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Abstract

In this study, the changes in forest areas and land cover in the period of 2001-2011 and 2011-2021 in the Yenice Forestry
Operation Directorate of Turkey were examined in time interval, category and transition levels by using the density analysis
method. Landsat images of the study area for the relevant years were classified according to the supervised classification
method, land cover change maps and matrices were produced. Method of Intensity Analysis dissects the transition matrices
of 2001-2011 and 2011-2021 time period for six categories: Coniferous, Broad-Leaved, Mixed, Settlement, Agriculture and
Water. Interval results of the analysis show that the accelerated change in the second period resulted in a decrease in mixed
forest and agricultural areas (2%, 8%, respectively) and an increase in residential and pure forests (1% and 9%, respectively)
in 20 years. According to the category level results, Broad-Leaved category is active in gain in the first time interval and
dormant in terms of loss and gain in the second time interval. Mixed, on the other hand, is an active loser in the first timeframe
and active in terms of gains in the second timeframe. According to the Transition level results, the gains of Coniferous and
Mixed categories showed that they targeted each other's losses in both time intervals. While Broad-Leaved targeted Mixed
losses in the first timeframe, Agriculture losses were targeted as gains in the second timeframe.

Keywords Land classification - Landsat imagery - Remote sensing - Turkey

Introduction

Emerging as a result of the complex relationships between
humans and the physical environment (Sarma et al. 2008;
Manandhar et al. 2010; Huang et al. 2012), showing effects
in many areas from biodiversity to climate, health to econ-
omy (Foley et al. 2005; Shafizadeh-Moghadam 2019) land
use and land cover changes (LULC) are recognized as one
of the most important environmental issues globally (Halmy
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et al. 2015). Generally, LULC change begins as a result of
anthropogenic effects, followed by natural processes (Nie-
meld et al. 2000; Srivastava et al. 2012; Singh et al. 2015).
LULC changes, which occur with the effect of human-
induced activities as the driving force, show their effect
faster and more severely compared to the changes triggered
by natural events. Empirical studies conducted by many
researchers from different disciplines have revealed that
LULC changes are the key to various applications such as
forest, environment, agriculture, geology, hydrology, ecol-
ogy (Weng 2001; Hassan 2016; Twisa and Buchroithner
2019).

Since the changes in LULC change the structure and
functions of ecosystems, they directly or indirectly affect
ecosystem services (Han et al. 2016; Peng et al. 2015;
Song and Liu 2017; Guo et al. 2021). The energy crisis that
emerged with the industrial revolution and the rapid increase
in the world population have adversely affected forest areas
and resources and continue to do so. In particular, forest
degradation or deforestation has brought along many eco-
logical, economic and social problems such as global warm-
ing, loss of biodiversity, hydrological losses, erosion, habitat
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degradation, slowing down or regression of benefiting from
the products and services offered by the forest ecosystem.

The historical, continuous and precise information to be
obtained about the global LULC changes is very impor-
tant for many sustainable development programs in which
LULC is a core element (Abd El-Kawy et al. 2011) or for
taking necessary measures to prevent the reduction in natural
resources (Kindu et al. 2015; Salem et al. 2020). Under-
standing the causes and consequences of the current LULC
changes, researching the place and scope of possible changes
for the coming years has attracted the attention of many
researchers from different disciplines (Aksoy and Kaptan
2020). Particularly in the last 20 years, the monitoring of
the LULC change has become an irreplaceable monitoring
that attracts attention not only in Europe but also all over
the world (Manakos and Braun 2014; Gadrani et al. 2018).
In many studies in which LULC changes are measured and
monitored, remote sensing (RS) and geographic information
systems (GIS) are widely preferred because of their advan-
tages such as low cost, short data generation capability, and
working in harmony (Varol and Yilmaz 2006; Acheampong
et al. 2018; Barakat et al. 2019; Tadese et al. 2020; Paul
et al. 2021). In addition, the increase in the number of satel-
lite images with the developing technology has facilitated
the production of LULC maps in large areas and at regular
intervals (Friedl et al. 1999; Zeng et al. 2010; Nyamekye
et al. 2020).

