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Abstract

Change detection is a process of detecting differences with the objects or phenomena which are ob-
served in the different time intervals. In this study different methods of analyzing satellite images are 
presented, with the aim to identify changes in land cover in a certain period of time (1985 – 2013). The 
area observed in this study is the region of mountain Zlatibor (Serbia) with its surroundings. The meth-
ods represented in this study are vegetation indices differencing, Supervised classification and Object 
based classification. These methods gave different results in term of land cover area, and it is general-
ly concluded that supervised classification gave the most accurate results with the images of medium 
spatial resolution. The results of this study can be used for urban and environmental planning. All infor-
mation lead to conclusion that the surface under the forests is reduced for about 4% (or about 1000 ha) 
while the built up area has doubled (grown about 600 ha) during the examined period. The results also 
highlights the importance of change detection techniques in land cover for the areas that are develop-
ing rapidly, such as Zlatibor study area.
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Introduction
Remote sensing is the science and to some extent, art 
of acquiring information about the Earth’s surface 
without actually being in contact with it (Nanoh, et al., 
2014). Remote sensing systems, in the first place those 
in the satellite platforms, provide continual and con-
sistent view of the Earth making the ability of mon-
itoring the earth’s system and human influence on 
the Earth easier. The satellite development improves 
the possibility of collecting remote sensed data and it 
offers a good way for obtaining the information over 
the wide open areas. The capacity of the remote sens-
ing to identify and monitor the earth’s surface and 
the natural conditions has increased dramatically in 
the last few years and the remote sensing data are go-
ing to become, or they have already become, the cru-
cial instrument in natural resource management. The 
remote sensor acquires a response which is based on 
many characteristics of the land surface, including 

natural or artificial cover (Anderson, et al., 1976). Re-
mote sensing satellite imagery has given scientists a 
remarkable way to determine the reasons for land use/
land cover changes and the resultant consequences 
due to human activity (Cardille, Foley, 2003).

One of the most important benefits of the satellite 
for observing the earth is certainly the change classi-
fication and monitoring. In the last few years, numer-
ous government agencies all around the world have 
used the satellite remote sensing to monitor and quan-
tify the changes. 

The Earth’s surface is constantly changing in many 
ways. In the largest part of the world, the process of 
the soil changes is very dynamic. Apart from the sea-
sonal rainfall and the possible interchangeable peri-
ods of the rainfall and drought, the man has influ-
enced the vegetation changing the natural vegetation 
into the agricultural land, and vice versa where it was 
necessary. The other dynamic aspects are the natural 
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disasters such us forest fires, floods, etc. which all in-
fluence changing of the Earth’s surface. Since in the 
static environments, other methods of data collection, 
such as aerial images and land measuring, can give 
better thematic and spatial accuracy than the satellite 
remote sensing, the frequent flyover and shooting of 
the Earth with observational satellites allows the re-
mote sensing to observe the dynamics of the area. The 
changes on the Earth’s surface can be observed from 
the two aspects. Firstly, if time scale is observed when 
the changes have taken place, the changes can be dif-
ferent. In this sense the changes can be related to the 
variations of the natural disasters (e.g. floods, fires) or 
to the geological events (e.g. the creation of the con-
tinents), and in that sense time can be seen as a short 
period (fires that last for several hours or several days) 
or it can be one long continual period (the creation 
of the continents – several hundred years). Secondly, 
the changes can be observed from the spatial aspect, 
i.e. the occurance of the different changes as a conse-
quence of a local event (a road or a bridge construc-
tion) or the changes on the global level (the increa-
seof the sea temperature or the melting of ice areas). 
When the changes on the Earth’s surface are observed 
only from these two aspects, the time and spatial, it 
is clear that the nature of the change occurance is 
complex and it is very difficult to percieve and make 
a conclusion or make a decision, beacause of the mu-
tual relation and dependance of these two factors. So, 
the change detection represents one very serious and 
challenging task. Determination of the changes which 
occure on the Earth in the context of the digital im-
age processing require different procedures and tech-
niques, some of which are standardised, while many 
other depend on the applications in which the image 
processing is being done. In order to compare one im-
age to another it is necessary to compare the pixel of 
one image to the pixel of another. What is necessary 
to know before the detection proces itself is the value 
of the change phenomenon which is very important, 
i.e. it is necessary to conduct the filtration of the cer-
tain changes. This can vary from one user to another, 
and from the purpose of change detection.

