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Abstract 
Precision of the forest inventory planning is still one of the most important problems in the forestry nowadays. The 
aim of this research was to estimate the sample tree height results of the combined forest inventory (LiDAR CFI) 
and LiDAR (Light Identification Detection and Ranging) height data by calculating an average value from sample 
tree neighboring pixel values in the ripening Scotch pine forest stands, comparing the results with the measurements 
of the height in the area. For the update of LiDAR calculated data and LiDAR CFI height results, the increment 
algorithms of the Latvian State Forest Research Institute ‘Silava’ were used, comparing the results with the sample 
plot measurements. Both results showed a close correlation – in the case of LiDAR CFI with R2=0.82, LiDAR 
data with R2=0.93, demonstrating a standard deviation: 2.40 and 2.75, accordingly and standard error: 0.11 and 
0.13, accordingly. The results indicate that both technologies can be used in the forest management, offering reliable 
information about the forest inventory. Positive values were reached by minimizing the human error factor, which is 
problematic for the field inventory.
Key words: LiDAR, forest management, increment algorithms, tree height.

Introduction
One of the main tasks of the remote sensing is 

to develop accurate inventory and planning in the 
forest management. Technology allows analyzing 
the forest stands thoroughly, minimizing the human 
error factor (Dubrovskis et al., 2017). The previous 
researches were connected with the identification 
of the tree species and growing stock volume 
comparison, using both LiDAR technology, harvester 
production data and forest inventory sample tables. 
The best result demonstrated the connection between 
harvester product data and LiDAR data (Seleznovs et 
al., 2018). The study focused on the estimation and 
analysis of one of the most important forest inventory 
factors – the tree height. To complete the task, three 
data sources were chosen: LiDAR, based on the 
group of pixels with the calculated from neighboring 
pixels an average value for the sample tree height; 
LiDAR CFI, based on a combination of orthophoto 
and near infrared (NIR) data, and terrestrial measured 
heights of the sample trees. The results of this 
study can be attractive for the forest management 
companies, where the Scotch pine (Pinus sylvestris) 
is the dominating tree species. Previous studies have 
showed that the identification of forest inventory 
factors demonstrates better results in one-storey forest 
stands, and first of all in monocultures (Kulla, Sačkov, 
&Juriš, 2016). According to the inventory data, even-
aged forest stands dominate in Latvia, and the last 
decades demonstrate the growth of the areas with the 
uneven-aged tree stands (www.geo.lu.lv). The use 
of LiDAR in these tree stands also demonstrates a 
good possibility for tree height identification; as the 
problems are common in the identification of the trees 
from the understorey (Brovkina, Zemek, & Fabiánek, 
2015). The problems with the identification of tree 

height could also be caused by brushwood and relief 
specifics, where the laser beams cannot identify the 
tree stem beginning. This study will prove the tree 
height in the forest stands without brushwood and 
understorey. The aim of this research is an estimation 
of the sample tree height results taken from the 
combined forest inventory (LiDAR CFI) and LiDAR 
(Light Identification Detection and Ranging) height 
data by calculating an average value from the sample 
tree’s neighboring pixel values and comparing the 
results with the measured heights.

Materials and Methods
Study area

The study was completed in Riga municipality-
owned forest, to the east from the capital city of 
Latvia, in the Jugla district of Gauja forest department 
(Figure 1). For the study, the ripening Scotch pine 
tree stands in the fifth age class (81-100 years) were 
chosen. Scotch pine monocultures dominated the 
whole study area. For the study we created 30 sample 
plots with a radius of 12.62 m and an area of 500 
m2. In the sample plots, all trees with the height of 
more than 12m were measured. In total, the height of  
455 trees growing in the sample plots were measured. 
The sample plot centers were marked using the ‘QGIS’ 
software. In the terrestrial research, the field computer 
‘Algiz 8X’ was used.  For the height measurements, 
the instrument Vertex Laser Geo was used. The middle 
of the sample plot was marked with the Vertex tripod, 
measuring the distance to the trees and their azimuth. 
Following formulas were used for the calculation of 
tree coordinates:

ΔX = distance × cos α 	 (1) 
ΔY = distance × sin α 	 (2)
X = X0 + ΔX 	 (3)
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Y = Y0 + ΔY 	 (4)
where X0 and Yo are the coordinates of sample plot 
center. The angle value was converted from degrees to 
radians using Microsoft Excel program.