The terrain transition matrix (Duan et al. 2021), which is
one of the most widely used methods for detecting LULC
changes, is produced by overlaying LULC images from dif-
ferent years produced by classification of satellite images.
However, the interpretations made by the direct evaluation
of these tables are insufficient to explain the change pro-
cesses and reasons between the land categories (Huang et al.
2012; Kaptan 2021). Aiming to eliminate this deficiency,
Aldwaik and Pontius (2012) developed a density analysis
consisting of three levels: interval level, category level and
transition level, which includes some calculations. In this
way, they aimed to interpret the processes of temporal and
spatial changes between LULC categories. Density analysis,
which goes beyond mapping to measure the temporal and
spatial dynamics of LULC change, has attracted the attention
of many researchers from different parts of the world (Zhou
et al. 2014; Berakhi 2015; Yang et al. 2017; Huang et al.
2018; Varga et al. 2019; Sun et al. 2021). Analysis can offer
the opportunity to evaluate the valid evidence of a particular
change process, as well as assist in the development of new
hypotheses related to these processes (Aldwaik and Pontius
2013; Huang et al. 2018; Kaptan 2021).

The studies on LULC changes at the scale of Turkey gen-
erally evaluated the changes between land categories and
their amounts without including any calculations, based
on the results they obtained from traditional land change
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matrices. Focusing on the temporal and spatial changes of
forest dynamics, Bozali et al. (2015), Kaptan and Durkaya
(2019), Coban and Giindogdu (2020), Aksoy and Kaptan
(2020), it was determined that there was an increase in for-
est areas according to the results of classical change matri-
ces. According to the Food and Agriculture Organization of
the United Nations (FAO) report published in 2020, Turkey
ranks 6th among the countries with the highest annual net
forest income in the 2010-2020 period (FAO 2020).

In this study, which investigates the changes in forest
and land cover in the Yenice district of Karabiik, Turkey,
between 2001-2011 and 2011-2021, and the reasons for
these changes, it has been developed by Aldwaik and Pon-
tius (2012, 2013), including interval level, category level
and transition level. A three-level density analysis was used.
Although it is possible to come across some LULC studies
using density analysis in the international arena, no study
using density analysis has yet been found in Turkey. As far
as it is known, this study is the first article in which density
analysis was used among LULC studies conducted in in the
Yenice district of Karabiik, Turkey, 2021.

The change matrix tables containing the data forming
the input of the density analysis performed for 6 categories
as coniferous, broad-leaved, mixed, settlement, agriculture
and water were produced by using RS (Landsat images) and
GIS (ENVI and ArcGIS) tools together. In the study, the
temporal and spatial changes experienced in each category
from 2001 to 2021 and the transitions between the categories
were interpreted with the graphics presented by the analysis,
and the driving forces and scopes of these changes were
attempted to be understood.

Materials and methods
Study area

In these study of material was conducted in the Yenice dis-
trict of Karabiik, Turkey which is the coordinates of 41°10'
48" N and 32° 20" E is located in the western Black Sea
region in showing Fig. 1. Due to its geographical struc-
ture, the district has very rough terrain and very dense for-
est areas. In its forests, there are monumental trees and a
large number of tree species that have reached a height and
diameter well above the standards. It also has uninterrupted
forests in which there are no settlements, called the "forest
sea" (OGM 2021).

Data and materials
Landsat-7 ETM + (Enhanced Thematic Mapper Plus) and

Landsat-8 OLI/TIRS (Operational Land Imager/Thermal
Infrared) downloaded from the United States Geological
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Fig. 1 Location map of the study area

Survey (USGS 2021) website for the production of land
cover and use maps for 2001, 2011 and 2021. Sensor) satel-
lite images were used. Classification processes and accuracy
calculations of satellite images classified by the supervised
classification method were performed using ENVI soft-
ware. In the classification process, forest cover types maps
were used as reference data. Land use and cover maps are
arranged to show 6 categories: coniferous, broad-leaved,
mixed, settlement, agriculture and water. The flowchart
showing the general methodological framework of the study
is shown in Fig. 2.

Image preprocessing and correction

Satellite images of the same season, cloudless (< 10%) and
the years 2001, 2011 and 2021 were used to perform the
classification at the highest level of accuracy of the research.
The characteristics of the satellite images used are given in
Table 1.

In order to distinguish land use classes with maximum
accuracy, image enhancement (Pan Sharpening) was applied
to satellite images as 1% standard deviation correction. In
satellite images, some systematic errors may occur radio-
metrically in the image brightness values depending on the

32°20'0"E 32°30'0"E

weather conditions at the time the image is taken, the posi-
tion of the sun, the cloudiness rate, the sensor, the wave-
length of the reflection, atmospheric and topographic effects.
In order to minimize the lines in the study, the radiometric
errors in the images were corrected with ENVI software
so that the root mean square error (RMSE) was less than
one pixel. Atmospheric corrections of the images were also
performed using the same software.