There are several methods for mapping land cov-
er changes using remotely sensed data, convention-
al maximum likelihood classification (Langford, Bell, 
1997), post-classification, image differencing, and 
principal components change-detection techniques 
(Macleod, Congalton, 1998), image differencing, veg-
etative index differencing, post-classification change 
differencing, multi-date unsupervised classification 
(Mas, 1999). 

The objective of this research is to assess, evalu-
ate and monitor the nature and extent of land cover 
changes in Zlatibor area through the period from 1985 

to 2013 using remotely sensed Landsat multispectral 
images. Four change detection techniques namely; 
vegetative index differencing, Supervised classifica-
tion, combination of Magnitude Difference, Tasseled 
Cap and Color Difference algorithm and Object based 
classification were applied. The objective is to exam-
ine the effectiveness of each change detection tech-
nique and to classify the changed areas according to 
the “from-to” identifiers.

Study area, data and methods
Mountain Zlatibor and its surroundings have been 
chosen as a study area (Figure 1). Zlatibor is located 
between 43° 31’ N and 43° 51’ N, and between 19° 28’ E 
and 19° 56’ E. As a well-known holiday resort in all the 
seasons in the last 30 years Zlatibor is an area where 
planned and non-planned urbanization have left their 

mark on the environment. Land use/land cover detec-
tion by using satellite images with medium spatial res-
olution is one of the ways which can offer the answers 
to what has happened in the observed area. Dominant 
land cover in observed area is coniferous and decid-
uous forest, although there is significant area of bare 
surfaces and urban area.

Satellite images
This case study used the images from Landsat 7 En-
hanced Thematic Mapper + (ETM+) and Landsat 8 
Operational Land Imager (OLI). The main differenc-
es between these sensors are in the numbers of the 
spectral ranges but also in the radiometric resolution, 
which is 16 bits for the Landsat 8 OLI platform, and 
8-bits for the Landsat 7 ETM + (Table 1). The fact that 
different sensors with different spectral and radiomet-
ric resolution are used for change detection process 

Figure 1. Landsat 5 TM image of Zlatibor study area in 
false color composite, R: 7 G: 5 B: 3
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should be taken into account during the change de-
tection.

Satellite images used in this study are from months 
of June and August from the following years: 1985, 
2002, 2003, 2010, and 2013. During the summer there 
is no snow in the area of Zlatibor and rainfall is rare. 
Also during those months vegetation is in its opti-
mum, which allows better image classification.

Preprocessing	
Due to the inaccuracy of the sensing devices and 
smaller or bigger systematical mistakes, the preproc-
essing is an inevitable step in the change detection. In 
this study, the preprocessing included radiometric 
and geometric corrections of the satellite images. Ra-
diometric correction comprised the process of histo-
gram matching of the satellite images from different 
time periods, whereas geometric correction meant co-
registration of the satellite images, so that the images 
could overlap in the best possible way. This is impor-
tant because some of the essential methods are based 
on the comparison of the two images from different 
time periods, e.g. supervised classification.

Methods of Land cover change detection
Change detection has been defined as a “process of 
identifying differences in the state of an object or phe-
nomenon by observing it in different times” (Sin-
gh, 1989). There are two basic ways of change detec-

tion: first by direct overlapping of classified vector 
classes from both images and then visually analyz-
ing the changes and second by direct change detec-
tion of one image made of combined images from dif-
ferent epochs (Jovanović, et al., 2007, Jovanović, et al., 
2011). There is also a different classification given by 
Shaoqing. Methods of change detection can be clas-
sified into three categories: characteristic analysis of 
spectral type, vector analysis of spectral changes and 
time series analysis (Shaoqing, Lu, 2008). Characteris-
tic analysis of spectral type is change detection based 
on spectral classification and calculations. The vector 
analysis is done by using strength and direction char-
acteristics, and time series analysis is used to analyze 
process and trend of changes of monitored ground ob-
jects, based on continuously remotely sensed data. A 
serious problem for modeling urban landuse change 
has been the lack of spatially detailed data. GIS and 
remote sensing have the potential to support such 
models, by providing data and analytical tools for 
the study of urban environments (Manonmani, et al., 
2010). The fundamentals of the used change detection 
methods are given below. 

