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Abstract 

The urban share of the Indian population jumped from 18% in 1961 to 31.16% in 2011 (Gupta et.al2013). This huge spurt in growth 

of the population is putting a huge demand on available land resource. Increasing population results in outward sprawl and growth of 

the town. This outward growth is causing the transformation of agricultural land and forest land into the habitant areas. An 

understanding of spatial extent of land cover changes at a regional scale is of great importance since it would facilitate the 

quantification of changes over a period of time and its analysis in terms of rate of change (Blaschkeet al., 2004; Khanday and Javed, 

2009; Yuan et al., 1998). The hybrid Cellular Automata Markov (CA–Markov) method allows multiple classes and can replicate the 

alteration from one category to another. Thus this hybrid method is an important approach to model both spatial and temporal 

changes (Eastman, 2006). To predict urban growth in Gandhinagar, LANDSAT Multispectral, TM, ETM+, and OLI/TIRS images for 

five decades (1972, 1977, 1987, 1994, 2000, 2008, 2015 and 2019) were used for Land use mapping. In the CA Markov model used 

for the study, Markov Chain Analysis describes land use change from one period to another and was used as the basis to project 

future changes. The objective of the study was to predict the land cover maps using CA Markov model in the study area, validate the 

maps by comparing land cover maps produced by image classification and predict future growth scenarios. The land use land cover 

for the year 2008, 2015 and 2019 are simulated and the simulation results are compared with the actual classified maps of the same 

years. To assess the accuracy of the predicted maps and validation of the model, several methods were used like calculating 

agreement and disagreement parameters etc. The LULC for the year 2025 and 2030 were predicted using the model. The results show 

that from 1972 to 2019, there is considerable decrease in the cultivated and vegetation cover. This can be attributed to the rapid urban 

growth in parts of Gandhinagar planning area. Between 1972 and 2019, the urban area has grown significantly by 42%. The major 

part of urbanization during the mentioned time interval has occurred in the central and western part of the city. On the eastern side 

the city is bounded by Sabarmati river which has led to urban expansion on the western front.  

Keywords: Use Land Cover Change (LULC), Operational Land Imager (OLI), Thermal Infrared Sensors (TIRS), 

Introduction 

The urbanization process represents a formidable 

challenge and attracts attention towards cities that 

are expected to achieve gather more population and 

supply citizens with proper services in an efficient 

manner. In India, situation isn't any longer different 

and therefore the demographic shift has likewise led 

to an increasing proportion of Indians living in 

cities. The urban share of the Indian population 

jumped from 18% in 1961 to 31.16% in 2011 

(Gupta et al., 2013). This sudden growth within the 

population is generating the demand of land which 

ends up in outward growth of the town. This 

outward growth is causing the transformation of 

agricultural land and forest land into the habitant 

areas. This evolution of land is adversely affecting 

the ecology and environment of that specific area 

like rise in temperature and global climate change. 

Hence, urban growth has become a matter of 

concern for the biological and environmental 

sustainability. For avoiding things of conurbation, 

optimum planning is required. Land Cover Land 

Use studies are involved in work are numerous and 

varied, starting from international wildlife to 

conservation foundations to government researchers 

and forestry companies (Burak et al., 2004). 

Although the terms Land Cover and Land Use are 

often used, their actual meanings are quite different, 

it's important to explain these differences, and 

therefore the information which will be as certained 

from each manner. This study shows the results of a 

study done to measure the urban sprawl in 

Gandhinagar city, India through cellular automata CA-

Markov model. CA-Markov model can successfully be 

used to study the urban in rapid changes growing cities. 

The connection between CA-based urban growth 

models and GIS provides a concept in urban modeling 

and expansion in a practical manner providing the 

possibility. 

During the mid-1980s, CA models were proposed as 

alternative to traditional models due to their simplicity, 

capability of dynamic spatial simulation and the 

potential in generating high resolution modelling 

through the capabilities of GIS and remotely sensed 
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data (Torrens and O’Sullivan, 2001). GIS/RS and CA- 

Markov models are applied to study urban growth 

patterns the world over; very few studies have applied 

these methods to examine the urban growth of 

Gandhinagar. A hybrid model consisting of logistic 

regression model, Markov chain and cellular automata 

(CA) was designed to improve the performance of the 

standard logistic regression model to simulate urban 

expansion (Jokar et al., 2013). It is depended on 

specific types and rules entitled land use 

transformation CAs represent local raster-based 

simulation for modelling urban expansion for discrete 

time steps (Shafizadeh Moghadam and Helbich, 2013; 

Guan et al., 2011). Moreover, GIS can majorly useful 

to detect and judge the active changes of land use 

conversion (Celik, et al., 2019; Sekertekin et al., 2016). 

