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Exercise 1. Use Landscape indexes 

Almost all landscapes have a need for this specialized set of skills due to the ubiquity of wetlands 

and aquatic ecosystems worldwide. One can see details of the nearshore topography or bathymetry 

as a result of the penetration of visible light into, and reflected back from, the water. Upland areas 

of landscapes are typically less difficult to characterize than (transitional) wetland areas and 

aquatic areas, primarily because they do not have the reflectance variability of water found in 

wetland and aquatic ecosystems1. Remote sensing–based ecological interpretations consist of 

utilizing evidence that can be accumulated and articulated for a given ecosystem or landscape 

under study, and can also be formalized into a full list of characteristics or interpretation key to 

facilitate identification and inventory. This approach of preparing an interpretation key has 

worked well in a number of instances, which may or may not apply to your project work, but is 

advised in most instances and used to good effect to characterize a variety of vegetation types, 

including grasslands, shrublands, forest, wetlands, or other aquatic ecosystems in a complex and 

vast landscape. 

1. Purpose of the exercise: What is the landscape indexes, what is this function in the spatial 

neighbourhood analysis. 

Image interpretation is a very important skill to have associated with student project, especially as 

it applies to the ecosystem types that are the focus of the work, through skillful application to 

obtain the necessary and relevant details about features found in images. These elements of 

interpretation supply information on features that are basically independent assessments of each 

characteristic. These elements include characteristics such as the use of color tones, and the 

interpretation of shape, size, texture, pattern, shadow, and associations, initially, and are then 

informed by the materials and features on the ground. This exercise introduces the students to the 

basic numerical evaluation methods of landscape heterogeneities 2 

1.1. Required knowledge - Pattern analysis 

In this practice, TERRSET - PATTERN based data should be evaluated by students. PATTERN 

uses variability in a 3 x 3 pixel window or a 5 x 5 or 7 x 7 octagonal pixel window to assess 

several different measures used in Landscape Ecology3. It also has an additional option for 
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measuring the frequency with which an input value occurs within a 3 x 3, 5 x 5 or 7 x 7 pixel 

window. 

 

1. Figure GUI of TERRSET – PATTERN module 

1. The indices used in this module are as follows: 

a) Relative Richness R = n/nmax*100 

where n = number of different classes present in the kernel 

nmax = maximum number of classes in entire image  

 

Erdõ

Erdõspuszták-Dél-Nyírség

Erdõ

Erdõspuszták-Dél-Nyírség
 

2. Figure Relative richness index of Erdőspuszták eastern part of Debrecen city- Hungary 
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3. Figure Distribution of relative richness index made by 3x3 size kernel (Erdőspuszták area) 

b) Diversity H = -sum(p*ln(p)) 

where sum = the sum over all classes in the entire image 

p = proportion of each class in the kernel 

ln = natural logarithm 

c) Dominance D = Hmax - H 

where H = Diversity 

Hmax = maximum diversity = ln(n) 

where n = number of different classes present in the kernel 

ln = natural logarithm 

d) Fragmentation F = (n-1)/(c-1) 

where n = number of different classes present in the kernel 

c = number of cells considered (9, 25 or 49) 

e) NDC = number of different classes in each 3 x 3, 5 x 5, or 7 x 7 neighbourhood (ranges from 1-

9, 1-25, 1-49) 

f) CVN = number of cells different from the center cell in each 3 x 3, 5 x 5, or 7 x 7 

neighbourhood (ranges from 0-8, 0-24, 0-48) 

g) BCM = number of different pairs in each 3 x 3, 5 x 5, or 7 x 7 neighbourhood 
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2. Formulas for Relative Richness, Diversity and Dominance were taken from: Turner, M.G., 

1989. Landscape Ecology: The Effect of Pattern on Process, Annu. Rev. Ecol. Syst., 20, 171-197. 

3. The formula for the fragmentation index was taken from: Monmonier, M.S., 1974. Measures of 

Pattern Complexity for Choropleth Maps, The American Cartographer, 1, 2, 159-169. 

4. The formulas for NDC, CVN and BCM were taken from: Murphy, D.L., 1985. Estimating 

Neighbourhood Variability with a Binary Comparison Matrix, Photogrammetric Engineering and 

Remote Sensing, 51, 6, 667-674. 

5. For the 5 x 5 and 7 x 7 pixel windows, the calculation of values on the edges of the images 

switches to that of the 3 x 3 pixel window. 

6. Calculation of Edge Values For the 3 x 3 filter to perform on the edge values, FILTER 

temporarily adds an extra row and column around the edges of the image and assigns the cells the 

values of the adjacent cells (except for the variable-sized filter option). For larger-sized filters 

where the filter template may extend beyond the borders of the image, only the values where the 

template overlaps enter the calculation. The output values are adjusted for the proportion of the 

template used. With symmetric kernels, edge values will have reasonable values. However, for 

directional filters and Laplacian filters, pronounced edge effects may result. The user may wish to 

mask out these edge effects before proceeding with analyses. 

7. Class frequency measures the number of occurrences for a specified class in each 3 x 3, 5 x 5, 

or 7 x 7 neighborhood. Note that for the 5 x 5 and 7 x 7 neighborhood, not all pixels are included 

(see below). For the value to be counted, it must fall within one of the positions marked by a 1 in 

the selected kernel : 

3 x 3:  

1 1 1 

1 1 1 

1 1 1 

 

5 x 5:  
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0 1 1 1 0 

1 1 1 1 1 

1 1 1 1 1 

1 1 1 1 1 

0 1 1 1 0 

 

7 x 7:   

0 0 1 1 1 0 0 

0 1 1 1 1 1 0 

1 1 1 1 1 1 1 

1 1 1 1 1 1 1 

1 1 1 1 1 1  

0 1 1 1 1 1 0 

0 0 1 1 1 0 0 

The kernel size selected depends upon the scale of the information to be derived. Map density 

values can be created by using SCALAR to divide the output image by the total number of 

positions of the kernel that was applied. For a 3 x 3 kernel, the number 9 is used. For the 5 x 5, it 

is 21, and for the 7 x 7 it is 37. 

PATTERN Operation 

 Enter the name of the input image to be analyzed and a new name for the output image. 

 Specify the pattern measure desired. Choices include: relative richness, diversity (H), 

dominance index (Hmax-H), fragmentation index, NDC (number of different classes), 

CVN (center versus neighbor), BCM (binary comparison matrix), and class frequency.   
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 If the relative richness pattern measure is chosen, specify the maximum number of classes 

to be used in the calculation. 

 If the class frequency option is selected, enter the value from the input image to be 

counted. 

 Select the pixel window size to use. 

 Input a title for the new image. 

 Click OK. 