The basis of the LiDAR data for this study were 
scanned in the years 2013-2014 by the Latvian 
Geospatial Information Agency (LGIA) in Gauja 
forest department areas. Data was summarized as a 
group of pixels, representing the height value of the 
trees in a forest stand. To develop the precision of the 
LiDAR data value, it was decided to take the nearest 
pixels from the tree location, counting an average 
value of a concrete tree height. The second way in this 
study for counting of the tree heights was the use of 

the LiDAR CFI method, which is based on LiDAR 
data, orthophoto and near infrared (NIR) images. 
According to this method, the height of a tree is a local 
maximum calculated from the height values. For this 
aim the tree centers with the concrete parameters were 
chosen, based on LiDAR and NIR data (Table 1).

After the calculation of these parameters, the 
results were saved in the ‘.las’ format. After the 
noise removal, LiDAR data processing followed. 
For this aim, in this study we used the Gauss matrix. 
Obtained from the matrix, the highest points of trees 
and distance to the terrain were registered as a tree 
height. For better results, interpretation identified the 
LiDAR points, which belong to a concrete tree. For 
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Figure 1. Allocation of study sample plots.
LiDAR data processing

Table 1
Primary processing of LiDAR and NIR data

Group of data Name of parameter Description
NIR Position of sample tree center ×

h, e, i Texture indicators, defined in accepted radius around a tree center
nir Value of NIR channel

LiDAR Position of sample tree center ×
h Sample tree height
Slope Slope coefficient of crown top
z_avg, z_sigma Center indicators of foliage mass
evp, vp, vpa Dimension of tree crowns
ntc, ntr, vpa Neighboring tree interaction indicators  
histogram Tree point vertical bar chart
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the creation of a tree model, the points within a radius 
of 6 m from the crown top were used. NIR data helped 
to identify the sample trees. The result of NIR data 
quality depends on the quality of aero photo and size 
of pixels. During the tree identification process there 
are following phases: preparing and processing of the 
photo, and summarizing of the results. The photos have 
strict geographical binding and are cut into smaller 
photos. Sizes of the photo were based on the power 
of number 2. Fourier transform helped to develop  
the distinct model of the tree stand. Consequently,  
the information contained the LiDAR and photo data 
as well as sample tree location. This method was 
created in a cooperation between the Latvia University 
of Life Sciences and Technologies and the company 
‘Metrum’. 
Increment algorithms 

Created in the Latvian State Forest Research 
Institute ‘Silava’ by researching thenational forest 
inventory monitoring, the algorithms are suitable for 
five tree species of Latvia, including the Scotch pine 
(Donis, 2014). Algorithms are based on the calculated 
variable coefficients for each tree species, the tree age 
and the previously measured height:

FORESTRY AND WOOD PROCESSING DOI: 10.22616/rrd.25.2019.001
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After the calculation of these parameters, the results were saved in the ‘.las’ format. After the noise 
removal, LiDAR data processing followed. For this aim, in this study we used the Gauss matrix. Obtained from 
the matrix, the highest points of trees and distance to the terrain were registered as a tree height. For better results, 
interpretation identified the LiDAR points, which belong to a concrete tree. For the creation of a tree model, the 
points within a radius of 6 m from the crown top were used. NIR data helped to identify the sample trees. The 
result of NIR data quality depends on the quality of aero photo and size of pixels. During the tree identification 
process there are following phases: preparing and processing of the photo, and summarizing of the results. The 
photos have strict geographical binding and are cut into smaller photos. Sizes of the photo were based on the 
power of number 2. Fourier transform helped to develop the distinct model of the tree stand. Consequently, 
theinformation contained the LiDAR and photo data as well as sample tree location. This method was created in 
a cooperation between the Latvia University of Life Sciences and Technologies and the company ‘Metrum’.  
Increment algorithms 

Created in the Latvian State Forest Research Institute ‘Silava’ by researching thenational forest inventory 
monitoring, the algorithms are suitable for five tree species of Latvia, including the Scotch pine (Donis, 2014). 
Algorithms are based on the calculated variable coefficients for each tree species, the tree age and the previously 
measured height: 

𝐻𝐻𝐻𝐻2 = 1.3 + 𝐴𝐴𝐴𝐴2
𝑏𝑏𝑏𝑏1

𝑏𝑏𝑏𝑏2+100×𝑏𝑏𝑏𝑏3𝑋𝑋𝑋𝑋0+𝑋𝑋𝑋𝑋0𝐴𝐴𝐴𝐴2
𝑏𝑏𝑏𝑏1 (5)

