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ABSTRACT 
 
Izmir province has experienced a tremendous increase in population such as other metropolitan 
cities of Turkey due to migration issues in last 30 years. Land use and land cover (LULC) of Izmir 
was affected from this unplanned population increase in province scale, natural ecosystems were 
destroyed by settlement, and agricultural activities of that doubled population. The aim of this study 
was determining LULC changes in Izmir and 30 m spatial resolution Landsat images were used as 
the main data along with geographic information systems (GIS) and remote sensing (RS) 
procedures. Satellite images from 1986 to 2015 were used to investigate LULC change patterns 
and a transition matrix was created. Object-based image classification technique was used for 
creating segments before classification. Segments, created by multi-resolution segmentation 
approach, were classified by visual analysis by the help of old maps, high-resolution imagery, 
Google Earth, and Landsat images. GIS-RS based hybrid method provided a very high accuracy 
(about 93%) in satellite image classification and maintained a transition matrix of changing 
dynamics. The results showed that increased impervious surfaces and decreased natural areas 
such as forests and meadows were the main features of LULC change in study area. 
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1. INTRODUCTION 
 
Izmir province is the third largest province of 
Turkey in population and it is subjected to huge 
amount of population increase because of 
incoming migrations since the beginning of 
1980’s. Total population of the province was 
1.976.763 in 1980 and it doubled in 30 years, 
became 4.168.415 in 2015 [1]. Izmir has several 
economical functions such as industry, trade, 
import/export, tourism, service sector and these 
economical resources attract many people 
especially from economically undeveloped rural 
areas whose economic resources are very 
limited. Land Use Land Cover (LULC) change 
progresses were already substantial in 
Mediterranean region [2] owing to historical 
development through agro-climatic supportive 
conditions for human settlement [3]. This rapid 
population increase demand in housing and 
converting green and undeveloped areas to 
residential units in the entire province including 
sub-provinces. Thus, expansion of massive 
amount of unplanned urban areas results 
reduction of agricultural areas, forests, and all 
other types of green areas [4]. Unplanned 
expansion of residential areas brings important 
environmental problems such as forest 
fragmentation, wasting of natural environment, 
habitat disturbance, increase of impervious 
surfaces, and soil loss [5]. 
 
Several studies have been conducted for 
analyzing LULC changes in large Mediterranean 
urban environments such as Rome [6], Athens 
[7], Lisbon [8], Madrid [9], Istanbul [10], and 
Barcelona [11] where urban sprawl and 
successive ecosystem and agricultural 
fragmentation very common. Maraccini et al. 
(2015) investigated common and different paths 
of land cover changes in six Mediterranean 
urban regions [2]. They declare urban expansion 
is mainly occurs on agricultural lands and results 
fragmentation of natural areas. They investigated 
direct changes to urbanization and indirect 
impacts on non-artificial land uses in six 
Mediterranean cities by using Landsat time 
series satellite imagery along with semi-
supervised image classification method. Results 
displayed that significant change could be 
identified in small-medium cities and large 
metropolitan areas rather than according to 
north-south direction. While afforestation and 
abandonment of agricultural areas are the main 

feature of LULC changes in the Norther 
Mediterranean urban regions, Southern 
Mediterranean regions has mostly undergone 
transformation of natural areas to agricultural 
areas. There are also some studies on LULC 
transformations in semi-urban and rural areas of 
Mediterranean regions also. Salvati et al. [12] 
analyzed change in long-term spatial distribution 
of four basic land cover classes if there is a 
compact growth in rural gradients of Athens and 
explored relationships from 1960 to 2009. They 
used descriptive statistics, correlation analysis, 
and multivariate procedures for verifying their 
hypothesis and stated that there was similarities 
and differences in ‘sprawl’ or ‘compact growth’ 
phases in urbanized areas. They also indicated 
that croplands were the land cover class which 
undergone to change most.  
 
