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Abstract. The goal of this study is offer a deep understanding of the landscape dynamics in the 
Gorgan Township, the Golestan Province, Iran. Landsat satellite imagery of two different time 
thresholds, i.e. the years 1992 and 2011, was acquired from the US Geological Survey database 
and the changes were quantified for the Gorgan area covering a 19-year time span. Furthermore, 
an integrated Cellular Automata-Markov Chain (CA-MC) model was applied to predict future 
changes up to the year 2030. We used the intensity analysis method to compare the historical 
dynamics of different land categories at multiple levels. The results indicated that during the 19 
years, the built-up and forest areas increased by 2.33% and 0.27%, respectively, while agriculture 
and remnant vegetation decreased by 2.43% and 0.24%, respectively. The CA-MC model illus-
trated that in the following 19 years, the built-up areas could increase by 2.45%. An intensity anal-
ysis revealed that forest gains and losses were dormant while remnant vegetation gains and losses 
were active. The built-up area’s gains and water bodies’ losses were active and stationary during 
both time intervals. The transitions from water bodies and remnant vegetation to agriculture were 
regularly targeting and stationary, while the transition from forest to agriculture was regularly 
avoiding and stationary. Our findings also indicated a heavy systematic transition from agriculture 
to built-up areas. Regarding the increasing population growth and urbanisation in the region, the 
outcomes of this study can help make informed decisions for the management and protection of 
natural resources in the study area. 
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1. INTRODUCTION

The concept of land use/land cover (LULC) change indicates the conversion of land 
utilities and resources (Prakasam, 2010). Change detection analyses are important for 
studying the linkage between human activities and the changes in the environment 
(Srivastava et al., 2012). In this context, accessibility to real-time data and updated 
information on the process of change are key factors for planning, decision making 
and management. The LULC change process occurs on a large scale and, therefore, 
we need new technologies in environmental studies to have a detailed, accurate, fast 
and economical estimation of such changes. Currently, remote sensing (RS) is an ef-
ficient technology to access a portion of such data which can also be forecasting and 
multi-temporal. With a substantial progress in RS and Geographical Information Sys-
tem (GIS) technologies, LULC change mapping is considered a useful methodology 
for improving land allocation studies for different land categories such as agricultural 
activities, urbanisation, and industrialisation (Selcuk et al., 2003).

Digital change detection methods applying multi-temporal satellite imagery 
can assist the interpretation and assessment of landscape dynamics and provide 
basic data for modelling LULC change processes in GIS environments. Over the 
recent decades, LULC change studies have played a major role in spatial studies 
and environmental change investigations (Liu and Deng, 2010) and produced im-
portant information for studying and analysing the processes of LULC patterns. 

The analysis of the dynamics of LULC arrangements improves our understand-
ing of landscape evolution during a particular period (Warwade et al., 2013). RS 
has been increasingly applied in updating LULC maps (Lo and Choi, 2004). Land-
sat images (e.g. TM sensor) have offered valuable and unique observations of the 
earth’s surface over the recent decades (USGS, 2014). Additionally, Landsat images 
are now freely available to the scientific community and the general public, which 
means we can obtain plenty of information for land use monitoring and the evalua-
tion of landscape dynamics (Chander et al., 2009; El Bastawesy, 2014). 

There are several methods available for monitoring and detecting LULC chang-
es using RS data, yet there is no universal consensus on which model or algorithm 
is the best in all circumstances (Srivastava et al., 2012). In this case, post-clas-
sification change detection methods are known as useful and fast methods that 
compare bi-temporal images collected by satellites at different times (Abd El-Ka-
wy et al., 2011). The post-classification comparison can supply complete from-to 
change information but the classification stage of the algorithm is very time-con-
suming because the accuracy of the classification is very important to achieve an 
acceptable change detection result (Liu et al., 2004). We used the post-classifica-
tion change detection method to detect LULC conversions on Landsat imagery.

