Muys, B. Forest
structure and soil fertility determine internal stem morphology of Pedunculate oak: A modelling
approach using boosted regression trees. Eur. J. For. Res. 2012, 131, 609-622.

Buston, P.M.; Elith, J. Determinants of reproductive success in dominant pairs of clownfish: a
boosted regression tree analysis. J. Anim. Ecol. 2011, 80, 528-538.



Sensors 2014, 14 15370

91.

92.

93.

94.

95.

96.

97.

98.

99.

100.

He, J-Z; Ge, Y.; Xu, Z.; Chen, C. Linking soil bacterial diversity to ecosystem
multifunctionality using backward-elimination boosted trees analysis. J. Soils Sedim. 2009, 9,
547-554.

Adam, E.M.; Mutanga, O.; Rugege, D.; Ismail, R. Discriminating the papyrus vegetation
(Cyperus papyrus L.) and its co-existent species using random forest and hyperspectral data
resampled to HYMAP. Int. J. Remote Sens. 2011, 33, 552-569.

Chan, J.C.-W.; Paelinckx, D. Evaluation of Random Forest and Adaboost tree-based ensemble
classification and spectral band selection for ecotope mapping using airborne hyperspectral
imagery. Remote Sens. Environ. 2008, 112, 2999-3011.

Gislason, P.O.; Benediktsson, J.A.; Sveinsson, J.R. Random Forests for land cover classification.
Patt. Recogn. Lett. 2006, 27, 294—-300.

Stumpf, A.; Kerle, N. Combining Random Forests and object-oriented analysis for landslide
mapping from very high resolution imagery. Proced. Environ. Sci. 2011, 3, 123-129.

Guo, L.; Chehata, N.; Mallet, C.; Boukir, S. Relevance of airborne lidar and multispectral image
data for urban scene classification using Random Forests. ISPRS J. Photogram. Remote Sens.
2011, 66, 56-66.

Pal, M. Random forests for land cover classification. Geosci. Remote Sens. Symp. 2003, 3516,
3510-3512.

Horning, N. Random Forests : An algorithm for image classification and generation of
continuous fields data sets. In Proceedings of the International Conference on Geoinformatics for
Spatial Infrastructure Development in Earth and Allied Sciences, Hanoi, Vietnam, 9-11
December 2010.

Ganjisaffar, Y.; Caruana, R.; Lopes, C.V. Bagging gradient-boosted trees for high precision, low
variance ranking models. In Proceedings of the 34th Annual Association for Computer
Machinery (ACM) Special Interest Group of Information Retrieval (SIGIR), Beijing, China,
24-28 July 2011.

Suen, Y.L.; Melville, P.; Mooney, R.J. Combining bias and variance reduction techniques for
regression trees. In Proceedings of the 16th European Conference on machine Learning (ECML),
Porto, Portugal, 3—7 October 2005.

© 2014 by the authors; licensee MDPI, Basel, Switzerland. This article is an open access article
distributed under the terms and conditions of the Creative Commons Attribution license
(http://creativecommons.org/licenses/by/3.0/).



