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A B S T R A C T

Distinguishing tree species is relevant in many contexts of remote sensing assisted forest inventory. Accurate tree
species maps support management and conservation planning, pest and disease control and biomass estimation.
This study evaluated the performance of applying ensemble techniques with the goal of automatically distin-
guishing Pinus sylvestris L. and Pinus uncinata Mill. Ex Mirb within a 1.3 km2 mountainous area in Barcelonnette
(France). Three modelling schemes were examined, based on: (1) high-density LiDAR data (160 returns m−2),
(2) Worldview-2 multispectral imagery, and (3) Worldview-2 and LiDAR in combination. Variables related to the
crown structure and height of individual trees were extracted from the normalized LiDAR point cloud at in-
dividual-tree level, after performing individual tree crown (ITC) delineation. Vegetation indices and the Haralick
texture indices were derived fromWorldview-2 images and served as independent spectral variables. Selection of
the best predictor subset was done after a comparison of three variable selection procedures: (1) Random Forests
with cross validation (AUCRFcv), (2) Akaike Information Criterion (AIC) and (3) Bayesian Information Criterion
(BIC). To classify the species, 9 regression techniques were combined using ensemble models. Predictions were
evaluated using cross validation and an independent dataset. Integration of datasets and models improved in-
dividual tree species classification (True Skills Statistic, TSS; from 0.67 to 0.81) over individual techniques and
maintained strong predictive power (Relative Operating Characteristic, ROC = 0.91). Assemblage of regression
models and integration of the datasets provided more reliable species distribution maps and associated tree-scale
mapping uncertainties. Our study highlights the potential of model and data assemblage at improving species
classifications needed in present-day forest planning and management.

1. Introduction

Physically and spectrally similar species such as P. sylvestris (Pinus
sylvestris L.) and P. uncinata (Pinus uncinata Mill. Ex Mirb) are hard to
distinguish in the field and in remote sensing imagery. In some cases
microbiological analyses (Alvarez et al., 2009; Boratynska and
Boratynski, 2007) are required to separate their identity. The micro-
biological methods provide high taxonomic precision but are in-
applicable when, for example, species identification is required in forest
inventories over large areas. Remotely sensed hyperspectral and/or
multispectral data show potential to address this challenge. They can

accurately recognize and map continuous stochastic distributions of
vegetation communities, species groups, land-use and land-cover types
and individual species across different genera. However, optical remote
sensing data can fail when discriminating individual tree species that
have similar appearances. An early attempt by Coleman et al. (1990)
using Landsat TM data failed to discriminate between Pinus species
stands because of similarity in spectral responses. Later, Goodwin et al.
(2005) using high spatial resolution airborne CASI-2 data found in-
dividual Eucalyptus species – “spectrally complex” – and opted for
genera groups. In the time since the above mentioned studies were
published, spatial and spectral resolutions of datasets have increased
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making available less correlated sub-genus reflectance data. However,
spectrally and structurally related species continue to present a chal-
lenge. Studies reported that discrimination of closely related tree spe-
cies was hampered by: (1) high structural similarity undermining the
utility of structural characteristics like crown shape, size and leaf area
index (Goodwin et al., 2005), (2) a higher intra-species than inter-
species leaf spectral variability implying a fuzzy spectral signal
(Youngentob et al., 2011) and (3) mixed spectral signals resulting from
the influence of canopy scale structure (e.g. vegetation to background
ratio in a pixel) (Aberle, 2016), crown aspect (i.e. shaded or non-shaded
crowns) (Gerard and North, 1997) and noise from tree age and phe-
nology (Clark et al., 2005; Peerbhay et al., 2014). Such challenges ex-
plain the limited usefulness of optical structural and spectral attributes
in distinguishing similar tree species.

Complementary to spectral features recorded by means of optical
remote sensing are structural features of the tree crowns or forest ca-
nopies that can be derived from LiDAR (Light Detection and Ranging)
point clouds (Vauhkonen et al., 2014). LiDAR data offers the opportu-
nity of describing some differences in properties of species crowns (e.g.
the amount and allocation of biomass to branches and leaves) by re-
cording differences in point height distributions (Ørka et al., 2009;
Vauhkonen et al., 2014), especially when high point densities are
available. LiDAR derived height and density distributions can be iso-
lated for individual trees by means of individual tree detection tech-
niques (e.g. Wulder et al. (2000)) and crown segmentation methods.
Ultimately, the individual crown metrics can be used as predictors of
species identities in object oriented approaches (Gougeon and Leckie,
2006; Ke et al., 2010). Studies have also shown that LiDAR intensity
data i.e. strength of the back scattered energy, is useful in distin-
guishing between tree species, particularly when used in conjunction
with other structural LiDAR-derived variables (Kim et al., 2009;
Suratno et al., 2009; Zhang and Lui, 2013). For example, combined
intensity and structural features to distinguish Norway Spruce and
Birch trees which resulted in an overall accuracy of 88%. Similarly,
Zhang and Lui (2013) demonstrated the applicability of LiDAR-derived
structure and intensity variables to distinguish Nothofagus cunninghamii
(Hook.) Oerst. and Acacia dealbata Link using Support Vector Machines
(SVM) attaining overall accuracy up to 88.6%. Suratno et al. (2009)
also used both structural and intensity predictors for identifying four
species of individual trees in a mixed coniferous forest and reported
kappa of 56% compared to kappa of 93% based on stands. Nonetheless,
some researchers argue that the lack of a spectral signal remains an
important limitation of LiDAR data in identifying tree species (Deng
et al., 2007; Leckie et al., 2003; Swatantran et al., 2011) and they
propose integration of LiDAR and spectral datasets as a more effective
method.

