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Abstract. LULC factors in Tikrit city (Iraq) and the neighboring municipalities are studied among 1989, 2002 and 2015
using various techniques of remote sensing, geographical information system (GIS), and fuzzy analytical hierarchy process
(FAHP). Satellite imagery with GIS helped to assess the standard LULC changes in the long term period. FAHP permitted
estimating the importance of various LULC by determination of the suitable weight for used factors and then producing
the evaluating models. Using different techniques, two models were created (1) to estimate the degradation of the land (2)
is generated to determine the reclamation of the area. The finding reveals that the a overall accuracy of 97.0939%, 98.9199%
and 99.5817% or 1989, 2002 and 2015 respectively. The outcomes also revealed that urban, vegetation, and water features
area are developed in the long term (1989-2015) about 4.35%, 4.28%, and 1.49%, respectively, while barren area is reduced
about 5.57%.The degradation map index showed that the lands strongly debased are these converted from vegetation to
barren, followed by moderate to high these changed from water areas to urban, while moderate degradation is noticed
of urban transformed to barren soil. Contrary, the reclamation map index illustrated that the lands are powerfully trans-
formed from barren to the vegetation and followed by those converted from barren to the water, while barren transformed
to the urban is marked as moderate reclamation. The transformation from urban to vegetation or water was classified as
the low and deficient class to evaluate the area. The study is also revealed that the integration of remote sensing and GIS

produces a successful method for LULC monitoring and managing the environment.

Keywords: LULC, FAHP, GIS, degradation map index, reclamation map index.

Introduction

The land and the resulting resources are used to meet
the spiritual, cultural and social needs of humans. In this
procedure, the human uses the land for various uses and
applications. Transfornation land into agricultural areas
or fields is to meet the needs for food and others trans-
formed to the cities with rasing of the growing population
(Aburas et al., 2019). The LULC change requires frequent
management and monitoring to determine areas that are
degraded or reclaimed. Land degradation lead to reduce
of productivity and environmental decline, economic
possibility, and the deterioration of biodiversity and dif-
ficulty. This generates to the lessening or damage of the
recuperation mission of ecological system (An et al,
2017). Land degradation also negatively influences the
environment. Water and air have contaminated by sand,
compost, and insecticide from field land. Consequently, it
is essential to investigate land degradation and to discover

its conditions (Gao & Liu, 2010). Early detection of land
degradation is a significant impediment to the use of old
warning systems, especially in low-density areas. Besides,
the land degradation monitoring community can benefit
from the experiences of deforestation monitoring projects,
which have recognized the importance of local stakehold-
ers and end-users for active development (Rocchini et al.,
2016). The early detection of soil degradation, especially
at low intensities, is a significant limit on the usability of
early warning and tracking systems for degradation. The
most critical advancement in this problem is the imple-
mentation of structural and real-time changing recogni-
tion, but further research remains necessary. Bayesian
statistics, according to which model assumptions based
on previous understanding, also may help to identify the
anticipated trajectories of deviation (Higginbottom &
Symeonakis, 2014). The community of land degradation
surveillance can also profit from experiments of observer
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deforestation projects that have recognized the signifi-
cance of the active growth of local parties and end-users
(Rocchini et al., 2016). Land debasement can investigated
via various means, including field measurements and re-
mote sensing. In contrast with the field visit, remote sens-
ing technique reduce cost, time, effort and cover large area
in one image. for this reason, this techniques is used for
reporting the land status that influenced by degradation to
different levels (Gao & Liu, 2008). Remote sensing imag-
ing of a wide variety of space and airborne sensors offers
enormous amounts of information on our earth’s surface
for global and detailed assessment, detection, and tracking
of changes (Xiao et al., 2006). The fast changes in land use
and coverage, especially in developing countries, are often
defined by widespread urban expansion, land degradation,
or the conversion of agricultural land into shrimp farm-
ing, resulting in enormous environmental costs (Rawat &
Kumar, 2015). Land use/land cover (LULC) changes in
land result from a complex set of environmental and so-
cial factors that lead to a shift in services to humans, the
animal economy and the environment. In addition to the
rapid changes experienced by the world in changes in land
use, especially the conversion of land from one category
to another (Hailemariam et al., 2016). During this period
numerous both supervised and unsupervised classifica-
tion algorithms have been developed to derive standard
land cover maps. Classification of image can be defined as
grouping image pixels or objects into selected classes for
producing a thematic map (Ajaj et al., 2017). Continuous
supervision of retrieved locations offers valuable data on
the change in vegetation cover (Shareef et al., 2018). GIS
presents a regularly utilized means to examine knowledge
obtained from the LULC through remote sensing data and
to identify and map the LULC changes. The fuzzy idea
describes in reference (Shareef et al., 2014). It is a “class”
with a continuum of membership grades. The debate fo-
cuses on the implementation of a conventional method
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that utilizes the notion of fuzzy devices and fuzzy logic
to identify the probability of modifications from remotely
sensed information suitably (Metternicht, 1999). In this
study, to evaluate the influence of land development, we
used several classes as a criterion in multi-criteria models
such as urban, vegetation, barren area and water, which
are derived from the change detection method. fuzzy
analytical hierarchy process (fuzzy-AHP) represents the
additional process that considers commonly employed by
numerous authors (Feizizadeh et al., 2014) for solving the
various fuzzy query. due to the lack of information re-
garding the study region has motivated us to carry the an
investigation to assess the LULC and to produce the deg-
radation and reclamation maps based on the development
of the LULC features amonge 1989, 2002 and 2015 using
remote sensing, GIS, and FAHP techniques.