1.2. Required knowledge -  Texture analysis 

TERRSET TEXTURE includes four categories of analysis. The first uses variability in a 3 x 3, 5 x 

5, or 7 x 7 pixel window to assess several different measures. The second estimates a fractal 

dimension within a 3 x 3 area. The third calculates the frequency of a specified input value within 

a 3 x 3 pixel window, or a 5 x 5 or 7 x 7 octogonally-shaped pixel window. The fourth provides 

convolution filters to analyze edges in specific directions. While appropriate for many 

applications, these routines have been included to support the analysis and classification of 

remotely-sensed data. 

TEXTURE Operation - Variability 

1. Specify variability as the texture measure.   

2. Enter the input and output filenames. 

-- Data type for input files must be either byte or integer. 

3. Select an area size for calculation: 3 x 3, 5 x 5, or 7 x 7. 

4. Choose a texture measure: relative richness, diversity (H), dominance index (Hmax-H), 

fragmentation index, NDC (number of different classes), CVN (center versus neighbors), and 

BCM (binary comparison matrix). 

5. If relative richness, specify the maximum number of classes in the input image. 

6. Enter a title. 

7. Click OK. 
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Fractal Dimension 

1. Specify fractal dimension as the texture measure.   

2. Enter the input and output filenames. 

-- Data type for input files must be either byte or integer. 

3. Indicate whether the input image is remotely sensed data and give the output image a title. 

4. Click OK. 

Class Frequency 

1. Specify class frequency as the texture measure.   

2. Enter the input and output filenames. 

-- Data type for input files must be either byte or integer. 

3. Select an area size for calculation: 3 x 3, 5 x 5, or 7 x 7. 

-- The latter two are octagonal rather than square. 

4. Input a value from the input image to be counted. This value should be an integer within the 

range of the minimum and maximum values in the input image. 

5. Enter a title. 

6. Click OK. 

Edge Analysis 

1. Specify edge analysis as the texture measure.   

2. Enter the input filename and output prefix. Data type for input files must be either byte or 

integer. An image will be created for each direction chosen in next step. Resulting images will 

have the names XXN, XXNE, XXE, etc., where XX is the given prefix. 

3. Select one or more directions for which to output images: North, NE, East, SE, South, SW, 

West, NW. 

4. Click OK. 
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 In Euclidean geometry, the topological dimension of a line is 1, of a plane is 2, and of a cube is 3. 

However, mathematicians have long recognized the possibility of fractional dimensions between 

these values. For example, as a line becomes more and more convoluted (and thus as the fractional 

dimension increases from 1 to 1.1, to 1.2, and so on), it will progressively fill space. When it has 

become so convoluted that it completely fills a two-dimensional space, it will have reached a 

fractional dimension of 2.0 (a plane). Today, mathematicians also recognize the concept of a 

fractal -- a form that not only exhibits convolution at its boundary that might appropriately be 

described by the concept of fractional dimension, but which also exhibits the property of statistical 

self-similarity. With self-similarity, a form will appear to have the same nature of convolution at 

varying scales. For example, if one looks at a coast line at a very general scale, and then looks at a 

small section in great detail, the detailed area will have the same fractional dimension as that of 

the more general section. 

Fractional dimension can serve as a very useful measure of texture. The most common means of 

measuring fractional dimension is to measure the length of a section of that feature with a 

measuring instrument of varying precision. If the form is fractal, a linear relationship will exist 

between precision and length in a log/log plot. The slope of this line is then used to measure 

fractional dimension. The problem with this approach, however, is that it is slow and depends 

upon the form being perfectly fractal over all scales measured. While many geographic forms are 

fractal over a range of scales, few are perfectly so, and thus may experience sharp changes in 

fractional dimensionality as the underlying geomorphic processes change. As a consequence, a 

different procedure has been used here. The logic is based on a single pass technique that was 

originally developed for measuring the fractional dimension of lines (Eastman, 1985). The 

procedure considers each slope segment to provide evidence of an underlying angularity that can 

be considered as the generating angle of the fractal form. The formula is based on calculated 

slopes as follows: 
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3. If remotely-sensed data are used in the calculation for fractal dimension, then TEXTURE 

calculates a conversion factor for creating the slope image which relates reflectances to the cell 

resolution according to the formula : 

 

where: 

wxmax = maximum x in image reference system 

wxmin = minimum x in image reference system 

cols = cols in the image 

Dn = maximum possible digital reflectance number (255 or 32767) 

4. The fractal dimension option of TEXTURE calculates fractional dimensions using a 3 x 3 

kernel. Running CONTRACT on the surface image and then running TEXTURE with the fractal 

dimension option again yields an estimate of dimensions across a longer distance than the original 

single cell unit. Running median or mean filters on an output fractal-dimension image yields an 

estimate of dimensions across a longer distance than one cell unit, but can generalize the surface 

too much. Another option to examine the fractal dimension at different scales is running 

FOURIER on a surface image, filtering out certain frequencies, and then converting back to the 

original data form before running TEXTURE. 

5. PROFILE can be used to examine fractal dimensions in different directions at specific locations 

as estimated in a single output from the fractal dimension option of TEXTURE. To examine the 

same location at different scales, one needs to create multiple profiles, each from a different run of 

the fractal dimension option of TEXTURE. 

6. The class frequency option counts the number of times a specified input value occurs within a 

kernel. The kernel is centered on each input pixel of the input image in the manner of a moving 

window. A new value for the center pixel is assigned to the corresponding position of the output 

image. For the value to be counted it must fall within one of the positions marked by a 1 in the 

selected kernel : 
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3 x 3:  

1 1 1 

1 1 1 

1 1 1 

 

5 x 5:  

0 1 1 1 0 

1 1 1 1 1 

1 1 1 1 1 

1 1 1 1 1 

0 1 1 1 0 

 

7 x 7:   

0 0 1 1 1 0 0 

0 1 1 1 1 1 0 

1 1 1 1 1 1 1 

1 1 1 1 1 1 1 

1 1 1 1 1 1  

0 1 1 1 1 1 0 

0 0 1 1 1 0 0 

The kernel size selected depends upon the scale of the information to be derived. 

7. Map density values can be created by using SCALAR to divide a class frequency output image 

by the total number of positions of the kernel that were used. For a 3 x 3 kernel, all 9 are used, for 

a 5 x 5, 21 are used, and for a 7 x 7, 37 are used. Such a procedure can be applied to a classified 
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satellite image to convert land cover classes to density classes. For example, the class frequency of 

an urban category identified in a clustered composite of SPOT multispectral images can be 

counted, and the output image reclassified into three categories of low, middle, and high urban 

density. 