Irrespective of the dataset in question and the similarity of the target
objects, automatic species differentiation requires a classification model
to link field observations to predictors. In many cases, a convenient
multivariate form of the classification model is not known. In their
review article, Fassnacht et al. (2016) show that different studies have
explored various classification techniques including parametric ap-
proaches like: Discriminant analysis (FDA), Maximum likelihood (ML),
Spectral Angle Mapper (SAM), Bayesian regression, Generalized Linear
Models (GLM), Spectral Mixture Analysis (SMA), Logistic regression,
Fuzzy logic, and thresholding and non-parametric approaches like;
SVM, Random Forests (RF) and Artificial Neural Networks (ANN). We
argue here that for any given choice of a model (parametric, semi- or
non-parametric) or any choice of a variable set (dependent on the
chosen variable selection procedure and datasets), the accuracy in
prediction may vary since: (1) different model families fit the data to
varying degrees (Appendix 1 in supplementary material shows differ-
ences in model fit along the data range given the model type) and, (2) a
predictor effect is partially influenced/confounded by effects of other
covariates. Recently, some studies proposed ensemble classification
approaches to address the issues related to uncertainty in prediction

across classifiers (Engler et al., 2013; Ko et al., 2014; Duque-Lazo and
Navaro-Cerrillo, 2017). These techniques essentially combine decisions
from several statistical classifiers with the aim of minimizing general-
ization error (Banfield et al., 2007; Ko et al., 2014; Engler et al., 2013).
In the same way, their research demonstrates a consistent improvement
in classification accuracies when employing ensemble modelling
methods. However, these methods have not been tested in distinction of
“spectrally and structurally similar” species and from that originates the
motivation for this study.

The study contributes to improved mapping of structurally and
spectrally similar tree species based on two remote sensing data sources
at individual tree scale. We compared their predictive performance and
later integrated high density airborne LiDAR data and high resolution
Worldview-2 optical satellite data and regression classifiers. We ad-
ditionally evaluated the performance of three variable selection pro-
cedures in the selection of the best predictor subset across classifiers.

2. Materials and methods

2.1. Study area

The study site is located in the South Eastern alpine part of France,
district of Barcelonnette (latitude 44° 25′ 22.87″ N and longitude 6°
40′22.43″ E; Fig. 1). The area is about 1.3 km2 and is covered by mainly
unmanaged forests of P. sylvestris and P.uncinata (≈95% of total area).
Norway spruce (Picea abies (L.) H.Karst.), European Larch (Larix decidua
Mill.) and some other broadleaved species cover the remaining ≈5% of
the study area. Altitude ranges between 1400 and 2020 m.a.s.l. Topo-
graphy is irregular (mountainous) with slope gradients ranging be-
tween 10° and 70°. This type of terrain posses some challenges espe-
cially during the generation of elevation models and topographic
normalization of spectral responses.

2.2. Characteristics of studied species

To demonstrate the potential of ensemble techniques, our study
focused on the two dominant species in the study area. P. sylvestris and
P. uncinata have chromatic and morphological differences that can be
leveraged for their distinction (Farjon, 2010). These are: (1) the crown
of P. uncinata is conical with narrow spreading lateral branches whereas
that of P. sylvestris is conical-ovoid to ovoid with widely spreading to
ascending lateral branches when mature but conical when young; (2)
The density of the branches varies with the growth of the tree but is
generally denser and grows to a lower base height for P. uncinata than
P. sylvestris; (3) Visually, P. uncinata has a greyish-black trunk whereas
P. sylvestris's bark is reddish gray at the base and orange at the thin bark
of the upper trunk and major branches; (4) P. uncinata is generally
shorter (12–20 m) than P. sylvestris (15–35 m) at maturity and (5) the
barks of both species are scaly plated or fissured with varying degrees of
surface roughness but generally with the bark of P. sylvestris rougher
than that of P. uncinata (Farjon, 2010). Despite these differences in
crown appearance and architecture, a visual distinction of P. sylvestris
and P. uncinata via needles can be difficult (Fauvart et al., 2012). This
property exacerbates the challenge of their characterization from op-
tical remote sensing as needles contribute the largest portion of re-
flectance in the imagery. We expected that combining LiDAR and
Worldview-2 datasets as well as regression classifiers would help cap-
ture various biophysical traits and therefore increase the chance of their
automatic distinction.

2.3. Data

LiDAR data, a 15 × 15 cm RGB aerial orthophoto and Worldview-2
(2 × 2 m, 8 bands and 0.5 × 0.5 panchromatic band) datasets were
acquired during leaf-on and snow free conditions in June of 2009 and
September of 2010, respectively. LiDAR data and the aerial orthophoto
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were collected from an aircraft flying at an average 300 m above
ground. A Riegl VQ480i system with a pulse repetition rate of up to
300 kHz and a rotating mirror scanning method was used. A very high
density of the point cloud (160 points m−2, seven discrete returns per
pulse) was achieved from seven overlapping flight lines.

For the Worldview-2 imagery, level 2 post processing had been done
by the vendor. The average sun elevation and azimuth angles were
48.1° and 161.7° and the average satellite elevation and azimuth angles
were 74.8° and 55.0° respectively. The sun elevation and azimuth an-
gles were used as input parameters during topographic normalization of
the images to eliminate potential effects of shadows resulting from the
rugged terrain.

