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Abstract: Unmanned aerial vehicles (UAVs) and digital photogrammetric techniques are two recent
advances in remote sensing (RS) technology that are emerging as alternatives to high-cost airborne
laser scanning (ALS) data sources. Despite the potential of UAVs in forestry applications, very few
studies have included detailed analyses of UAV photogrammetric products at larger scales or over
a range of forest types, including mixed conifer–broadleaf forests. In this study, we assessed the
performance of fixed-wing UAV photogrammetric products of a mixed conifer–broadleaf forest
with varying levels of canopy structural complexity. We demonstrate that fixed-wing UAVs are
capable of efficiently collecting image data at local scales and that UAV imagery can be effectively
utilized with digital photogrammetric techniques to provide detailed automated reconstruction of
the three-dimensional (3D) canopy surface of mixed conifer–broadleaf forests. When combined
with an accurate digital terrain model (DTM), UAV photogrammetric products are promising for
producing reliable structural measurements of the forest canopy. However, the performance of UAV
photogrammetric products is likely to be influenced by the structural complexity of the forest canopy.
Furthermore, we highlight the potential of fixed-wing UAVs in operational forest management at the
forest management compartment level, for acquiring high-resolution imagery at low cost. A future
direction of this research would be to address the issue of how well the photogrammetric products
can predict the actual structure of mixed conifer–broadleaf forests.

Keywords: image-based point clouds; light detection and ranging (LiDAR); mixed conifer–broadleaf
forest; structure from motion (SfM); unmanned aerial vehicle

1. Introduction

Forest canopy structure has many components but often refers to the size and spatial arrangement
of overstory trees as described by the vertical and horizontal distributions of overstory foliage [1,2].
Because of the strong allometric relationship between the forest canopy and other aspects of forest
structure, it has been intensively studied as a surrogate for overall forest structure. In addition,
the forest canopy plays an important role as a biotic habitat [3], an area of high photosynthetic
capacity [4], an indicator of biodiversity [2,5,6], and a gauge of forest health [7]. However, our
understanding of forest canopy structure may be constrained in some important ways (e.g., structural
and spatial complexity of the canopy at the landscape level) because most existing studies of the forest
canopy are based on data collected through field surveys within a small set of sample plots that are
often selected subjectively [8,9]. In addition, characterisation of the three-dimensional (3D) structure
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of the forest canopy using conventional field survey data is challenging because of physical access and
resource requirements [10,11].

By providing varying spatial, spectral, and temporal resolution as well as effective means of
3D canopy reconstruction, the use of remote sensing (RS) technology addresses these issues. RS has
also proven an effective means of studying forest canopy structure, as it often complements existing
ground-based techniques by contributing reliable, detailed information on various aspects of the
complex forest canopy [12–14]. In particular, recent advances in RS technology, such as airborne laser
scanning (ALS), digital photogrammetry, and unmanned aerial vehicle (UAV) systems, have enabled
efficient data collection and fully automated reconstruction of forest canopy surfaces over large spatial
areas [15–22].

ALS is an active RS technique that uses a light detection and ranging (LiDAR) sensor, which emits
a laser beam across the flight path at an operator-specified angle and receives the reflected energy.
This technique allows users to determine the distance from the sensor to a target object using either
discrete return (pulse ranging) or continuous wave systems. LiDAR measurements have proven to
be more successful than other remote sensing options at reconstructing 3D forest canopy structure
and more accurate at predicting structural attributes, particularly when acquired with satisfactory
point densities [9,16,17]. In addition, this method provides otherwise unavailable scientific insights
by allowing for detailed and novel structural measurements [14,23,24]. Therefore, the application of
LiDAR measurements to analysing forest canopy structure has been researched intensively in terms
of both the area-based approach (ABA) and individual tree-based methods [16,25–28]. Nonetheless,
the main limitations of ALS in practice are the high acquisition cost, which limits its application to
operational forest management, and the absence of spectral data that can lead to other important
information, such as species identification.

Digital photogrammetric techniques such as structure from motion (SfM) also facilitate
3D modelling of forest canopy structure. Following the principles of traditional stereoscopic
photogrammetry, SfM uses multiple images from different angular viewpoints to identify well-defined
geometric features and to generate a 3D point cloud [15,29]. Recently, many studies have taken
advantage of digital photogrammetry (e.g., [30–34]), particularly for estimating the biophysical
properties of individual trees and plot-level forest structural attributes with reasonable accuracy
(e.g., [35–40]). Moreover, many previous studies attempted to compare photogrammetric products i.e.,
point clouds, CHMs and structural metrics with LiDAR data [19,39–49]. Recent advances in computer
vision algorithms, such as the scale invariant feature transform (SIFT), and parallel bundle adjustments
on graphics processing units (GPUs) [15] have enhanced the potential to match image features in
many overlapping photographs (100 s–1000 s) acquired from different angles. Thus, SfM can be used
effectively to process imagery acquired from UAV platforms (i.e., small multi-rotor or fixed-wing
UAVs of less than 5 kg) [21,22,50–52].

The UAV system is a newly emerging method of fine-scale remote sensing that has the key
advantages of (1) flexibility and decentralization of data acquisition; (2) potential for obtaining data
with high spatial and temporal resolution; (3) insensitivity to cloud cover; and (4) low operational costs.
High-resolution UAV imagery can be utilized to develop point clouds as well as to extract fundamental
characteristics such as tone (color), texture, pattern, shape or association [18,21,22]. Nevertheless,
out of those fundamental characteristics, tone and texture can be easily used for digital interpretation
of the imagery. Therefore, UAV platforms represent a low-cost remote sensing alternative to airborne
and satellite platforms and enable the production of cost-effective data with an unrivalled combination
of spatial and temporal resolution at local scales (e.g., for areas the size of traditional forest plots up
to the size of forest compartments) [53]. These characteristics have created new possibilities for the
utilization of UAV systems and the SfM technique in forest management to collect information on the
spatial and structural variability of the forest canopy [18,22,38,45,51].

Currently, three types of small UAV platforms that are widely used for scientific research are
available on the market: multi-rotor, single-rotor (similar in design and structure to a helicopter),
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and fixed-wing UAVs [54]. Single-rotor UAVs (in comparison to multi-rotor UAVs) have the advantage
of efficient power consumption but they have limited agility, higher complexity, operational risk and
product costs. Compared to multi-rotor UAVs, fixed-wing models are superior in forestry applications
because of several factors, including (1) faster flying speeds that allow them to cover large areas without
being influenced by wind resistance or bad weather as easily as multi-rotors; (2) long endurance and
an extended battery life that enable them to cover many miles in a single session; (3) an ability to carry
heavier payloads; and (4) capability to fly at higher altitudes that permit a greater visual line of sight
(VLOS) range. Thus, fixed-wing UAVs enable efficient data collection over larger areas and are a viable
option for forestry applications, including operational forest management that requires geo-referenced
imagery at comparatively large scales.

Although fixed-wing UAVs have great potential for use in forestry applications, very few
studies have involved detailed analyses of point clouds or canopy surface models built from
fixed-wing UAV imagery at comparatively large scales, such as the forest management compartment
level, and even fewer studies have used fixed-wing UAV imagery to estimate forest structural
attributes (e.g., [19,38,55]). Applications of fixed-wing UAV imagery and the robustness of digital
photogrammetry have also not been studied intensively over a range of forest types, such as mixed
conifer–broadleaf forests. In this study, we address these issues.

