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ABSTRACT: 

 

In this study, attempts has been made to find out cellular automata (CA) contiguity filters impacts on Land use land cover change 

predictions results. Cellular Automata (CA) Markov chain model used to monitor and predict the future land use land cover pattern 

scenario in a part of Brahmaputra River Basin, India, using land use land cover map derived from multi-temporal satellite images. 

Land use land cover maps derived from satellite images of Landsat MSS image of 1987 and Landsat TM image of 1997 were used to 

predict future land use land cover of 2007 using Cellular Automata Markov model. The validity of the Cellular Automata Markov 

process for projecting future land use and cover changes calculates using various Kappa Indices of Agreement (Kstandard) predicted 

(results) maps with the reference map (land use land cover map derived from IRS-P6 LISS III image of 2007). The validation shows 

Kstandard is 0.7928. 3x3, 5x5 and 7x7 CA contiguity filters are evaluated to predict LULC in 2007 using 1987 and 1997 LULC 

maps. Regression analysis have been carried out for both predicted quantity as well as prediction location to established the cellular 

automata (CA) contiguity filters impacts on predictions results. Correlation established that predicted LULC of 2007 and LULC 

derived from LISS III Image of 2007 are strongly correlated and they are slightly different to each-other but the quantitative 

prediction results are same for when 3x3, 5x5 and 7x7 CA contiguity filters are evaluated to predict land use land cover. When we 

look at the quantity of predicted land use land cover of 2007 area statistics are derived by using 3x3, 5x5 and 7x7 CA contiguity 

filters, the predicted area statistics are the same. Other hands, the spatial difference between predicted LULC of 2007 and LULC 

derived from LISS III images of 2007 is evaluated and they are found to be slightly different. Correlation coefficient (r) between 

predicted LULC classes and LULC derived from LISS III image of 2007 using 3x3, 5x5, 7x7 are 0.7906, 0.7929, 0.7927, 

respectively.  Therefore, the correlation coefficient (r) for 5x5 contiguity filters is highest among 3x3, 5x5, and 7 x 7 filters and 

established/produced most geographically / spatially distributed effective results, although the differences between them are very 

small. 

 

 

                                                                 
*  Corresponding author 

 

1. INTRODUCTION 

CA Markov model combines both the concept of a CA filter and 

Markov chain procedure. Markov chain and CA both is the 

discrete dynamic model in time and state. The transition 

probabilities may be accurate on per category basis, but there is 

no knowledge of the spatial distribution of occurrences within 

each LULC category. CA will add spatial character to the 

model. CA is a discrete dynamic system in which the state of 

each cell at time t+1 is determined by the stated of its 

neighboring cells at time according the pre-defined transition 

rules. CA as a method with temporal-spatial dynamics can 

simulate the evolution of things in two dimensions. Using the 

outputs from the Markov chain analysis, the transition matrix, 

CA Markov will apply a contiguity filter to ‘grow out’ LULC 

from the time two to a later time periods. CA Markov will use 

the transition areas tables and the conditional probability 

images to predict land use and land cover changes over the 

periods specified in Markov chain analysis. Although, the 

transition probabilities are accurate on a per category basis, 

there is no knowledge of the spatial distribution of the 

occurrences within each category i.e., there is no spatial 

components in the outcome. In essence, the CA will develop a 

spatially explicit weighting factor which will be applied to each 

of the suitability, weighting more heavily areas that proximate 

to existing LULC. This will ensure that land use and land cover 

change occur proximate to existing, like LULC classes and not 

wholly random. CA Markov will produce much better results 

geographically using the contiguity filter; those areas likely to 

change will do so proximity to existing LULC classes. The 

Markov model alone lacks knowledge of spatial dependence. 

CA Markov gives more spatially dependence results. CA can 

add spatial characteristics to the model. In other words, the 

main problem of Markov analysis is that it is insensitive to 

space and it provides no sense of geography. Although the 

transition probabilities may be accurate for a particular class as 

a whole, there is no spatial element to the modeling process. CA 

adds a spatial dimension to the model. 

