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Abstract: Data on forests (height, diameter at breast height, volume, etc.) are increasingly being 

collected using remote sensing methods, which improve forest inventories. The latest popular 

method of data collection is through unmanned aerial vehicles (UAVs) equipped with LiDAR 

sensors, which allow for a more detailed assessment of structural parameters in space and time, 

facilitating the practical application of more complex forest management systems. Therefore, the 

main objective of this study was to measure the structural elements of the stand (volume, basal area, 

tree count, height, diameter at breast height, crown width and area, etc.) from LiDAR images and 

determine the accuracy of the results obtained. The research was conducted in the area of the most 

valuable forests in Croatia – the lowland oak forests, covering an area of 5500 ha. The results of the 

study showed that there is no statistically significant difference between the diameters and heights 

measured in the field and those from LiDAR images, and consequently, no difference in the 

calculated volume. The study also concluded that the use of unmanned aerial vehicles with various 

sensors can significantly reduce fieldwork while achieving the same accuracy in the results, thus 

leading to substantial savings in both time and money.  

Keywords: remote sensing; LiDAR; unmanned aerial vehicles; accuracy of measuring structural 

parameters; forest inventory 

 

1. Introduction 

Over the past few decades, due to changes in forest ecosystems resulting from both natural and 

anthropogenic activities, there has been an increased demand for precise and accurate spatial 

information about forest ecosystems [1–4]. Making informed decisions in forest management is based 

on high-quality data collected during forest inventories [5], which are most commonly conducted in 

the field, making the process exceptionally time-consuming and costly [6,7]. In addition to 

conventional terrestrial methods of data collection, forest data (such as tree location, height, diameter 

at breast height, volume, etc.) are increasingly being gathered using remote sensing methods. The 

application of remote sensing methods improves forest inventories [8], reduces the scope of 

fieldwork, and provides opportunities for time and cost savings [2,9–11]. Data obtained through 

remote sensing methods have advantages over field-collected data, as they allow for the prediction 

of forest characteristics and are not spatially restricted to areas covered by forest inventory programs 

[12]. For an entire century, photogrammetry has been used as an efficient and high-quality method 

of measurement without direct contact with the object. However, with the continuous development 

and advancement of technology, the scope and potential applications of remote sensing methods and 

techniques are expanding [13]. Over the past two decades, spatial laser scanning technology, 

specifically LiDAR [14], has emerged as a fully automated and highly efficient data collection 

method. This technology has undergone rapid development, evolving from scientific investigations 

to operational applications [15]. With the emergence of LiDAR as an active remote sensing 

technology, it is now possible to obtain information and parameters related to the vertical structure 
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of features, particularly trees [7], offering a cost-effective alternative to traditional field-based and 

two-dimensional remote sensing methods [6,16]. The rapid adoption of Light Detection and Ranging 

(LiDAR) technologies on various platforms (satellites, aircraft, unmanned aerial vehicles) enables the 

acquisition of fast and precise three-dimensional information about the structural properties of 

forests and the assessment of their changes [17–30]. The most popular technology for studying forest 

structure is airborne laser scanning (ALS), while terrestrial laser scanners (TLS) and handheld mobile 

laser scanners are also used to some extent [31,32]. The popularity of ALS is not only due to its ability 

to provide accurate height estimates over large areas [33], but also because the laser signal can 

penetrate gaps in vegetation, allowing for measurements of the ground and the internal structure of 

trees [6], as well as for measuring height growth [34–37]. ALS enables a more detailed assessment of 

these properties in both space and time, facilitating the practical application of more complex forest 

management systems [38,39]. According to Slavik et al. [40], a special case of the aforementioned 

method is data collection using unmanned aerial vehicles (UAVs) equipped with a LiDAR sensor—

UAV laser scanning (ULS). In recent years, UAV laser scanning has gained attention due to its safety, 

data collection flexibility, and high-quality data compared to ALS, all attributed to the UAV's ability 

to fly at lower speeds and altitudes above the ground. Point clouds derived from unmanned aerial 

vehicle (UAV) imagery are widely recognized in forestry due to their cost-effectiveness and ability to 

provide information on canopy structures over larger areas [41–45]. LiDAR systems have become one 

of the key methods for obtaining data on the structure, changes, and spatial distribution of forest 

resources, owing to their fast and accurate results [46]. They offer significant advantages for 

operational forest inventories [30] and are increasingly being applied in the monitoring of structural 

parameters [2]. 