According to the band characteristics of the satellite
images used in the study, the composite band process was
applied for each period. After the composite tape raster
images were cut according to the study area, the image
enhancement process was applied to the cut satellite images
(Pan Sharpening). The main purpose of the image enrich-
ment process performed on satellite images; to increase the
perceptibility, interpretability, quality and quality of images.
Depending on this method, it is aimed to increase the suc-
cess rate of classification.

Identification of reference trial pixels
and supervised classification

In the image classification process, two different classifi-
cation methods are used, supervised and unsupervised. In
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Table 1 Lz.indsat satellite flata Satellite Date Path Row Spectral Wave length Spatial
and band (image) properties Acauired Range Range (um) Resolution
(USGS 2021) quire g ge (B (m)
Landsat 7 ETM + 30.06.2001 & 177 31-32  Band 1 0.45-0.51 30
28.07.2011 Band 2 053-061 30
Band 3 0.63-0.69 30
Band 4 0.75-0.90 30
Band 5 1.55-1.75 30
Band 6 104 -12.5 30
Band 7 1.09 —2.35 30
Pan 0.52-0.90 15
Landsat 8 OLI/TIRS 1.May.21 178 31 Band 1 0.43-0.45 30
Band 2 0.45-0.51 30
Band 3 0.53-0.59 30
Band 4 0.64 - 0.67 30
Band 5 0.85-0.88 30
Band 6 1.57 - 1.65 30
Band 7 2.11-2.29 30

Band 8 (pan) 0.50-0.68 15

the unsupervised classification method, when there is no
information about the image, classification is made by cre-
ating clusters according to the spectral reflection value of
the image. In supervised classification, it refers to the situ-
ation of classification by reference to materials that have
spatial and objective information about the image. In the
study based on the stand types maps of the Yenice Forestry
Operation Directorate (OIM- Forestry Operation Directo-
rate) 2001, 2011 and 2021, trial pixels were created for each
class and supervised classification was applied to the satel-
lite images of the relevant years.

To create and analyze land use/maps, a total of six clas-
sification categories were defined: coniferous, leafy and
mixed forest from the forest area class, and settlement, agri-
culture and water from the non-forest class. The reference
points required for the supervised classification process were
determined using stand type maps of 2001, 2011 and 2021,
GPS data from terrestrial measurements and high resolu-
tion Google Earth images. Reference points were determined
for each class according to the density and distribution of
the classes in the field from the stand types map, terrestrial
measurements (GPS) and Google Earth images. Snedecor
and Cochran (1969) was used to determine the minimum
number of sample points in the number of reference pixels
taken (Eq. 1)

N =4pq/E €))

N: Total number of pixels to sample. p: Expected percent
accuracy. g: 100-p. E: Maximum allowed error percentage.

As a result of the calculations, the minimum number of
sample pixels was determined as 3096 for an accuracy rate

of 85% and a maximum margin of error of 5%. Then, the ref-
erence pixels were overlapped with the satellite image, and
the satellite images were classified based on the reflectance
values of the pixels corresponding to each trial group. The
distribution of the reference points in the stand types map
and satellite image is shown in Fig. 3.

The accuracy of the satellite image obtained as a result
of supervised classification was checked using the error
matrix method based on reference pixels. Accuracy evalu-
ations of the images were determined. These; It consists of
overall accuracy, producer's accuracy, user's accuracy and
kappa statistics. General accuracy; how well the obtained
classification result matches the actual situation in the field,
manufacturer accuracy; how well each class is classified
with example points, while user accuracy; it shows how
many of the user's real situation points in the field are rep-
resented correctly on the classified map. Finally, the Kappa
(x) coefficient is a statistical indicator that expresses the real
agreement between the reference data and the classified map
(Aksoy and Kaptan 2020).

Land use and cover change matrix

In order to produce the change matrix showing the tran-
sitions between the land categories, the 2001, 2011 and
2021 LULC maps in raster format, which were produced
as a result of the classification, were converted and saved
as polygons in ArcGIS 10.8 software. For the 2001-2011
and 2011-2021 time intervals, the initial and last time maps
were overlapped and saved with the "Intersect" command.
Transition matrices showing the transitions and change

]
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Fig. 3 Distribution of reference pixels

amounts between the categories in Excell with the data
copied for a total of 6 categories: coniferous, broad-leaved,
mixed, settlement, agriculture, water from the database of
the new map produced. The rows of this cross-classification
matrix show the categories at time 1 (T1) and the columns
show the categories at time 2 (T2) (Table 2). The cells indi-
cated by the dashed line are a classic conventional transition
matrix. While the diagonal entries (P11, P22, Pii, ...) in the
table represent the part of the relevant category that remains
unchanged between the time period (the amount of persis-
tence), all entries outside the diagonal indicate the amount
of transition from the “i”” category to a different “j” category
(Pontius et al. 2004).