A wide range of techniques is available to predict LULC changes, each hav-
ing its own strengths and limitations (Overmars et al., 2003; Verburg and Veld-
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kamp, 2005). These techniques include Logistic Regression approaches, Neural 
Networks, Cellular Automata, Markov chains, Micro-economic, and Multi-agent 
simulations (Verburg and Veldkamp, 2005). In this regard, Markov chain analysis 
is a  random modelling method that has been frequently applied in the analysis 
of LULC dynamics at different scales (Muller and Middleton, 1994). Cellular 
Automata model is a well suited technique for exploring urban growth dynamics 
(Verburg et al., 2006). Therefore, for modelling future LULC changes, the Cellu-
lar Automata-Markov Chain (CA-MC) technique was implemented in this study.

RS and Markov analysis have been applied to predict and model LULC 
change in many studies over different study areas. For instance, Yuan et al. 
(2005) extended a method for mapping and monitoring LULC changes apply-
ing multi-temporal Landsat imagery in the Minnesota metropolitan area in the 
years 1986 to 2002. Their findings indicated that urban land increased, while in 
rural areas land use types like forest, agriculture and wetland reduced. Bhagawat 
(2011) used GIS information to extract land use changes based on statistical 
analysis of four LULC maps of the Kathmandu Metropolitan area. Gong et al. 
(2015) studied the LULC pattern for the city of Harbin, China. They applied 
RS, GIS, and CA-MC model to investigate land dynamics between 1989 and 
2007. Their results showed that the built-up area increased, while croplands de-
creased. Halmy et al. (2015) studied LULC changes between three dates (1988, 
1999, and 2011) in the north-western desert of Egypt using CA-MC integrated 
approach to simulate future changes. The CA-MC model was applied to sim-
ulate LULC changes up to 2023 based on the current trends. Their analysis 
revealed that an important built-up growth happened in the croplands westward 
and northward of the landscape, and expansion in quarries, and development in 
residential centres also occurred in their study area.

The main objectives of the current study are to: 1) provide a map of LULC 
changes in the study area between 1992 and 2011; 2) apply the CA-MC model 
to predict potential changes by 2030 based on the existing trends; and 3) employ 
intensity analysis to calculate the integrity of size and stationarity of land use 
changes. 

2. THE MATERIALS AND METHODS

2.1. The study area

The area of interest spans the Gorgan Township in the Golestan Province, in 
north-eastern Iran (Fig. 1). The city is the capital of the Golestan Province which 
is limited to 54° 10’–54° 45’ E and 36° 44’–36° 58’ N, with a  surface area of 
around 81.16 sq. km. The Caspian Sea and Hyrcanian forests in the northwest 
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and south of the study area are the main environmental characteristics of this 
region. The main land uses and land covers are agriculture and forest (Sakieh 
et al., 2015). The population has increased rapidly in recent years because of high 
growth rate and immigration in the area (Salmanmahiny, 2013). The growth in the 
population caused considerable changes in LULC in the study area, and therefore, 
LULC analysis for sustainable land use has become increasingly important for the 
government of this region. 

Fig. 1. Geographical location of the Gorgan Township in the Golestan Province, north-eastern Iran
Source: own work based on Landsat satellite imagery.

2.2. Database and Image pre-processing

Landsat TM 5 images with a  spatial resolution of 30 m of August 1992 and 
August 2011 were employed for image classification and LULC categorisation. 
These images were downloaded from the USGS database (http://earthexplor-
er.usgs.gov/). The image classification process was conducted in the IDRISI 
Selva software. For supervised classification of temporal RS data, atmospheric 
correction step could be relatively safely ignored since separate classification 
processes can minimise the effect of atmospheric errors (Song et al., 2001). To 
improve visual interpretation, the ENVI software (v4.4) and the linear contrast 
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expansion was used (Linear 2%). Then the bands of Landsat 5 were used to pre-
pare spectral bands except for the thermal band (band 6) and the images were 
cropped for the study area.