The total area of forests and forest land in the Republic of Croatia amounts to 2,759,039 ha, which 

constitutes 49.3% of the country's land area. The fundamental principles of Croatian forestry are 

sustainable management while preserving the natural structure and biodiversity of forests, as well 

as the continuous improvement of the stability and quality of both economic and public-benefit 

functions of forests. The application of modern data collection methods (LiDAR), along with the use 

of GIS technology, which enables the integration of various types of collected data into a cohesive 

whole, significantly increases the speed of data preparation for planning and implementing forest 

management activities. 

The main objectives of this study was to measure the structural elements of the stand (volume, 

basal area, tree count, height, diameter at breast height, crown width and area, etc.) using LiDAR 

imagery, assess the accuracy of the obtained results and to investigate the possibilities of rationalizing 

the implementation of forest inventories based on the developed models.  

Within the systematic sampling grid (100x100 m), commonly used in field measure-ments, and 

considering the variability, area, and age of the stand, the smallest acceptable sample plot will be 

tested through random selection. This will ensure the achievement of equal measurement accuracy, 

ultimately contributing to a reduction in the time and costs of forest inventory planning. 

2. Materials and Methods 

The study was conducted in the most valuable forests in the Republic of Croatia – the lowland 

pedunculate oak forests, covering an area of 5500 ha. For the area included in the study (Figure 1), a 

selection of representative stands for scanning was made. This was followed by a field survey and 

inspection of the selected stands. 
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Figure 1. Study area (highlighted in red) - schematic representation. 

Since the study was aligned with regular forest management on the defined area, and the 

measurement of structural parameters was carried out on a systematic 100 x 100 m grid, a random 

sample of field plots (radius 13 m) was designed within the existing systematic sample. This was 

done for direct measurements and assessments of tree and stand variables in the field, and later on 

the imagery. The plots were selected based on the principle of representing an appropriate number 

of stands, or plots, within each age class (I. 1-20 years, II. 20-40 years, III. 40-60 years, IV. 60-80 years, 

V. 80-100 years, VI. 100-120 years, VII. 120-140 years) and forest type (Figure 2). 

 

Figure 2. Spatial distribution of plots (random sample) within the scanned compartments (highlighted in 

green). 
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The centers of the selected plots (radius 13 m) were then defined on the designed systematic 

sampling grid, i.e., the coordinates of the plot centers were determined to ensure that the plots could 

be matched in the field during the interpretation (measurement) of the imagery. Overview maps of 

the study area with the designed plot sample were created (Figure 3). 

 

Figure 3. Cartographic representation of a part of the study area with the integrated systematic 100 x 100 m grid 

and random plot selection for measurement (highlighted in green). 

The coordinates of the plot centers in the field, within the systematic sampling grid, were 

precisely determined using an RTK GNSS Trimble device to ensure that the plot center in the field 

exactly matched the plot center during the interpretation of the imagery. This allowed for the 

comparison of parameters for the same trees measured using different methods. In addition to the 

variables typically measured during regular forest management, the tree measurements also 

included time consumption and the determination of the spatial position of the sampled trees. 

Regarding the measurement process, on each plot designated for measurement (random 

selection), all trees were marked and numbered with color, tree species were identified, and for each 

tree, two perpendicular diameters were measured using a caliper (accuracy of 1 cm). Tree heights 

were measured using a Vertex instrument. Distances and angles (azimuth) were also measured for 

each tree relative to the plot center, thereby obtaining the spatial distribution of the measured trees. 

