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Abstract: 

This work aims to analyze the potential of the Photogrammetric Point Cloud (PPC) obtained from Remote Piloted 
Aircraft (RPA) optical images for detecting and obtaining tree heights in a loblolly pine plantation using a global 
maximum filter. The enhanced algorithm used in this study is then named STD (Single Tree Detection). Field surveys 
were conducted to count all the trees in the field (Forest Census) and measure the trees’ height with a vertex 
hypsometer. The results were faced to PCC outcomes. The detection rate (r) was equal to the precision rate (p), 
indicating that the algorithm reaches a high tree detection performance. In summary, the STD algorithm segmented 
2,192 trees, representing 89% of trees recorded in the forest census. The retrieved tree height reached, on average, 
a height of 17.05 m, whereas slightly higher by the traditional forest inventory (17.42 m). The root-mean-square 
error (RMSE) and Bias were 47 cm (2.8%) and -37 cm (-2.2%), respectively. The Dunnett test showed that the tree 
height did not significantly differ between the results obtained by traditional forest inventory from those generated 
by the STD. It confirms the potential use of PPC for forest inventory procedures.
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1. Introduction 

Forest measurement techniques are necessary for wood stock quantification (Nicoletti et al. 2020). 
Measurement of forest productivity is closely related to the total height (Leite and Andrade 2003) and the number 
of trees in the stand. However, measuring tree height in the stand can lead to time-consuming, costly procedures 
and errors, as it requires knowledge of the horizontal distance from the operator to the tree and good visibility of 
the base and top (Mendonça et al. 2011). Similarly, the counting of trees in forest plantations is also a high-cost 
activity. Currently, it is usually performed by field surveys: visual counting through orthoimage photointerpretation 
of Remotely Piloted Aircraft (RPA) aerial images or by 3D point cloud, derived from the Light Detection and Ranging 
(LiDAR) system.

In the context of 3D point clouds, progress in digital photogrammetry has made it possible to obtain this 
information from optical images (Dandois and Ellis 2013) with great applicability in the forest environment (Dandois 
and Ellis 2013; Leslar 2015; Tang and Shao 2015; Tompalski et al. 2019). The development of methods for the 
automatic detection of trees with accuracy from Photogrammetric Point Cloud (PPC) of optical images has the 
potential to reduce forest inventory costs for tree accounting, either in the field or through visual interpretation 
of orthophotos. According to Dandois and Ellis (2013) these clouds have 3D representation characteristics similar 
to those obtained with 3D point clouds from LiDAR systems when applied in forest areas (Dandois and Ellis 2013). 
However, in contrast to LiDAR, PPC is limited to the top canopy surface with ground points located only when the 
ground can be observed on the image, such as in canopy gaps or exposed ground (Tompalski et al. 2019). Studies 
show the applicability of PCC derived from optical images in forests, make it possible to obtain relevant information, 
such as average tree height in urban areas (Zarco-Tejada et al. 2014), biomass (Skowronski et al. 2014 ), volume 
(Kameyama et al. 2020), height (Krause et al. 2019; Kameyama et al. 2020) and the forest census (Wallace et al. 
2014). However, there are few studies (Oliveira et al. 2021) in the literature that address the use of PPC from RPA 
optical images for tree detection and height inhomogeneous planted stands.

Most methods of automatic tree detection from PPC consist of converting the cloud into raster data (matrix 
format) and then using the local maximum filter. But it is known that this type of conversion leads to loss of important 
three-dimensional information in detecting individual trees and obtaining their height (Li et al. 2012). A study by Li 
et al. (2012), for example, showed the potential of global maximum filters for detecting LiDAR 3D point cloud trees, 
which presented higher assertiveness than local maximum filters (Wallace et al. 2014).

Given the above, the goal of this study was to analyze the potential of PPC to be used in the detection, 
counting, and height retrievals of a loblolly pine plantation using RPA images and global maximum algorithm. 