2.3. Classification of images

The pre-processed satellite images were categorised applying the supervised maxi-
mum likelihood algorithm (MLC) in the IDRISI Selva software. MLC algorithm is 
one of the most common supervised classification methods utilised for RS images. 
This procedure is based on the foundation of the probability analysis that a pixel be-
longs to a specific class (Rawat and Kumar, 2015). The fundamental theory supposes 
that these probabilities are equivalent for all classes and all input bands have uniform 
distributions. Among other supervised classification methods, MLC is time-consum-
ing and strongly dependent on the normal distribution of data in entire input bands, and 
inclined to over-classify signatures with comparatively large values in the covariance 
matrix; however, the method can also be accurate for LULC classification if training 
samples were selected correctly (Paliwal and Katiyar, 2015). This classification anal-
yses probability for each cell belonging to a specific land use and allocates a cell to 
a land use with the highest probability of membership (Rawat and Kumar, 2015).

The Kappa coefficient and error matrix methods were employed to evaluate 
the mapping accuracy. Five LULC categories including built-up area, forest, agri-
cultural land, remnant vegetation, and water bodies were recognised in the study 
area. To remove the ‘salt and pepper’ effect, a mode filter was applied to the re-
sultant classified images (Nahuelhual et al., 2012).

2.4. LULC change detection and analysis

Change detection analyses illustrate changes between images in the same land-
scape during time intervals. The classified images of different times can detect 
and reveal temporal LULC changes  of a  landscape. This analysis is useful to 
understand changes happening in different classes of LULC such as an increase 
of urban areas or a  decrease in agricultural land (Hegazy and Kaloop, 2015). 
Post-classification comparison was used to  detect  and assess LULC changes. 
A pixel-based comparison was employed in order to produce change information 
on a pixel basis and make the interpretation of the changes more efficient (from-
to change information). The temporal classified images were compared utilising 
cross-tabulation to distinguish qualitative and quantitative changes between 1992 
and 2011. A change matrix (Weng, 2001) was produced in the IDRISI Selva soft-
ware. Consequently, quantitative information was compiled regarding area ex-
tents of different LULC categories and their temporal changes including gains and 
losses between 1992 and 2011.
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2.5. LULC change prediction

There are several methods and analytic tools to predict LULC changes (Overmars 
et al., 2003). The CA-MC is a projection model which illustrates the probabilis-
tic alterations of a distinct category from one state to another. When applied to 
LULC layers, the CA-MC often specifies both time and a limiting set of states 
as distinct values. Transformations between the states of a system are registered 
through a transition matrix which shows probability of altering from one state 
to another (Clark, 1965). The CA-MC is a statistics modelling approach that has 
been frequently employed to analyse the dynamics of the LULC change pro-
cess at various scales (Muller and Middleton, 1994). Furthermore, The CA-MC 
model is a powerful technique for predicting a LULC change and was imple-
mented in different studies (Guan et al., 2011; Kamusoko et al., 2009). Fur-
ther, it can forecast two-way transitions among LULC classes (Pontius and 
Malanson, 2005). The prediction of future LULC change utilising the CA-MC 
model can be accomplished in three steps, i.e. by: 1) using the MC analysis 
between 1992 and 2011 LULC maps to compute transition matrices; 2) com-
puting LULC transition potential maps; and 3) applying the CA model to the 
transition data (matrices and potential maps) to forecast the spatial distribution 
of LULC. We used the statistical data of the population to estimate the required 
area for urban expansion. The population was 418,775 and its growth rate was 
1.9 in the year 2011. 