2.4. Fieldwork

Field work was done in autumn 2012, 2- and 3-years after collection
of LiDAR and Worldview-2 imagery respectively. A total of 48 circular
field plots of 500 m2 (with slope correction) were measured. Within
each plot, all trees with diameter at breast height (DBH, 1.3 m above
the ground) larger than 7 cm were recorded and callipered in two or-
thogonal directions. However, of all the trees encountered on the plots,
only a subset of 544 trees were identified and their location recorded:
273 individuals of P. sylvestris and 271 individuals of P. uncinata. Note
that the 544 trees are those whose crowns were visible in the dominant
canopy and whose treetops could be determined on the canopy height
model (CHM). We were able to verify locations of the identified
dominant trees in the field using a CHM (Fig. 2), whereby the ground
horizontal distance and orientation from a landmark were compared to
the CHM distance and orientation. The landmarks included other iso-
lated trees and canopy gaps.

2.5. Canopy height model generation and individual tree crown (ITC)
delineation

The LiDAR Digital Elevation Model (DEM) and Digital Surface
Model (DSM) were generated by griding Delaunay triangulated ground

and first returns into 15 cm resolution rasters respectively. Tree posi-
tion, height, and crown width was retrieved from the CHM by using a
modified version of the mixed-pixel and region-based algorithm de-
signed by González-Ferreiro et al. (2013). This algorithm is proposed as
a sequence of routines programmed in the integrated development
environment (IDE) (eCognition Developer 8.7 (®Trimble GmbH, Mu-
nich, Germany)). All logical procedures in the construction of the ca-
nopy delineation algorithm were arranged into five groups: CHM
smoothing, segmentation, classification of canopy areas, iterative pro-
cess, and data export. For this study, one parameter of the algorithm has
been tuned, to adapt to the analyzed species. Concretely, we have
changed the break value for the roundness index from 0.5 to 0.25 in the
shape decision criteria (see the Fig. 3 in González-Ferreiro et al. (2013))
in order to discard and control for unnatural crown shapes.

Finally, the ITC result (Fig. 2) and crown attributes were then ex-
ported as vector polygons in an ESRI™ shapefile with the associated
database. Tree tops and height attributes were also exported as a point
vector shapefile for subsequent analysis.

2.6. Assessment of accuracy of delineated crowns

A good ITC segmentation was prerequisite in order to accurately
isolate individual tree predictors. To evaluate the accuracy of the crown
delineation algorithm, we closely followed two area-based methods
presented by Clinton et al. (2010). The reference polygons (assumed
truth), relative to which the performance of the segmentation algorithm
was judged, were manually digitized from a CHM overlain on a high
resolution (0.15 × 0.15 m) aerial orthophoto collected together with
the LiDAR data. Three student assistants performed this task, strata-
wise – i.e. the study area was divided into three parts – and each in-
dependently, on desktop screens of 1600 × 900 pixel resolution and at
a common map scale of 1:50. The assistants were trained before the
digitization according to a defined protocol detailing ways to identify
crown boundaries based on changes in grey-color contrasts. For all
study participants, 1615 individual crown polygons spread across the
entire study area, were manually digitized and used in the assessment

Fig. 1. Map of the study area located within the following X and Y UTM
32N coordinates (WGS84 reference system): 320,797.6; 4,916,782.5
(lower left) and 321,992.5; 4,918,787.1 (upper right).
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of the segmentation accuracy.
We computed the segmentation goodness metric (Eq. (1)) for each

reference polygon based on relative overlap with the largest corre-
sponding automatically generated segment (Clinton et al., 2010).

= −1 A
A

segmentation goodnessij
Ii

Rj (1)

AIi is the area in intersection (AAi ∩ ARj) between an automatically
generated segment and a corresponding manually delineated segment,
AAi is the area of segment i and ARj is the area of the corresponding
reference segment.

To compare pairwise sizes and context of automatically generated
crowns relative to the reference polygons, we computed the area fit
index (AFI) (Clinton et al., 2010) as shown in Eq. (2).

=

−A A
A

AFIj
Rj maxAi

Rj (2)

AFIj is the Area Fit Index for segment j and AmaxAi is the area of the
largest automatically generated segment intersecting with ARj.

Following Clinton et al. (2010), we classified over-segmented re-
ference polygons (O) as reference objects with less than 100% overlap
with automatic polygons and AFI > 0 and under-segmented reference
polygons (U) as those of 100% overlap with automatic polygons and
AFI < 0. By averaging over all over-segmented and under-segmented
polygons we computed the closeness index D shown in Eq. (3).

=
+

∈ ∈D
O U

2
.k m

2 2

(3)

O is the mean segmentation goodness across the k over-segmented re-
ference polygons and the term U is the mean segmentation goodness
across m under-segmented reference polygons. We judged our seg-
mentation result based on Clinton et al. (2010) that identified closeness
index values of 0.3 as good segmentations.

Lastly, an overall rate of correct detection was computed as the ratio
of correctly detected reference polygons and all reference polygons.
Correct detection was defined by the following limits: overlap ⩾70%
and −3 ⩽ AFI ⩾ 2. The AFI thresholds were determined based on visual
inspection.

2.7. Preparation of predictors

The individual crown segments delineated in the previous step were
used to isolate individual crown variables from both remote sensing
datasets. From the height normalized point cloud, metrics describing
per-crown return intensity and height distributions and variables de-
scribing sizes and shapes of individual crowns were extracted using the
FUSION LiDAR Toolkit (McGaughey, 2014). As no flight trajectory file
was available for this study, radiometric normalization of intensity data
was done following González-Ferreiro et al. (2014) and based on a user
defined standard range. Here note that Korpela et al. (2010) report a
marginal gain in accuracy (2–3%) of species classification after in-
tensity normalization while distinguishing conifers in boreal conditions.