LULC change is a global scale environmental 
issue [13] and changes in LULC are the major 
reason of ecosystem destruction and 
fragmentation [14]. Management of ecosystem 
services requires spatially explanation of 
changing patterns and interactions among 
ecosystem structures [15]. Temporal analysis of 
LULC changes are important tools for 
sustainable development, ecosystem monitoring, 
environmental change studies, and land 
management [16,17]. Satellite imagery and 
remote sensing techniques has been widely used 
in LULC analysis as their usefulness in revealing 
spatial patterns of LULC changes [18-19]. 
Landsat 5-7-8 imagery has been used for many 
earth observation and change detection analysis 
[20] studies due to its free availability, 16-day 
temporal resolution [21], and 30-m spatial 
resolution [22] hence these imageries allow 
effective monitoring LULC changes [23] as well 
as vegetation growth in forestlands [24], arid 
environments and Arctic areas [22].  
 
The aim of LULC change models is to determine 
changes in LULC classes between two different 
dates [25]. The main aim of change detection 
studies is extracting change areas accurately 
and eliminating pseudo changes caused by 
extraneous factors such as atmospheric 
conditions, soil moisture, etc. [26]. Change 
analysis is carried out by comparison of ‘before’ 
(past) and ‘after’ (the latest) satellite imagery and 
detection of transformations from one LULC 
classes to another in these models. Various 
change detections techniques have been 
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developed for LULC change analysis using 
remote sensing techniques [27] and these 
methods can be classified into two categories: 
post-classification comparison and pre-
classification change detection [28]. Post-
classification change detection approaches 
encompass comparison of independently 
classified LULC maps and quantify changing 
patterns by comparing maps [29] while pre-
classification techniques identify changes by 
comparing unclassified multi-temporal satellite 
data directly [30]. Pre-classification techniques 
(image algebra, change-vector analysis, 
transformation) are designed to discover change 
or no change in the area of interest does not 
display type of transformation from one LULC 
classes to another [31].  
 
In this study object-based change detection 
(OBCD) technique, a post classification method, 
has been used to detect changes among before 
(1986) and after (2015) Landsat imagery belong 
to Izmir province of Turkey. In this approach, 
before and after images are classified by object-
based image analysis method (OBIA) and 
classified images subtracted each other for 
determining changes between dates. OBIA 
methods use contextual information such as 
texture and compactness for generating ‘image 
objects’ or ‘segments’ [32]. OBCD is a favorable 
method, which can be applied to medium or 
coarse resolution satellite imagery [33]. OBIA 
can provide more accurate classification results 
due to high resolution imagery [34] but pixel-
based methods may give better classification 
results in some land cover classes also [35]. 
 
According to scales, there are three types of 
segmentation methods: fixed-scale, variable-
scale, and multiresolution [36]. Multiresolution 
segmentation method creates segments in 
different scales for each land cover category 
comparing to one scale. Multiresolution 
segmentation uses a region merging technique 
starting from one pixel forming one image object 
or region. Image objects are merged and 
transformed to larger objects in each step 
according to local homogeneity criteria, which 
can be described as similarity of adjacent image 
objects [37]. The negative side of multiresolution 
segmentation is that it requires much efforts and 
time due to manually selection of segments for 
each category [38]. Image segmentation 
approach is widely used in classification of multi-
temporal Landsat imagery [39,40]. This study 
describes LULC change information from 1986 to 
2015, which is important due to proving green 

area fragmentation and environmental 
destruction in Izmir province of Turkey. The aim 
of this study is investigating LULC changes and 
environmental degradation in Izmir province 
using OBIA and post-classification comparison 
methods. Before and after images of study area 
were classified by OBIA and a change matrix 
were created by subtraction of after image from 
before image. 
 
2. STUDY AREA 
 
Izmir province has been chosen as study area in 
this study which is located between 26° 15’ - 28° 
20’ E and 37° 45’ - 39° 15’ N on the shorelines of 
Aegean Sea with its large agricultural areas, 
olive farms, and pine forests along with dense 
population on seaside. Total areas of Izmir 
province are 12.007 km² and it has 30 sub-
provinces including those located in metropolitan 
area of the city. Besides its large agricultural 
areas,hills and mountainous areas cover 60% of 
Izmir province. Mountains lie in West-East 
direction and Bozdag is the highest mountain 
with 2159 m altitude. There are three major 
rivers, which flow to Aegean Sea among 
mountain ranges named as Gediz, Kucuk 
Menderes, and Buyuk Menderes from North to 
South respectively (Fig. 1).  
 
