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Abstract: A correctly obtained Land-use/land-cover (LULC) prediction map is essential to under-
standing and assessing future patterns. In the study, the LULC map of Urmia/Iran in 2030 was pro-
duced using two different prediction methods CA-Markov and Artificial Neural Network (ANN).
In general, the study followed a methodology consisting of three steps. In the first steps, Landsat
satellite images acquired in 2000, 2010 and 2020 were classified with maximum likelihood algorithm
and LULC maps were prepared for each year. In the second stage, to investigate the LULC predic-
tion methods' validation (CA-Markov and ANN) the LULC prediction map of 2020 was produced
using the LULC map of 2000 and 2010; In this step, the predicted LULC map of 2020 and the actual
LULC map of 2020 were evaluated by correctness, completeness and quality indexes. Finally, The
LULC map for 2030 was prepared using all two algorithms and the change map was extracted. The
results show that the area of soil and vegetation decreased, and built-up regions increased during
the research period. The methods validation results show that the two algorithms are much closer
to each other. Nevertheless, in general, ANN has the highest completeness (96.21%) and quality
(93.8%) and CA-Markov the most correctness (96.47). This study shows that the CA-Markov algo-
rithm is most successful in predicting the future that had larger areas and a higher percentage in the
region (urban and vegetation cover) and the ANN algorithm in predicting phenomena that had
smaller levels with fewer percentages (soil and rock).
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1. Introduction

Land cover is a crucial variable that affects the balance of the earth's energy, the hy-
drological and carbon cycles and the provision of natural resources and habitats (Bonan,
2008; Pflugmacher et al., 2019). Land use/Land cover (LULC) and its environmental im-
pact have been a challenging issue since 1990 and it has become one of the most funda-
mental figures in global changes (Anderson et al.2017; Feddema et al., 2005; Luo et al.,
2003; Liu et al., 2005; Wang et al., 2006; Maleki et al., 2020; Tang et al., 2020). Land-use
land-cover change (LULCC) data have attracted the attention of the environmentalists due
to the effects this issue has on the global environmental (Islam et al., 2018; Abuelaish and
Olmedo, 2016; Subedi et al., 2013) Awareness of the environmental effects of the land use
change (LUC) has caused the scientific society to support the policy makers in their activi-
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ties and mind the amount of their changes and evaluate their impact on the environment
(Pindozzi et al, 2017).

Land-use/land cover is a change on the surface of the earth created because of human
beings' activities (Hamad et al., 2018; Roy et al., 2015), though climate change and natural
disasters also have a significant impact. These changes result from the interactions be-
tween environmental, social, human, activities and economic factors (De Almeida et al.,
2020). Mapping LULC change using remote sensing techniques provides a quantitative
description of LULC that can help identify rates, extent, and patterns of LULC dynamics
(Tadese et al., 2020).

Remote sensing is a rigorous surface monitoring tool specifically used for creating
maps of LULC (Foody, 2002; Green et al., 1994; Hiitt et al., 2016). Remote sensing is a prac-
tical tool for observing land surfaces and is widely used to extract data (Duan et al., 2020).
Compared to measurements taken only from a specific location, remote sensing provides
large-scale, high-resolution, continuous information for LULCs (Duan et al., 2020; Kesht-
kar et al. 2017). Therefore, LULC classification based on remote sensing has an essential
role in evaluating the results of management interventions and how the changes will oc-
cur in the future (Kolli et al., 2020).

Changing natural environments, agricultural lands, etc. to urban areas is one of the
most demanding environmental challenges in each and every country (Dadashpoor &
Salarian., 2020). Spatial predictions are necessary to forecast and manage regional and
global changes and to be able to improve environmental sustainability (Mc Cutchan et al.,
2020). While some patterns are based on the prediction rate of change, others rather rely
on spatial patterns that focus on required data and validation strategies (Veldkamp &
Lambin., 2001). In recent years, some spatial models have combined remote sensing (RS)
and geographic information system (GIS) to simulate and predict future scenarios of
LULC (Mishra & Rai., 2016). For instance, Markov Chain (Arsanjani et al., 2013; Ziari &
Zakerhaghighi, 2022), Ca-Markov (Kisamba & Li, 2022), logistic regression (Tayyebi et al.,
2010; Buya et al., 2020), cellular automata model (Munthali et al., 2020; Wang et al., 2022),
SLEUTH model (Jantz et al., 2004; Saxena & Jat., 2019), artificial neural network, (Kim et
al., 2009; Al Rifat & Liu, 2022).