For each plot, the time required to measure all the aforementioned parameters (start and end of the 

measurement) was recorded.  

After the field measurements were conducted, a database was created for each management unit 

in GIS (ArcGIS 10.x), containing all measured parameters: compartment/subcompartment, plot 

number, X-Y coordinates, tree number, species, distance and angle relative to the plot center, two 

perpendicular breast heights, tree height, height to the first branch, and the start and end times of the 

measurement on the plot (Figure 4). 
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Figure 4. Illustration of the functioning of the established database – querying for individual trees on the plot 

with a radius of 13 m. 

Based on the data obtained from the field measurements, the volume, basal area, tree count, 

mean stand height, and mean stand diameter were calculated. 

The research area was recorded by an unmanned aerial vehicle (DJI Matrice 300 RTK), with 3 

flights at a height of 80 m. After the aerial photogrammetry (RGB - DJI Zenmuse P1) and laser (LiDAR 

- DJI Zenmuse L1 lidar) data were conducted, the images were prepared and processed for 

measurement.  

Regarding LiDAR, the "raw" point cloud – 473 points/m2 (*.las format) needed to be classified 

and filtered, followed by the normalization of point heights, and then the classification and 

segmentation of vegetation into individual trees, shrubs, etc (software GreenValley LiDAR360).  

The orthorectified images were loaded with a systematic sampling grid of 100x100 m (plot 

centers) and randomly selected plots of appropriate dimensions, i.e., the same plots where the field 

measurements were conducted. Each loaded plot was clipped from the image and underwent point 

cloud processing procedures in several phases: 

• "Cleaning" of the point cloud, i.e., mitigation of "noise" 

• Classification of points representing the ground (separation of ground points from vegetation) 

• Normalization of the point cloud (conversion of elevation values to heights above ground level) 

• Automatic segmentation of vegetation (individual trees, shrubs, and other vegetation types) 

• Manual correction of segmented trees (if necessary) 

• Measurement of segmented trees (tree coordinates, diameter at breast height, height, crown 

width, etc.), i.e., determination of parameters as in operational forest management. 

The first phase of LiDAR data processing involves point cloud cleaning (e.g., some points in the 

cloud significantly deviate from others and, as such, do not represent trees, but instead create errors 

in subsequent processing). Point cloud cleaning is performed automatically (Figure 5) and/or 

manually, until all points that could impact the measurement are removed. This results in a higher-

quality point cloud, with reduced presence of "noise", while simultaneously increasing the accuracy 

of automatic measurements (Figure 6). 
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Figure 5. Display of the LiDAR360 interface during the automatic removal of "noise" from the LiDAR/RGB data 

(remove outliers) – plot 1265. 

 

Figure 6. Display of the surface after the removal of all "noise" from the LiDAR/RGB data – plot 1265. 

After this processing, the image was ready for further procedures, which included ground 

classification and, based on the ground classification, point height normalization. This process 

converted the elevation values of the vegetation points into values representing heights above the 

ground. 

Subsequently, automatic segmentation of vegetation into individual trees, shrubs, and other 

categories was performed (Figure 7). 
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Figure 7. Display of segmentation (3D) – plot 1265. 

All the aforementioned processing stages had to be carefully reviewed (visually) and any 

anomalies corrected to ensure the most accurate measurement of the segmented trees. 

Since the measurements in the field and on the images were conducted on the same grid, which 

covers the selected stands, the plots and trees measured in the field could generally be found and 

linked with the measurements on the images. The data obtained from the image measurements were 

entered into the GIS database and merged with the field measurement data from the same plots for 

statistical processing, analysis, and modeling.  

The data obtained through remote sensing methods (LiDAR) were compared at the plot sample 

level. The comparison included an evaluation of the accuracy of each estimated parameter, as well as 

the temporal dimension of the estimated data.  

