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ARTICLE INFO ABSTRACT

Keywords: Accurate field measurements of tree morphological features are essential for effective forest inventory and the
UAV ) ) sustainable management of forest resources. Traditional methods involve time-consuming and expensive tree-by-
T}el"esmal structure from motion tree measurements conducted by specialized technicians, which can lead to subjective measurement errors. To
photogrammetry address these limitations, advanced sensor technologies have garnered attention in recent years. Terrestrial laser
Terrestrial laser scanner . . . . s .. .

. scanning (TLS) has been widely employed due to its high precision in deriving tree attributes at the plot level.
Dendrometric parameters . ; . X o o . :
Accuracy analysis However, TLS has certain drawbacks, including high acquisition costs, limited portability, and the requirement
Pix4D for specialized software and expertise. As alternatives, aerial photogrammetry and computer vision algorithms

have emerged to obtain high-resolution 3D measurements of forest vegetation.

This study proposes a novel approach utilizing a small drone under the forest canopy to estimate biometric
parameters such as trunk diameter at various heights and circumference. By joining the capabilities of drones
with the structure-from-motion approach, this study presents a promising solution for cost-effective and accurate
estimation of biometric parameters in forest inventories. Moreover, the results demonstrate superior accuracy

compared to those reported in previous studies with improvements up to one order of magnitude.

1. Introduction
1.1. Monitoring forest characteristics: classic management practices

Field measurements of trees’ primary morphological features play a
key role in acquiring an effective forest inventory and formulating sus-
tainable strategies for the utilization of forest resources. Monitoring
these features enables us to grasp the characteristics of the forest
ecosystem and implement appropriate management practices that align
with the specific environmental conditions. Forest resource knowledge
follows a hierarchical structure (Luoma et al., 2017), where individual
tree attributes are aggregated at the plot level, and subsequently, plot-
level estimates are employed to derive comprehensive assessments of
forest resources at the stand or large-area level. However, conducting
surveys to gather dendrometric parameters (biometric parameters) is
generally a resource-intensive and time-consuming effort due to the
involvement of several specialized technicians (Holopainen and Talvitie,
2012).

To provide to diverse objectives, scales, available resources, and
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desired accuracy levels, various forest inventory techniques can be
applied (Liang et al., 2016). The different inventory methods include
point sampling and fixed plot sampling. These methods are applied
based on specific situations, considering the inventory objectives. The
selected method should be suitable for the geographic location and stand
condition, as well as efficient in terms of the information gathered
within a given time frame (Inventory Methods..., 2018). Typically,
during forest surveys, tree information is collected through meticulous
tree-by-tree measurements utilizing mechanical or optical instruments
like callipers, hypsometers, and measuring tapes. The most commonly
measured tree attributes in the field encompass tree species, stem
diameter at breast height (DBH), and tree height (Luoma et al., 2017).
Despite being prone to subjective measurement errors (Holopainen and
Talvitie, 2012), field measurements remain at present the predominant
method employed for collecting forest data (Ozkan and Demirel, 2018).
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1.2. Enhanced management practices for measurements of tree
morphology

In recent years, there has been a growing interest among forest
managers and researchers in exploring alternative methods (Piermattei
et al., 2019) for deriving tree attributes, particularly through the utili-
zation of remote sensing technologies and approaches. The integration
of remotely sensed (RS) data in forestry is driven by the objective of
enhancing cost efficiency, precision, and timeliness in forest information
(Mcroberts and Tomppo, 2007; White et al., 2016; Iglhaut et al., 2019;
Gao et al., 2020; Brede et al., 2019; Brede et al., 2022).

Terrestrial laser scanning (TLS) currently stands as the most accurate
method for generating point clouds at the plot level and deriving various
tree attributes, including trunk circumference, tree density, tree posi-
tions, diameter at breast height (DBH), volume, and stem curves.
Introduced in the early 2000 s, TLS has experienced significant ad-
vancements in sensor and algorithm development, enabling the explicit
assessment of in-situ 3D forest structure and revolutionizing the moni-
toring and quantification of ecosystem structure and function (Calders
et al., 2020). The key advantage of TLS in forest inventories lies in its
capacity to rapidly and automatically document the forest with
millimeter-level detail (Liang et al., 2016). However, drawbacks of this
technology (Piermattei et al., 2019) include high acquisition costs,
limited portability (except for lightweight systems), and the necessity of
expertise in processing scanner data with specialized software.
Furthermore, TLS incurs additional costs related to equipment (both
field and lab) and time required for deployment and data processing
(White et al., 2016).

More recently, considerable attention has been given to the utiliza-
tion of structure-from-motion (SfM) and computer vision algorithms for
acquiring high spatial resolution three-dimensional (3D) measurements
of forestry vegetation. SfM is a passive technique that generates 3D point
clouds from sequences of overlapping 2D images captured by digital still
cameras (Iglhaut et al., 2019). These 3D point clouds can be employed in
forest studies for 3D modelling of trees, utilizing other techniques as
presented in this paper. The initial applications of SfM in vegetation
structure studies can be traced back approximately ten years ago,
involving the use of aerial imagery obtained through a kite aerial
photography rig (KAP) system (Dandois and Ellis, 2010; Dandois and
Ellis, 2013). Subsequently, the emergence of unmanned aerial vehicles
(UAVs) coupled with UAV flight planning applications facilitated the
development of protocols applicable across diverse environments and
conditions (Tmusic et al., 2020), thereby enabling the joint application
of drones and SfM (aerial photogrammetry) in various settings,
including forests for small-scale inventorying (Puliti et al., 2015).

While aerial photogrammetry by drones is limited to the recon-
struction of visible surfaces in the image data, providing ground infor-
mation only in areas with significant vegetation gaps (Iglhaut et al.,
2019), the results obtained from UAV-SfM approaches differ according
to forest types as they mainly detect the dominant tree layer, with
smaller and overshadowed trees remaining largely undetected (Iglhaut
et al., 2019). The limitations of traditional field data collection, the need
for cost reduction in alternative to laser scanning solutions, and con-
straints associated with aerial photogrammetry have encouraged the
application of terrestrial photogrammetry for forest inventory using
low-cost data collection equipment such as handheld or pole/tripod-
mounted cameras or smartphones (Marzulli et al., 2020).

