
http://dx.doi.org/10.15576/GLL/2017.2.7

CLassiFiCation oF Forests in the preCarpathian 
reGion usinG QuiCkBird-2 hiGh resoLution 
sateLLite imaGe 

Andriy Babushka, Khrystyna Burshtynska, Yuliya Denys

Summary

Based on the study of literature on the classification of forests using high resolution space images 
it was established that the separation of classes and classes close to the spectral brightness can 
not be identified with high accuracy. Classification using maximum likelihood algorithm, which 
generally gives better results compared with algorithms of spectral distance or Mahalanobis 
distance, does not lead to the definition of areas with a high probability. Therefore, the article 
examines a method of forest classification by post-processing. Experimental studies were car-
ried out using an satellite image of the forested area of the Precarpathian region, obtained from 
QuickBird-2 (June 2010). Data collected during field research were used as verification data 
to determine areas of different objects. The controlled classification has been performed using 
the method of the maximum likelihood, size of signatures for 8 classes were selected from 100 
to 400 points. For these classes a matrix of classes separation was calculated, and a significant 
correlation between next classes was found: young conifer plantings and pine and mixed forest, 
and deciduous young plantings and deciduous forest. Post-processing significantly improves 
the reliability of determination of area, and the procedure consists in assigning to all pixel of the 
selected neighbourhood brightness of most points, although reliability of determination of area 
depends on the size of the area. Accuracy of determination of areas are from 92 to 99%.
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supervised classification • divergence • separation of classes • reliability • training sample

1. introduction 

Protection and using of forest resources in Ukraine is governed by the forest legislation. 
The Forest Code of Ukraine, adopted in 1994, is the fundamental law on forests and 
forest management.

Forests are changing under the influence of both natural processes and anthropogenic 
factors. Forests play an important ecological role in protecting forests against erosion, 
climatic control, creating conditions for rest and recreation of people. Therefore, damage 
to forests due to inefficient management can lead to environmental disaster.
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The Google Inc. presented the project of “Global Forest Watch” [http://www.
globalforestwatch.org], developed jointly with the World Resources Institute and 40 
other organizations. Using this project in real time, you can monitor deforestation 
across the globe. Map on the project website is made up of the NASA’s satellite images. 
Besides, the image processing algorithms allow to thoroughly calculate the volume of 
lost and new forests in each territory and each country annually.

The total area of the forest fund in Ukraine is 10.4 million ha. Environmentalists say 
that in recent years, forest cover in Ukraine decreased by 11% [https://ecology.unian.
ua].

One of the main problems in the forest sector is the usage of outdated account-
ing and forest mapping technologies, lack of thematic mapping information on forests 
health and lack of systematic and effective monitoring.

The world practice shows that at the very core of forest monitoring methods applied 
to objectively obtain information about their condition, dynamic changes and effec-
tive growth assessment lies a  systematic approach, the main component of which is 
aerospace observations. Space satellite systems have opened enormous opportunities 
to ensure the accuracy, speed and frequency of measurements associated with the study 
of forest cover and the dynamics of its changes [Lyalko et al. 2006].

One of the components of forest mapping and creating thematic maps is clas-
sification. Classification is a  procedure of computer interpretation of images, which 
consists in the automatic separation of image pixels into classes that correspond to 
different objects. In Lu and Weng [2007] the authors consider the main approaches 
that are based on nonparametric techniques, including neural networks and decision 
tree classifier and parametric knowledge‐based classification. The authors point to the 
necessity of additional research to identify and reduce uncertainties in the process of 
image processing to improve the accuracy of classification. Global land cover studies 
using satellite images from Landsat with medium spectral resolution are presented in 
Gong et al. [2013]. Four classifiers that were freely available were employed, including 
the conventional maximum likelihood classifier (MLC), J4.8 decision tree classifier, 
Random Forest (RF) classifier and support vector machine (SVM) classifier. The SVM 
produced the highest overall classification accuracy (OCA) of 64.9%. It is important to 
note about the different possibilities of classification using satellite images with different 
spectral resolution. Viewegh et al. [2003] stated that ecological factors of environment 
must be taken into account for classification of forest. It is proposed to use ecological 
net. Giles M. Foody [Foody 2008] examined the questions of accuracy of classification 
since the literature presented different results. Insufficient accuracy of classification 
even disfeatures the areas of thematic maps based on materials of remote sensing. As 
we mentioned, especially it refers to the calculating of areas of different objects, what 
is important for creating thematic maps of forests. That is why, the presented research 
applies to methods of post-processing of results.