[3th
1

Intensity analysis

Although it is possible to see the amount of changes in land
use with traditional change matrices, a deeper investigation

* @ Springer

is needed to explain the link between patterns and processes
in different classes (Zaehringer et al. 2015; Kourosh Niya
et al. 2019). Density analysis enables the interpretation of
the results of a number of calculations performed with the
data in the transition matrix to determine the differences
of a set of categories at multiple time points (Aldwaik and
Pontius 2012, 2013; Quan et al. 2020). The basic logic of
density analysis is based on the comparison of the inten-
sity of the experienced changes with respect to the uniform
density, which represents the situation when it is assumed
to be evenly distributed across the entire temporal and spa-
tial extent (Acheampong et al. 2018). Density analysis is
important to know whether an observed transition from one
category to another deviates from an apparently uniform
process (Akinyemi 2017). The analysis gives the results of
the dimensions and intensity of the transitions between cat-
egories at three different levels: time interval, category and
transition level. Time interval analysis examines the overall
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Table 2 Temporal variation matrix of land cover

T, T, Total T, Lost (L)
Category 1 Category 2 Category i Category j Category J

Categoryl Py Py Py Py Py Py P —Py

Category2 Py P P Py Py Pyy—Py

Category i P, P, ... P; Pij ... P, P, P,—P;

Category j P, P, P; P; Py Py Pu—P;

CategoryJ Py, P, Py ij Py, Py, Py, Py,

Total T, P, P, P, P P, 1

Gain (G) P, —P;, PP, . P,—P; P,—P; P,—P,

change in each time interval by the size and rate of change
over time intervals. According to the analysis, where the
annual change area is calculated for each time interval, the
result compares with a uniform rate of change (U), which
expresses the assumption that all changes occurring over
the entire time interval are evenly distributed over the entire
landscape (Yang et al. 2017). The left side of the graph
showing the analysis results shows the change dimensions,
and the right side shows the annual change intensities (St).
If the bars on the right of this graph extend to the right of
the uniform line indicated by the dashed line, it indicates
that the change is fast for the relevant time interval, and if
it ends before the uniform line, the rate of change is slow.
The annual variation intensity (St) observed for each time
interval is calculated according to Eq. 2, and the uniform
annual variation rate (U) covering the entire study time is
calculated according to Eq. 3 (Aldwaik and Pontius 2012,
2013; Kaptan 2021).

(area of change during interval[Y,, Y, , l])/ (area of study region)

where J=the number of categories; i =the index for a cat-
egory at an initial time; j=the index for a category at a sub-
sequent time; 7=the number of time points; #=the index
for a time point ranging from / to T—I; Y,=the year at
time point 7 Ctij:the size of the area that transitions from
category i at time Y, to category j at time Y, ;.

Category level calculates the annual gain density (Gtj)
and loss density (Lti) of each category according to Egs. 4
and 5, and the uniform density (St) calculated according to
Eq. 2, which will occur if all categories gain or lose the same
intensity in every time interval. compares with. If the annual
change intensities of losses and gains for a certain time
period for a category are greater than the uniform change
intensity calculated for the relevant time period, it means
that the category is active (active) in terms of loss and gain,
and if it is small, it means that it is dormant.

duration of interval[Y, Y, , ;]

{2 (38 ) 6] /|30 (20 )

% 100%
(@)

= %X 100%

[Yl+1 _Yt]

_ (area of change during all intervals)/(area of study region)

X 100%
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L (=) - cal B (B ca)]
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The pass level compares how each category earns from
other categories in each time interval (Quan et al 2020; Eku-
mah 2020). This level of intensity analysis analyzes based
on the results from Eq. 5 and 6 whether the gains of one
category are heavily targeting the losses of the other cat-
egories at the start of each time interval. Equation gives the
annual transition density (Rtin) observed from category i to
category n during the time interval (Yt, Yt+ 1) according
to the dimension (Yt) at the beginning of the time interval

of category i. Equation gives the annual uniform transition
density (Wtn), which represents the situation when category
n is assumed to gain uniformly across the entire landscape
in the time interval (Yt, Yt+ 1). According to the results of
the analysis, when Rtin > Wtn, category i's losses are tar-
geted as gains by category n in the t time interval, and when
Rtin < Wtn, category n avoids targeting category i losses as
gains (Kaptan 2021).