8. Directional edge-enhancement outputs are generated by using compass gradient filters with the 

following 3 x 3 kernel values entered from left to right and top to bottom rows4 : 

Keleti irányszûrés Északi irányszûrés 

É-K irányszûrés 
virtuális 3D

É-K irányszûrés 
színkompozit

 

4. Figure North (upper-left) East (upper-right) North-East colour composite (lower right) and North-East 

virtual 3D (lower right) landscape of Nyírség region-North-East Hungary 

Directional filtering -North 

1 1 1 
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1 -2 1 

-1 -1 -1 

NE 

1 1 1 

-1 -2 -1 

-1 -1 1 

 

East 

-1 1 1 

-1 -2 1 

-1 1 1 

SE 

-1 -1 1 

-1 -2 1 

1 1 1 

South 

-1 -1 -1 

1 -2 1 

1 1 1 

 

SW 

1 -1 1 

1 -2 1 



  

  

 

15 

1 1 1 

West 

1 1 -1 

1 -2 1 

1 1 -1 

 

NW 

1 1 1 

1 -2 1 

1 -1 -1 

 

5. Figure GUI of Texture module 
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1.3. Required knowledge - Filter analysis 

FILTER creates a new image in which each pixel's value is based on its value and those of its 

immediate neighbours in an input image. 

The nature of this operation is determined by the values stored in a 3 x 3, 5 x 5, 7 x 7 or variable-

sized kernel that is centered over each pixel as it is processed. Except for the median, mode, 

minimum, maximum and adaptive box filters, the general logic of FILTER is that the center pixel 

in the filter kernel and its neighbors are multiplied by the values stored in the corresponding 

positions of the filter kernel, and the resulting values are summed to arrive at a new value for the 

center pixel. FILTER includes options for the following filters for the given kernel sizes: 

 Mean (low pass) Filter: 3 x 3, 5 x 5, 7 x 7, variable 
 Gaussian Filter: 3 x 3, 5 x 5, 7 x 7 
 Minimum Filter: 3 x 3, 5 x 5, 7 x 7 
 Median Filter: 3 x 3, 5 x 5, 7 x 7 
 Maximum Filter: 3 x 3, 5 x 5, 7 x 7 
 Adaptive Box Filter: 3 x 3, 5 x 5, 7 x 7 
 Mode Filter: 3 x 3, 5 x 5, 7 x 7 
 Standard Deviation: user-defined mask filter kernel 
 Laplacian Edge Enhancement Filter: 3 x 3, 5 x 5, 7 x 7 
 High Pass Filter: 3 x 3, 5 x 5, 7 x 7 
 Sobel Edge Detector: 3 x 3 
 User-Defined Filter File: size up to 255 x 255 

Filtering is used for a variety of purposes. Mean and Gaussian filters are commonly used to 

generalize an image. The minimum and maximum filters are for applying mathematical 

morphology to remotely sensed images. The median filter is excellent for random noise removal. 

The adaptive box filter is good for correcting "salt-and-pepper" random noise and also for noisy 

data where pixel brightness is related to the image scene but has an additive or multiplicative noise 

factor. Mode filters are good for filling gaps between polygons after a vector-to-raster conversion. 

Edge enhancement filters accentuate areas of change in continuous surfaces. High-pass filters 

emphasize areas of abrupt change relative to those of gradual change. The Sobel Edge Detector 

extracts edges between features or areas of abrupt change. The user-defined filter file option is 

useful for simulation modeling5. 
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FILTER Operation 

1. Select the type of filter to be used. 

2. Select a filter size if more than one filter size is available. 

3. Enter the name of the input image to be filtered. 

4. Enter a name for the output image to be created. 

5. If the standard deviation filter or the variable option for the mean filter is selected, you need to 

specify the kernel values of only 0s or 1s in the grid. Cells with the value of 1 will be used in the 

calculation of the local neighbourhood. First specify the number of rows and columns in the 

kernel, odd numbers only, and then enter the kernel values. You must save the kernel to a filter 

file when using these options (see Note 7). Alternatively, if a filter file exists, enter its filename 

and it will load the grid with the predefined values. 

6. If the adaptive box filter option is chosen, select whether to replace invalid pixels with zeros or 

local averages. Then enter a threshold number of standard deviation units and a threshold 

difference value. If you select to change the minimum/maximum values, enter the two new values 

(see Note 1, Adaptive Box). If not selected, the minimum/maximum values of the input data file 

are used. The threshold number of standard deviation units and threshold difference value are used 

to determine whether the output pixel should be assigned its original value or should be replaced 

with a value that is calculated based on the values of surrounding pixels . 

7. If the user-defined variable size filter option is chosen, you will need to enter the values for the 

kernel. Or, you can enter the name of an existing filter file. To define a new kernel select the 

number of rows and columns in the kernel. Kernels must be odd numbers of rows and columns. 

Kernels need not be square, but the position for which the new value is calculated must be the 

center. If, for example, you wish to create a 3 by 3 filter, you will need to specify 9 values. The 

position of the pixel being filtered is row 2, column 2, at the center of the filter in a 3 by 3. Enter 

the values in the cells provided for each position in the kernel. If values entered do not add up to 

1.00, you can choose the Normalize option which will divide each value entered by the sum of all 

values so that the values sum to 1.00. If you do not wish to change the overall numerical 
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characteristics of the image, then all cell values in the kernel must sum to 1.0. Enter a name to 

save the filter file. 

8. Click on the Output documentation button to enter the value units and title. 

9. Click OK. 

FILTERING 

1. FILTER calculates output values for each filter option as described below. 

  

MEAN FILTER 

The output value is the sum of the products of each pixel value and its corresponding kernel value. 

Kernels are set by default as follows: 

3 x 3 

1/9 1/9 1/9     

1/9 1/9 1/9     

1/9 1/9 1/9          

5 x 5 

1/25 1/25 1/25 1/25 1/25   

1/25 1/25 1/25 1/25 1/25         

1/25 1/25 1/25 1/25 1/25       

1/25 1/25 1/25 1/25 1/25         

1/25 1/25 1/25 1/25 1/25      

7 x 7 
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1/49 1/49 1/49 1/49 1/49 1/49 1/49 

1/49 1/49 1/49 1/49 1/49 1/49 1/49 

1/49 1/49 1/49 1/49 1/49 1/49 1/49 

1/49 1/49 1/49 1/49 1/49 1/49 1/49 

1/49 1/49 1/49 1/49 1/49 1/49 1/49 

1/49 1/49 1/49 1/49 1/49 1/49 1/49 

1/49 1/49 1/49 1/49 1/49 1/49 1/49 

GAUSSIAN FILTER 

The output value is the sum of the products of each pixel value and its corresponding kernel value. 

