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Airborne Laser Scanning (ALS) data for generating Digital Terrain Models (DTM) at national level are often
collected during leaf-off seasons. Leaf-off data are useful for classifying evergreen and deciduous trees since
echoes at lower intensity are returned from deciduous trees when compared to evergreen trees. In addition to
this, the proportion of echoes from the ground is higher for deciduous trees than for evergreen trees. In this
study, we classified land cover, including evergreen and deciduous trees, using a Random Forest classifier
based on LiDAR-metrics generated from leaf-off ALS data, and estimated tree cover and tree heights for the
whole of Denmark. The results were compared with the CORINE Land Cover (CLC2006) data, percentage of
tree cover from MODIS Vegetation Continuous Fields (VCF) and a global tree height map based on ICESat data.
Considering tree class alone, deciduous and evergreen trees could be classified with an overall accuracy of 94%
using validation data generated using aerial imagery from a 60-km strip across Central Jutland. The lower values
of ALS-based percentage tree cover were overestimated and the higher values underestimated by MODIS VCF
data, with a root–mean–square (RMS) deviation of 18.26%. The tree heights estimated using ALS data were
generally lower than the global estimates of tree height with an RMS deviation of 5.1 m. The ALS intensity values
were useful for classifying evergreen and deciduous trees. These findings show that ALS datasets collected for
generating national DTMs can be used for tree cover and tree heightmapping, aswell as for regional classification
of trees if data over the whole area are collected within a few months in the leaf-off season.

© 2014 Elsevier Inc. All rights reserved.
1. Introduction

Mapping of forests at the global level has gained importance in
recent years due to the ability of trees to act as carbon sinks and thereby
regulate climate change (Bonan, 2008). Trees also offer a range of other
benefits including carbon sequestration, prevention of soil erosion and
mitigation of floods as well as habitats for biodiversity. The expansion
of urban areas and agricultural activities are often at the expense
of tree cover, leading to fragmentation of wildlife habitats and loss of
biodiversity (Phelps, Webb, & Adams, 2012; Sandel & Svenning, 2013;
Strassburg et al., 2010). Mapping of tree cover and monitoring the
changes in tree cover are therefore important for understanding ecolog-
ical processes and devising effective conservation strategies. Remotely
sensed images are a valuable source of data for the mapping of land
cover and monitoring its change over time (Rogan & Chen, 2004).
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er).
Multi-spectral satellite images have been extensively used for
mapping land cover (Hansen & Loveland, 2012). The vertical structure
of forests at a global scale was mapped for the first time using data
from the Geoscience Laser Altimeter System (GLAS) aboard the Ice,
Cloud and land Elevation Satellite (ICESat) in 2010 (Lefsky, 2010), and
improved in 2011 (Simard, Pinto, Fisher, & Baccini, 2011). GLAS foot-
prints are approximately 65 m in diameter, and spaced at 170 m along
track and several kilometres across tracks. Hence, the heights of forest
patcheswhere there are noobservationswere estimated using informa-
tion frommulti-spectral satellite imagery and globally available climate,
elevation, and vegetation cover layers (Lefsky, 2010; Simard et al.,
2011). Global vegetation height maps are therefore interpolated and
inadequate for ecological studies at the local scale because of their low
spatial resolution. Local tree cover and height maps could improve our
understanding of ecological processes and patterns, including habitat
fragmentation and species interactions, carbon sequestration in above-
ground biomass and patterns of biodiversity (Vierling, Vierling, Gould,
Martinuzzi, & Clawges, 2008).

Airborne Laser Scanning (ALS) uses the technique of Light Detection
and Ranging (LiDAR) to estimate the elevations of points on and above
the Earth's surface. The strength of the return signal, often referred to as
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intensity, is also recorded providing an additional attribute of surface
points. Generation of digital terrain models (DTMs) was one of the
first applications of ALS, since laser beams can penetrate through gaps
in vegetation to register points from below trees in forests (Flood,
2001). ALS data are increasingly being used for land cover mapping,
often using elevation as an attribute in addition to spectral information
frommulti-spectral images (Arroyo, Johansen, Armston, & Phinn, 2010;
Koetz, Morsdorf, Van Der Linden, Curt, & Allgöwer, 2008; Singh, Vogler,
Shoemaker, & Meentemeyer, 2012; Yu, Cheng, Ge, & Lu, 2011).

Charaniya, Manduchi, and Lodha (2004) classified ALS data into
trees, grass and building roofs with a classification accuracy of
66%–84%. In their study, the ALS data were interpolated to a regular
grid, and classification was based on normalised height, height varia-
tion, multiple echoes, luminance and intensity. The luminance values
were obtained from an additional grey scale aerial image. Miliaresis
and Kokkas (2007) employed parametric classification and k-means
clustering for the extraction of building and vegetation classes from
LiDARDEMs based on elevation, roughness, mean slope and standard
deviation of the slope of grid cells belonging to a region. Antonarakis,
Richards, and Brasington (2008) used elevation and intensity data
in a method based on the frequency of point distribution to classify
forest types and ages in flood plains.