2. Materials and Methods

2.1 Study area and data acquisition

The study was conducted on a 4.5-hectare Pinus taeda stand (loblolly pine plantation), located in the 
municipality of São Mateus do Sul, Paraná State, Brazil (W 50º 35 ‘27.070” and S 25º 55’ 36.291” DATUM SIRGAS 
2000), on farms belonging to the FComp Ltda Company. The specific forest stand selected for this study has 11-year-
old, 2.5 m x 2.5 m spacing with submitted mixed thinning (selective and systematic harvesting in the 5th row). The 
climate of the study area was classified as Temperate Oceanic Climate (Cfb type), which is mesothermic, humid 
subtropical, with mild summers, undefined dry seasons, and the occurrence of severe frosts; with an average 
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annual temperature of 16°C, and annual precipitation ranging from 1300 to 2400 mm (Nicoletti et al. 2020). This 
kind of management is more common in areas of planted forest destined for the production of sawmill wood. 
The division of the field (Figure 1) into blocks was established in the systematic thinning lines. Tree detection and 
forest census were performed on twelve blocks.

Source: The Author.

Figure 1: A) Paraná state location; B) São Mateus do Sul municipality location; C) Loblolly pine plantation; D) 
Perspective RGB image acquired from DJI Phantom 4 Pro of loblolly pine plantation used to implement the 

automatic tree detection algorithm. 

To validate the results obtained through the PCC, field surveys were made counting all the trees in the field 
(Forest Census) and measuring the height of the trees with a vertex hypsometer model VL4 vertex laser haglof. The 
measurements were made in 8 rectangular plots of 12.5 m x 17.5 m distributed in the study area. The total area of 
the sample plot was 218.75 m² and the plots cover 0.44% of the total study area.

2.2 Survey and Photogrammetric Point Cloud preprocessing

The flight was performed with the DJI Phantom 4 Pro Drone quadcopter. The RGB camera with a focal length 
of 24 mm, 20 megapixels and a GPS was integrated into the quadcopter. The camera sensor has dimensions of 8 x 
11 mm. The aerial photographs were obtained by two flights: 100 m and 120 m, with the longitudinal overlap of 
80% and lateral overlap of 70%. The survey of aerial photographs was performed in cross flight, thus obtaining a 
greater coverage of the photography in the object space and, consequently, to their level of detail. The flights were 
performed between 10:00 and 14:00 hours on June 23rd, 2017. 
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The PPC (Figure 2) was automatically generated from images using the computer vision software Agisoft 
Photoscan version1.2.4. The software generates first the sparse point cloud, by aligning photos via reference pair 
preselection. The next step is to build Mesh and finally build the dense point cloud. The PPC produced consists of 
a set of 3D points in an arbitrary coordinate system, but with internally consistent geometry, with RGB information 
extracted from each point of the input photos (Dandois and Ellis 2013).

Source: The Author

Figure 2: Photogrammetric point cloud 3D visualization for the study area.

The global maximum algorithm was applied to the treated PPC. The methodological flowchart (Figure 3) 
presents the steps for obtaining the treated PPC.

Source: The Author

Figure 3: Major steps of the Photogrammetric Point Cloud data processing.

PPC is subject to high noise or outliers. To correct these errors, the Statistical Outlier Removal (SOR) 
algorithm (Rusu et al. 2008), was implemented by a plugin in CloudCompare 2.9 software. The S.O.R plugin is a 
simple interface to some methods of the PCL library. The SOR works through two phases of interaction with the 
entry. In the first interaction, it calculates the average distance between each point and its k closest neighbors. 
The k value is configured by the user. Then, the mean and standard deviation of all these distances are computed 
to determine the limit distance between the points. In the second interaction, the points are classified as inlier 
or outlier according to the calculated limit: if the point is above the limit, it will be considered an outlier, and if 
it is below, an inlier (PCL Library).
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where: MaxDist is the boundary distance between points, Xi is the individual point in PPC, 𝑋𝑋  is the average 
of points, n is the point quantity, xi is the average distance and α is the multiplier constant of standard deviation. 

To reduce computational resources, data processing, and redundancy, high-density point sampling processes 
were adopted. However, this sampling process should be carefully considered, as it must be able to represent the 
phenomenon as a whole without loss of information (Miranda et al. 2018). In the present study, only 1% of the 
total points in the 3D point cloud were used, which were selected by simple random resampling. The 1% value was 
adopted following tests with the percentages: 1%, 5%, and 10%, and verified with no change in the final results, 
except on processing time. The Digital Terrain Model (DTM) is obtained from spatial data that represent the surface 
to be modeled (Miranda et al. 2018). The PPC can act as a reference database for generating a model of the surface 
distribution, however, it can present points that do not represent the layer to be modeled. Therefore, these clouds 
must go through a filtering process to extract only the points of interest. For this, the PPC obtained was submitted 
to the Cloth Simulation Filtering (CSF) algorithm (Zhang et al., 2016), originally developed for filtering points 
corresponding to the aerial laser data soil and implemented in the free software CloudCompare 2.9.