1. Materials and methods

1.1. Study area and data used

Tikrit is located on the right bank of the Tigris River, with a
distance of 180 km north of Baghdad, and 330 km south of
Mosul. The geographic location of Tikrit is at the intersec-
tion of latitude 34° 34’ 54” N and longitude 43° 50’ 38" E,
as shown in Figure 1. It is tilted with a steep edge on the
Tigris River, approximately 45-50 meters high, and a semi-
undulating area of Tikrit rising 110 meters above sea level.
The city is penetrated by valleys and reefs with the natural
slope of the land from west to east and extends inside the
western plateau of varying distances (Hadi et al., 2014). It
includes the valley of Shishin and Rumi in the south and
the great Qaim and Zellah in the north. Also, it is one of
the important cities due to its importance, as itis the official
and efficient center of the Salahaldin region.

Three types of landsat data includes Landsat-5 The-
matic Mapper (TM), Landsat-7 Enhanced Thematic
Mapper Plus (ETM+), and Landsat-8 Operational Land
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Figure 1. Study area
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Imager (OLI) were downloaded from U.S. Geological Sur-
vey Explore (USGS). The data images quired for 1989, 2002,
and 2015 were chosen respectively at very near anniversary
acquisition data (Table 1). Furthermore, a High-Resolution
Ariel Photograph of Tikrit city was used as ancillary data for
obtaining traing and testing data for classification process.

Table 1. Landsat image catogaries used in this study

o Acquisition |Band Reso-| Path/ Cloud
Satellite images . cover
date lution (m) | Row
(%)
Of Landsat-5 TM | 1989-07-07 | 30m | 169/036| 0
Landsat-7 ETM+ | 2002-07-27 | 30m | 169/036| 0
Landsat-8 2015-07-23 | 30m | 169/036| 0

1.2. Preprocessing and data preparation

The flowchart of the overall methodologies in Figure 2
has two main parts, the first states the change detection
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Figure 2. Shows the overall flowchart of methodology
in this research

analysis which consist of pre-processing the data, classifi-
cation approach, and LULC change detection. The second
includes Fuzzy AHP method passing through the fuzzifi-
cation of the weights and creation the matrix (Figure 2)

1.3. Classification and accuracy assessment

The organization and categorizing of land cover/land use
classes extracted from the image is a framework that can
be defined as a classification scheme. A suitable classifica-
tion scheme involves the classes which are essential for
both studies as well as for discernible from the available
data (Olofsson et al., 2013). Typically, each pixel is treated
as an individual unit of values in several spectral bands.
In this paper, we used a Maximum Likelihood algorithm
(MLH) as supervised classification method, which is con-
sidered one of the most popular methods of supervised
classification in various remote sensing application. In this
study, four LULC classes were established, including Veg-
etation, urban, barren land, and water. The error matrix
was performed to measure the accuracy of the classifica-
tion which reports the degree of accuracy between the
classified data and the training of the same data (Foody,
2002).