At the most rudimentary level a CA is an array (or 

lattice) of regular cells. At any given time, a particular 

cell is in one of a finite number of allowed states and 

its state changes based on the states of its neighbouring 

cells in the lattice as per a uniformly applied set of 

transition rules. Cells change their states iteratively and 

synchronously through the repeated application of 

these transition rules. CA is thus composed of five 

principle elements:(i) Lattice: The space in which the 

cell exists (ii) Cell State: State of the cell out of the 

given finite number of states (iii) Contiguous 

Neighbourhood: The cells adjacent to a particular cell 

(iv) Transition Rule: Transition rules define the state of 

a given cell in the next time period based on the 

present state of the cells itself and that of its 

neighbouring cells (v) Temporal space: Time steps in 

which CA the evolutes. 

The Markov Chain is an adventitious development that 

illustrates the expectation of one state being change to 

another state. The Markov Chain built explanatory key 

output that determines the expectation of change from 

one category (e.g. agricultural lands) to another 

category (e.g. built-up), which is called transition 

probability matrix. 

The CA–Markov model does multiple principle 

evaluation function which combine CA and Markov 

Chain modules together. The change that is predicted 

to achieve through Markov Chain analysis, transition 

area matrix, CA–Markov appeal a contiguity kernel to 

‘grow out’ a land-use maps to a future time period 

using a CA function. Therefore, this method is able to 

move the results of the Markov Chain by CA function 

to proper outcomes (Pontius et al. 2004a). The 

reliability and precision of this module will be 

inspected and indicated. A CA–Markov model is a 

robust approach in terms of quantity estimation as well 

as spatial and temporal dynamic modelling of LULCC, 

because GIS and remote sensing data can be capably 

incorporated. Biological and social and economic data 

could be used first to elaborate preliminary conditions, 

and secondary to specify the Markov–CA model and 

then to study transition probabilities; and then, to 

describe the area rules with progress in future maps 

(Kamusoko et al. 2009). There are several LULC 

modelling scenarios that have been used in this area, 

such as the CA model, the Markov Chain, and other 

approaches; however, in each of these approaches, 

there is no accurate prediction of future direction. 

Thus, in this research, CA– Markov model will be used 

to determine changes in the study area. With the aim of 

simulating future land-use maps, a set of land-use maps 

of the study area for 1972-2019 were extracted through 

Landsat TM, ETM, ETM+ images. 

Research Objective 

 The main objective of the study was to predict 

the land use land cover maps using CA Markov model 

in the study area, validate the maps by comparing land 

cover maps produced by image classification and 

predict future growth scenarios. 

 One of the basic objectives of this research is 

to understand and quantify the temporal and spatial 

patterns of LULC, as well as model and predict its 

consequences. 

The small objective of this project is also to generate 

land use/land cover map using different classification 

methods of remotely sensed data of LANDSAT. 

Materials and Methods 

Study Area 

  Figure 1: Location Map of Gandhinagar in Gujarat. 

Gandhinagar is that the capital city of Gujarat in India 

and is situated approximately 23 km north of 

Ahmedabad, on the west central point of the 

commercial corridor between Delhi, the political 

capital of India, and Mumbai, the financial capital of 

India. Gandhinagar, Gujarat's new capital city, lies on 

the west geographical area of the Sabarmati River, 

about 545 km (338 miles) north of Mumbai, the 

financial capital of India and 901 km (560 miles) 

southwest of Delhi, the political capital. There's a 

provision of parks, extensive planting and a 

recreational area along the river giving town a green 

garden-city atmosphere. Gandhinagar has a mean 

elevation of 81 m. The town sits on the banks of the 

Sabarmati River, in north-central-east Gujarat. The 

20,543 km2 area around Gandhinagar is defined by 

Gujarat capital territory. It spans a part of 205 km2. 

The river frequently dries up within the summer, 

https://www.sciencedirect.com/science/article/pii/S1110982314000180#bb0075
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leaving only a tiny low stream of water. Gandhinagar is 

India's tree capital with 54% green cover on its acreage 

(Negi, et al., 2019; Panchal et al., 2021; Sutariya et al., 

2021). 