Therefore, for the observed variables (tree count, breast height diameter, height, basal area, 

volume) measured using different methods, statistical analysis was conducted (descriptive statistics 

and T-tests [47]). 

After the measurements were conducted on circular plots within individual compartments and 

age classes, comparisons between field measurements and measurements from the recordings for the 

same plots were made, and the accuracy was determined. Subsequently, further measurements were 

carried out at the level of larger areas (1 ha) and entire compartments (the principle of scaling from 

small to large). 

LiDAR images were extracted using regular 1 ha plots (rectangular), which, like the circular 

plots, were randomly distributed within the compartments. Since field and recording measurements 

were conducted using the same sample grid, which covered the selected stands, plots, and trees 

measured within these plots, several 1 ha plots were distributed within the same compartments in 

the systematic sampling grid (100 x 100 m), in order to capture as much variability as possible within 

the compartment. 

Each loaded plot (1 ha) underwent point cloud processing procedures, similar to the circular 

plots. Unlike the measurements on circular plots, where manual processing was present to a lesser 

or greater extent, in this case, the focus was on obtaining measurement data of satisfactory accuracy 
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on larger areas through exclusively automatic processing. After the measurements on the 1 ha plots, 

the next step was the automatic measurement of segmented trees across the entire compartment. 

3. Results 

Since the research is based on developing a methodology for assessing structural parameters in 

operational forest inventory using LiDAR imagery, the analyses were conducted with the aim of 

contributing to a better (more detailed) interpretation of the observed advantages and/or 

disadvantages of the applied methodology. Specifically, the goal was to determine whether there is 

a difference between the field measurements and the LiDAR-based measurements, the magnitude of 

this difference, and whether it is statistically and operationally significant.  

Therefore, for the comparison of field measurements and measurements from imagery (LiDAR), 

the data (tree species, height, breast height diameter, volume) were grouped into age classes, as it 

was expected that difficulties might arise in younger stands (age classes II and III). Namely, when 

creating the random sample, a condition was set for the representation of all age classes. Since the 

measurements in the field and from the imagery were conducted on the same sample grid, which 

covers the selected stands, plots, and trees measured on those plots, a consolidated database was 

created based on age classes. 

For the research area, based on measurements on 16 plots and 304 trees, the database was created 

for four age classes (IV, V, VI, VII), meaning that for these four age classes, it was possible to compare 

the same measured parameters in the field and from the imagery (Figure 9). Based on this prepared 

database, T-tests were performed (Table 1). 

 

Figure 9. Display of the consolidated database (species, breast height diameter, height, volume) for age class 

IV. 
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Table 1. T-tests (Age Class IV). 

 

The results of the conducted T-test showed that in Age Class IV, there is no statistically 

significant difference between the diameters and heights measured in the field and from the LiDAR 

imagery. Accordingly, there is also no significant difference in the calculated volume between the 

field measurements and LiDAR imagery (Table 1). The results of the descriptive statistics (in this case 

for Age Class IV) are presented in Table 2. 

Table 2 shows that the mean deviations (Mean) for all variables (d (DBH), h, v) are negligible 

(almost identical), which was also the research hypothesis. 

Table 2. Descriptive Statistics Results for the IV. Age Class. 

 

In addition to the range of deviations in specific percentiles, we are also interested in the 

percentage share of deviations within certain classes. The obtained results can be presented and 

interpreted using a histogram (Figure 10).  

Thus, the histogram (Figure 10) shows that approximately 70% of the deviations in breast height 

diameters fall within +/- 2 cm. 

Valid N Mean Minimum Maximum
Lower 

Quartile

Upper 

Quartile

Percentile 

10.00000

Percentile 

90.00000
Range Std.Dev.

88 0.001597 -7.05500 5.951500 -1.40700 1.408900 -2.32870 2.657000 13.00650 2.183867

63 0.093651 -2.80000 3.400000 -1.10000 1.400000 -2.10000 2.100000 6.200000 1.630048

65 0.030447 -0.557570 0.521245 -0.074073 0.149103 -0.214618 0.268921 1.078815 0.203492

Variable

d teren - d Lidar, cm

h teren - h Lidar, m

v teren - v Lidar, m3
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Figure 10. Deviations in breast height diameter for the IV age class (field - LiDAR). 