The aim of the present study was to assess the performance of image-based point clouds derived
from fixed-wing UAV imagery captured over a mixed conifer–broadleaf forest with varying levels
of canopy structural complexity. First, we conducted a detailed evaluation of UAV-SfM outputs by
comparing UAV-SfM-derived canopy height models (CHMs) and structural metrics to LiDAR-derived
CHMs and structural metrics. We used LiDAR data as a reference data set to assess the performance
of UAV-SfM, as they are considered reliable for forestry applications for two main reasons: (1) the
non-clustering effect of LiDAR data leads to accurate estimation of forest structural attributes and
(2) the data have a proven ability to reconstruct 3D canopy structure with high accuracy for a variety
of forest types [40,43,48,56]. Second, we assessed the utility of UAV-SfM-derived point clouds for
estimating several forest structural attributes that are commonly used in forestry applications. Finally,
we examined the effects of forest canopy structural metrics and terrain conditions on the performance
of the UAV-SfM canopy model.

2. Materials and Methods

2.1. Study Site

This study was carried out in the University of Tokyo (UTokyo) Hokkaido Forest (Figure 1b),
where forest management activities such as selection cutting and enrichment planting are practiced.
The UTokyo Hokkaido Forest is located in Furano City in the central part of Hokkaido Island in
northern Japan (43◦10–20′N, 142◦18–40′E, 189–1459 m a.s.l.) and has a total area of 22,715 ha. The mean
temperature was 6.4 ◦C and precipitation was 1297 mm at the arboretum (230 m) in 2001–2008. Snow
covers the ground from late November to early April, with a maximum depth of about 1 m [57].

The UTokyo Hokkaido Forest is a pan-mixed conifer–broadleaf forest [58] that represents
the transition zone between cool-temperate broadleaf forests and subarctic coniferous forests.
Abies sachalinensis (Sakhalin fir), one of the dominant tree species in the pan-mixed forest type, grows
here at a wide range of elevations (200 to about 1200 m a.s.l.) (200 to about 1200 m a.s.l.; [59]).
Other common tree species include Picea jezoensis, P. glehnii, Fraxinus mandshurica, Kalopanax septemlobus,
Quercus crispula, Betula maximowicziana, Taxus cuspidata, and Tilia japonica [60]. The forest floor is often
occupied by dwarf bamboo (Sasa senanensis and S. kurilensis).

In this study, we intentionally chose two forest management compartments to replicate the UAV
flight missions: compartment 43 (Figure 1d) and compartment 48 (Figure 1c), which were scheduled
for management in 2016 and 2017, respectively. Part of the forest area in these two compartments is
secondary forest recovering from heavy typhoon damage in 1981. Major tree species found in this
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area include A. sachalinensis, P. jezoensis, Betula ermanii, T. japonica, and P. glehnii. According to forest
management planning maps drawn based on field observations, these two compartments consist of
several forest stand types, including young broadleaf stands (recovering area), young conifer stands,
mixed stands dominated by conifers, mixed stands dominated by broadleaves, and reserve forest area
where no management activities are being practiced. No major disturbances were observed in the
study area between 2015 and 2017.Remote Sens. 2018, 10, x FOR PEER REVIEW  4 of 24 
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Figure 1. Maps showing the locations of the study area and sample plots. (a) The University of Tokyo
Hokkaido Forest in Japan; (b) forest management compartments 43 and 48 in the University of Tokyo
Hokkaido Forest; (c) DTM of compartment 48; and (d) DTM of compartment 43. (c,d) also show the
locations of sample plots.

2.2. Data Collection

2.2.1. Field Data

A field survey of 105 sample plots representing the major forest stand types (i.e., young broadleaf
stands, young conifer stands, conifer-dominated mixed forest stands, broadleaf-dominated mixed
forest stands, and reserve forest area) was carried out in two consecutive years. Specifications of the
study area and field sample plots are summarised in Table 1. Diameter at breast height (DBH), species,
and height data were collected from eight canopy trees in each sample plot. In addition, we used
forest inventory data sets from 2016 and 2017. A description of the forest’s structural characteristics is
provided in Table 2.

2.2.2. LiDAR Data

LiDAR data were acquired under leaf-on conditions in September 2015 using an Optec Orion
M300 sensor (Teledyne Technologies, Waterloo, ON, Canada) mounted on a helicopter. Specifications
of LiDAR data are summarised in Table 3. The Optec Orion M300 sensor is capable of capturing up to
four range measurements, including first, second, third, and last returns, but in this study we used
single, first of many, and last of many returns to represent the ground and canopy signals. Initial
processing of LiDAR data was conducted by the data provider (Hokkaido Aero Asahi, Hokkaido,
Japan), including classification of points into ground and non-ground classes using TerraScan software
(2000–2016 Arttu Soininen, Terrasolid, Helsinki, Finland), and the data were delivered in LAS format
(Coordinate system: JGD2000 Japan-19 zone XII/ GSIGEO 2000 geoid).
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Table 1. Description of study site and sample plots.

Compartment 43 48

Total area (ha) 335 340
Altitude range (m a.s.l.) 425 to 810 397 to 833
Date of ground survey March, 2016 March, 2017

Total number of sample plots (plot size) 59 (0.25 ha) 46 (40 of 0.25 ha and 6 of 0.125 ha)

Table 2. Forest structural characteristics at the study site.

Compartment 43 Compartment 48

Average (SD) Values Average (SD) Values

Dominant Height (m) 25.5 (3.5) 22.0 (4.3)

For trees with DBH ≥ 14 cm

Mean DBH (cm) 32.3 (4.6) 14.9 (4.1)
Gross volume (m3/ha) 286.5 (91.6) 207.5 (105.0)

BA (m2/ha) 32.2 (9.6) 24.4 (110.0)
Stem density (trees/ha) 324 (93) 366 (102)

Proportion of conifer stems 0.46 (0.16) 0.26 (0.20)

Only for canopy trees

Mean DBH (cm) 36.5 (14.9) 34.3 (11.0)
Gross volume (m3/ha) 211.2 (61.7) 177.0 (82.9)

BA (m2/ha) 21.6 (5.7) 19.8 (7.9)
Stem density (trees/ha) 124 (57) 218 (105)

Proportion of conifer stems 0.55 (0.20) 0.30 (0.23)

Note: DBH ≥ 14 cm was used as it conforms to ordinary inventory practices of the University of Tokyo Hokkaido
forest. “Canopy trees” includes only trees representing the top or dominant canopy layer. Canopy trees were
identified using a plot-specific DBH threshold defined based on the percentage of cumulative DBH2 in the plot.

Table 3. Specifications of LiDAR data.