ALS data have been used for creating digital terrain models
(DTMs) by many countries, including the Netherlands, Denmark and
Switzerland, on a national level, and many states in Germany and the
USA (Hyyppa et al., 2007). If ALS data are collected in leaf-off season,
more points are collected from the ground below trees than would
be possible in leaf-on season, thereby increasing the accuracy of the gen-
erated DTM. Although canopy height and canopy cover estimated using
leaf-off data are less accurate than those estimated using leaf-on data,
for deciduous trees, they are nevertheless useful for mapping land cover
and estimating biomass (Antonarakis et al., 2008; Nord-Larsen &
Schumacher, 2012; Wasser, Day, Chasmer, & Taylor, 2013). Since many
of the estimates are based on normalised elevations, or heights of points
from the ground, improved accuracy of DTMs from leaf-off data could
even be an advantage.

At the individual tree level, and using ALS data at a high point
density, it has been shown that leaf-off data perform better (98%)
Table 1
Description of the LiDAR metrics computed within 10-m cells for the whole of Denmark.

No. LiDAR Metric

1 PTDENS
2 HMIN
3 HMAX
4 HMEAN
5 HSTD
6 HCV
7 CAN1
8 H05PCT
9–17 H10PCT, H20PCT, … H90PCT
18 H95PCT
19–28 P10, P20,… P100

29 STRAT0
30 STRAT1
31 STRAT2
32 STRAT3
33 STRAT4
34 STRAT5
35 STRAT6
36 STRAT7
37 IMEAN
38 ISTD
39 IMEAN1
40 ISTD1
than leaf-on data (90%) for separating spruce from birch and aspen
trees (Ørka, Næsset & Bollandsås, 2010). A Random Forest classifier
from predictors based on height and intensity from points within
individual tree crowns was used to classify spruce and the deciduous
trees. Attributes from full-waveform ALS acquired during leaf-off
season have been shown to separate coniferous and deciduous
trees with an accuracy of 96% (Reitberger, Krzystek, & Stilla, 2008).
Liang, Hyyppä, and Matikainen (2007) used height differences be-
tween first and last echoes to classify coniferous and deciduous trees.

If the information contained in the ALS data points are aggregated in
raster format, they can be made accessible to researchers in other disci-
plines such as environmental modelling (Vierling et al., 2008). Using
ALS data collected for generating DTM for other purposes would allow
sharing costs and lead tomore efficient use of resources. TheALS dataset
collected for the whole of Denmark in 2006–2007 for generating a
national DTM has been used for estimating forest basal area, volume,
aboveground biomass and total biomass in forested plots, which are
part of the Danish National Forest Inventory (NFI) data (Nord-Larsen
& Schumacher, 2012). It was noted that model predictions could be
improved by classification into deciduous and evergreen forests. Here,
we (i) aggregate information contained in discrete-return ALS data
points in 10-m cells and (ii) classify the cells based on height and inten-
sity attributes into pre-defined classes to explore (iii) whether ever-
green and deciduous trees can be classified using low-density discrete
return ALS data alone, and (iv) to generate high-resolution tree cover
and tree height maps covering the whole country and (v) compare
them with global tree height and tree cover maps generated from
satellite-based LiDAR and multispectral data.
2. Methodology

LiDAR metrics, based on height and intensity, were calculated from
the ALS dataset with a pixel size of 10 m. Random forests, an ensemble
classifier which consists of decision trees, was used to classify the cells
into five broad classes: water, open areas, shrubs, trees and buildings.
Trees were further classified into evergreen and deciduous trees, and
the accuracies of the results were evaluated.
Description

Number of points within a 10 m × 10 m cell
Minimum height
Maximum height
Mean height
Standard deviation of heights
Coefficient of variation of heights
Percentage of points above 1 m
5th percentile height
10th, 20th,… 90th percentile height
95th percentile height
Percentage of points within each bin when the
heights are divided into ten bins; P10 is the number
of points between 0 and 10% of maximum height,
P20 between 10% and 20% of maximum height, and so on.
Percentage of points on the ground
Percentage of points N 0 and ≤1 m
Percentage of points N 1 m and ≤2.5 m
Percentage of points N 2.5 m and ≤5 m
Percentage of points N 5 m and ≤10 m
Percentage of points N 10 m and ≤20 m
Percentage of points N 20 m and ≤30 m
Percentage of points N 30 m
Mean intensity
Standard deviation of intensity
Mean intensity of points above 1 m
Standard deviation of intensity of points above 1 m



Fig. 1. Themean intensity of all ALS points (IMEAN)within 10-m cells derived from country-wide ALS data collected for thewhole of Denmark in 2006–07. (A) The flight strips showing the periods in which the data were collected (B). The variations
in IMEAN seem to be related to the dates of data collection.
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Fig. 2. A decision tree generated using all the variables, within 10-m cells derived from country-wide ALS data collected for the whole of Denmark in 2006–07, and the whole training dataset.
500 decision trees were generated using random subsets of the variables and the training dataset, and the class with the maximum number of votes from the individual decision trees was
assigned to each data point in the Random Forest classifier. PTDENS—Number of points within a 10m× 10m cell; HMIN—Minimum height; HMAX—Maximum height; HCV— Coefficient
of variation of heights; CAN1— Percentage of points above 1m; H20PCT— 20th percentile height; P70— Percentage of points between 60% of HMAX and 70% of HMAX; P80— Percentage of
points between70%ofHMAXand80% ofHMAX; P100— Percentage of points between90% ofHMAXand100% ofHMAX; STRAT5— Percentage of points N 10mand b=20m; IMEAN—Mean
intensity; ISTD— Standard deviation of intensity; IMEAN1—Mean intensity of points above 1m; DECID—Deciduous Trees; EVERG— Evergreen Trees; BLDGS— Buildings. The percentages of
points of each class classified at each node are also shown.
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2.1. Study area