Additionally, the histogram reveals the percentage of trees within the IV age class that exhibit 

maximum deviations in breast height diameter, and it also identifies the specific trees in question. 

These include two hornbeam trees (19 and 20) and two trees of other species (9 and 138), for which 

the breast height diameter measured in the field was larger than that recorded in the LiDAR images. 

Based on the histogram of height deviations measured in the field and on the LiDAR images, it 

can be observed that 7.9% of the heights deviate within the range of -3 to -2 m (Figure 11). This 

category includes 5 trees for which a greater height was measured on the LiDAR images than in the 

field. 

 

Figure 11. Height deviations for the IV age class (field – LiDAR). 

Regarding the volume, as shown in Figure 12, the distribution of deviations is uniform, and the 

results of descriptive statistics indicate that the mean deviations are negligible. 

IV. age class 

Histogram of  d teren - d Lidar, cm

d teren - d Lidar, cm = 88*2*Normal(Location=0.0016, Scale=2.1839)
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Histogram of  h teren - h Lidar, m

h teren - h Lidar, m = 63*0.5*Normal(Location=0.0937, Scale=1.63)
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Figure 12. Volume deviations for the IV age class (field – LiDAR). 

For the V. age class, a consolidated database was created, based on which T-tests were performed 

(Table 3). 

Table 3. T-tests (V. Age Class). 

 

The results of the T-tests show that there is no statistically significant difference for the tested 

variables (diameter at breast height (DBH), height (h), and volume(v)) measured in the field and on 

the images (Table 3). The results of the descriptive statistics are presented in Table 4. 

Table 4. Descriptive statistics results for the V. age class. 

 

The results of the descriptive statistics for the V age class show that in 80% of cases, the deviation 

in breast height diameter ranges from -2 to 1.8 cm. Differences in heights exist (Mean), but they are 

IV. age class
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Valid N Mean Minimum Maximum
Lower 

Quartile

Upper 

Quartile

Percentile 

10.00000

Percentile 

90.00000
Range Std.Dev.

43 -0.371281 -2.64710 3.988300 -1.81700 1.111000 -2.00000 1.818200 6.635400 1.595077

15 0.466667 -1.80000 1.900000 -0.300000 1.400000 -1.10000 1.700000 3.700000 1.122285

24 0.032164 -0.265303 0.585206 -0.105972 0.092225 -0.181055 0.221293 0.850509 0.182829v teren - v Lidar, m3

Variable

d teren - d Lidar, cm

h teren - h Lidar, m
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not statistically significant. Larger diameter values on LiDAR and smaller heights result in almost no 

difference in volumes. 

If we are interested in the percentage distribution of deviations within certain classes, or in 

identifying which trees are involved in each category, the obtained results can be presented using a 

histogram (Figures 13–15). 

 

Figure 13. Deviations in breast height diameter for the V age class (field - LiDAR). 

 

Figure 14. Height deviations for the V age class (field – LiDAR). 

V. age class

Histogram of  d teren - d Lidar, cm

d teren - d Lidar, cm = 43*1*Normal(Location=-0.3713, Scale=1.5951)

11.6%

32.6%

16.3%

14.0%

18.6%

4.7%

2.3%

11.6%

32.6%

16.3%

14.0%

18.6%

4.7%

2.3%

-4 -3 -2 -1 0 1 2 3 4 5

d teren - d Lidar, cm

0

2

4

6

8

10

12

14

16

N
o
 o

f 
o
b
s

V. age class

Histogram of  h teren - h Lidar, m

h teren - h Lidar, m = 15*0.5*Normal(Location=0.4667, Scale=1.1223)

