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ABSTRACT

Highly accurate, rapid forest inventory techniques are needed to
enable forest managers to address the increasing demand for sus-
tainable forestry. In the last two decades, Airborne Laser Scanning
(ALS) and Terrestrial Laser Scanning have become internationally
established as forest mapping and monitoring methods. However,
recent advances in sensors and in image processing – particularly
Structure from Motion (SfM) technology – have also enabled the
extraction of dense point clouds from images obtained by Digital
Aerial Photography (DAP). DAP is cheaper than ALS, especially when
the systems are mounted on small unmanned aerial vehicles (UAVs),
and the density of the point cloud can easily reach the levels yielded
by ALS devices. The main objective of this study was to evaluate and
compare the usefulness of ALS-derived and UAV(SfM)-derived high-
density point clouds for detecting and measuring individual tree
height in Eucalyptus spp. plantations established on complex terrain.
A total of 325 reference trees were measured and located in 6 square
plots (400 m2). The individual tree crown (ITC) delineation algorithm
detected 311 from the ALS-derived data and 259 trees from the UAV
(SfM)-derived data, representing accuracy levels of, respectively, 96%
and 80%. The results suggest that at plot level, UAV(SfM)-generated
point clouds are as good as ALS-derived point clouds for estimating
individual tree height. Furthermore, analysis of the differences in
digital elevation models at landscape level showed that the eleva-
tions of the UAV(SfM)-derived terrain surfaces were slightly higher
than the ALS-derived surfaces (mean difference, 1.14 m and standard
deviation, 1.93 m). Finally, we discuss how non-optimal UAV-image-
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acquisition conditions and slope terrain affect the ITC delineation
process.

1. Introduction

The availability of accurate information on forest resources has a decisive impact on
decision-making processes in forest and timber management. Forest inventory data are
used to determine the current state of the forest and future projections, and they also
allow correct allocation of forest stocks in both spatial and temporal dimensions. Most
management decisions require precise knowledge about forest structure.

In the past two decades, airborne laser scanning (ALS) has become the preferred remote-
sensing technique for individual tree crown (ITC) delineation, mainly because it can quickly
provide highly accurate and spatially detailed information about forest attributes across an
entire forested landscape (Hyyppä and Inkinen 1999; Lim et al. 2003). ALS technology, also
referred to as airborne lidar (light detection and ranging), combines accurate distance
measurements with laser light, Global Navigation Satellite System (GNSS) positioning and
precise orientation with an inertial measurement unit (IMU). The technology enables
acquisition of spatially accurate three-dimensional (3D) point clouds that represent the
shape of the scanned objects. The use of ALS-derived point clouds has proved to be an
accurate means of determining forest canopy structure (e.g. Lim et al. 2003).

The photogrammetry has long been used for assessing forest resources (Durrieu et al.
2015), and for example, photogrammetry-based 3D measurements of tree height have
been conducted since the 1940s (see Korpela 2004). Use of stereophotogrammetry and
detection of common points (e.g. a tree top) on at least two images enables the 3D
coordinates (XYZ) to be defined. However, advances in sensor technology and image
processing have led to generation of dense Digital Aerial Photography (DAP)-based
point clouds of similar densities to those provided by ALS. The DAP-based point clouds
are generated using automatic image matching algorithms, e.g. by semi-global match-
ing (Hirschmuller 2005). The density of the final point cloud depends on the image
resolution and the matching algorithm used (Baltsavias et al. 2008; St-Onge et al. 2008;
White et al. 2013). In the field of forestry, DAP-based point clouds can be used to predict
forest stand attributes in the same way as ALS-based point clouds (Bohlin, Wallerman,
and Fransson 2012; Vastaranta et al. 2013; Rahlf et al. 2014; Holopainen et al. 2015; Puliti,
Gobakken et al. 2017). Nowadays, researchers use Structure from Motion (SfM) and
multi-view stereopsis techniques to process large amounts of imaging data. Unlike
traditional DAP-based methods, these techniques do not require information about
the position of the camera or multiple control points (Westoby et al. 2012; Tomaštík
et al. 2017). Thus, SfM enables the rapid extraction of 3D information from unmanned
aerial vehicle (UAV) flights based on feature matching with overlapping images (Fritz,
Kattenborn, and Koch 2013; Zarco-Tejada et al. 2014; Díaz-Varela et al. 2015).

Two main methods of assessing forest attributes by using ALS and DAP data can be
distinguished. The area-based approach (ABA) provides various statistical features to
describe the canopy structure on the basis of the 3D point clouds coordinates. Low-
density ALS data (<1 point m−2) are typically used in the ABA approach (Naesset 1997;
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Næsset 2002; Guerra-Hernández et al. 2016). The second approach, referred to as the
individual tree-based approach, is based on ITC delineation and usually uses more dense
ALS point clouds (>5 point m−2) than ABA (Hyyppä et al. 2008). This method is based on
the identification of those points in the cloud that correspond to and represent each ITC
so that individual tree level features can then be derived from the trees detected
(Hyyppä and Inkinen 1999; González-Ferreiro et al. 2013; Díaz-Varela et al. 2015;
Guerra-Hernández et al. 2017).

The use of UAVs to acquire ALS- and DAP-derived images has increased greatly
during the past five years (Wallace et al. 2012; Lisein et al. 2013; Wallace et al. 2016;
Jaakkola et al. 2017). Advances in UAV technology and data processing methods have
made it feasible to obtain high-resolution imagery and 3D data that can be used for
forest monitoring and for assessing tree attributes (Dandois and Ellis 2010; Lisein et al.
2013; Dandois, Olano, and Ellis 2015; Puliti et al. 2015). The use of light UAVs (drones)
equipped with inexpensive consumer grade cameras has recently emerged as a feasible
option for monitoring forest structure, especially because of the low cost and opera-
tional flexibility of the systems (Goodbody, Coops, Hermosilla et al. 2017; Puliti, Ene et al.
2017; Guerra-Hernández et al. 2017). Recent scientific studies have demonstrated the
increasing capacity of user-friendly, versatile, and inexpensive UAVs for measuring tree
height and biomass growth in the short term, thus leading to novel practical applica-
tions in forestry and research (Goodbody, Coops, Marshall et al. 2017; Dempewolf et al.
2017; Jiménez-Brenes et al. 2017; Guerra-Hernández et al. 2017).

