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ABSTRACT

The process of spatiotemporal changes in land use land cover (LULC) and predicting their future changes are highly important for
LULC managers. one of the most important challenges in LULC studies is considered to be the creation of simulation of future
change in LULC that involve spatial modeling. the purpose of this study is to use GIS and remote sensing to classify LULC classes
in Duhok district between 1999 and 2018, and their results calculated using an integrated cellular automaton and ca-markov chain
model to simulate LULC changes in 2033. in this study, satellite images from landsat7 ETM and landsat8 oli used for Duhok district
which is located in the northern part of Iraq obtained from united states geological survey (USGS) for the periods (1999 and 2018)
analyzed using remote sensing and GIS techniques in addition to the ground control points, for each class 60 ground points have
taken. to simulate future LULC changes for 2033, integrated approaches of cellular automata and ca-markov models utilized in
Idrisi selva software. the outcomes demonstrate that Duhok district has experienced a total of 184.91km changes during the period
(table 4). the prediction also indicates that the changes will equal to 235.4 km by 2033 (table 8). soil and grass constitute the majority
of changes among LULC classes and are increasing continuously. the achieved kappa values for the model accuracy assessment
higher than 0.93 and 0.85 for 1999 and 2018 respectively showed the model’s capability to forecast future LULC changes in Duhok
district. thus, analyzing trends of LULC changes from past to now and predict future applying ca-markov model can play an
important role in land use planning, policy making, and managing randomly utilized LULC classes in the proposed study area.

KEY WORDS: Remote Sensing and GIS; LULC; Change Detection; Markov Chain Analysis; Cellular Automata; Predictive
Modeling

1. Introduction

Sustainable development of environment is the key
factor of sustainable development as well as land use
land cover change are important because they influence
on environment and the recognition of LULC changes
presumed as the main cause of global ecosystem changes
(Zhang et al., 2015:28-35). The terminology of Land use
is separate from land cover, they are often utilized
interchangeably (Dimyati et al., 1996:935-937). Physical
characteristics of earth’s surface such as water,
vegetation, forest, rocks and other physical features are
land cover. While, land use means human habitat
specially using land and change it land use due to
different human activities. Using spatiotemporal natural

and socio-economic factors by human enables changes in

land use/cover pattern. Information on LULC changes is
important to plan land use schemes in order to meet
human needs and welfare. Consequently, changing land
use affects land cover and vice versa (Rawat et al.,
2015:77-84). The valuation of LULC changes aids to
monitor human impacts on natural environment.
Human complex interaction with earth’s surface enables
changes in land use as a result natural environment will
be influenced (Butt et al, 2015:254-255). To better
understand landscape dynamic for the period of time,
change detection of LULC is very essential (Mayunga
2018). Furthermore, the dynamic of human activities is
understandable in space and time due to the some

studies has applied in this field (Chen et al., 2003:374,
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Akytirek et al, 2018:23). Human activities play an
important role in modification of global environment
during the past millennium as well as the development
of technology emerged as powerful instrument in
biosphere to change environment (Sensing 2014:15).

Nowadays, the availability of remotely sensed data
provides useful and reliable information on earth
resources to detect changes in LULC studies (Yuan et al.,
2005:322). Classification of LULC has been widely
implemented by remote sensing (RS) with different data
sets and methods. Landsat data served a great deal in
landscape component classification at a large scale
(Ozesmi and Bauer, 2002:388). In recent years, remotely
sensed data have been utilized to detect changes using
several developed techniques. Many change detection
algorithms and techniques have been reviewed and
developed for their advantages and disadvantages.
Supervised classification, unsupervised classification,
Hybrid classification, fuzzy classification and PCA are
commonly utilized techniques