Parameter Description

Nominal flying height 600 m
Flying speed 140 km/h

Course overlap 50%
Pulse rate 100 kHz
Scan angle ±20◦

Beam divergence 0.16 mrad
Point density 8.4 pts./m2

2.2.3. UAV Imagery

UAV Equipment and Payload

UAV imagery was collected on 17 and 18 September 2015 for compartment 43 and on 2 September
2016 for compartment 48. Images were acquired using a Trimble UX5 (Trimble Navigation, Sunnyvale,
CA, USA) small fixed-wing UAV platform that weighs about 2.5 kg with its payload and that was
equipped with a lithium-polymer electric battery allowing for a maximum flight time of ~50 min.
The UAV was equipped with an on-board global navigation satellite system (GNSS) to provide rough
positioning. For this study, the UX5 was equipped with a Sony NEX-5T 16.1 megapixel RGB camera
(Sony, Tokyo, Japan) with an APS-C 23.5 × 15.6 mm CMOS image sensor as the payload. The camera
weighs approximately 218 g (110.8 × 58.8 × 32.5 mm) and has a shutter speed of 1/4000 s, a focal
length of 15 mm, and an ISO that adapts to the light conditions of each shot. These camera settings
ensured optimal exposure and prevented images from being affected by motion. Based on the weather
condition of the image acquisition days, the actual shutter speed of the camera was changed between
1/1600 s and 1/2000 s.
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UAV Imagery Collection: Planning and Implementation

Image acquisition was composed of three phases: the planning phase, the field phase, and flight
missions. In the planning phase, we used a flight simulation software package to obtain a plan for
flight implementation. The main input parameters required in the planning phase were flight altitude,
working area radius, and image overlap. Flight altitude and longitudinal and lateral overlaps were set
to 500 m, 95%, and 80%, respectively. However, the defined nominal longitudinal overlap was only
indicative, as it was subjected to changes during actual flight because of wind and differences between
the simulated and actual flight paths (average flight altitude for compartment 43 was 496 m, while for
compartment 48 it was 537 m). The home points (take-off and landing points) and 18 ground control
points (GCPs) were located in available open areas.

The field phase included marking GCPs on the ground and measuring their positions. We used
50 × 50 cm targets with a black-and-white checkerboard pattern as GCPs to ensure the greatest possible
contrast in the images. After fixing the GCP targets to the ground, we determined their centre position
using GPS and GLONASS. The nearest official reference point was used as the base station. Later,
we post-processed field-recorded coordinates using correction data from the base station.

The weather was stable during the three days of image collection. For each flight, the UAV took off,
ascended to the predetermined flight altitude, flew a parallel track course under GPS control, and then
automatically returned to and landed at the launch site. The camera was triggered automatically
based on the predefined flight plan, and images were stored in jpeg format. After each UAV flight,
images were downloaded to a field laptop. Trimming of unwanted photos resulted in a total of
2592 images (with an image resolution of 4912 × 3264 and a ground resolution of 14.1 cm/pixel) that
were subsequently used in the SfM processing workflow.

2.3. Data Analysis

2.3.1. Photogrammetric Processing

We used Agisoft PhotoScan Professional Edition 1.3.2 (Agisoft, St. Petersburg, Russia) to generate 3D
dense point clouds, as it has proven effective for the production of dense and accurate point clouds over
forested areas [38,51]. PhotoScan offers a user-friendly workflow that combines proprietary algorithms
based on computer vision SfM and stereo-matching for image alignment and 3D reconstruction [61].
This workflow consists of two stages: image alignment and point cloud densification. To avoid unsatisfactory
3D reconstruction, we selected parameters for each stage based on the results of an initial analysis of
a small area via forward sequential selection [35,48,62].

The first stage of processing, image alignment, consists of sparse reconstruction of the 3D geometry
by detection and matching of image feature points in overlapping images using SfM techniques. In this
stage, we used the highest image matching option, a key point limit of 40,000 and a tie point limit
of 4000. Absolute orientation was successful for all 2592 images. A total of 1,209,531 tie points were
generated in the initial alignment. However, to optimise the results, we manually edited the sparse
point cloud by deleting mislocated points based on three criteria: reprojection error, reconstruction
uncertainty, and projection accuracy. This optimisation reduced the final number of tie points to
1,100,760. To allow for more accurate model reconstruction, we then optimised the camera orientation
and internal parameters using GCPs. Optimisation was conducted for focal length in the x and y
dimensions (fx, fy), principal point coordinates (cx, cy), radial distortion coefficients (k1, k2, k3),
and tangential distortion coefficients (p1, p2).

In the second stage of processing, point cloud densification, the software calculates depth
information for images and combines all points into a single dense point cloud. To build the dense
point cloud, we selected a medium quality that downscaled the image size from the original image by
a factor of 8 to avoid excessive processing time. In addition, mild depth filtering was used to remove
outliers and reduce noise. The resulting dense point cloud had 93.98 × 106 points (average point
density = 5.8 points/m2) and was exported to LAS format (Coordinate system: JGD2000 Japan-19
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zone XII/ GSIGEO 2000 geoid) for further processing. PhotoScan was installed on a workstation with
an Intel Core i5-4670 CPU (Intel Corp., Santa Clara, CA, USA) at 3.4 GHz, 16 GB RAM, 64-bit OS,
and NVIDIA Quadro K2000 GPU. A total processing time of about 36 h of continuous computation
was needed to generate the point cloud across the study site.

2.3.2. Generation and Comparison of LiDAR and UAV-SfM CHMs

We generated canopy height models using point cloud data and compared them to LiDAR canopy
height models as the first step in assessing accuracy.

Generation of LiDAR Canopy Height

LiDAR non-ground points and their z values were used to derive the LiDAR digital surface
model (LiDARDSM) using the maximum z value of the point cloud within a 1 × 1 m grid used as the
DSM height for that grid cell. We considered the average tree crown size in the study area and the
point density when determining the grid size. A 1 m grid was chosen because it provided meaningful
values for canopy height in the study area. We built the LiDAR digital terrain model (LiDARDTM, 1 m
pixel resolution) using a triangulated irregular network (TIN) constructed from LiDAR ground points
using Delaunay triangulation. Then we calculated the LiDAR canopy height model (LiDARCHM) by
subtracting LiDARDTM from LiDARDSM.

Generation of UAV-SfM Canopy Height

We used UAV-SfM points and their z values to derive the UAV-SfM digital surface model
(UAV-SfMDSM) following the same procedure as for LiDARDSM generation. No void filling was
used to construct more accurate models. Several studies have highlighted the need for a precise DTM
to generate an accurate CHM from SfM [19,51,63]. To reconstruct the precise ground terrain using
an SfM point cloud, the ground must be visible from multiple locations. However, this is challenging
in forest areas with dense canopy cover [39]. Therefore, we used LiDARDTM to normalise absolute
heights in this study, such that we subtracted LiDARDTM from UAV-SfMDSM to obtain the UAV-SfM
canopy height model (UAV-SfMCHM).

Comparison of LiDARCHM and UAV-SfMCHM

LiDARCHM and SfMCHM were compared both visually and statistically. The differences between
the LiDARCHM and SfMCHM results were also evaluated through direct comparisons of pixel values
(i.e., subtraction of UAV-SfMCHM from LiDARCHM) for insight into their altimetric differences at the
pixel level.