1.4. Change detection analysis

Digital images can be provided by satellites with the same
geographic region within a predefined interval. This fea-
ture enables us to monitor and control environmental
and LULC changes between two different periods (Foody,
2002). Change detection is defined as a method used in
remote sensing to identify differences in a given class be-
tween two or more periods. This process provides a quan-
titative analysis of the spatial distribution of studied phe-
nomena and is, therefore, an essential and useful process
for LULC monitoring (Foody, 2002). a post-classification
detection technique was applied to obtain the change de-
tection based on a pixel. Then, the classified image of two
various periods analyzed utilizing change matrix (Weng,
2001) in ENVI5 to define the features of the differences
from 1989 to 2015.

1.5. Fuzzy Analytical Hierarchy process

AHP is a broadly- applied famous multi-criteria decision-
making method introduced in 1970 by Saaty (Werner
et al., 2014; Saaty, 1990). The AHP was employed in vari-
ous applications, principally because of their mathematical
attributes, and for the ease of the required information
implemented through it (Wu et al., 2007). The AHP is
utilized to determine complex selection problems by us-
ing multi-level criteria for achieving the purposes, goals,
sub-levels, and alternatives (Shareef et al., 2019). An as-
semblage of pairwise was used to achieve the comparisons
which are employed to obtain the weights of the impor-
tance of choosing criteria and measure the efficiency of the
choices through a specific approach (Pourghasemi et al.,
2016). For combining the abilities, ideas, and opinions of
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a decision-maker, the linguistic predicting is converted to
fuzzy numbers. Fuzzy AHP improves the capacity of the
decision-making manner in any observation than conven-
tional AHP (Zamani-Sabzi et al., 2016). The geometric
mean method proposed by Buckley (Buckley, 1985) was
adopted to make a comparison between the features, to
calculate the fuzzy number and final weight of each used
element, the linguistic terms were expressed in different
importance level as shown in Table 2.

Table 2. The definition of fuzzy quantities (Huang & Peng,
2012)

Fuzzy Numbers Linguistic Variable

(1,1,1) Equally significant
(2,3,4) Moderately significant
(4,5,6) Strongly significant
(6,7,8) Very strongly significant
(8,9,9) Extremely significant

(x-1,x,x+1) Intermediate values between adjacent

scale values

These linguistic terms are then converted into fuzzy
triangular numbers (TFNs) as a membership function
which can be described as:

x-1 Wd<x<m
m—1
- Uu—x
uN(x):(aij): et <x<Uu, (1)
u—m
0

where I, m, and u are referred to as the lower bound, the
mean bound, and the upper bound, respectively (Wang
et al., 2007). The local and final weights in fuzzy AHP
can be calculated as the following steps: Step 1: creating
a fuzzified pairwise comparison matrix as the following:
A= (a;) =
1LL1) (UPRLUPRTPY)

(ZZn sy Uy )

(Lp>mmy5515)
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where n is the number of elements used in this level, and

a;=1/a;. And

Zzij :(lij,mij,uij ; (3)

|~

~ 1 1
(a;‘j )71 = ( > > ) > (4)
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where i,j=1,2,...nand i#j.

T~

Step 2: After construction of the fuzzified pairwise
comparison matrix of entered elements, the fuzzy geo-
metric mean value 7, can be calculated as:

F=A®A, =((l,m,u)®0,my,u,)®....a, )", (5)
Step 3: the final fuzzy weight is calculated by
W, =7, ([ &7 @...®7,) L. (6)

In some cases, the produced weights will be normal-
ized if the sum of generated weights is not equal to one.

2. Result and discussion

2.1. Accuracy assessment of classification

All LULC features was compared to the testing, data to
evaluate the efficiency of the classifier.the overall accuracy,
kappa coefficient, and the producer’s and user’s efficiencies
were calculated using the confusion matrix. The confu-
sion matrix approach is often used for the evaluation of
land-cover classification results. The result of error matrix
components are illustrate in Table 3.

