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Abstract: Laser scanning data from unmanned aerial vehicles (UAV-LS) offer new opportunities
to estimate forest growing stock volume (V) exclusively based on the UAV-LS data. We propose
a method to measure tree attributes and using these measurements to estimate V without the use
of field data for calibration. The method consists of five steps: i) Using UAV-LS data, tree crowns
are automatically identified and segmented wall-to-wall. ii) From all detected tree crowns, a sample
is taken where diameter at breast height (DBH) can be recorded reliably as determined by visual
assessment in the UAV-LS data. iii) Another sample of crowns is taken where tree species were
identifiable from UAV image data. iv) DBH and tree species models are fit using the samples and
applied to all detected tree crowns. v) Single tree volumes are predicted with existing allometric
models using predicted species and DBH, and height directly obtained from UAV-LS. The method
was applied to a Riegl-VUX data set with an average density of 1130 points m−2 and 3 cm orthomosaic
acquired over an 8.8 ha managed boreal forest. The volumes of the identified trees were aggregated
to estimate plot-, stand-, and forest-level volumes which were validated using 58 independently
measured field plots. The root-mean-square deviance (RMSD%) decreased when increasing the
spatial scale from the plot (32.2%) to stand (27.1%) and forest level (3.5%). The accuracy of the UAV-LS
estimates varied given forest structure and was highest in open pine stands and lowest in dense birch
or spruce stands. On the forest level, the estimates based on UAV-LS data were well within the 95%
confidence interval of the intense field survey estimate, and both estimates had a similar precision.
While the results are encouraging for further use of UAV-LS in the context of fully airborne forest
inventories, future studies should confirm our findings in a variety of forest types and conditions.
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1. Introduction

Forest growing stock volume (V; m3 ha−1) is an essential measure used to characterise forest
structure, value and is often used to estimate forest above-ground biomass (AGB; t ha−1). Maps and
estimates of forest V and its changes are central to understand the carbon and water cycles, for assessing
the climate change mitigation potential of forests and to quantify ecosystem services [1]. Several earth
observation missions, such as Global Ecosystem Dynamics Investigation (GEDI),

NASA-ISRO SAR Mission (NISAR), and BIOMASS, aim specifically at mapping forest AGB and
will improve our ability to consistently map and estimate forest resources across the globe [2,3]. Still,
all operational applications of remote sensing techniques for forest inventory require field observations
for calibration of models and their validation [4]. Due to high costs of field work, the development of
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methods for forest inventories and mapping that only utilise remotely sensed data without the need
for in-situ field data represent a breakthrough for the utility of RS data [5]. We will use the term ‘direct
estimation’ to describe remote-sensing based estimates that are obtained without the use of in-situ
field data for fitting or calibrating empirical models.

In the past decade, terrestrial laser scanning (TLS) emerged as a promising data source for
directly estimating forest AGB [6–8]. Furthermore, airborne laser scanning (ALS) data have also been
used to directly estimate AGB [5]. Recent technical development in miniaturised survey-grade laser
scanning sensors suitable for unmanned aerial vehicles (UAV-LS) allows for the collection of detailed
three-dimensional (3D) data similar to TLS data with the wall-to-wall characteristics of airborne data.
Thanks to the combination of the wall-to-wall capabilities and the finely detailed representation of
single trees, UAV-LS data opens new frontiers in direct forest measurement from remote sensing
data [9].

UAV-LS data are particularly attractive as they allow for dense (1000–20,000 points m−2) sampling
of the 3D structure of the forest canopy, including crowns, stems, branches, and understory vegetation.
Thus, UAV-LS data have the potential to be used in a similar manner as TLS to obtain direct estimates
of tree-level characteristics such as volume or AGB. While UAV-LS data have more occlusion than TLS
data in the lower parts of the canopy, it can be collected on a much larger area and with only a fraction
of the time for data acquisition. The possibility to use UAV-LS data for estimating AGB or growing
stock is particularly attractive as calibration and validation datasets for space-borne earth observation
programs [10]. In such applications, UAV-LS data may be used to estimate AGB or growing stock for
the exact spatial extent and shape of the space-borne sensor footprint.

Early studies by Jaakkola et al. [11] and Wallace et al. [12] first introduced the use of UAV-LS for
forest inventory. Since then, an increasing number of studies adopted single tree methods to assess
biophysical properties such as tree height [13–15], tree crown properties [15–17], tree density [15],
or diameter at breast height (DBH) measurements [14,18,19] and AGB [20,21]. The latter two variables
are the most challenging and yet relevant, which potentially can justify the high costs of acquiring
UAV-LS data. DBH is a relevant variable as it is widely used in forest inventory for valuation and
simultaneously allows to obtain volumetric single tree estimates using existing allometric models.
Despite the somewhat encouraging results in terms of DBH measurement accuracy (1–7 cm), the existing
studies did not provide methods for how UAV-LS single tree measurements can be used to predict
single tree volume. The exception is the recent study of Wang et al. [21] that adopted a tree-centric
method [22] consisting of using measured height and DBH from UAV-LS data, with species information
from a field-plot survey to predict single tree AGB using pre-existing allometric models. They obtained
plot-level estimates by excluding the commission errors from the segmentation algorithm, which makes
the method reliant on the availability of field data. A general finding of all UAV-LS studies is that DBH
measurements are only possible for a sample of the entire population, including mainly dominant or
isolated trees.