2.3.3. Extraction and Comparison of Forest Structural Metrics

Although forest canopies are multifaceted, they are commonly studied using the dominant
characteristics of canopy structure. Previous forestry studies have assessed the accuracy of remote
sensing techniques by extracting various structural metrics that play major roles in forest management
and other ecological applications [9,14,23,24,39,43,55]. To assess the accuracy of the UAV-SfM point
cloud in detail and to thoroughly evaluate the differences between the UAV-SfM and LiDAR point
clouds, we used common plot-level structural metrics that can be easily generated from point cloud
data. We calculated the metrics described below for each sample plot (n = 105) using normalised
LiDAR and UAV-SfM point cloud data.

• Maximum height (MaxH)
• Mean height (MeanH)
• Standard deviation of heights, also known as the rugosity index [24] (SD of H)
• Coefficient of variation (CV of H)
• Skewness and Kurtosis
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• Percentile heights of 10%, 25%, 50%, 75% and 95% (P10, P25, P50, P75 and P95)
• Canopy cover above 2 m height calculated as the proportion of points above 2 m height to the

total number of points (d0)
• Density of points at 1st, 2nd, . . . , 9th height fractions (d1, d2, . . . , d9)
• Canopy cover above mean height calculated as the proportion of points above mean height to the

total number of points (dmean)
• Surface area ratio that is the proportion of 3D canopy surface area to the ground surface area.

Also known as “rumple index” [24].

The cloudmetrics function of the FUSION software package (version 3.60) [64] was used to extract
plot-level metrics. We computed all metrics using only points with heights greater than 2 m to eliminate
ground and understorey (e.g., Sasa spp.) returns.

To enable comparison of LiDAR and UAV-SfM metrics and assess their agreement, we calculated
the mean difference (MD), which indicates whether the UAV-SfM metrics are generally greater or
smaller than the corresponding LiDAR metric values, and the root mean square deviation (RMSD),
which indicates the average difference between metric values and clarifies the magnitude of the
differences between LiDAR and UAV-SfM metric values using the equations given below:

MD =
∑n

i=1((LiDAR)i − (UAV − S f M)i)

n
(1)

RMSD =

√
∑n

i=1 ((LiDAR)i − (UAV − S f M)i)
2

n
, (2)

where n is the number of sample plots, and (LiDAR)i and (UAVSfM)i are the LiDAR canopy height
and UAV-SfM canopy height, respectively.

To assess the degree of association between metric values, we also calculated the Pearson
correlation coefficient (R) between LiDAR and UAV-SfM metric values. Finally, the presence or
absence of statistically significant differences between metric mean values was tested using paired
two-sample t tests.

2.3.4. Evaluation of the Utility of UAV-SfM-Derived Point Cloud Products and Plot-Level Validation of
Canopy Height

To evaluate the utility of UAV-SfM-derived point cloud products for estimating plot-level forest
structural attributes we used generalised linear model (GLM) analysis. Based on similar published
studies, we selected a subset of structural metrics (described in Section 2.3.3) to be used as predictor
variables in our models. First plot-level field forest structural attributes, i.e., dominant height (hdom),
basal area (BA), quadratic mean DBH (Dq) and stem density (N), and their logarithmic transformations
were related to the RS derived structural metrics using regression analysis. Then the stepwise variable
selection was carried out, and the final model was selected based on Akaike’s information criterion
(AIC). In addition, the selection of predictor variables was penalised for collinearity using the variance
inflation factor (VIF). The accuracy of the predictions was validated at the plot level using leave-one-out
cross-validation (CV). The root mean square error (RMSE), relative root mean square error (RMSE%),
and bias were determined using the following equations:

RMSE =

√
∑n

i=1(yi − ŷi)
2

n
(3)

RMSE% =

(
RMSE

y

)
× 100 (4)

Bias = ∑n
i=1 yi − ŷi)

n
, (5)
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where n is the number of field plots, yi, is the observed value, ŷi, predicted value and y is the mean of
n observed values.

We used the terms “MD” (Equation (1)) and “RMSD” (Equation (2)) instead of “bias” and “RMSE”
when UAV-SfM data is compared to LiDAR data (as the reference data) to avoid the confusion that
UAV-SfM data is being compared to reference data but not to field data. When comparison involves
the UAV-SfM predictions of forest structural attributes and field data, the terms “bias” (Equation (2))
and “RMSE” (Equations (3) and (4)) were used exclusively.

2.3.5. Identification of Factors that Affect the Performance of UAV-SfMCHM

We examined the effects of canopy structural complexity and topographic conditions on the
performance of UAV-SfMCHM, as these factors affect the performance of digital photogrammetry
in forested areas [19,39,48,50]. LiDAR structural metrics are strongly correlated with variation in
vertical and horizontal forest structure at the stand level and hence explain the structural complexity
of the overall forest canopy [9,65]. Therefore, we selected several plot-level LiDAR structural metrics
described in the previous section, including mean height, canopy cover greater than 2 m, and surface
area ratio, to determine the influence of stand structure on the RMSD of canopy height. We also tested
the effects of ground conditions such as elevation, slope (calculated as the maximum rate of change in
z value from one cell to its neighbours), and aspect (which identifies the downslope direction of the
maximum rate of change in the value of each cell in relation to its neighbours) that were calculated using
LiDARDTM. Compartment was also included as an explanatory variable in the modelling, as stand
and site conditions were not identical between the two compartments. We performed multivariate
data analysis using a GLM with all metrics inputted as fixed components (compartment and aspect
were inputted as categorical factors, whereas all other metrics were inputted as numerical values) to
test the statistical significance of each factor as it affects the performance of UAV-SfMCHM.

3. Results

3.1. Comparison of LiDAR and UAV-SfM Outputs

3.1.1. LiDAR and UAV-SfM Point Cloud Properties

A transect of the LiDAR and photogrammetric point clouds is shown in Figure 2 for illustration
purposes. Unlike LiDAR pulses, which penetrate the forest canopy to better account for small gaps
and peaks, the photogrammetric point cloud had limited capacity to reconstruct small gaps and peaks.
The number of points that represented the ground was very low in the photogrammetric point cloud
and restricted to areas where large gaps were present or where bare earth was clearly visible from
the sky.

3.1.2. LiDAR and UAV-SfM CHMs

LiDARCHM, UAV-SfMCHM, and the canopy height difference model for compartments 43 and
48 are shown in Figure 3. LiDARCHM and UAV-SfMCHM generally showed good agreement, which
suggests that the overall quality of the reconstruction was consistent.

RMSD and MD for the study area were 3.89 and −0.70 m, respectively. The RMSD value for
compartment 43 (3.75 m) was lower than that for compartment 48 (4.01 m). Furthermore, compartment
43 showed a positive mean difference (MD) of 0.03 m, whereas a negative MD of 1.40 m was observed
for compartment 48. A histogram comparing CHMs over the study area is shown in Figure 4. Over the
entire study area, 43.9%, 66.7%, and 79.7% of the height values were within ±1, ±2, and ±3 m of
the corresponding reference point in LIDARCHM, respectively. Overestimations (in comparison to
LiDAR data) by greater than 4 m made up 3.7% of the data, whereas underestimations by less than 4 m
accounted for 9.3% of the results. The proportion of pixels with no data, mainly because of shadows,
was estimated at 0.6% over the study area. Overall, canopy height differences between LiDARCHM
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and UAV-SfMCHM were within the range of ±4 m for the majority of the area (88.3% for compartment
43, 84.5% for compartment 48, and 86.4% for both compartments).
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(UAV-SfMCHM) and height difference (∆h) between LiDARCHM and UAV-SfMCHM of compartment 43
(Top panel, left to right) and compartment 48 (Bottom panel, left to right). (1 m pixel resolution).
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Figure 4. Histogram showing the frequency of pixel values. ∆h is the difference between LiDARCHM

and UAV-SfMCHM. (The total numbers of pixels (1 m resolution) for compartments 43 and 48 were
3,348,801 and 3,390,657, respectively).