Many studies in the literature have applied the Fractal model (Chen, 2018; Chen &
Huang., 2019), CA-Markov (Zhou et al., 2020; Baqa et al., 2021; Yi et al., 2022) and ANN
(Malik & Bhagwat, 2021; Zare Naghadehi et al., 2021; Girma et al., 2022) Logistic Regres-
sion (Xu and Chen, 2019; Wang et al., 2020) Agent-Based modeling (Kaviari et al., 2019;
Xu et al., 2020), which are popular in prediction studies separately for LULC. However,
no studies are comparing these methods and evaluating their effectiveness comparatively
using various validation techniques. The study’s scope was to determine the best Land-
Use/Land-Cover prediction methods in Urmia, Iran through CA-Markov and ANN. For
this purpose, the LULC map in 2030 was projected with the help of changes in land use in
2000, 2010, and 2020. In addition, the accuracy of the produced model was investi-gated
with different validation methods such as correctness, completeness and quality indexes.
Therefore, this paper can guide the use of appropriate methods by comparing the methods
in this study for LULC prediction.

2. Study Area

The Urmia city (37 0 33'N, 45004 'E) is the center of the West Azerbaijan province in
the north west of Iran, which is located at a distance of 18 km from Lake Urmia (Khaledi
etal., 2021). The climate of this region is cold, semi-arid with an average of 360 mm annual
pre-cipitation and 11 ° C annual temperature (Chitsazan et al., 2019), making it one of the
coldest cities in Iran (Abedini et al., 2020). Urmia is one of the most important historical
and growing metropolises of Iran that has grown a lot in recent years (Abedini & Khalili,
2019). According to the 2016 census, it had about 750,000 population (Gharakhanlou &
Hooshangi, 2020), which according to the 2018 census has increased to 800,000 (Mo-ham-
madi et al., 2020). The expansion of urbanization in this city has led to the reduction of
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plant and animal diversity, changes of natural environment of the village and finally to
the climate change (Abedini et al., 2015; Abedini, 2018). Figure 1, shows the study area
location.
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Figure 1. Study area

3. Data and Methods

Evaluating the rate of changes from one phase to another in a specific time and place
of spatial data is significant for the prediction of future change scenarios (Takada et al.
2010). Using non-commercial satellite images is an inexpensive and fast method of pre-
dicting LULC which is by itself a rigorous tool for land planners. Landsat satellite series
provide the longest record of satellite observations. Accordingly, Landsat is a precious
source to monitor the global changes and it’s the major source of observing the earth with
medium-spatial resolution used in decision-making procedures.

In this study, Landsat images (7 and 8) covering Urmia were retrieved on 03/06/2000,
30/05/2010, and 02/06/2020. Initially, pre-processions steps such as geometric correction,
radiometric correction, and etc. was carried out. Then, in the categorization stage, for
choosing sample points from the old maps, high-resolution images (such as Google Earth,
World Imagery), normalized difference built-up index (NDBI) and normalized difference
vegetation index (NDVI) were used(sample points size are table 1). To extract the LULC
map, the maximum likelihood method was applied because compared to some others, it
provides the highest quality (Zare-Naghdaehi et al., 2020). Finally, prediction studies for
the year 2030 were carried out with the methods detailed below and their accuracy was

investigated.
Table 1. sample points size.
sample points size(pixel)
Year
Build-Up Rocky Soil Vegetation
2000 2514 941 1542 3564

2010 2968 913 1317 3098
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2020 3311 1072 1298 3012

3.1. CA-Markov

CA-Markov is a combined Cellular Automata/Markov Chain/Multi-Criteria/Multi-
Objective Land Allocation (MOLA) to predict the LULCC trends and characteristics over
time (Sang et al., 2011; Nouri et al., 2014 Hamad et al., 2018). CA model behaviors are
under the influence of the uncertainty stemming from the interaction between the model
elements, the structures, and the quality of the data sources that are considered model
input. This is often focused on the local interaction of the local cells, distinct spatial and
temporal properties and the rigorous computational ability of space that is proper for dy-
namic simulation and display with self-made features. Thus, CA model can be described
as follows (equation 1):

S(t t+1)=f(S(t), N) (1)

S is a collection of limited and discrete cellular models, N is a cellular field, t and t +1
stand for different times and f is the transformation of cellular states law in local space.