6.7%

13.3%

6.7%

20.0%

13.3%

20.0% 20.0%

6.7%

13.3%

6.7%

20.0%

13.3%

20.0% 20.0%

-2.5 -2.0 -1.5 -1.0 -0.5 0.0 0.5 1.0 1.5 2.0 2.5

h teren - h Lidar, m

0

1

2

3

4

N
o

 o
f 

o
b

s

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 16 January 2025 doi:10.20944/preprints202501.1204.v1

https://doi.org/10.20944/preprints202501.1204.v1


 13 of 24 

 

 

Figure 15. Volume deviations for the V age class (field – LiDAR). 

For the VI. age class, a consolidated database was also created, and T-tests were conducted 

(Table 5), which confirm that there is no statistically significant difference between the diameters and 

heights measured in the field and those obtained from LiDAR scans. Consequently, no significant 

difference was found in the calculated volume between the field measurements and those from the 

LiDAR scans (Table 6). 

Table 5. T-tests (VI. age class). 

 

The results of descriptive statistics show that the mean deviations (Mean) for all variables (d 

(DBH), h, v) are negligible, and that in 80% of cases, for example, the volume deviation ranges from 

-0.23 to +0.35 m³. 

Table 6. Descriptive Statistics Results for the VI. Age Class. 
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Valid N Mean Minimum Maximum
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Quartile

Upper 

Quartile

Percentile 

10.00000

Percentile 

90.00000
Range Std.Dev.

35 -0.112840 -2.77320 3.671100 -1.55000 0.697100 -2.15000 1.900000 6.444300 1.557230

20 -0.080000 -2.90000 2.700000 -1.10000 0.900000 -1.50000 1.900000 5.600000 1.424818

20 0.018244 -0.251755 0.785901 -0.124968 0.044345 -0.230160 0.345975 1.037656 0.245292

h teren - h Lidar, m

v teren - v Lidar, m3

Variable

d teren - d Lidar, cm

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 16 January 2025 doi:10.20944/preprints202501.1204.v1

https://doi.org/10.20944/preprints202501.1204.v1


 14 of 24 

 

Also, if we are interested in the percentage distribution of deviations within certain classes, or 

in identifying which trees are involved in each category, the obtained results can be presented using 

a histogram (Figures 16–18). 

 

Figure 16. Deviations in breast height diameter for the VI age class (field - LiDAR). 

 

Figure 17. Height deviations for the VI age class (field – LiDAR). 
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Figure 18. Volume deviations for the VI age class (field – LiDAR). 

For the VII age class, a consolidated database was also created, and T-tests were performed 

(Table 7), which confirm that there is no statistically significant difference between the diameters and 

heights measured in the field and on LiDAR imagery. Consequently, there is no significant difference 

in the calculated volume between the field measurements and those obtained from LiDAR imagery 

(Table 8). 

Table 7. T-tests (VII. age class). 

 

Table 8. Descriptive statistics results for the VII. age class. 

 

The results of the descriptive statistics show that the mean deviations (Mean) for all variables (d 

(DBH), h, v) are negligible, and in 80% of cases, for example, the range for volume is from -0.23 to 

+0.35 m³. Differences in height are present (Mean), but they are not statistically significant. 

VI. age class

Histogram of  v teren - v Lidar, m3
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Range Std.Dev.

52 -0.401802 -3.20000 3.448000 -1.57095 0.551000 -2.51190 1.763000 6.648000 1.668363

40 0.332500 -1.70000 2.800000 -0.750000 1.350000 -1.50000 1.700000 4.500000 1.277896

40 0.074426 -0.368975 1.418296 -0.072185 0.148370 -0.176791 0.351880 1.787270 0.295607

d teren - d Lidar, cm

h teren - h Lidar, m

v teren - v Lidar, m3

Variable

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 16 January 2025 doi:10.20944/preprints202501.1204.v1

https://doi.org/10.20944/preprints202501.1204.v1


 16 of 24 

 

Based on the histogram (Figure 19) displaying the deviations in breast heights measured in the 

field and from the LiDAR images, it can be seen that 11.5% of the breast height measurements fall 

within the range of -3 to -2 cm, while 17% exceed 2 cm. This category includes three trees (77, 89, and 

91), for which a larger breast height was measured on the LiDAR images compared to the field 

measurements. 