CA adds a spatial dimension to the model. 
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1.1. CELLULAR AUTOMATA (CA) MARKOV MODEL  

 

CA was firstly used by Von Neumann (1966) for self-

reproducible systems. In CA, Von Neumann neighborhood 

comprises of four cells orthogonally surrounding a central cell 

on a two-dimensional square lattice (Figure 1a). The 

neighborhood is named after John von Neumann. It is one of 

the two most commonly used neighborhood types, the other one 

being the 8-cell Moore neighborhood. It is similar to the notion 

of 4-connected pixels in computer graphics (Figure 1b). 

 
 

Figure 1.a. The Von Neumann neighbor of cell ‘1’; Figure 1b: 

The Moore neighbor of cell ‘1’ 
 

A CA filter is used to generate a spatial explicit contiguity-

weighting factor to change the state of cells based on its 

neighbors. The filter is integral to the action of the CA 

component. Its purpose is to down-weight the suitability’s of 

pixels that are distant from existing instances of the land cover 

type under consideration. The net effect is that to be a likely 

choice for land cover conversion, the pixel must be both 

inherently suitable and near to existing areas of that class. The 

3x3, 5x5 and 7x7 contiguity filters have the following kernel: 

 

 

 
CA Markov is a combined CA, Markov Chain, Multi-Criteria 

Evaluation (MCE), Multi-Objective Land Allocation (MOLA) 

LULC prediction procedure that adds an element of spatial 

contiguity as well as knowledge of the likely spatial distribution 

of transitions to Markov chain analysis. CA Markov uses CA 

procedures in combination with Markov Chain analysis and 

MCE and MOLA routines. The transition probability matrix 

from a Markov Chain analysis of two prior LULC maps 

establishes the quantity of expected land use and land cover 

change from each existing category to each other category in the 

next time period. The basic LULC image [the later (second) 

land cover image of two time periods used in the Markov Chain 

analysis] is used as the starting point for change simulation. 

Suitability maps (here, evidence likelihood map) for each land 

cover establish the inherent suitability of each pixel for each 

land cover type. However, a contiguity filter down-weights the 

suitability of pixels far from existing areas of that class (as of 

that iteration), thus giving preference to contiguous suitable 

areas. The filter is integral to the action of CA component. Its 

purpose is to down-weight the suitability of pixels that are 

distant from existing instances of LULC type under 

consideration. The net effect is that to be a likely choice for 

LULC conversion, the pixel must be both inherently suitable 

and near to existing areas of that class. CA Markov 

automatically normalizes the filter kernel to force the values to 

sum to 1 (thus the values ultimately vary from 0 to 0.0076). 

This filter is passed over a Boolean image for each class from 

the current land cover image within each iteration. Following 

this, a value of 0.1111 is added to the filtered results to produce 

a set of weight images. These are multiplied by the original 

suitability maps to down-weight suitabilities distant from 

existing areas of each class. The results are then stretched back 

to a byte (0-255) range. The net effect is that down-weighted 

suitabilities never exceed a down-weighting in excess of 90% of 

their original value. This ensures that suitable areas can be 

found if none are available in proximate areas (Eastman et al., 

2009). 

 

2. CALIBRATION OF THE CELLULAR AUTOMATA 

(CA) MARKOV MODEL 

 

CA Markov model have been used to monitor and predict the 

future land use land cover in a part of Brahmaputra River Basin, 

India, using land use land cover map derived from multi-

temporal satellite images (Figure 2). Land use land cover maps 

of the study area have been digitally classified from multi 

temporal satellite images i.e, Landsat MSS image of 1987, 

Landsat TM image of 1997 and IRS-P6 LISS III image of 2007  

(Figure 2 and Table 1). Land use land cover maps derived 

(Figure 3, Table 2) from satellite images of Landsat MSS image 

of 1987 and Landsat TM image of 1997 were used to predict 

future land use land cover of 2007 using Cellular Automata 

Markov model. The validity of the Cellular Automata Markov 

process for projecting future land use and cover changes 

calculates using various Kappa Indices of Agreement 

(Kstandard) predicted (results) maps with the reference map, 

land use land cover map derived from IRS-P6 LISS III image of 

2007 (Figure 3, Table 2). The validation shows Kstandard is 

0.7928. 3x3, 5x5 and 7x7 CA contiguity filters are evaluated to 

predict LULC in 2007 using 1987 and 1997 LULC maps. 