The CSF extracts points referring to the soil through modeling of the “Cloth modeling” mesh, where a mesh 
is simulated on the reverse cloud, resulting in a basis for the classification of points into ground and non-ground. In 
some cases, as in Haala et al. (2010), the securing of forest ground points by passive sensors is quite limited, or even 
impossible, due to the canopy. However, due to the mixed thinning present in this forest, it was possible to obtain 
ground information with a passive sensor, because of the canopy’s openness after cutting some trees.

The variation in the ground’s relief must be removed to obtain absolute heights of the trees. Thus, it is necessary 
to normalize the PPC concerning the field DTM. In this process, the points belonging to the ground, obtained by the 
CSF filtering, go through the process of Triangular Irregular Network (TIN), thus generating a continuous surface of 
the ground. Non-ground PPC was interpolated and subtracted from DTM, resulting in cloud normalization (Wang et 
al. 2008) (Equation 2).

nDSM DSM DTM= −                                                                                (2)
where: nDMS is the normalized Digital Surface Model, DSM is the Digital Surface Model and DTM is the Digital 

Terrain Model.

The tree detection occurs from the normalized cloud, where points belonging only to the portion of the forest 
canopy were selected and extracted. The algorithm produced in this work was developed to work only in the forest 
canopy portion, for improved performance. The file resulting from the processing of the algorithm in the PPC of the 
field study consists of E, N, h coordinates, which match the map projection (UTM – SIRGAS2000). The algorithm was 
applied following the flowchart steps in Figure 4.
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Source: The Author adapted from Li et al. 2012.

Figure 5: STD Algorithm flowchart to tree detection obtained from RPAS optical images. 

Source: The Author.

Figure 4: Algorithm flowchart to tree detection using RPAS optical images. 

The blocks 03 and 04 (Figure 1D) were used as training samples to adjust the parameters established for 
the algorithm. From these blocks, the algorithm was adjusted according to the canopy characteristics of the forest 
tested, such as canopy spacing and height.

2.3 Single Tree Detection Algorithm

The algorithm for automatic tree detection (STD – Single Tree Detection) is performed by the global maximum 
method applied directly on the PPC treated (Santos 2018). The global maximum method has already been used 
by Li et al. (2012) for tree detection in LiDAR point clouds, but without the purpose of obtaining tree height. In 
this method, the highest point in the normalized point cloud is considered to belong to the first tree and all other 
points are evaluated against a set of criteria to determine if they belong to this initial tree (Li et al. 2012; Wallace et 
al. 2014). The most important criterion used to determine if a point in a given 3D point cloud belongs to a tree ‘n’ 
(befitting the global maximum of that cloud) is by applying a search radius. The radius is projected on the orthogonal 
plane (2D) points existing within this radius that meet the established parameters are classified as belonging to the 
tree ‘n’. Once the ‘n’ tree has been segmented, it is then separated from the 3D point cloud and the filter passes 
again, obtaining the ‘n + 1’ tree and so on until the cloud is completely classified. The flowchart (Figure 5) illustrates 
how the algorithm works in the point cloud preprocessed. 
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The MaxZ parameter was set to Hcanopy+1. This parameter represents the smallest possible height to be 
included in the automatic tree detection. The proposed algorithm for automatic tree detection was written in the 
Python programming language, using the Arcpy package (ESRI). Operation is based on the following pseudocode:

#Start:

Hcanopy= 12 # defined by user 

R = 1.7 # defined by user

Cloud_i = Import (Point cloud); #impot photogranmetric point cloud 

for (z = 0; z <= Cloud_i.size(); z++){

MaxZ = sort(Cloud_i)[-1]; # obtain the tallest point from point cloud (MaxZ):

#if the tallest point is higher or equals to the canopy height (Hcannopy:

if (MaxZ ≥ Hcanopy):

Tree_i = MaxZ.buffer(r); #get points within radius r the highest point 

Save (Tree_i) #save the tallest tree

Cloud_i = Cloud_i – Tree_i;

else: #if the tallest point is less than canopy height (Hcannopy):

Stop 

}

The “R” in pseudocode indicates the radius and Hcanopy is the height of the canopy base (Figure 6). Both 
parameters should be defined according to the characteristics and spacing of the forest stand.