Fassnacht et al. (2016) mention that “this task can be quasi-impossible in
mountainous terrain”.

Standard crown size and shape variables were extracted from the
points and polygon shapefiles generated in the ITC delineation. LiDAR
metrics were derived from the normalized LiDAR height and intensity
distributions within the limits of the delineated individual tree crowns.
The minimum height threshold (MHT), which is commonly specified as
the lower boundary for calculating height metrics (central tendency,
dispersion, shape and percentile statistics), was established at 1 m. The
height break threshold (HBT), which is the limit for separating the point
cloud data into two sets to separate canopy returns from the under
canopy returns, in order to estimate canopy cover metrics, was estab-
lished as 5 m (based on field observation). In total 108 metrics were
derived from the LiDAR data (see Table 1 for a complete description of
LiDAR-derived metrics).

Before extracting per-crown optical metrics, topographic normal-
ization based on local parameter estimation of spectral differences (Mo
et al., 2015) was done using the LiDAR DEM. The topographic nor-
malization aimed at reducing radiometric distortions brought about by
shadow effects in rugged terrain especially enhanced by a low scanning
and sun elevation angle at the time of image acquisition. Optical images
were resampled using a nearest neighbor interpolation from 2 m to
0.5 m before computing the per crown statistics (Table 1). The fol-
lowing broadband greeness and leaf pigmentation products were de-
rived: Normalized Difference Vegetation Index (NDVI), Simple Ratio
Index (SRI), Enhanced Vegetation Index (EVI), Atmospherically Re-
sistant Vegetation Index (ARVI) and Anthocyanin Reflectance Index
(ARI). Additionally, per crown statistics were computed from texture
indices derived from the panchromatic band including; energy, entropy,
correlation, inverse distance moment, inertia, cluster shade, cluster
prominence and Haralick correlation. The same statistics were calcu-
lated for each of the eight multispectral bands (Table 1). In total 230
spectral predictors were prepared.

2.8. Statistical models and calibration

The predictors described above were used to distinguish between
the two tree species via multiple regression approaches. We used the
default settings of the biomod2 R-package version 3.3-7 (Thuiller et al.,
2016) to ensemble results of 9 regression techniques into a final pre-
diction. The models are described in detail in . The included modelling
techniques were; Classification and Regression Trees (CTA), General-
ized Linear Models (GLM), Generalized Boosting Models (GBM), Gen-
eralized Additive Models (GAM), Artificial Neural Networks (ANN),
Flexible Discriminant Analysis (FDA), Multiple Adaptive Regression
Splines (MARS), Random Forests (RF) and MAXENT.Phillips. The
models were calibrated with species data based on the field observa-
tions.

Multi-collinearity analysis was done prior to the fitting process to
assess whether two or more explanatory variables were significantly
correlated. Collinearity among all explanatory variables was evaluated
by the Variance Inflation Factor (VIF) (Fahrmeir et al., 2013, P. 156),

Fig. 2. Identification of individual tree stem locations in the field,
whereby; A is the plot center or landmark, B is the stem position, i is the
tree identification number ranging from 1 to 544 and N signifies the North
direction. The identification of tree stem positions on the Canopy Height
Model is shown on the right whereby, ground horizontal distance (A to B)
≈ CHM distance (A to B) × CHM image resolution. The crown segments
are an output of automatic individual tree crown delineation using the
Canopy Height Model as input data.
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considering VIF>=10 as the step-wise elimination threshold (Duque-
Lazo et al., 2016).

To overcome dimensionality issues commonly faced in multiple
regressions of small sample sizes to many predictor variables, and so as
to select for the most robust predictor set, three variable selection
procedures were considered, namely: (1) AUCRFcv (Calle et al., 2011),
(2) AIC and (3) BIC (Fahrmeir et al., 2013).

A variable importance measure (VI) was used to assess the relative
contributions of individual variables in a given model. To allow for
comparability of variable importance across models, VI was computed
from model predictions (for all model types). After obtaining a pre-
diction (P1), the variable of interest was shuffled while holding all the
other variables in the model at their median value and a new model
prediction made (P2). A simple correlation between P1 and P2 was then
calculated to obtain VI according to Eq. (4):

= − P PVI 1 cor( , )1 2 (4)

A zero VI value meant no importance whereas the importance of a
variable in a predictor set increased with VI scores (Thuiller et al.,
2016).

2.9. Model and map evaluation

Model fit was evaluated using the relative operating characteristic
(ROC) and map quality was assessed with the true skills statistic (TSS).
Both ROC and TSS were computed from cross validation and split
sample procedures. During cross validation, all observational data (544
field identified trees) was utilized where models were fit with 80% of
the data and evaluated with the remaining 20% of the data. An almost
1:1 ratio, 271 training and 273 validation, was used in the split sample
approach. The same training and validation set was kept constant
across all runs and variable selection procedures. Models were run 50
times in order to monitor variation in variable importance and pre-
diction accuracies. Robust models were defined by a combination of
both ROC and TSS.

2.10. Ensemble prediction

A stacked assemblage of predictions across individual models was
based on mean, median, inferior confidence interval, superior con-
fidence interval, committee average and a weighted mean (Thuiller
et al., 2016). Not all individual models computed per run were included
in the ensembles. Different ROC quality thresholds were tested to select
models into the ensemble and minimize loss in the resultant ensemble
model and map accuracy brought about by inclusion of weak or less
informative individual models. Eventually, ROC = 0.8 was used. The
model and map evaluation described in Section 2.9 applies to ensemble
models.