Mediterranean climate strongly influential in the 
entire province with seasonal mean temperatures 
between 8.9°C - 28.0°C and annual rainfall of 
700-1000 mm. Winter is the rainiest season in 
Izmir and more than half of the precipitation 
occurs in winter season. In Mediterranean 
Climate, summers are very dry and about 1% of 
annual total precipitation in summer seasons. 
Due to these climate features, maquis plants are 
the main vegetation cover of Izmir province in 
lower altitudes than 700-800 m. Another 
Mediterranean plant, red pine (Pinus brutia), 
covers upper altitudes of the province unless 
there is no olive plant occupation on the area. 
Olive plantation is very common in the entire 
province due to suitable climate conditions. 
 
3. DATA AND METHODS 
 
This research includes OBIA and post-
classification comparison methods of Landsat 
TM and OLI imagery. The data analysis is 
achieved in three stages: (1) image acquisition 
and pre-processing; (2) LULC map preparation 
for both before and after dates; and (3) LULC 
change detection and analysis. 
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Fig. 1. Google Earth image of Izmir province 
 
3.1 Data 
 
Cloud-free Landsat 5 Thematic Mapper (TM) 
imagery with 30 m spatial resolution have been 
used to create the before (1986) image of this 
study (path 181-row32/33; path 180-row 33), 
clear Landsat 8 Operational Land Imager (OLI) 
data were used to generate the after (2015) 
image in this work (path 181-row32/33; path 180-
row 33). Only one Landsat scene is not enough 
to cover the entire study area and three scenes 
were required to create both the before and the 
after images (Fig. 2). All images captured in 
June/July were acquired from USGS Earth 
Explorer website. All Landsat scenes have very 
high geometric accuracy therefore geometric 
correction methods such as registration or 
rectification were not necessary to use. 

 
3.2 Image Pre-processing 
 
In case of multitemporal image analysis and 
comparison – analyzing images acquired in 
different dates – some pre-processing methods 

might be necessary due to different atmospheric 
and radiometric properties of dates in images 
acquired. Dark object subtraction (DOS) method 
was the first step of pre-processing of satellite 
images before classification for overwhelming 
different in situ atmospheric conditions of 
different acquisition dates [41]. This procedure 
assumes dark objects do not reflect light any 
value greater than zero comes from atmospheric 
scattering. This error is corrected by subtracting 
darkest pixel value of any band from every pixel 
value in the band. DOS is a simple technique 
which is effective for removing haze in 
multispectral imagery [42]. 
 
Satellite images were classified due to 
reflectance values of Landsat scenes thus in the 
second step of pre-processing reflectance values 
of each band were calculated. To calculate 
reflectance values, outgoing radiance (L) and 
incident irradiance (E) should be calculated [42]. 
Outgoing radiance should be calculated as; 
  

Ly= Gain * Pixel value + Offset                   (1)  
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Based on this formula reflectance can be 
calculated as; 
 

Reflectance = ρ =
π����

���	�
��

                              (2) 

 

Where: 
 

Ly= Outgoing radiance in W/(m2 * sr * µm), 
d = Earth-sun distance in astronomical units, 
ESUNλ = Solar irradiance in W/(m2 * sr * 
µm), 
θ = Sun elevation in degrees.  

 

Radiometrically corrected bands were stacked 
and three multispectral Landsat scenes were 
created for the years of 1986 and 2015. While 
stacking Landsat TM bands, Thermal band (band 
6) is excluded and only 30 m spatial resolution 
bands (bands 1-5, 7) were used for creating the 
“before” image. 30 m spatial resolution bands 
(bands 2-8) of Landsat OLI sensor were used to 
produce the “after” image by the year of 2015. 
After stacking images Landsat scenes were 
mosaicked based on histogram matching 
algorithm, which determines a lookup table that 
converts the histogram of one image to resemble 
the histogram of another (Hexagon Geospatial, 
2016). Histogram matching algorithm was used 
to minimize color differences of adjacent Landsat 
scenes, which were acquired in different dates 
under different atmospheric conditions. This 
algorithm determines a master and a slave 
image, compare histograms and calculate 
histogram of slave image band-to-band. 
Mosaicked images were subset according to 
borders of Izmir province, which is updated by 
the help of Google Earth and ArcGIS base maps.  