Based on the reported omission errors from UAV-LS data (15%–80%) and difficulties of measuring
DBH for all trees [20,21], it is not foreseeable in the near future to obtain UAV-LS based AGB or growing
stock predictions for all trees in a population. A key scientific challenge is, therefore, to develop
methods for using the available UAV-LS single tree measurements into plot-, stand-, or forest-level
estimates while accounting for the non-probability nature of the sampled trees.

Potential ways for direct estimation of AGB without the use of in-situ observations have been
proposed [5,22–24] and consist of estimating single tree AGB by applying available allometric models
using ALS-derived single tree variables (e.g., top height, crown area, crown base height) as predictors.
While the approach developed by Ferraz et al. [5] is useful as it can be applied over large areas and
can account for different vertical layers of the forest canopy, it was designed to segment tree crowns,
and its applicability to discriminate between stems and understory vegetation in the lower parts of
the canopy is unknown. The substantial increase in point density of UAV-LS data compared to ALS
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requires methods that, similar to TLS applications, can separate the stems from the other vegetation,
especially in the lower parts of the canopy, thus allowing DBH measurements.

The objective of this study is to illustrate a model-based method to use a sample of trees with
DBH, tree species and tree height measured from UAV-LS data to predict single tree V and to use the
predictions to estimate V at the plot, stand, and forest levels. The proposed method relies solely on
UAV-LS and field data (i.e., 58 plots) were used only for independent validation.

2. Materials

2.1. Study Area

The study area (59.65 N, 10.81 E) was located in south-eastern Norway and comprised 8.8 hectares
of managed boreal forest. The study area has been subject to varying management and thus includes
a variety of forest conditions in terms of forest cover, vertical distribution of the vegetation, and species
composition. The vertical structure varied from single layer forests to multi-layered forests with
continuous vegetation through the height profile. The forest cover varied from open single-story
Scots pine (Pinus sylvestris L.) forests with low productivity (i.e., a minimum of 520 trees ha−1) to
areas with full canopy cover (3440 trees ha−1) in highly productive Norway spruce (Picea abies (L.)
Karst)-dominated stands. In most areas, the understory was characterised by a layer of birch (Betula
pubescens and Betula pendula) ranging in height from 1 m to 5 m. Concerning the basal area, the dominant
tree species were Scots pine (64% of the total), followed by Norway spruce (22%), and deciduous species
(14%). In terms of tree density, according to the field data acquisition (see Section 2.2), the number of
trees per hectare varied from a minimum of 400 to a maximum of 4400.

2.2. Field Data

Field data were acquired during 12 days in October 2017 by one field worker for a total cost of
approximately 9900 Euros at the time of acquisition. The field data consisted of 58 systematically
distributed field plots (Figure 1). The plots were located approximately on a 40 × 40 m grid.
The systematic design was adopted in order to ensure a representative sample and a rather large
sampling fraction. The field plots were circular and had a fixed area of 250 m2. The total area covered
by the sample plots was approximately 1.5 hectares corresponding to a sampling fraction of 16.7% of
the area of interest. This fraction was purposively large to estimate V at stand and forest level with
large precision and thus provide a suitable validation dataset.

The DBH (cm) and tree species were recorded for trees with DBH > 5 cm within each plot using
the digital calliper DP II [25].Tree height (m) was measured for a subsample of 10 trees per plot using
a Vertex Laser 5 [26]. The centre of each plot was measured using a Topcon GR-3 differential GPS [27].

For each plot, V was predicted using the following procedure. The volume of each height sample
tree was predicted using species-specific volume models [28–30] using DBH and height as predictor
variables (see Annex 1 in Supplementary Materials for volume functions). The volume of the height
sample trees was also predicted using the same models but with a predicted height according to
standard height-DBH models [31,32]. The same models were also used to predict height and volume
for trees with no height measurements. For the trees without height measurements, the volume was
then adjusted by a plot and species-specific mean-of-ratios, calculated as the mean of the ratio of
the volume of height sample trees using the true height and the predicted height. The plot-level
volume was obtained as the sum of the individual trees’ volume within each plot scaled to per-hectare
values. For the purpose of this study the area was manually delineated into 14 stands (Figure 1).
The delineation was done according to tree species, canopy height and density from UAV-LS data.
The stand area was on average 0.6 ha and in the range 0.2–1.1 ha. The forest level was defined as the
union of all of the stands, or the entire area covered by the UAV-LS data. The stand- and forest-level
volumes were estimated assuming simple random sampling using the plots available either within
each stand or in the latter case using the entire set of field plots in the forest area. Summary statistics
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for the field data in terms of number of available observations, mean, minimum, and maximum are
presented in Table 1.

Figure 1. Overview of the study area location and sampling design.

Table 1. Summary statistics for growing stock volume at the different spatial scales (plot, stand,
and forest levels).