The accuracy assessement were applied on three used
images 1989, 2002 and 2015. The finding reveals the a
overall accuracy of 97.0939%, 98.9199% and 99.5817% for
1989, 2002 and 2015 respectively. while The Kappa coeth-
cients were 97.0939, 0.9840 and 0.9911 for 1989, 2002 and
2015 respectively. All the procedure and users accuracies
also calculated and listed in Table 3.

2.2. LULC changes analysis

Figure 3 shows the spatial distribution of the four land-
cover classes of classified images of 1989. It can be seen
that the dominant class is the Barren area, representing
around 85.09% of the study area with 2,927.3814 km?.
In contrast, the water bodies’ class has the smallest

Table 3. Error Matrix (%) comparing the image classification of 1989, 2002, and 2015 to the reference data

1989 2002 2015
Classes Producer’s User’s Producer’s User’s Producer’s User’s
accuracy % accuracies accuracy % accuracies accuracy % accuracies

Urban 94.69 97.74 96.68 97.62 98.08 97.89
Vegetation 92.52 98 98.44 98.83 97.60 97.98
Barren area 98.96 95.69 99.68 99.21 99.84 99.72
Water 98.91 99.86 98.91 99.92 99.61 100
Overall accuracy 97.0939% 98.9199% 99.5817%
Kappa confidents 0.9504 0.9840 0.9911
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detection of LULC can be shown in Table 4.

However, the result of change detection percentage of
various LULC for different periodcan be showed in Fig-
ure 6.

The figure shows a distinct variation in classes rela-
tive to the time period. The percentage of urban areas
in the years 1989 and 2000 is somewhat close while the
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Figure 6. The percentages of LULC classes in three periods

Table 4. LULC statistics of the Tikrit City; in 1989, 2002, in 2015

1989 2002 2015
Classes
Area in km? Percentage % Area in km? Percentage % Area in km? Percentage %
Urban 94.6971 2.75 98.1189 2.85 244.1862 7.1
Vegetation 380.0727 11.05 569.5659 16.56 527.4819 15.33
Barren area 2,927.3814 85.09 2,735.8623 79.52 2,579.4468 74.97
Water 38.2869 1.11 36.8955 1.07 89.3232 2.6
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increasing of urban change in 2015 is evident. The propor-
tion of vegetation has gradually increased in recent years,
which in turn depends on the availability of rain and wells
available in the study area.For barren areas, the proportion
has been reduced due to the increase in the urban in addi-
tion to the clear increase in water and vegetation.

2.2.1. Analysis of LULC change in short and long term

The short term change detection involved two periods;
1989-2002 and 2002-2015 which spatial distributions
are illusterated in Figure 7 and Figure 8 with more
details dipected in Tables 5 and Table 6. The driving
forces of the changes were also identified based on the
finding from analysis. In the first period (1989-2002),
the noted changes were the decrease in the barren land
from 2,927.3814 km? to 2,735.8623 km?, which convert-
ed to other classes mostly vegetation and urban. This
reduction of barren area is attributed to the develop-
ment of irrigation that supported by government in
that period. In second period (2002-2015), the decline
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was followed by another decrease around 156.4155 km?
as net change. Vegetation has two different phases in-
creasing, followed by little decreasing from 16.56% and
15.33%. The increasing in vegetation in (1989-2002) is
belonging to the iiregation system, spreading in wells,
contribution of the government to support the agricu-
laral field. However, the urban class witnessed a slight
increase in 1989-2002 followed by a marked increase in
the 2002-2015 with an estimated area of 146.0673 km?
at the expense of water. This increase is based on the
urban expansion resulting from the rise in the popula-
tion in that period. Moreover, the class of water was
fluctuating in the change, where it witnessed in the first
short period a minimal decrease change while increas-
ing in change of the second short period with a per-
centage of 1.07% to 2.6%.