In-depth visual comparison highlighted several differences, examples of which are shown in
Figure 5. First, large positive differences were observed where occlusions were present, such as some
isolated tree crowns that were absent from the photogrammetric canopy surface model despite being
well represented in the aerial images (Figure 5a). Second, large negative differences in canopy height
occurred mainly where the UAV-SfM technique failed to accurately reconstruct small gaps (Figure 5b).
Third, the visual quality of the UAV-SfMCHM varied by stand, species, and tree density (Figure 5a,c,d;
e.g., mixed stands suffered more from the smoothing effect induced by dense point matching).
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Figure 5. Close-up view of the height difference model (left column), aerial orthophoto (centre
column), and UAV-SfMCHM (right column) for visual comparison. (a) Forest stand with low tree
density and more isolated trees, yellow cross icons in the aerial orthophoto indicate occluded tree
crowns; (b) forest stand with numerous small canopy gaps; (c) mixed forest stand with mature broadleaf
and conifer trees; and (d) mixed stands (dominated by both conifers and broadleaves) and young
broadleaf stand. White pixels represent areas of the UAV-SfMCHM with no data.
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Further comparison of LiDARCHM and UAV-SfMCHM at the plot level is shown in Figure 6. Small
gaps and tree tops were better represented by LiDARCHM. Crowns were generally wider and less
defined in UAV-SfMCHM, as was observed in the comparison of UAV-SfMCHM with LiDARCHM shown
in Figure 3. UAV-SfMCHM was overestimated when LiDARCHM values were close to zero (Figure 6d,h).
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Figure 6. Evaluation of the differences between LiDARCHM and UAV-SfMCHM. The two plots
with the lowest and highest RMSD values are shown for visual comparison (1 m pixel resolution).
(a–d,i,k) show LiDARCHM, UAV-SfMCHM, difference in height between LiDARCHM and UAV-SfMCHM,
scatter plot of LiDARCHM and UAV-SfMCHM, cross-sectional profile of LiDARCHM and UAV-SfMCHM

and cross-sectional profile of the difference of a plot with highest RMSD values, respectively;
(e–h,j,l) show LiDARCHM, UAV-SfMCHM, difference in height between LiDARCHM and UAV-SfMCHM,
scatter plot of LiDARCHM and UAV-SfMCHM, cross-sectional profile of LiDARCHM and UAV-SfMCHM

and cross-sectional profile of the difference of a plot with lowest RMSD values, respectively.
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3.2. Comparison of Structural Metrics Derived from Photogrametric Products

Comparisons of LiDAR and UAV-SfM structural attributes are summarised in Table 4 and Figure 7.
Although most of the variation was random, several common trends can be easily identified. Height
metrics that represent the upper layers of the canopy (e.g., maximum height, 95th and 75th percentiles
of canopy height) were underestimated, whereas height metrics that represent the middle and lower
layers of the canopy (mean canopy height; 10th, 25th, and 50th percentiles of canopy height) were
overestimated by the UAV-SfM technique.

In general, LiDAR and UAV-SfM values for all canopy height metrics showed strong correlations
that were significant at the 0.01 confidence level (Rs ≥ 0.74). Mean height and 95th percentile of
canopy height, which are commonly used to characterise structural complexity of the forest canopy,
showed strong correlations between LiDAR and UAV-SfM values (0.95 for mean height and 0.96 for
95th percentile of canopy height) and comparatively lower RMSD values (1.48 m for mean height
and 1.45 m for 95th percentile of canopy height). In addition, the standard deviation of canopy
height, which is often used to represent the vertical variation in the canopy, showed good agreement
(R = 0.74) between the two methods, with an MD of 1.20 m and RMSD of 1.43 m. Aside from the
LiDAR and UAM-SfM means of skewness and 75th percentile of canopy height (P75), no statistically
significant differences were found between LiDAR and UAV-SfM means of height metrics at the
0.01 confidence level.
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Table 4. Results of RS structural metric comparisons.

Structural Metrics
Compartment 43 Compartment 48

LiDAR Mean
(SD)

UAV-SfM
Mean (SD)

MD (SD of
Difference) RMSD LiDAR Mean

(SD)
UAV-SfM

Mean (SD)
MD (SD of
Difference) RMSD

MaxH (m) 30.00 (3.72) 27.05 (3.49) 2.96 (1.14) 2.69 25.41 (4.54) 24.37 (4.36) 1.05 (1.84) 2.24
MeanH (m) 16.78 (3.21) 17.07 (3.53) −0.29 (0.93) 1.12 13.90 (3.43) 15.42 (4.31) −1.52 (1.25) 2.34
SD of H (m) 5.19 (0.99) 3.86 (1.15) 1.34 (0.78) 1.47 4.18 (0.92) 3.16 (0.87) 1.02 (0.77) 1.24
CV of H (m) 0.32 (0.06) 0.24 (0.09) 0.08 (0.10) 0.13 0.31 (0.06) 0.22 (0.10) 0.09 (0.06) 0.08

Skewness −0.46 (0.56) −0.35 (0.68) −0.12 (0.42) 0.69 −0.22 (0.53) −0.15 (0.73) −0.07 (0.52) 0.70
Kurtosis 3.26 (0.88) 3.64 (1.27) −0.38 (0.98) 1.49 3.23 (0.73) 3.65 (1.55) −0.42 (1.36) 2.41
P10 (m) 9.46 (2.53) 11.97 (3.83) −2.51 (2.11) 3.39 8.30 (2.53) 11.33 (4.22) −3.03 (2.12) 3.82
P25 (m) 13.68 (3.28) 14.71 (3.68) −1.03 (1.40) 2.07 11.30 (3.30) 13.41 (4.45) −2.11 (1.56) 2.79
P50 (m) 17.44 (3.73) 17.41 (3.83) 0.03 (0.74) 0.80 14.18 (3.80) 15.48 (4.55) −1.30 (1.24) 2.13
P75 (m) 20.39 (3.91) 19.69 (3.84) 0.70 (0.62) 0.91 16.74 (4.07) 17.52 (4.52) 1.07 (0.07) 1.74
P95 (m) 24.25 (3.53) 22.87 (3.50) 1.38 (0.57) 1.21 20.41 (4.05) 20.46 (4.44) 1.40 (0.40) 1.95