 

Figure 19. Deviation of Diameter at Breast Height (DBH) for the VII age class (field – LiDAR). 

Since the histogram shows which trees had a larger diameter at breast height (DBH) measured 

in the LiDAR images, by reviewing the database, we can identify the plot in question and observe 

what these trees look like in the images (Figure 20). 

 

Figure 20. Example of oak trees covered with ivy in the LiDAR/RGB images. 

The results from the histograms (Figures 21 and 22) facilitate the identification of larger 

deviations and their overall distribution, allowing for the determination of the reasons behind the 

discrepancies. 
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Figure 21. Height deviations for the VII. age class (field – LiDAR). 

 

Figure 22. Volume deviations for the VII. age class (field – LiDAR). 

On the 1 ha plots, the following results for diameter at breast height, tree height, crown width, 

and other parameters were obtained through automatic measurement of the LiDAR images (Figure 

23).  
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Figure 23. 2D display of the automatic processing of LiDAR data (1 ha plot) for subcompartment 24a – part of 

the tabular output of the results. 

In subcompartment 24a (51 ha), a total of 12 172 trees were extracted through automatic 

processing (Figure 24). 
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Figure 24. 3D display of the automatic processing of LiDAR data (subcompartment 24a) – part of the tabular 

output of the results. 

The summary results of the automatic processing of tree numbers and breast height diameter 

are presented for 1-hectare plots and for the entire compartment (Table 9). It is evident from Table 9 

that the mean breast height diameter and the number of trees per hectare on the random 1-hectare 

plots differ only slightly from the same parameters measured for the entire compartment and 

recalculated per hectare. 

Table 9. Results of the automatic measurement of tree count and diameter at breast height from the recordings, 

by plots (1 ha) and for the entire compartment (51 ha). 

Plot label 

100x100m (1 ha) 

Mean diameter 

at breast height 

(cm) 

Number of 

trees / 1 ha 

Number of trees in 

the 

subcompartment 

(51 ha) 

Mean diameter at breast 

height (cm) in the 

subcompartment 

H3V3 56 215 
 

 

12172 
52 

H5V6 51 339 

H7V4 57 199 

H8V7 58 179 

Mean value 56 233 239 
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It is important to note that, in addition to automated processing, manual processing of the scans 

was also applied to the circular surfaces, which certainly further affects the accuracy of the 

measurements of the circular surfaces. Based on the results of the analyses conducted on the circular 

surfaces, it was determined that, in most cases, the breast diameters are overestimated, while the tree 

heights are underestimated. However, this may not necessarily have a significant impact on the 

volume. 

4. Discussion 

Based on all the presented results for the IV, V, VI, and VII age classes, it was determined that 

there is no statistically significant difference between the diameters and heights measured on the 

ground and those measured from LiDAR imagery, and consequently, no difference in the calculated 

volume. The obtained results were confirmed through T-tests, and the results of descriptive statistics 

support this, showing that the mean deviations for the examined variables (d (DBH), h, v) are 

negligible. 

The obtained results were also presented in histograms to more easily identify deviations, 

determine the percentage share of each class of deviation, and potentially identify the cause of the 

deviation (especially for classes with significant deviations). Specifically, in the VII age class, in one 

case, a larger diameter was measured on certain trees in the LiDAR imagery. Analysis of these trees 

in the imagery (Figure 20) revealed that the cause was ivy. Smaller diameters were measured on the 

LiDAR imagery in the IV age class, but in this case, the trees in question were two hornbeams and 

two trees of other species. The reason for this is the low number of points in the point cloud and the 

inability to precisely measure the breast height diameter on imagery for thin trees. 