2.2.2. Long term change detection analysis

26 years were examined for studing the changes of LULC
in the long term on the study area. Figure 9 and Table 5 il-
lusterated the significant changes occurred during that pe-
riod. Among these changes, the barren land level decline
10.12% with a net change of area about 347.9346 km?
which is a large area compared to other categories. This
reductionin area can be attributed to several reasons, (1)
climate change, (2) increased plant production, and (3)
urban growth. The urban population area have also in-
creased significantly from 94,697 km? to 244,182 km? as
a natural result of the continuous growth in population
rates with the rise in living income. Water and vegetation
seasons increased during the entire study period. Vegeta-
tion area were increased up to 147.4092 km?2. Also, water
area increased from 38.2869 km? to 89.3232 km?, with
a percentage of 1.49%. Thus, most of the increases have
happened in urban variety, vegetation, and water at the
expense of barren land,where 9.6318 km? was turned to
urban areas, 43.8534 km? was converted to vegetation, and
5.6106 km? was converted to water.
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Table 5. The confusion matrix of change area between 1989 and 2015
1989
Urban Vegetation Barren area Water Class Total
Classes
Area km? Area km? Area km? Area km? Area km?
2015 Urban 58.7835 42.795 3.0357 139.572 244.1862
Vegetation 8.8839 138.1833 2.3328 378.0819 527.4819
Barren area 9.6318 43.8534 30.2274 5.6106 89.3232
Water 17.3979 155.241 2.691 2404.116 2579.4468
Class Total 94.6971 380.0727 38.2869 2927.3814 0

2.3. FAHP analysis

Data extracted by change detection was directly used in
the method of fuzzy AHP. The authors’ vision was taken
according to the scale of the importance of 1 to 6. Then
the matrix of pairwise comparisons was generated for
degradation and reclamation criteria using the linguistic
variables. These criteria are representing by the land use /
land cover change detection classes, which are ranging 6,
5,4, 3, 2, and 1, respectively, according to the significance
of each factor. The produced matrix was transformed into
the fuzzified number, as illustrated in Table 1.

The indications of degradation in this paper are repre-
senting by converting the vegetation, water, and urban to
the barren area and also converting vegetation and water
features to the urban.

The fuzzified mean weight and the final weight of the
studied criteria were calculated using Eqs (4) and (5). Ta-
ble 7 shows the Fuzzy geometric mean and final weights
of the entire criteria.

3. Degradation map production

In this paper, criteria have been specified to study the de-
gree of degradation and then create a map of evaluation.
These criteria including vegetation, water, urban (built up
and road) and barren factor and four evaluation items
as high, moderate, low, and no change were used in GIS
software integrated with fuzzy-AHP; these features were
combined to generate an environmental index (Eq. (7))
to produce a degradation and reclamation maps for study
area.

DMI =0.348xVB+0.329x WB +
0.182xUB+0.086x VU +0.055x WU, (7)

where DMI refers to the degradation map index, VB is the
changing of vegetation to barren, and WB is the changing
of water to barren, UB is the changing of urban to barren,
VU is the changing of vegetation to urban and WU is the
changing of water to urban. In the same time, the reclama-
tion index can be calculated using the following:

Table 6. Pairwise comparison matrix of degradation according to the authors’ vision

Criteria Vegetation to Water to Barren Urban to Barren Vegetation to Water to Urban
Barren Urban
Vegetation to Barren (1,1,1) (1,2,3) (2,3,4) (3,4,5) (4,5,6)
Water to Barren (1/3,1/2,1) (1,1,1) (1,2,3) (2,3,4) (3,4,5)
Urban to Barren (1/4,1/3,1/2) (1/3,1/2,1) (1,1,1) (1,2,3) (2,3,4)
Vegetation to Urban (1/5,1/4,1/3) (1/4,1/3,1/5) (1/3,1/2,1) (1,1,1) (1,2,3)
Water to Urban (1/6,1/5,1/4) (1/5,1/4,1/3) (1/4,1/3,1/2) (1/3,1/2,1) (1,1,1)

Table 7. Fuzzy geometric mean and final weight of the degradation criteria

Criteria Fuzzy geomet{ic mean Fuzzy ~weight Fuzzy mean weight Normalization of weight
value 7, W W,