2001:217; Lu et al., 2004:2385). Many studies have been

(Rundquist et al,

used supervised classification which depends on the
background information on the study area or personal
experience. This background information used as
signature files by per-pixel signature that is taken in
advance as digital number (DN) and converted to
radiance value (SCGE, 2011:31-32). Likewise, a study on
change detection on Rawal watershed in Pakistan
conducted with the result accuracy of 95% (Butt et al.,
2015:256). Rawat and Kumar (2015:80), used the same
technique in LULC change in Hawalbagh block in India
in order to obtain satisfactory outcomes. Another study
used supervised classification to analyze LULC

disturbance caused by tourism (Boori et al. 2015:18-21).
Spatial pattern and dynamic of LULC can be identified

and analyzed by models (Jiang et al., 2015:842). Various
techniques of LULC exist; regression, cellular model,
Markov chain, neural network, linear and static and
other approaches (Subedi et al., 2013:128, Parker et al.,
2003:324, Singh et al., 2015:74). Cellular automaton (CA)
is known as popular method, it deals with uniform grid
based principle. As well it has been widely used in in
urban sprawl modeling (Singh et al., 2015:72). CA merit
appeared from the ability of its representation in any
complex systems over small sets of simple states and
rules; this can be valuable for prediction studies (Wu and
Webster 2000:634-635). This technique is also play a
powerful role in planning related activities (Araya and
Pedro 2010:1557). Spatiotemporal modeling of LULC
change can be implemented with the incorporation of
GIS and remote sensing and the coupling cellular
automata and Markov Chain Model (CAMCM). The
integration of Markov chain and cellular automata has
been widely utilized due to their flexibility and
capability (Singh et al, 2015:66). These models are
discrete spatiotemporal results. Even though, Markov
chain model is lack in spatially referred outcomes,
whereas cellular automata combined to overcome this
deficiency ( Azizi and Jafari 2016:226).

In this stud, a combined techniques was utilized to reach
the following aims an objectives: (1) to detect
spatiotemporal changes in LULC between 1999 and 2018
(2) to model and predict changes in land use land cover
change for the year 2033 using Cellular Automata and
Markov Chain Model. The result of study area can be
highly useful for other geographical locations, policy
makers, resource managers. This research is divided into
three sections. The first section is introduction which is
background of related studies. The second section, deals

with methodologies and material used in this study
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including area of interest in addition to CAMCA model.
Third section will be allotment for results and discussion;
this provides outcomes of classified images and CAMCA
models in addition to some remarks and conclusion.

2 Study area, data sources and methods

2.1 Study area

The study area, Duhok district, covers 1015 km2; it is
located in Duhok government in the upper western of
Kurdistan region of Iraq, it is located between north
latitudes 36 ° 47' 19" and 37 ° 07 ' 19" and east longitudes
42 © 48' 30" to 43 ° 18 ' 06" (fig.1). Duhok district is a
mountainous area and the climate is characterized by hot
and dry in summer and cold and rainy in winter season,
it is recognized by variety of seasons; generally winter
season is the period from November to February,
whereas the period from May up to the last September is
the summer season. The majority of rainfall is in winter
season which is directed from Mediterranean Sea to the
study area. The area of interest has different LULC types
that will be more explained in outcomes and discussion

section.
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Fig. 1. Location of Duhok district for the Kurdistan region and
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2.2 Data
Land use Land cover data for Duhok district in Iraqi

Kurdistan region for 1999 and 2018 were obtained from

Landsat satellite images7 ETM for 1999 and Landsat8
OLI for 2018 in August from United States Geological
Survey (USGS) (Table. 1). These datasets were classified
for making LULC mapping between different LULC
classes such as built up area, water body, soil and Grass
forest and crops, and rocks using ENVI software and Arc
GIS 10.6 (Gashaw et al., 2018:1401). The overall accuracy
of LULC classification was (96.9363%) in 1999 and
(95.3237) in 2018 (Table. 2). After classification the two
datasets of 1999 and image 2018 in ENVI 5 and mapped
in Arc GIS 10.6, they are used for model establishment
for 2033 based on combined methods of cellular

automata and CA-Markov chain using IDRISI Selva

software.
Table 1
Landsat data sources
Table 2
. Spatial Total
Satellite Sensor Resolution (M) band date
Image 1999 7 EMT+ 30 8  August 1999
Imfige2638 8 OLhe overalB0  The ovktall dasgifsta2038
statistical Kappa accuracy (%)