2.6. Intensity analysis

The size of an LULC change can be derived from the traditional transition ma-
trix; although to achieve a deeper understanding of the LUC, it is necessary to 
connect the patterns of changes to processes (Zaehringer et al., 2015). An in-
tensity analysis is a set of relevant methods that facilitates a deeper evaluation 
of a changing process at multiple levels. This method is an accountancy frame-
work to explain the mechanism of a definite variable within time profiles and to 
quantify the degree to which LULC changes are non-uniform at different levels 
of detail (Aldwaik and Pontius, 2012; Enaruvbe and Pontius, 2015). In addition, 
an intensity analysis (Pontius et al., 2004, 2013; Aldwaik and Pontius, 2012, 
2013; Teixeira et al., 2016) substantiates a quantitative framework with a deep 
analysis of an LULC change, to the former LULC change detection procedure, 
in connection with either a spatial extension or configuration-based attributes of 
a landscape (Hasani et al., 2017). An intensity analysis provides an additional 
level of knowledge since it measures whether a supervised transformation from 
one category to another diverges from an evidently uniform process (Aldwaik 
and Pontius, 2012, 2013). Here we present the technical details of an intensity 
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analysis at three levels of interval, category, and transition. The interval lev-
el evaluates how the size and rate of an LULC conversion differs across time 
profiles. For the corresponding time span, the category level analyses how the 
measure and intensity of gross gains and losses in each land feature alters across 
LULC categories. For a  specific LULC category, the transition level surveys 
how the intensity and size of a category’s transitions change across the other 
categories which are available for that transition (Aldwaik and Pontius, 2012, 
2013). The uniform change hypothesis value is distinctly quantified for each 
of these hierarchical levels. In this procedure the uniform change hypothesis is 
individually quantified for each level.

At each level, the intensity technique searches for stationary patterns across 
time intervals (Zhou et al., 2014). The interval level analyses the stationarity of 
landscape patterns and provides a degree of the similarity of pattern changes in 
different time intervals. The analysis computes the intensity of an annual change 
in various time intervals and then compares each interval’s intensity to a uniform 
intensity rate of change. The category level analysis gives the intensity of annual 
gross gains and losses for each category. The stationarity for the annual gross 
gains and losses means that the intensity of a category’s gain or loss is either larger 
or smaller than the uniform line for all time intervals (Zhou et al., 2014). There-
fore, that category is assumed stationary in terms of gains or losses. The transition 
level calculates the given transition intensity from say category m to category n. 
For the transition level of the gains or losses, stationary means that the gain of 
category n either targets or avoids category m for all time intervals, or the loss 
of category m either targets or avoids category n for all time intervals, so the tran-
sition from m to n is stationary, considering the gain of category n or the loss of 
category m (Zhou et al., 2014; Pontius et al., 2013).

3. THE RESULTS

3.1. LULC cover images

The classified images achieved from pre-processing and supervised classifica-
tion are illustrated in Fig. 2 that shows the magnitude of change for different 
LULC categories. These maps show the LULC patterns of the study area. To 
assess the accuracy of classification, the LULC maps were compared to the 
reference data created using a  collection of 100 sample points (with random 
distribution) on Google Earth. The results of accuracy assessment indicated the 
overall accuracies of 96% for 1992 and 91% for 2011. The Kappa coefficients 
for 1992 and 2011 maps were 0.81 (Table 1). A short description of these results 
is presented below.



250 Mohammad Hasani, Abdolrassoul Salmanmahiny, Alireza Mikaeili Tabrizi 

Table 1. Landsat imagery classification accuracy

Land Use Tm 2011Land Use 1992Variable

0.810.81Kappa Index

9196Total Accuracy (%)

Source: own work

Fig. 2. Temporal LULC layers of Gorgan Township
Source: own work.
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3.2. Change detection analysis

Fig. 2a and Fig. 2b portray the LULC spatial distributional pattern of the Gorgan 
Township area for the years 1992 and 2011, respectively. The main factors of 
land changes were recognised in the study area and completed using the available 
technical reports. The principal type of human-caused land alteration was urbani-
sation (Salmanmahiny, 2013). The LULC variables were calculated to assess land 
changes by applying multi-date satellite images for the period 1992–2011 (Ta-
bles 2, 3 and Fig. 3). These data sets reveal that in 1992 the built-up area covered 
3.25% (23,864 cells), forests covered 24.70% (181,308 cells), agriculture covered 
69.34% (508,938 cells), remnant vegetation covered 2.66% (19,474 cells) and wa-
ter bodies covered 0.05% (366 cells). Up to 2011, the built-up area rose to 5.58% 
(40,983 cells), forest increased slightly and reached 24.97% (183,269 cells), agri-
culture shrank to 66.91% (491,065 cells), remnant vegetation decreased to 2.42% 
(17,762 cells) and water bodies changed to 0.12% (871 cells) (Table 3).