Vegetation indices
Vegetation indices are quantitative measurements in-
dicating the vigor of vegetation (Campbell, 1987). They 
show better sensitivity than individual spectral bands 
for the detection of biomass (Asrar, et al., 1984). The 
interest of these indices lies in their usefulness in the 
interpretation of remote sensing images; they consti-

Table 1. Landsat 7 (ETM+) and Landsat 8 (OLI and TIRS) platforms

Landsat 7
ETM+
Bands
(mm)

Band 1 30 m Blue 0.441 - 0.514

Band 2 30 m Green 0.519 - 0.601

Band 3 30 m Red 0.631 - 0.692

Band 4 30 m NIR 0.772 - 0.898

Band 5 30 m SWIR-1 1.547 - 1.749

Band 6 60 m TIR-1 10.31 - 12.36

Band 7 30 m SWIR-2 2.064 - 2.345

Band 8 15 m Pan 0.515 - 0.896

Landsat 8
OLI and TIRS
 Bands
(mm)

Band 1 30 m Coastal/Aeros 0.435 - 0.451

Band 2 30 m Blue 0.452 - 0.512

Band 3 30 m Green 0.533 - 0.590

Band 4 30 m Red 0.636 - 0.673

Band 5 30 m NIR 0.851 - 0.879

Band 6 30 m SWIR-1 1.566 - 1.651

Band 7 30 m SWIR-2 2.107 - 2.294

Band 8 15 m Pan 0.503 - 0.676

Band 9 30 m Cirrus 1.363 - 1.384

Band 10 100 m TIR-1 10.60 - 11.19

Band 11 100 m TIR-2 11.50 - 12.51
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tute notably a method for the detection of land use 
changes (multi temporal data), the evaluation of veg-
etative cover density, crop discrimination and crop 
yield prediction (Baret, 1986). In the area of themat-
ic mapping, the interest of most of these indices lies in 
the improvement of classifications (Asrar, et al., 1984; 
Bariou, et al., 1985a, 1985b; Qi, et al., 1991; McNairn, 
Protz, 1993). In this study NDVI index was used in or-
der to monitor vegetation cover changes during dif-
ferent time periods. Normalized Difference Vegeta-
tion Index (NDVI) is the most widely used vegetation 
index to distinguish healthy vegetation from others or 
from non-vegetated areas (Manandhar, et al., 2009). 
NDVI represents the ratio between the red (RED) and 
near infrared spectrum (NIR) (Equation 1) and was 
first used by Rouse et al. in 1973. Healthy plants absorb 
most of the visible light and reflect the large amount 
of the far-red and near-infrared light (Fluor Cam PAR, 
2014.). It is obtained from the Equation 1. Theoretical-
ly, the values of this index will vary within the range 
of -1 to 1. The research within this study showed that 
the values of NDVI index for vegetation are within 
the range between 0.3 and 0.7, the values above 0.6 in-
dicated the presence of dense vegetation.

NDVI
nir red
nir red

=
−
+

Change detection with the use of the vegetation in-
dices included the expert classification with the help 
of vegetation indices for the 25-year period, between 
1985 and 2010. The spectral signatures of the decidu-
ous trees, coniferous trees, artificial objects and wa-
ter areas have been extracted from the well-known re-
gions and such spectral signatures were applied to the 
given Zlatibor area.