3.3 Image Classification 
 
In this study, OBIA technique was used to 
classify images due to its capability in providing 
high accuracy in multispectral image 
classification although requirement of immense 
amount of time. Shape, size, and texture 
information is used to create image objects as 
well as spectral information in OBIA method [43]. 
eCognition software was used to create 
segments or image objects in this work. The 
software uses a region growing technique starts 
with region of one pixel according to spectral and 
spatial characteristics of the pixel. Then local 
homogeneity criteria are used to define merging 
regions of interest. This technique is named as 
‘multi-resolution segmentation’ due to its product 
of primitive image objects at different resolutions 
[44]. OBIA includes four steps: (1) multi-
resolution segmentation for generating image 
objects; (2) feature extraction and parameter 
assessments; (3) classifying image objects by 
iterative steps and; (4) accuracy analysis and 
evaluation [45].  
 
According to Lillesand et al. [46] change 
detection studies require satellite imagery which 
are acquired by the same sensor because of 
different spatial and spectral properties of 
sensors. These different sensor features can 
make pixel by pixel comparison impossible. In 
this study Landsat scenes used to create before 
and after images were acquired by different 
sensors which have different spectral resolutions. 
Landsat scenes taken by Landsat 8 OLI sensor 
were rescaled from 16-bit to 8-bit for equalizing 
spectral properties of before and after

 

 
 

Fig. 2. Landsat scenes covering study area – Izmir province 
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images. At the beginning, multi-resolution 
segmentation creates thousands of image 
objects and usually number of segments are 
reduced by a secondary segmentation before 
classification of segments. Due to spatial 
resolution of satellite imagery secondary 
segmentation may produce undesirable large 
segments which have several LULC classes 
inside. Segments were classified by visual 
analysis directly after multi-resolution 
segmentation step because of aforementioned 
problem in this study. Visual analysis is a 
feasible and accurate of classifying segments 
[37] and both before and after images were 
classified by the help of cadastral maps, Google 
maps, ArcGIS base maps, and the images 
themselves. 
 
Adapted USGS land-use/land-cover classification 
scheme [47,48] was used as the base for our 
classification, including agricultural areas, bare 
soils, forests, grasslands-meadows, high 
intensity residential, low intensity residential, and 
water (open water) (Table 1). 
 
After classification of satellite images accuracy 
assessment procedure was applied an error 
matrix was created for determining quality of 
classification. Error matrix is the most 
appropriate way of assessment of classification 
accuracy quantitatively [49]. Error matrix shows 
number of sample units for each land cover class 
as compared to what really exists on the grounds 
[50]. Error matrix also provide calculated overall 
accuracy and kappa coefficient for each 
classification. Accuracy assessment procedure 
was applied to each classified image by total of 
350 samples. These samples were distributed 
according to stratified random sampling algorithm 
for measuring classification accuracy of each 

LULC class. Validation of sample points was 
assessed by direct field observations, ArcGIS 
10.2 base maps, and Google Maps.  
 
3.4 LULC Change Detection and Analysis 
 
After classification of images a multi-date post-
classification change detection and analysis 
technique was applied for determination and 
quantify changes in LULC patterns from 1986 to 
2015 based on producing a change matrix which 
allows identifying changes from one LULC class 
to another. The post-classification techniques 
give change information from one given date to 
another additionally calculated change statistics 
and maps [51]. Classified before and after 
images were compared in pixel scale. This 
method requires accurately classified images 
because accuracy of change map depends on 
accuracies of individually classified maps [52]. In 
this study accurately classified before and after 
images compared and change statistics and 
maps are created by ENVI software from 1986 to 
2015. The results of change detection analysis 
were provided by cross-tabulation methods. 
 