Number Mean (m3 ha−1) Minimum (m3 ha−1) Maximum (m3 ha−1)

Plot 58 321.22 93.15 910.71
Stand 14 321.22 144.83 596.27
Forest 1 321.22 321.22 321.22

2.3. Remotely Sensed Data

UAV-LS Data

UAV-LS data were acquired on 1 September 2017 by an external data provider for a cost of
10,500 Euros (costs inclusive of two UAV operators, equipment, licences, and data pre-processing).
The data acquisition platform was a Camflight X8HL multirotor UAV [33] mounted with a Riegl-VUX-1
UAV laser scanning sensor [34] and Applanix AP 20 inertial navigation system and global navigation
satellite system [35]. The data acquisition was conducted in two separate flights at 120 and 80 m
above-ground level flown at 6 m sec−1. The total flight time was 37 minutes. The laser scanning sensor
was configured to acquire data for with a scan angle ±45◦ from the nadir and to a measurement rate of
550 kHz. For both flights, perpendicular flight lines were flown (see Figure 1). The flight line spacing
was equal to the flight altitude, thus ensuring an overlap between parallel flight lines of approximately
50%. Simultaneous to the UAV-LS data acquisition, a 24.3 megapixels SONY ILCE-6000 on-board
camera acquired aerial imagery for the production of a 3 cm resolution orthomosaic and to colourise the
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point cloud. The weather conditions were optimal for UAV operations with wind speed < 1 m sec−1

and no cloud cover.
Pre-processing of the UAV-LS was performed by the contractor (Geomatikk AS) and included (1)

calculation of the flight trajectory from inertial measurement unit; (2) computation of global x, y, and z
coordinates from the trajectory and raw laser data using Riegl RiProcess [36]; (3) ground classification
and flight line matching using Terrasolid Terrascan/Terramatch [37]; and (4) generation of a triangulated
irregular network using the ground classified points to obtain relative tree heights above-ground.
The reported standard deviation between the UAV-LS data and control surfaces placed in the area of
interest before the UAV data acquisition was 1.95 cm, indicating a high level of geometrical accuracy.
The UAV-LS data collected from 120 m and 80 m above ground were merged to obtain a point cloud
with an average density of 1130 points m−2. A minimum = 594 points m−2 and a maximum = 1527
points m−2 were observed on the 58 validation plots. The two datasets were merged as the density of
each separate acquisition was not deemed sufficient for DBH measurements. Figure 2 illustrates the
point cloud from the Riegl VUX-1 to highlight the level of detail throughout the vertical canopy profile.

Figure 2. Graphical overview of the laser scanning data from unmanned aerial vehicle (UAV-LS) data:
(a) 2D representation of the 3D point cloud for one field plot, (b) point density distribution along the
vertical profile, (c) vertical view of the coloured laser scanning point cloud using the RGB images,
(d) cross-section of the point cloud and e) detail on one of the tree stems.

3. Methods

The proposed method consists of five steps (Figure 3): (1) single tree detection and segmentation,
(2) manual selection of a sample of single tree DBH from the UAV-LS point cloud, (3) visual interpretation
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of a sample of crowns where tree species was identifiable from UAV data, (4) modelling and predicting
DBH and tree species on all the detected tree crowns, and (5) prediction of single tree volume using
existing species-specific allometric models using predicted DBH and UAV-LS derived height (i.e.,
95th percentile of height values). The final output was the single tree V (m3) directly estimated using
UAV-LS data.

Figure 3. Schematic representation of the proposed method to predict single tree V (m3) from UAV-LS
data. In step 3, the points represent the individual trees for which the diameter at breast height (DBH)
was classified as reliable through a visual interpretation.

3.1. Step 1: Tree Detection and Segmentation

The detection and segmentation of single trees is step 1) in the proposed method (Figure 3).
Prior to the detection of the single trees, two raster datasets were generated from the UAV-LS point
cloud—namely, a canopy height model (CHM; pixels size = 0.1 m) and a horizontal point cloud density
(PCD; pixels size = 0.2 m). The former was obtained by subtracting the digital terrain model (DTM) from
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a digital surface model (DSM), thus representing the top of the canopy. The resolution of the CHM was
determined as the smallest pixel size without incurring in excessive no data values. While the selection
of smaller pixel would not add relevant precision to the treetops’ locations, for sparse UAV-LS data,
the pixel size may need to be increased based on the point density. The PCD is a raster of the percentage
of returns within the cell in relation to the total number of returns in the study area. The PCD pixel size
was twice of that of the CHM in order to reduce noise from isolated clusters of points. This type of raster
product has been more often used in relation to TLS data [38–40]. However, with the capabilities of
UAV-LS to retrieve stem returns, such raster products are also of interest for UAV-LS applications [14].
A local maxima approach was adopted for the location of single tree positions. This was implemented
separately on the CHM (i.e., finding the treetops) and on the PCD (i.e., to find stems). The use of the
latter was included to reduce typical omission errors caused by the missed detection of understory trees
when using only the CHM. The window size for determining local maxima was set to 2 m × 2 m and
1 m × 1 m for the CHM and the PCD, respectively. The window size was determined by considering
the minimum distance between two neighbouring treetops. In our case, 2 m × 2 m was a reasonably
large to avoid detecting multiple treetops within a single crown (commission errors) while avoiding
multiple trees being segmented as one (omission errors). The window size for the local maxima search
was smaller for the PCD compared to the CHM because as the former includes data points from all
trees and not only the dominant trees as in the CHM. Thus, assuming that the PCD describes a larger
number of trees, it was justified to select a smaller window size. The positions of the detected trees
using both raster layers were then merged by removing the duplicates (distance between two points <

0.5 m). This parameter describes the minimum distance between tree stems and was determined by
a trial and error approach guided by the visualization of the detected trees in the point cloud.