Kernels are set by default as follows: 

3 x 3 

1/180 4/180 1/180 

4/180 160/180 4/180 

1/180 4/180 1/180 

5 x 5 

1/121 2/121 3/121 2/121 1/121   

2/121 7/121 11/121 7/121 2/121   

3/121 11/121 17/121 11/121 3/121   

2/121 7/121 11/121 7/121 2/121   

1/121 2/121 3/121 2/121 1/121   

7 x 7 

0/192 1/192 2/192 2/192 2/192 1/192 0/192 
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1/192 2/192 5/192 6/192 5/192 2/192 1/192 

2/192 5/192 8/192 11/192 8/192 5/192 2/192 

2/192 6/192 11/192 12/192 11/192 6/192 2/192 

2/192 5/192 8/192 11/192 8/192 5/192 2/192 

1/192 2/192 5/192 6/192 5/192 2/192 1/192 

0/192 1/192 2/192 2/192 2/192 1/192 0/192 

MINIMUM and MAXIMUM FILTER 

The output value is the minimum or maximum attribute value of the set of values selected by a 3 x 

3, 5 x 5, or 7 x 7 kernel. 

MEDIAN FILTER 

The median value of the 9, 25, or 49 pixel values is output in case of the 3 x 3, 5 x5, or 7 x 7 

filters, respectively. 

STANDARD DEVIATION FILTER 

A mask filter kernel is defined by a filter file or a user-defined kernel that indicates (with 1’s) 

which positions in the template (kernel) should be used for the calculation. The output value is one 

standard deviation from the mean of the values used based on the population (n) rather than the 

sample (n-1). 

ADAPTIVE BOX FILTER 

The output value is a function of the variation between the center pixel and the other values in the 

template using only those input values that fall between the minimum and maximum data range 

specified by the user or the documentation file. The output pixel will be assigned the same value 

as the input pixel except where both of the following conditions are true: 
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1) The center pixel value falls beyond the number of standard deviation units entered by the user. 

(The standard deviation is that calculated for the values underlying the template, not the entire 

image.) 

2) The difference between the center pixel value and the mean of the rest of the template values is 

greater than the threshold difference value entered by the user. 

If both of these conditions exist, then the center pixel is assigned a new value in the output image. 

The user indicates whether these pixels should be assigned zeros or should be assigned the mean 

of all the template values that do fall within the specified standard deviation unit range. 

MODE FILTER 

The output value is the mode of the 9, 25 or 49 input values of the 3 x 3, 5 x 5 or 7 x 7 templates, 

respectively. 

LAPLACIAN EDGE ENHANCEMENT FILTER 

The output value is the sum of the products of each pixel value and its corresponding kernel value. 

Kernels are set by default as follows: 

3 x 3 

-1 -1 -1 

-1 8 -1 

-1 -1 -1  

5 x 5  

0 -1 -1 -1 0  

-1 -1 -1 -1 -1  

-1 -1 20 -1 -1 

-1 -1 -1 -1 -1 
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0 -1 -1 -1 0  

7 x 7 

0 0 -1 -1 -1 0 0 

0 -1 -3 -3 -3 -1 0 

-1 -3 0 7 0 -3 -1 

-1 -3 7 24 7 -3 -1 

-1 -3 0 7 0 -3 -1 

0 -1 -3 -3 -3 -1 0 

0 0 -1 -1 -1 0 0 

HIGH PASS FILTER 

The output value is the sum of the products of each pixel value and its corresponding kernel value. 

Kernels are set by default as follows: 

3 x 3 

-1/9 -1/9 -1/9 

-1/9 +8/9 -1/9 

-1/9 -1/9 -1/9 

5 x 5 

-1/25 -1/25 -1/25 -1/25 -1/25 

-1/25 -1/25 -1/25 -1/25 -1/25 

-1/25 -1/25 24/25 -1/25 -1/25 

-1/25 -1/25 -1/25 -1/25 -1/25 

-1/25 -1/25 -1/25 -1/25 -1/25 
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7 x 7 

-1/49 -1/49 -1/49 -1/49 -1/49 -1/49 -1/49 

-1/49 -1/49 -1/49 -1/49 -1/49 -1/49 -1/49 

-1/49 -1/49 -1/49 -1/49 -1/49 -1/49 -1/49 

-1/49 -1/49 -1/49 48/49 -1/49 -1/49 -1/49 

-1/49 -1/49 -1/49 -1/49 -1/49 -1/49 -1/49 

-1/49 -1/49 -1/49 -1/49 -1/49 -1/49 -1/49 

-1/49 -1/49 -1/49 -1/49 -1/49 -1/49 -1/49 

SOBEL EDGE DETECTOR 

The output value is determined by the equation: 

new value = sqrt(sqr (X) + sqr (Y)) where 

X = the resulting image from applying the kernel Kx (below) to the input image 

Y = the resulting image from applying the kernel Ky (below) to the input image 

Kx = 

-1 0 1 

-2 0 2 

-1 0 1 

Ky = 

1 2 1 

0 0 0 

-1 -2 -1   

USER-DEFINED and FILTER FILE 
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The output value is the sum of the products of each pixel value and its corresponding kernel value. 

Kernel values are set by the user. 

2. Calculation of Edge Values 

Filter kernels will extend beyond the borders of an image during its pass through the image. Edge 

calculations are treated differently depending on the type of filter option used. For all filter types 

other than User-defined, a proportional adjustment is made. 

When this occurs, only the values where the kernel overlaps the image cells are used in the 

calculation. The output cell values are adjusted for the proportion of the kernel used. Using this 

proportional adjustment at the edges should yield reasonable output values for symmetrical 

kernels, e.g., mean filter. However, for directional and Laplacian filters, pronounced edge effects 

may result. The user may wish to mask out these edge effects before proceeding with analysis. 

For User-defined filters, edge calculation is handled differently only in the 3 by 3 case. For the 3 

by 3 User-defined filter, a temporarily row and column is inserted around the edges of the image 

and is assigned the cell values of the adjacent cells. For all other User-defined filters, only those 

cells that fall into the kernel are used in the calculation, but no proportional adjustment is made6. 

A standard deviation threshold of 1.5 or larger with filters of up to 7 x 7 reduces the likelihood of 

replacing valid data even in very high contrast scenes with sharp edges and boundaries. A typical 

range for the difference threshold is 2-10 for radar data, but 0 is also commonly used. Since the 

difference between the template mean and the center value will normally exceed 0, using 0 as the 

difference threshold causes all pixels falling outside the standard deviation threshold to be 

replaced. An example of the application of this filter is presented by Eliason and McEwan (1990) 

for very noisy radar data where only 50 percent of pixels contain valid data. They applied the filter 

three times, each time applying it to the output from the previous filter. 

Pass 1: 7 x 7 filter, 1 standard deviation, 0 difference threshold, replace with zeros 

Pass 2: 5 x 5 filter, 1 standard deviation, 0 difference threshold, replace with mean 

Pass 3: 3 x 3 filter, 1 standard deviation, 0 difference threshold, replace with mean 
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Passes 1, 2 and 3 correct for the noisiest pixels, second-order noise and third-order noise 

respectively. 