The study area included the whole of Denmark, except the island of
Bornholm, which is not a geographically contiguous part of Denmark,
and for which data were not available. Forest cover in Denmark has
increased from 2 to 3% of the total area in the 1800s to more than 14%.
Non-native coniferous tree species in even-aged monocultures often
dominate planted stands, since the main purpose has been the produc-
tion of timber. These plantations often have limited value for the protec-
tion of biological diversity and for recreational use. Only 36.8% of the
forests are deciduous, although this has been increasing over the past
few decades due to political and financial incentives (Naturstyrelsen,
2002).
Fig. 3. Estimated importance of the 40 variables, within 10-m cells derived from country-
wide ALS data collected for thewhole of Denmark in 2006–07, used for the Random Forest
classification. The estimates are based on the observations that are not used for generating
the classifier, or are out-of-bag, for each decision tree in the ensemble.
2.2. Datasets

Country-wide ALS data for Denmark were collected in 2006–07 by
COWI A/S using an Optech ALTM 3100 airborne laser scanner. The
data were captured from an average altitude of 1.6 km providing a
footprint diameter of 50 cm at nadir (directly below the aircraft).
The maximum scanning angle was 24°, with a horizontal accuracy of
80 cm and a vertical accuracy of 10 cm (Cowi, 2007). The point density
was approximately 1.5 m−2 including points from overlapping areas of
adjacent flight paths.

Under the Coordination of Information on the Environment
(CORINE) programme of the European Union, land cover maps
have been generated by the member countries. CORINE Land Cover
(CLC) data for the year 2006 are available for most areas of Europe,
including Denmark. These data are available in vector format, as
well as raster format at pixel sizes of 100 m and 250 m. Kort10 is a
vector topographic map produced by the Danish Geodata Agency–
Kort & Matrikelstyrelsen (KMS) at a scale of 1:10,000. Object types
are divided into seven categories including buildings. CLC2006 at
100 m pixel size, the building, forest, windmills and high-voltage
masts layers in Kort10 and ortho-rectified aerial photographs captured
in 2006 were used for visual analysis, for refining the results and for
evaluating the accuracy of the land cover classification. The MODerate-

image of Fig.�2
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Fig. 4. Land covermap generated using 40 variables, within 10-mcells derived from country-wide ALS data collected for thewhole of Denmark in 2006–07, in the Random Forest classifier.
Buildings smaller than 100 m2 were likely to be misclassified as trees. Clear water with no ALS echoes was correctly classified, while turbid water or water with algal growth was
misclassified as open areas.
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resolution Imaging Spectroradiometer (MODIS) Vegetation Continuous
Fields (VCF) Tree Cover dataset was used for comparison with the tree
cover map, and a global tree height map derived from ICESat data
(Simard et al., 2011) was used for comparison with the tree height map
generated from these national-scale ALS data.

2.3. Pre-processing

The ALS dataset in LAS format was classified in TerraScan software
by COWI A/S, and a DTM at a pixel size of 2 m was generated
from the points classified as ground, using SCALGO software version
1.1.0. The x, y and z coordinates, and intensity of each point in
the LAS files were read into MATLAB. The elevation (z coordinate)
values were subtracted from the DTM to derive normalised eleva-
tion values, which were used for all further computations using ele-
vation. All the datasets were projected in the UTM 32 N coordinate
system.

2.4. Computation of LiDAR metrics

ALS point data, with x, y and z coordinates, and intensity as attri-
butes, are difficult to use directly in statistical models due to their
large data volume. The information contained in the point cloud is
therefore often synthesised into various metrics. LiDAR metrics are
essentially descriptive statistics of ALS data at suitable spatial resolu-
tions (Zhao, Popescu, Meng, Pang, & Agca, 2011). A very large number
of statistical measures are theoretically possible, and previous studies
have used different sets of LiDAR metrics to characterise vegetation
structure and to predict habitat suitability (Hudak, Crookston, Evans,
Hall, & Falkowski, 2008; Jaskierniak, Lane, Robinson, & Lucieer, 2011;
Lesak et al., 2011). Here, 40 LiDAR metrics (Table 1) were computed
within 10-m cells.

Point density is the number of points within a 10 m × 10 m cell.
When there are no points within a cell, it could either indicate the
presence of clear water, or in some cases areas from where the data
were not captured. Minimum height could be useful in detecting build-
ings since all points in the cell would be above a certain height, say
2.5 m, considering the height of a habitable room. Maximum height
could separate trees from very tall buildings, and also windmills in the
case of Denmark. Mean, standard deviation and coefficient of variation
of heights could be useful in distinguishing vegetation with different
heights and shapes. Percentage of points above 1 m could indicate
woody vegetation cover in semi-open habitats.