Methodology 

In this study, satellite image data, ground truth data 

collected from field was used. The collected data were 

compiled and analyzed systematically by keeping in 

view of the objectives of the study. In this study, 

multispectral sensors, Thematic Mapper, Enhanced 

Thematic Mapper Plus of  Landsat 1,2, 5, & 8 

multispectral digital data (spatial resolution 60m) of 

winter season of October-1987, November-1987, 2019, 

December-1972, 2019, Thematic Mapper data (Spatial 

resolution 30m), Enhanced Thematic mapper Plus data 

(Spectral resolution 30m) of starting of summer from 

March-1977, 1994, 2015, April-2000, 2008. 

Figure 2: Landsat Multispectral image covering 

Gandhinagar area 

The identity and site of several the land cover types 

like urban, agriculture, wetland, are referred to as prior 

through a mixture of field work and their experiences. 

The analyst attempts to locate specific sites within the 

remotely sensed data that represent homogeneous 

samples of these known land cover types called as 

training sites. Multivariate statistical parameters are 

calculated for these training sites. Every pixel both 

inside and out of doors the training sites is evaluated 

and assigned to the category of which it's highest 

likelihood of being member. Supervised classification 

has been in dire straits preparation of the Land use 

map. The chosen training classes were completely 

supported visual interpretation of user. Training sites 

are the areas, selected by an analyst within the image 

which is representative of the land cover classes of 

interest. Nearly 30 sample plots are collected belonging 

to same land use and land cover categories for each 

training site which were merged further into single 

class. The Maximum likelihood classification (MLC) 

method has been used in the study. In this, the 

likelihood itself selects the set of values of the model 

parameters that maximizes the likelihood functions. 

For improving the classification results recoding has 

been done. The urban area has been extracted from the 

land use/land cover maps. By overlaying all extracted 

urban area, the direction of the growth pattern can be 

estimated. Different supervised classification methods 

are used for LULC change detection.  

The CA–Markov model could be a multi-criteria 

evaluation function which integrates CA and Markov 

Chain modules together. Using the amount of change 

that is expected to achieve through Markov chain 

analysis, particularly the transition area matrix, CA-

Markov applies a contiguity kernel to grow out a land 

use map to a later period of your time through a CA 

function. The knowledge and accuracy of this module 

are going to be examined and demonstrated. A CA-

Markov model may be a robust approach in terms of 

quantity estimation moreover as spatial and temporal 

dynamic modeling of LULCC, because GIS and 

remote sensing data could also be capably 

incorporated. Biophysical and socio-economic data are 

often familiar with first define preliminary conditions, 

and second to parameterize the Markov-CA model then 

to analyze transition probabilities, and to work out the 

neighborhoods rules with transition potential maps. 

In the CA–Markov model, the Markov Chain manages 

temporal dynamics among the land use/cover 

categories, based on transition probabilities, while the 

spatial dynamics are controlled by local rules 

determined either by the CA spatial filter or transition 

potential maps.  

Figure3: Methodology Flow-chart to conduct study 
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Figure-4: Multi-date classified images generated using Landsat covering Gandhinagar. 

Accuracy Assessment is a important part of any 

classification project. If compares the classified image 

to another data source that is compared to be accurate. 

Kappa is used to control only those instances that may 

have been correctly classified by chance. 

 Jadawala et al., / IJEGEO 8(3): 337-343 (2021) 



 Jadawala et al., / IJEGEO 8(3): 337-343 (2021) 

341 

Table 1: Accuracy Assessment for LULC Classification (1972-2019) 

S. No. 
Year Kappa Statistics S. No. Year Kappa Statistics 

1 1972 0.8540 5 2000 0.8925 

2 1977 0.7842 6 2008 0.8246 

3 1987 0.9034 7 2015 0.7931 

4 1994 0.8805 8 2019 0.8571 

Table 2: Periodical Percentage rate of Change of LULC classes 

Sr. No. Classes 
(1972-

1977) 
(1977-87) (1987-94) 

(1994-

2000) 

(2000-

2008) 

(2008-

2015) 

(2015-

2019) 