A segmentation of the tree crowns corresponding to the detected trees was performed using the
algorithm by Dalponte and Coomes [22] implemented in the R package lidR [41]. The parameters used
were height threshold 2 m, threshold seed 0.3, threshold crown 0.4, and maximum crown diameter
of 10 m. These parameters were selected after visual inspection of different settings on the detected
tree crowns. For each tree crown, 93 explanatory variables were calculated from the UAV-LS point
cloud, including height percentiles (Hp10, Hp20, . . . , Hp95, Hp100); intensity percentiles (i10, i20, . . . , i100);
density variables (d10, d20, . . . , d100); the slope (dslope) and intercept (dintercept) of a linear regression line
fitted to the density variables, crown geometry variables (projected crown area on a horizontal surface:
Crownarea, perimeter: Crownperimeter, and their ratio: Crowna/p Ratio); and spectral variables from the
RGB values assigned to each point using the UAV orthomosaic such as band averages (Rmean, Gmean,
Bmean), standard deviations (Rsd, Gsd, Bsd) and their ratios (R/Gratio, R/Bratio, G/Bratio).

3.2. Step 2: Diameter Measurements

Step 2 that aims at individual tree diameter measurement consists of two processes including
point clustering and circumference fitting for individual trees.

3.2.1. Point Cloud Clustering

The point cloud data were sliced for a height interval ranging between 0.8 m and 1.8 m. The returns
within this slice included both stems as well noise from the understory vegetation and low branches.
Noise removal was performed separately for each detected tree in Step 1 within a buffer of size of
0.3 m around the tree position. The 0.3 m threshold was determined by selecting the radius that
would correspond to an un-realistically large DBH value (60 cm) in the study area. An unsupervised
k-means clustering with k = 2 was used to discriminate between stem and noise returns. The covariates
used in the k-means clustering were x, y coordinates, intensity, point density, average distance in the
x, y, z space. The point density was defined as the PCD pixel value corresponding to each point’s
location and was included in order to favour the removal of isolated points. The x, y and average
x, y, z distances were computed as the row mean value of a distance matrix including all the points
within the stem buffer using either only the x, y coordinates or including also the z values. These two
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variables were used to discriminate between clusters of scattered points (noise) and clusters of nearby
points in the x, y, and z space (likely stems). Out of the two resulting clusters, the one with the smallest
average x, y, z distance was selected as the stem.

3.2.2. Circumference Fitting

Based on the selected stem cluster, the DBH was estimated from circumferences fitted using the
random sample consensus (RANSAC) algorithm implemented in the TreeLS R package [42]. The input
to the algorithm is a matrix with x, y, and z coordinates for each detected tree. The remaining parameters
are the length of stem segments to fit (l; m), number of points to sample in each iteration (nRANSAC),
the proportion of inlier points (p), and the level of confidence desired (P). In this study, we adopted l
equal to the height of the point cloud slice (1 m) extracted for DBH measurement. The nRANSAC value
was dependent of the number of stem-classified points available in the 1 m vertical slice and was 10 for
trees with more than 20 points and 50% of the number of points when these were less than 20 points.
The proportion of inliers was set to p= 0.7 as, after the previous denoising step, most points were
assumed to be from the stem. Also, the confidence level value was set to a very high value (P= 0.99) to
ensure the selection of the best quality DBH measurements. These parameters were determined by
a visualization of the fitted circumferences superimposed on the horizontal distribution of the stem
points (see Figure 4).

3.3. Step 3: DBH and Tree Species Sample Selection

In Step 3 (Figure 3), we manually selected two separate samples of detected tree crowns—one
sample with reliable DBH measurements and another sample with identifiable trees species. Out of all
the trees with RANSAC measurements, we selected a sample (n = 305) of reliable DBH measurements
by visual interpretation of the RANSAC inlier points. The reliability of DBH measurements was
determined by the comparison between RANSAC measurements and diameter measured manually on
the point cloud in a GIS environment (Figure 4). The manual selection of trees was performed with
particular attention to:

- Reduce the DBH measurement error, i.e., trees with little UAV-LS data occlusion and absence of
branches at breast height (±1 m), with returns distributed in cylindrical shapes;

- Include much of the variability in the study area, i.e., trees distributed across a wide range of
DBH (5–50 cm), tree species, and geographically distributed throughout the area.

The second sample, consisting of tree crowns with associated tree species information, was collected
through visual photo interpretation of a very high resolution (3 cm) orthomosaic (Figure 4) produced
from the RGB images acquired simultaneously to the UAV-LS data. For a total of 393 detected tree
crowns, the tree species could be easily identified as either spruce, pine, or deciduous. The sampling
fraction of the DBH and tree species samples based on the total number of detected trees were 3.2%
and 4.1%, respectively. The whole process of visually selecting the abovementioned samples required
approximately four hours.
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Figure 4. Overview of the information acquired through a manual interpretation of the point cloud
and orthomosaic for DBH measurements and tree species information. The polygons in blue, red,
and green represent the segmented tree crowns and the small inner polygons represent small gaps (i.e.,
no returns) within that crown.