𝛥𝛥𝛥𝛥0 =
𝐴𝐴𝐴𝐴1
𝑏𝑏𝑏𝑏1

𝐻𝐻𝐻𝐻1−1.3−𝑏𝑏𝑏𝑏2

100×𝑏𝑏𝑏𝑏3+𝐴𝐴𝐴𝐴1
𝑏𝑏𝑏𝑏1(6)

where: A1 – breast height age at the first measurement (ages); A2 – breast height age at the second measurement 
(ages); H1 – tree height at the period beginning (m); H2 – tree height at the period end (m); b1, b2, b3 – empirical 
coefficients (for the Scotch pine: b1=1.113; b2=-44.224; b3=21.107). H1 taken from LiDAR and LiDAR CFI data. 

This formula was used in the update of the LiDAR and LiDAR CFI data, and the result compared with 
the measured height. The result of breast height age needed the correction in dependence on a forest stands’ site 
index.  
Data processing

During the research, the LiDAR and measured data were processed. For processing, the regression 
analysis was chosen, which was completed in the program R, analyzing the tree height and using one factor 
analysis. The results are presented in the graphics, showing information about coefficient of determination. Data 
analysis was completed with a confidence level of 95%.  

Results and Discussion
Comparing the calculated LiDAR and LiDAR CFI data, the results of different tree height demonstrated 

different correlation. Previous methods compared different data sources of growing stock volume, analyzing the 
PRD production data, the field data and the LiDAR CFI technology. For the first time, a separate analysis of a 
tree height in this research was completed in Riga forests. During the research, the results from 30 specially located 
sample plots were compared, containing the information about the measured tree heights, and the calculated 
heights from LiDAR CFI data and LiDAR data sources, using increment algorithms. Figure 2 demonstrates the 
results of comparison of the measured heights to LiDAR CFI data calculated heights using an increment algorithm.  
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analyzing the PRD production data, the field data 
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a separate analysis of a tree height in this research 
was completed in Riga forests. During the research, 
the results from 30 specially located sample plots 
were compared, containing the information about 
the measured tree heights, and the calculated heights 
from LiDAR CFI data and LiDAR data sources, 
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the results of comparison of the measured heights to 
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The results show that the determination coefficient 
is high – R2=0.82 (p<0.01). The reason for thegood 
result is the minimization of human error. However, 
the risk of the human factor can be during the 
estimation of the trees because of the orthophoto 
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Figure 2. Comparison of measured tree height to calculated height from LiDAR CFI. 

The results show that the determination coefficient is high – R2=0.82 (p<0.01). The reason for thegood 
result is the minimization of human error. However, the risk of the human factor can be during the estimation of 
the trees because of the orthophoto quality and the GPS coordinates errors. This method accepts a tree height as 
a local maximum, although it can belong to the neighboring trees. Better results were obtained by the comparison
of measured height data and calculated height from LiDAR data, given in Figure 3.  

Figure 3. Comparison of measured tree height to calculated height from LiDAR data. 

The strong correlation can be explained by the minimizing of the human factor in the analysis of the 
LiDAR data. In this method not only the height value from a coordinate is used, but also the neighboring height 
values, calculating the mean result as a tree height. By comparing different values, the result is better than in the 
case of an analysis of the aerial photo and local maximums. One of the most important problems is the accuracy 
of GPS coordinates, because during the data analysis some of the points were located in the empty areas, where 
there are no identified growing trees. These points were located nearby to the identified tree groups. Although not 
straight growing trees were specially marked during data analysis, the identification of the height using CFI 
method was considerably more difficult than during the height calculation from LiDAR data. This is one of the 
causes why the LiDAR CFI method is supposed to have a higher risk of the human error. The other reasons are 
the quality of aerial images, inaccuracy of the coordinates and the amount of analyzed values, because only one 
value is taken for a height from local maximum instead of analyzing neighboring values. 

y = 0.8597x + 3.6299
R² = 0.8177

10

15

20

25

30

35

10 15 20 25 30 35

M
ea

su
re

d 
he

ig
ht

, m

Calculated height from LiDAR CFI with an increment algorithm, m

y = 0.9863x + 0.0468
R² = 0.9265

10

15

20

25

30

35

10 15 20 25 30 35

M
ea

su
re

d 
he

ig
ht

, m

Calculated Height from LiDAR with an increment algorithm, m

Figure 2. Comparison of measured tree height to calculated height from LiDAR CFI.
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quality and the GPS coordinates errors. This method 
accepts a tree height as a local maximum, although 
it can belong to the neighboring trees. Better results 
were obtained by the comparison of measured height 
data and calculated height from LiDAR data, given in 
Figure 3. 

