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Abstract
Remote Sensing provides a variety of data and resources useful in mapping of forest. Currently, one of the common applications 
in forestry is the identification of individual trees and tree species composition, using the object-based image analysis, resulting 
from the classification of aerial or satellite imagery. In the paper, there is presented an approach to the identification of group of 
tree species (deciduous – coniferous trees) in diverse structures of close-to-nature mixed forests of beech, fir and spruce man-
aged by selective cutting. There is applied the object-oriented classification based on multispectral images with and without the 
combination with airborne laser scanning data in the eCognition Developer 9 software. In accordance to the comparison of clas-
sification results, the using of the airborne laser scanning data allowed identifying ground of terrain and the overall accuracy of 
classification increased from 84.14% to 87.42%. Classification accuracy of class “coniferous” increased from 82.93% to 85.73% 
and accuracy of class “deciduous” increased from 84.79% to 90.16%.
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1. Introduction
A trend in forest mapping is the use of modern means of 
computer and digital measuring technique. This trend 
is also reflected in the field of remote sensing (RS) and 
digital photogrammetry, which methods are now irre-
placeable in addition to the terrestrial methods of forest 
mapping and gathering the information about the for-
est for forest management purposes. The development 
of remote sensing technology, and remote sensing data 
itself, has allowed replace or combine the terrestrial 
methods with time and cost-efficient remote sensing 
methods, using the aerial photographs, satellite imagery 
or airborne laser scanning (ALS) data (Maltamo & Pac-
kalen 2014).

One of the most frequently used and effective meth-
ods of derivation of tree and stand characteristics from 
the remote sensing data is image segmentation and clas-
sification. Currently, the object-based image analysis 
(OBIA) is more preferred method than the pixel clas-
sification (Yu et al. 2006; Petr et al. 2010; Pippuri et al. 
2016). Pixel classification is based on the classifying 
the individual pixels to particular classes in accordance 
to their digital numbers (DN). On the other hand, the 
OBIA method works with objects (segments), which are 
represented by clusters of pixels with similar properties 
(brightness, texture, homogeneity, size, shape, etc.) 
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(Benz et al. 2004). The objects can better represent the 
real objects, which are the subject of forestry mapping 
(e.g. tree crowns, forest stands), what is confirmed in a 
number of previously published works (Blaschke 2010). 
Using the OBIA method, there were achieved better 
results of forest and landscape classification, in an aver-
age of several tens of percent (Cleve et al. 2008; Myint et 
al. 2011; Rittl et al. 2013). Worse results related to the 
accuracy of pixel-based classification were achieved due 
to the fact that inside the identified tree crowns may occur 
pixels representing the shadow, errors or noise, i.e. the 
“salt and pepper” effect (Heinzel & Koch 2012). This 
problem is even more severe when using RS data with 
very high resolution, which provide more detailed spatial 
and radiometric information about the displayed objects 
(Kim & Madden 2006; Myint et al. 2011).

At present, almost 90% of the mapping works in the 
Slovak Republic territory is carried out by photogram-
metric methods (Halvoň 2011). Nevertheless, the com-
mon applications of remote sensing methods include 
classification of land cover, forest health, tree species 
composition and forest structure and texture (Wang & 
Boesch 2007; Bucha et al. 2010) are applied more in the 
research than in practice so far. Majlingová (2007) dealt 
with the classification of analogue colour infrared images 
followed by the subsequent surveys, respectively esti-
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imagery, on the accuracy of the classification of tree spe-
cies composition (defined as two groups: coniferous and 
deciduous tree species) in conditions of close-to-nature 
mixed forests of beech, fir and spruce. The presumption 
is that the combination of both data sources will have a 
positive impact on the accuracy of group of tree species 
composition classification.

2. Material and methods

2.1. Experimental area
The experimental area is located in the territory of the 
“Pro Silva” demonstration object – Smolnícka Osada 
(48˚44’ N, 20˚46’ E) in Slovakia, where the close-to-
nature forest management is carried out for more than 
50 years (Fig. 1). The total extent of this area is 2,223 hec-
tares. The area is located in Volovske vrchy orographic 
region. It has mountainous nature with altitudes in the 
range of 443 – 1,150 m above sea level. Regarding vegeta-
tion zones, the 5th (fir–beech) and 4th (beech) altitudinal 
vegetation zones prevail. Commercial forests represent 
65% of the area, special purpose forests aimed at protec-
tion of genetic resources 24%, rest are protective forest. 
Tree species representation in the highest storey is as fol-
lows: Abies alba – 37%, Fagus sylvatica – 37%, Picea abies 
– 12%, Pinus sylvestris – 10%. Over all area, 50 circular 
verification plots with diameter 25 m were established to 
cover variability of stand characteristics (Fig. 1).