Finally, three modelling schemes were considered based on: (1)
high-density LiDAR data, (2) spectral image layers derived from mul-
tispectral imagery (Worldview-2), and (3) both the spectral and LiDAR
data. For each scheme, all variable selection and model types were
evaluated.

3. Results

3.1. Individual crown detection

More than 70% of dominant crowns in the canopy were correctly
delineated according to the defined criteria. Closeness index values
averaged around 0.33 as shown strata-wise in (Table 2).

Table 1
Potential LiDAR and optical predictors. Note that descriptions of metrics are listed in the order of appearance of the acronyms and not repeated for each variable group. Metrics are
grouped into: Intensity (I), Crown cover, shape and size (C), Height (H), Individual bands (B1, …, B8), Texture indices (T) and Vegetation indices (V). “…” refers to “in the same sequence
”.

Abbreviation Description

LiDAR metrics on cover, size and shape of crowns (C)
Ccr, Ccwr, Clen, Ccls, Ccbh, Cper,Cper1, …, Cper4, Ccrr, Cr1, …, Cr7 . Crown radius, Crown-width ratio, Crown perimeter length, Crown closure, Crown base

height, Percentage first returns above 5 m, Percentage first returns above mean,
Percentage first returns above mode, Percentage all returns above 5 m, Percentage all
returns above mean, Percentage all returns above mode, Canopy relief ratio, Count of
returns by return number (1-7).

LiDAR metrics on height (H) and intensity (I) distributions – dispersion statistics
HIQD, HSD, Hvar, HCV, Hskew, Hkur, HAAD, HMeAD, HMoAD, HL2, …, HL4, HLSkew, HLKur, IIQD,

..., ILKur.
Inter-quartile distance, Standard deviation, Variance, Coefficient of variation, Skewness,
Kurtosis, Average absolute deviation, Median of the absolute deviations from median,
Median of the absolute deviations from mode, L-Moments (2:4), L-Moment of Skewness, L-
Moment of Kurtosis.

LiDAR metrics on height (H) and intensity (I) distributions – descriptive statistics
Hmax, Hmin, Hmean, Hmed, Hmode, HP01, …, HP99, Imax, …, IP99. Maximum, Minimum, Mean, Median, Mode, Percentiles (1,5,10,20,25,30, …,

70,75,80,90,95,99).

Spectral metrics from individual bands (B) and vegetation indices
VminNDVI, VmaxNDVI, VsumNDVI, VcntNDVI, VmeanNDVI, VsdNDVI, VuqeNDVI, VrangeNDVI, VvarNDVI,

VmedNDVI, VmodeNDVI, VminSRI, …, VmodeSRI, VminEVI, …, VmodeEVI, VminARVI, …,
VmodeARVI, VminARI, …, VmodeARI, VminB1, …, VmodeB1, …, VminB8, …, VmodeB8.

Minimum, Maximum, Sum, Count, Mean, Standard deviation, Unique, Range, Variance,
Median, Mode of: vegetation indices (NDVI, EVI, ARVI, ARI), and individual bands (B1,…,
B8).

Spectral metrics from texture indices (T)
TminInertia, TmaxInertia, TsumInertia, TcntInertia, TmeanInertia, TsdInertia, TuqeInertia, TrangeInertia,

TvarInertia, TmedInertia, TmodeInertia, TminEner, …, TmodeEner, TminEnt, …, TmodeEnt, TminCor,
…, TmodeCor, TminIDM, …, TmodeIDM, TminCP, …, TmodeCP, TminHCor, …, TmodeHCor.

Minimum, Maximum, Sum, Count, Mean, Standard deviation, Unique, Range, Variance,
Median, Mode of: Inertia, Energy (Ener), Entropy (Ent), Correlation (Cor), Inverse distance
moment (IDM), Cluster prominence (CP), Haralick correlation (HCor).

Table 2
Segmentation goodness across study participants.

Participant Segmentation measures No. of Crowns

Correct detections (%) Closeness index (D)

I 73.36 0.31 517
II 60.65 0.41 310
III 77.48 0.33 826

Total 73.18 0.33 1615
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3.2. Importances of predictor variables

Both LiDAR and optical metrics were of high importance in the
computed models (Fig. 3). We suggest that identification of the most
important predictors considers both the magnitude of variable im-
portance (as shown in Fig. 3) and the consistence of selection across
modelling schemes (Table 3). The reader is referred to supplementary
material for importances of variables selected when the datasets were
employed in isolation (individually). Amongst the LiDAR variables, the
following were of high importance: Ivar, IL4, Cper, Cr3, and Hmax, and in
Worldview-2 imagery: B1min, B5min, TminInertia, and VmaxNDVI.

Judged by the variable importance scores alone (i.e. without con-
sidering consistency of selection across modelling schemes), LiDAR
intensity, optical imagery texture indices, and individual band re-
flectance characteristics received higher importance in the models
compared to height, canopy cover metrics and vegetation indices
(Fig. 3). Similar trends were observed when the datasets were employed
in isolation (Appendices 2 and 3). There was generally agreement
across individual models and variable selection procedures (Fig. 3).
However, GAM and ANN assigned higher importance to variables less
important in other models. Additionally, some models variable im-
portances were more precise across runs compared to others (based on

Fig. 3. Mean variable importance of spectral and LiDAR predictors across 50 model runs. Variable importance is sorted across models in an ascending order. Sorting of variable
importances was global so as to identify variables of highest importance across models. Groups of metrics are: Intensity (I), Height (H), Crown cover, size and shape (C), Texture index (T),
Vegetation index (V) and Individual band (B1, …, B8). For detailed predictor variable names including explanation of the subscript in each acronym, refer to Table 1. Models: Artificial
Neural Networks (ANN), Classification and Regression Trees (CTA), Flexible Discriminant Analysis (FDA), Generalized Additive Models (GAM), Generalized Boosting Models (GBM),
Generalized Linear Model (GLM), Multiplicative Regression Splines (MARS), Maximum Entropy (MAXENT.Phillips), Random Forests (RF).
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standard error bars in Fig. 3). There was a higher precision in VI from
RF, GBM and GLM compared to the other model categories.