The strong correlation can be explained by the 
minimizing of the human factor in the analysis of the 
LiDAR data. In this method not only the height value 
from a coordinate is used, but also the neighboring 
height values, calculating the mean result as a tree 
height. By comparing different values, the result is 
better than in the case of an analysis of the aerial photo 
and local maximums. One of the most important 
problems is the accuracy of GPS coordinates, 
because during the data analysis some of the points 
were located in the empty areas, where there are no 
identified growing trees. These points were located 
nearby to the identified tree groups. Although not 
straight growing trees were specially marked during 
data analysis, the identification of the height using CFI 
method was considerably more difficult than during 
the height calculation from LiDAR data. This is one 
of the causes why the LiDAR CFI method is supposed 
to have a higher risk of the human error. The other 
reasons are the quality of aerial images, inaccuracy of 
the coordinates and the amount of analyzed values, 
because only one value is taken for a height from local 
maximum instead of analyzing neighboring values.

For this particular study were chosen forests, where 
in the next 15 years a final felling is planned, that is 
why reliable information about the forest inventory 
data is topical for the forest owner. For updating one 
of the most important inventory data – tree height – 
the increment algorithms were used, which originally 
came from the national forest inventory monitoring 
sample plots and for the first time were used in the forest 

management, highlighting the bright perspectives for 
the use of these algorithms in the forest management 
planning. In the case of our study, in plots there were 
one-storey stands without any brushwood. Even-
aged and one-storey forest stands are most suitable 
for the remote sensing, because of a good terrain and 
possibility of scrupulous stem analysis (Hancock 
et al., 2012). In Latvia, the results of LiDAR CFI 
and LiDAR data processing could definitely be 
integrated into the forest management forecasting 
system, providing the probable information about the 
tree height. In practice it means that 82% of LiDAR 
CFI data changes are described by the model and in 
the case of the LiDAR data processing – even 93% 
described by the model. An attractive place of data 
integration could be the forests nearby Riga, because 
of their simple structure and high amount of Scotch 
pine monoculture. The use of the remote sensing 
and LiDAR technology as well is not disturbed by 
high amount of tree species, understorey and, as a 
result, the quality of images allows to analyze the 
forest virtually, saving the human and time resources 
(Wulder et al., 2012). In contrast to field inventory, 
LiDAR technology demonstrates better calculation 
possibilities of the main forest inventory data, such as 
growing stock volume and breast height diameter by 
the thorough analysis of every tree stem, and reducing 
the mistakes from the yield tables (Mielczarek, Bałazy, 
& Zawiła-Niedżwiecki, 2015). 

Despite the good results of the technology, one 
of the most topical questions for the forest inventory 
remains the analysis of uneven-aged forest stands with 
a few storeys. The tree identification in these stands is 
considerably worse than in even-aged monocultures 
and mixed one-storey forest stands. One of the 
solutions could be the development of laser scanning 
technology and another one could be continuation 
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Figure 3. Comparison of measured tree height to calculated height from LiDAR data.

Antons Seleznovs, Ingus Smits, Dagnis Dubrovskis

USE OF THE LIDAR COMBINED  
FOREST INVENTORY IN THE ESTIMATION OF 

SAMPLE TREES HEIGHT



11RESEARCH FOR RURAL DEVELOPMENT 2019, VOLUME 1 

of the research in remote sensing area, putting the 
main emphasis on diameter at breast height, basal 
area, forest site indexes and tree interrelations in 
the uneven-aged forest stands. In case of successful 
research, the forecasting model could help the forest 
owner in the decision making aspects concerning the 
forest management planning.

Conclusions
1.	 Comparison of LiDAR CFI calculated height 

with the measured height demonstrated a strong 
correlation (R2=0.82).

2.	 Calculated height from LiDAR data demonstrated 
a better correlation (R2=0.93).

3.	 The increment algorithms could be used for height 
forecasting in the forest management planning, 
because of the good study results.

4.	 The use of LiDAR technology in forest 
management reduces the risk of the subjective 
factor in the forest inventory, bringing the excellent 
planning possibilities for the forest owner.
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