2.2. Remote sensing data
To obtain the multispectral aerial images with a spatial 
resolution of 9,000 × 6,732 pixels, there was used the 
Leica RCD30 camera. Aerial photography was carried 
out in September 2014, using the Cessna TU206F sup-
porting device in an average flight altitude of 1,034 m. 
In further processing, the images were orthorectified 
and mosaicked, what resulted in creation of two raster 
layers – colour orthophoto (RGB) and colour infrared 
orthophoto (CIR) with a spatial resolution of 0.2 m and 
16-bit colour depth, which served as the input data for 
the classification process.

The second input remote sensing data included the 
data from the airborne laser scanning (ALS), which 
was carried out in parallel with the multispectral photo-
graphs. To obtain the point clouds, there was the Leica 
ALS 70-CM laser scanner used, which at an angle of 
49° (FOV) and 228.4 kHz (PRF) frequency ensured the 
density of 4.3 point/m2. In the next working process, two 
raster files with 0.5 m resolution were calculated from 
the point cloud. The first one is the normalised digital 
surface model (nDSM), which is derived by subtracting 
the digital terrain model (DTM) from the digital surface 
model (DSM). Creating of digital models was carried 
out through hierarchic robust filtering techniques in 

mating the tree and stand characteristics. Based on the 
results achieved, she indicated that the most appropriate 
resolution for the classification of tree species composi-
tion in mature stands is the spatial resolution of at least 
1.6 m. She also highlights the importance of identifying 
a suitable scale factor (scale parameter) for segmenting 
the input images in Definiens eCognition software, with 
respect in particular to the stand age, tree species com-
position, and therefore the parameters of expected size 
of tree crown.

Kardoš et al. (2013) have studied the classification of 
tree species in the eCognition software on the unmanaged 
land with great diversification of tree species and diverse 
horizontal and vertical structure. They compared the 
impact of different types of spatial resolution and aerial 
imagery on their segmentation and classification results, 
using multiple classification techniques.

An important area of remote sensing, applied in the 
mapping of forests, is the ALS, which provides use-
ful information on the forest as for the needs of forest 
management as for forest mapping (Wack et al. 2003; 
Andersen & Breindenbach 2007; Korpela et al. 2007). 
The ALS technology uses the reflection of laser ray from 
the object, and based on the relatively high density of the 
transmitted rays (up to several tens of points per 1 m2), 
with a relatively high positioning accuracy of the reflec-
tion in the 3D space (X, Y, Z), it provides, in particular, 
an accurate position information on sensed objects, that 
allows determine their shape and position more precisely. 
This information is useful for the derivation of Digital 
Surface Models (DSM) or the shape of individual objects. 
In addition, it is also possible to evaluate the intensity of 
the reflected ray, which relates to the nature of the surface 
(foliage type, leaf size, leaf orientation) (Fassnacht et al. 
2016). For forestry purposes, it is suitable to combine this 
data with radiometric qualitative information about the 
objects, determined e.g. from the multispectral images, 
which can increase the accuracy of tree crowns identifica-
tion or derivation of other tree and stand characteristics 
(Kressler & Steinnocher 2006; Tiede et al. 2006; Sasaki 
et al. 2012; Debella-Gilo et al. 2013; Machala & Zejdova 
2014; Pippuri et al. 2016).

Leppänen et al. (2008) used the ALS data in combi-
nation with CIR images to delineate the forest stands. 
CIR imagery improves the classification of different tree 
species types, the ALS data alone provides a good condi-
tions for derivation of timber size and density. Wang et 
al. (2012) used a combination of aerial photography and 
ALS to derive the borders by the Gabor wavelets, while 
the key features were Curvature features, derived from 
ALS. Ørka et al. (2012) used the ALS data combined with 
LANDSAT-5 data for mapping the subalpine zone. Clas-
sification of the ALS data enabled the accurate depiction 
of the zone over a large area, without calibration based 
on the field measurements.

The aim of this study is to evaluate the impact of ALS 
data application, in combination with aerial multispectral 
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SCOP++ environment (Trimble). The second one is the 
intensity raster, which is created based on intensity values 
collected for every point in the point cloud. Creating of 
intensity raster was carried out using the geoprocessing 
tools in ArcGIS (ESRI).