4. RESULTS 
 
4.1 Accuracy Assessment 
 
The accuracy assessment procedure was 
performed via examining truthfulness of 
classification of randomly selected points all over 
the imageries. Accuracy of classified images are 
usually calculated by ratio of correctly classified 
mapped area in comparison to reference data of 
total mapped area [53]. In total, 350 random 
points were selected randomly on both of 
classified images due to Lillesand et al. [46] 
definition as 50 random points for each

 
Table 1. Description of LULC classes 

 
Land Cover Class  Description  
Agricultural areas  Areas used for production of all types of agricultural products 

including fallow areas 
Bare soil Areas characterized by rock, gravel, sand, silt, clay, or other 

earthen material 
Forests Areas characterized by tree cover 
Grasslands-meadows Areas characterized by herbaceous vegetation or woody vegetation 

(maquis plants) 
High intensity residentials Highly developed areas with increased population 
Low intensity residentials Mixture of constructed materials vegetation. Constructed materials 

may account 30-80% of the cover. 
Water All areas of open water 

Source: http://landcover.usgs.gov/classes.php/ 
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LULC class. Stratified random sampling method 
was applied to select random points from all 
strata's (LULC classes) and error matrices were 
produced for each of the classified images. The 
overall classification accuracy levels for the two 
dates 1986 and 2015 are 92,82% and 93,36% 
respectively with Kappa statistics ranging from 
0,90 to 0,91. These ranges are far above the 
minimum accuracy standards which Anderson et 
al. (1976) mentioned for imagery-based LULC 
maps. In comparison to the other LULC classes 
bare soils, water bodies, and low intensity 
residential areas have highest producer’s 
accuracies both in 1986 and 2015. 
 
4.2 Arealchanges in LULC 
 
Comparative analysis of total areas of each 
LULC classes among two dates revealed that 
LULC classes altered noticeably in area (Fig. 2, 
Table 3). In 1986, Izmir Province covering 
1205278,14 ha, was primarily made up by three 
LULC classes: Agricultural areas, forests, and 

grasslands/meadows. These three of seven 
classes cumulatively cover 95,93% of the entire 
province. In 2015, total area of Izmir province 
increased 726,53 ha and became 1206004,67 ha 
due to filling up some shoreline areas by 
construction materials and buildings. The same 
three LULC classes cover 92,98% of Izmir 
Province in 2015 also. Residential areas 
comprised 44322,47 ha and 70976,04 ha of 
study area by the years of 1986 and 2015 
respectively and these amounts make 3.68% and 
5,88% of Izmir Province. Bare soils are the LULC 
class which is the rarest in both years of 1986 
and 2015. 
 
Table 3 indicates that forests are the most 
common LULC class in both dates with 39,10% 
and 36,69% respectively. Area of forest have 
been decreased 28816,21 ha totally from 1986 to 
2015 and this amount can be considered as 
acceptable regarding population growth in           
29 years and other examples from Turkey. 
Grasslands-meadows are the second

 
Table 2. Accuracy assessment table of classified im ages 

 
  Landsat TM - 1986 Landsat OLI - 2015 
  Producer 's  

accuracy 
(%) 

User's  
accuracy  
(%) 

Kappa 
statistics 

Producer's  
accuracy 
(%) 

User's  
accuracy  
(%) 

Kappa 
statistics 

Agricultural areas 92,59 93,75 0,92 98,36 93,75 0,92 
Forests 94,07 93,28 0,90 92,41 92,41 0,89 
Grasslands-meadows 90 90 0,86 86,15 90,32 0,87 
Bare soils 100 100 1,00 100 100 1,00 
Low intensity 
Residentials 

91,67 91,67 0,91 100 100 0,91 

High intensity 
Residentials 

94,44 94,44 0,94 94,74 100 1,00 

Water 100 100 1,00 100 100 1,00 
Overall classification 
Ac. (%) 

 92,82     93,36    

Overall Kappa 
statistics 

    0,90     0,91 

 
Table 3. LULC classes and differences in Izmir provi nce in 1986 and 2015 

 
LULC classes  1986 2015 1986-2015 total  

gain or loss 
Area (ha)  Area (%)  Area (ha)  Area (%)  Area (ha)  Area (%)  