3.3. Individual model and map quality

Two clusters in performance of individual models were observed
when comparing individual models (Fig. 4). In general, RF, GBM, GLM,
FDA, MARS formed a cluster of the better performing models compared
to MAXENT.Phillips, CTA, ANN and GAM in the cluster of lower per-
forming models. The former cluster had considerably lower variance in
both quality of model fit and map accuracies across model runs. There
was preponderance of linear models when spectral predictors were
employed in isolation and a majority of classification tree models when
LiDAR predictors were employed (Fig. 4). Additionally, spectral models

were more stable than models using LiDAR only and Spectral and
LiDAR. Generally, individual model and map quality across variable
selection procedures was similar (Fig. 4).

All individual models and datasets failed to differentiate the species
when employed independently (Fig. 4). Individual performance among
the best five models was on average TSS = 0.55 for LiDAR and
TSS = 0.64 for Spectral. However, the average individual performance
of the same models increased slightly to about TSS = 0.67 when both
datasets were integrated. In isolation, spectral variables exhibited
higher predictive power compared to LiDAR variables.

3.4. Ensemble model and map quality

In general, all ensemble models performed equally for both

Table 3
Selected predictors across modelling schemes and variable selection procedures. Metrics are grouped into: Intensity (I), Crown cover, shape and size (C), Height (H), Individual bands (B1,
…, B8), Texture indices (T) and Vegetation indices (V). Refers to selected into the final predictor set given a variable selection procedure. For detailed predictor variable names
including explanation of the subscript in each acronym, refer to Table 1.

Predictor Modelling scheme & variable selection procedure

Both LiDAR

AUCRFcv BIC AIC AUCRFcv BIC AIC

1. Ivar
2. IL4
3. Intensity Ikur
4. Imode

5. IL3
6. IP01

7. Cr3

8. Cr2

9. Cr1

10. Crown cover, Cper

11. size & shape Cper4

12. Clength

13. Cper3

14. Ccr

15. Hskew

16. Hmax

17. Hmean

18. Height HMoAD

19. HL3

20. Hvar

21. Hkur

22. HCV

Both Spectral

23. B1min

24. B5min

25. B6var
26. Individual B1range
27. Band B8mode

28. B4med

29. B1var
30. B2mode

31. B8var

32. TminInertia

33. TsumEnergy

34. TsumCor

35. TmaxCor

36. Texture TvarEnergy
37. index TvarCor
38. TsumCP

39. TvarInertia
40. TminCS

41. TmodeCP

42. VmaxNDVI

43. Vegetation VminSRI

44. index VsumARI
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validation procedures. Assemblage of individual models increased map
quality with across-model TSS averages to 0.63 for LiDAR models, to
0.68 for spectral models and to 0.73 for both spectral and LiDAR
powered models (Fig. 5). Higher model and map quality values were

reported by the cross validation procedure (Fig. 5). The Committee
Average ensemble (EMca) was consistently the highest performing en-
semble when evaluated using a split sample approach. EMca was the
worst performing ensemble model based on cross validation.

Fig. 4. Performance by model type (Artificial Neural Networks – ANN, Classification and Regression Trees – CTA, Flexible Discriminant Analysis – FDA, Generalized Additive Models –
GAM, Generalized Boosting Models – GBM, Generalized Linear Model – GLM, Multiplicative Regression Splines –MARS, Maximum Entropy –MAXENT.Phillips and Random Forests – RF)
and variable selection procedure (Top row = LiDAR, Middle row = Spectral, Bottom row= Spectral & LiDAR). The dots represent the mean and the lines represent the associated
standard errors across 50 model runs.

Fig. 5. Performance by ensemble model type (Mean – EmMean, Inferior confidence interval – EmciInf, Superior confidence interval – EmciSup, Median – EmMedian, Committee average –
EmCa and Weighted mean EmWmean) and variable selection procedure (Top row = LiDAR, Middle row = Spectral, Bottom row= Both). The dots represent the mean and the lines, the
associated standard errors across 50 model runs.
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Fig. 6 shows example maps of tree species at individual crown level.
The maps show a single committee average prediction and the re-
spective uncertainty estimate i.e. Coefficient of Variation (CV) across
modelling techniques. There was higher uncertainty across models for
predicting P. uncinata than was for predicting P. sylvestris. However, the
uncertainty was generally low (CV ≤19%) indicating general agree-
ment among individual models in the ensemble.

4. Discussion

Our result shows that it is possible to perform an accurate automatic
tree crown segmentation (Closeness index = 0.33) of two very similar
Pinus species in complex terrain, and that unlike the variable selection
procedure, a combination of LiDAR and multispectral variables im-
proved model prediction. More concretely, we have demonstrated that
the ensemble model approach is superior to single model prediction.
However, the key challenge is a high intra-species variance in classifi-
cations of individual trees.