DeltaCue
One of the change detection methods used in this case 
study is completely automated. The software module 
Delta Cue from Erdas Imagine performs the automat-
ic detection of the changes which happened between 
two images acquired in different time periods. The 
tool allows the determination of the spatial and spec-
tral threshold of the changes which will be used, and 
the filtration of the changes in which the user is not 
interested. It is mainly used for: the detection of the 
important ecological changes, emergency situation 
management, identification of changes in the land 
use and land cover, assessment of the forest loss due 
to development or the diseases and identification of 
the new residential and infrastructure changes. The 
algorithms used for the change detection are: Magni-
tude Difference, Tasseled Cap and Color Difference 
algorithm. Magnitude Difference is a specific algo-
rithm which calculates the sum of the squares of all 

the light values in all the ranges for each pixel of the 
image. The result of this algorithm contains all the in-
formation which was present in the initial shot, since 
the sum used the value intensities of all bands. Tasse-
led Cap algorithm converts the original image rang-
es (layers) in the new set of ranges (layers) with de-
fined values which are useful for vegetation detection. 
Tasseled cap algorithm makes a linear combination of 
the original ranges, so every Tasseled Cap range con-
sists of the sum of range 1 multiplied with the range 
constant, plus range 2 multiplied with the range con-
stant, etc. The coefficients used for the creation of Tas-
seled Cap range are statistically derived from the im-
ages and empirical observations and they are specific 
for each sensor of the image. 

Supervised classification
The third group of detection methods used in this 
study is based on the supervised classification. Change 
detection is based on the classification of all the im-
age pixels from one time period in accordance with 
the pre-set number of classes, where the classes rep-
resent the appropriate land cover class. Change detec-
tion is the most common approach (post classification 
comparison) to detect the land use changes in terms 
of thematic classes (Al-Hassideh, et al., 2008, Foody, 
2002). This is one of the methods which answers the 
question where and which changes have taken place. 
The two most basic types of classification methods are 
supervised and unsupervised classification. Both are 
machine learning methods. Unsupervised methods 
use specified number of classes and they mathemati-
cally recognize classes by measuring image pixels val-
ue differences. After that those once classified classes 
need to be classified and grouped again in the way that 
presents results as the operator wants. In supervised 
classification, it is necessary to select several charac-
teristic training samples from the image for each of 
the classes. After that computer examines whole im-
age and classifies pixels into one of the created classes. 
In this study, several different algorithms have been 
used for the classification of the surface cover: Paral-
lelepiped classifier, classification based on the spatial 
characteristics, minimal distance and maximal con-
ditional probability. Parallelepiped classifier was cho-
sen to be used over all of the images. The characteris-
tic of this classifier is that each element is compared 
to the bottom and top limit of the appropriate feature 
for the specific class. Usually those are the minimal, 
maximal or average values of the feature. Based on the 
supervised classification it can be indirectly detected 
where and which changes have taken place (Figure 2). 

Maximum likelihood classification technique was 
performed using all spectral bands in each satellite 
image (Forkuo, et al., 2012, Langford, Bell, 1997). In 
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this study, the post-classification was used, which as 
a change detection method that represents an inde-
pendent classification of the images from two time pe-
riods, and then the comparison of the results.

Object based image analysis (OBIA)
The last change detection method used in this study is 
based on the object based image analysis. OBIA rep-
resents a new way of classification, which was made 
due to the need to adjust the image processing process 
to the human understanding of an image, object and 
space. The classical classification methods view the 
image through the network of pixels and perform the 
processing based on the value of each pixel, i.e. group-
ing based on the spectral similarity. In the object 
based image classification, pixels are merged into ob-
jects, “grouping” is conducted in accordance with the 
complex criteria which include shape, texture, shade, 
size, mutual relations, and not only the value of a pix-
el. The first pre-condition for the automation of such 
way of extracting the object from an image is the ex-
istence of a procedure which will divide the picture 
into meaningful groups of data which could represent 
one object. This step is called the image segmentation. 
So, the segmentation is the basis of the object based 
classification, it represents the essence of the meth-
od, the other algorithms used in the processing proce-
dure have the function of improving the result, elim-

inating the segments which are below the minimal 
required probability, adjusting the segment shape to 
show the form of the object as realistically as possible, 
etc. Imagine Objective is a framework within ERDAS 
Imagine software which is used for the model creation 
and implementation of the object based classification 
procedure. To meet the needs of the Zlatibor area im-
age analyses, the algorithm which includes the follow-
ing functions have been tested: Raster Pixel Processor 

- SFP, Raster Object Creators – Segmentation, Raster 
Object Operators – Probability Filter, Size Filter, Di-
late, Raster to Vector Conversion – Polygon Trace, 
Vector Object Operators – Generalize, Vector Object 
Processor – Geometry : Area and Vector Cleanup Op-
erators – Dissolve, Smooth.