Markov chain is not sufficient to actively simulate or predict LULC because it doesn’t
consider the spatial distribution in each of the land categories or the spatial direction of
the growth (Mansour et, 2020: Ghosh et al., 2017). On the other hand, CA-Markov is a Cel-
lular Automata, Multi-Objective Land Allocation predicting method that adds elements
of spatial proximity and the knowledge of spatial distribution to the Markov chain (Sang
etal., 2011).

3.2. Artificial Neural Network

To detect the probability of LULC transformation, ANN uses several output neurons
to simulate LULC changes. In the first step, the inputs of the neural network is defined for
the simulation. The simulation is cellular-based (pixel-based) and each cell has a set of
natural features (spatial variables) as input to the neural network, defined as follows:

X=[x1, X2, x3... xn]T 2)

Where xi is the ith property and t is the relocation.

Each correlation between the spatial variables is evaluated by the mutual comparison
of raster, choosing the first raster from one variable and the second raster from the other.
Next, LULC region and the changes related to each group are measured between initial
and final time periods. In the next step, the probability of transformation through ANN is
simulated. The structure of the neural network is created of three layers, meaning the in-
put layers, latent layers and output layers. In the latent layer, the received signal by the j-
th cell, (k t)j network from the input layer for the k-th in t time is defined as follows:

net;(k,t) = X;wii x; (k, t) (©)

In which wi,k is the weight between the input and latent layers; x_i"' is the i saleable
attribute related to I neuron in the latent layer considering k cell in t time. The probability
of relocation, minding the performance of the output of a neural network, is achieved as
such:
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1 (4)

Pt

+e

Where P (k1) is the probability of changing from the current state of 1 LULC for k
cell in t time and wj,l is the weight between the latent and output layers (Rahman et al.,
2017; Saputra & Lee, 2019).

3.3. Model Assessment

In this study, some indexes such as completeness, correctness, and quality have
quantitatively assessed the forecast findings from these methods. The details of the index-
es used in the study are described below.

Completeness: This index shows how many percentages of the features shown in the
source data are considered so in the conclusion of the work. In this index, the feature units
which is related to other features and distinguished wrongly, have no impact on the
amount of this index. Therefore, this index is defined as follows:

Completeness = (TP/TP+FN)*100 (5)

Correctness: This index is used for the correctness of classification. It means how
many percentages of the features that are detected in the results are the same as the refer-
ence features. In this index, feature units which exist in the source data but were not dis-
tinguished in the result did not influence on the amount of this index. This index is de-
fined as follows:

Correctness= (TP / FP+TP)*100 (6)

Quality: It is an index that pertains to the evaluation of the findings of both correct-
ness and completeness:

Quality = (TP/TP+FP+FN) *100 7)

where:

True positive (TP) is the number of units of features that exist in the source data and
in the findings or the number of features that have been successfully detected correctly as
a feature.

False positive (FP) is the number of features that do not exist in the source data but
have been identified in the conclusion as a feature.

False negative (FN) is the number of negative features that exist in source data but
have not been identified in the conclusion (Maleki et al, 2017; Maleki et al 2017; Maleki et
al, 2018).

4. Result and Discussion

This section presents the findings of the used methods. Firstly, the conclusions of the
classification with maximum likelihood are presented. Figure 2 shows the LULC maps
obtained as a result of classification for 2000, 2010 and 2020.
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Figure 2. LULC maps (a,b,c) for the study region in the three analyzed intervals 2000, 2010 and 2020 respectively

Before using the achieved maps as the input of the LULC prediction methods, we
should verify each class's classification. Table 2 depicts the result of the verification for the
classification of each class in three studied periods. Based on table 2, the classification re-
sults in each of the three-period are proper for all classes. The Kappa coefficient in all of
the three periods is higher than 90% and in the 2020 map, it is approximately 100%. The
soil had less than 90% accuracy in 2 periods (2000 and 2010), which were nevertheless
above 83% and acceptable.

Table 2. Classification results calculated for each year and class.

Accuracy Assessment

Years Kappa
Build-Up  Rocky Soil Vegetation = Average coefficient
2000 94.36 96.13 83.59 99.72 93.63 91.49
2010 98.48 96.88 83.18 99.79 94.58 92.48
2020 99.51 99.42 97.91 99.51 99.21 98.94

Figure 3 shows the changes of the area of LULC in the studied periods in different
pe-riods. Urban land use has changed from 5500 hectares in 2010 to more than 7100 in
2010 and exceeding to 8700 to 2020 which shows that every 10 years, almost 1600 hectares
have been added to the area of the urban land use.
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Figure 3. The graphic shows the spatial change of the Build-up, soil, vegetation and rocky areas (ha) for the years 2000, 2010 and 2020.