Percentile heights have been shown to be useful for describing the
vertical distribution of vegetation. 95th percentile of heights was
found to be the most useful parameter for estimating woody biomass
in small forest stands (Estornell, Ruiz, Velázquez-Martí, & Fernández-
Sarría, 2011). Percentage of points in ten equal height bins could be useful

image of Fig.�4


Fig. 5.A subset of the land covermap generated using 40 variables,within 10-m cells derived from country-wideALS data collected for thewhole of Denmark in 2006–07, in the RandomForest
classifier. (A). Same map with the building and water layers in Kort10, a vector topographic map of Denmark produced by the Danish Geodata Agency, overlayed for comparison (B).
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Table 2
Percentage of cells in each land cover class in a 10 km × 10 km area classified using the Random Forest classifier. Values are shown for different coverage of buildings at intervals of 10%.

1–10% 11–20% 21–30% 31–40% 41–50% 51–60% 61–70% 71–80% 81–90% 91–100%

Water 0.00 0.00 0.00 0.00 0.00 0.03 0.02 0.01 0.02 0.06
Open areas 3.74 0.29 0.17 0.11 0.09 0.03 0.04 0.03 0.02 0.00
Shrubs 1 3.73 0.29 0.15 0.08 0.07 0.03 0.01 0.01 0.00 0.00
Shrubs 2 13.05 3.49 1.70 0.90 0.54 0.34 0.16 0.16 0.06 0.00
Shrubs 3 3.66 1.06 0.48 0.20 0.04 0.02 0.00 0.00 0.00 0.00
Evergreen trees 53.70 67.65 72.45 79.19 87.40 91.93 93.22 92.23 88.01 41.91
Deciduous trees 21.95 26.99 24.76 18.93 10.94 5.91 3.19 1.38 0.59 0.04
Buildings 0.17 0.24 0.29 0.58 0.91 1.72 3.37 6.18 11.29 57.99
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in classifying forest stands with similar tree species, but with different
heights, based on the architecture of different tree species (Reitberger
et al., 2008). Percentage of points in different height intervals could be
useful in classifying land cover. STRAT0 (percentage of ground points)
and STRAT2 (percentage of points N 1 m and ≤2.5 m) were two
among the three predictor variables included in a model for predicting
the presence or absence of understory shrub in a mixed-conifer forest
(Martinuzzi et al., 2009).

Intensity of ALS point data is an attribute that is still not straightfor-
ward to interpret (Morsdorf, Marell, Rigolot, & Allgöwer, 2009). There
have been attempts to calibrate full-waveform ALS data (Höfle &
Pfeifer, 2007;Wagner et al., 2008), which is not possible with the limit-
ed information available from discrete-return ALS data. Even with this
significant drawback, the intensity information from discrete return
ALS data has been found to be useful in small relatively flat areas. So,
statistical measures from intensity data were also included in this
study. Mean and standard deviation of intensity could be useful in sepa-
rating areas with similar heights, but with different surface material.
Mean and standard deviation of intensity of points above 1 m could be
useful in separating trees of different species, or buildingswith different
roofing material.

2.5. Classification of land cover

2.5.1. Classes and training data
The Level 1 classes in CLC2006 include artificial areas, agricultural

areas, forest and semi-natural areas, wetlands and water bodies. We
classified ALS data using LiDAR metrics based on height and intensity
within 10-m cells into: (i) water bodies; (ii) open areas including
asphalt and grass-covered surfaces; (iii) areas covered by shrubs and
trees shorter than 3m; (iv) areaswith tree cover; and (v) building roofs.

Since one of the objectives of this study was to explore whether
evergreen and deciduous trees could be distinguished on a national
scale, these were added as the two sub-classes of areas with tree
cover. There were therefore six classes in all including the sub-classes.
Training data were created only for five classes, excluding the areas
covered by shrubs and short trees, since this was re-classified from
open and forest areas based on height, making use of the layers in
Kort10, aerial photographs and information about height from ALS
data. For buildings, only cells thatwere completely occupied by building
roofs were selected. Mixed pixels containing both building and ground,
or building and shrubs or trees,were not selected as training data. Train-
ing data were created based on two 10 km × 10 km tiles. The first tile
Table 3
Comparison of evergreen and deciduous trees classified using the Random Forest classifier wit

Classification using Random Forest

Reference Evergreen Deciduo
Evergreen 145
Deciduous 13 1
Other 0
Total 158 1
User's accuracy (%) 91.8 9
with 490000 and 6110000 as coordinates of the lower left corner (llc)
was an area with evergreen and deciduous stands, as well as buildings.
However, since none of the buildings were very tall, building cells were
also selected from another tile in an urban area (Aarhus), with 570000
and 6220000 as coordinates of the llc.