Image 1999 0.9367 96.9363
Image 2018 0.8759 95.3237

Results of Classification accuracy assessment

2.3 Methodology

The research process is shown in (Fig.2). Landsat satellite
images are utilized to analyze LULC changes in Duhok
district (Table 1). The period of collected images in time
span is 20 years (1999 and 2018) in August. Processing
stages start from applying atmospheric correction,
topographic correction and geometric corrections. Then
supervised classification was conducted in order to have
a better understanding of LULC types. According to the
previous knowledge about study area training samples

were gathered for selected classes. Then this step for each
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individual image supervised classification by the
maximum likelihood method conducted in ENVI
environment as well the initial LULC maps were
extracted for each image. After classification, the
accuracy assessment determined utilizing 300 points by
stratified random sampling (SRS) based on previous
knowledge, SAS planet and GPS in field work. Then
LULC change in Duhok district was predicted for 2033
using the integrated Cellular Automata and CA-Markov
chain model in IDRISI Selva software. Consequently,
results of the model were presented and validated.
Kappa Index of Agreement (KIA) approach utilizing
VALIDATE module in IDRISI Selva so as to investigate
similarities between simulated image and the actual
image and the output compared with the actual LULC
map in 2018. To determine the quantity of conversions
that happened regarding each particular LULC, the cross
tabulation technique was utilized.

2.4 Markov Model

The CA-Markov model is extensively used in LULC
modeling (Zhilong et., 2017:69, Sang et al., 2011:940,
Brown et., 2000:258 ). The model can predict effectively
the future change in LULC in space and time. Markov
chain predict the future changes based on the previous
state in each classes and probability of transition (Houet
and Hubert-Moy, 2006; D BEHERA et al., 2012). The
ability of Markov model leads to be used I intensively in
modeling LULC changes not only to differentiate
between LULC classes, but also to measure the transition
rate between them (Azizi and Jafari 2016:228). Markov
chain is formed from the distribution of LULC classes in
the earlier and end of a discrete time period, and from
transition matrix which demonstrates the changes
occurred in the intended period of time. Based on this

assumption, LULC changes projected based on the

transition matrix and the estimation of probabilities

(Muller and Middleton, 1994:153).
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Fig. 2. Flowchart of research methodology
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2.5 Cellular Automata

Many studies have been widely used Cellular Automata
(CA) model for modeling spatial dynamics (Agarwal et
al., 2002:297). This model is well-known as a simulated
model because it is modeling changes in time and space
separately (Arsanjani et al, 2013:271). In cellular
automata the predetermined transition matrix and the
state of adjacent cells in time are used to update each cell
in landscape. An integration of spatiotemporal dynamic
and cellular automata technique used to simulate
changes in two-dimensional space (Wolfram, 1983:601).
Cellular automata have four elements: cell states, cell
space, time stages and transition matrix (Azizi and Jafari
2016:231). This method can simplify the dynamic of
complex system and models spatial future of the system
(Torrens and O'Sullivan 2001:166).

2.6 CA -Markov

CA-Markov model is an integrated with cellular
automata to predict spatiotemporal changes in LULC.
The two models are discrete in space and time. In
Markov chain no knowledge is added about the random
spatial distribution of LULC groups. This means that, no
spatial components can be provided by the outputs of
modeling (Nejadi et al., 2012:884). This model adds both
spatial contiguity and probable spatial transition that
have occurred in specific area over time. Both Markov
and CA-Markov models are utilized in IDRISI Selva to
present transition probability and transition matrix for
selected area of interest. This transition probability
matrix can be provided through the cross tabulation of
two different images in times. In other words, it provides
the probability of changes in pixel from LULC class into
different class during the same time. A transition matrix
is the expected changes in the number of pixels into other

classes during the period of time (Subedi et al., 2013:129).