VitoB (1.888,2.605,3.245) (0.217,0.413,0.755) 0.462 0.348

WtoB (1.186,1.861, 2.783) (0.121,0.265,0.602) 0.329 0.329

Uto B (0.637,1.000,1.565) (0.065,0.143,0.339) 0.182 0.182

VitoU (0.358,0.537,0.667) (0.036,0.077,0.144) 0.086 0.086

WtoU (0.227,0.302,0.451) (0.023,0.043,0.098) 0.055 0.055
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RMI =0.348x BV +0.329x BW +

0.182x BU +0.086 x UV +0.055x UW. (8)

The analysis of degradation map using the produced
model of degradation (Eq. (7)) including all factors that
transformed into the bare soil (barren) or converted to
the urban area. Degradations index is specifically located
in areas with population growth and residential areas and
areas close to residential communities or near highways.
The notable degeneration (Figure 10) is more manifest in
different municipalities that have beheld a fast and un-
limited and irregular building. Those new messy urban
areas remain to need the infrastructure and requirement
of living. Low degradation is concentrated in a little area
beside the tigress river in the northwest of the Tikrit city.
The small area is representing by the transformation of
water body to the urban (buildings or roads). This trans-
formation is because of the spread of islands on both sides
of the Tigris River due to lack of water levels, which led to
an increase in land and, thus, an increase in construction
areas around the river.

Due to commercial improvement, fast population in-
crease, and growth of rural regions surrounding in the
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city, expansion of building on arable agricultural land, it
displays an inevitable manner for changing the vegetation
to the urban. Although this change has shown low in the
edges of the Tigris River, it is considered one of the in-
dicators of deterioration in that area. The study clarified
that variations in land use are developing quickly in small
time or a long time. The degradation of the vegetation
field is transformed into the barren soil which represents
the high percentage of the degradation in the city. All area
of vegetation along 1989 to 2015 is assigned as deteriora-
tion to the barren lands. Thus, the analysis of degradation
factor that environmental loss associated with vegetation
development which perceived in various areas in Tikrit
city especially in the North East, which can be attributed
to the lack of rain in that period, which in turn led to the
drying of some wells and the reluctance of farmers to agri-
culture due to wars. Thus, the progressive development in
not well-prepared urban growth will perpetually be at the
amount of barren and vegetation in the region of study.
Consequently, the concerned municipalities require build-
ing strategies to spout this case by readdressing the urban
expansion forward the weak bare soil and in hills parts of
the Tikrit communities, to preserve the agricultural area.
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Figure 10. degradation map of Tikrit city
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In this study, the reclamation index refers to all the
factors that have changed from arid lands to agricultural
lands, plants, or lands containing water sources. These fac-
tors included in the reclamation index resulting from the
application of the FAHP method, which gave weight to
each element of reclamation as explained in Eq. (8). The
resulting reclamation map (Figure 11) was classified into
no change, very low, low, moderate, moderate to high and
high to interpret the spatial distribution of the degree of
soil reclamation. The high reclamation is referring to the
transformation of the barren to the vegetation which is
separated in the most significant part of the Tikrit city
especially in the northeast and south of the city for the
long-time period 1989 to 2015, while the moderate to high
reclamation was in the zones which are close to the Tigris
river. Most of these areas are converted to water and are
close to the water source or to the valleys and depressions
area that are propagated in that area. A small percentage
of lands were converted to green zones in urban areas of
the city that expanded on both sides of the Tigris River
and the nearby regions.

Conclusions

With the increasing development in the size of the build-
ings built and the urban and population expansion in the
city, the evaluation of land use and vegetation cover and its
changes are essential factors for decision-makers and the
design of cities and the development of future strategies
to address urban growth. The present study endeavored
to examine the temporal LULC through long-time years
1989, 2002 to 2016, and measuring the changes in differ-
ent factors using FAHP and GIS techniques. The FAHP
model is implemented to produce two models and then
two maps of degradation and reclamation of the soil for
Tikrit city. The most significant layer in the generated land
degradation index was the layer of vegetation transforma-
tion to barren, which had the highest weight, while im-
mediately followed by the water to barren, and then other
factors characterized by small influence or low impact.
The combination of FAHP and GIS techniques through-
out using satellite data gave more flexibility to deals with
information to obtain the suitable weight of criteria. The
FAHP decision-making approach allows users and experts
to efficiently choose further proper and diverse criteria to
study the changes in LULC.
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