According to figure 3, the rocky and vegetation areas have changed little over the 20-
year period. However, there have been serious changes over time in soil areas and build-
Up areas. Soil class has shirked from 5700 hectares to 4650 in 2010 and to 3450 hectares
in 2020. According to figure 3, the rocky areas do not present substantial change over the
last 20-years, while the vegetation areas decreased significantly in 2010 with no significant
reduction observed in the period 2010-2020.

Figure 4 shows the comparison of the LULC for the 2020 map (a) obtained as a result
of classification with LULC prediction maps for the 2020, produced by CA-Markov (b)
and ANN (c) method.
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Figure 4. Comparison of LULC map under the current state (a) and LULC map produced by the classification method using CA-
Markov(b) and ANN(c) method

According to the LULC classes shown in figure 4, we notice that the appearance of
the CA-Markov and ANN are pretty similar to the current situation. To better understand
and compare the methods with each other, the indicators of completeness, accuracy and
quality were used, the results of which are shown in table 3.

Table 3. Evaluation of the role of the methods in simulating the LULCs

Validation Land-use/Land-cover
Algorithm

method Build-Up Rocky Soil Vegetation Average

Completeness 96.34% 98.11% 91.13% 98.79% 96.09%

CA-Markov Correctness 97.36% 91.77% 98.28% 98.47% 96.47%
Quality 93.99% 89.89% 94.63% 96.16% 93.67%

Completeness 95.63% 95.23% 95.77% 98.18% 96.21%

ANN Correctness 98.06% 95.31% 96.29% 95.62% 96.32%
Quality 93.85% 92.11% 94.79% 94.44% 93.8%

Table 3 represents the completeness, correctness and the quality of the validation
methods in order to evaluate and compare the consequences of the LULC prediction with
the maximum likelihood classification method for 2020. The numbers shown in blue show
the satisfactory result in this table. Accordingly, in LULC prediction models, the best accu-
racy results were obtained with the ANN technique while CA-Markov technique has ac-
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curacy values close to the ANN technique. The ANN technique map has the lowest vicin-
ity of rocky lands. Although it has the lowest completeness, but correctness and the qual-
ity of forecast are highest.

In the case of build-up, the highest completeness and quality are related to the CA-
Markov method, and the highest correctness is related to the ANN method. In soil, the
highest completeness and quality are related to the ANN method, and the highest correct-
ness is related to the CA-Markov method. Also, in the case of vegetation, the best statistics
are for the CA-Markov method. In terms of average (all LULCs), the highest completeness
and quality were related to the ANN method and the highest correctness was associated
with the CA-Markov method.

In conclusion, the results of the indices and subsequently the typical mean of the two
algorithms ANN and CA-Markov, are very close to each other, but the ANN technique
had the perfect mean in the two indices of completeness and quality and the CA-Markov
algo-rithm had the easiest imply correctness. Therefore, the urban and vegetation LULCs
in the CA-Markov algorithm and the soil and rock LCs in the ANN algorithm are better
simulat-ed, the most vital factor that can be deduced from table 3. the biggest result of this
research is the CA-Markov algorithm has been greater profitable in figuring out phenom-
ena with wider and more continuous surfaces, and the ANN algorithm has covered the
locations in simulating phenomena that is smaller areas in the map and include a less
percentage of the area.

Figure 5 of the LULC prediction map for 2030 by CA-Markov and ANN, is shown in
the pinnacle row and the map of changes in the duration 2020-2030 is proven in the bot-
tom row. The change map is obtained of comparing of the map predicted by the algo-
rithms (for 2030) and the LULC map for 2020 using the maximum likelihood algorithm.
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Figure 5. LULC prediction map for 2030(a; CA-Markov b; ANN) and the 2020-2030 changes (c; change map by CA-Markov d;
change map by ANN)

According to figure 5, it is shown that the CA-Markov reveal more changes compared
to ANN. In both methods, the East side changes more than the West side of the studies
re-gion. In accordance with the presented map, CA-Markov shows more changes. To de-
pict the degree of the LULC change, the area of each LULC in 2030 is shown in Figure 6.