1 Settlement 2.27 3.23 2.14 1.94 2.22 2.98 1.14 

2 Waterbodies 0.00 0.02 0.01 0.07 0.45 0.22 0.17 

3 Vegetation -0.12 -3.19 -1.05 -2.89 -0.36 -3.10 -1.65 

4 Open Area 1.35 1.90 3.31 0.20 1.11 1.10 2.12 

5 Agriculture -0.26 -0.75 -0.31 -0.45 -0.31 -0.12 -0.20 

One of the basic objectives of this research is to 

understand and quantify the temporal and spatial 

patterns of LULC, as well as model and predict its 

consequences. An understanding of spatial extent of 

land cover changes at a regional scale is of great 

importance since it would facilitate the quantification 

of changes over a period of time and its analysis in 

terms of rate of change. Change detection is the 

process of recognizing variation in the condition of a 

feature or phenomenon by examining and monitoring it 

at different time. Change detection in LULC can be 

executed on yearly basis in an environment which is 

prone to dynamic Magnitude of change can be assessed 

by analyzing the areal extent of the change in land 

cover classes. Five time-sequentially classified images 

corresponding to 1972, 1977, 1987, 1994, 2000, 2008, 

2015 and 2019 are used to monitor the magnitude of 

changes in LULC pattern in study area.  

Nature of Change is often assessed by analyzing the 

change trajectories in land cover classes over time. 

These trajectories are described as trends over time 

which is responsible for changes in earth resource 

dynamics in a particular area. These changes occur due 

to changing circumstances at regional and local level 

depending upon various factors. The generic pattern of 

change can be identified as a sequence of land use 

changes over an area. In this study, trajectories of land-

cover change are generated which refer to successive 

land-cover types for a given pixel over period of 

observation. The post classification change detection 

results in a category wise map which denotes the land-

cover classes at the two period of time for every pixel. 

These “from” and “to” identifiers enable the definition 

of logical land-cover change trajectory. Land Cover 

changes in an area are generally discrete, which result 

in complex landscape and mixed cover types (Clarke et 

al., 1997). It is crucial to amalgamate this complexity 

into the investigation of land-cover-change processes 

so that a better understanding regarding causes of 

change is achieved and acquire improved ability to 

predict likely changes. The change trajectories may be 

categorized into three generic classes namely 

unchanged, stable changes and unstable changes. 

Temporal change trajectories were generated for every 

class to assess the spatial pattern of change within the 

area. Figure – depicts temporal change trajectories for 

LULC classes. 

Figure 5: Temporal Change Trajectories for LULC 

classes 

Conclusion 

The main objective of this project is to generate land 

use/land cover map using different classification 

methods of remotely sensed data of LANDSAT. Image 

classification method is being carried out by digitizing 

the image, and it has been done to identify the different 

features. For digitization and classification our area of 

interest is GANDHINAGAR in Gujarat state and the 

major classes identified are Settlement, Water bodies, 

Vegetation, Open area, Agriculture. Moreover, 

supervised classification easily helps to identify the 

major features helps us to determine the healthy 

vegetation, urban growth sprawl, etc. In this step the 

simulated outcome is compared with the referenced 

map. For the simulated land use/cover maps for 1972-

2019 were compared with the actual satellite-derived 

land use/cover maps of 1972-2019 based on the Kappa 

statistic with GIS software using the land use maps for 

1972-2019. The results attained from model calibration 

were evaluated using Kappa coefficient. The statistics 

indicate how well the comparison map agrees with the 

reference map. Its value varies between 0 -1. The value 

1 indicates the perfect matching of simulated and the 

reference map and vice versa. 



 Jadawala et al., / IJEGEO 8(3): 337-343 (2021) 

342 

Land use land cover mapping and change detection 

have increasingly been recognized as one of the most 

effective tools for environmental resource 

management. It can be concluded from the results that, 

till the year 2019 even in future, there will be 

considerable decay in the agricultural and vegetation 

because of the rapid urban growth in parts of 

Gandhinagar planning area. The results show that from 

1972 to 2019, there is considerable decrease in the 

cultivated and vegetation cover. This can be attributed 

to the rapid urban growth in parts of Gandhinagar 

planning area. Between 1972 and 2019, the urban area 

has grown significantly by 42%. The major part of 

urbanization during the mentioned time interval has 

occurred in the central and western part of the city. On 

the eastern side the city is bounded by Sabarmati River 

which has led to urban expansion on the western front.  

In future work, vegetation and water bodies area 

should be remain same or increase to maintain 

economic and ecological parameters, which is our main 

objective. On the other side sudden growth in 

settlement is also an increase in development, though 

urban growth is good but urban sprawl is a big issue 

these days. 
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