In terms of forest resource assessment, there are strengths and weaknesses in the
collection of both ALS- and DAP-based data (White et al. 2013, 2015, 2016). Although highly
dependent on the data density, the cost of acquiring DAP data is between approximately a
third and a half of the cost of acquiring ALS data (Nurminen et al. 2013; White et al. 2013;
Holopainen et al. 2015). DAP-derived images might also provide additional high-resolution
spectral information and can be used together with the extracted point cloud, e.g. for
species classification (Ahmed et al. 2017; Franklin and Ahmed 2017). Recent developments
in image processing have made it possible to generate point clouds of sufficiently high
density for ITC delineation, by using UAV-based DAP combined with ALS-derived DEMs in
densely forested areas (Goodbody, Coops, Marshall et al. 2017b) or by using only the DEM
directly derived from UAV-based DAP in open canopy areas (Jensen and Mathews 2016;
Guerra-Hernández et al. 2017; Kachamba et al. 2017). Nevertheless, UAV-based DAP has
several limitations: (1) fewer flying hours per day are possible than with ALS, which is
insensitive to shadows of clouds (White et al. 2013); (2) the images are strongly influenced
by atmospheric conditions, solar illumination, and view angles (Sun, surface, and sensor
geometry); occlusions caused by shadows are particular problematic for generation of
image-based point clouds in dense forest canopies (Baltsavias 1999; Laliberte et al. 2010;
Ke and Quackenbush 2011; Dandois, Olano, and Ellis 2015; Simic Milas et al. 2017), and (3)
the low capacity to generate accurate DEMs under vegetation canopy, which is one of the
most commonly cited drawbacks of DAP-based point clouds (White et al. 2015).

In recent years, UAV-based forestry applications of both ALS and DAP have increased
(Torresan et al. 2017; Thiel and Schmullius 2017; Bonnet, Lisein, and Lejeune 2017). ALS-
derived canopy height models (CHMs) can be used to detect individual trees, delineate
tree crowns, and subsequently to estimate biophysical attributes such as biomass and
stem volume (Popescu, Wynne, and Nelson 2003; Popescu 2007; Falkowski et al. 2008,
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2009; Silva et al. 2016). In the same way, UAV-based DAP studies have focused on
exploring the use of SfM-derived CHMs, suggesting their potential to estimate indivi-
dual-tree variables such as height and diameter at breast height via tree-top detection
and crown delineation (Díaz-Varela et al. 2015; Panagiotidis et al. 2017; Guerra-
Hernández et al. 2017). A variety of approaches are used to detect and delineate
individual trees from ALS- and SfM-derived CHMs. These include the identification of
local maxima for tree detection (Popescu, Wynne, and Nelson 2003; Falkowski et al.
2008, 2009), as well as region-growing (Hyyppa et al. 2001; Solberg, Naesset, and
Bollandsas 2006), valley-following (Leckie et al. 2003), and watershed segmentation
(González-Ferreiro et al. 2013; Díaz-Varela et al. 2015) for delineation.

Recent studies have compared the performance of both technologies both separately
and in combination for characterizing forest tree height (Wallace et al. 2016; Thiel and
Schmullius 2017) or residual volume after harvesting operations (Goodbody, Coops,
Tompalski et al. 2017). The use of UAV-based DAP has also been evaluated in relation to
tree detection for characterizing coniferous stands (Bonnet, Lisein, and Lejeune 2017), palm
plantations (Sperlich et al. 2014; Kattenborn et al. 2014), and open mixed conifer forest
(Mohan et al. 2017). However, to the best of our knowledge, no studies have yet compared
the rate of detection of ITCs from SfM- and ALS-derived CHM in high-density Eucalyptus spp.
plantations, characterized by complex terrain. Some questions regarding the processing of
UAV-derived imagery for use in different types of forest have been highlighted by different
authors (Dandois, Olano, and Ellis 2015; Bonnet, Lisein, and Lejeune 2017). The forest canopy
surface is a complex layer, which is difficult to model by means of a digital surface model
(DSM) or orthophotomosaic (Lisein et al. 2013; Bonnet, Lisein, and Lejeune 2017). Moreover,
knowledge about data acquisition and processing optimization and their implications for
estimating forest inventory variables in different types of forest remains limited (Thiel and
Schmullius 2017; Bonnet, Lisein, and Lejeune 2017).

In this study, we compared ALS- and UAV(SfM)-derived point clouds in the context of
measuring a very dense Eucalyptus plantation in northern Portugal. This represents an
environment that has not been evaluated previously and that represents certain chal-
lenges for both ALS- and UAV(SfM)-derived data due to the dense canopy cover (CC) and
steep rugged terrain.

2. Materials and methods

2.1. Study area

The study area is located in the municipality of Valongo in the district of Porto, Portugal
(Figure 1) (41.213° N, −8.496° W). It comprises a 7 years old plantation of Eucalyptus spp.
clonal material (G74), covering an area of 26 ha. Tree spacing was 3.70 × 2.50 m, resulting in
a density of 9.25 trees per m2. The elevation of the area varies from 163 to 294 m above the
WGS84 reference ellipsoid. The terrain is topographically complex, with steep slopes (mean
slope 24.22%) and an elevation range up to 131 m. The mean annual rainfall is 1568 mm,
with 42.1% of precipitation occurring between November and January. The mean annual
temperature is 14.2°C, ranging from 8.6°C in the coldest months (December–February) to
20.1°C in the warmest months (July–September). The study site is characterized by evenly
planted trees of superior genetic material and with a low mortality rate.
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2.2. Field data

The field data were collected in the winter of 2016 from 6 square plots each of
approximately 400 m2 (Table 1). The height of each tree (h, m) within the plots was
measured with a Haglof Vertex IV hypsometer equipped with a T3 transponder. The
diameter at breast height (1.30 m above the ground, d) was measured with a steel
diameter measuring tape. Terrestrial Laser Scanning (TLS) measurements were made
between 14 November and 16 November 2016, just before the traditional field inven-
tory, and a stem map (i.e. location and identity code for each tree) was created. The trees
were manually detected and labelled in the plots at this time. All the trees in the plots
were subsequently used as reference trees for validating the tree detection process.
Field plots were remeasured using the same methods in September 2017.