There are some reasons make this model interesting
when predicting spatiotemporal LULC changes: a) it
uses transition probability to control the dynamics of
time between many LULC classes, b) transition
probability and the state of neighborhood cell of each
LULC with CA mechanism utilized to control space
dynamics, c) its capability to use in remote sensing and
geographical information system. Therefore, an
integrative approach of Markov and CA Markov play a
powerful role in effectively predicting LULC changes
(Kamusoko, 2009:440). Zhilong et al., (2017:73) has
briefly mentioned the process of this method as a)
transition probability matrix will be calculated in
Markov chain, b) utilize transition probability to
generate LULC atlas, and c) the spatial distribution of
LULC changes will be simulated.

3. Results and Discussion

3.1 Analysis of LULC change

After using supervised classification for both satellite
data 1999 and 2018, the results are reliable based on the
accuracy assessment being applied in these images. The
results show that whether changes in LULC classes have
been accurately identified and extracted. Anderson
(1976) specifies that the minimum acceptable standard of
overall accuracy assessment should exceed =2=85%
specified by United States Geological Survey (USGS)
classification scheme. In other words, results of accuracy
assessment of classified images will not be reliable if
overall accuracy is less than 85%. The overall accuracies
for both selected images in this study meet this standard
criterion (Table 2). The outcomes of LULC classes
attained through supervised classification are presented
in (Table 3). Duhok district has witnessed in builtup area,
rocks, soil and water bodies, while forest and crops

decreased during the last two decades. The overall
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changes in LULC indicate that forest and crops reduce to
other classes during the years 1999, 2018 and 2033. In
contrast, the same trends are occurred for LULC types in
between 1999 and 2033 classified imagery

Table 3
Area (KM) and percentage of LULC types during the time
span

Class name 1999 2018 2033
Area\KM Percentage Area\KM Percentage Area\KM Percentage
Water body 1.9 0.2 7.5 0.7 7.8 0.8

Rocks 104.4 10.3 107.1 10.5 110.3 10.8
Soil and 540.6 53.3 598.3 59 606.3 59.7

Grass
Forestand  361.1 35.5 268.6 26.5 243.4 24

crops
Built up area 7 0.7 335 33 47.2 4.7

Total area 1015 100 1015 100 1015 100

Soil and Grass cover the highest percentage in 1999 by
53.3% it is increased to 59% which become 598.3 km and
will continue to increase by 2033 to 606.3 km equals 59.7
percent. While the lowest percentage is by water body
1.9 km becomes 0.2% this percentage increased to 0.7 and
0.8 in 2018 and 2033 respectively. The total built up area
decreased from 7 km to 4.7 km during the period. It can
be noticed that from (Table 3) all classes increased during
study period except forest and crops decreased. In other
words, forest and crops converted to other classes and
reduced, whereas, other classes converted to different
classes and remained the same, consequently they
increased during the study period (Fig. 3) and (Fig 4).
(Table 4) the cross tabulation and (Fig. 5) show the
conversion between classes from 1999 to 2018 in km.
Forest and crops has the highest change among other
classes by 151.32 KM, this means forest and crops
converted to other classes and it stayed the same by
209.70km, it converted by 108.93km into

soil and grass and 32.84 km to rock and 9.16 km to

build up area. While, built up area remain the same by

6.05 km and the highest conversion is to soil and grass.

Looking at the image differences row, it can be clearly
seen forest and crops decreased by -92.42 km. while, soil
and grass increased by 57.69 km. Built up area also
expanded by 26.46km, water body and rocks increased
by the lowest area of 5.55 km and 2.72 respectively.
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Fig. 3. Land use/Land cover (LULC) map by the year 1999

Fig. 4. Land use/Land cover (LULC) map by the year 2018

Table 4
Cross-tabulation of -1999 (columns) against -2018 (rows)
Category Square Kilometers

Image -1999

Class building Forest- Soil- rock water
total in crops grass Code

2018

5 4 3 2 1
750 001 039 58 017 111 1 water
10710 0.04 3284 4641 2781 0.0 2 rock
59831 0.79 10893 42754 60.59 043 3  Soil-grass
26862 012 20970 4512 13.31 037 4 Forest-crops|®
3347 605 916 1572 249 004 5 building &
Total 7.01 361.04 540.62 104.38 1.95  Class total 1999 %‘3
area E
1015
0.96 15132 113.09 76.56 0.84 Total Class
changes
18491 2646 -9242 57.69 272 555 Image difference