d0 0.94 (0.05) 0.99 (0.04) −0.05 (0.03) 0.05 0.91 (0.15) 1.00 (0.00) −0.09 (0.15) 0.34
d1 0.92 (0.06) 0.97 (0.07) −0.05 (0.04) 0.06 0.89 (0.16) 0.98 (0.04) −0.10 (0.12) 0.28
d2 0.89 (0.08) 0.95 (0.10) −0.06 (0.04) 0.07 0.85 (0.18) 0.94 (0.14) −0.10 (0.06) 0.12
d3 0.85 (0.11) 0.93 (0.14) −0.07 (0.06) 0.09 0.79 (0.21) 0.91 (0.18) −0.12 (0.06) 0.14
d4 0.78 (0.16) 0.87 (0.21) −0.09 (0.07) 0.10 0.70 (0.24) 0.84 (0.23) −0.15 (0.06) 0.15
d5 0.71 (0.21) 0.80 (0.27) −0.09 (0.07) 0.11 0.58 (0.27) 0.73 (0.30) −0.15 (0.08) 0.16
d6 0.63 (0.23) 0.73 (0.29) −0.10 (0.08) 0.14 0.46 (0.29) 0.59 (0.36) −0.13 (0.10) 0.16
d7 0.55 (0.23) 0.64 (0.29) −0.08 (0.09) 0.14 0.34 (0.26) 0.47 (0.37) −0.12 (0.13) 0.22
d8 0.45 (0.21) 0.50 (0.26) −0.05 (0.09) 0.12 0.24 (0.22) 0.35 (0.32) −0.11 (0.14) 0.25
d9 0.33 (0.18) 0.33 (0.21) 0.00 (0.06) 0.07 0.14 (0.15) 0.22 (0.25) −0.08 (0.14) 0.24

dmean 0.51 (0.06) 0.52 (0.06) −0.01 (0.04) 0.05 0.48 (0.10) 0.51 (0.06) −0.03 (0.07) 0.11
Surface area ratio 5.27 (0.54) 3.67 (0.28) 1.60 (0.43) 1.15 4.74 (0.44) 3.48 (0.19) 1.26 (0.40) 0.97
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Note that all density metrics that represent the canopy cover at different strata were overestimated
by the UAV-SfM technique, which indicates the poor canopy penetration capacity of UAV-SfM data
relative to LiDAR data. However, there were no statistically significant differences between mean
values of LiDAR and UAV-SfM density metrics at the 0.01 confidence level, except for density above
the minimum canopy height of 2 m (d0). When we examine the density values above mean height
(dmean), it is evident that there was somewhat better agreement between LiDAR and UAV-SfM values,
with MD, RMSD, and R values of −0.02, 0.06, and 0.74, respectively (Table 4). For the surface area
ratio (a ratio of the 3D canopy surface area to the 2D ground area that represents canopy roughness),
R values were generally low. The mean surface area ratio estimated using the UAV-SfM technique
was 3.59, which was significantly lower than its LiDAR counterpart of 5.04, although no statistically
significant difference was found at the 0.01 confidence level.

3.3. Regression Modelling and Plot-Level Validation of Forest Structural Attributes

The regression models selected according to the AIC values and penalised for collinearity are
summarised in Table 5. Different height and density metrics were selected for each model. Nevertheless,
every model included at least one height metric and one density metric. Model residuals were tested
for violations of regression assumptions. Residuals were normally distributed and no serious problem
of heteroscedasticity was found for all the models. Overall, both data sources resulted in models with
similar relationships between the estimated and observed values (Figure 8). RMSE% of Hdom showed
the lowest relative RMSE (LiDAR Hdom and UAV-SfM Hdom were 6.26% and 7.43%, respectively),
whereas the highest RMSE% values were reported for stem density (22. 26% for LiDAR model and
22.67% for UAV-SfM model).

3.4. Factors that Affect the Performance of UAV-SfMCHM

Results of GLM analysis are summarised in Table 6. Based on the estimated coefficients, we found
a statistically significant association between all selected forest structural metrics and the RMSD of
canopy height. RMSD showed a positive relationship with the structural metrics of surface area ratio
(R = 0.23; Figure 9a), representing the roughness of the canopy through the vertical and horizontal
variation in the canopy height, and MeanH (R = 0.19; Figure 9b). Canopy cover was negatively
related to RMSD (R = −0.06; Figure 9c). However, in contrast to structural metrics, no statistically
significant associations were found between metrics that explain topographic conditions, such as slope,
aspect, or elevation, and RMSD values at the 0.01 confidence level. However, compartment showed
a statistically significant association with RMSD, which indicates an influence of stand or site condition
differences between the two compartments.

Table 5. Summary of regression modelling of forest structural attributes. All regressions were significant
at p < 0.05.

Explanatory Variable a RMSE b RMSE% c

Dominant height (hdom)
LiDAR model P95, d2 1.50 m 6.26

UAV-SfM model P75, SD of H, d1 1.78 m 7.43

Basal area (BA)
LiDAR model MaxH, d6 4.58 m2/ha 15.82

UAV-SfM model SD of H, P95, dmean 5.42 m2/ha 18.74

Quadratic mean DBH (Dq)
LiDAR model MaxH, P10, d1 3.75 cm 11.54

UAV-SfM model P95, d1 3.92 cm 12.07

Stem density (N)
LiDAR model P10, d1, d8 76 trees/ha 22.26

UAV-SfM model SD of H, d1, d8, dmean 78 trees/ha 22.67
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(left column), field-measured and UAV-SfM-estimated forest structural attributes (center), and
LiDAR-estimated and UAV-SfM-estimated forest structural attributes (right column). Each dot
represents one field sample plot.

Table 6. Results of the analysis of RMSD values and forest structural and topographic conditions
using GLM.

Variable Coefficient Standard Error t Value p Value

(Intercept) −0.48 1.68 −0.28 0.778
Altitude 0.00 0.00 −0.52 0.605

Aspect (North) 0.26 0.44 0.58 0.565
Aspect Northeast) 0.04 0.29 0.15 0.881
Aspect (Northwest) −0.42 0.34 −1.26 0.210

Aspect (South) −0.16 0.30 −0.54 0.588
Aspect Southeast) 0.14 0.29 0.49 0.625

Aspect (Southwest) −0.18 0.28 −0.65 0.515
Aspect (West) −0.14 0.31 −0.47 0.643

Slope 0.01 0.01 1.10 0.273
MeanH 0.14 0.04 3.99 0.000 ***

Canopy cover −2.85 0.90 −3.17 0.002 **
Surface area ratio 0.91 0.20 4.57 0.000 ***
Compartment 48 0.99 0.21 4.82 0.000 ***

Note: AIC = 297.85. Significance codes: ** 0.01, *** 0.001.
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4. Discussion

4.1. Characterisation of Forest Canopy Using the UAV-SfM Technique

Our results demonstrate that the UAV-SfM technique can provide fair characterization of a mixed
conifer–broadleaf forest canopy that is comparable to high-cost airborne LiDAR data. In this study,
four major characteristics of the UAV-SfM point clouds and CHMs were observed.