Figure 1. (a) Location of study area (Portugal), (b) location of Valongo (Porto, Portugal), (c) location
of test area, and (d) location and design of one inventory plot.

Table 1. Summary statistics describing the field plots.

d h

Plot N Orientation Mean slope (%) CC (%) mean min max SD Mean min max SD

1 53 NE 24.2 57.5 13.2 10.4 17.0 1.1 19.4 15.4 21.6 1.1
2 65 SW 10.9 57.9 12.9 5.3 17.3 2.2 18.8 9.9 22.8 2.0
3 59 NE 15.0 51.8 13.4 7.4 16.0 1.5 18.6 13.5 20.1 1.2
4 49 NW 13.2 50.9 13.8 11.0 16.5 1.2 18.8 16.2 21.4 1.2
5 46 N 21.7 52.5 13.7 8.0 17.3 1.9 18.3 14.8 20.9 1.4
6 53 NW 20.4 45.0 13.8 6.0 16.8 2.1 17.6 12.4 19.8 1.4

N: Number of stems in the plot; d: diameter at breast height (1.3 m above ground, cm); h: measured tree height (m);
min: minimum value; max: maximum value; SD: standard deviation; mean slope: per cent slope (%); CC: canopy cover
(percentage of first returns above 5.00/total first returns) derived from ALS data (%).
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In order to obtain very accurate positions of the trees, topographic surveys were
conducted to determine the position of the centre of each tree within the plots. A
Trimble® TSC3 GPS controller with Trimble® R8s Integrate GNSS System Antenna
(Trimble, Sunnyvale, CA, USA) (dual-frequency real-time kinematic [RTK] receiver) was
used to obtain the coordinates of a densified geodetic network for the study area by
applying real-time kinematics. Based on the network established with the GPS, a topo-
graphic survey of the plots was conducted using a Trimble® M3 Robotic Total Station
(Trimble, Sunnyvale, CA, USA). Observations on the position of each tree within the plot
were made during the survey.

2.3. ALS collection

The airborne surveys were conducted on 17 December 2016 to cover an area of 100 ha.
For this purpose, a Leica ALS80-HP laser scanner operating at pulse rate of 704 kHz, field
of view of 6.5° (±3.25°), and scan rate of 73.5 Hz was mounted on a Cessna aeroplane
that flew the area at an approximately flight altitude of 2750 m.a.s.l and an average
speed of 250 km h−1. The overlap between sweeps was 30%, and an average laser pulse
density of 43.33 pulses m−2 was obtained.

2.4. UAV data collection under cloudy conditions and non-optimal atmospheric

conditions (SfM1)

The airborne surveys were conducted on 6 November 2016. Atmospheric conditions during
the flight (from 12.30 a.m. to 13.07 p.m.) were characterized by moderate winds, partly
cloudy weather and low illumination (winter conditions). An RGB SONY ILCE-5000 (20.1 MP)
camera (Sony Co., Tokyo, Japan) was mounted, with nadir view, on a custom built fixed
wing-UAV. The camera, equipped with a 5456 × 3632 pixel detector, captured images at ISO
200, shutter speed of 1/2500 s, and 16 mm focal length. A flight planning and monitoring
software (Mission Planner, http://ardupilot.org/planner/) was used to determine the main
flight parameters. Photographic side overlap was controlled by preprograming the auto-
mated UAV grid mission flight plan based on a designated flight altitude above the launch
location and by the spacing between parallel flight tracks, respectively (Figure 2(a)). In total,
672 RGB images were acquired at a consistent altitude of 120 m (take-off at high point
altitude in the study area) and the flight line spacing was 35 m. The total area covered was
117.26 ha, with an average Ground Sampling Distance (GSD) of 4.64 cm. The flight plan was
designed to ensure a percentage of along (70%) – and across (70%) – track overlap between
collected images. Moreover, one flight was needed to cover the whole area (one block).

2.5. UAV data collection under clear lighting and optimal atmospheric

conditions (SfM2)

The airborne surveys were conducted on 6 September 2017. Atmospheric conditions were
characterized by calm winds, clear lighting atmospheric conditions at the flight time
(between 11.30 a.m. and 12.15 p.m.) to minimize the effect of shadowing. An RGB S.O.D.
A. 10.2 (20 MP) camera (senseFly Co, Cheseaux-Lausanne, Switzerland) was mounted, with
nadir view, on a fixed-wing UAV (SenseFly eBee). The camera, equipped with a

5216 J. GUERRA-HERNÁNDEZ ET AL.



12.75 × 8.5 mm sensor and 5472 × 3648 pixel detector, was used in manual mode, and
exposure settings (ISO 150 and shutter speed of 1/1000 s) were set before each take-off
according to the light conditions. This provided ~6 cm pixel−1 resolution for a variable
altitude above ground level, which is especially useful in areas of diverse elevation range
such as mountainous regions. eMotion V. 3.2.4 flight planning andmonitoring software was
used to determine the main flight parameters. The flight plan covered the entire study area
with a longitudinal and lateral overlaps of 85% in both cases. The flight line spacing was
25 m (Figure 2(b)). In total, 744 images were used to generate orthomosaics and DSMs by
the SfM image reconstruction process. Two-block flights were required to capture the entire
forest study area (the orthomosaic covered an area 103.70 ha with average GSD of 5.95 cm).
In total, 12 flight tests were required to achieve satisfactory results for comparison with ALS-
derived point clouds. The airborne surveys were hampered by even moderate winds. Great
effort was made to operate close to solar noon; large shadows projected by the trees were
visible duringmost of the survey. Moreover, two subflights were needed to cover the whole
area (two blocks) due to limited battery power.