Source: The Author.

Figure 6: Representation of obtaining the HCanopy parameter in the PPC of an adult forest planted.

The automatic tree detection algorithm ranks neatly from the highest to the lowest tree until the cloud in the 
process has no points to classify (MaxZn <Hcanopy). As the PPC used as input to the STD is normalized, the Z value of 
the detected points was assumed to be the total height of the detected trees, and these values were compared with 
those collected in the field. 

2.4 Data analysis strategy

In addition to tree quantity collected by the census, the tree counting was also performed via 
photointerpretation. The results of both methodologies were compared to those obtained by the STD algorithm in 
the 3D point cloud. Tree heights obtained by field survey were compared to the heights obtained by the algorithm 
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applied in the 3D point cloud of RPAS optical images.

The evaluation of detection and counting accuracy was analyzed at the block level (12 blocks) and was based 
on the analysis of commission and omission errors generated by the algorithm compared to the trees accounted for 
in the field (reference) and by the photointerpretation. Recall rates (r) (Equation 3), precision rates (p) (Equation 4), 
and F-score (Equation 5) were calculated (Goutte and Gaussier 2005;  Sokolova et al. 2006).

TPr
TP FN

=
+                                                                                        (3)

TPp
TP FP

=
+                                                                                        (4)

*2 r pF Score
r p

− =
+

                                                                                (5)

where: TP is the True Positives (trees correctly detected by the algorithm or true positives), FN is the False 
Negative (when tree exists but do not get detected by algorithm or omission error), FP is the False Positive (when 
the tree does not exist, however, the point was detected as a tree or commission error), r is the detection rate, p is 
the precision rates and the F-Score.

The r (recall) (Equation 3) indicates the tree detection rate, i.e. it is an indicator of correct detection by the 
algorithm, where p indicates the precision of the algorithm and the F-Score is the overall accuracy, taking into 
account commission errors and omission, where the values of r, p and F-score range from 0 to 1, so that 1 is the 
maximum value given for perfect result (Li et al. 2012). 

The mean values of tree height present in the eight plots were determined by hypsometers and STD 
algorithm, which were compared to test the hypothesis that the means, variances, and covariance of the variables 
do not differ between the two methods. First, the Shapiro Wilk normality test was performed. After this step, 
Bartlett’s homogeneity test was applied, and finally, Dunnett’s comparison test (Dunnett and Tamhane, 1995) 
was performed (Equation 6).

2*. . QMRd m s d
r

=                                                                                   (6)

where: d.m.s is the significant minimum difference, d is the in the value given in the table at the pre-established 
significance level, QMR is the mean square of the residue of the analysis of variance and r is the number of treated 
groups. The root-mean-square error (RMSE) and Bias were obtained from Equation 7 and Equation 8, respectively.
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where: RMSE is the root-mean-square error, Bias is the bias value, �̂�𝑦𝑖𝑖  is the predicted, value, yi is the observed 
value and n is the number of observations. Pearson correlation coefficient (r) and coefficient of determination (R²) 
were also calculated.

3.Results and Discussion

Overflight with RPA resulted in 214 images with 2 cm spatial resolution. From these images, a PPC was 
obtained, with a total of 32,085,461 points, representing the canopy and the soil portion. Although the RPAS camera 
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is a passive sensor, and due to the characteristics of the studied forest (recently thinned), it was possible to obtain 
the ground from inside the planting and thus perform the cloud normalization process (Figure 7). 

Source: The Author.

Figure 7: Photogrammetric Point Cloud normalization. A) PPC before normalization; B) PPC after normalization.

3.1 Tree detection

The BL03 and BL04 blocks (Figure 8A) used to adjust the algorithm parameters allowed the Hcanopy = 12 m and 
r = 1.7 m values. The radius defined for the algorithm adjustment was based on the distance between the crowns of 
the canopy, obtained by empirical approach by randomly measuring some trees in the orthophoto. Figures 8B; 8C 
and 8D indicate the results of classification on these specific training blocks.