In the first step, the pixel classification is done 
based on the Multi Bayesian Network algorithm, 
which uses SFP (Single Feature Probability) to calcu-
late the probability. SFP algorithm, based on the input 
image and the educational set allocates the value from 
0 to 1 to each pixel, and based on that value it will be 
determined whether the pixel belongs to the object or 
the background. The next step in the analysis is the 
most important. There are several algorithms which 
are applied in this step, this study used the segmenta-
tion algorithm. In the segmentation algorithm, a ras-
ter is divided, based on the pixel value and position, 
in the smaller segments which represent wholes and 
which in the further analysis become candidates for 
an object. The probability threshold is set as a param-
eter, and based on it the further classification is done. 
The best results are obtained when the parameters are 
calculated automatically from the input data, there is 
an option for that in the algorithm parameter settings. 
The other steps represent the basic steps in reaching 
the final results.

Results
Although, there is not any ground truth data, some 
spectral signatures are obtained from regions where 
the land cover is well known. The analysis using NDVI 
index was carried out for several years: 1985, 2002 and 
2003 with the goal to detect changes in vegetation cov-
er. Figure 3 show the result of the expert classification 
applied to the index over the individual images. The 
class colors are the same for all the images, as follows: 
•	 Green for deciduous forests
•	 Dark green for coniferous forests 
•	 Blue for water areas
•	 Grey for unclassified

The following table (Table 2) gives the statistical 
data of vegetation index application. The data are also 
shown on the graphs: Figure 4. 

Figure 2. Post-classification change detection  
(Macleod, Congalton, 1998)

TIME 1 TIME 2

RAW IMAGENARY
(for study area)

CLASSIFY EACH
SCENE SEPARATELY

OVETLAY TIME
PERIODS FOR CHANGE

Open
Water

Open
Water

Eelgrass

Eelgrass to
Open Water

Open Water
No Change
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IMAGINE DeltaCueaddition in ERDAS IMAG-
INE represented the second group of change detec-
tion methods in this study. Three types of algorithms 
have been used within the study:
•	 Magnitude Difference, 
•	 Tasseled Cap, 
•	 Color Difference Algorithm. 

The results of these algorithms emphasise the im-
portant differencs between two images of the same 
area, which were made at the different time, but the 
result of these algorithms carries the information on 
the change from one class to another, where as the 
changes will not be shown for those classes which 
are the same on both images. The classes do not have 
names nor are marked based on the information they 
carry, but are given numerically so we need DeltaCue 
result interpretation to know which change has hap-
pened on the field (Figure 5).

In this study it was impossible to define the classes 
which appear as the result of the detected changes due 

to the lack of the historic data from the field which 
could assist this process. The results obtained in this 
way are important in terms of the spatial determina-
tion of the changes, but it is extreemely difficult to de-
termine what each class represents (Figure 6), so this 
detection method changes was useless.

Figure 3. NDVI based classification, year 2010 Figure 4. NDVI
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Table 2. Vegetation index statistics [ha]

Classes Year 1985 
NDVI

2002 
NDVI

2003 
NDVI

2010 
NDVI

Coniferous forest 417918 302303.88 397648.4 306756.27

Deciduous forest 355149.2 407153.52 391776.7 423243.9

Water 6284.43 41873.85 3521.52 4139.64

CLASS 1

CLASS 2

CLASS 3

–

–

–

–

–

–

CLASS N

CLASS 1

CLASS 2

CLASS 3

–

–

–

–

–

–

CLASS N

Figure 5. DeltaCue classes
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Supervised Classification
In the classification process, the selected images have 
been classified for the 6th and 8th month of a year. The 
images from 1985 and 2003 are from the 8th month 
(august). Using the supervised approaches, six class-
es have been defined: 
•	 water, 
•	 vegetation (coniferous and other), 
•	 artificial objects, 

•	 arable land, 
•	 other (Sparse Veg. and barren land).