Table 2. Change detection matrix of the Gorgan Township in 1992–2011

Year / LULC categories
 2011

Built-up 
area Forest Agriculture Remnant 

vegetation
Water 
body

1992

Built-up area 21,744 0 0 0 0
Forest 47 174,328 2,581 4,025 327
Agriculture 19,122 3,043 478,568 7,907 298
Remnant vegetation 70 5,898 7,676 5,830 0
Water body 0 0 120 0 246

Source: own work.

Table 3. Area of change in different LULC categories in the Gorgan Township in 1992–2011

LULC categories
1992 2011 Change rate 1992–2011

cell % cell % cell %
Built-up area 23,864 3.25 40,983 5.58 +17,119 +2.33
Forest 181,308 24.70 183,269 24.97 +1,961 +0.27
Agriculture 508,938 69.34 491,065 66.91 -17,873 -2.43
Remnant vegetation 19,474 2.66 17,762 2.42 -1,712 -0.24
Water body 366 0.05 871 0.12 +505 +0.07
Total 733,950 100 733,950 100 0 0

Source: own work.
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Fig. 3. Illustration of LULC changes in percent (1992–2011) in the Gorgan Township
Source: own work.

3.3. CA-MC model results

An examination of the transition probabilities in Table 4 indicates an increase 
in the built-up area and a decrease in agriculture during the studied intervals. In 
each of the study intervals, each LULC category experienced increases in some 
localities and decreases in others (Table 5). The land cover maps of the years 1992 
and 2011 were used to predict the 2030 LULC layer. Future LULC changes and 
statistics are given in Fig. 4 and Table 5.

Table 4. Transitional probability matrix derived from the land use/land cover map in the Gorgan 
Township in 2011–2030

Year / LULC categories
 2030

Built-up 
area Forest Agriculture Remnant 

vegetation
Water 
body

2011

Built-up area 29,693 0 0 0 0
Forest 251 14,0525 14,042 26,386 0
Agriculture 18,448 0 367,601 0 0
Remnant vegetation 35 510 8,492 2,725 0
Water body 0 0 0 0 444

Source: own work.
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Table 5. Land use statistics of the Gorgan Township during 2011–2030 time profile

LULC categories
2011 2030 Change rate 2011–2030

cell % cell % cell %
Built-up area 40,983 5.58 58,994 8.03 +18,011 2.45
Forest 183,269 24.97 183,285 24.97 +16 0
Agriculture 491,065 66.91 473,585 64.52 -17,480 -2.39
Remnant vegetation 17,762 2.42 17,241 2.37 -521 -0.05
Water body 871 0.12 845 0.11 -26 -0.01
Total 733,950 100 733,950 100 0 0

Source: own work.

Fig. 4. Temporal and predicted LULC layers for the Gorgan Township in 2030
Source: own work.

3.4. Results of the intensity analysis

The interval level intensity analysis produced Fig. 5 in which bars to the left of 
the graph display the change areas and those to the right indicate change intensity 
of time intervals. The left side of Fig. 5 reveals that the speed of change in the 
first time interval was larger than that of the second time interval. Based on Fig. 5, 
the uniform change intensity was calculated to be 0.26% of the study area. With 
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regard to the uniform intensity line, if an interval’s bar passes beyond the uniform 
line, it indicates the change is comparatively fast for that time interval, otherwise, 
the change is comparatively slow for that time interval. In this regard, change in-
tensity seems to be slowed through the second time interval in which the intensity 
of the LULC conversions did not exceed the uniform line. 

Fig. 5. Time intensity analysis for the periods 1992–2011 and 2011–2030. The hypothetical uniform 
change intensity at the time interval level is indicated by the dashed vertical line

Source: own work.