Table 3 Accuracy and error matrix values of Ladsat ETM + and OLI-controlled classified images (1999, 2009 and 2019)

2001 Coniferous Forest  Broad- Mixed Forest ~ SettlementArea  Agriculture ~Water Total User’s
Leaved accuracy
Forest (%)
Coniferous forest 8898 459 1470 0 1340 35 12,202 72.92
Broad-leaved Forest 16 48,251 1266 0 1148 0 50,681 95.21
Mixed forest 464 4675 23,255 0 136 0 28,530 81.51
Settlement area 56 2 15 2232 1339 302 3946 56.56
Agriculture 301 2105 138 724 46,297 100 49,665 93.22
Water 279 2 0 177 491 2147 3096 69.35
Total 10,014 55,494 26,144 3133 50,751 2584 148,120 -
Producer’s accuracy (%) 88.86 86.95 88.95 71.24 91.22 83.09 - -
Overall accuracy = 88.495% Kappa coefficient: 0.83
2011 Coniferous forest ~ Broad- Mixed Forest ~ SettlementArea  Agriculture ~ Water Total User’s
Leaved accuracy
Forest (%)
Coniferous forest 7602 544 2763 25 332 88 11,354 66.95
Broad-leaved forest 348 44,104 1559 22 1328 73 47,434 92.98
Mixed forest 284 498 49,257 159 15 39 50,252 98.02
Settlement area 56 125 1672 5222 775 623 8473 61.63
Agriculture 303 1240 63 476 25,162 271 27,515 91.45
Water 13 24 8 369 34 3168 3616 87.61
Total 8606 46,535 55,322 6273 27,646 4262 148,644 -
Producer’s accuracy (%) 88.33 94.78 89.04 83.25 91.01 7433 - -
Overall accuracy =90.494% Kappa coefficient: 0.87
2021 Coniferous Forest  Broad- Mixed Forest ~ SettlementArea  Agriculture Water Total User’s
Leaved accuracy
Forest (%)
Coniferous Forest 10,177 831 1088 34 441 149 12,720 80.01
Broad-Leaved Forest 1067 51,897 3670 7 2319 35 58,995 87.97
Mixed Forest 795 2174 56,433 15 98 2 59,517 94.82
Settlement Area 215 646 1057 2454 906 356 5634 43.56
Agriculture 402 838 94 189 34,668 470 36,661 94.56
Water 283 3 0 185 248 3294 4013 82.08
Total 12,939 56,389 62,342 2884 38,680 4306 177,540 -
Producer’s accuracy (%) 78.65 92.03 90.52 85.09 89.63 76.50 - -

Overall accuracy =89.513% Kappa coefficient: 0.85
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Table4 LULC area values for the period 2001-2011 and 2011-2021

Results and discussion
Results
Supervised classification and accuracy assessment

Classification for coniferous forest, mixed forest, broad-
leaved forest, settlement, agriculture and water, which con-
sists of 6 categories, land use maps for the years 2001, 2011
and 2021 were classified as controlled by reference to the
stand types maps of the relevant years (Fig. 4). The accu-
racy indices and error matrix values of the land use maps
obtained as a result of the classification were calculated
(Table 3). When Table 3 is examined, it is seen that the
control pixel numbers of the classes and the area (ha) val-
ues are directly proportional. It is seen that the water class,
which represents the smallest area in the study area in all
three periods in terms of reference pixel number, was used
in the 2001 classification with the minimum reference pixel
number of 3096 pixels among the classes.

The overall accuracy for the 2001 land use map is
88.495% and the kappa coefficient is 0.83, which indicates
that the accuracy of the controlled classification is statisti-
cally high and the ability to represent the study area is high.

2001 2011

Coniferous Broad-Leaved Mixed Settlement  Agriculture Water  Total Gain Loss Net Change
Coniferous 5,608.9 1,714,5 1,865.1 48.8 803.8 49.7 10,090.6 5,728.2  4,481.8 1,246.4
Broad-leaved  106.4 22,828.,6 45554 3582 2,089.8 143 29,952.8 15,352.8 7,124.1 82287
Mixed 4,435.3 8,686,9 18,479.7 302.8 5193 26 32,450 8,088.6  13,970.2 -5,881.6
Settlement 10.3 26.9 455.1 781.8 319.2 225.9 1,819.2  2,051.2 1.0374 1,013.8
Agriculture 864.5 4,898.4 1.53.4 1,216.4 12,981 3532 21,467 3,856.9 8,486.0 —4,629.1
Water 311.7 26.2 59.6 125 124.9 376.3 1,023.6  669.1 647.3 21,8
Total 11,337.1 38,181.5 26,568.3 2,833.1 16,837.9 1,045.4 96,803.2
2011 2021