First, a limited number of UAV-SfM points denoted the ground, and these were often restricted
to large open areas clearly visible from the sky, omitting small canopy gaps (Figures 2 and 5) from
the 3D reconstruction. Unlike LiDAR data, which penetrate the canopy and capture details of the
terrain well, digital photogrammetry produces point cloud data based only on the canopy surface
that is visible from the sky. Therefore, incomplete details of the terrain can be attributed to occlusion
of the terrain by the forest canopy at most viewing angles, particularly in areas with dense canopy
cover. This well-known limitation of digital photogrammetry known as dead ground [29] is caused
by the canopy obscuring the ground, resulting in significant omissions. Consistent with previous
studies [39,40,46], our results revealed that the UAV-SfM technique is capable of capturing terrain over
certain vegetated surfaces, such as sparse forests with large open areas, but does not function very well
in forested areas with dense or closed canopies. This finding highlights the need for an accurate DTM
from an alternative source to calculate canopy height with photogrammetric surface models in dense
forest areas. In addition, overestimation of UAV-SfMCHM occurred when LiDARCHM values were near
zero (Figure 6) as a result of poor reconstruction of small canopy gaps by the UAV-SfM technique
and the limited capacity of UAV-SfM data to penetrate the outer canopy and acquire information
on lower canopy layers. This limitation is due to leaves and branches of canopy trees that occlude
terrain and cast shadows on understory features. These unreconstructed small canopy gaps resulted
in overestimation of canopy cover (d0) as well as overestimation of density metrics (in comparison
to LiDAR data) in all canopy strata when UAV-SfM data were used, particularly in lower canopy
height strata. Previous studies have reported similar overestimations resulting from unreconstructed
small canopy gaps regardless of the data collection platform used, e.g., multi-rotor UAV [39], mini
fixed-wing UAV [19], manned aircraft [40] and satellite [50].
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Second, the photogrammetric technique introduced underestimations into the UAV-SfMCHM

due to unsuccessful reconstruction of the fine peaks of some coniferous trees (Figure 2) as well as
some isolated tree crowns (Figure 5). Mixed forest stands with more coniferous trees were affected
more by smoothing in the dense matching process and exhibited large RMSD values. This finding is
attributable to the presence of numerous abrupt fine-scale peaks and gaps in the outer canopy that cause
object discontinuities or abrupt vertical changes in the canopy. These unreconstructed and partially
reconstructed tree crowns in UAV-SfMCHM might result from the built-in algorithm parameters,
including the absence of specifically optimized algorithms for trees, inadequate altimetric dilation,
and the degree of regularization, in the photogrammetric software package. Leisen et al. [19] improved
conifer reconstruction by optimizing the matching algorithms for conifers, but such optimization
introduced omissions of broadleaf trees in their study.

Third, the UAV-SfM technique tends to underestimate the height of the upper canopy layer but
overestimate the height of the middle and lower layers of the canopy (Table 4). As discussed previously,
underestimation of the upper canopy can be attributed to poor reconstruction of fine peaks, whereas
overestimation is a result of poor penetration through the upper canopy layer and unreconstructed
canopy gaps. Although there is not sufficient evidence in the existing literature, we suggest that it is
possible to minimise these reconstruction problems using higher resolution aerial photographs.

Fourth, the surface area ratio metric was significantly underestimated by UAV-SfM data compared
to LiDAR data (Table 4). The surface area ratio is calculated by dividing the 3D surface area of the forest
canopy by the corresponding 2D planimetric area. Therefore, underestimation of the surface area ratio
is caused by underestimation of the 3D canopy surface area as a result of a combination of the factors
discussed previously, including poor reconstruction of canopy gaps, unreconstructed or incompletely
reconstructed fine peaks, and omission of some isolated tree crowns. Understanding the causes behind
overestimation and underestimation of canopy height allows the users of photogrammetric products,
in particular forest managers, to more carefully interpret the results of UAV-SfM products.

4.2. Estimation and Plot-Level Validation of Forest Structural Attributes

Our results for plot-level estimation and validation of the dominant canopy height are consistent
with previous studies that used UAV image-based point cloud products. Lisein et al. [19], who used
fixed-wing UAV (Gatewing X100) imagery, reported an RMSE value of 1.65 m for dominant height in
deciduous broadleaf stands of mixed ages. The mean error and RMSE values obtained for dominant
height in our study (mean error = −0.14 m, RMSE = 1.78 m) are lower than those found in previous
studies that used digital photogrammetry, e.g., Baltsavias et al. [50] (RMSE = 6.61 m for deciduous
forests using IKONOS imagery); Järnstedt et al. [35] (RMSE = 5.42 m for state owned forest in Southern
Finland using aerial imagery); and Gobakken et al. [40] (Relative RMSE = 9.3% for mature Norway
spruce, pine and mixed forest using aerial imagery). This is also true for BA (a relative RMSE of 36.3%
was estimated by Järnstedt et al. [35] whereas Gobakken et al. [40] reported a relative RMSE of 18.3%),
and stem density (relative RMSE of 43.7% by Gobakken et al. [40]. These differences in results can
be attributed primarily to data sources, flight configurations, image acquisition parameters, GCPs,
and processing workflows (software packages and algorithms), as these parameters directly affect the
accuracy of image matching and point densification and thus the quality of the photogrammetric point
cloud. Specifically, two major factors facilitated the improvement in results obtained in this study. First,
the high quality and large overlap of our UAV imagery allowed us to build a gap-free point cloud data
set. Because of the reported impact of image quality and overlap [39,43,48] on the tie point detection
and image matching procedures, we designed the flight plans to achieve a very high overlap between
individual images (>90%), and flights were undertaken under stable and clear weather conditions for
all data acquisition. Therefore, our data set contained only very small areas with no data (accounting
for less than 1% of the study area) in our UAV-SfM point cloud data set, which may have been due
to shadows and the viewing angle of the camera. Second, choosing appropriate parameter settings
for built-in algorithms in the photogrammetric workflow of the Agisoft software package improved
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our results. It is generally recommended that researchers determine the optimal parameter settings
for a particular area based on a preliminary evaluation (i.e., by using sequential selection for a small
area), because inappropriate parameter settings can produce unsatisfactory 3D reconstruction even
with a robust photogrammetric workflow [35,48,62].

However, Jensen and Mathews [46] (RMSE = 1.24 m for Oak-Ash Juniper Savanah and closed
canopy woodland using Hawkeye II UAV imagery) reported lower RMSE values for dominant height
than ours. Puliti et al. [38] also reported lower RMSE values for dominant height (RMSE = 0.72 m
and relative RMSE = 3.5%), and basal area (RMSE = 4.49 m2/ha, relative RMSE = 15.4%). This may
be because of differences in the forest types studied, as both boreal and woodland forest types have
relatively simple structures that differ from those of mixed conifer–broadleaf forests in northern Japan
in terms of species composition, height variations, and other factors. Bohlin et al. [36] concluded that
their estimations improved after using textural properties as independent variables. Puliti et al. [38]
concluded that addition of spectral variables as independent variables improved the accuracy of
estimations only to a limited degree. Nevertheless, we did not include textural properties or spectral
variables as predictor variables as it was outside the scope of the current study.