76



Academic Journal of Nawroz University (AJNU), Vol.9, No.4, 2020

43°100°E

IT°SON

Amedi district

37°00N

] [ 1] 8

36°55'0°N
|

36°550"N

s
Ll
| B
[ 5
(B

36°500°N

36°500°N

s M L—r1IKilometers
Tk 5 10

42°500°E 43°00°E

Shekhan District

A

Fig. 5. image differences of LULC classes extracted based on the
first image 1999 and image 2018 and (Table 5), left codes

converted to the right codes

3.2 Analysis of probability matrix

(Table 5) presents the probability matrix in percentage
generated from the period between images from 1999
and 2018 to estimate the future changes in LULC types.
The results indicate that rocks have the highest
probability of changing into soil and grass by 55.3% and
30.7% will remain unchanged. Forest and crops have a
probability of 27.1 changes into soil and grass and 8.9%
to rocks. This may be due to the mountainous region and
erosion at slope in the study area and it remain as soil
and grass by 82.1%. Whereas, the forest and crops will
stay 63.4% unchanged. Built up area will have the lowest
percentage of changes among other classes which will
change into water body by 0.1% and 0.3% to soil and
grass and 1.3% to forest and crops as well as to remain as
built up area by roughly 88.9%. This means that it will
continue to increase in near future. Therefore, it can be
clearly seen from probability matrix built up area has the
highest stability to remain unchanged with the
probability of approximately 89%. Likewise, soil and
grass have probability of 82.1% unchanged. Water body,
forest and crops remain stable by the probability of

63.2% and 63.4% respectively. Rocks class has

probability of 30.7% to remain as rocks

Table 5
Probability of LULC changes in 2033 by percentage

Probability of changing to

1999/2033 Water Rocks Soil Forest Built
body and and up area
grass crops

Water body 0.6326 0.0000  0.1811 0.1679 0.0184

Rocks 0.0014 0.3077  0.5537 0.1183 0.0189

Soil and 0.0013 0.0817  0.8213 0.0718 0.0239
Grass

Forest and 0.0009 0.0859  0.2711 0.6340 0.0081
crops

Built up area 0.0012 0.0032  0.0931 0.0131 0.8895

3.3 Analysis of transition matrix by number of pixels
The transition matrix for the first image 1999 and second
image 2018 to predict future changes is shown in (Table
6). The analysis indicates that the most changes among
the classes will be at forest and crops. These classes will
transform to primarily to classes that are soil and grass
and rocks, it will remain stable by 189284 pixels. The
main transformation is 80937 pixels from forest and
crops into soil and grass and 25645 pixels to rock. It is
realized that from transition table spoil and grass
maximum stability with 555321 pixels unchanged.
While, water body has the minimum stability with 1760
pixels remain as water body. About 28139 pixels of built
up area will remain unchanged as well as 36618 pixels of
rocks remain stable. Water body seems to be has the
smallest transition into other classes which 51 pixels will
change to build up area, 467 pixels to forest and crops,
504 pixels to soil and grass, 0% to rocks and it will remain
unchanged by 1760 percent. Soil and grass will transform
into rocks by 55274 pixels and 48517 to forest and crops.
Built up area class will also experience a transformation
in which 413 pixels will be converted into forest and
crops class and about 2945 pixels into soil and grass

Table 6
Expected transition in 2033 by number of pixels
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3.4 Modeling results and validation
(Table 7) shows the results of model validation

classification agreement/disagreement according to

999 marme. 10T AR d A Ransition 190 2053
2018 WaterT€A\ RN g SHfEIEM  EarestATeaA\K Y4
Water body body 56 Grdds and 5dp area
Rocks 2.7 3 crops
WA 1760 577 0 5043 467 5751
b&A§ss
HegeRband 166 9586618 658930 14076 1173247
Soif {RF 886 55274 555321 48517 16159
i up 26,5 13.7 402
Fof”efsf[’a;l 261 25645 80937 189284 2407
and
chapee 185 50.4 235.4
Build up 38 100 2945 413 28139