3.4. Step 4: Modelling and Predicting Tree DBH and Species

In Step 4 (Figure 3), the two samples described in the previous section were used to develop two
separate Random Forests models [43] for DBH and tree species. The UAV-LS metrics calculated for
each crown (Section 3.1) were used as explanatory variables. The default parameter settings for the
Random Forest function [44] were used, i.e., the number of trees was 500, and number of variables
randomly sampled as candidates at each split was equal to

√
p for the tree species classification and p/3

for the DBH regression models respectively, where p was equal to the number of predictor variables.
We selected as predictor variables only the 10 most important variables according to node purity for
the DBH model and mean decreased Gini coefficient for the tree species model. The number of 10
variables was arbitrarily selected to avoid including too many variables. The models were then applied
to the entire set of detected tree crowns to predict DBH and tree species.

3.5. Step 5: Predicting Volume for All Detected Trees

In Step 5 (Figure 3), for each tree crown the single tree predictions of tree species, DBH, and UAV-LS
measured tree height (i.e., 95 height percentile) were used as predictors in the allometric models
described in Section 2.2 (see Annex 1 in Supplementary Materials) to predict the single tree volume (m3).

The single-tree volume was then aggregated to plot, stand, and forest levels by summing up all of
the single-tree values and dividing by the area to obtain per hectare values.

3.6. Validation

At plot, stand, and forest levels, the following statistics were used to compare the UAV-based
estimates with the field data. The root-mean-square deviance (RMSD) and mean difference (MD) were
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calculated on all (plot, stand, and forest) levels. The term RSMD is used rather than root-mean-square
error because estimates based on field data rather than true observations are compared to UAV-LS
estimates on stand and forest level.

RMSD =

√∑n
i=1(yFi − yUAVi)

2

n
(1)

MD =

∑n
i=1(yFi − yUAVi)

n
(2)

where n is either the number of plots, the number of plots within a stand, or one. In the latter case, i.e.,
on the forest level, the RMSD is the absolute difference between the forest level estimate of the mean
V based on field plots and the forest level estimate based on UAV-LS. yFi symbolises mean volume
per hectare at the plot, stand, or forest level based on field data. yUAVi symbolizes the mean volume
per hectare at the plot, stand, or forest level based on UAV-LS data. Formally, yUAVi are synthetic
estimates [45] and fully rely on the fitted models for DBH and species.

Due to the lack of single tree positions in the field data, the detected trees could not be matched
with field measured trees, and thus the validation on segment level was not possible.

We compared the RMSD with the uncertainty of the field data for estimating V on the respective
level. The standard deviation is the square root of the sample variance (s2):

SD =
√

s2 (3)

s2 =
1

n− 1

n∑
i=1

(yFi − µF)
2 (4)

where µF is the mean of the field-based observations on the respective levels. While the SD was used
at the plot level, the standard error (SE) was used for the stand and forest level:

SE =
(N − n

N

) s2

n
(5)

In order to provide an estimate of the uncertainty of the UAV-LS estimates at the plot, stand,
and forest levels, we adopted a non-parametric bootstrapping approach [46] to estimate the variance.
Considering of total number of nboot = 1000 iterations, at the bth iteration we i) selected a simple
random sample with replacement of equal size to that of the original sets of data (i.e., sets for modelling
either DBH and tree species), (ii) re-fit and predict volumes for all detected trees (Steps 4 and 5 in
Figure 3), and iii) estimate the mean (µ̂b) for each level (plot, stand, or forest). Finally, we estimated the
bootstrapping mean and variance according to

µ̂boot =
1

nboot − 1

nboot∑
b=1

µ̂b (6)

ˆVar(µ̂boot) =
1

nboot − 1

nboot∑
b=1

(µ̂b − µ̂boot)
2 (7)

The standard error of the bootstrap estimates (SEboot) was then calculated as the square root of
ˆVar(µ̂boot) for the plot, stand, and forest levels.

The distribution of absolute differences
∣∣∣yFi − yUAVi

∣∣∣ on plot level given dominant species,
species mix, and, stem density were analysed to describe the influence of forest structure on the
UAV-LS estimates.
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4. Results

The results of the Random Forests model for the DBH model highlighted the importance of height
percentiles, crown shape, and spectral variables to describe the DBH variation (Figure 5). For the tree
species model, the most important variables were the spectral variables, followed by dslope (i.e., the rate
of decrease of point density when going from the ground level to the tree top), and two-point density
variables corresponding to vertical slices taken at one-third of the total tree height (d30, d40).

Figure 5. Variable importance plot, including the ten most important variables for the Random Forests
models for DBH and tree species.

The scatterplot of the DBH model’s predictions against the field measurements (Figure 6) revealed
that despite a reasonably good model fit for the observations around the average, there was a tendency
of over-predicting small DBH values and under-predicting large DBH values.

Figure 6. Scatterplot of the UAV-LS measured against predicted DBH (cm). Each point represents
a single tree where DBH measurement was feasible using the RANSAC algorithm.
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The accuracy assessment of the tree species model was performed by comparing out-of-bag
predictions with observations (Table 2). The overall accuracy was 77.1% and the species-specific
producer’s accuracy was 79.5%, 86.7%, and 57.8% for spruce, pine, and deciduous species. The poorer
performance of the deciduous class was mainly described by the fact that 36% of the deciduous trees in
the sample were classified as pine.