Figure 6. The diagram of LULC areas (ha) in 2030

According to Figure 6, the built-up's LU area in this study area will reach more than
9,000 hectares in 2030, which considering this issue in 2000, the area of this land use was
less than 6,000 hectares, shows that the city of Urmia and Its habitat for environmental
factors will extend by 50% over the in 30 years. Based on the data presented in table 3; it
can be guessed that the area and the map of LULCs of urban (built-up) and vegetation are
done through CA-Markov and the map and area of soil and rocky lands occur through
ANN methods. According to Figure 6, it is proved that LULCs are similar in area are more
reliable in terms of evaluation parameters (smaller zones in ANN and larger zones in CA-
Markov).

The built-up areas were growing in each two methods, which decreased the area of
vegetation. The largest difference in area between land uses derived from 2030 forecast
algorithms is related to soil LC; this can be understood from the validation results of table
3 since the precision, quality and completeness statistics of this land use are lower than
those of other land uses and are the greatest statistical discrepancy in the use of this land
with other algorithms.

This investigation pointed that the Urmia urban area too expanded (Lotfata & Lot-
fata, 2018). This indicates that the built-up areas will occupy many natural and ag-ricul-
tural resources and this land change situation poses a threat to natural life (Mo-baraki et
al., 2012). In addition, the performances of the methods were compared by ap-plying dif-
ferent prediction methods such as, CA-Markov, and ANN. This type of LULC prediction
study has been investigated in many other regions all over the world includ-ing Thimphu
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city, in Bhutan (Wang et al., 2021), Majang Forest Biosphere Reserves of Gambella in
Southwestern Ethiopia (Tadese et al., 2021), Orkhon Province in Mongolia (Vandansam-
buu et al., 2020) and the north-east of the Iran (Rahnama, 2021). However, unlike these
studies, the present study, which was conducted in the Urmia city, two pop-ular LULC
prediction methods, which are widely used in the literature, were imple-mented and com-
pared in a single study. Thus, this study regarding the comparison of LULC prediction
methods in Urmia city significantly contributes to the literature.

5. Conclusion:

Getting a proper land-use map will pave the way for local planners' management
survey decisions, monitoring environmental hazards such as soil erosion, flooding, land-
slides, degradation of pastures, and so on. Landsat images with a long imaging rec-ord
can be an excellent archive to research the shift in an area's land-use land cover. Suburban
change is more vulnerable in terms of changes in human exploitation than other places,
particularly to the profiteers of the city, and is more subject to change.

Urmia has been Iran’s top city in terms of development in recent decades and ac-
cordingly, analyzing its land-use land-cover changes is significant. More importantly, pre-
dicting the urban development pattern and the region's changes can be crucial for urban
investors, local residents and landowners. Various algorithms exist to forecast land use
and are slightly or generally different from each other in their structures. Knowing this
issue that which algorithm functions better helps the researchers use the most efficient
one in their future research.

In this study, four uses of land, urban (constructed), rocky areas, vegetation cover
and soil were identified in Urmia in 2000, 2010 and 2020 by satellite images and their land-
use land-cover satellite images were taken. Nevertheless, since LULC prediction is more
important and there are different prediction algorithms, this study compared CA-Markov,
and ANN algorithms. Preliminary findings from the LULC map indicate that the city's
growth was positive, while on the other hand the areas covered by soil and vegetation
were limited and the rocky areas almost remained unchanged.

6. finding:

The results of the LULC forecast for 2020 for two algorithms were consistent with the
current land-use map, which indicates that all other parameters in each two algorithms
and parameters were higher than 90%. 96.47 correctness in the CA-Markov algorithm and
96.21 completeness and 93.8 quality in the ANN algorithm have demonstrated these algo-
rithms' excellent region prediction. the CA-Markov algorithm had the highest com-plete-
ness for rock cover. but the ANN process, which shows rocky terrain a little less than
reality, has low completeness but has high correctness and quality.

On the other hand, in soil land cover, the ANN method had the highest complete-
ness and quality and the CA-Markov algorithm had the highest correctness, but in vege-
tation, all three statistics showed superiority CA-Markov method. In terms of average cri-
teria used in all LULCs, the CA-Markov algorithm had the highest completeness and the
ANN algorithm had the highest correctness and quality.

To sum up, both algorithms CA-Markov and the ANN perform good in a way that
one cannot decide which algorithm excels over the other and thus more testing is re-
quired. Yet, as a result of this study it was obvious that the CA-Markov method is more
efficient in predicting land-use land-covers with higher percentages of land, compared to
the ANN method which presents a better prediction when it comes to a smaller area.
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