Coniferous Broad-Leaved Mixed Settlement  Agriculture Water  Total Gain Kay1ip Net Change
Coniferous 5,560.5 6154 4,835 84.3 163.5 78.2 11,336.8 58504 57762 742
Broad-Leaved 1,517.7 28,276.6 5,339.8  366.6 2.65 28 38,180.7 8,040.3  9,904.1 —1,863.8
Mixed 2,607.6 3,143.8 19,597.7 848.7 290.3 83.5 26,571.5 10,9324 69739 3,9585
Settlement 4414 300.4 325.7 993.4 510.6 259.3 2,830.9 2,352 1,8374  514.6
Agriculture 1,191.1 3,955.8 406,9 863.4 10,179.4 241.3 16,8379 3,782.8  6,658.5 -2,875.7
Water 92.7 249 25 189.1 166.5 547.2 1,045.4 6904 498.2 192.2
Total 11,411 36,317 30,530  3,3455 13,962.2 1,237.6  96,803.2
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Fig.7 Interval level density
analysis for the 1993-2004 and
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For the thematic map of 2001, highest Producer’s accu-
racy values (> 80%), respectively, it belongs to agriculture,
mixed forest, coniferous forest, broad-leaved forest and water
classes. The lowest Producer”s accuracy belongs to the set-
tlement area class with 71.24%. It was concluded that the
highest value of User’s accuracy was in broad-leaved forest
(95.21%) and agriculture (56.56%) while the class with the
lowest value (Table 3). The land use maps of 2001 stand
types and classified satellite imagery are shown in Fig. 5,
and the areal values of these maps are shown in Fig. 6.

When the classification results of 2011 are examined,
overall accuracy (overall accuracy) was 90.494% and Kappa
coefficient was 0.87. All classes are above 85% except for
the Producer’s accuracy water (74.33%) class. It belongs to
the broad-leaved class with the highest manufacturer accu-
racy of 94.78%. User’s accuracy (%) rates are; Coniferous
forest 66.95%, broad-leaved forest 92.98%, mixed forest
98.02%, settlement area 61.63%, agriculture 91.45% and
water 87.61%, the highest user accuracy belongs to broad-
leaved class.

When the classification accuracy values of 2021 were
examined, the overall accuracy rate was calculated as
89.513% and the Kappa coefficient as 0.85. Producer accu-
racy rates for the land use map of 2021 for each class; conif-
erous forest 78.65%, broad-leaved forest 92.03%, mixed
forest 90.52%, settlement area 85.09%, agriculture 89.63%
and water 76.50%. User’s accuracy (%) rates are over 80%
in all classes except settlement area (43.56%) and the high-
est User’s accuracy value belongs to mixed forest class with
94.82%.

Changes in LULC in the study area

The land transition matrix showing the LULC changes in the
study area between 2001-2011 and 2011-2021 is given in
Table 4. According to the table, the category with the wid-
est distribution in 2001, 2011 and 2021 is the Broad-Leaved
and Mixed category. These two categories are followed by

* @ Springer

Agriculture, Coniferous, Settlement and Water categories,
respectively, according to the area size.

According to the findings obtained from the study, it was
determined that from 2001 to 2021, there was an increase
of approximately 8% in forest area and a decrease of 24% in
non—forest areas. While the mixed forest decreased by 18%
in the first time period covering 2001-2011, it experienced
an increase of 12% in the 2011-2021 time period. Broad-
Leaved, on the other hand, increased by 27% in the first
timeframe and decreased by 6% in the second timeframe.
Coniferous increased by 12% and 1%, respectively, in both
time intervals. At the end of the 20-year period from 2001 to
2021, Coniferous and Broad-Leaved grew by 13% and 21%,
respectively, while the Mixed forest shrank by 6%.

In the non-forest area class, in the 20-year period from
2001 to 2021, Settlement and Water increased by 84% and
21%, respectively, while Agriculture decreased by 35%. In
the period 2001-2011 Settlement expanded by 56% and
Water by 2%, while Agriculture contracted by 22%. In the
period of 2011-2021, the situation did not change much,
while Settlement increased by 28%, Water increased by 19%,
while Agriculture decreased by 13%.

Intensity analysis
Interval level

According to the land use change matrix (land use change
matrix) for the 2001-2011 and 2011-2021 time periods,
the total amount of land-use change in each period, annual
change intensity and the intensity of change is shown in
Fig. 7.