Table 2. Confusion matrix of tree species model.

Reference

Spruce Pine Deciduous User’s accuracy

Predicted

Spruce 70 10 7 80.4%
Pine 13 170 39 76.6%

Deciduous 5 16 63 75%

Producer’s accuracy 79.5% 86.7% 57.8% Overall accuracy
77.1%

The plot-level validation was performed using n = 58 field plots and the scatterplot of the UAV
estimated against the field measured volume revealed a strong correlation between the two (Figure 7a).
The RMSD was 103.4 m3 ha−1 or 32% of the mean, and despite the presence of two pine-dominated
plots with large residuals, there were no substantial differences among the RMSD valuesby tree species
(not shown). However, it was noteworthy that V was underestimated for most of the spruce-dominated
plots. The largest residuals were found for plots composed of a dominant layer of large pine trees and
a co-dominant layer of spruce and birch. The bootstrap estimates revealed an average SEboot for the
UAV-LS plot measurements across all plots of 31.5 m3 ha−1, corresponding to 9.7% of the mean value.

The stand-level validation was performed using n = 14 stands. The scatterplot of the UAV stand
estimates against the field estimated volume (Figure 7b) revealed that the averaging of plot or tree
level values reduced the volume ranges and thus reduced the RMSD to 93.1 (RMSD%= 28.9%). As for
the plot-level validation, the V was slightly underestimated for spruce-dominated stands while the
same was not evident for the other tree species. It is, however, important to remember that for nearly
50% of the stands the uncertainty of the field estimates was rather large (see Figure 7) given that it was
based on only three field plots for some stands. Furthermore, SEboot was of 26.0 m3 ha−1, or 7.6% of the
mean on average.

The forest-level validation was performed by comparing the estimated mean based on the volume
predictions for all UAV-detected tree crowns (n = 9111) with the design-based estimate using all field
plots (n = 58). The mean volume from the UAV measurements was 3.5% larger than the field estimated
mean volume (Table 3) but well within the 95% confidence interval of the design-based point estimate.
Furthermore, the precision of the UAV estimate was similar (SE = 18.0 m3 ha−1) to the design-based
estimate (SE = 18.6 m3 ha−1) (Figure 7).
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Figure 7. Summary of the validation at the plot (a), stand (b), and forest levels (c). Other than for
the forest-level validation, the remaining scatterplots represent the UAV estimated against the field
reference volume. The error bars represent two SE of the field measurements (full) or the non-parametric
bootstrap (dashed).

Table 3. Summary of the validation at the plot-, stand-, and forest-level volume estimates (m3 ha−1) in
terms of RMSD and MD. For comparison, information about the variability (SD) and uncertainty (SE)
of the field data was included.

Field Data

Spatial Scale Mean SD/SE a RMSD a RMSD%
a MD a MD% SEboot

Plot 321.2 160.1 103.4 32.2 10.2 3.2 31.6
Stand 321.2 150.1 93.1 28.9 15.9 4.9 26.0
Forest 321.2 18.6 11.4 3.5 −11.4 −3.5 18.0
a For the plot level, the standard deviation (SD) is reported, while the average SE, RMSD, and MD are reported for
the stand level, and SE is reported for the forest level.

The analysis of the plot-level absolute differences between the field measured and the UAV-LS
estimated V (Figure 8) revealed that the estimates were affected by tree density, dominant species,
and species mix. The most accurate results were found for open (0–1000 trees ha−1) pine-dominated
plots. The accuracy decreased with increasing tree density and was found to be smallest for
deciduous-dominated plots. Concerning the effect of species mix on the accuracy of the V predictions,
we found larger accuracy in pure stands (i.e., stands where the V for one of the tree species > 70% of
total plot V) compared to mixed-species stands.

Figure 8. Boxplots of the absolute difference (m3 ha−1) between the plot-level field measured and the
UAV-LS estimated V categorized according to (a) tree density, (b) dominant species, and (c) species mix.

5. Discussion

This study shows that, by using UAV survey-grade laser scanning data, it is possible to
produce model-based estimates of plot-, stand-, and forest-level growing stocks with a high level
of correspondence to traditional design-based estimates with field measurements. Our findings
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confirmed the results by Ferraz et al. [5], who first demonstrated the possibility to use single tree
measurements from laser scanning point clouds as inputs to existing allometric models to predict AGB
at different scales.

The results of this study revealed that the precision of the UAV-LS estimates increased with the
spatial scale from plot to stand and forest level and that in none of these cases, were there severe
systematic errors. This findings were consistent with previous literature showing the predictive
accuracy to increase when increasing the geographical scale due to averaging effects of errors [23,47,48].
At plot and stand level the RMSD% was somewhat larger (32.2%) than what can be expected in
area-based airborne laser scanning forest inventories in similar forests [49] and larger than reported by
Ferraz et al. [5] for eucalyptus plantations (RMSD% = 17.1%). At forest level, the UAV-based estimates
were well within the 95% confidence interval of the estimates based on an intensive field survey and
are thus not significantly different from the design-based estimate. Furthermore, the RMSD was on all
levels smaller than the SE which means that the UAV-based estimates are more precise for estimating
growing stock volume on the respective level. Based on the results from the bootstrapping, we found
that the precision of the forest-level UAV-LS estimate was of the same magnitude of a design-based
estimate using a dense network of field plots. It is essential to remember that our attempt to estimate
the precision at forest-level for the UAV-LS estimate was limited by the availability of suitable variance
estimators for a case where two Random Forests models are used to predict explanatory variables used
then as predictors in allometric models.