2.5.2. Classification using Random Forest
Decision trees have been found to work well with land cover classi-

fications using ALS data (Ducic, Hollaus, Ullrich, Wagner, & Melzer,
2006; Hyyppa et al., 2007; Matikainen, Kaartinen, & Hyyppa, 2007;
Rutzinger, Höfle, Hollaus, & Pfeifer, 2008). A decision tree can handle
high-dimensional data, and is appropriate for exploratory knowledge
discovery. It automatically selects the most useful attributes from a
large number of attributes given as input, and is easy to understand.
Some algorithms for generating decision trees, such as the Classification
and Regression Trees (CART) algorithm developed by (Breiman,
Friedman, Stone, & Olshen, 1984), produce binary trees where each
internal node branches into exactly two other nodes. A decision
tree that is automatically generated by the classifier can over-fit
the training data (Han & Kamber, 2006).

Ensemble methods use multiple models to obtain better predictive
power than a single model. Bootstrap aggregating, or bagging, is a
type of ensemble where eachmodel has a vote of equal weight. Bagging
trains the classifier using a randomly selected subset of the training
dataset. Random Forest, which makes use of a number of decision
trees, achieves higher accuracies than individual decision trees by
combining them through bagging (Breiman, 1996). The Random Forest
algorithm implemented inMATLABwas used for generating a classifier.
In the TreeBagger function inMATLAB, the number of predictor variables
chosen at random to generate the decision trees can be specified.When
a number lower than the total is specified, the Random Forest algorithm
is used. The square root of the total number of predictor variables was
used in this study to generate each decision tree as it was reported to
provide good results (Strobl, Malley, & Tutz, 2009).

A Random Forest classifier, based on 500 decision trees, was gener-
ated based on five classes – water [1], open areas [2], evergreen trees
[41], deciduous trees [42] and buildings [5] – based on the training
data. Since open areas and areas covered with shrubs and short trees
were separated based on heights, the cells classified as open areas
with 95th percentile height greater than 0.3 m were re-classified as
shrubs [30]. The cells classified as evergreen and deciduous trees with
height less than 3 m were re-classified as evergreen shrubs and short
trees [31] and deciduous shrubs and short trees [32], respectively. The
h the true classes.

us Buildings Total Producer's accuracy (%)
3 2 150 96.7

36 1 150 90.7
0 0 0 N/A

39 3
7.8 N/A Overall Accuracy = 93.7
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influence of outliers was reduced by using 95th percentile height
instead of maximum height. Since ALS data with wavelengths in
the near infrared region are not usually captured from clear water,
Fig. 6. A subset of the land cover map generated using 40 variables, within 10-m cells derived fr
Forest classifier showing an areawhere deciduous treesweremisclassified (A–C), and onewher
trees are a brighter red than the evergreen trees. In the classifiedmaps (B & E), the red dots repr
areas in light green were classified as deciduous and the area in dark green as evergreen, by the
intensity of points above 1 m (IMEAN1; C & F), it can be seen that when deciduous trees were
decision tree, i.e., deciduous trees had higher mean intensities, represented as lighter shades of
the cells with no points (PTDENS = 0) were re-classified as water.
The classification was thus a combination of Random Forest and
knowledge-based classifications.
om country-wide ALS data collected for thewhole of Denmark in 2006–07, in the Random
e theywere correctly classified (D–F). In the ortho-rectified images (A& D), the deciduous
esent deciduous trees and yellowdots represent evergreen trees in the validation data. The
Random Forest classifier. All the other areas are in grey. In the images showing the mean
classified as evergreen, the intensity metric for the classes did not follow the rule in the
grey, than evergreen trees (C), since the data in this case were collected in leaf-on season.

image of Fig.�6


Fig. 6 (continued).
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2.5.3. Validation of the classification
Several datasets from other sources were used for validation since

reference data were not collected specially for this study. The building
layer in Kort10 for a 10 km × 10 km area in Copenhagen (llc: 720000E
and 6170000 N), the capital of Denmark and the biggest city, was
used to validate the classification of building roofs in this study. The
building polygons were converted to a binary raster at a pixel size of
1 m. This was then aggregated to a raster at 10-m pixel size with the
number of building cells as the attributes. Since minor differences in
the locations and presence of buildings were noticed between the two
datasets, only cells with heights above 2.5 m in the normalised DSM
were selected as building cells. The 10-m cells were assigned values
from 0 to 100 depending on the number of 1 m building cells within
them. So, if all 100 cells within a 10-m cell had a value of 1, the 10-m
cell would have a value of 100, indicating that the 10-m cell fully
represented a building roof.

Evergreen and deciduous trees have different spectral reflectance,
especially in the near infrared range, and can be visually distinguished
in the ortho-rectified aerial images. True colour (R–G–B) images were
available for 2006, and false colour (NIR–R–G) images for 2010.
Validation data for evergreen and deciduous trees were generated
using aerial images from 2006 to 2010 within a 60 km wide strip
across the Central Jutland Region, selected because it is known to
cover most wild as well as commonly planted tree species found in
Denmark, with both evergreen and deciduous trees.
Table 4
Comparison of classifications of trees in CLC2006 and using the RandomForest classifier. Data in
collected in September and October 2006.