In their previous studies Burshtynska et al. [2014, 2015] established that automated 
determination of areas of different types of objects using controlled classification algo-
rithm depends on the density of the forest cover and impact of soil surface, as well as 
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on the selected testing area. Deciduous forest, for example, contains, to a greater or 
lesser degree, other objects (bushes, grass vegetation, pine trees, etc.). A major problem 
of classification is to determine areas with similar objects, where as a  phenomenon 
of “salt-pepper”, known from literature, significantly distorts the results. The classi-
fied image corresponds to the real picture, however, it does not allow to automatically 
measure the area with the dominant type of vegetation. This is a significant obstacle to 
solving the problems of forestry, such as estimation of the forest surface area [Sakhatsky 
et al. 2002].

The Earth’s remote sensing data of high-resolution are required for the bodies 
engaged in the organization of forest exploitation, which are characterized by two 
trends: first – mapping and monitoring of forest damages (deforestation, forest fires 
and other damages), the second – updating national databases and GIS for monitoring 
forests and forestry. The primary products of these services are presented in the form of 
thematic maps: forest clearing, forest regeneration, forest cover, forest age [Sesin 2003, 
Slobodjanyk 2014].

Myklush et al. [2012] say that the forest area determination on the basis of the Earth’s 
remote sensing data is connected with both the image resolution, and the methods of 
its processing. It has been proposed to use maps and surface information resources as 
a test material.

The key role in the automatic classification of forests is played by the methods of 
controlled and uncontrolled classification. Foody [2008] highlights the features of the 
classification using satellite images of high resolution, stressing the fact that the major-
ity of controlled classification algorithms for broad classes that include the diversity of 
brightness and spectral characteristics of objects leads to a significant mix-up during 
their classification. The authors believe the two methods to be almost identical tech-
nologically by their complexity. Methods of controlled classification provide reliable 
results while requiring careful formation of training samples.

2. presentation of basic material of the research and research results 

2.1. task of research 

From analysis of the literature and our previous studies was found that phenomenon, 
called in the literature “salt-pepper”, is significant obstacle to determine area for high 
resolution satellite images. In addition, classes, which are similar in spectral brightness, 
are slightly separating.

The task of the study was to analyze the separability of classes using method of 
transformed divergence and using post-processing with assessment of accuracy of clas-
sification.

For experimental investigation QuickBird-2 satellite image of the forested area of 
Precarpathian region was used. Technological scheme of classification and identifica-
tion of areas is shown in Figure 1. 

! Geomatics 2017 (2).indd   9 2017-09-27   11:05:20



A. Babushka, K. Burshtynska, Y. Denys10

GLL No. 2 • 2017

2.2. the choice of classes 

Identification of objectives involves interpretation of objects to be decrypted on the 
image. The dominant role when selecting them and, thus, selecting the classes of 
objects, belongs to the image properties: number of channels of the imaging system, 
spatial fragmentation, radiometric fragmentation, etc.

Generally, standards are defined on the basis of field observations, which shall be 
conducted at the same time of the year as the imaging. Additional sources for the selec-
tion of standards may be thematic maps, images of higher resolution, deliverables and 
so on. In particular, in the simplest case, easily identified on the images objects are 
chosen as standards.

The standards determine the quality of the learning sample and, consequently, the 
accuracy of the controlled classification. Therefore, when determining the thematic 
standard zones on the image, the following requirements have been taken into account 
[Swain and Davis 1978]:
• the number of pixels included in the standard zones should be 1–5% of all pixels of 

the image, so it is recommended to use for each class 10–100 times more pixels than 
the number of the image spectral zones;

Source: authors’ study

Fig. 1. Technological scheme of supervised classification and definition of area of classes

Analysis of input data

Previous image processing

Choosing of classes

Forming of signatures

Analysis of separation of classes

Supervised classification

Post processing

Determining the areas of calsses

Assessment of accuracy of the results
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• the land plot area is determined in such a way that it contains accurate and reliable 
information about the thematic class, while its area should not be too large, as in 
this case the probability of unwanted variations of values increases; 

• the number of standard zones depends on the number of the recognizable objects, 
their diversity and additional information sources used to determine the standards. 
Typically, 5–6 standard zones are formed for each class to take account of spatial 
and spectral variability of objects within each class.

It is also useful to form several zones for each class, since some of them may be 
excluded from the analysis in the future. It is also noteworthy that it is better to use a large 
number of standard zones of small size than a small number of large-area standards. 