The effect of the accuracy and precision of the UAV-LS estimates at different scales has implications
on which applications may be most suitable for these data. For forest management, inventories the
forest stand (1–10 hectares) represents the smallest management unit. According to the results of
this study, the use of UAV-LS data can produce reliable measurements that could reduce the need for
fieldwork for stand-level forest management inventories to the acquisition of some data for quality
control. Furthermore, our results are encouraging for future use of UAV-LS data in calibration and
validation of different types of space-borne remotely sensed data in a similar fashion to TLS data [50].
It is important to note that tree density, tree species, and tree species mix affected the accuracy of
the UAV-LS plot V estimates. The mentioned sources of variation in the accuracy directly affect the
accuracy of DBH measurements from UAV-LS and the quality of the crown segmentation. In particular,
the accuracy decreased with increasing forest structure complexity (i.e., dense and mixed species plots)
and was largest for open pine-dominated plots. While it is rather intuitive that the occlusion rates and
segmentation errors increase when increasing the tree density, the effect of different tree species on the
ability to directly estimate V using UAV-LS represents a non-trivial issue. While we present some first
results under boreal managed forest conditions, it is important in future research to better understand
the transferability of the proposed method to more complex forest structures.

This study expands from the studies by Jaakkola et al. [18], Brede et al. [14], and Wieser et al. [19]
by including methods to utilise DBH measurements from UAV-LS data together with species and
height information to model tree volume. The comparison of our results with previous studies using
UAV-LS for direct measurement of tree properties [14,18,19] was not possible since none of these early
studies assessed V and because they were mostly conducted in uniform forest areas with relatively low
tree density (400–805 trees ha−1) with limited understory vegetation. In this study, the measured tree
density at plot level was in the range 400–4400 trees ha−1 covering a larger variety of forest structures
than previous studies, ranging from open pine forest to pure spruce or deciduous plots and including
a range of mixes between the three species.

In this study, to predict single tree volume, we used allometric models relying on the input
predictions of DBH and tree species. Amongst the explanatory variables describing crown geometry
only the ratio between crown area and perimeter (i.e., compactness index) was selected in the final
model while the crown area was ranked only 21st. The latter is often an important explanatory variable
to describe the DBH and its lack of importance in the DBH model may be due to a sub-optimal
segmentation of the tree crowns or due to the large correlation of the crown area with other variables.
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Thus, better segmentation methods are likely to increase the importance of variables describing
crown geometry and possibly improve the DBH model. Concerning the model’s predictive accuracy,
the RMSD was 8 cm, which is slightly larger than what reported by Jaakkola et al. [18] (2.5–6.8 cm)
in a similar study. However, it is important to highlight that the model had a tendency of predicting
towards the mean, while under- and over-predicting large and small trees, respectively. Factors such
as the crown segmentation quality and the error in DBH measurements from UAV-LS are potential
error sources explaining the model performance and further studies should attempt to improve similar
DBH models by reducing these sources of error. Nevertheless, the independent validation did not
show serious systematic errors caused by DBH model, suggesting that the under-prediction for some
of the trees may have been levelled out by the over-prediction of other trees. One important aspect
to account for is that different tree species have a different probability of having a reliable DBH
measurement from UAV-LS data. The branching and canopy structure characteristic of different tree
species affect the amount of occlusion from UAV-LS returns at 1.3 m. This effect may partly explain
why we observed a consistent under-estimation in spruce dominated plots and stands (see Figures 7
and 8). Further research should thus explore ways to include species-specific probabilities of including
a DBH measurement in the sample used to fit the DBH model and see how this affects species-specific
estimates at different spatial scales.

Concerning the tree species model, seven of the 10 most important variables were calculated
from the RGB imagery, highlighting the complementarity of the RGB and LS data. The simultaneous
acquisition of RGB images with LS data is a common practice in UAV-LS acquisitions and hardly
increases costs. Despite the poorer accuracy found for the deciduous class, the results of the classification
were deemed satisfactory and the tree species map representative of the reality.

While the main focus of this study was not to assess the accuracy of the single tree detection and
segmentation, it remains important to acknowledge that the results obtained were dependent on the
choice of methods for tree crown detection, and segmentation, and for DBH measurement. As a means
to ensure a large number of potential candidates of trees with UAV-LS DBH measurements, the local
maxima detection was characterised by rather small window sizes. The tree-crown segmentation
was done using the CHM, and thus, for the detected suppressed trees, both the crown delineation
and height measurement were characterised by errors. The adoption of more advanced segmentation
methods allowing users to discriminate dominant and dominated tree crowns could result in better
predictor variables for each of the devised models.