1.3. The methodological proposal

The present study introduces a novel approach that utilizes a small
drone to operate within forested areas beneath the forest canopy. This
approach implements terrestrial structure-from-motion (SfM) tech-
niques to estimate biometric parameters, focusing specifically on trunk
diameter at various heights and circumference. To evaluate the impact
of different camera settings on biometric estimation, a rigorous

International Journal of Applied Earth Observation and Geoinformation 122 (2023) 103426

statistical analysis was conducted. The experimental setup has resem-
blance to the use of drones in indoor environments, which are charac-
terized by partially enclosed spaces with limited flight space compared
to most outdoor settings. Indoor environments often exhibit narrow and
cluttered conditions with numerous obstacles (De Croon and De Wagter,
2018). Similarly, when manoeuvring through forests at the plot level, a
comparable situation arises in outdoor scenarios. The results after
methodology application demonstrate superior accuracy compared to
those reported in previous studies with improvements up to one order of
magnitude. The experimental plot is located at the Mercadante Forest
located in the Apulia Region, southern Italy.

2. Material and methods
2.1. Research plot and field measurements

The forest plot used in our study is in the Apulia region of southern
Italy. It is part of the Mercadante Forest (1300 ha) in Alta Murgia Na-
tional Park (Fig. 1). The forest was created by hydrogeological affores-
tation work to counteract the descent of rainwater from the Murgia
uplands after floods that struck the Bari city area in the early 1900 s. The
plot is characterized by an even-aged forest stand, and the main tree
species are Aleppo pine (Pinus halepensis Miller) and cypress (Cupressus
sempervirens L.). The plot covers an area of 30 x 30 m and consists of 47
trees (~520 stems * ha_l). All the trees in the plot were numbered, and
the boundary of the area was identified with a yellow horizontal line on
the trees near the perimeter.

Preliminary sampling was carried out to estimate the variance of the
variables of interest.

By applying the Cochran formula with an error margin of 10%, the
size (N) of the sample was assessed as 22 trees. Fig. 2a reports all the plot
trees (green dots) and those selected after numbering and extraction
randomly from an urn (red dots and circles).

On the trees of the reference sample, the sections orthogonal to the
axis of the trunks at different heights were indicated with white tape
(Fig. 2b): 1.30 m, 2.00 m, and 4.00 m from the ground. The heights of
the sections were estimated along the axis of the trunk, starting from the
ground and considering the direction indicated by the yellow and black
tape (Fig. 2b).

For each tree in the sample, at the section at 1.30 m — 2.00 m — 4.00
m from the ground were measured:

- n. 2 orthogonal diameters (the first in the north-south direction and
the second perpendicularly more or less) with callipers;
- circumference with the measuring tape.

The north orientation was also indicated with a vertical red line to
make the trees identifiable in the three-dimensional reconstruction
(point cloud). The detection position of the diameters of the sections was
indicated with a vertical line of white tape where the calliper touched
the trunk.

Within the area, 15 markers were placed on poles of varying height,
from 80 to 160 cm. The markers were numbered on both faces, so that
they could be identified in the images from all sides of the area and used
as manual tie points (MTPs) during photogrammetric processing. MTPs
are 3D points corresponding to a feature that is marked (clicked) by the
user in the images. They can be used to assess and improve relative
reconstruction accuracy (Support pix4D).

2.2. Photogrammetry data collection and description

The images were captured with a DJI Mavic Air drone piloted in
manual mode, which flew under the canopy cover. The DJI GO 4 App
was used during the survey phases. The dimensions of the drone were
168 x 184 x 64 mm; it had a weight of 430 gr and was equipped with a
camera with a '20.3” CMOS sensor, effective pixels, 12 MP, 35 mm
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Fig. 1. The red point indicates the center of the study area (Latitude: 40.872993° - Longitude: 16.696248°). (For interpretation of the references to colour in this

figure legend, the reader is referred to the web version of this article.)
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Fig. 2. The study plot. (a) Trees spatial distribution within study area. Red encircled points are trees belonging to the sample. (b) Reference section on the stem axes.
(For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

equivalent lens, 24 mm, and aperture f 2.8.

The camera was installed on a 3-axis gimbal. The photos were taken
in “timed shot” mode, with shutter speed every 2 s, with “tripod mode”
activated, to ensure an overlap between photos of at least 65%.

During image acquisition, the “enable visual obstacle avoidance”
system was disabled. In all the surveys carried out, the drone trajectory
was determined manually with the remote controller, following a path
that was as straight as possible and avoided trees or low branches.

The images were acquired by carrying out five different surveys in
“free flight or terrestrial mode” using three different settings (Table 1)
related to the flight altitude and the inclination of the camera.

The survey types were, in summary, three outside the study area,
approximately parallel to the plot boundary (Liang et al., 2014), and two

Table 1
Camera settings.

Setting  Camera tilt Ground Distance Distance from plot
[m] boundary [m]
1 Upward (~20°) 0.5—1 0—0.5
2 Downward (~20- 3—4 3—5
30°)
3 Downward (~20- 4—7 3—5
30°)
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Table 2
Number of captured images and data collection time.

Flight Captured Images in each Setting  Data collection time [min:
flight sec]
1- 277 3 11:03
outside
2- 280 2 10:48
outside
3- 292 1 10:46
outside
4 - inside 197 3 7:56
5 - inside 216 1 8:21

inside the study area (Table 2 and Fig. 3). The purpose of the inside
surveys was to obtain better accuracy of 3D reconstruction along the
boundary.

Different flights were carried out with variable settings, with the aim
of acquiring as many images as possible of the area to capture the tree
details (the ground, stem, branches and canopy).

The images were captured in JPEG format (aspect ratio 4:3) with the
camera settings in auto mode and geotagging enabled. Images were
acquired at the highest resolution (4056 x 3040 pixels) with an ISO
between 100 and 400 and with an exposure time varying between 1/15
and 1/30.