Random Forest classifier— Area 1

Deciduous Evergreen

CLC2006 Broad-leaved 70.0 3.9
Coniferous 3.5 73.3
Mixed 28.9 28.4
CLC2006 is the only seamless land cover map, including classifi-
cation of trees, available for Denmark. Definitions of forest vary:
the United Nations Food and Agricultural Organization (UNFAO)
defines forest as “land spanning more than 0.5 ha with trees higher
than 5m and a canopy cover of more than 10%, or trees able to reach
these thresholds in situ. It does not include land that is predomi-
nantly under agricultural or urban land use” (Nord-Larsen,
Bastrup-Birk, & Johannsen, 2010). In CLC2006, forests are classified
as broad-leaved or coniferous if more than 75% of a forest is covered
by one of these forest types. Otherwise, they are classified as mixed
forest.

The urban areas were masked out using the cells classified as urban
areas in CLC2006. The remaining 10-m cells were aggregated to 100-m
cells and classified as forest if 10 or more cells were classified as
evergreen or deciduous trees. The 100-m forest cells were re-classified
as evergreen, deciduous or mixed based on the percentage of evergreen
or deciduous tree cells. These were then compared with to the forest
classes in CLC2006.

2.5.4. Generation of tree cover and height maps
A binary tree raster was generated from the 10-m cells classified

as evergreen and deciduous trees. The misclassifications of wind-
mills and high voltage masts as trees were corrected using the re-
spective layers in Kort10. Buffers of 20 m were generated for these
point locations, converted to rasters with a pixel size of 10 m and
Area 1were collected inMarch 2007 similar to the training data, while data in Area 2were

Random Forest classifier— Area 2

Mixed Deciduous Evergreen Mixed

26.1 0 99.3 0.7
23.2 0.1 99.0 0.9
42.7 0 98.8 1.2



Fig. 7.A subset of the ALS-based intensitymap generated using themean intensity of all ALS points (IMEAN)within 10-m cells derived from country-wide ALS data collected for thewhole
ofDenmark in 2006–07. There are variations in IMEANamong the various flight strips. The areaswith highermean intensities seem to correspondwith areaswith highermisclassifications
of deciduous trees as evergreen trees. The misclassifications are shown in red, while the correctly classified cells are shown in green.
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used to mask out these areas in the tree raster to generate the tree
cover map. Trees outside forests have important economic, social
and environmental implications at different scales, and are impor-
tant for integrated land management. However, these resources are
Table 5
Land cover inside and outside the areas designated as forests in Kort10. The areas were
estimated after buildings, windmills and high voltage masts were masked out.

Land cover inside forests (Ha) Land cover outside forests (Ha)

Water 242 6607
Open areas 44,293 2,562,590
Shrubs 1 28,873 124,614
Shrubs 2 14,090 19,725
Shrubs 3 8465 19,932
Evergreen trees 299,390 78,130
Deciduous trees 183,386 118,354
Buildings 1773 499
often overlooked in public policy and decision-making (Foresta
et al., 2013). The tree cover inside and outside forests were therefore
compared.

The MODIS VCF Tree Cover is a global dataset for the percentage
of tree cover within 250-m cells. Quantitative error estimates of
MODIS VCF data are quite limited although they are often used for
a range of global and regional-scale assessments (Sexton et al.,
2013). The tree cover raster generated from ALS data was converted
to polygons and the percentage of tree cover within each cell in the
MODIS VCF Tree Cover dataset was computed for comparing the
two.

The tree cover map generated from ALS data was used to select cells
in the 95th percentile height raster to generate the tree heightmap. The
tree heights were compared with the values in the latest global vegeta-
tion height map (Simard et al., 2011). The global map with a resolution
of 30-arc seconds was re-projected and resampled to 10-m for the
comparison.

image of Fig.�7


Fig. 8.A subset of the land covermap generatedusing 40variables, within 10-m cells derived from country-wideALS data collected for thewhole ofDenmark in2006–07, showing only the
pixels classified as trees. Comparison of mapped tree cover using the Random Forest classifier (A) with areas designated as forests in Kort10, a vector topographic map of Denmark
produced by the Danish Geodata Agency (B). An ortho-rectified CIR image of the area is also shown (C).
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3. Results

3.1. LiDAR metrics

All the 40 LiDAR metrics were computed for the whole of Denmark.
The mean intensity (IMEAN) is a metric that is highly dependent
on flight parameters such as range and scan angle, as well as the laser
scanner used for capturing data. There are variations in the intensity
metric over the whole area, which seem to correspond to the dates of
data capture (Fig. 1).

3.2. Random Forest classification

Since the Random Forest classification was based on 500 decision
trees, a single decision tree (Fig. 2) based on all the attributes was
generated to understand the data partitioning.

image of Fig.�8


Fig. 9. Comparison of the percentage of tree cover fromMODIS Vegetation Continuous Fields (VCF) and the estimate of tree cover using ALS data, based on a land covermap generated using 40 variables, within 10-m cells derived from country-wide
ALS data collected for the whole of Denmark in 2006–07, in the Random Forest classifier. The 1:1 line is also shown.
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Fig. 10. Tree height map generated from tree cover map, based on the Random Forest classification of 40 ALS-based metrics, and the 95th percentile of heights of ALS points within 10-m cells derived from country-wide ALS data collected for the
whole of Denmark in 2006–07 (A). The tree height map based on ALS data (B) broadly corresponds with the global tree height map generated by Simard et al. (2011) (C).
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Fig. 10 (continued).
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In this decision tree, water was classified based on minimum height
and point density, while open areas were classified based on minimum
height, point density and the percentage of points above 1 m.