2.6. 3D model generation

The absolute orientation of the aerial photographs was determined using aerotriangulation
techniques implemented in pix4D 3.3.29 (pix4D®, Ecublens, Switzerland). A set of 10 ground
control points (GCPs) were measured in the field with topographic methods in order to
georeference the SfMmosaics to a projected coordinate system for both data sets (Table 2). A
pole equipped with a Trimble TSC3 controller and a Trimble R8s GNSS antenna (RTK precision
8 mm + 1 ppm horizontal/15 mm + 0.5 ppm vertical) was used to capture the ground control
photogrammetric targets. The GCPs markers comprised a set of 1 × 1 m cross-shaped white
painted timber planks with some black and white 50 × 50 cm painted checkerboards. For
reliable accuracy of GPS measurement, all GCPs were located in open areas with no CC. At
each point, GPS signals were logged in RTK–GNSSmode. The recordings were processed with
real-time correction data retrieved from the fixed base station in Gaia (Porto) (latitude: 41° 06′

Figure 2. Flight designs (a) fixed-wing UAV data collection (SfM1) at fixed altitude and non-optimal
atmospheric conditions and (b) Fixed-wing UAV data collection (SfM2) at variable altitude and under
optimal weather conditions. Yellow lines represent the flight path.
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21.67048″ N, longitude: 8° 35′ 20.73434″ W, and ellipsoidal elevation: 287.63 m above the
WGS84 reference ellipsoid). Image mosaics and photogrammetric point clouds (DSMs)
(Figure 3) were computed using SfM techniques, as implemented in Pix4D 3.3.29. The
matching parameters for point cloud densification were set as follows: multiscale, image
scale = 1/2 (half image size), and point density = ‘optimal.’ The minimum number of matched
images was also set to 3. By way of example, the time computation required to produce a
georeferenced point cloud from SfM2 project, using pix4D 3.3.29 installed on a dual Intel (R)
Core (TM) i7-5820K CPU @3.30 GHz workstation with 64 GB of RAM, was approximately 9 h
and 53 min for point cloud densification, 39 min and 08 s for DSM generation, 2 h and 17 min
for the orthomosaic, and 08 min and 01 s for the DEM generation.

2.7. Point cloud processing

Preprocessing of ALS and SfM point clouds (Figures 4(a) and (b)) was performed using
FUSION/LDV 3.60 software (McGaughey 2016) and LasTools (Isenburg 2016). Ground

Figure 3. UAV-derived orthomosaic using SfM1 (a) and SfM2 (c) data collections. UAV-derived DSMs
generated from Pix4d using SfM1 (b) and SfM2 (d) data collections.

Table 2. Summary statistics of the UAV-based DAP collections.

Data set No. of GCPs Density (points m−2) RMSEX (m) RMSEY (m) RMSEZ (m)

SfM1 10 48.85 0.004 0.010 0.0557
SfM2 10 96.63 0.037 0.032 0.1554

SfM1: UAV-based DAP collection in partly cloudy atmospheric condition and fixed altitude; SfM2: UAV-based DAP under
clear lighting and optimal atmospheric conditions and variable altitude; GCPs: ground control points; RMSEX, RMSEY,
and RMSEZ are the root mean square error in the direction of the three spatial coordinates (X, Y, and Z), reflecting the
planimetric and altimetric accuracy in the GCPs.
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returns from the ALS point cloud were isolated to generate the DEMALS and to normalize
the point cloud. At landscape level, ground points were classified using a Progressive
triangulated irregular network densification algorithm implemented in lasground (settings:
-nature, -extrafine, spike: 1 m, and offset: 0.05 m), and a DEM of 0.20 m cell size was
interpolated using the GridSurfaceCreate tool in FUSION/LDV 3.60 (Figure 4(c)). The
DEMSfM2 of 30 cm pixel−1 was generated using the photogrammetric software Pix4d
3.3.29 from the SfM2 data collection (Figure 4(d)). A DEM was not generated from the
SfM1 data collection as the SfM1-derived point clouds were incomplete and only covered
the upper parts of the canopy (Figure 5), whereas SfM2-derived point cloud was complete
and penetrated the canopy to some degree, reaching the ground in most cases under
clear lighting and optimal atmospheric conditions. At plot level, the PolyClipData tool in
FUSION/LDV 3.60 was used to extract a subset of the ALS and SfM points clouds within
each buffer plot (Figure 5). The ALS-derived CC (%) was then estimated for each plot by
using Cover tool in FUSION/LDV 3.60, which computes CC as the ratio between the
number of first pulses returned from the upper layer of tree crown (a threshold height
of 5 m) and all first returns (throughout the canopy to ground profile) (Table 1).

2.8. CHM generation

CanopyModel tool, also implemented in FUSION/LDV, was used to compute a set of four
CHMs with 0.20 m of spatial resolution for the study site (Table 3, Figure 6). CHMI was
obtained as the difference between the DSMALS and DEMALS (Figure 6(a)), while CHMII,
CHMIII, and CHMIV were generated using two approaches: in the first two, the DEMALS was

Figure 4. (a) Digital surface model (DSM) derived by ALS, (b) digital surface model (DSM) derived by
SfM2, (c) DEM-derived by ALS (LasTools), and (d) DEM derived by SfM2 (Pix4d 3.3.29).
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subtracted from the DSMSfM1 and DSMSfM2 point clouds, respectively (CHMII and CHMIII,
respectively, Figures 6(b) and (c)), and in the third, the DEMSfM2 was subtracted from the
DSMSfM2 (CHMIV, Figure 6(d)). A mean smooth filter with fixed smoothing window sizes of
3 × 3 and 5 × 5 m was used for the smoothing process by applying the CanopyModel tool.