4.1. Effect of a high intra- vs inter-species variation

A common recommendation when variance is greater within species
is to employ object-oriented techniques (Gougeon and Leckie, 2006)
with a higher spatial or spectral resolution, either in isolation or after
some form of fusion (Leckie et al., 2003; Ke et al., 2010) in order to
summarize the within class (tree) variation at a lower scale of ob-
servation. At the scale of single trees (crowns) our results have shown
that the high within-tree variation can persist (Fig. 4). However, clas-
sification accuracies can improve with ensemble models (Fig. 5). The
very high intra-species variation is attributed to differences in in-
dividual tree morphology and differences in local site conditions. No
management planning information was available to this study, and
neither was tree age data collected. We however did observe that there

were differences in stand characteristics (for example, the size of trees)
suggesting differences in either site specific rates of growth or stand
ages. The difference has influenced within species variation in parti-
cular related to structure of crowns. P. sylvetris crowns are known to
change with stages of maturity (Farjon, 2010; Ross et al., 1986). Si-
milarly, the rugged terrain introduced variations in site relative to local
slope, aspect and soil conditions and thus increased tree-scale within
species variation. The terrain effect is further seen in the spatial pattern
of model uncertainty (Fig. 6) as dissimilarity among models increased
with elevation and ruggedness (Fig. 1) in areas dominated by P. un-
cinata. In other words, errors in normalization of remote sensing da-
tasets induced higher model uncertainty in areas of rugged terrain. It
should be noted however, that we utilized very high point density
LiDAR which supported generation of very high quality elevation
models uncommonly possible in complex terrain. This enhanced ro-
bustness of ITC delineation and precision of within crown statistics. In
common practice, a good ITC delineation is possible with densities from
between 4 and 10 points m−2 (Hamraz et al., 2017). However, at such
lower densities, it will be probable that fewer points inside of each
segment (delineated crown) affect precision of computed statistics and
metrics. Therefore, additional within species variation could arise from
errors in ITC delineation and metrics calculation. However, the latter
two sources of variation are here considered of low importance based
on the high segmentation accuracy achieved and the employment of
advanced topographic and intensity normalization procedures. The
higher intra-species variation triggered the need to utilize individual
models with several predictor variables.

4.2. Important species predictors

As expected, a combination of both LiDAR and spectral variables
resulted in increased differentiation capabilities as either datasets
captured varying characteristics of the species crowns. Similarly, a

Fig. 6. An individual tree species map and associated across model uncertainty computed via the coefficient of variation.
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comparison between prediction power of multispectral and LiDAR
variables in isolation suggested higher structural than spectral simi-
larity between the species; resulting in a higher prediction power for
spectral predictors. Combined, the most important spectral predictors:
B1min, B5min, TminInertia, and VmaxNDVI, highlight differences in condition,
pigmentation and internal structure of the needles useful for their
characterization. Similar conclusions were drawn by Alvarez et al.
(2009) using microscopy in analysis of epidermal characteristics of
needles of both species. Additionally, we attribute the high importance
of the texture index TminInertia to the combined effect of chromatic dif-
ferences in the upper trunk and branches of the two species and their
differences in branch density (refer to Section 2.2 for details). TminInertia

measures inter-pixel contrast within each crown area. The 50 cm re-
solution of the Worldview-2 imagery captured inter-pixel variation in
brightness of the leaves and trunks that was useful in the distinction of
the species. On the other hand, LiDAR variables highlighted the im-
portance of bark roughness (via intensity metrics, Ivar, IL4), branch
density (via canopy cover metrics, Cper, Cr3) and height (Hmax) differ-
ences in characterization of the species.

4.3. Evaluation of individual models

The peculiar clustering in individual model performance showed;
MAXENT.Phillips, ANN, CTA and GAM to have been consistently poorly
performing and unstable across multiple runs. This was unsurprising for
GAM and ANN since they simultaneously assigned higher importance to
variables less important in other models (Fig. 3). In a similar ensemble
setting, akin results regarding variable usage in ANN models were re-
ported by Marmion et al. (2009). They related this unique behavior of
the ANN model to its inherent non-selective nature, given that it builds
intermediate relationships between predictors and therefore risks as-
signing higher importance to less effective variables based on their
indirect contribution to the prediction process. On the other hand,
GAMs fit local splines along the data range of each available variable,
estimate a single smooth curve per variable, and then additively com-
bine the results. Both structures of the GAM and ANN models are prone
to becoming exceedingly complex and may therefore face over-fitting
(Marmion et al., 2009). The challenge therefore was finding the optimal
threshold between individual model complexity and overall ensemble
mapping accuracy. Here, more complex individual models resulted in
higher map accuracies attributed to their ability to minimize model
bias. However, based on the comparison between the split-sample and
cross-validation results (Fig. 5), we posit that the observed marginal
discrepancy between map accuracies reported by both validation pro-
cedures is testimony that over-fitting was not a significant problem
since ensemble models generalized well on new data.