Agricultural areas 302885,9 25,1 347187,9 28,8 44302,1 14,6 
Forests 471269,1 39,1 442452,8 36,7 -28816,2 -6,1 
Grasslands-meadows 382123,2 31,7 331645,4 27,5 -50477,8 -13,2 
Bare Soils 844,3 0,1 4421,1 0,4 3576,8 423,6 
Low intensity residentials 9287,7 0,8 16182,3 1,3 6894,5 74,2 
High intensity residentials 35034,8 2,9 54793,8 4,5 19759,1 56,4 
Water 3833,2 0,3 9321,4 0,8 5488,2 143,2 
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Fig. 3. LULC maps of Izmir province in 1986 and 2015  
 
common LULC type in 1986 with 31,7% but 
these areas have become the third largest LULC 
type by 50477,81 ha loss in 2015 and this is the 
biggest area loose of any LULC class from 1986 
to 2015. Agricultural areas increased 44302,02 
ha between the dates due to mostly need of 

larger agricultural areas of growing rural 
population. Conversion of natural areas 
(forest/grasslands-meadows) to agricultural 
areas and settlements by rural population is a 
common environmental problem of rural areas in 

Turkey like other developing countries. Bare soils
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Table 4. LULC change patterns in Izmir province from  1986 to 2015 
 

Changed from  Changed to  Change (1986 -2015) 
Area (ha)  Area (%)  

Agricultural areas Forests 12744 4,2 
 Grasslands-Meadows 20464 6,7 
 Bare soils 348 0,1 
 Low intensity residentials 6717 2,2 
 High intensity residentials 12465 4,1 
 Water 2451 0,8 
Forests Agricultural Areas 18235 3,9 
 Grasslands-Meadows 94926 20,1 
 Bare soils 2254 0,5 
 Low intensity residentials 1738 0,4 
 High intensity residentials 4125 0,9 
 Water 606 0,1 
Grasslands-meadows Agricultural Areas 74959 19,4 
 Forests 79205 20,5 
 Bare soils 4234 0,3 
 Low intensity residentials 4204 1,1 
 High intensity residentials 11614 3,0 
 Water 2628 0,7 
Bare soils Agricultural Areas 43 5,1 
 Forests 55 6,5 
 Grasslands-Meadows 321 38,0 
 Low intensity residentials 0 0,0 
 High intensity residentials 82 9,7 
 Water 1 0,1 
Low intensity residentials Agricultural Areas 2672 28,8 
 Forests 627 6,8 
 Grasslands-Meadows 4204 17,1 
 Bare soils 4 0,0 
 High intensity residentials 1331 14,3 
 Water 0 0,0 
High intensity residentials Agricultural Areas 2559 7,3 
 Forests 1399 4,0 
 Grasslands-Meadows 4204 12,0 
 Bare soils 314 0,9 
 Low intensity residentials 470 1,3 
 Water 628 1,8 
Water Agricultural Areas 263 6,9 
 Forests 16 0,4 
 Grasslands-Meadows 177 4,6 
 Bare soils 2 0,0 
 Low intensity residentials 5 0,1 
  High intensity residentials 102 2,7 

 
were developed more than four times due to 
generally mining activities in study area. Low 
intensity and high intensity residential areas 
increased 74.23% and 56,4% by the years of 
1986 and 2015 respectively because of rapidly 
growing population of the entire province. Open 
water areas increased 143,18% in study area 
where there are small amounts of natural lakes, 
due to dam construction from 1986 to 2015. 
 

4.3 Analyses of Transitions in LULC 
 
LULC change was quantified by cross-tabulation 
matrix of change detection tool of ENVI software. 
A cross-tabulation matrix is a major tool of LULC 
change analysis for displaying both amount of 
change and transitions between classes in 
different dates.  
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Fig. 4. Changed areas from 1986 to 2015 
 
Table 4 displays LULC change transition patterns 
29 years’ time from 1986 to 2015 in borders of 
Izmir Province. According to table most of the 
agricultural areas remain same whereas there 
are still some change patterns. 4,2% of 
agricultural areas were converted to forests and 
plantation of olive trees could be the only 
explanation of this. Residential areas were 
covered 19182 ha (6,3%) of agricultural areas as 
an example of population growth. Rural 
population converted about 4% of forestlands to 
agricultural areas for having larger cultivatable 
lands. More than 20% of forests were converted 
to grasslands-meadows and this is the major 
example deforestation in study area. This 
conversion is usually the preliminary step of 
alteration of forested areas to agricultural areas. 
Almost 20% of grasslands-meadows were 
converted to agricultural areas by rural people for 
compensating their increased food demand in 29 
years. Conversion of bare soils to another LULC 
class is a good example of land use 
management. In this case, 38% of bare soils 
were converted to grasslands-meadows and 
9,7% of those empty areas were changed to 

highly developed residential areas. Some small 
amounts of bare soils were started to use 
agricultural activities and some other turned to 
forested lands. 
 