2.9. ITC delineation

The accuracy of tree detection is known to be sensitive to the algorithm settings and can
vary depending on the forest type and structure. We therefore decided to use a simple
but widely used algorithm: local maxima detection with a fixed size window. The
CanopyMaxima tool of FUSION/LDV 3.60 software (McGaughey 2016) implements the
algorithm developed by Popescu, Wynne, and Scrivani (2004). The smoothed CHMs,
denoted CHMI, CHMII, CHMIII, and CHMIV, were used as inputs. The window size is usually
derived from an empirical relationship between tree height and crown diameter
(Popescu, Wynne, and Nelson 2003). However, such a relationship was not used here

Figure 5. Subsets of ALS- and SfM-derived point clouds for plot 2 (a), plot 3 (b), and plot 4 (c).

Table 3. Nomenclature of the CHMs resulting from the subtraction
of DEMs to the DSMs for the four point cloud acquisitions.

DSM point-clouds DEM CHM

DSMALS DEMALS CHMI

DSMSfM1 DEMALS CHMII

DSMSfM2 DEMALS CHMIII

DSMSfM2 DEMSfM2 CHMIV
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because of the lack field measurements of crown diameter. Equation (1) was used
instead to determine the CanopyMaxima tool window size from the height of the surface
at the centre of the window.

W ¼ Aþ B# hþ C # h2 þ D# h3 (1)

where W (width) is the window size, A, B, C, and D are polynomial coefficients, and h is
the corresponding CHM height.

A fixed window size (FWS) was tested by applying constants of 0.5, 1.0, and 1.5 for the
intercept of the equation and 0 for h for the 8 different CHMs (I, II, III, and IV, which were
previously smoothed with kernel sizes of 3 × 3 and 5 × 5 pixels). The other
CanopyMaxima parameters were set as follows: ALS: res = 1.0, mult = 1.0, SfM-UAV:
res = 0.15, mult = 1.0. The minimum tree height threshold was 5 m.

The accuracy resulting from using CHMI, CHMII, CHMIII, or CHMIV was estimated via five
different measures: percentage of trees detected (Equation (2)), relative omission and
commission errors (Equations (3) and (4)), root mean square error (RMSE), and bias of the
predicted height of linked trees (Equations (5) and (6)). A tree was considered correctly
detected when the tree position was located within the 1.2 m buffer radius of the
reference tree position (Table 5). When more than one candidate tree fell within the
buffer, the candidate closest to the top of the field-observed tree was linked to the field-
measured tree. In the case of individual tree height analysis, the heights of the linked pairs

Figure 6. Corresponding rasters for CHMI (a), CHMII (b), CHMIII (c), and CHMIV (d).
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were compared in order to remove gross linking errors (Vauhkonen et al. 2011). A plotwise
of ALS and SfM-linked tree heights was constructed for the best combinations from the
eight data sets, CHMI, CHMII, CHMIII, and CHMIV, and those tree-candidate links for which
the height difference was greater than 5 m were removed (González-Ferreiro et al. 2013).

Detected trees ¼
Ndetected

Nrel
(2)

Error of omission ¼
Nmissed

Nrel
(3)

Error of commission ¼
Nextra

Nrel
(4)

where Ndetected is the number of trees found, Nmissed is the number of undetected trees,
Nextra is the number of unmatched tree candidates, andNrel is the number of reference trees.

RMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

Pn
i¼1 ðyi % ŷiÞ

2

n

s

(5)

Bias ¼

Pn
i¼1ðŷi % yiÞ

n
(6)

where n is the number of trees, yi is the field measured tree height i, and ŷi is the
estimated value of CHM-derived tree height i.

3. Results

3.1. Comparison of SfM- and ALS-derived DEMs

Direct comparison of the GPS-surveyed GCPs and the two DEM products resulted in a
mean overestimation of 0.18 m (SD = 0.30 m) for the DEMSfM2, while the DEMALS

exhibited a mean overestimation of 0.28 m (SD = 0.16 m). The GPS-based comparisons
for the DEM products are summarized in Table 4.

Subtracting the DEMALS from the DEMSfM2 produced a spatial evaluation of the differences
between the two DEM products (Figure 7(a)). Over the entire study area, the DEMSfM2 tended
to be within ±1 to ±2.0 m of the DEMALS. DEMSfM2-negative prediction indicates that the SfM
surface elevation is below the ALS surface elevation (areas shown in green in Figure 7(a)).
Negative differences tend to occur in steeply sloping areas, on the lowest sides of the valley

Table 4. Summary of GPS-surveyed plot ground control points and DEM product comparisons at
landscape level.

Difference between ZGPS − ZDEMSfM2 ZGPS − ZDEMALS ZDEMSfM2 − ZDEMALS

Mean (m) 0.18 0.28 1.14
Minimum (m) −0.04 −0.14 −6.17
Maximum (m) 0.64 0.47 18.91
SD (m) 0.30 0.16 1.93

SD: Standard deviation of the differences.
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with a southeast orientation. The DEMSfM-positive prediction indicates that the SfM surface
elevation is higher than the modelled ALS surface elevation. These areas, displayed in yellow,
orange, and brown in Figure 7(a), tend to occur in areas of dense CC and where the lack of
groundpoints results in larger interpolation distances. Very large differences in DEMSfM2 (e.g. >
+2.0 m) occur in the northern parts of the study area (Figure 7(a)). Few 3D non-tree canopy
points were generated within this densely vegetated area (>60% of CC, Figure 7(b)), and none
were classified as ground points. Overall, the lack of ground points resulted in larger inter-
polation distances for this area. On average, the interpolated DEMSfM surface was 1.14 m
(SD = 1.93 m) higher than the interpolated DEMALS surface.