An important aspect of this study was that our method relied on multiple parameter values (e.g.,
minimum distance between trees, minimum DBH) which were determined based either on general
knowledge on the forest type (i.e., rare occurrence of DBH > 60 cm in managed boreal forests) or by
a trial-and-error approach informed by the UAV-LS data. While such parametrization does not affect
the repeatability of the study, which can be replicated using the same data and parameters used in this
study, the reduction of parameter should be a focus of future research to enhance the transferability of
the method to new data. While some parameters could be determined adaptively from the data itself
as a function of, for example, point density, biophysically meaningful parameters are more difficult to
estimate automatically. However, methods to predict the latter based on models fitted to a sample of
trees have shown to be promising [23]. Ferraz et al. [23] proposed a 3D adaptive mean shift (AMS3D)
method which allows users to segment single trees crowns and requires minimal parametrization.
A key advantage of the method is the possibility to derive tree crown properties such as tree height,
crown base height, crown volume, which can be directly plugged into existing allometric models
to predict tree DBH and AGB. Because the AMS3D method was developed using sparse ALS data
(approximately 10 points m−2) compared to the UAV-LS data used in this study (1300 points m−2),
it was designed to segment the tree crowns rather than tree stems. The possibility to segment and
measure tree stems is a key advantage of UAV-LS data over ALS data as it allows to directly quantify
the stem volume, which is the largest portion of the tree biomass. As demonstrated by the complexity
of the methods commonly used to segment single trees in TLS data, the retrieval of stem measurement
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from very dense point clouds may require additional or even different methods to those proposed by
Ferraz et al. [23].

This study was limited by the lower point density (1130 points m−2) compared to previous UAV-LS
literature, which was at the lower end of the range compared to similar studies using Riegl VUX-1
data (1500–18,000 points m−2) [14,19,20]. In practice, this meant that for many of the detected trees,
there were not enough points at 1.3 m to be able to fit a circle and thus to derive DBH estimates.
As shown by Schneider et al. [51], UAV-LS data are characterised by large occlusion rates in proximity
to the ground. With an increased point density, the occlusion rates at breast height are reduced thus
increasing the probability of reliable DBH measurements from the UAV-LS point cloud. The increase
in the number of sample trees to be used to fit DBH models can potentially contribute to improving the
model’s predictive accuracy.

A further limitation of this study was the fact that our methods relied on a semi-automated
procedure, which included a manual step to visually select trees with reliable UAV-LS DBH
measurements and to classify different tree species to use available allometric models. The development
of more sophisticated methods to select reference data from the UAV-LS-detected trees could enable
the collection of a larger sample of trees, for example, by analysing the whole vertical profile of the
data and measure diameters at multiple heights [18] or fitting of quantitative structure models [52].
By becoming independent of allometric models, such an approach could be applied to a wide range
of forest types. Furthermore, since the parameters of the proposed method were selected based on
a trial-and-error approach, the applicability to different forest types than the ones in this study is
unknown and could require tuning of the parameters.

Concerning the practical application of the proposed method, our study represents a first
stepping-stone toward fully airborne forest inventories. Currently, because of the large costs and
limited geographical coverage possible with survey-grade UAV-LS data, i.e., 1–10 km2 [10], these data
should be seen as an alternative to field data (UAV-LS plots) rather than a large-scale mapping tool.
In this regard, they could be used to calibrate models using other wall-to-wall remotely sensed data
such as ALS or satellite data. An important advantage of UAV-LS over traditional field plots is that they
can cover larger areas of any shape and thus can provide better training data for wall-to-wall remotely
sensed data. However, UAV-LS is more sensitive to weather (e.g., wind and rain) than traditional
field work and administrative regulations may restrict the use of UAVs in general, which needs to be
considered under operational applications.

Although we assessed only GSV, UAV-LS data offers unique opportunities to derive a significantly
larger pool of measurements compared to traditional field surveys. The possibility to sample the
tree crown and upper stem can allow to expand well beyond the variables that are often measured
using field data, including information about the shape of tree stems, the assortments obtainable and
crown-related variables such as the effective leaf area index. Interestingly we found similar costs for
the UAV-LS and field data collections, with the former also providing full-coverage data rather than
a 16% sampling fraction by the field data. A fairer comparison of the cost–benefits of two data sources
would need to better evaluate the full information potential of UAV-LS data and the development of
costs under operational settings. In the future, thanks to technological advances, it is likely that costs
for UAV-LS data capture will decrease while increasing their area coverage. As a result, the proposed
method could become of interest also for mapping purposes over larger areas.

6. Conclusions

We analysed how very fine resolution 3D measurements from advanced survey-grade UAV-LS
sensors can contribute to estimating forest V and thus reduce the need for field measurements.
The following conclusions can be drawn:

- Forest growing stock volume can be estimated using UAV-LS and image data without the use of
field data for calibration.
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- The accuracy of the UAV-LS estimates increased with the spatial scale. At the forest-scale,
the UAV-LS estimates were well within the 95% confidence intervals of the estimates of an intense
field survey and both estimates had similar precision.

- The accuracy of the UAV-LS estimates varied given forest structure and was largest in open pine
stands and smallest in dense birch or spruce stands.

While not conclusive, this study represents a first stepping-stone toward fully airborne inventories.
Further efforts should aim at improving the proposed method across a variety of forest types
and conditions.

Supplementary Materials: Available online at http://www.mdpi.com/2072-4292/12/8/1245/s1.
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