4. The operation that FILTER performs is commonly referred to as "convolution". However, its 

operation is strictly one called "correlation". With symmetric kernels, correlation becomes 

equivalent to convolution. For true convolution on an asymmetric kernel, reverse the order in 

which the kernel is entered. 

5. The mode, minimum, and maximum filters all output the same data type that is input. The other 

filters all output real number images. 

6. Data flagged as background or missing in the input image will not be processed. The Flag 

definition in the Metadata utility in TerrSet Explorer must be set to ‘background’ or ‘missing’ if 

you want these values to be ignored during the calculation. See the glossary for Flag Value and 

Flag Definition for more detail. 

7. The filter file used for the variable-sized filter option is a simple ASCII text file that can be 

created in EDIT. Give the file a .fil extension. An example of the file format using a mean filter is 

as follows: 

5   

5   

1 1 1 1 1  

1 1 1 1 1 

1 1 1 1 1 

1 1 1 1 1 

1 1 1 1 1 

The first row represents the number of columns, the second the number of rows, and the rest the 

filter weights ordered according to the dimensions of the kernel. The column and row dimensions 

can be any size as long as they are odd numbered. This is because the kernel must have a center 
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which represents the position for the new output pixel value. When the file is used with the macro 

command or dialog box, the normalize option can be selected to normalize the template values so 

that they add up to 1.00. Negative values are permissible7. 

8. The mask filter kernel option of the mean and standard deviation filters can be used to perform 

moving window statistics to assist the user in deciding on the stationarity of a sample point data 

set. With the option of setting a flag value for the background pixels of an input image and the 

ability to design a mask to the shape and extent of the local neighbourhood, it is possible to 

include only the input sample points in the calculation of local means and standard deviations. 

Running SCATTER with the FILTER variable mean and standard deviation output images is one 

way to detect stationarity issues relevant to Geostatistics. Another method is to run EXTRACT 

twice using the create values file option. Use the original input point image as the feature 

definition image and the FILTER variable mean and standard deviation outputs as the secondary 

images. The output values files then can be used with REGRESS to view the relationship between 

local means and standard deviations.  

 

Exercise 2. Use spectral based landscape indexes 

Effective physical measurements and spatial estimation of agricultural biomass production have 

not available till now, because data uncertainty of traditional field sampling was too high at large 

scale farm level. Nowadays, precision farming technology introduced the real time and high scale 

yield mapping methods, where can be evaluate spatial pattern of the total biomass. 

 

2. Purpose of the exercise: What is the hyperspectral landscape indexes, what is this function in 

the landscape management. 

Remote sensing spectral data acquisition is very effective way to analyse time series of 

agricultural plots and to receive further information about different qualitative and quantitative 

plant parameters. Conventional commercial spectrometers or spectrophotometers are usually able 

to measure optical spectrum in one measuring spot at a time. Airborne hyperspectral imagery 

provides the potential for more accurate and detailed information extraction than possible with any 
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other type of remotely sensed data. The “hyper” in hyperspectral refers to the large number (>80) 

of measured wavelength bands. Field and laboratory spectrometers usually measure reflectance at 

many narrow, closely spaced wavelength bands, so that the resulting spectra appear to be 

continuous curves. When a spectrometer is used in an imaging sensor, the resulting images record 

a reflectance and intensity spectrum for each pixel in the image. 

 

2..1. Required knowledge -  hyperspectral imaging 

The first Hungarian aerial hyperspectral imaging programme took place within the framework of 

the 2002 HYSENS project8. Based on early results of flight campaign were analyzed water quality 

and urban vegetation. Widely used Vegetation Indices (VIs) are combinations of surface 

reflectance at two or more wavelengths designed to highlight a particular property of vegetation. 

Hyperspectral narrowband indexes are more sophisticated measures of general quantity than the 

traditional satellite broadband indexes. Many of these indices are currently unknown in 

agricultural practice or under-used. The main objective of this paper is to examine the potential of 

AISA DUAL airborne hyperspectral sensor data to create a narrowband vegetation indexes 

distribution map of cereal agricultural fields. 

In this study practise, the images were taken by an AISA DUAL airborne hyperspectral imaging 

spectrometer of Hungarian University of Debrecen and FVM GKI. This service has operated from 

2007 in Hungary. AISA is a dual sensor system, which provides seamless hyperspectral data in the 

full range from 400 to 2500nm.  

The transmissive imaging spectrograph is nearly independent of the polarization in the incoming 

light, and provides high diffraction efficiency and uniform spectral resolution of 10 nm over the 

full SWIR range. All the optics (fore optics and imaging spectrograph) and the detector assembly 

are temperature-stabilized. Applied AISA systems are push broom imaging sensors, consisting of 

a hyperspectral and high-performance GPS/INS sensor and a data acquisition unit housed in a 

rugged PC. AISA sensors employ SPECIM’s high quality transmissive imaging spectrographs 

which feature sub-pixel smile and keystone distortions, and very low polarization dependency. 

 A real-time fibre optic down welling irradiance sensor (FODIS) can be integrated into the sensors 

to monitor the illumination conditions. Auxiliary components include a mount to connect the 
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sensor to the GPS/INS unit, and regulated power supply. C-MIGITS III and Oxford RT3100 are a 

standard GPS/INS option in AISA systems. It is a high-performance, integrated 3-axial inertial 

navigation sensor for monitoring the aircraft position and attitude. The systems include CaliGeo 

control and operation software, which allows data acquisition settings to be tailored for individual 

flight mission requirements. Calibrating imaging spectroscopy data to surface reflectance is an 

integral part of the data analysis process, and is vital if accurate results are to be obtained9. The 

identification and mapping of materials and material properties is best accomplished by deriving 

the fundamental properties of the surface, its reflectance, while removing the interfering effects of 

atmospheric absorption and scattering, the solar spectrum, and instrumental biases10. The 

objectives of calibrating remote sensing data are to remove the effects of the atmosphere 

(scattering and absorption) and to convert from radiance values received at the sensor to 

reflectance values of the land surface. At the time of data acquisition, it is very important to 

characterize the calibration site with a field spectrometer 11. We measured it with our field also 

used special reference materials. The best conditions in which to make field measurements are 

clear skies, near solar noon, at temperatures. A small calibration artefact could distort an 

absorption feature, causing a misidentification12. An accurate calibration shows the fundamental 

properties of surface materials, and is key to linking remotely sensed surface properties with 

laboratory data.  