2.3. Photogrammetry point cloud processing workflow

The commercial software Pix4Dmapper (Pix4Dmapper SA) based on
the SfM algorithms was adopted to derive dense point clouds from the
overlapping images. This software can process terrestrial images
captured by a digital camera or aerial images taken by UAV. The SfM
workflow can be found in (Ullman, 1979; Westoby et al., 2012;
Micheletti et al., 2015). This processing workflow consists of four main
steps: (1) initial camera orientation, (2) MTP identification in the im-
ages, (3) final camera orientation (bundle block adjustment), and (4)
dense point cloud computation based on dense image matching (Pier-
mattei et al., 2019). Detailed descriptions of the Pix4D workflow can be
found in the study of Kiing et al. (2011).

The photogrammetric processing for generating the point cloud
involved organizing different combinations of available images and
adjusting software parameters that are modifiable. A total of sixteen
point clouds were generated, with the first eight derived from processing

Sefting 3
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images captured during outside flights, while the remaining point clouds
resulted from both inside and outside flights. Specifically, point clouds 1
to 4 were generated using images from three outside surveys (flights 1,
2, and 3 as indicated in Table 2), point clouds 5 to 8 were created using
images from the first and second flights, point clouds 9 to 12 were
produced using all five flights (three outside and two inside the study
area), and point clouds 13 to 16 were generated using flights 1, 2, and 4.

In the study area, five MTPs (Master Control Points) were identified,
with the number of marked images directly corresponding to the
available image count. Software parameters were changed to assess their
influence on the resulting point cloud densification. Image scale, which
defines the scale of the images where 3D points are computed, was set to
1/2 and 1/4; point density, which defines the density of the densified
point cloud, was set to optimal to obtain a 3D point computed for every
[4/image scale] pixel and set to low to compute a 3D point for every [16/

Table 3
Different combination of flight and software parameters.

Point Flight Number Captured Calibrated Image Point

cloud of flights  images images Scale Density

1 Outside 3 849 759 1/2 Optimal

2 Outside 3 849 759 1/4 Optimal

3 Outside 3 849 759 172 Low

4 Outside 3 849 759 1/4 Low

5 Outside 2 557 487 1/2 Optimal

6 Outside 2 557 487 1/4 Optimal

7 Outside 2 557 487 1/2 Low

8 Outside 2 557 487 1/4 Low

9 Outside/ 5 1262 1150 172 Optimal
Inside

10 Outside/ 5 1262 1150 1/4 Optimal
Inside

11 Outside/ 5 1262 1150 1/2 Low
Inside

12 Outside/ 5 1262 1150 1/4 Low
Inside

13 Outside/ 3 754 668 1/2 Optimal
Inside

14 Outside/ 3 754 668 1/4 Optimal
Inside

15 Outside/ 3 754 668 1/2 Low
Inside

16 Outside/ 3 754 668 1/4 Low
Inside

@) ©)

Fig. 3. Data collection. (a) Representation of the three settings used; (b) Outside surveys; (c) Inside surveys.
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image scale] pixel (Marzulli et al., 2020). The different combinations of
the flight and software parameters used are reported in Table 3. Data
were processed using a 64-bit system with an Intel Core i7-8700 CPU at
3.2 GHz, and 32.0 GB RA, with version 4.6.4 of the Pix4DMapper
software.

3. Statistical analysis and point cloud processing.
3.1. Sample size and scheme

The estimation of sample size is derived from the standard error
formula of the population mean of the variable of interest and from the
related confidence interval. After some manipulation, the Cochran for-
mula (1977) can be obtained, allowing the computation of the sample
size 1 at a desired level of precision, given the estimated variability
present in the population.

The formula is as follows:

0 = (z4) 6 /E? (€]

where z,, is the quantile of the standard normal associated with the o
level of significance, 62 is the estimated population variance, E is the
acceptable margin error for the mean estimation (i.e., the size of the
mean confidence interval). Then, by multiplying p/p (population mean)
by the second member of the equality, the formula obtained is as fol-
lows:

10 = (z4)° CV? /Efrac? (2)

where CV is the coefficient of variation and Efrac is the error margin
expressed as a fraction of the absolute error.

3.2. Accuracy analysis

To carry out the accuracy analysis on each point cloud, a set of error
indices was applied. Willmott and Mastuura (2005) proposed a general
form of the error index reported in Eq. (3). By changing the values of the
o parameter, it is possible to derive an array of well-known error indices:

= F?MT ®)

n

- the Mean-Bias Error (MBE) (¢ = 1 and the sign of the residuals is not
removed):

MBE = % @

- the Root Mean Square Error (RMSE) (a = 2):

RMSE = ()

Z?:l (ri)2
n
The formula in Eq. (4) is not only a trivial estimation of the residuals’
distribution average but also conveys useful information about the bias
in the model’s predictions (Chai and Draxler, 2014). In fact, an
approximately null value of MBE indicates a good balance between
underestimation and overestimation. Generally, it is difficult to assign a
qualitative degree (excellent, good or poor) to the goodness of fit since
error indices generally lack a superior limit, this problem can be over-

come by means the Mean Absolute Percentage Error (MAPE):
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n n a

L) )| 1 1
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MAPE index is dimensionless since any residual is rescaled in terms
of the corresponding observed value. Since it is an average relative
value, it is possible to define thresholds of goodness of fit; for example, if
MAPE is less than 0.1 (or 10% if it is expressed as a percentage), this can
be considered a good result according to the Lewis scale (Lawrence and
Klimberg, 2016; Barca et al., 2017). The R library used for using the
error metrics mentioned above was {Metrics}.

3.3. Precision analysis

The precision analysis was carried out by means of Pearson’s linear
correlation coefficient (Barca et al., 2017). It is a bivariate parametric
index that quantifies the strength of the (linear) relationship between
pairs of variables. In this study, it was applied to assess the relationship
between the in-field measurements and values computed from the point
cloud. Given two samples X and Y having the same size N, the sample
Pearson’s correlation is determined using the following formula:

@)

where x; and y; are two generic elements of samples X and Y, respec-
tively. Finally, X and y are the means of samples X and Y, respectively.
The numerical results are constrained in the interval (-1, 1). The inter-
pretation of the correlation index outcomes is the following: at 1, the
correlation is maximal, at 0 it is null and at —1 the inverse correlation is
maximal.