The results of the intensity analysis at the category level are shown in Fig. 6. 
In this figure, each category has a pair of bars that indicates gross gain and gross 
loss of the corresponding category. The dashed vertical lines display the value of 
uniform annual change intensity across the study area. If a bar expands beyond 
the dash uniform line, the change is comparatively active for that category; oth-
erwise, the change is comparatively dormant for that category. Bars on the left-
hand side of the graph show gross annual area of losses and gains, while those on 
the right display the intensity of annual gains and losses for each category in the 
study area. Based on Fig. 6, the value of the uniform change intensity was com-
puted to be 0.38% (1992–2011) and 0.15% (2011–2030) in both time intervals. 
Such values indicate that the dynamics of the landscape at an LULC category 
tended to be more intense through the first time interval. Fig. 6 shows that the 
built-up area has the largest size regarding annual gains during both intervals. 
Agriculture has the largest size in terms of the annual losses during both time 
intervals. Forest gains and losses were dormant for both time intervals while the 
gains and losses of remnant vegetation were active during these times. The right 
side of Fig. 6 demonstrates that the bars for loss of remnant vegetation and water 
bodies expand beyond the dash uniform line in both time intervals, indicating 
that the remnant vegetation sustained losses more intensively in the landscape 
compared to other categories.
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Fig. 6. Category intensity analysis for gross gain and gross loss at the category level for the periods 
1992–2011 and 2011–2030

Source: own work.

Fig. 7 illustrates the results at the transition level for the LULC categories. 
Fig. 7 highlights that the intensity change has slowed through the second time 
interval at the transition level of the LULC conversions in general. The left side 
of the graph displays gross annual area of transitions, while the right side of the 
graph displays the intensity of annual transitions. Fig. 7a illustrates results of the 
transition level intensity analysis in relation to transitions from water bodies, rem-
nant vegetation, agriculture and forest to built-up area. Fig. 7a reveals that the 
built-up area gains target agriculture and avoids other categories in the two time 
intervals. Thus, the transition from agriculture to built-up area is stationary, re-
garding the gain of the built-up area. Fig. 7b represents the interactivity between 
the agriculture category and other land features, and shows the annual rate and the 
transition intensity from other categories to agriculture use. Fig. 7b reveals that 
agriculture gains target remnant vegetation and water bodies and avoids forest cat-
egory for both time intervals. Thus, the transition from forest, remnant vegetation 
and water bodies to agriculture is stationary, regarding the gain of the agriculture 
category. This exists when agriculture gains, it tends to gain intensively from both 



256 Mohammad Hasani, Abdolrassoul Salmanmahiny, Alireza Mikaeili Tabrizi 

remnant vegetation and water bodies more than from other categories. Based on 
these results, a series of important systematic transitions in the study area can be 
identified. In this regard, there are systematic transitions from remnant vegetation 
to the agriculture category and from agriculture to built-up area. 

Fig. 7. Transition intensity analysis for two time intervals: 1992–2011 and 2011–2030
Source: own work

4. DISCUSSION

In this paper multiple methods were used to illustrate the dynamics of the study 
area in terms of LULC features, changing intensities, and predictive CA-MC 
model. The main findings of the present study are described in the following par-
agraphs. 