 

Analysing vegetation using remotely sensed data requires knowledge of the structure and function 

of vegetation and its reflectance properties. The absorption and reflection of solar radiation is the 

result of many interactions with different plant materials, which varies considerably by 

wavelength. Water, pigments, nutrients, and carbon are each expressed in the reflected optical 

spectrum from 400 nm to 2500 nm, with often overlapping, but spectrally distinct, reflectance 

behaviours. The reflected optical spectrums are also changing in different phenological phases and 

plant morphology.13 

 

 The leaf area index LAI is the green leaf area per unit ground area, which represents the 

total amount of green vegetation present in the canopy. The LAI is an important property 

of vegetation, and has the strongest effect on overall canopy reflectance. The MLA is the 
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average of the differences between the angle of each leaf in a canopy and horizontal and 

depends on plant genetics, morphology and actual physiological status of species. Test 

sites of the remote sensing was close to Siofok city (UL Geo 18º 0’ 0.26” E; 46º 54’ 3.14” 

N; spectral interval 398-973 nm, average bandwidth 10 nm). 

 First step was data exploitation, where spectral statistics of region of interest site was 

calculated. On this figure we can observe the real spectral differences in green (550nm), 

red (650nm) and infrared (780 nm) channels.  

 

6. Figure Spectral statistical curves of regional interest 

 The most parameters of vegetation indexes are very sensitive in these intervals. The calculated 

vegetation indexes were summarized in table 1. 

1. Table Spectral narrowband indexes of cereals 
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 The Modified Red Edge Simple Ratio (mSR 705) index is a modification of the traditional 

broadband SR index. It differs from the standard SR because it uses bands in the red edge 

and incorporates a correction for leaf specular reflection.  

 Applications include precision agriculture, forest monitoring, and vegetation stress 

detection. The value of this index ranges from 0 to 30. The common range for green 

vegetation is 2 to 8 [8]. Actual numbers of Siofok site were: x=11,14, max. = 18,7; min. 

= 1,55. 

 The Red Edge Normalized Difference Vegetation Index (NDVI 705) is intended for use 

with very high spectral resolution reflectance data. Applications include precision 

agriculture (an information- and technology-based agricultural management system to 

identify, analyze, and manage site-soil spatial and temporal variability), forest monitoring, 

and vegetation stress detection[9].  

 

 This VI differs from the NDVI by using bands along the red edge, instead of the main 

absorption and reflectance peaks. The NDVI 705 capitalizes on the sensitivity of the 

vegetation red edge to small changes in canopy foliage content, gap fraction, and 

senescence14. The value of this index ranges from -1 to 1. The common range for green 

vegetation is 0.2 to 0.9 [10]. Actual numbers of Siofok site were: x=0,83, max. = 0.87; 

min. = 0,17. 

 

Every different vegetation index can be visualized in 3D continuous surface. This surface also can 

be use to make different directional cross profile, which very effective tool to find spatial 

anomalies. 
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7. Figure NDVI 3D surface of winter wheat block 

 

 

8. Figure Spatial-Spectral cross-sections of winter wheat block 

 

 

 The Vogelmann Red Edge Index (VOG1-2) is a narrowband reflectance measurement that 

is sensitive to the combined effects of foliage chlorophyll concentration, canopy leaf area, 

and water content. Applications include vegetation phenology (growth) studies, precision 

agriculture, and vegetation productivity modelling 15: The value of this index ranges from 

0 to 20. The common range for green vegetation is 4 to 8. Actual numbers of Siofok site 

were: x=2,59, max. = 2,84; min. = 1,33. 
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 The Photochemical Reflectance Index (PRI) is a reflectance measurement that is sensitive 

to changes in carotene pigments (particularly xanthophylls pigments) in live foliage16. 

Actual numbers of Siofok site were: x=0.016, max. = 0,07; min. = -0,05. 

 Carotene pigments are indicative of photosynthetic light use efficiency, or the rate of 

carbon dioxide uptake by foliage per unit energy absorbed. As such, it is used in studies of 

vegetation productivity and stress. Applications include vegetation health in forests, and 

agricultural crops prior to senescence. The value of this index ranges from -1 to 1. The 

common range for green vegetation is -0.2 to 0.2.  

 Stress-related pigments include carotenes and anthocyanins, which are present in higher 

concentrations in weakened vegetation. Carotenes function in light absorption processes in 

plants, as well as in protecting plants from the harmful effects of high light conditions. The 

Carotene Reflectance Index 1-2 (CRI1-2) is a reflectance measurement that is sensitive to 

carotene pigments in plant foliage. Higher CRI1 values mean greater carotene 

concentration relative to chlorophyll [13]. The value of this index ranges from 0 to more 

than 15. The common range for green vegetation is 1 to 11. CR2 provides better results in 

areas of high carotene concentration. Actual numbers of Siofok site were: x=6,99, max. = 

8.7; min. = 4.58. 

 Anthocyanins are water-soluble pigments abundant in newly forming leaves and leaves 

undergoing senescence. The Anthocyanin Reflectance Index 1 (ARI1) is a reflectance 

measurement that is sensitive to anthocyanins in plant foliage. Increases in ARI1 indicate 

canopy changes in foliage via new growth or death17. The ARI2 is a modification of the 

ARI1 which detects higher concentrations of anthocyanins in vegetation. The value of 

these indexes ranges from 0 to more than 0.2. The common range for green vegetation is 

0.001 to 0.1. Actual numbers of Siofok site were: x=0.00012, max. = 0,0009; min. = 

0,000086. 

 Water content is an important quantity of vegetation because higher water content indicates 

healthier vegetation that is likely to grow faster and be more fire-resistant. The Water Band 

Index (WBI) is a reflectance measurement that is sensitive to changes in canopy water 

status. As the water content of vegetation canopies increases, the strength of the absorption 
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around 970 nm increases relative to that of 900 nm18. The common range for green 

vegetation is 0.8 to 1.2. Applications include canopy stress analysis, productivity 

prediction and modelling, fire hazard condition analysis, cropland management, and 

studies of ecosystem physiology. WBI is defined by the following equation. Actual 

numbers of Siofok site were: x=1,22, max. = 1,59; min. = 0,87. 

 Can you give a definitions about airborne hyperspectral image spectroscopy? 

 Do you describe an AISA DUAL system? 

 How do you calculate Modified Red Edge Simple Ratio (mSR 705) index, Red Edge 

Normalized Difference Vegetation Index and can you determine some important 

application fields? 

 How do you calculate Vogelmann Red Edge Index,  Reflectance Index and can you 

determine some important application fields? 

 How do you calculate Anthocyanin Reflectance Index, Water Band Index and can you 

determine some important application fields? 

2..2. Required knowledge -  Time Series Analysis 

  GIS-RS-WMM integration is a good solution for the discovering of the water regime of an area 

and for the achievement of the proper water management practice by the available information. 

Using this method, farmers can realize a cost effective water management practice. Drip irrigation 

spread in the orchards is due to the 90-95% of water use efficiency. The drip irrigation is good 

delivery system because it allows doing the agricultural procedures between the rows in the 

orchards and providing the water and nutrient used by fertigation to reach the high density root 

zone19. 

Landsat images were possessed into database (Image source: Institute of Geodesy, Cartography 

and Remote Sensing, 2005), which cover the research area and the full phenological period. 