Source: The Author.

Figure 8: Automatic tree detection process in PPC training samples. A) PPC before detection; B) Trees detected 
from radius R; C) Obtaining the highest point for each tree; D) Overlay of Orthophoto with the automatic tree 

detection final result in the training sample; E) Detail of the detection result in the orthophoto.

The STD algorithm processing in the training samples (Figure 8) resulted in F-Score of 0.94, from a range 
of 0 to 1 when compared to the number of trees counted by visual interpretation. In terms of the number 
of trees identified, the application of STD to PPC resulted in 530 trees. The total of trees detected through 
photointerpretation was 507, and 518 trees were counted in the field census, indicating the detection of False 
positives. Of the 530 trees detected automatically, 489 were correctly segmented concerning the orthophoto, 
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representing a percentage of 96% correct answers. And 94.4% of trees correctly detected when compared to 
forest census accounting. 

The F-Score obtained by the STD algorithm compared to that obtained in the field was 0.93 (Table 1) and 93% of 
the correctly detected tree. In this study, the F-Score reached a value similar to that found by Li et al. (2012), in which it 
was F-Score = 0.90, and by Wallace et al. (2014), where trees were correctly detected in 92% to 97% of the total forest. 
Both studies were performed in native coniferous forests in the United States using 3D LiDAR point clouds.

Table 1: Automatic tree detection results in 12 Blocks.

Block
STD Orthophoto Census

TP FP FN r p F-Score
N. of Trees N. of Trees N. of Trees.

BL01 88 96 110 88 0 8 0.92 1 0.96
BL02 181 184 198 173 8 11 0.94 0.96 0.95
BL03 278 270 249 258 20 12 0.96 0.93 0.94
BL04 252 237 269 231 21 6 0.97 0.92 0.94
BL05 241 240 257 224 17 16 0.93 0.93 0.93
BL06 258 249 259 240 18 9 0.96 0.93 0.95
BL07 268 243 253 232 36 11 0.95 0.87 0.91
BL08 226 234 238 217 9 17 0.93 0.96 0.94
BL09 216 221 226 206 10 15 0.93 0.95 0.94
BL10 203 205 208 191 12 14 0.93 0.94 0.94
BL11 136 164 183 123 13 41 0.75 0.90 0.82
BL12 9 16 24 9 0 7 0.56 1.00 0.72
Total 2,356 2,359 2,474 2,192 164 167 0.93 0.93 0.93

*TP: True Positive; FP: False Positive; FN: False Negative; r: recall; p: precision; F-score

The detection rate (r) was equal to the precision rate (p), indicating that the algorithm has high performance 
in tree detection. Considering that 2,192 trees were correctly segmented by the algorithm (VP), this represents 89% 
of the total accounted for by the forest census, and the visual interpretation obtained F-Score = 0.95 concerning the 
census. On the other hand, 6.96% of the total trees (164) were erroneously detected (False Positive) and 7.09% were 
not detected by the algorithm (167 trees as False Negative). Since the orthophoto was generated from the same set 
of images to generate the point cloud, automatic detection is expected to be more closely related to the number of 
trees obtained through photointerpretation. The underestimation of the number of trees by photointerpretation 
and algorithm may be due to the limitation of the passive sensor to penetrate the forest canopy, since in the forest 
there may be overlapping canopies or trees lower than the canopy height.

The method used in this work obtained results very similar to those found in studies with the application of 
global maxima in the automatic detection of trees using LiDAR data (Li et al. 2012; Wallace et al. 2014), in which tree 
underestimation problems occurred. In both works, it was observed that the commission error usually increases 
with the spacing, since the branches are usually longer, and cause the addition of one or more trees. On the other 
hand, the omission error decreases, because fewer trees occur suppressed by the neighborhood. Therefore, canopy 
characteristics and consequent planting spacing influence tree detection results (Reitberger et al. 2009). 
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3.2 Tree height

The STD algorithm applied to the PPC made it possible to obtain the total height values of the detected trees, 
due to the tree’s tallest point detected by the maximum global algorithm (Figure 9). The results obtained in the eight 
stands are shown in Table 2.