Vegetation is divided on the area covered with co-
niferous forest and other vegetation, which includes 
the grass areas too. The class ‘other’ is also very im-
portant, since it has a strong reflection which was of-
ten mixed with the artificial objects during the pro-
cessing procedure. This class includes ‘burnt’ areas, 
mixed with the smaller rock stones, as well as the very 
sparse vegetation. The results of classification for all 
five years are given in the Table 3. The number of hec-
tare that are classified in a given class for the corre-
sponding year. Supervised classification was used for 
arable land, which defines the area under cultivation 
and a land under bad vegetation and barren land was 
classified as a special class. In Figures from 7 to 10 su-
pervised classification results for four year is shown. 
From the graphs (Figure 11, Figure 12) it can be con-
cluded that all the classes varied with smaller changes, 
and that the biggest discrepancies are in the year 2013. 
One of the reasons for the discrepancy can be found 
in the different platforms, since the image for 2013. is 
the only image from Landsat 8 platform. Landsat 8 
has two infrared ranges, so the class labeled as ‘the 
other vegetation’ and the class “other” are differently 
classified in comparison with the Landsat 7 platform.

Figure 6. Detection of changes using DeltaCue  
in 1985 - 2013 years

Figure 7. Supervised classification results for year 2002 Figure 8. Supervised classification results for year 2003
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Figure 9. Supervised classification results for year 2010

Figure 11. Results of supervised classification 1 Figure 12. Results of supervised classification 2

Figure 10. Supervised classification results for year 2013

Table 3. Classification results for all five time periods [ha]

Classes 1985 2002 2003 2010 2013

Water 2099.7 2496.6 2282.04 2068.38 2177.28

Coniferous 343687.5 345589.4 361992.2 358737.8 330619

Other Vegetation 221711 212546 210452.6 209169.5 292263.9

Arable Land 63856.17 60969.78 70103.43 56994.03 74312.64

Artificial 6311.43 9856.8 6779.34 14015.97 19812.42

Sparse veg. and barren land 188398.4 196003.6 175424.2 186380 105579.5

Arable land Artificial Water
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Table 4 shows the results of supervised classifica-
tion of land cover change detection for period from 
1985 to 2003. Table 4 represents the transition of pixels 
from one to all other classes that are included in the 
analysis. The grey highlighted fields are the numbers 
of pixels which has remained in the same class (un-
changed). It can be observed that the maximum over-
laps are between classes: arable land, other vegetation 

and other classes. This was expected, because training 
sets for these classes are very similar. Accuracy of rele-
vant class changes depends on spectral separability of 
classes involved (Mas, 1999).

In the end, the last change detection method used 
in this study is based on the object oriented image 
classification. The limitations which come with the 
spatial resolution of 30 [m] have greatly influenced the 

Table 4. Transition between the individual class of 1985 in 2003 (in the number of pixels)

1985 2003 [pixels] 1985 2003 [pixels]

Water Coniferous 2759 Other Coniferous 389790

Water (18922) Water 158

Other Vegetation 13 Other Vegetation 530154

Other 5 Other (891631)

Arable Land 167 Arable Land 268943

Artificial 1516 Artificial 15522

Other Vegetation Coniferous 649117 Arable Land Coniferous 52273

Water 350 Water 80

Other Vegetation (1102382) Other Vegetation 191662

Other 498210 Other 235383

Arable Land 207660 Arable Land (217915)

Artificial 9266 Artificial 13137

Coniferous Coniferous (2918801) Artificial Coniferous 9375

Water 5262 Water 584

Other Vegetation 506715 Other Vegetation 7421

Other 314706 Other 9206

Arable Land 65069 Arable Land 19168

Artificial 13150 Artificial (22735)

Figure 13. Original image and the resulted vector from 
object image classification, year 1985

Figure 14. Original image and vector derived from object 
image classification, year 2002
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result of this method. What represents the continu-
al object on the image of the 30 [m] spatial resolution, 
on the image of the higher resolution can represent 
something completely different. Because of this there 
was a need to observe the objects through the spatial 
relations and the image semantics, and the need for 
precise defining of the object boundaries. Because of 
that, the classification has been done only for the ev-
ergreen area for the years 1985, 2002, 2003 and 2010. 
The obtained results were mutually compared for the 
years 1985 and 2002, and they were compared with the 
results obtained with the classical classification meth-
od. As it can be seen from the Figure 13, the results 
have encompassed the targeted are a pretty well.