2.3. resolution of classes 

One of the first measures of statistical resolution of classes used in the image recogni-
tion is divergence [Swain and Davis 1978]. Divergence is associated with likelihood 
ratio Lij for the two classes: i and j:

 L X = p X |
p X |ij

i

j

( )
( )
( )

ω
ω

 (1)

Suppose that the classes have a normal probability density function:

 p X N U p X N Ui i i j j jω ω( ) = ∑( ) ( ) = ∑( ), ,,    (2)

where:
n(Ui, Si) – multinormal density function with a mean vector Ui (i signature mean 

vector) and covariance matrix Si (i signature covariance matrix).

Let us write the expression for the divergence, which includes the mathematical 
expectation and covariance matrix: 

   D tr tr U U U Ui j i j j i i j i j i, = ∑ −∑( ) ∑ −∑( )  + ∑ +∑( ) −( ) −− − − −1
2

1
2

1 1 1 1
jj

T( )   (3)

where:
tr[A] – matrix trace function, 
A – diagonal sum.

The transformed divergence, which is most commonly used as a measure of resolu-
tion classes, is determined from the formula 4:

 D = Di, j
T

i, j2 1 exp 8− −( )[ ]/  (4)

2.4. Classification results confidence estimation 

Classification of the Earth’s remote sensing data cannot be considered complete until 
we estimate its accuracy, which determines the applicability of the results in the future. 
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The main objective of this assessment is to determine how accurately thematic classes 
on the picture correspond to the classes of real objects on the Earth’s surface.

The standard form of representing information when classifying estimation of 
accuracy is the confusion matrix. On the basis of the confusion matrix, a number of 
quantitative indicators, the most common of which is the classification accuracy and 
kappa index, can be calculated.

The satellite image of the forest plot in Yavoriv district of Lviv region, taken by the 
optical-electronic imaging system from the QuickBird-2 (June 2010) satellite, served 
as an incoming research material. This space-based system forms an image in the five 
spectral band (panchromatic, blue, red, green and near-infrared). The QuickBird-2 
system discrimination capacity is 2–0.61 m in panchromatic mode and 2.44 m – in 
multispectral mode.

The area is dominated by coniferous and deciduous forests of different ages and 
species, in the north-eastern and eastern parts of the image there are agriculturally used 
areas and human settlements. Besides, the image contains a number of areas cut over 
at different times, as well as grassy and shrubby lands. All this significantly changes the 
luminance characteristics of objects. The area is flat land, and, thus, there is no need to 
take account of the terrain effect on the image.

Data obtained during the field observations with the division of the image into 
testing areas and the relevant description of each of them with temporal interpolation 
of changes serves as the verification data. The verification data was obtained in 2011 
[Burshtynska et al. 2015].

The data has been collected by the following criteria: general characteristics of the 
testing area (for example, mature coniferous forest, uncontrolled sprouting, etc.); the 
average tree height; the average stem thickness; the average distance between the trees; 
the percentage of the dominant species.

It has been established that the felled-area flora is very different. This indicates that 
these areas were cut over at different times. On the basis of the verification data and 
visual interpretation, we can distinguish the following main types of objects: fresh 
felled-area not overgrown with vegetation; felled-area covered with grassy vegetation; 
and young plantings of coniferous forests, deciduous trees and mature forests: conifer-
ous, mixed and deciduous forests (Figure 2).

The picture is referenced in the cartographical system WGS 84. The ENVI 4.5 soft-
ware environment has been used for the processing of satellite images.

2.5. methods of the classification and determining the objects area 

The preliminary processing of the image included channels composite and “masking” 
clouds and gardens (Figure 2). To interpret forests, a combination of channels correspond-
ing to the objects’ reflectivity, such as infrared, red and green channels, has been used.

As it has been already mentioned, an important stage in the controlled classification 
is the formation of signatures. In this regard, the verification data obtained during field 
observations has been applied.
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Source: authors’ study 

Fig. 2. Image with dividing into 8 classes using results of field observations 

Source: authors’ study 

Fig. 3. Image, classified by method of supervised classification by rule of maximum probability
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The present paper uses polygonal method of forming training samples. The dimen-
sions of the standards ranged from 100 to 400 pixels for different objects.

The controlled classification has been performed using the method of the maxi-
mum likelihood. The method has been selected on the basis of the processed literature 
[Lyalko et al. 2006, Myklush et al. 2012] and previous studies [Burshtynska et al. 2014, 
2015]. Classification results are presented in Figure 3.

It had been established that young coniferous plantings correlate to coniferous 
forests, young deciduous plantings – to deciduous forests. Accordingly, the area deter-
mination error, calculated on the basis of the verification data and using controlled 
classification method for some classes reaches 35–50%. Only fresh felled-areas are 
identified with a high accuracy.