Source: The Author.

Figure 9: A) Profil view of tree detection and height result from the STD in the 3D point cloud; B) Orthogonal view 
of tree detection and tree height in the 3D point cloud.

Table 2: Comparison between average tree height obtained by field collection (Figure 1D) and by the Single Tree 
Detection algorithm, from Photogrammetric Point Cloud.

Sample Field Height (m) STD Height (m)
1 17.73 17.18
2 18.12 17.55
3 18.01 17.68
4 17.57 16.74
5 17.14 16.95
6 17.00 17.17
7 16.84 16.36
8 16.98 16.76

Average 17.42 17.05
Standard Deviation 0.498 0.439

The average height obtained by the hypsometer was only 38 cm higher than that obtained by the STD 
algorithm in the PPC of the field, similar to results obtained by Krause et al. (2019) PPC showed a tendency to 
underestimate tree heights. The PPC is limited in characterizing the structure below the forest canopy, due to the 
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limitation of passive sensors to penetrate the canopy (Tompalski et al. 2019) so, they need a precise digital terrain 
model with a high spatial resolution for ground-level point cloud normalization (White et al. 2016).

The Shapiro-Wilk normality test and homogeneity of Bartlett show that the data of height of the trees have 
a normal distribution and similar variability between the groups. In the Dunnett test it was evidenced that there 
was no significant difference between the tree height obtained by the two tested methods (hypsometer and STD) 
(average differences = 0.375 < d.m.s = 0.5; T-value = 0.32). The Pearson correlation coefficient (r) of the two methods 
was 0.8 and the coefficient of determination (R²) was 0.58, the root-mean-square error (RMSE) was 47 cm (2.8%) 
and Bias was -38 cm (-2.2%). 

The absence of statistical differences between the total heights obtained by the hypsometer and the STD 
represents an important advance for the use of PPC from RPA images for forest inventory in stands. Krause et 
al. (2019) compared the tree heights obtained by UAV-based photogrammetrically with tree heights from direct 
destructive measurements in a study site located in Germany. For that study, the 0.24 ha monoculture scots Pine 
stand was chosen and consisted of 289 trees after selective harvesting. The direct destructive measurement method 
of the felled trees was assumed the most accurate measurement possible. The results showed that Photogrammetric 
tree heights were underestimated when compared to field measurements with a bias of −0.369 m (−2.13%) 
after selective harvesting. Ganz et al. (2019) compared the accuracy of 319 individual tree height measurements 
derived from photogrammetric or LiDAR data against direct measurements and the results showed the LiDAR 
and photogrammetric measurements resulted in a similar level of error (R² = 0.99, RMSE = 0.49), though LiDAR 
performed slightly better than photogrammetric based measurements. The use of aerial photography is, therefore, 
regarded as an adequate and cost-effective alternative for the measurement of individual crowns, however, the 
availability of a DTM is crucial when deriving tree height with photogrammetric data. 

For planted forests, without thinning, applications are limited due to the reduced canopy penetration 
capability of passive sensors. Thus, it is important to consider the density of the stand, as it influences the heights 
obtained from the point cloud obtained from aerial images. The interlacing of treetops or shaded and occluded tops 
will not be detected.

4. Conclusion

The level of detail of the PPC made it possible to visualize the crown structure in the field, where automatic 
detection using the global maxima method was successful for the conditions of the study area, a thinned Pinus 
planted forest stand. It shows a promising approach that could be evaluated in other similar environments to 
compare results. 

The algorithm presented high detection rates (r) and high accuracy rates (p) in field tree detection. The high 
correlation between the STD algorithm and conventional methods of individual trees counting in a forest stand 
showed the potential of PPC in planted forest stands.

Although there were limited ground measurements, the application of the STD algorithm in the PPC from 
RPAS allowed total tree heights to be detected automatically in the stand, without presenting statistical differences 
when compared with the conventional method.

In this study, the optimal results achieved in obtaining tree heights through PPC were possible due to the 
flight time at which the images were captured and the newly thinned stock density, which allowed the reflectance 
of the ground to be captured by aerial images, thus generating points in the cloud that represent the ground part 
of the field, allowing for the normalization process. New studies are recommended employing this methodology in 
other forest stands and environments.
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