Buildings were broadly separated from trees based on theminimum
height, since no points are usually acquired from below building roofs.
In the decision tree, if there were points below 2.3 m, the cells were
classified as water, open areas or trees. The trees were further classified
into evergreen and deciduous based on the mean intensity of points
above 1 m from the ground. A threshold of 34.4 separated the two
classes with deciduous trees having lower mean intensities than
evergreen trees (Fig. 2).

Minimum height, point density and the mean intensity of points
above 1 m were the most important attributes for separating the
different classes in the Random Forest classifier (Fig. 3). Although
500 decision trees were used to generate the ensemble, the probability
of misclassification dropped to .01 and remained more or less constant
after the number of trees reached 50.

Buildings smaller than 100 m2 were likely to be misclassified as
trees. Clearwaterwith no ALS echoeswas correctly classified,while tur-
bid water or water with algal growth was misclassified as open areas
(Figs. 4 & 5).
3.3. Buildings and trees

Buildings and trees with no points below 2.3 m were more difficult
to separate than the other classes. Out of the 19 nodes in the decision
tree, 15 nodes and 10 attributes were needed to separate buildings
from evergreen trees. In the 10 km × 10 km area used for validation,
86% of the cells completely covered by buildings were correctly
classified, while 14% were classified as evergreen trees. None of the
cellswith 100% coverage by buildingswere classified as deciduous trees.

Cells with 1 to 10% coverage by buildings were more likely to be
classified as evergreen trees and shrubs (66.8%) or deciduous trees
and shrubs (25.6%). The likelihood of being classified as buildings
increased with increasing building coverage, and 58% of the cells with
building coverage of 91 to 100% were classified as buildings (Table 2).
3.4. Classification of evergreen and deciduous trees

Considering only the forest class, the Random Forest classifier was
successful in classifying trees into evergreen and deciduous with an
overall accuracy of 93.7% (Table 3) using validation data from across
Central Jutland. They were only classified as buildings in 2% of the
cases. When deciduous trees were classified as evergreen, it was seen
that the intensity metric for the classes did not follow the rule in the
decision tree, i.e., deciduous trees had higher mean intensities than
evergreen trees (Fig. 6), since the data in these cases were often collected
in leaf-on season.

Forests were classified as broad-leaved, coniferous or mixed in
CLC2006, while in our study treeswere classified as deciduous, evergreen
or mixed. In Denmark, essentially all broadleaved trees are deciduous,
while most coniferous trees are evergreen (with exotic Larix spp. as the
main exception); hence, the two classifications should broadly coincide.
In an area where data were captured around March 2007, similar to the
training data, 73.3% of the cells classified as coniferous and 70% of those
classified as broad-leaved in CLC2006 were classified as evergreen and
deciduous, respectively, using the Random Forest classifier (Table 4).
However, in another area with data collected in September and October



Fig. 11. Comparison of tree heights from the global tree heightmap generated by Simard et al. (2011) and the ALS-based tree heightmap for Denmark. The tree heightmapwas generated
from tree covermap, based on the Random Forest classification of 40 ALS-basedmetrics, and the 95th percentile of heights of ALS points within 10-m cells derived from country-wide ALS
data collected for the whole of Denmark in 2006–07. The 1:1 line is also shown.
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2006, 99% of the coniferous cells, but only 0.02% of the broad-leaved cells
in CLC2006 were similarly classified using our classifier.

On visual analysis, themisclassification of deciduous trees compared
to CLC2006wasmore pronounced in the areaswhere themean intensi-
ties were higher (Fig. 7).

3.5. Estimation of tree cover

Evergreen and deciduous trees covered 679,260 ha of the study area
when buildings, windmills and high voltage masts were masked out.
Out of this, 29% were outside the areas designated as forests in Kort10
(Table 5). These included urban tree cover as well as hedge rows in
agricultural areas (Fig. 8).

MODIS VCF Tree Cover values are higher at low cover and lower at
high cover compared to the percentage of tree cover computed from
ALS data (Fig. 9). The root–mean–square (RMS) deviation between
the two estimates was 18.3%.

3.6. Estimation of tree heights

The tree height map (Fig. 10) broadly corresponded with the global
tree height map (Simard et al., 2011) although there were variations in
estimated heights due to their different scales and sources of data
(Fig. 11).