In reality, analysis of classes resolution is frequently carried out using the statistical 
values as the measure of resolution. Table 1 presents the transformed divergence values 
calculated by the formula 4. If the value of the classes resolution by the transformed 
divergence method is less than 1 (D < 1), they are inseparable, if D is defined within 
(1, 1.5) – slightly separable; if D (1.5; 1.8) – separable classes; if D (1.8; 2) – classes are 
well separable.

Consequently, the matrix elements values characterizing the classes resolution 
using the transformed divergence method for the “young coniferous plantings” and 
“coniferous forests” classes amount to 0.28, which means that these classes are insepa-
rable together. The “mixed forest” and “young coniferous plantings” have the value of 
0.82; “deciduous forest” and “young deciduous plantings” – 0.78, which indicates their 
low resolution.

Usually, to determine whether the thematic classes on the image correspond to the 
classes of real objects a confusion matrix is used (Table 2).

Classification accuracy is a proportion of the correctly classified pixels to the total 
number of pixels checked. For the controlled classification, the classification accuracy 
amounts to P = 81.6%, while the coefficient amounts to κ = 0.79. The classification 
accuracy of the mixed forests is the lowest and amounts to 62.8%. This is due to the 
fact that this class contains pixels that by their spectral characteristics are similar to the 
coniferous and deciduous forests ones.

The next stage involves the post-classification processing, which will improve the 
classification results and measuring the forest cover.

3. post-classification image processing 

The classified image may contain misclassified pixels and plots. Objects areas are deter-
mined on the basis of the number of pixels with similar spectral characteristics. Isolated 
pixels or groups of pixels within a complex in terms of the number of objects image 
significantly distort the results of the area determinations. In order to improve the 
results, pixels reclassification shall be carried out. We have used the Majority Analysis 
tool. It works on the principle that the central pixel in the kernel is replaced with the 
class value that the majority of the pixels in the kernel has. First, a study, which involved 
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the selection of the kernel, within which pixels reclassification shall take place, has been 
undertaken. In accordance with the results of the comparison of forest areas obtained 
from the verification data and calculated from the pixels reclassification, the optimum 
reclassification kernel has been established. In general, kernels of size 15 × 15, 17 × 17, 
19 × 19 were analysed. This made it possible to establish that the kernel of size 17 × 
17 gives the smallest error in determining areas. Figure 4 presents the post-processing 
results.

Source: authors’ study

Fig. 4. Results of post-processing with using the tool Majority Analysis

Differences between the forest areas received during the post-classification image 
processing and testing areas identified by the results of areas digitizing taking into 
account the verification data are presented in Table 3.

The post-classified image contains pixels that have not been classified and are 
coloured in black, and, accordingly, their areas have not been taken into account when 
calculating the forest cover. To get rid of this defect, the Clump Classes tool based on 
morphological operators was applied. Since, as a result of the classification, pixels that 
are not related to any of the classes and which are coloured in black were not taken into 
account when calculating the forest cover, the Clump Classes tool shall be used.
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Table 3. Differences of areas of forests on the results of post-processing

Type of forest

Areas  
calculated by  

the decryption  
of the image  

[ha]

Areas calculated  
on the basis of 
reclassification  

[ha]

Differences  
of areas  

[ha]

Differences  
of areas  

[%]

The reliability  
of determination  

of areas  
[%]

Fresh felling 19.8 18.5 1.3 6.5 93.5

Felling with bushes 84.3 86.0 1.7 2.0 98.0

Felling covered with 
grass 35.7 32.9 2.8 7.8 92.2

Young deciduous 
planting 106.3 112.6 6.3 5.9 94.1

Young coniferous 
planting 42.6 38.5 4.1 9.6 90.4

Mixed forest 498.5 494.5 4.0 0.8 99.2

Coniferous forest 487.4 445.0 39.7 8.1 91.9

Deciduous forest 1012.8 1014.8 2.0 0.2 99.8

Source: authors’ study

4. Conclusions 

The supervised classification of the Precarpathian region forest was implemented using 
QuickBird-2 high resolution satellite image. The following conclusions can be drawn 
from the research results:
1. It is established that for the satellite images with high resolution significant obstacle 

to separability of classes and determination of their areas is a phenomenon of vari-
ability of spectral brightness, in the literature called“salt-pepper”.

2. The analysis of separability of classes by the confusion matrix and statistical resolu-
tion demonstrated that some of them, for example the “coniferous plantings” and 
“coniferous forests”, “deciduous planting” and “deciduous forest” classes are low 
separable classes.

3. Using post-processing with the previous definition of optimal neighbourhood sig-
nificantly improves accuracy of classification.

4. The result of the definition of the area of objects in the area of investigation using 
method of maximum likelihood with post-classification processing ranged from 92 
to 99%.
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