3.4. Point cloud processing

3.4.1. Point height estimation

Before the identification and modelling of the tree stems, the point
cloud produced by photogrammetry was filtered to remove nontree
points, such as points from the ground and noise. First, the point cloud
was clipped to the area of interest to exclude areas outside the plot.
Afterwards, the points cloud P was geometrically described as a subset of
R3, namely the 3d space.

To determine the ground level, the point cloud was partitioned so
that, horizontally, it consisted of squares with a side length of 0.5 m. Let
us consider a particular point defined as (x-min,y_min,z_min) =
minimum(P) as the point with the minimum x, y, z-coordinates of the
points in P. Each subset S;; of the partition is uniquely identified by a
pair of indices (i, j) of the points that bounds the subset to a specific
square of 0.5 m side length. By ignoring the third coordinate (z), it is
possible to construct partitions of the points cloud defined as:

(i,j) = floor (7(%})) _é?m"ymm) ) +1, 8)

where floor denotes the rounding down to the closest integer. Let us
consider for each S;; the related zy,_i_j as the minimum elevation, so for
each S;; it is possible to define two further subsets:

Bi; = {(x,5,2) € Sijlz <Zminij + 03} 9)
Gij = {(XJ-,Z) € Bijlz <z } (10)
z19 = 10th percentile of the z — coordinate ineach B;;

From each G;;, by averaging all its elements, it is possible to define a
special point called vertex = (mean(x), mean(y), mean(z)). Let us now
consider V as the set of all the vertices; if only the first two coordinates
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are considered, the set V is planar, and Delaunay triangulation can be
applied (Dwyer, 1987). By adding back the z-coordinate to the vertices
of triangles, the triangulation becomes a continuous surface in R3,
namely the 3-d space, which represents an approximation of the ground
level. In this way, it becomes possible to measure the height of each
point of the cloud by projecting it on the surface. On the surface, the
projected point assumes coordinates (x,Y, %), and consequently, the
actual point height is z - 2.

3.4.2. Tree isolation.
Tree isolation is a very complex task consisting of multiple passages,
as summarized in the following sections.

- Clustering points (defining patches)

First, the filtered point clouds are segmented according to the com-
mon forest topology. The procedure proceeds by segmenting the point
cloud into trees and then into branches by considering the smallest
meaningful units (called patches) on the tree surface. The diameter of
the patches varies between 6 and 12 cm. The patch centres form the
nodes, and the connections between the neighbours are the edges of the
patch graph (Raumonen et al., 2015).

- Locating stems

The stems are individuated as large clusters of patches called com-
ponents. The connected components of the patches are determined be-
tween 2 and 3 m from the ground, and only components with at least 25
patches are selected. These subsets of the point cloud can be considered
sections of the stems (Fig. 4). They are bases for the next step of the
process wherein the shortest paths are computed from every patch to a
patch in some base. Coloured stem sections represent the components
between 2 and 3 m.

- Shortest paths

The shortest paths are computed by means of Dijkstra’s algorithm
(Fredman and Tarjan, 1987), where the graph’s nodes are the seed
points of the patches and the edges are defined by the neighbours of the
patches. The original algorithm was modified to manage the case of gaps
in the sequence of the nodes (incomplete graph). The algorithm is iter-
ative, and each iteration has restrictions on how long the paths can be

o]

L
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relative to the height of the node. In this way, the paths can be limited
horizontally, and gaps can be located to bridge them with new edges in
the graph.

- Defining trees

Trees are defined as those patches whose shortest path ends at the
same stem section. To complete the trees, since the base is a section
between 2 and 3 m above the ground, the shortest paths are determined
from the base towards the ground. Patches whose path length is a
maximum of 1.1 larger than the height of its base are selected.

- Defining stems

Each tree is segmented into stems and branches using a modified
version of the method presented in Raumonen et al. 2015. In this
method, the base of the tree is defined as the bottom 50 cm of its point
cloud. The branching points are located topologically by a small
collection of patches that form a short section of the tree and move one
layer of patches at the time forwards from the base to the stem and
branches. If the patch collection becomes disconnected as it moves
through two or more forks, a branching point is detected. The number of
shortest paths going through each fork then determines which fork
continues the stem and which is a branch. This results in stems that are
now separated from their branches. The stem part is used for the geo-
metric modelling.

- Geometric modelling of stems

Each isolated stem, which is also measured in the field, is modelled
following different approaches to estimate its diameters, circumferences
and volume up at given different heights. First, cylinders are fitted for
the whole segmented stem to measure the volumes up to given heights
(1.3, 2.0, 4.0 and 8.0 m). The cylinder is fitted from the base on, and
next, other cylinders are fitted until the whole stem is modelled (Fig. 5).

For each cylinder, multiple different lengths are first fitted, and the
cylinder with the highest surface coverage is selected. The surface
coverage measures how much of the cylinder is covered with points and
thus measures how reliable the fit is (Marzulli et al. 2020). Moreover,
each cylinder is fitted to a longer section than it is intended to cover in
the stem so that the axis direction is less sensitive to local noise and point
cloud gaps. The centre section is weighted more than the top and bottom
sections to obtain a better radius estimate. Next, for certain heights of

Fig. 4. Locating stems from the point cloud. Each coloured section is a collection of at least 25 patches between 2 and 3 m above the ground and they form

stem sections.