area

ability to specify accurately quantity and allocation. The
results indicates that simulated and reference maps have
much similarities. While, the difference between them is
because of the changes that will take place in near future
map. To confirm that, accuracy assessment results using
the Kappa variations illustrates the reliability of
classified images (Table 2) which shows the accuracy of
96.9363% and 95.3237 % for both images 1999 and 2018
respectively. Similarly, this model demonstrates that the
overall accuracy of Kno value for the simulated map is
92.21% and Klocation Strata: 94.15 %; Kstandard: 90.53
%; and Klocation 94.15

3.5 Predicting the future land use/ land cover changes
The combination of Markov chain and cellular automata
were used in this study to predict the future changes in
LULC classes. These provided the probability and
transition matrix to predict the future map (Table 5) and
(Table 6). CA-Markov model used to simulate LULC
map for the year 2033. The outcomes of predicted map
indicate that during the period between 1999 and 2033
forest and crops will decrease by -117.7 km (Fig. 6). This
may be will change to other classes such as soil and grass

Table 7

Validation of land use/Land cover map of 2018 and simulated

map of 2018
Information of Location Information of quantity

No[n] Medium[m] Perfect[p]
Perfect[P(x)] P(m)= 0.5850 P(m)= 0.9737 P(p)= 1.0000

PerfectStratum[K(x)] Km)= 05850 K(m)= 0.9737 K(p)= 1.0000
MediumGrid[M(x)] M(n)= 0.5394 M(m)= 0.9351 M(p)= 0.9182
MediumStratum[FH(x)] Hmn)= 0.1667 H(m)= 03145 H(p)= 0.3124
No[N(x)] N@n)= 0.1667 N(m)= 03145 N(p)= 0.3124
AgreementGridcell = 0.62.6
AgreementStrata = 0.0000
AgreementQuantity = 0.1478
AgreementChance = 0.1667
DisagreeQuantity = 0.0263
DisagreeStrata = 0.0000
DisagreeGridcell = 0.0386
Kindex Kstandard = 0.9053
Kindex Kno = 0.9221
Kindex Klocation = 0.9415
Kindex KlocationStrata = 0.9415

and rocks as mentioned before. While, 65.7km of soil and
grass classes will be increased. Built up area will be
doubled in the year of 2033, it was increased to 26.5 km
in 2018 and will continue to expand in 2033 to 40.2 km
(Table 8). Also rocks and water body will reach 5.9 km in
the future 15 years; this shows an increase trend in both
classes. Therefore, 235.4 km of the study area will change
during the period between 1999 and 2033 according to
the predicted map and table 8 as well all LULC classes
will increase except forest and crops will continue to
decrease. The reasons behind this are the growth of
population as well as immigration from middle and
south of the country to these places and convert the land
into land use; this may attract people because it is the
center of province. The increase of soil and grass is also
the reason of erosion and eroded in addition to the

human interaction with the land by their different

activities
Table 8
Land use Land cover change and conversion during the time
span (KM)
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Fig. 6. Predicted land use/Land cover map for 2033

4. Conclusion

The process of analyzing land use and land cover
(LULC) changes is extremely important in managing
environment in semi-arid land (Azizi and jafari
2016:234). Additionally, LULC maps provide reliable
information for decision makers. In this study remotely

sensed data used, GIS and CA-Markov model utilized
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for n;odeling the dynamics of LULC in the study area.
Future map of LULC map for 2033 predicted based on
the simulated maps of 1999 and 2018. The accuracy
assessment exceeded 95% for both simulated images.
Validation model shows satisfactory results. This means
that, the results from CA-Markov is reliable be analyzed.
The results of the study show the rapid decrease in forest
and crops. While. Other classes increase during the study
period. Studies on LULC changes are very useful for
developing countries, it changes very quickly this is why
the environment will be affected. Also tt should be
mentioned that the analysis of LULC types provides
valuable information for decision making and planners
in order to prevent and manage environment in addition
to reduce effects on environment.
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