2.3. Segmentation process
The first step in the process of group of tree species classi-
fication was the image segmentation. Segmentation was 
performed in eCognition Developer 9 software, using the 
“Multiresolution Segmentation” algorithm, which is 
based on Fractal Net Evolution Approach (FNEA) (Baatz 
& Schäpe 2000). Due to the large extent of the area and 
software limits for image processing, these images were 
automatically divided into 9 tiles.

To properly perform the segmentation process and 
therefore to obtain the purest representation of the dis-
played objects, it is very important to choose the right 
scale for image segmentation (i.e. scale parameter). 
Two other significant factors are the object shape and 
compactness that affect the homogeneity of the created 
segments. Their values vary between 0 and 1. Shape fac-
tor affects the shape of the segments, with emphasis on 
spectral homogeneity or objects shape. Compactness 
factor affects the smoothness vs. compactness of the 
objects shape (Myint et al. 2011). Segmentation scale 
value depends primarily on the spatial resolution of 
images inputting the segmentation process as well as the 
expected size of created segments (objects) (Majlingová 
2007). The lower value of the scale parameter (e.g. 10) 
produces smaller size objects, while the higher value (e.g. 
50) produces larger objects with greater heterogeneity of 
pixels within the object.

Owing to the size and heterogeneity of an area and 
forest, the shape factor was set to 0.1, i.e. with low weight 

Fig. 1. Localization of experimental area and verification plots.
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to form the shape of segments, and thus greater weight to 
the spectral homogeneity of pixels. Compactness factor 
was set to the mean value (0.5), with no enhanced empha-
sis on compactness or smoothness of objects. These val-
ues were chosen regarding heterogeneous structure of 
forest (different size and shape of crowns). With deter-
mining the most accurate value of scale parameter for 
image segmentation and its verifying dealt several works 
in the past (Drăguţ et al. 2010; Myint et al. 2011; Kardoš 
et al. 2013; Drăguţ et al. 2014).

For the purposes of this study, there was selected 
the “Estimation of Scale Parameter” (ESP) tool, which 
is used to estimate the scale parameter for multiresolu-
tion segmentation in eCognition. ESP allows select the 
default value of scale parameter, step size of scale param-
eter value incrementing, the number of repetitions “,” 
Shape and Compactness parameter values, on which 
iteratively performs segmentation of more-layered image 
at different levels of scale parameter, for which calculates 
the local variance of identified segments. Based on the 
graphic evaluation of the Local Variance (LV) and Rate 
of Change (ROC) calculations, which reflect the change 
of variance at different levels, it allows estimate the most 
appropriate scale parameter value for the image. The big-
gest changes of LV expressed by ROC values represent 
potentially the biggest changes in the meaning of seg-
mentation and hence the representation of individual 
segments (Drăguţ et al. 2014). 

ESP was set to calculate the segmentation for the ini-
tial value of the scale parameter (25) and then iteratively 
calculate with incrementing the parameter value up to 
value 150. Overall, there were calculated 126 segmenta-
tions. The tool is computationally demanding, therefore 
there was used the image subset with an extent of about 
36 hectares, to calculate that properly represented the 
heterogeneity of the experimental area.



2.4. Classification process
The basis for assessment is the comparison of accuracy 
of tree species composition classification as on a basis of 
aerial multispectral imagery application as in combina-
tion with ALS data. There were performed two classifica-
tions based on a different data sources. At first, only the 
orthophoto images (3 RGB bands and 3 CIR bands) were 
used. At second, the combination of orthophoto images 
(3 RGB bands and 3 CIR bands) and raster layers derived 
from ALS data were used. These ALS-derived layers were 
represented by the nDSM layer, which represents the 
object height above the ground and Intensity layer that 
characterizes the reflection of surface.

For the both classifications of group of tree species, 
there was applied the standard nearest neighbour (SNN) 
classifier with setting the emphasis to mean values of 
pixels for each band of orthophoto image. Furthermore, 
in second case, there were classified those image seg-
ments using membership function, on the basis of the 
nDSM layer, which average height was less than 3 m. 
Those segments were assigned to the “Ground” class and 
they represented a surface of relief with low objects. Seg-
ments with an average height of 3 m or more were further 
assigned into 3 classes: “Deciduous”, “Coniferous” and 
“Shadow”, using another 7 layers, i.e. channels, (3 RGB, 
3 CIR and Intensity layer).

The classification was carried out based on defining 
the characteristics of each class by creating the “Sam-
ples” (training sets), in which a characteristic samples 
(objects) were assigned. The weight of all layers in the 
classification process was set to 1.0.