R. Greco et al.

%5 20 205 %
Fig. 5. Examples of the cylindrical stem models.

the stem (1.3, 2.0, 4.0 and 8.0 m) where field measurements are avail-
able, diameters and circumference are modelled with cylinders and
sector approximations. First, the correct location is approximately found
from the point cloud using the first cylinder model of the stem. The in-
field measurements are fixed by putting marker tape on the stem cor-
responding to the given heights. Then, the marker tape is recognized
based on the intensity values of the points to match the diameter and
circumference estimates from the point cloud and the field measure-
ments. An approximately 80 cm section of the stem is selected around
the correct height for the final cylinder parameter estimation. However,
the points are weighted so that the highest weight value is one at the
target height (marker tape location), and the weight decreases towards
the ends of the long section to zero. Next, the south-north and west-east
diameters and the circumference are measured using the sector model. A
10 cm (or 15 or 20 cm if points are not sufficient) section around the
target height is selected using the fitted cylinder, and the points are
projected into the plane orthogonal to the cylinder axis. Then, the plane
points are partitioned into 36 sectors of 10°each. For each sector, a
“sector point” is formed by computing the average of the points in the
sector. If there are empty sectors, their points are interpolated. The
south-north and west-east diameters are then the distances between
certain sector points. The circumference is the sum of the distances
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between the adjacent sector points.
4. Results
4.1. Point cloud generation

Different combinations of captured images and software parameters
(image scale and point density) involved different elaboration times and
variable average point cloud densities, as shown in Table 4.

Table 4 shows that point clouds 8 and 16 were generated with
shorter times and by low average point cloud density.

4.2. Check for height effect on predictions

As already reported, the in-field measurements of diameters and
circumferences refer to three different heights (1.3, 2.0, 4.0 and 8.0 m).
An analysis to check the independence of diameter predictions from
heights was performed as follows. MAPE[%] diameter errors were split
into three groups to check if the different heights adversely impacted
diameter predictions. The Shapiro-Wilk test of normality was conducted
on the three groups with the following results (Table 5):

All the groups were non-Gaussian; therefore, we applied nonpara-
metric tests next. The nonparametric Levene test for homogeneity of was
performed on the three groups with the following results: test statistic =
0.98, p value = 0.39 (homoscedastic). Finally, the Kruskal-Wallis
nonparametric ANOVA test was applied to the three groups with the
following results: Kruskal-Wallis chi-squared = 0.67, df = 2, p value =
0.72 (same averages). Fig. 6a shows the outcome of the nonparametric
ANOVA test; in fact, the average values (black horizontal lines within
the grey boxes in Fig. 6a) were approximately aligned horizontally.
Therefore, the point clouds were demonstrated to be good enough to
guarantee a diameter prediction error independent of the measurement
heights. The same kind of analysis was carried out to check the inde-
pendence of circumference predictions from heights. MAPE[%] diam-
eter errors were split once more into three groups corresponding to the
groups of measurements carried out at each considered height.

The Shapiro-Wilk test of normality was applied to the three groups
with the following results (Table 6):

All the groups were non-Gaussian; therefore, we used nonparametric

Table 4
Processing time and average point cloud density.

Point Flight Processing time Average Point cloud
cloud (point cloud Density
densification) [points/m®]

1 Outside 2h 31 24.465

2 Outside 46' 10.414

3 Outside 52/ 11.077

4 Outside 21’ 5.433

5 Outside 1h17 28.578

6 Outside 24/ 11.874

7 Outside 28 12.451

8 Outside 11 5.793

9 Outside/ 7h 03 41.134
Inside

10 Outside/ 2h 06 16.688
Inside

11 Outside/ 2h29 17.388
Inside

12 Outside/ 52/ 8.125
Inside

13 Outside/ 3h 09 43.834
Inside

14 Outside/ 59' 17.028
Inside

15 Outside/ 1ho5 17.502
Inside

16 Outside/ 23' 7.675
Inside
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Table 5

Outcomes of Gaussianity tests on the three groups for each height.
Group Statistic W p-value Outcome
A 0.60 1.834e-05 nogaus
B 0.72 0.0002839 nogaus
C 0.66 5.699e-05 nogaus

tests in the next step. The nonparametric Levene test for homogeneity of
variance was performed on the three groups with the following results:
test statistic = 0.19, p value = 0.83 (homoscedastic). Finally, the
Kruskal-Wallis nonparametric ANOVA test was applied to the three
groups with the following results: Kruskal-Wallis chi-squared = 0.0045,
df = 2, p value = 0.9978 (same averages). Fig. 6b shows the outcomes of
the nonparametric ANOVA test; in fact, the average values (black hor-
izontal lines within the grey boxes in Fig. 6b) are approximately aligned
horizontally. Therefore, the point clouds were demonstrated to be good
enough in terms of size and accuracy to guarantee a circumference
prediction error independent of the measurement heights.

4.3. Check for internal/external flight effect on predictions

The drone flights can be categorized into two groups: those that
crossed the forest and those that rotated around it. Determining if these
two kinds of flights influenced the accuracy of the predictions for cir-
cumferences and diameters differently was of interest. For this particular
problem, MAPE[%] accuracy values of circumferences was split into two
groups (external vs. internal flights). Then, the Shapiro-Wilk test of
normality was conducted on the three groups with the following results
(Table 7):

All the groups were non-Gaussian; therefore, we used nonparametric
tests in the next step. The nonparametric Levene test for homogeneity of
variance was performed on the three groups with the following results:
test statistic = 0.41, p value = 0.54 (homoscedastic). Finally, the
Kruskal-Wallis nonparametric ANOVA test was applied to the three
groups with the following results: Kruskal-Wallis chi-squared = 0.099,
df =1, p value = 0.75 (same averages) (Fig. 7a and 7b).

All the groups were non-Gaussian; therefore, we used nonparametric
tests in the next step. The nonparametric Levene test for homogeneity of
variance was performed on the three groups with the following results:
test statistic = 0.40, p value = 0.54 (homoscedastic). Finally, the
Kruskal-Wallis nonparametric ANOVA test was applied to the three
groups with the following results: Kruskal-Wallis chi-squared = 0.099,
df = 1, p value = 0.75 (same averages) (Fig. 7a and 7b).

The same analysis was repeated for diameter MAPE[%] errors. The
Shapiro-Wilk test of normality was computed on the three groups with
the following results (Table 8):

All the groups resulted non-Gaussian; therefore, next tests have to be
non-parametric to be effective. The non-parametric Levene test for
variance homogeneity has been performed on the three groups with the
following results: Test Statistic = 0.40, p-value = 0.54 (homoscedastic).