Landsat products are distributed via FTP electronic transfer only. The Landsat 7 satellite is part of 

NASA's Earth Observing System (EOS). The EOS Data and Information System component 

(EOSDIS) provides a structure for data management and user services for products derived from 

launched EOS satellite instruments, future missions and relevant NASA Earth science data for the 
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foreseeable future. Within the EOSDIS framework, the Distributed Active Archive Centres 

(DAACs) are responsible for providing data and information services to support the customer 

community. These centres are responsible for data archival, product development and distribution 

along with user support. They are distinguished from one another by their data subject area. The 

LP DAAC is responsible for land processes data of which Landsat 7 is a part. The DAACs are 

linked by the Warehouse Inventory Search Tool (WIST) web portal which allows users to submit 

cross-discipline data (e.g. MODIS, ASTER) queries using spatial and temporal criteria, examine 

search results for relevancy using built-in tools, and submit orders via the EOS ClearingHOuse 

(ECHO) to the appropriate data providers. Landsat archive searching and downloading is now 

performed through the EarthExplorer and Global Visualization Viewer (GloVis) - two web portals 

developed by the EROS to replace the dated Global Land Information System (GLIS). 

EarthExplorer allows searches from Macs, PCs and Unix computers across multiple USGS 

maintained data sets. These data sets include Landsat 7, Landsats 1 - 5, AVHRR and aerial 

photography. GloVis simplifies the scene selection process via efficient retrospective examination 

of all acquisitions for a given WRS location. Two different product generation systems are used 

by EDC; the NASA-built Level 1 Product Generation System (LPGS) and the EDC-procured 

National Landsat Archive Production System (NLAPS). An EarthExplorer search is performed by 

identifying the Landsat holding and then specifying a location via world map or place/address 

name. Additional criteria may include acceptable cloud cover, date range, and data type.20 A 

search commences and a results page is presented that lists all scenes meeting the search criteria. 

A set of links appears with each scene that allows one to examine the browse, download the scene, 

examine the scene's Earth footprint, and view the scene's metadata. Of particular metadata interest 

to users of ETM+ data are the cloud cover, data quality scores and the gain states for the 

individual bands, which are needed to convert the scaled digital numbers to radiance units. The 

GloVis portal provides a rapid way of examining the entire acquisition history for a specific WRS 

location. Once a collection type is selected from a pull-down menu, a user either enters a 

longitude-latitude coordinate or clicks on a world map to zero-in on the desired land area. A 3 by 

3 Landsat browse grid appears with compass keys that allow scene shifting navigation to the WRS 

of interest. A pull-down Map Layer menu allows for the overlay of land features such as major 

cities, rivers, roads, railways, and country boundaries. Search limits (e.g. cloud cover, date range) 

can be set using the Tools pull-down menu. Once a scene is selected and added to the order box it 
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can be downloaded or ordered. A downloadable message is splashed on the browse if the scene is 

currently online. Otherwise, an on-demand order must be submitted. The Landsat 7 Science Data 

User's Handbook is a living document prepared by the Landsat Project Science Office at NASA's 

Goddard Space Flight Centre in Greenbelt, Maryland (NASA, 2010). 

The time-series were calculated from these images. In our research, Normalized Difference 

Vegetation Index (NDVI) was also calculated from the Landsat images. NDVI can be used as an 

indicator of relative biomass and greenness [1, 3]. It is an index that provides a standardized 

method of comparing vegetation greenness between satellite images. The formula to calculate 

NDVI is: NDVI = (near infrared band - red band) / (near infrared band + red band). The greener 

colours indicate higher biomass and browner colours the bare soil on next figure. 

 

 

9. Figure  NDVI Time series 

 

Time series were prepared from the Landsat images, from which principal components analysis 

was run off by the usage of IDRISI GIS software.  
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Principal Components Analysis (PCA) is also known as Empirical Orthogonal Function (EOF) 

Analysis. It is a very powerful technique for the analysis of variability over space and time. The 

images in a time series highly correlate with one another from one phenological moment of time 

to the next phase. PCA transforms the series into a set of image components that are orthogonal 

(i.e., independent of each other) in both time and space. They are also ordered in terms of the 

amount of variance that they explain from the series. In theory, one can produce as many 

components as there are images in the original series. However, in practice, almost all the variance 

can be explained by only a small number of components, with the remainder expressing noise and 

high frequency variations. The easiest way to understand PCA is to think about the time series of 

values for a single pixel across time as a vector. If you imagine that each date represents a 

dimension then the series can be completely described by a single point in that space. The image is 

made up of many pixels, so we will in fact have a space occupied by many vectors. The 

correlation between any pair of vectors is inversely proportional to the angle between them (in 

fact, the cosine of that angle is equal to the correlation coefficient). The first component is the 

average vector (i.e., a vector that is as close as possible to the entire collection of vectors). It is 

known as an eigenvector (meaning characteristic vector) and its length is know as the eigenvalue, 

which expresses the amount of variance it explains. The cosine of the angle between this 

eigenvector and each pixel vector indicates its loading on the component – i.e., the pixel vector’s 

correlation with the eigenvector. After the first component has been calculated, its effects are 

removed from the pixel vector field. The new vectors thus express the residuals after removing the 

effects of the first component. Then the process is repeated to extract the second each other. 

Ultimately it is possible to extract as many components as there are pixel vectors. Note that if one 

were to calculate PCA this way, the components would be graphs (an expression of the vector 

recast back onto a time dimension) and the loadings would be images. Efficient computation of 

PCA is actually done with matrix algebra and starts with a matrix of intercorrelations. While the 

correlations could be between the pixels as illustrated here, it is in fact more efficient with 

geographical data to start with the correlations between the images. PCA has many uses, but in 

image time series analysis, it is primarily an exploration tool. It is remarkably effective in 

organizing the underlying sources of variability in the data. However, components aren’t always 

pure. If at any level in the analysis there are two or more sources of variability that have roughly 
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equal weight, then PCA will tend to produce mixed components. The usual solution to this is 

known as rotation of the axes. 

Principal components analysis showed the variances for the test area. As a result of this analysis 

we found that the first principal components image (Figure 37) is the most suitable for further 

analysis, so clustering was made from this image and 5 parts of the sample plot was selected, 

which considered homogeneous.  

10. Figure Major influential time series component of PCA in determining crop coefficient (Kc) 

 

 

We created Region of Interest (ROI) that covered the 5 sites. A single pixel site has 9 average 

NDVI values, which were calculated from the 9 time steps.  

 

2..1. Required knowledge – Applied land change modelling 

Land-Use modelling is a rapidly growing scientific field because land-use changing is one of the 

most important ways that humans influence can cause for agro-environment. For the sustainable 

utilization of the land ecosystems, it is essential to know the natural characteristics, extent and 

location, quality, productivity, suitability and limitations of various land uses 21.  