Each bar on the left side of the central axis of the graph
indicates the percent of change level experienced in time
intervals, and the bars on the right indicate the intensity of
the changes observed. The fact that the bar for the period
2001-2011 on the right (annual change rate 3.69%) extends
beyond the uniform line indicates that the land use change is
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Fig.8 Time intensity analysis for two time intervals: 2001-2011 and 2011-2021

rapid in this period, while the bar for the period 2011-2021
(annual change rate 3.27%) is finished before reaching the
uniform line means that land use change is slow during this
period. If annual changes in categories were constant over
the entire temporal range, both bars extending to the right
would be above the uniform line.

Category level

Figure 8, showing the results of the density analysis for the
category level, shows the annual area changes and annual
variation intensities in terms of gross loss and gross gain in
each category at each time interval.

While Broad-Leaved was the category with the biggest
gains in the first time slot, it was the category with the big-
gest loss in the second time slot. While Mixed was the cat-
egory with the biggest loss in the first time slot, it was the
category with the biggest gain in the second time slot. While
the coniferous category is higher than its gain in the first
time slot, its loss and gain in the second time slot are almost
equal. While Agriculture continues to experience losses in
both time periods, the gain is greater than the loss for the
Settlement and Water category.

To better understand the transitions between categories,
it is necessary to look at the annual density changes on
the right side of the graph showing the results of the den-
sity analysis. According to this, in the first time period, all
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Fig.9 Transition intensity analysis for the gains of categories during the two-time intervals
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categories except Broad-Leaved and Agriculture are active
in terms of both loss and gain. Broad-Leaved is an active
winner in the first time slot, while dormant in both loss and
gain in the second time slot. Mixed is active in terms of
losses in the first time slot and active winner in the second
time slot. Coniferous, Settlement and Water categories are
active in both timeframes in terms of loss and gain. The gain
of the Coniferous category in the first time slot is greater
than its loss, while it is almost equal in the second time slot.
Agriculture, on the other hand, is an active loser in both time
periods. The gain of the Water category is more active than
the loss in both time intervals.

Transition level

In Fig. 9, which shows the results of the transition level
analysis, the left side of each graph gives the size of the
annual transitions and the right side gives the intensity of
the annual transitions. Aiming Mixed and Water losses as
gains in the 2001-2011 timeframe, Coniferous also targeted
Settlement losses as gains in the 2011-2021 timeframe along
with these categories. The gain of Broad-Leaved heavily
targeted Mixed losses in the first timeframe and Agricul-
ture losses in the second timeframe. Mixed heavily targeted
Coniferous, Borad-Leaved and Settlement losses as gains in
the first timeframe, while heavily targeting only Coniferous
losses in the second timeframe.

While the gain of Settlement targeted Agriculture and
Water losses in the first timeframe, it also targeted Mixed
losses as gains in the second timeframe. Agriculture targeted
losses of all categories except Mixed in the first timeframe,
while avoiding targeting Coniferous losses with Mixed in
the second timeframe (avoid). Agriculture targeted Settle-
ment losses most intensely in both time periods. The Water
category targeted Settlement and Agriculture losses as gains
in both time periods.

Discussion

The use of Landsat 7 ETM + and Landsat 8 OLI/TIRS from
Landsat satellite images, which can include Multispectral
Scanner (MSS), Enhanced Thematic Mapper Plus (ETM +),
Thematic Mapper (TM), and Operational Land Imager
(OLI), is effective in improving LULC classification accu-
racy. Apan (1997), Tole (2002), and Reis (2008) searched
that MSS classification results were given lower classifica-
tion accuracy for LULC. Pang et al. (2013) in the analysis
of 1979 (MSS), 1992 (TM), 2001 (ETM +) and 2006 (TM)
Landsat satellite images and examining deforestation and
consequent land use change patterns, it was emphasized
that the 1979 Landsat MSS image is more difficult to clas-
sify than other Landsat images. Doaemo et al. (2020) stated

in their preliminary study that they encountered problems
caused by cloud cover (like the cultivated areas may be
mixed with bare areas after harvest). They stated that they
intend to solve these problems by using LULC classification
systems such as forest land, barren, wetland, water, agri-
culture and settlement, which are very similar to the clas-
sification applied by us in future studies. Therefore, with
such a classification, they aim to better evaluate the LULC
activities taking place in their study areas. Also, Clerici et al.
(2017), Reiche et al. (2018) and Wang et al. (2019) in order
to eliminate the gaps caused by the low resolution of Landsat
sensors; 10 m resolution open source images presented by
Sentinel sensors can be examined in shorter time intervals
and the most suitable periods can be selected for evaluations.