MAPE[3%]
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Finally, the Kruskal-Wallis non-parametric ANOVA test has been applied
to the three groups with the following results: Kruskal-Wallis chi-
squared = 0.099, df = 1, p-value = 0.75 (same averages).

Once more, no significant effect was found due to the different kinds
of flight on predictions of diameters and circumferences.

4.4. Accuracy analysis

In the given tree sampling, in-field measurements of diameters and
circumferences were available; therefore, after the stem reconstruction
described above, it is possible to assess the departures (errors) between
observations and reconstructed values (Tables 9 - 10).

In Table 9, approximately 81% of the point clouds have an average
MAPE[%] of less than 10%.

Table 10 shows that approximately 88% of the point clouds have an
average MAPE[%] of less than 10%.

Based on those results, we concluded that the reconstruction of the
diameters and circumferences of the samples was very accurate, apart
from those of point clouds #8 and #16 (marked in bold). Therefore, both
datasets coming from flights and the reconstruction models worked very
well.

4.5. Precision analysis

Once the accuracy of the predicted values of diameters and cir-
cumferences was established, the next step was to assess the precision of
the reconstructions by evaluating the Pearson’s correlation index be-
tween observations and reconstructed values from the point clouds
(Table 8). Table 11 shows that 9 point clouds out of 16 reached 98% of
the correlation maximum score, and only 2 point clouds (#8 and #16)
were invalid (i.e., did not provide valid tree parameter estimations of
diameter and circumference). The results obtained proved that
repeating the assessment on the same trees with different parameters of
the camera and SfM, they converge approximately to each other.

Table 6
Outcomes of Gaussianity tests on the three groups for each height.
Group Statistic W p-value Outcome
A 0.64 4.43e-05 nogaus
B 0.73 0.00039 nogaus
C 0.74 0.00052 nogaus
Table 7
Outcomes of Gaussianity tests on the two groups for each kind of flight.
Group Statistic W p-value Outcome
A 0.67 0.00091 nogaus
B 0.65 0.00065 nogaus
MAPE[%] 93
2
A l; (
(b)

Fig. 6. Comparisons of the three groups (by classes of height) of: (a) diameter’s errors averages. (b) circumference’s errors averages.
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Fig. 7. Comparison of the two groups (internal vs. external flights) of: (a) circumference’s errors averages; (b) Diameter’s errors averages.

Table 8

Outcomes of Gaussianity tests on the two groups for each kind of flight.
Group Statistic W p-value Outcome
A 0.70 0.0023 nogaus
B 0.63 0.00037 nogaus

Table 9

Extraction Model diameter average errors-RMSE and MAPE[%]. Poor point
clouds are marked in grey.

Point cloud Number of reconstructed RMSE average MAPE average

index trees [em] [%)]

1 22 1.05 2.44
2 21 0.92 2.57
3 21 0.96 2.79
4 11 4.06 10.79
5 22 0.89 2.59
6 21 2.23 5.26
7 20 0.99 2.77
8 4 7.36 23.71
9 22 0.92 2.69
10 22 0.96 2.87
11 22 0.92 2.73
12 18 2.75 7.20
13 22 0.92 2.66
14 21 1.02 3.07
15 22 0.88 2.63
16 6 4.29 14.76

Table 10

Extraction Model circumference average errors - RMSE and MAPE[%]. Poor
point clouds are marked in grey.

Point cloud Number of reconstructed RMSE average MAPE average
index trees (cm) [%]

1 22 1.73 1.67
2 21 1.57 1.36
3 21 1.87 1.64
4 11 10.47 8.11
5 22 1.35 1.19
6 21 5.20 3.88
7 20 2.59 2.47
8 4 19.92 20.03
9 22 2.17 2.26
10 22 1.85 1.79
11 22 1.41 1.27
12 18 7.12 5.72
13 22 1.78 1.81
14 21 1.61 1.55
15 22 1.36 1.30
16 6 10.94 12.15

4.6. Assessment of similarity between point clouds

Sixteen point clouds were generated from different flights, and
different parameters were provided to the SfM process. After the com-
putations, the error size can be an effective indicator of the goodness of
SfM parameter selection; therefore, analysing and comparing the error
size between point clouds is a useful method for identifying the best
parameter settings to gain the best point clouds. The heatmap can be a
useful tool for performing that analysis and identifying similarities and
differences between point clouds (Fig. 8). The numerical value consid-
ered is the MAPE[%] average attached to each cloud.

From visual inspection of the dendrogram, two main groups
emerged: Cloud8 and Cloud16 and the remaining clouds. Cloud8 and
Cloud16 were already identified from accuracy and precision analyses
as the poorest clouds. The remaining clouds were further split into two
groups: Cloud6, Cloud12 and Cloud4 from one side and the remaining
clouds. Again, these three clouds were already identified as poor clouds
based on the results of the previous analyses.

4.7. Basic statistics of point clouds

The analysis of the weighted average error indicated that the poorest
point clouds were Cloud8, Cloutl6, and Cloud4 because the average
exceeded the threshold of 10%. That threshold identifies optimal clouds,
whereas the threshold of 5% identifies excellent clouds. Approximately
69% of the clouds had average errors lower than 5%: a very good overall
result. However, comparing Tables 12 and 13, it appears that the
diameter reconstruction had a lower accuracy than the circumference
reconstruction. This is because diameters measured in the field are not
parallel with the ground, but rather are inclined with respect to two
orthogonal angles; this makes the assessment of the diameter more
complex than that of the circumference. Consequently, the average er-
rors of diameters were larger than those of circumferences.

In conclusion, based on the results in Tables 9, 10, 12 and 13, we
identified the best point clouds according to the values of MAPE[%] and
the number of actually reconstructed trees. Table 14 reports the best
point clouds and the related parameters set in Pix4D Mapper software.

All point clouds in Table 14 had a value of MAPE average [%]
(diameter average errors and circumference average errors) less than
5%, and they can be considered highly accurate according to the Lewis
scale. In particular, point Cloud5, Cloud11 and Cloud15 (marked in
bold) were the best based on the average MAPE[%] of diameter and
circumference.