Further, the poor performance of the CTA model is linked to the lack
of bagging and bootstrapping capabilities, disposing the model type to
bias and high across run variances (Briem et al., 2007). One notes that
despite their similarity in structure, the RF model consistently out-
performed CTA. This can be explained by regularization, bagging and
bootstrapping algorithms in the RF model affording better performance
at generalization on validation datasets. On the other hand, it was
unique to this study that the performance of MAXENT.Phillips was not
comparable with other models, such as RF and GBM, that are known to
be consistently highest performing (Elith et al., 2011). We found out
that the poor performance of MAXENT.Phillips – in this specific case – is
linked to its calibration with presence-absence data rather than pre-
sence only data and to a sub-optimal specification of the prevalence
parameter (set here to 0.5) from which a logistic output is generated
after combining presence (here P. sylvestris) and background (here P.
uncinata) data (Guillera-Arroita et al., 2014). Based on several model-
ling techniques, Fig. 6 shows that P. sylvestris potentially has a higher
prevalence in the study area compared to P. uncinata. Guillera-Arroita
et al. (2014) recommend to arrive at a prevalence estimate when
parameterizing MAXENT.Phillips via the sample data, however, our

individual tree selection approach did not afford the option to estimate
unbiased prevalence before hand. The ideal practice would have been
modelling the distribution of each species separately and employing the
respective prevalence parameters independently. Nonetheless, we em-
phasize that the individual performance of MAXENT.Phillips had mar-
ginal to no effect on the presented ensemble results, given that an ROC
threshold of 0.8 was used in selection of models into the ensemble
which MAXENT.Phillips rarely passed. Remember that even within the
cluster of better performing models (i.e. GLM, MARS, FDA, GBM, RF),
the best individual model only achieved up to 40% better-than-random
map accuracy (TSS = 0.69).

4.4. The contribution of an ensemble approach

Ensemble modelling improved individual models by increasing both
map accuracy and minimizing prediction variance. The improvement
was achieved through stacked fusion of predictions as well as due to the
fact that the ensemble approach gives more weight to models with both
good fit and effective bias-reduction. The bias minimization properties
stemmed from tree-based and gradient boosting algorithms – such as RF
and GBM – that sequentially arrived at a prediction by building several
classifiers in a complementary tandem (Banfield et al., 2007; Briem
et al., 2007). This way, our result is in agreement with Engler et al.
(2013) that assembled per-pixel predictions of six species obtaining a
cross validated Cohen's Kappa, κ= 0.65. For comparison with their
study, the best mean cross-validation accuracy obtained in this study is
TSS = 0.81 based on a combination of LiDAR and spectral datasets and
BIC variable selection procedure (Fig. 5). A mean TSS of 0.81 means
that the ensemble models were on average approximately 60% better-
than-random at distinguishing Pinus sylvestris and Pinus uncinata at an
individual crown scale. Note that TSS and κ are equivalent and that
Engler et al. (2013) had to distinguish up to six species per pixel.
Therefore, their expected error rate is higher. If the number of target
species would have been more than two, we would have separate
predictions of each species and spatially combine the result as done by
Engler et al. (2013). However, we linked one species to the other and
assigned class probabilities to either class in a single step. This approach
had the advantage of computational efficiency but fell short for parti-
cular models (e.g. MAXENT.Phillips) as previously discussed. Similarly,
it is worth explaining the discrepancy in behavior of the committee
average ensemble (EmCa) given that it is the highest performing en-
semble accuracy when evaluated in a split sample approach and the
worst when evaluated by cross validation. This issue is related to the
EmCa calculation which transforms all predictive probabilities into
binaries (0 or 1) according to the maximum ROC/TSS threshold (the
same as used in selection of individual models into the ensemble).
Later, the new class probability is calculated as the average of the
combined votes. During cross validation, a change in the training
sample induces differences in model fit and therefore affects individual
model votes – especially when encountering a high intra-class variation.

Further advantage of the ensemble approach rests in reporting
across run variances of map accuracy scores. This is important in order
to communicate the underlying precision of the estimated map accu-
racy. We show that with a single model, map accuracies can fluctuate
across multiple runs with higher variances in cross validation than the
split sample. At this point, it is important to understand that the two
validation procedures convey fundamentally different assessments.
While the cross validation approach estimates the expected prediction
map accuracy, the split sample approach estimates both the conditional
prediction map accuracy and model generalization capabilities (Hastie
et al., 2009, p. 242). Expectedly, as with any model, our ensemble
model generalization capabilities were lower (from TSS = 0.81 to
TSS = 0.73) although better than individual models in isolation. The
higher variances seen in the cross validation compared to the split
sample approach are determined by the similarity of across fold
training samples in the cross validation procedure (Hastie et al., 2009,
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pp. 242–243). In other words, the more similar the training sample, the
lower the across fold variation and therefore relates directly to the
problem of intra-species variation. Certainly, the validation and test
sample sizes as well affect the prediction precision when comparing
between cross validation and split sample results.

Lastly, a spatial context to the precision of the estimated map ac-
curacy is conveyed by across model coefficient of variation (Fig. 6)
which communicates the level of agreement among individual models.
This is a valuable resource when making inference towards the spatial
variability of mapping errors. Therefore, such an output can in opera-
tional settings, for example, support selection of sites to focus map
ground truthing exercises. Fig. 6 shows that there was a high agreement
across models conveyed by a<20% coefficient of variation. When such
an estimate is used in tandem with the mean and variance estimates of
map quality (e.g. TSS), it can enhance interpretation of the quality of
the mapping product.

5. Conclusion

We have shown that assembly of regression models and integration
of the datasets can provide a more reliable species distribution map
with associated tree-scale mapping uncertainties. We have also shown
that the approach can provide more transparent assessments of errors
around modelled species distributions. Given that all the tried ensemble
approaches performed equally, we do not recommend any in particular.
We recommend leveraging of models and data assemblages in order to
provide improved and transparent species classifications for forest
planning, management and science at local to landscape scales. We
speculate that the techniques and approaches used here lend them-
selves to other important areas such as classification of forest health
conditions and forest degradation, among other classification chal-
lenges where inter-class overlap is pronounced. Similarly, the ensemble
approaches presented here may perform better than conventional
methods for species that are more clearly distinguishable and therefore
should be studied further.
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