 

 
 

Figure 2. Location and satellite images of study area 
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Table 1: Details of satellite data used in the study 

 

 
 
Figure 3. Classified Land Use Land Cover Map of 1987, 1997 

and 2007 

 

 
 

Table 2: Area statistics of LULC (land use land cover) 

To predict land use and land cover change for next 10 year 

using known LULC of 1987 and 1997, probability statistics for 

land use and land cover change for 2007 has been generated 

through cross tabulation of two LULC maps. Thus, CA Markov 

model combines both the concepts of Markov chain procedure 

and CA filters, after getting Markov transition probability, CA 

Markov used the transition probability matrix (Table 3) and 

probability images (here, suitability / evidence likelihood map) 

(Figure 4) to predict the LULC over a 10 years period i.e., 

2007. The total numbers of iterations are based on the number 

of time steps, for 10 years model will choose to complete run in 

10 iterations. With each pass, LULC suitability image is re-

weighted as a result of the contiguity filter on each existing 

LULC. Once re-weighted the revised suitability maps are the 

run through MOLA (Multi Objective Land Allocation), to 

allocate 1/10 of the required land in first run and 2/10 in second 

run and so on until the full allocation of land for each LULC 

category is obtained. 

 

 
 

Table 3.  Transition probability matrix of 1987 and 1997 LULC 

 

 
 
Figure 4. Suitability (evidence likelihood) map used to predict 

future LULC 

 

The transition probability matrix has been determined how 

much land is allocated to each LULC category over 10 year 

period. Within each iteration, every LULC class typically loses 

some of its land to one or more other categories (and at the 

same time it may also gain land from others). Thus within the 

consideration of each host within each iteration, claimant 

classes select land from the host based on the suitability map for 

the claimant class. Since there will commonly be competition 

for specific land parcels, this process of land allocation is 

undertaken using a MOLA. The CA component arises in part 

from the iterative process of land allocation, and in part from a 

filtering stage with each iteration that reduces the suitability’s of 

land away from exiting areas of that type. By filtering a Boolean 

mask of the class being considered, the mean filter yields a 
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value of 1 when it is entirely within the existing class and when 

it is entirely outside. However, when it crosses the boundary, it 

will yield values that quickly transition from 1 to 0. This result 

is then multiplied by the suitability image to that class. Note 

that class is defined at each step to incorporate new area of 

growth, and 3x3, 5x5 and 7x7 CA contiguity filters are 

evaluated to predict LULC in 2007 using 1987 and 1997 LULC 

maps. CA Markov is computationally intensive - a typical run 

involved several thousand GIS operations. The net results of 

this iterative process are that land use and land cover change 

develops as a high suitability proximate to existing areas. 

 

3. SIMULATED (PREDICTED) RESULTS AND EFFECT 

OF CONTIGUITY FILTERS ON SIMULATED 

(PREDICTED) RESULTS 

 

3.1. Predicting Quantity   

 

Fourteen LULC classes are used to compute Markov transition 

probabilities and to predict the future LULC. The quantitative 

results are shows in Table 4 and Figure 5. Analysing from the 

quantitative figures of simulated-forecasted, predicted 14 

scenarios are slightly different from LULC derived from LISS 

III image of 2007. Relative difference in predicted LULC of 

2007 and LULC derived from LISS III image of 2007 ranges 

between (+) 15.88 km² and (-) 16.26 km² only. This difference 

is small, ± 1.34 km² per year in a study area of 413.98 km². 

Correlation between predicted two LULC classes are strong, 

where r = 0.983 and R² = 0.967 (Figure 6). It is established that 

predicted LULC of 2007 and LULC derived from LISS III 

Image of 2007 are strongly correlated; they are slightly different 

to each-other. 