3.2. ITC delineation

Use of a FWSof 1 × 1m in theCanopyMaxima tool proved optimal for individual tree detection
in both technologies. We also verified that increasing the FWS led to decreased accuracy. The

Figure 7. (a) Spatial distribution of elevation differences between the DEMSfM and DEMALS (m). Areas
where the DEMSfMwas modelled below the DEMALS are shown in green, and areas above the DEMALS are
shown in orange and brown and yellow; (b) raster grid of 3 m pixel size representing canopy cover (CC,
%) estimated from ALS data (CC was calculated as percentage of first returns above 3.00/total all first
returns); (c) slope (%) throughout the study area (location of plots 1 and 5 with higher slope highlighted
in blue); and (d) view of the study area showing the location and orientation of the plots.
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accuracy of detection of individual trees usingMean Filter with kernels of 5 × 5 and 3 × 3 pixels
is shown in Table 5. The best detection rate was obtained with CHMI, whereas CHMII option
yielded the lowest detection rate. The omission error followed the same pattern. Smooth
combinationswere found tobe adetermining factor in the accuracy of ITCbyALS andSfM. The
3 × 3 kernel was also found to be favourable to the success of ITC delineation. However, in the
case of ALS (CHMI), the commission error was higher with this filter. The 5 × 5 kernel led to
overestimation of tree tops. Finally, we tested the accuracy for the best combination, i.e. the
3 × 3 kernel for SfM (CHMII, CHMIII, and CHMIV) and the 5 × 5 kernel in the case of ALS (CHMI).

In terms of the total number of tree candidates produced (i.e. the number of trees found
plus the commission error), CHMII and CHMI represented the study extremes. In the case of
CHMs obtained using SfM data (CHMII, CHMIII, and CHMIV), the least accurate results for the
ITC delineation were mainly obtained in the most steeply sloping test subplots 1 and 5 (i.e.
in plot 1, see Figure 8(a)) and higher CC. Although the mean slope of plot 6 was similar to
those of plots 1 and 5, the detection rate achieved was higher due to lower CC (CC = 45%)
(Figure 8(b)). On average, 95.9% of trees were detected correctly using the CHMI, with
omission and commission errors limited to 4.1% and 2.3%, respectively. In contrast, the
algorithmdetected only 79.6% in CHMIII and the associated omission and commission errors
were 20.8% and 6.5%, respectively. In the case of CHMII under non-optimal atmospheric
conditions, local maximum algorithm detected only 59.3% of the trees, with omission and

Table 5. Individual tree detection in plots.

Found tress Omission error Commission error

Model Plot 3 × 3 5 × 5 3 × 3 5 × 5 3 × 3 5 × 5

CHMI 1 50 (90.6%) 50 (90.6%) 3 (5.7%) 5 (0.1%) 8 (11.3%) 0 (9.4%)
2 65 (96.9%) 60 (92.3%) 0 (0.0%) 5 (0.1%) 10 (12.3%) 3 (7.7%)
3 59 (100%) 59 (100%) 0 (0.0%) 0 (0.0%) 3 (5.1%) 0 (0.0%)
4 49 (100%) 49 (100%) 0 (0.0%) 0 (0.0%) 4 (8.2%) 0 (0.0%)
5 46 (100%) 46 (100%) 0 (0.0%) 0 (0.0%) 6 (13%) 0 (0.0%)
6 52 (92.5%) 52 (92.5%) 1 (1.9%) 4 (0.1%) 20 (32.1%) 5 (7.6%)

Total 321 (96.7%) 311 (95.9%) 4 (1.3%) 14 (4.1%) 51 (13.7%) 8 (2.3%)

CHMII 1 20 (35.9%) 20 (35.0%) 33 (62.3%) 33 (62.3%) 20 (35.9%) 20 (37.7%)
2 49 (75.4%) 44 (67.7%) 16 (24.6%) 21 (32.3%) 1 (1.5%) 0 (0.0%)
3 34 (57.6%) 34 (57.6%) 25 (42.4%) 25 (42.4%) 0 (0.0%) 0 (0.0%)
4 28 (57.1%) 24 (49.0%) 21 (42.9%) 25 (51.0%) 2 (4.1%) 1 (2.0%)
5 25 (54.4%) 21 (45.7%) 21 (45.7%) 25 (54.4%) 0 (0.0%) 0 (0.0%)
6 40 (75.5%) 40 (75.5%) 13 (24.5%) 13 (24.5%) 1 (1.9%) 1 (1.9%)

Total 196 (59.3%) 183 (49.2%) 129 (40.4%) 142 (44.5%) 24 (7.2%) 22 (6.9%)

CHMIII 1 35 (66.0%) 32 (60.4%) 17 (34.0%) 21 (39.6%) 2 (3.8%) 1 (1.9%)
2 54 (83.1%) 52 (80.0%) 11 (16.9%) 13 (20.0%) 9 (13.9%) 7 (10.8%)
3 45 (76.3%) 41 (69.5%) 14 (23.7%) 18 (30.5%) 0 (0.0%) 0 (0.0%)
4 44 (89.8%) 29 (63.0%) 5 (10.2%) 17 (14.3%) 5 (10.2%) 0 (0.0%)
5 32 (69.6%) 42 (85.7%) 14 (30.4%) 7 (37.0%) 0 (0.0%) 5 (10.0%)
6 48 (90.6%) 48 (90.6%) 5 (9.4%) 5 (9.4%) 6 (11.3%) 5 (9.4%)

Total 259 (79.6%) 244 (74.9%) 66 (20.8%) 81 (25.1%) 22 (6.5%) 18 (5.4%)

CHMIV 1 37 (69.8%) 33 (62.3%) 16 (30.2%) 20 (37.7%) 4 (7.6%) 2 (3.8%)
2 51 (78.5%) 49 (75.4%) 14 (21.5%) 16 (24.6%) 9 (13.9%) 11 (16.9%)
3 42 (85.7%) 41 (69.5%) 7 (14.3%) 18 (30.5%) 5 (10.2%) 1 (1.7%)
4 42 (71.2%) 45 (91.8%) 17 (28.8%) 4 (8.2%) 3 (5.1%) 4 (8.2%)
5 30 (65.2%) 30 (65.2%) 16 (34.8%) 16 (34.8%) 0 (0.0%) 0 (0.0%)
6 46 (86.8%) 48 (90.6%) 7 (13.2%) 5 (9.4%) 8 (15.1%) 8 (15.1%)

Total 248 (76.2%) 246 (75.8%) 77 (23.8%) 79 (24.2%) 29 (8.6%) 26 (7.6%)

The results highlighted in bold type represent the best combination for the eight data sets, CHMI, CHMII, CHMIII, and
CHMIV with kernel sizes of 3 × 3 and 5 × 5 pixels, which were determined by comparing the number of trees detected
with the field-observed number of trees. In brackets, the percentage of trees/number of reference trees in field plots.
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commission errors of, respectively, 40.4% and 7.2%. Finally, the rate of detection was slightly
lower (less than 3.4% in terms of trees found) with CHMIV than with CHMIII.