4.3. Influence of Forest Structural Properties and Topographic Conditions on the Performance of Canopy
Height Models

In accordance with previous studies [19,39,48], our results reveal the influence of several canopy
structural metrics that drive the overall structural complexity of the forest canopy (i.e., structural
metrics that are sensitive to both vertical and horizontal variation in the canopy) on the performance
of photogrammetric CHMs (Table 6 and Figure 9). When the forest canopy has numerous small
canopy gaps and peaks, resulting in a rougher canopy surface with significant vertical and horizontal
variation, errors tend to be introduced into 3D reconstruction, such as unreconstructed or poorly
reconstructed small canopy gaps and peaks and smoothing errors (Figures 2, 5 and 6). These errors
result in overestimation or underestimation of canopy cover, height, and 3D canopy surface area,
whereas poor penetration of point clouds and shadows cast by dense canopies lead to incomplete
information on the middle and lower canopy layers. Similar variations were found in other studies
that used different software packages, which suggests that these variations are not related to matching
algorithms [19,62,66]. In contrast to Müller et al. [56] and Baltsavias et al. [50], who conducted their
studies in mountainous forest environments, we did not observe a clear relationship between ground
slope and RMSD values. This may be because of the narrow range of slopes in our field data set.
Understanding the performance of photogrammetric products and their behaviour under canopies
of varying structural complexities and topographic conditions can support improved management,
such as determining how and when to use the UAV-SfM technique for data acquisition and how to
interpret the results in light of the structural complexity and conditions of a particular site.

4.4. General Considerations for Forestry Applications

Overcoming the major limitations of UAVs in operational forestry, including daily coverage
area and coverage area per flight session [38,40,45], our fixed-wing UAV enabled the acquisition
of imagery from an area of 675 ha over three days because of its high speed, higher flight altitude,
and improved battery power. This study highlights the potential of fixed-wing UAVs in operational
forest management at the landscape level, specifically at the forest management compartment level.

In general, common inaccuracies can be minimised further by improving the accuracy of image
matching through the use of proper camera and flight parameter settings [55], capturing images along
multiple flight lines perpendicular to the apparent flight path (i.e., a grid flight pattern) to allow for
better estimation of the canopy boundaries [39], increasing the flight overlap rate [37], and capturing
images under optimal atmospheric conditions [62]. Careful planning and implementation of fixed-wing
UAV missions and an effective photogrammetric workflow are both required to acquire reliable
image-based point cloud data with high spatial, temporal, and spectral resolution (e.g., [67,68]).
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In this study, we derived the same structural metrics using LiDAR and UAV-SfM data sets and
conducted comparisons to reveal the inherent differences between the two methods. Similar study
was also conducted by White et al., [43] for coastal forest environment. It is necessary to conduct such
a comparison to determine whether UAV-SfM data can be recommended as an appropriate alternative
to LiDAR data. However, because UAV-SfM and ALS use different techniques to characterise the forest
canopy (i.e., ALS uses a laser beam and UAV-SfM uses RGB imagery and digital photogrammetric
techniques), Bohlin et al. [36] tried to develop unique structural metrics using image-based point
clouds to meet their study objectives rather than applying commonly used structural metrics. Thus,
we recommend detailed analysis of photogrammetric products based on the user’s requirements
and a thorough validation of the structural metrics derived from those products prior to their use in
specific forestry applications such as forest inventory, canopy complexity analysis, or forest canopy
dynamics assessment.

One of the key problems facing widespread application of the UAV-SfM technique is the difficulty
of validating photogrammetric results with accurate and contemporary reference data, particularly
when actual field measurements are insufficient for reconstructing the 3D canopy surface. In this study,
we used LiDAR data to determine the quality and accuracy of UAV-SfM-based CHMs and structural
metrics using LiDAR-based CHMs and structural metrics. However, the results of such a comparison
need to be interpreted with caution, as LiDAR data also have limitations, such as underestimation of
canopy height in some cases and susceptibility to influences of terrain steepness and crown shape [69].

Moreover, in this study we tested how well the photogrammetric products (point clouds, canopy
models and structural metrics) can replicate LiDAR-based products because such tests contribute
substantially for the knowledge on the applicability of photogrammetric products in forestry, e.g., when,
where and how photogrammetric products can be effectively utilised. Our results demonstrated that
the UAV-SfM products can be effectively utilised in mixed conifer–broadleaf forests with comparable
accuracy to LiDAR data. This finding together with our previous study that reported the ability
of LiDAR data to predict the actual forest structure in mixed conifer–broadleaf forests in northern
Japan [65], indicate the potential of UAV-SfM products being successfully applied to predict the actual
forest structure. Nevertheless, the ability of UAV-SfM products in predicting the actual forest structure
has not been studied in detail in this study. Therefore, our next research attempt would be to address
one of the most relevant issues in forestry, i.e., how well UAV-SfM products can predict the actual
structure of mixed conifer–broadleaf forests in northern Japan.

5. Conclusions

In this study, the UAV-SfM technique provided a fair characterisation of a mixed conifer–broadleaf
forest canopy with varying levels of structural complexity comparable to the results of high-cost
airborne LiDAR observation. LiDAR and UAV-SfM data provided similar results in terms of area-based
dominant height, basal area, and quadratic mean DBH estimations. Therefore, our results highlight
that although there’re differences in between airborne laser scanning and digital photogrammetry
techniques, digital photogrammetric products developed using fixed-wing UAV imagery over the
mixed conifer–broadleaf forests in northern Japan performed well in characterising forest canopy
structure and predicting forest structural attributes that are commonly used in forestry applications.
However, UAV-SfM CHMs are likely to be influenced by the structural complexity of the forest canopy.
Furthermore, our study demonstrates that fixed-wing UAV imagery could be utilised efficiently in data
collection at the local scale, that the SfM technique is capable of detailed automatic reconstruction of
the 3D forest canopy surface of mixed conifer–broadleaf forests, and that and that UAV-SfM products
are promising for providing reliable forest canopy structural measurements when combined with
a LiDAR DTM. A comparison of fixed-wing UAV-SfM data and LiDAR data for forest canopy analyses
was the central focus of this study. However, for overall forest structural assessment studies (i.e., those
that include the understorey and ground layers), UAV-SfM data could be utilised as a complement
rather than an alternative to LiDAR data for two reasons. First, a photogrammetric point cloud does
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not provide the same level of penetration into the canopy as LiDAR and therefore cannot deliver the
same level of information on vertical stratification, understorey vegetation layers, and ground cover.
Second, the accuracy of forest canopy height measurements and the use of photogrammetric canopy
height models in forest areas with dense canopy cover depend largely on the availability of an accurate
DTM, preferably a LiDAR DTM. We can expect several future improvements in the application of
fixed-wing UAVs in the forestry sector given their potential to provide detailed information to forest
managers and ecologists. For example, point clouds and CHMs with high accuracy can be used in
multi-source forest resource assessment and forest structural dynamics monitoring at local scales,
whereas high-resolution orthomosaics are better suited to stand delineation, mapping, and forest
health monitoring. As shown in our study, fixed-wing UAVs offer key advantages for operational
forest management. Therefore, future research should focus on broader and more relevant topics in
forestry such as testing how well the photogrammetric products can predict the actual forest structure,
and analyzing the structural complexity of the forest canopy and its dynamics using fixed-wing UAV
imagery. In addition, research into improving the accuracy of photogrammetric products for various
forest types would also provide great benefit.
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