4.8. Better reconstructed trees

Since the tree reconstruction was implemented according to different
point clouds coming from different flights and parameter tuning within
the SfM computational process, an interesting advancement could be the
individuation of the better reconstructed subzones of the study area.
This check was accomplished by fixing a threshold of accuracy (MAPE
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Table 11
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The table reports the correlation coefficients between the in-field measurements and estimated values. Point clouds with lower correlation scores are shown in dark
grey, while point clouds with the highest correlation scores are depicted in light grey. N-S columns represent the North-South diameters, and 2° columns refer to the

orthogonal diameters relative to N-S.

Diameter Circumference
Point Cloud N-S 2° N-S 2° N-S 2° 1.30 2.00 4.00
1 0.98 0.97 0.98 0.96 0.97 0.97 0.99 0.99 1.00
2 0.98 0.98 0.99 0.96 0.96 0.96 1.00 0.99 0.98
3 0.98 0.97 0.98 0.95 0.98 0.95 0.99 0.98 0.98
4 0.95 0.75 0.89 0.96 0.60 0.93 0.90 0.96 0.69
5 0.97 0.96 0.97 0.96 0.97 0.97 0.99 0.99 1.00
6 0.87 0.83 0.86 0.84 0.85 0.75 0.90 0.86 0.85
7 0.98 0.96 0.96 0.94 0.97 0.96 0.97 0.98 0.98
8 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
9 0.97 0.97 0.98 0.97 0.96 0.97 1.00 0.99 0.99
10 0.97 0.97 0.97 0.95 0.96 0.98 0.99 0.99 0.99
11 0.98 0.97 0.98 0.96 0.95 0.97 1.00 1.00 0.99
12 0.88 0.81 0.89 0.75 0.79 0.92 0.87 0.83 0.85
13 0.96 0.97 0.97 0.97 0.97 0.96 0.99 0.99 1.00
14 0.97 0.98 0.97 0.95 0.96 0.98 0.99 0.99 0.99
15 0.97 0.97 0.97 0.97 0.96 0.97 0.99 0.99 0.99
16 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

_—,
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Fig. 8. Heatmap MAPE[%] levels at 1.3 m height.

[%]) and assessing the case frequency on which each tree has an accu-
racy lower than the considered threshold. The given threshold was
3.5%, which represents an accuracy level excellent. Fig. 9 shows a map
with the sampled trees represented by a black dot identifying their po-
sitions inside the study area. The size of each dot is proportional to the
frequency at which the tree’s accuracy was better than 3.5%.

The map indicates that the northern part of the study area was
characterized by excellent accuracy.

5. Discussion

The aim of the present study was to demonstrate the effectiveness of
the use of a small drone to carry out undercover photogrammetric sur-
veys in a forest environment, with the goal of quantifying parameters of
dendrometric interest. This approach, in addition to simplifying the
acquisition schemes, allows field operations to be carried out with times
comparable or shorter than those based on the traditional terrestrial SfM

survey, as reported in Piermattei et al. (2019), Liu et al. (2018) and
Mokrosh et al. (2018).

Tables 3, 4, 9 and 10 highlight the main features that influence the
quality of the results of the photogrammetric processing and provide
practical suggestions about their optimal arrangement:

- The availability of a large number of images, deriving from several
surveys, did not appear to be a sufficient condition for obtaining optimal
results in terms of MAPE[%];

- The image scale parameter was the parameter that had the greatest
influence on tree reconstruction from point clouds, as already reported
in previous studies (Marzulli et al., 2020) with an optimal parameter
value equal to 1/2;

- Point density parameter should be set to Optimal or Low, according
surveys are inside or outside/inside;

- The average point cloud density (points/m®) values relating to the
point clouds considered optimal (Table 4) were between approximately
17,388 and 28578. Point clouds with lower or higher average point
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Table 12
Average MAPE[%] errors for each point Cloud associated to the diameter
computations.

MAPE[%] DX130 DY130 DX200 DY200 DX400 DY400
Cloud1 5.04 4.56 4.04 4.52 6.86 5.74
Cloud2 4.13 3.58 4.55 4.98 7.58 6.86
Cloud3 5.53 5.21 4.47 4.85 6.25 8.40
Cloud4 15.96 16.56 15.37 13.47 31.97 17.17
Cloud5 4.57 5.54 5.23 4.92 6.24 6.31
Cloud6 11.19 8.43 11.73 9.59 11.14 13.66
Cloud7 5.66 4.14 5.56 5.73 5.68 7.31
Cloud8 34.35 42.33 28.49 31.30 33.33 26.06
Cloud9 5.40 4.70 4.91 4.10 8.74 5.50
Cloud10 6.09 3.85 5.31 5.45 9.30 5.42
Cloud11 5.27 4.35 4.65 4.91 8.42 6.59
Cloud12 13.78 11.96 10.50 12.52 22.39 13.92
Cloud13 5.60 4.58 5.54 4.00 6.29 7.54
Cloud14 7.49 4.07 6.05 5.70 9.11 4.80
Cloud15 5.80 4.65 4.54 4.55 7.27 6.38
Cloud16 24.48 22.24 27.13 19.98 22.02 17.99
Table 13

Average MAPE[%] errors for each point Cloud associated to the circumference
reconstructions.