3.3. Individual tree height analysis

We validated tree height by comparing the height of field-measured trees and ALS-
and SfM-linked trees. A total of 300, 183, 251, and 237 previously matched trees of
heights from, respectively, CHMI, CHMII, CHMIII, and CHMIV were used for this pur-
pose. The RMSE values were 2.80, 2.42, 1.82, and 2.84 m and the bias values were
−2.59, −2.19, −1.47, and −2.67 m, respectively, for the four data sets. Field measure-
ments of height were plotted against the corresponding remotely derived tree
heights over the whole set of plots (Figure 9). The r (correlation coefficient) values
were 0.66, 0.61, 0.67, and 0.69, respectively.

Figure 8. Results of individual tree detection with the best combinations of CHMI (ALS) and CHMIII

(SfM2): plot 1 (a) and plot 6 (b).
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4. Discussion

The results for the study area demonstrate that SfM-derived point clouds can be used to
generate accurate DEMs over vegetated surfaces, although some difficulties were experi-
enced in closed canopy and steep slope areas. We also observed that the DEMSfM2

accuracy derived from pix4d was influenced by the orientation. The DEMSfM2 tended to
be more accurate in steep areas with southeast orientation, due to the lower density of
leaves in the crowns and lower presence of shrub cover. However, the opposite effect was
observed in north-facing areas. DEMALS outperformed aerial imaging techniques in map-
ping terrain as DEMSfM2 tended to overestimate height comparing with DEMALS, particu-
larly in steeply sloping areas of dense vegetation cover, as also reported Jensen and
Mathews (2016). In case of major differences in DEMSfM (e.g. >±2.0 m), in which poor
performance of the SfM ground filtering algorithm is expected, manual editing of ground
versus non-ground points in these areas might be advisable.

In terms of the detection rate, the most accurate results from ALS- and SfM-derived
point clouds were found by applying a Mean Filter algorithm with kernel sizes of 5 × 5 and
3 × 3 pixels, respectively. Similar results were reported by Silva et al. (2016) and Mohan

Figure 9. Scatter plots of (a) field-measured tree height (h) against ALS-derived tree height using
CHMI, (b) field-measured tree height (h) against SfM-derived height using CHMII, (c) field-measured
tree height (h) against SfM-derived height using CHMIII, and (d) field-measured tree height (h)
against SfM-derived height using CHMIV.
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et al. (2017), for ALS- and SfM-derived point clouds, respectively. These authors found that
5 × 5 and 3 × 3 kernels eliminated spurious local maxima caused by the irregularity of tree
crowns and tree branches and confirmed that the higher success rate of the 3 × 3 kernel
can be attributed to denser canopy over the study sites. Nonetheless, the combinations of
filter sizes can also be affected by forest types and tree size (Lindberg and Hollaus 2012;
Mohan et al. 2017; Bonnet, Lisein, and Lejeune 2017). Depending on the intended use,
there will always be a trade-off between commission and omission errors, and the overall
efficiency of a particular window size can be viewed as a function of the object and
resolution relationship, which can serve as an initial step towards the development of site-
specific tree identification models (Wulder, Niemann, and Goodenough 2000).

In the case of ALS-derived data, tree detection results from this study are similar or
slightly better than those obtained in other studies using higher ALS density data. In
particular, our values were similar to those reported by Wack et al. (2003) for a low
density Eucalyptus spp. plantation in Portugal (accuracy: 93%; ALS density: 5 pulses m−2)
and much better than those reported by Gonçalves-Seco et al. (2011) for the very dense
Eucalyptus globulus stands in Galicia (Spain) and using low ALS point density (accuracy:
37.2%; ALS density: 4 pulses m−2). Vauhkonen et al. (2011) tested six different algorithms
from which four applied CHM for detecting single trees in varying forest conditions. The
algorithms performed similarly and the differences between detection rates (from 45.2%
to 100.7%) were more strongly affected by forest structure (e.g. tree density and
clustering) than by the use of different algorithms. Omission errors (i.e. trees not
detected, usually suppressed under dominant canopy layer) varied between 30.6%
and 61.1%, whereas commission errors varied from 6.9% to 39.4%.