The analysis of the spatial extent and temporal change of land-use categories using remotely 

sensed data is of critical importance to agricultural sciences. The rational land-use and proper soil 

management are important elements of sustainable (agricultural) development, having special 

importance both in the national economy and in environmental protection22. Space-born remote 

sensing has a good potential for change detection and good data availability and is, therefore, well 
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suited for the monitoring of land-use change over a time period. IDRISI LCM (Land Change 

Modeller, Clark lab.) is organized around a set of five major task areas: 

 Analysing past landcover change, 

 Modelling the potential for land transitions, 

 Predicting the course of change into the future, 

 Assessing its implications for biodiversity, 

 Evaluating planning interventions for maintaining ecological sustainability 23. 

Pontius et al. (2001) give the most complete peer-reviewed description and application of 

GEOMOD currently in IDRISI. GEOMOD is a grid-based land-use and land-cover change model, 

which simulates the spatial pattern of land change forwards or backwards in time. The minimum 

input requirements are: the beginning time, the ending time, an image of the beginning time for 

two land cover types that must be denoted by 1 and 2, and an estimate of the number of cells of 

each of the two categories at the ending time.  

Most users also include either a suitability map that has already been created or driver maps that 

GEOMOD uses to create its own suitability map. Some users have a map of the true landscape at 

the ending time, which can be used for validation as described below. GEOMOD’s most important 

output is a map of the simulated landscape of developed versus non-developed cells at the ending 

time. If any of the maps have a mask, then the modeller should make certain that all maps have the 

exact same mask. GEOMOD has been designed such that it can take maximum advantage of data 

that can vary highly in availability, completeness, precision, currency, and accuracy. For example, 

GEOMOD requires only one beginning land-use map for calibration, while some algorithms for 

other popular models require maps from four times for calibration 24.  

 

The Change Analysis process provides a rapid quantitative assessment of change by graphing 

gains and losses by landcover category. A second option, net change, shows the result of taking 

the earlier landcover areas, adding the gains and then subtracting the losses. The third option is to 

examine the contributions to changes experienced by a single landcover. 
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Gains and losses (Figure 61) are based on change of values between 2000 and 2006 land cover 

pixels and exclude pixels with no change. Values are shown in hectares some of the gains and/or 

losses are offset by pixel misclassification and generalization of cluster groups. The biggest gains 

are in the Pastures, Coniferous forest and Arable lands. 

 

11. Figure Land Cover Gains and Losses 

 

 The Land Cover Net Changes graphs show the total net changes in hectares for the 26 land 

cover classes. The graph shows the Natural Grassland and the Broad-leaved Forest areas 

have declined more than 25.000 hectares and the Coniferous Forest and the Pastures areas 

have increased more than 23.000 hectares. 
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12. Figure Land Cover Net Changes 

 

According to the land cover change map the changes are based on a pixel value change analysis. 

Detail land cover changes are shown on the legend. Pixels with no change have been assigned a 

no-data value and are not shown on the legend. The most noticeable changes are in the Natural 

Grassland, Arable Lands, Complex Cultivation Patterns and Broad-leaves Forest which is shown 

in sample size. The next step is to create a group transitions into a set of sub-models and to 

explore the potential power of explanatory variables.  

 

 The Transition Potentials module of IDRISI software allows one to group transitions into a 

set of sub-models and to explore the potential power of explanatory variables. Variables 

can be added to the model either as static or dynamic components. Static variables express 

aspects of basic suitability for the transition under consideration, and are unchanging over 

time. Dynamic variables are time-dependent drivers such as proximity to existing 

development or infrastructure and are recalculated over time during the course of a 

prediction. Once model variables have been selected, each transition is modelled using 

either Logistic Regression or IDRISI’s extensively enhanced Multi-Layer Perceptron 
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(MLP) neural network. After a detailed assessment of empirical modelling tools (such as 

Weights-of-Evidence, Empirical Probabilities, Empirical Likelihoods, etc.), it was found 

that these two approaches offer the strongest capabilities, particularly the MLP. The MLP 

neural network has been extensively enhanced to offer an automatic mode that requires no 

user intervention.  

The result in either case is a transition potential map for each transition – an expression of time-

specific potential for change. Static variables express aspects of basic suitability for the transition 

under consideration, and are unchanging over time.  

According to the results of running LCM model the number of transitions was high so it was 

reduced to just 4 transitions (ignore transitions less than 15.000 ha). In order to predict changes, 

we will need (at any moment in time) to be able to create a map of the potential of land to go 

through each of these transitions so called transition potential maps 

 

13. FigureLand cover change map 

 

The evidence likelihood transformation is a very effective means of incorporating categorical 

variables into the analysis. It was created by determining the relative frequency with which 

different land cover categories occurred within the areas that transitioned from 2000 to 2006. The 

numbers thus express the likelihood of finding the land cover at the pixel in question if this were 

an area that would transition. According to the high Cramer’s V values the broad-leaved forest, 

the complex cultivation patterns and the rice fields have a strong association with all categories. 

The driver map was selected for the LCM model. It was used for creation the distance map from 

4-times frequency of excess water inundation (Figure 64). 
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14. Figure Distance from 4-times frequency of excess water inundation 

 

Each transition was modelled using Multi-layer Perceptron (MLP) neural network which is a 

dynamic process. The MLP constructs a network of neurons between explanatory variables and 

output classes (the transitions and persistence classes), and a web of connections between the 

neurons that are applied as a set of (initially random) weights.  

 

 

 

These weights structure the multivariate function. When the MLP completes its training, it is up to 

us to decide whether it has done well enough and whether it should re-train either with the same 

parameters, but a different random sample, or with new parameters. As launched by LCM IDRISI, 

the MLP starts training on the samples it has been provided of pixels that have and have not 

experienced the transitions being modelled.  

At this point, the MLP is operating in automatic mode whereby it makes its own decisions about 

the parameters to be used and how they should be changed to better model the data. After training 
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has been completed, we need to classify to complete the process of transition potential modelling. 

The result in either case is a transition potential map for each transition (Figure 65). 

 

15. Figure Transition potential map (sample) 

If we want to determine the potential of land transform (Figure 66), we may consider the distance 

to excess water hazarded areas. 

 

16. Figure Soft prediction to land transforms25 

One of the major components of landcover change prediction is modelling transition potential. 

According to the LCM IDRISI the primary tool for transition potential modelling is the MLP 

Neural Network. In LCM, land cover change prediction utilizes two land cover maps from two 

different dates (2000 and 2006) to predict what the land cover will be in the future or what land 

cover need to transform in the future. The particular transitions of interest were specified for the 

sub-model and specified a variable which drive the type of transition taking place. As a 

consequence the resulted maps and the integrated database can be utilized in numerous land 

related activities (e.g. land-use and agricultural planning). 
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