2.5. Verification process
Evaluation of the classification accuracy was provided 
using the classification error matrix and calculation of 
classifications accuracy. For each classification and also 

the class, we calculated the Kappa coefficient (Dou et 
al. 2007), which indicates the proportionate reduction 
in error generated by a classification process, compared 
to the error of a completely random classification (equa-
tion 1).

where Po – the proportion of observed agreement,
Pe – the proportion of random agreement.

For determining the accuracy of the classifications, 
there was created a verification layer of tree species com-
position in the model area, on the basis of RGB and CIR 
orthophoto images. The verification layer consisted of 50 
segments situated within the randomly generated circu-
lar plots in ArcGIS with diameter of 25 m, and with the 
total area of 24,200 m2 (Fig. 1). To each segment or its 
part was assigned one of the specified classes (ground, 
shadow, deciduous, coniferous), based on visual assign-
ment. This verification layer was used to determine the 
accuracy of both classifications.

3. results

3.1. Segmentation results
The aim of the segmentation was to generate segments as 
good as possible to represent the reality displayed in the 
images. To determine the most appropriate scale (scale 
parameter) for the multiresolution segmentation the 
Estimation of Scale Parameter (ESP) tool was applied. 
Graphical representation of the Local variance (LV), 
Rate of Change (ROC) calculations and detail of ROC 
are shown in Fig. 2. In accordance to calculation results, 
there was chosen the segmentation scale parameter with 
value of 125, where is the highest value change of the 
ROC.

[1]

Fig. 2. Visualisation of Rate of Change in Estimation of Scale Parameter (ESP) environment (value 125 is in circle).
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The segmentation result was visually compared with 
the orthophoto images. The results are characterized 
with over-segmentation of objects in the regions with 
mature forests (with broad crowns), i.e. in an average, 
one crown consists of several segments (Fig. 3b). Nev-
ertheless, those results are acceptable, in accordance to 
the extent of the territory, heterogeneity of tree crowns, 
illuminated and shaded parts of the tree crowns and the 
variable quality of orthophoto images on a large area. In 
contrast, the segmentation of younger stands, charac-
terized with smaller tree crowns, was more accurate in 
terms of the size. The youngest stands with the smallest 
crowns were characterized with under-segmentation, i.e. 
one segment contained more crowns of the same group 
of tree species (Fig. 3a). In terms of tree crowns canopy 
closure, also the determination of the shape of individual 
tree crowns was difficult, especially for young deciduous 
trees with a full canopy closure.

3.2. Classification results
Into the class “Coniferous”, there was assigned 1,102.99 
hectares (50% of the whole experimental area). 942.96 
hectares (42%) was assigned into the “Deciduous” class. 
151.63 hectares (7%) was assigned into the “Ground” 
class and only 25.48 hectares (1%) into the “Shadow” 
class (Fig. 4).

To “Ground” class (yellow coloured), there were 
classified the areas representing mainly the landscape 
outside the forests such as roads and grasslands. Inside 
the forest the “Ground” class objects were found in the 
gaps of tree crowns and in stands with low stocking and 
opened canopy closure. The largest areas of “Ground” 
were located in the eastern part, on the ridge, where there 
are damaged stands with lower stem density. Identifiable 
are also the part of forest roads over which there are not 
the tree crowns. In the territory, it is possible to distin-

Fig. 3. Results of segmentation, a: in one segment (blue line) is more than one crown (coloured polygons); b: mature canopy 
(yellow line) consists from more than one segment (blue lines).
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Fig. 4. Classification result of experimental area.



Table 1. Error matrix of classification without using airborne laser scanning data in m2.
 Class Reference data UA

Ground Deciduous Coniferous Shadow Total [%]

Cl
as

sifi
ca

tio
n

re
su

lts

Ground 0.00 0.00 0.00 0.00 0.00 —
Deciduous 547.81 8194.61 810.72 111.02 9664.16 84.79
Coniferous 597.35 1754.56 11591.57 34.30 13977.78 82.93
Shadow 0.00 1.16 0.00 672.20 673.36 99.83
Total 1145.16 9950.33 12402.29 817.52 24315.30 —

PA  [%] 0.00 82.36 93.46 82.22 Overall accuracy: 84.14

UA (User’s Accuracy) – the probability that the pixel included in the class truly represents this class also in the field; 
PA (Producent’s Accuracy) – proportion of reference pixels which were assigned to the class.