 

 

 
 

 

Table 4. Area statistics of predicted LULC of 2007 using 1987 

& 1997 LULC image and LULC derived from LISS III image 

of 2007 

 

 
 

Figure 5. Area statistics of predicted LULC of 2007 using 1987 

& 1997 LULC image and LULC derived from LISS III image 

of 2007 

 

 
 
Figure 6. Relationship between predicted LULC of 2007 (using 

1987 & 1997 LULC image) and LULC derived from LISS III 

image of 2007 

 

3.2. Predicting Locations 

 

The predicted results of LULC, (using 1987 and 1997 LULC 

maps) by using 3x3, 5x5 and 7x7 CA contiguity filters in CA 

Markov model are shows in Figure 7, Figure 8 and Figure 9, 

respectively. When we look at the quantity of predicted LULC 

of 2007 area statistics derived by using 3x3, 5x5 and 7x7 CA 

contiguity filters, the predicted area statistics are the same. But 

when we look the area statistics of LULC derived from LISS III 

images of 2007 and predicted LULC of predicted LULC 

derived by using 3x3, 5x5 and 7x7 CA contiguity filter, these 

are slightly different as mentioned in previous paragraph. The 

spatial difference between predicted LULC of 2007 and LULC 

derived from LISS III images of 2007 is evaluated and they are 

found to be slightly different. Regression analysis of three pairs 

of images (predicted LULC of 2007 using 3x3 filter and LULC 

derived from LISS III images of 2007; predicted LULC of 2007 

using 5x5 filter and LULC derived from LISS III images of 

2007; predicted LULC of 2007 using 7x7 filter and LULC 

derived from LISS III images of 2007) established the spatial 

relationship amongst them. The linear equations derived from 

the regression analysis give us an idea about how much are 

these spatially related. Correlation coefficient between predicted 
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LULC classes using 3x3 CA filters and LULC derived from 

LISS III image of 2007 is r = 0.7906 (Figure 10) where 

Correlation between predicted LULC classes using 5x5 CA 

filters and LULC derived from LISS III Image of 2007 is r = 

0.7929 (Figure 11) and correlation coefficient (r) between 

predicted LULC classes using 7x7 CA filters and LULC derived 

from LISS III image of 2007 is r = 0.7927 (Figure 12). 

Therefore, the 5x5 contiguity filters (correlation coefficient (r) 

when using 5x5 filters is highest among 3x3, 5x5, and 7 x 7 

filters) produce most geographically / spatially distributed 

effective results, although the differences between them are very 

small. 

 

 
 

Figure 7. Predicted LULC of 2007 using 1987 & 1997 LULC 

image (3x3 contiguity filter, 10 iterations) 

 

 

 
 

Figure 8. Predicted LULC of 2007 using 1987 & 1997 LULC 

image (5x5 contiguity filter, 10 iterations) 

 

 
 

Figure 9. Predicted LULC of 2007 using 1987 & 1997 LULC 

image (7x7 contiguity filter, 10 iterations) 

 

 
 

Figure 10. Spatial relationship between predicted LULC of 

2007 (using 3x3 contiguity filter) and LULC derived from LISS 

III image of 2007 (references image) 

 

 
 

Figure 11. Spatial relationship between predicted LULC of 

2007 (using 5x5 contiguity filter) and LULC derived from LISS 

III image of 2007 (references image) 
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Figure 12. Spatial relationship between predicted LULC of 

2007 (using 7x7 contiguity filter) and LULC derived from LISS 

III image of 2007 (references image) 

 

3.3. Validation of Simulated / Predicted Results - Kappa for 

Quantity and Location   

 