MAPE[%] CircX130 CircX200 CircX400
Cloud1 3.88 3.37 3.25
Cloud2 2.46 2.86 3.25
Cloud3 2.42 3.08 4.62
Cloud4 12.41 10.19 19.88
Cloud5 3.02 2.38 1.90
Cloud6 7.00 8.99 8.22
Cloud?7 4.69 5.11 5.55
Cloud8 33.98 20.23 29.02
Cloud9 4.69 4.85 4.78
Cloud10 3.67 3.94 3.71
Cloud11 2.98 2.36 2.67
Cloud12 10.06 9.57 14.72
Cloud13 4.03 4.61 2.08
Cloud14 3.61 3.48 2.38
Cloud15 2.28 2.47 3.45
Cloud16 18.21 19.51 18.50
Table 14
Pix4D Mapper software parameters for the point clouds elaboration.
Point Flight Captured Calibrated Image Point
cloud images images Scale Density
1 Outside 849 759 1/2 Optimal
5 Outside 557 487 1/2 Optimal
9 Outside/ 1262 1150 1/2 Optimal
Inside
10 Outside/ 1262 1150 1/4 Optimal
Inside
11 Outside/ 1262 1150 1/2 Low
Inside
13 Outside/ 754 668 172 Optimal
Inside
15 Outside/ 754 668 1/2 Low
Inside

cloud density values than the considered range did not reach optimal
results;

- Tables 9 and 10 show it is possible, by averaging the MAPE [%], to
establish the optimal point clouds and indicate the strategies to obtain
them. The first strategy starts from a relatively low number of images
compensated by an optimal densification during point processing; the
second reduces the densification and compensates information loss with
a greater number of images, obtained by combining several surveys
(Table 3). In summary, the main features of the best point clouds are
reported in Table 15a and 15b.
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Table 16 reports the results derived from a collection of papers,
whose contributions can be classified into three main categories: (i) the
plot type; (ii) the size of the study area and (iii) the RMSE value asso-
ciated with the DBH.

By comparing the accuracy results with those of the work of Pier-
mattei et al. (2019) referring to a study area of dimensions identical to
those of the present study, we observed that the RMSE values associated
with the DBH assessment outperformed those of Piermattei (0.88 cm vs.
4.02 cm). In the work of Liu et al. (2018) on a plot smaller than the one
considered in the present study, the DBH measurements reached a
higher accuracy level but slightly poorer than those gained in the pre-
sent study (0.92 to 1.13 vs. 0.88). Finally, in the work of Mokros et al.
(2018), in a slightly larger plot, the DBH measurement had an accuracy
of 1.80 cm, greater than the 0.88 cm obtained in the present study.

In addition to the analysis of the state-of-the-art of passive sensing
under forest canopy, it is worth noting some studies that focus on the use
of active sensing in drones in boreal forests (Hyyppa et al., 2020; Hyyppa
et al., 2021). The proposed methodologies rely on the utilization of a
laser scanner system mounted to the bottom of big UAV. This differen-
tiates from the methodology presented in this article, which utilizes
small-sized drones with a camera for passive sensing and a processing
procedure based on Structure from Motion (SFM) algorithms.

6. Conclusions

The main current technological development line for forestry
monitoring considers the use of TLS systems in the context of qualita-
tive/quantitative surveys. These systems are characterized by high
levels of accuracy and transportability, which are well suited to forest
contexts. Nevertheless, the implementation of these techniques requires
highly skilled technicians, proficient in both the data acquisition phase
and the subsequent processing phase. Additionally, the considerable
costs associated with hardware and software components must also be
taken into account.

In the present study, a new operational paradigm was introduced
that consisted of the use of UAV under the canopy cover and not above
it, as outlined in many scientific publications. This approach has a series
of technical/operational advantages represented initially by the reduc-
tion of technological costs and by the greater simplicity of data acqui-
sition and processing: for example, the possibility of overcoming
obstacles (undergrowth and landed trees) by remotely managing the
UAV flight.

In the present study, terrestrial photogrammetry in the forest was
carried out to develop efficient drone acquisition schemes and optimize
the software parameters for the treatment of the collected data (quantity
of images to be processed, processing times, and accuracy of the final
results). The continuous updates of the algorithms underlying SfM
photogrammetry, as well as the ever-increasing efficiency of photo-
graphic sensors mounted on drones, will contribute to increasing the
accuracy of the proposed approach in the near future, both in terms of
data acquisition and in processing.

The results obtained from the experimental setup were found to be
comparable, and in some cases even superior, to those achieved by state-
of-the-art terrestrial photogrammetry systems, as evidenced by a thor-
ough comparison with authoritative literature.

The future prospects of this novel approach show great promise,
particularly in the realm of periodic monitoring activities in forest areas.
It is worth noting that the maintenance and replacement costs associated
with unmanned aerial vehicles (UAVs) are entirely negligible when
contrasted with the expenses incurred by using terrestrial laser scanning
(TLS) technologies.

In our perspective, the proposed approach would be most beneficial
for various stakeholders involved in forest resource management,
including regional bodies, forest companies, national parks, and man-
agers responsible for protected areas. These actors play critical roles in
the monitoring and decision-making processes aimed at safeguarding
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Table 15a
Main parameters of data acquisition.
Point Survey Number of  Setting Captured Total data
cloud surveys images collection time
[min:sec]
5 Outside 2 2,3 557 21:51
11 Outside/ 5 1,2,3/ 1262 48:54
Inside 1,3
15 Outside/ 3 2,3/3 754 29:47
Inside
Table 15b
Main parameters of data processing.
Point Calibrated Image Point Average Processing time
cloud images Scale Density Point cloud (point cloud
Density densification)
[points/m®] [h:min]
5 487 1/2 Optimal 28.578 1:17
11 1150 172 Low 17.388 2:29
15 668 1/2 Low 17.502 1:05
Table 16
Comparison between the present study and the literature.
Study Plot type Size RMSE [cm]
Piermattei et al. (2019) circular Diameter 30 m 4.02
circular diameter 40 m
circular diameter 40 m
squared 30m x 30 m
Liu et al, 2018 squared 20m x 20 m From 0.92 to 1.13
Mokros et al., (2018) squared 35m x 35m 1.80
Liang et al., 2015 squared 30m x 30 m 2.38

forest resources.

Regarding the potential limitations of the proposed methodology,
primary considerations revolve around its applicability to diverse forest
types characterized by varying tree densities and the presence of a dense
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understory, which may impede the efficacy of drone surveys. Future
developments and field experimentations will deepen those aspects.

To conclude, the proposed methodology can be successfully applied
not only for a one-time survey of a forest but also for recurring mea-
surements in a sustainable manner. The cost-effectiveness of the
equipment, field personnel, and survey duration makes it a suitable tool
for assessing the ecological condition of a forest with relatively minimal
effort.
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