Table 2. Error matrix of classification with using airborne laser scanning data in m2.

Class Reference data UA
Ground Deciduous Coniferous Shadow Total [%]

Cl
as

sifi
ca

tio
n

re
su

lts

Ground 1167.05 109.99 153.11 0.00 1430.15 81.60
Deciduous 16.10 8192.19 768.66 109.60 9086.55 90.16
Coniferous 160.52 1703.92 11400.94 34.02 13299.40 85.73
Shadow 0.00 1.16 0.00 489.78 490.94 99.76
Total 1343.67 10007.26 12322.71 633.40 24307.04 — 

PA  [%] 86.86 81.86 92.52 77.33 Overall accuracy: 87.42
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total experimental area into one of two classes of group of 
tree species, although in the verification layer those areas 
were assigned to the “Ground” class. Applying the ALS 
data, there was correctly classified the area of 1,167 m2 
and user accuracy reached 81.60%. Area with extent of 
263 m2 was classified incorrectly and assigned to another 
class of group of tree species. The reason could be the 
position shift between the orthorectified aerial images 
and point cloud of ALS data, which differ in the way of 
surface scanning. The farther are the objects displayed in 
the image from the flight path, the greater is the position 
error of identical objects from the point cloud.

At the same time, the representation of “Shadow” 
class was reduced of approximately 183 m2. This is 
attributed to the shift of this area to “Ground” class. In 
the shaded parts of the area, there could not be identi-
fied whether it is a ground or vegetation, while with the 
use of ALS data a part of this area was identified as the 
“Ground”. Due to the high precision of the laser data and 
the use of multiple remote sensing materials, the area 
assigned to the “Ground” class, and overlaying with the 
“Shadow” class of the verification layer, was considered 
for correctly classified.

In terms of the classification of tree species compo-
sition accuracy, the User’s Accuracy (UA), expressing 
the probability that the pixel included in the class truly 
represents this class also in the field, increased by 5.36% 
in case of deciduous and by 2.80% in case of coniferous. 
The kappa coefficient increased from 0.7245, respec-
tively 0.7362, to value of 0.7667, respectively 0.7676. 
The producer`s accuracy (PA), expressing the accuracy 
with which the reference pixels have been included in 
the class decreased in case of “Deciduous” and “Conif-
erous” classes, due to the incorrect classification of the 
“Ground” class, which was identified as the “Deciduous” 
or “Coniferous” class, in comparison with the verification 
layer. The reasons for this misleading assignment as well 
as the reduction of the accuracy of shadow classification 
were described above.

guish the spatial distribution of deciduous (green colour) 
and coniferous trees (blue colour). Red colour represents 
the class “Shadow”. It is represented primarily in the 
north-eastern and south-eastern parts of the territory, 
which is associated with worse quality of the underly-
ing multispectral imagery of this area, where some flight 
lines were realized in different time.

The results of classification without the use of ALS 
data are shown in the classification error matrix (Table 
1) and results with the use of ALS data are shown in the 
classification error matrix (Table 2). Tables show area 
conjunction (m2) of each class derived based on classifi-
cation process and reference data. For each classification 
class, there was calculated User’s Accuracy (UA) and for 
each class of reference data was calculated Producent’s 
Accuracy (PA). UA expresses the probability that a pixel 
is included in the class truly represents this class also in 
the field. PA expresses how many proportions of refer-
ence pixels were assigned to the class.

The results of classification (with the use of ALS data 
are shown in the classification error matrix in m2 (Table 
2).

The overall classification accuracy, without the use 
of ALS data, was lower (84.14%), when compared to 
accuracy of the classification with application of ALS 
data (87.42%). Improvement of overall accuracy by 
3.28% represents 792 m2 large area of verification layer. 
Improvement represents 72.92 hectares of total area and 
correct classified area is 1,943.40 hectares large. The 
value of Kappa coefficient, expressing the correlation 
between the reference data and classification results, and 
excluding the matches by chance, increased from 0.7080 
to 0.7774. Increasing this value means that the ALS data 
application in the classification process removed 6.96% 
of the errors that would be produced by random classi-
fication process.