The problems that occur during the processing and 
which can influence the result’s accuracy to a certain 
extent are some smaller shaded areas which are rec-
ognized as an object and included in the classification. 
This problem can be minimized by the application of 
the appropriate operators, but it cannot be complete-
ly avoided due to the low spatial resolution of the im-
age. The mitigating circumstance in this situation is 

the fact that the area under the evergreen forest is big, 
so the areas with the mistake can be ignored. 

Figure 14 shows the original image and the vector 
obtained for 2002. It can be visually easily noticed that 
the area encompassed is smaller than for 1985, certain 
mistakes have been removed with the work method, 
i.e. the application of the appropriate operators and 
the fixing of the training set itself.

Conclusions
Results of this research shown in Table 5 indicate that 
surface under coniferous forests and other vegeta-
tion has been reduced by 4% during the selected time 
frame. Also it shows the varying surface under wa-
ter, which is as expected because of different rainfall 
and different water levels in the rivers. Built up area 
shows continuous growth, but in the year 2003 there 
is an error in supervised classification. Results also 
show that difference in the sensor used, between the 
years 2010 and 2013, in the classifications is noticeable. 
Some classifications gave too different results and be-

Table 5. Statistical results of the each method (shown in hectares)

Year: 1985

  Water Coniferous Other Veg. Soil Built-up Other

NDVI 628.443 41791.797 35514.918      

Supervised 209.97 34368.75 22171.104 6385.617 631.143 18839.84

Object vector   20251.872        

Object raster   12046.329        

Year: 2002

  Water Coniferous Other Veg Soil Built-up Other

NDVI 4187.385 30230.388 40715.352      

Supervised 249.66 34558.938 21254.598 6096.978 985.68 19600.36

Object vector   19193.472        

Object raster   14643.567        

Year: 2003

  Water Coniferous Other Veg Soil Built Other

NDVI 352.152 39764.835 39177.666      

Supervised 228.204 36199.215 21045.258 7010.343 677.934 17542.42

Object vector   22473.378        

Object raster   17781.408        

Year: 2010

  Water Coniferous Other Veg Soil Built Other

NDVI 413.964 30675.627 42324.39      

Supervised 206.838 35873.784 20916.945 5699.403 1401.597 18638

Object vector   18330.03        

Object raster   14764.203        

Year: 2013

  Water Coniferous Other Veg Soil Built Other

Supervised 217.728 33061.896 29226.393 7431.264 1981.242 10557.95
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cause of that are not shown, while more flexible meth-
od of supervised classification gave fine results.

This study showed several remote sensing change 
detection methods with Landsat images for the area 
of Zlatibor. The above mentioned methods gave the 
expected results in terms of the images with the spa-
tial resolution of 30 [m], which are a good represen-
tation of dense and homogenous areas with expect-
ed errors in parts of the image where areas change 
from one to another. Results of the comparison imply 
that supervised classification gave the results with the 
most classes making it the most comprehensive meth-
od used, while method like DeltaCue did not give any 
significant results.

In this study analysis of different approaches to 
change detection using medium spatial resolution im-
agery was done. Change detection between images, of 
Landsat 7 and 8 platforms, used in supervised classi-
fication analysis was difficult. The reason of this is the 
use of different platforms, and different sensors. The 
main difference of platforms Landsat 7 and 8 beside 
spectral resolution is radiometric resolution which is 
doubled on Landsat 8. 

Supervised classification gave the results through 
all the stated classes and proved to be a more versa-
tile method for the detection of a change. In the meth-
od vegetation indices is necessary to take into ac-
count the current humidity of the vegetation, so as to 
get the most objective results. The object based meth-
od only gave the results for the class of conifers, since 
that class was the observed object in this case. The ob-
ject based method considered only class of conifers 
because this method can only work with large areas 
due to poor spatial resolution. With spatial resolution 
of 30 [m] which was used in this study, the results of 
confirm the need for higher resolution if this meth-
od is supposed to be used. With low resolutions by us-
ing vectors results are only losing the accuracy. Other 
than that, ease of use and benefits of vectors make this 
method very desirable.
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