Evaluation of the results should take into account the difference in the costs of the
SfM- and ALS-based data acquisition. In the case of the SfM-derived point clouds, our
findings demonstrated that UAV images and CHM can be used efficiently to identify
individual trees particularly in the context of Eucalyptus spp. stands on complex terrain.
The values obtained in the present study were slightly lower, in terms of percentage
detection rate, than those reported by Mohan et al. (2017) for an open canopy mixed
forest in USA (overall accuracy of 91.6%, and with omission and commission errors of
5.7% and 2.7%, respectively, using a rotatory-wing aircraft) and by Bonnet, Lisein, and
Lejeune (2017) for conifer stands including Picea abies (L.) H. Karst. (89.2% true positives,
10.8% omission, and 7.8% false positives in autumn at a flight altitude of 200 m above
ground level using rotatory-wing aircraft). Nevalainen et al. (2017) achieved results with
64–96% tree identification rates within a buffer search radius of 2 m. However, the
estimated accuracy of tree detection cannot be evaluated, due to the lack of reference
data for testing. Kattenborn et al. (2014) upgraded Sperlich’s algorithm by geometrically
classifying UAV-derived point clouds and detected individual palm trees with an overall
mapping accuracy of 86.1% for 9.4 ha of the entire study area and 98.2% for dense palm
stands. The uncertainty in the number of trees detected in this study may be affected by
the canopy structure and topographic conditions. For example, Tanhuanpää et al. (2016)
obtained an accurate detection rate (97%) in pine-dominated stands, using DAP-derived
point clouds from different forest types. The local maxima-based method was successful
for conifers and boreal forest in which the trees have pointed crowns, although further
fine-tuning is probably needed to obtain successful results in forests with less identifi-
able crowns as our study confirmed in the case of Eucalyptus spp. plantations.
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In light of the study findings, we conclude that one of the key issues when using UAV-
based DAP in detecting individual trees is the inconsistency of the detection rates
between different plots and around the study area, especially in steep slopes where ALS
performed better (Figure 9(a)). Among the methods tested, CHMALS seems to be the best
model for detecting ITCs. Although the point cloud density of the SfM-derived CHMs was
slightly higher, the ALS-derived CHMs captured the canopy variations better, probably
because the images are strongly affected by variation in illumination and shadows in
these dense CC and steep and rugged terrain. The rates of detection obtained confirmed
that in more steeply sloping plots (see plots 1 and 5: Table 1, Figure 7(c)), the generation
of point clouds was incomplete due to matching failures or occlusions (e.g. due to steep
slopes or insufficient overlapping), and there were thus local inaccuracies in the 3D point
cloud and CHM. Although the mean slope of plot 6 was similar to that of plot 1
(CC = 57.51%) and 5 (CC = 52.51%), the detection rate was higher probably because CC
was lower (CC = 45%). The presence of shadows and other variations in the pictures may
be problematical, especially when the photogrammetric processing products are used for
classification (Baltsavias et al. 2008; Ke and Quackenbush 2011; Simic Milas et al. 2017).
These classifications are usually based on the spectral response of objects with variations
in the images leading to confusion of the objects identified (Laliberte et al. 2010; Ke and
Quackenbush 2011). To prevent such variations, the flights for image collection should be
performed during stable weather conditions, as observed by Näsi et al. (2015) and Guerra-
Hernández et al. (2017) and with the smallest zenit solar angle possible (White et al. 2013;
Dandois, Olano, and Ellis 2015). In mature forests, shadows are naturally created by the
canopy structure (Puttonen, Litkey, and Hyyppä 2009; Wallace et al. 2016), and they are
therefore more difficult to avoid.

Our findings are consistent with those of previous studies comparing ALS and SfM-
generated point clouds and derived products to estimate individual tree height (Dandois
and Ellis 2013; Jensen and Mathews 2016; Thiel and Schmullius 2017). The tree height was
underestimated with all CHM methods, which is typical for both SfM- and ALS-based
approaches (St-Onge et al. 2004; Suárez et al. 2005; Dandois and Ellis 2013; Jensen and
Mathews 2016; Guerra-Hernández et al. 2017). Although similar, our results are slightly poorer
in terms of r than those of prior studies, due to the characteristics of the type of forest
(Gatziolis, Fried, and Monleon 2010; Gonçalves-Seco et al. 2011) and topographically complex

Figure 10. Individual tree detection at landscape level using CHMI (a) and CHMIII (b).
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terrain in which data characteristics such as scan angle often cause inaccuracies in the DEMs
that affect ALS-derived tree height (Raber et al. 2002; Estornell et al. 2011). These studies
demonstrated the ability of ALS-based data sets to account for approximately 70–93% of field
measured variability with prediction errors (typically as underestimates) of roughly 1–3m (e.g.
Næsset, Bollandsås, and Gobakken 2005; Gatziolis, Fried, and Monleon 2010; González-
Ferreiro et al. 2013). Eucalyptus spp. trees do not usually have more than one apex in each
crown. However, field tree height measurement and crown delineation remain difficult
because (1) the crowns of trees are more spherical than the crowns of coniferous trees, (2)
the crowns of neighbouring trees often overlap due to the high density of trees per unit area,
and (3) the low density of leaves in the crowns (caused by repeated attacks by Gonipterus

scutellatus Gyll.) and the small size of the crowns of mature trees prevent a considerable
number of laser pulses from hitting the crown (thus hampering crown delineation). Our
results confirmed that, at plot level, use of the SfM photogrammetric technique for interpolat-
ing the terrain surface below closed CC leads to overestimation of the ground elevation
(Dandois and Ellis 2013; Jensen and Mathews 2016; Guerra-Hernández et al. 2017) and hence
an underestimation of tree height. On the other hand, our results suggest that, at plot level,
SfM-derived point cloud products perform as well as ALS data for estimating individual tree
height, particularly in high-density Eucalyptus forests. However, our results confirmed that the
use of UAV imagery to generate 3D point clouds over high CC landscapes and steep slopes
must be considered with caution, especially above 60% of CC and 20% of slope.

The most accurate values in the present study were obtained during the summer,
under fine weather conditions, with a high degree of overlap, variable flight altitude
following the terrain elevation variation and minimum zenit solar angle possible.
Although the results for both flights were not fully comparable, because of the use of
different DAP sensors and UAV, the results of SfM1 for data obtained under non-optimal
atmospheric condition and fixed flight altitude demonstrated how seasonal differences
in illumination and UAV-image-acquisition conditions may affect generation of the 3D
DSM point cloud and consequently the detection rate.

5. Conclusion

A simplified framework for automated ITC delineation from UAV(DAP)-based and ALS-
based point clouds is presented. The UAV-based DAP applications represent a pioneer-
ing approach for automatic ITC delineation in high-density Eucalyptus plantations and
showed a similar efficiency to ALS solutions. However, atmospheric flight conditions and
topographic complex terrain were limiting factors at landscape level. The proposed
methodology is potentially a highly effective, affordable, and easy-to-use approach for
ITC delineation and therefore for guiding mission flight planning, forest monitoring, and
inventory management. This study also demonstrates that, at plot level, image-based
point clouds are a potentially robust, low-cost alternative source of tree height estima-
tion in this type of forest. However, at landscape level, ALS is superior because of its
ability to penetrate canopy gaps and to record returns from the ground. A comprehen-
sive examination of the effects of varying the conditions of UAV-SfM remote sensing on
3D point cloud traits and canopy metrics revealed also important insights into the effect
of data quality and slope terrain in the ITC delineation process using with these
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techniques. Our findings add information to the growing body of literature on the
potential use of UAV-acquired data in forestry.
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