In the classification without application the ALS 
data, there was classified c.a. 5.5% (1,345 m2) of the 
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coniferous. RGB images provide further spectral data in 
individual channels useful for the classification process to 
help to distinguish the tree species especially in the less 
illuminated or shadowed parts of the crown or stands. 
Adding the nDSM and Intensity layers to the classifica-
tion process provides additional information on position, 
respectively the nature of the surface of the object, which 
has a positive impact on the accuracy of classification, in 
accordance to the results achieved. The appropriateness 
of using the ALS data for the object-oriented classifica-
tion is confirmed by the work of Pascual et al. (2008) and 
Tomljenovic et al. (2016). Zhang et al. (2013) reached the 
highest classification accuracy of forests using a combi-
nation of aerial images and ALS data – DEM, Intensity 
and topographic information. Fassnacht et al. (2016) 
published, the most suitable RS data for tree species iden-
tification are hyperspectral images, but for classification 
of forest with a small number of tree species is suitable to 
use combination of ALS data and multispectral images. 
This combination seems the best for Slovak conditions 
too, because hyperspectral images are not usually avail-
able for forest sector.

The problematic part of the classification proc-
ess and use of a combination of different data sources 
remains their mutual spatial (position) shift. Orthorec-
tified images display objects in the image the more dis-
torted the more rugged is terrain and the farther away 
are the objects from the axis of the airplane during the 
scanning. This is reflected in an unnatural shape of the 
crown. On the other hand, the point cloud of laser scan-
ning is characterized precisely determined position of 
each ray reflected by the object in the 3D space (X, Y, 
Z), and therefore, in the point of greatest distortion of 
the images, occurs the spatial displacement between the 
images and the ALS layers. Practically this is manifested 
by the fact that while a certain area has been classified as 
“Ground”, in the distorted image it corresponded to one 
or more tree crowns, which were further classified into 
classes “Deciduous” or “Coniferous”.

According to the authors, for possible further 
improvement of the classification results would be appro-
priate to use nDSM layer for definition and derivation 
of several vertical layers of stand vegetation. It would 
be useful to define individual classes and training sets 
(samples), and further provide a classification for each 
layers. Such a process is likely to improve the classifica-
tion of tree species in the lower parts of forest stands, 
often represented by darker (shaded) parts of the image. 
Utilisation of research plots established in the field seems 
to be a suitable basis for the creation of a reference layer 
of tree species, distinguishing the different types of trees.
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Slightly different surface area of the classes in a com-
parison of the two classifications is caused by the slight 
variations in the geometry of the objects.

4. Discussion and conclusions
In this paper we present the use of ALS data and evalua-
tion of their contribution in the process of object-oriented 
classification of tree species composition of diverse for-
ests in eCognition Developer 9 software. Comparison of 
classification accuracy values, with and without ALS data 
application, confirmed its increase and positive contribu-
tion in case of ALS data application in the classification 
of tree species composition, in this case to the deciduous 
and coniferous tree species.

To derive the appropriate values of scale parameter 
for image segmentation in eCognition Developer 9, was 
used the ESP tool, which by comparing the local variance 
values for each value of scale parameter set derives the 
Rate of Change value. The scale parameter value for the 
images with a spatial resolution of 0.2 m, to determine the 
species composition assigned to deciduous and conifer-
ous trees) was set to value 125. Since the ESP tool is com-
putationally demanding, scale parameter identification 
was carried out only on the subset of the images. Kardoš 
et al. (2013) recommended set the scale parameter in the 
range of 30–40 for images with a spatial resolution of 0.2 
to 0.5 m. The achieved accuracy of identification of vari-
ous tree species ranged from 48% to 84%. In our study 
the greater value of scale parameter was sufficient. At this 
value, the individual tree crowns were divided into several 
segments according to the illumination of the crown, but 
they quite accurately represented the shape of the crown 
in the higher parts of the stands. Thus, in the subsequent 
classification, there did not occurred potential problem 
with incorrect identifying the tree crowns outlines.

According to the results of accuracy of both classifi-
cations, it can be stated that the use of ALS data in the 
classification process improved the accuracy of the group 
of tree species identification. In addition to improving 
the overall accuracy of the classification, it is evident that 
also the accuracy of classification of the two main groups 
(classes) of stand vegetation (deciduous and coniferous) 
was increased. The degree of compliance, expressed by 
Kappa coefficients were also improved for both classes, 
for “Deciduous” from 0.7245 to 0.7667 and for “Coni-
ferous” from 0.7362 to 0.7676. Kappa coefficient K=0 
means a random classification and K=1 means a perfect 
agreement. These values represent a very good level 
of consistency according to the classification made by 
Landis & Koch (1977).

In terms of the distinguishing between the classes 
of group of tree species, seems to be the combination of 
CIR and RGB images to be very useful. The CIR images 
alone are applicable for tree species identification (Hol-
mgren et al. 2008), on them can be better identified the 
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