Pontius et al. (2002) suggested how to use measurements of 

both - the quantity and the location of land categories for 

prediction over several decades at multiple resolutions and  also 

suggested the use Kappa statistics for testing  the accuracy in 

terms of location (Kappa for location) and quantity of correct 

cells (Kappa for quantity). This provides a method to measure 

agreement between two categorical images, a "comparison" map 

here the predicted LULC of 2007 and a "reference" map i.e., 

LULC map derived from IRS-P6 LISS III image of 2007. The 

comparison map is the result of CA Markov model simulation 

results, whose validity is being assessed against a reference map 

that depicts reality. The validation offers one comprehensive 

statistical analysis for 3x3, 5x5, 7x7 contiguity filters that 

answered that the quantity is same for 3x3, 5x5 and 7x7 filters 

(Table 5, Table 6, Table 7, respectively) but spatially (Kappa 

Index of Agreement -  Kappa for location) slightly different 

(Table 8). Kno are 0.8290, 0.8347, 0.8226 for 3x3, 5x5, 

7x7 contiguity filters, respectively. Klocation  and  KlocationStrata  are 

0.8513, 0.8591, 0.8427 for 3x3, 5x5, 7x7 

contiguity filters, respectively. The Kstandard for 5x5 filters is 

0.7928 whereas Kstandard for 3x3 filters is 0.7857 and for 7x7 

filters is 0.7777. The results also indicating one more important 

facts that CA Markov model’s ability to specify grid cell level 

location of future change is nearly perfect (here Klocation value is 

0.859, where Klocation value of 1 is perfect). 

 

 
Table 5.  Agreement/disagreement according to ability to 

specify accurately quantity and location  to predict 2007 LULC 

using 3x3 contiguity filter 

 
 

Table 6.  Agreement/disagreement according to ability to 

specify accurately quantity and location to predict 2007 LULC 

using 5x5 contiguity filter 

 

 
 

Table 7.  Agreement/disagreement according to ability to 

specify accurately quantity and location  to predict 2007 LULC 

using 7x7 contiguity filter 

 

 

 3x3 

Contiguity 

Filter 

5x5 

Contiguity 

Filter 

7x7 

Contiguity 

Filter 

Kno 0.8290 0.8347 0.8226 

Klocation 0.8513 0.8591 0.8427 

KlocationStrata 0.8513 0.8591 0.8427 

Kstandard 0.7857 0.7928 0.7777 

 

Table 8. Kappa Index of Agreement to ability to specify 

accurately quantity and location  to predict 2007 LULC using 

3x3, 5x5, 7x7 contiguity filter 

 

4. CONCLUSIONS 

 

CA Markov LULCC simulation and forecast model is a 

meaningful exploration by combining of the process of CA and 

Markov chain analysis, which takes the complexity of 

combination CA, Markov chain, multi-criteria evaluation 

(MCE), and multi-objective land allocation (MOLA) into land 

use and land cover change account. The spatial simulation 

accuracy of CA Markov model is also good, not only 

quantitatively as well as spatially. Quantitatively it’s near 

reality. Spatially also, it’s also near reality. After getting 

suitable parameters (drivers variables), we can get the results 

that is close to the reality. The results of simulation are not just 

a kind of probability, as well as spatial expression has great 
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meanings for revealing LULCC dynamic mechanism, exploring 

the simulate and forecast the spatio-temporal pattern and 

distribution of LULCC in the future in different scenarios. 

Regression analysis have been carried out for both predicted 

quantity as well as prediction location to established the cellular 

automata (CA) contiguity filters impacts on predictions results. 

Correlation established that predicted LULC of 2007 and LULC 

derived from LISS III Image of 2007 are strongly correlated and 

they are slightly different to each-other but the quantitative 

prediction results are same for when 3x3, 5x5 and 7x7 CA 

contiguity filters are evaluated to predict land use land cover. 

When we look at the quantity of predicted land use land cover 

of 2007 area statistics derived by using 3x3, 5x5 and 7x7 CA 

contiguity filters, the predicted area statistics are the same. 

Other hands, the spatial difference between predicted LULC of 

2007 and LULC derived from LISS III images of 2007 is 

evaluated and they are found to be slightly different. Correlation 

coefficient (r) between predicted LULC classes and LULC 

derived from LISS III image of 2007 using 3x3, 5x5, 7x7 are 

0.7906, 0.7929, 0.7927, respectively.  Therefore, the correlation 

coefficient (r) for 5x5 contiguity filters is highest among 3x3, 

5x5, and 7 x 7 filters and established/produced most 

geographically / spatially distributed effective results, although 

the differences between them are very small. Kappa Index of 

Agreement (Klocation  and  KlocationStrata) are 0.8513, 0.8591,0.8427 

for 3x3, 5x5, 7x7 contiguity filters, respectively. Kappa Index 

of Agreement (Klocation  and  KlocationStrata) also showing highest 

for 5x5 contiguity filters among 3x3, 5x5, and 7 x 7 filters. 
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