4. Discussion

ALS provides an advantage compared to other remote sensing tech-
niques for mapping land cover due to the possibility of generating
three-dimensional vegetation maps. The ALS dataset used in this study
was acquired for the specific purpose of generating a national DTM for
Denmark. The data were captured in the leaf-off seasons in spring
2006 and from autumn to spring 2007 (COWI, 2007). The different
dates and seasons of data capture seem to have caused the variations
in mean ALS return intensities estimated across the study region.
Although this need not affect the quality of the generated DTM, it
reduces the extent of its use in other applications such as vegetation
studies. Intensity of ALS points is of limited use unless they are calibrat-
ed based on range and scanning angle. The additional information
required for calibrating intensity is not usually available for discrete-
return ALS data.
ALS data at a density higher than or equal to 1 point m−2 have been
successfully used for classifying buildings in urban areas (Morgan &
Tempfli, 2000). Even at these point densities, however, there is difficulty
in separating trees and building edges, orwhere there are height chang-
es within buildings. The pixel size of 10 m used in this study was not
useful in separating trees from buildings, except when a 10 m × 10 m
cell was completely covered by buildings. The Kort10 dataset was
used for masking out the cells which contained buildings for estimating
tree cover. However, the polygons in the building layer were created
during 1996–2012, and need not reflect the specific conditions in
2006–07.

As pointed out earlier, there are usually very few data points from
clear water. When the water is turbid or rough, or has algal or plant
growth, echoes are captured from water, and it can be difficult to sepa-
rate water from open areas. Since it was difficult to classify water with
the information from ALS data alone, the estimated open areas include
roads, paved areas, ground with and without low vegetation, and
water bodies. Although it has been shown that it is possible to separate
road and grass to a certain extent using the intensity attribute, itwas not
attempted in this study as the main aim was to map tree cover. There
are sudden changes in estimated land cover in some areas where flight
strips overlap, which ismore evident in open areas and shrubs [30] than
where there are trees.

The MODIS VCF Tree Cover dataset was created to better represent
within-class heterogeneity which was missing in the categorical
approach to mapping tree cover. However, the resolution of these
global datasets available from 2000–2010 is 250 m, which may be
inadequate to describe land cover changes in patches below its
resolution. Sexton et al. (2013) evaluated MODIS VCF data using
ALS data for one site in Costa Rica and three sites in USA and noted
that MODIS values had positive bias at low cover and negative bias
at high cover compared to ALS values. This is consistent with our
findings (Fig. 9).

MODIS VCF was one of the datasets used for generating the global
tree height map (Simard et al., 2011) which was used for comparing
the tree height map based on ALS data from our study. Errors in the
MODISVCFdatawould therefore have an effect on the global tree height
estimates. In previous studies (Hansen, Defries, Townshend, Marufu, &
Sohlberg, 2002; Heiskanen, 2008; Montesano et al., 2009; White,
Shaw, & Ramsey, 2005; Xiao-Peng et al., 2011) comparing MODIS VCF
data with field and remotely sensed estimates, the RMS error was
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10–31%. Sexton et al. (2013) found that the estimates of MODIS VCF
and ALS-based estimates differed by 16.83%. Our result shows an
RMS deviation of 18.3% and is consistent with the findings of these
studies.

Forests, as defined by UNFAO, have trees with height above 5m. ALS
data underestimates canopy height, and this underestimation is greater
for leaf-off data. In areas with both deciduous and evergreen trees, this
underestimation was approximately 2 m (Wasser et al., 2013). Hence,
it was thought to be reasonable to adopt 3 m as the threshold for the
classification of trees.

The tree cover map was refined to exclude areas occupied by wind-
mills and high voltage masts. The layers in Kort10 were used for this
purpose. Even after these corrections, there were windmills and towers
that were not masked out apart from other outliers in the height data.
Only the cells with their centres within the building polygons were
classified as buildings. This also introduced a few errors in the tree
height map.

The ALS-based tree heights were generally lower than the global
estimates of tree height with an RMS deviation of 5.1 m. In the
global tree height map (Simard et al., 2011), the heights were
modelled based on the distance from the signal start to the peak
representing ground for each laser shot, which corresponded to
maximum canopy height. Since the tree heights in our study were
based on 95th percentile heights, this could have contributed to
this deviation.

It has been noted that themodelled values in the global map have an
RMSError N 6m,with overestimation at heights less than approximate-
ly 25 m and underestimation for taller forest stands (Simard et al.,
2011). Since the ALS-based median heights were lower than 25 m, the
deviation from the global map could be due to overestimation rather
than the differences in computation methods. There were fewer than
50 cells with height more than 42 m. These heights also corresponded
to less than 10 cells in the global tree height map. Hence, the cells
with height above 42 m were not included in the final tree height
map, although there could be a few of these which could have been
correctly identified.

5. Conclusion

ALS has the unique advantage over other remote sensing techniques
for mapping vegetation cover that it provides information about the
three-dimensional structure of vegetation and buildings. It could even
be financially viable if data collected for a specific purpose could be
used for other applications. For example, as we show here, ALS data
acquired for the generation of DTMs could be used for the mapping
and monitoring of vegetation structure. Although leaf-on data pro-
vide better estimations of heights for deciduous trees, ALS data col-
lected during leaf-off season are preferred for generating a DTM.
The mean intensities from deciduous tree canopies are lower than
those from evergreen canopies during leaf-off season owing to the
echoes being largely from parts of branches rather than from sur-
faces of leaves. This makes intensity a useful attribute for classifying
evergreen and deciduous trees, if data over the whole region is
collected within a short time, or at least within the same season,
and the values are calibrated.
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