Fig. 2 and 4 display how the overall change is accelerating in the two time 
intervals. Population growth is the major cause of the LULC change process in 
the area (Halmy et al., 2015, Rawat and Kumar, 2015). A population increase 
is one of the important issues that exert heavy pressure on land resources by 
accelerating and intensifying the LULC change process (Nitsch et al., 2012; 
Sakieh et al., 2015). The data recorded in Table 3 and Fig. 3 indicates that sig-
nificant changes (increase and decrease) happened in the LULC pattern of the 
Gorgan Township in the first time interval (1992–2011). Within the initial time 
interval, the built-up area increased from 23,864 cells in 1992 to 40,983 cells in 
2011, which accounts for a 2.33% change of the total study area. Because of the 
forestry projects in nearby cities, forests increased from 181,308 cells in 1992 
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to 18,3269 cells in 2011, which accounts for a +0.27% change. The agriculture 
decreased from 508,938 cells in 1992 to 491,065 cells in 2011, which accounts 
for a -2.43% change. The remnant vegetation decreased from 19,474 cells in 
1992 to 17,762 cells in 2011 which accounts for a -0.24% change. The water 
bodies developed from 366 cells in 1992 to 871 cells in 2011, which accounts 
for a +0.07% change. In the same manner, Table 5 illustrates the LULC change 
pattern of the Gorgan Township in the second time interval (2011–2030). In this 
time interval, the built-up area increased by 2.45% of the total study area. Re-
garding conservation policies implemented in this region, the forest area has not 
changed during this time interval. The agriculture category decreased account-
ing for -2.39%. The remnant vegetation and water bodies decreased accounting 
for -0.05% and -0.01%, respectively.

To understand the LULC changes in the different categories during the sec-
ond time interval, a change detection matrix (Table 4) was prepared, which ex-
hibits that:

I.	 251 cells of the forest cover changed into built-up areas, 14,042 cells to 
agriculture and 26,386 cells to remnant vegetation;

II. 18,448 cells of agriculture transformed into built-up area; and
III. 35 cells of remnant vegetation changed into built up-area, 510 cells in

forest and 8,492 cells converted into agriculture.
In our study, the built-up area category is one of the most dynamic land 

features and the gaining intensities of this land feature are actively targeting 
the loss of agriculture, forest and remnant vegetation. Urban growth is affect-
ing multiple categories in the study area. Agriculture is most impacted by such 
a process (Fig. 7a). There are also heavy systematic transitions from agriculture 
to the built-up area category. This pattern of urban growth is also associated 
with reduced exposure to natural hazards and decreased values for tourism suit-
ability (Hasani et al., 2017). 

Agriculture is another dynamic land feature and the gaining or losing intensi-
ties of this land feature are actively targeting the loss of remnant vegetation, forest 
and water bodies (Fig. 7b). Fig. 7b displays the results for the transitions from 
other categories to agriculture. It reveals that the largest transition is from remnant 
vegetation, then forest and also a small transition from water bodies. In particular, 
this exists when agriculture gains, it tends to gain intensively from both remnant 
vegetation and forest (more than other categories). In addition, remnant vegeta-
tion is mostly interactive with forest category and there are systematic transitions 
from forest ecosystems into this land feature (Sakieh et al., 2016).

Our study indicated that the LULC change intensities in the second time in-
terval decelerated compared to the initial time interval. Furthermore, the results 
showed that by the year 2030, residential and urban centres may consume farm-
lands in the northern part of the study area. 
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5. CONCLUSIONS

In this research we obtained LULC maps using Landsat TM images of the years 
1992 and 2011 and used them to survey the LULC change pattern in the Gorgan 
Township. The intensity analysis helped us provide deeper insight into the land 
units discovered in the LULC studies. The intensity analysis approach not only 
enabled us to study the nature of the LULC classes, but it also supplied valuable 
information about land-use dynamics. 

This study mainly highlighted the mechanism of urban growth in the study 
area, which is occurring at the cost of the consumption of ecologically valuable 
land resources. Between 1992 to 2011 urbanisation increased to about 2.33% due 
to a rapid population growth. Our prediction showed that by 2030 the future urban 
area may increase up to 2.45%. Our findings also indicated a heavy systematic 
transition from agriculture to built-up areas. The results clearly indicate an alarm-
ing direct relationship between urbanisation and agricultural land decrease, which 
is also common elsewhere in the Golestan Province. This increased urban growth 
may have various impacts on infrastructure, land use, natural resources, and the 
economy of the Gorgan Township. With regards to population growth and urbani-
sation, the outcomes of this study can provide important information for informed 
decision making and the protection of natural resources in this area. 
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