Finally, an analysis of the operational applicability of LiDAR imagery for estimating the number 

of trees, basal area, and volume, by diameter classes and overall, was conducted. Taking volume as 

an example, which is of the most operational interest, based on the obtained results, it can be 

concluded that there is no difference between the ground measurements and the LiDAR imagery for 

oak and ash trees. However, the difference is mainly found in the lower diameter classes for 

hornbeam and other tree species. These differences are not caused by the tree species, but by the 

dimensions of the trees. In lower age classes, the average volume obtained from LiDAR is lower, 

ranging from -0.08% to -0.86%. 

When it comes to the automatic processing of LiDAR scans, it is important to highlight the issue 

of younger stands (age classes II and III), for which it was not possible to determine the forestry 

parameters from the scans. This is confirmed by the research conducted by Windrim et al [48]. The 

same problem was encountered with circular surfaces, where manual processing was also 

introduced. In younger age classes (II and III), there is a higher number of thinner trees, and the 

stands are denser, which poses a significant challenge for automatic processing. Additionally, it was 

shown that even manual processing did not significantly contribute to the accuracy of the obtained 

results on the circular surfaces. Consequently, automatic measurements can be used for operational 

purposes (quick screening), but with the limitations mentioned above in mind. 

Remaining are the stands of age class I, for which the same considerations as previously 

mentioned apply. However, the determination of forestry parameters is not expected due to the high 

tree density, as noted by Wang et al [49]. Nevertheless, through automatic processing, it is possible 

to obtain data that are important from the perspective of generating a basis for biomass estimation 

over larger areas. 

This study demonstrated that a minimum of three passes over the same area are required to 

ensure that trees are scanned from all sides, thereby obtaining a higher-quality point cloud and, 

consequently, a more precise measurement of parameters, primarily breast height diameters. It is 

recommended that the scanning be carried out in winter, during the period when measurements are 

taken as part of the regular forest inventory, as this is when vegetation is dormant and trees are 

leafless. This condition facilitates better scan processing and the determination of forestry 

parameters, as also noted by Coops et al. [4] in their research.  
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The results of this study have shown that remote sensing is a valuable source of information and 

can be applied in operational forest management, supporting the research conducted by Wulder et 

al [12]. Accordingly, reliable and efficient measurement of forestry parameters from LiDAR scans, 

along with the identification of tree species from RGB/CIR scans, can facilitate the development of 

stand height curves as demonstrated in the study by Chen et al [50]. Additionally, it can assist in 

stand classification and, with further development of the methodology, contribute to the delineation 

of forest stands (subcompartments). 

Furthermore, the proven advantages of remote sensing methods should be leveraged, 

particularly in terms of significant rationalization of field measurements while obtaining equally 

reliable data and substantially reducing costs, as confirmed by several studies [2,9–11]. 

5. Conclusions 

Based on all the presented results for the study area, we can conclude that there is no statistically 

significant difference between the diameters and heights measured in the field and those measured 

from LiDAR imagery, and consequently, no significant difference in the calculated volume for the IV, 

V, VI, and VII age classes, as confirmed by the T-tests. This is further supported by the results of the 

descriptive statistics, which show that the mean deviations for the tested variables (d (DBH), h, v) are 

negligible. 

During the research, numerous advantages of applying remote sensing methods (RS) compared 

to traditional field measurements were observed, but some drawbacks were also identified, which 

can be addressed. Some of these relate to the recording procedures (such as time, season, etc.), while 

others concern the preprocessing of the imagery, the appropriate software support, and so on. The 

experiences and results from this project will serve as a basis for the standardization of such research 

in other areas. 

Since unmanned aerial vehicle imagery (with various sensors) is increasingly used in everyday 

forestry operations, its application does not eliminate fieldwork but can significantly reduce it while 

achieving the same level of accuracy in the results. As a result, this approach can lead to substantial 

savings in both time and costs. 
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