Table 4 indicates high percentages of conversion 
from low intensity residential areas to agricultural 
areas and grasslands-meadows which cannot 
seem reasonable. The reason of this conversion 
is structural similarity among aforementioned 
classes and hardness of spectral and visual 
separability of them. Conversion from low 
intensity residentials to high intensity residentials 
is a natural result of rural population growth. 
More than 11% of water areas were converted to 
agricultural areas and grasslands-meadows in 29 
years due to increased drought after 2000. 
These areas were either covered by natural 
vegetation or turned to cultivated lands. 
 
4.4 Change Map 
 
Change detection maps indicate more than 20% 
change in pixel values (digital number-DN). 
Thus, change maps which are created by 



 
 
 
 

Kara; JGEESI, 10(4): 1-14, 2017; Article no.JGEESI.34604 
 
 

 
11 

 

comparing pixel values without classification, can 
give meaningful results and this technique is 
especially useful in determining high-value 
impervious surfaces. Change maps which are 
created by classified satellite imagery, do not 
have pixel information although they provide 
results according to user-defined order of land 
cover classes. Therefore, these maps may 
display areas where land cover class 
conversions-transitions occurred but give 
meaningful information about DN value change 
on a pixel. For instance, Fig. 4 water surfaces 
which were formed dam construction in some 
local areas, were indicated as “Big Increase” 
areas. Although water surfaces have very low 
DN values comparing bare soils, agricultural 
areas or developed surfaces. Change detection 
map of this study was used to show the places 
which change occurred. Fig. 4 states change all 
over the study area.   
 
5. CONCLUSIONS 
 
This study confirms effectiveness of satellite 
imagery in change detection analysis of both 
natural and developed areas in Mediterranean 
environment. Thematic maps derived from 
Landsat TM and OLI imagery successfully 
display deforestation, urban sprawl, land 
degradations, and habitat fragmentation [54].  
 
Analysis of thematic maps by the years of 1986 
and 2015 resulted total amount of changes in 
LULC classes and class conversions one to 
another in Izmir Province. First of all, increase of 
high intensity residential and low intensity 
residential areas in population growth especially 
in urbanized areas due to wealth of economic 
resources. Expansion of agricultural areas and 
narrowing of forests and grasslands/meadows 
are some other typical signs of population growth 
also in the study area. These signs of destruction 
and fragmentation of natural environment should 
be considered by central or local managers of 
the province. Furthermore, impacts of nature’s 
causes such as climate change, erosion, flood, 
and mining activities, should be analyzed and 
adaptation strategies should be developed. In 
total 64,2% of Izmir province was covered by 
natural environment either forests or grasslands-
meadows in 2015 and this amount is far more 
ahead of Turkey's average. Transitions among 
forests and grasslands/meadows were 
considered evidences of both reforestation and 
deforestation or fragmentation. Conversions from 
natural areas (forests, grasslands/meadows) to 
semi-natural areas (agricultural areas) or 

impervious surfaces (roads, urban areas) are 
major information of environmental impact 
assessment and adaptation strategies [55]. 
 
This work also endorses applicability of Landsat 
imagery in change detection studies considering 
their time period and spatial resolution. Landsat 
TM and OLI imagery with 30 m spatial resolution, 
are available from 1984 and 2013 respectively 
and Landsat archive is the most used data 
source due to its free availability. Combination of 
spectral segmentation and visual analysis 
resulted highly accurate thematic maps (about 
93%) using Landsat imagery and confirmed 
usefulness of 30 m imagery in change detection 
studies in large areas. 
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