It has been proven that semi-autonomous observation
of forest areas is possible with Unmanned Aerial Vehicles
(UAV) and LIDAR, with the developments in image pro-
cessing techniques and the increase in the use of machine
learning algorithms (Tan and Shao 2015; Mohan et al. 2017;
Almeida et al. 2019). However, the unsuitable cost of UAV
and LIDAR for large areas and systematic repeated measure-
ments shows that satellite imagery is still the most suitable
option for large-scale studies.

While conducting the LULC analysis, forest areas have
increased by approximately 8% in Yenice Forest Opera-
tion Directorate, despite focusing on the reduction in forest
areas that will occur in most studies at all time intervals
considered. The maximum change occurred between 2001
and 2011. As of 2001, less effort has been spent for the
Yenice Forest Operation Directorate, which consists of for-
est areas with a high rate of approximately 82.5% compared
to the studies to determine the spatial forest area changes in
Turkey. According to the management plans repeated over
the years, the study area had 87.9% forest cover in 1985,
82.5% in 2001, followed by 84.8% and 87% in 2011 and
2021, respectively. In many studies focusing on the shrink-
age of forest areas (Ningal et al. 2008; Mohajena et al. 2018;
Doaemo et al. 2020), agriculture is among the reasons for
the 50% decrease in forest area per capita. is shown. For the
study area, it can be said that this situation works on the con-
trary with its emigrant structure. The population, which was
26,951 as of 2000, decreased by approximately 25% in 2020
to 20,116. According to TUIK data, the annual population
growth of Yenice is —9.6% (TUIK 2021). Therefore, both
the decrease in the population and the fact that a large part
of the study area is covered with forests, reduce the negative
social pressure on the area.

From the analyses of the LULC changes, the fact that
there has not been a major change in the total forest cover
despite the global climate change, which is accepted by all,
may be the result of the great efforts of the forestry organi-
zation (1375 ha afforestation and 2668 ha rehabilitation
and artificial regeneration works carried out since 2001).
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In addition, the fact that it has a Nature Conservation Area
(within Kavakli and Citdere Forest Sub-district directo-
rate) covering approximately 1.4% of the study area since
1987 (Sahin 2021) is thought to have contributed to the low
change in forest areas, albeit partially. The methodology
applied in this study may be useful in planning the use of
forest resources and in developing strategies to make the
existence of the examined forest sustainable.

Conclusion

In this study, the changes in forest areas and land cover of
Yenice region of Turkey between 2001 and 2021 were exam-
ined by density analysis using GIS and remote sensing tech-
niques at three levels, namely interval level, category level
and transition level. While there was an increase in the total
forest area during the study period, a decrease was detected
in the non-forest area. Interval level results of the density
analysis showed that the rate of change of land use in the
period 2001-2011 was faster than in the period 2011-2021.
It is seen that the increase in forest area in the period of 2001
and 2021 is over 800 m in the southern parts of the operation
directorate, and the decrease in non-forest areas is concen-
trated in the western parts. In future studies, processing data
from high resolution images via LIDAR or Unmanned Aerial
Vehicles (UAV) instead of Landsat satellite images will help
gather more information on behalf of these communities in
order to learn more about tree populations in various devel-
opmental ages. At the same time, such data could be a valu-
able complement to optical data from satellites. Regardless
of the data collection method, we can agree that the changes
due to global climate change should be examined in the
evaluation of LULC and taken into account in the develop-
ment and implementation of managerial practices. Rapidly
occurring and successive changes, such as drought, large
fires and insect damage, may not be monitored over 10-year
periods from time to time. To eliminate this handicap, Land-
sat data can detect precise changes that occur each year. At
the same time, accurate annual information about the change
in forest areas and the regeneration of forests can provide
practitioners with different perspectives. It is still not clear
whether the increase in forest areas is the result of OGM's
(General Directorate of Forestry) success in afforestation
efforts to protect degraded areas or the result of rural-urban
migration, which is a reality of Turkey. When this situa-
tion is clarified, it will shed light on what managers should
focus on in order to protect and develop forested areas. As
in our study, we think that the change studies in forest areas,
which will be carried out on a small scale in general, will
help decision makers in the implementation of preventive
measures as well as providing more detailed information.
In the first 10-year period (2001-2011), residential areas in

]
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the region, and in the second 10-year period (2011-2021),
area gain from mixed stands necessitates the determination
of the course of urban development, which annual change
data will also allow.
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