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Abstract 

The research work presents a framework for integrating artificial neural networks and 

geographical information systems that is implemented for modeling of urban growth and 

forecasting the land development in the future. Artificial neural networks find a wide 

range of applications in the modelling of complexity fields such as cybernetics, physics, 

economics, computer science and many more. Urban systems have also been identified as 

a non-linear complex system. With the development of high end computational and 

visualization environments paved by the advancement computers in frontiers of 

geographical information systems and remote sensing image processing, modelling 

complex non-linear urban systems (an amalgamation of various physical and stochastic 

factors) and exploration of new techniques has come to age. Dehradun city has been 

identified as the study area of this research for parameterization of the model owing to its 

tremendous growth since becoming an interim Capital of newly formed Uttaranchal 

State. The model explores the physical factors of urban growth in Dehradun such as 

transportation network, present development and topographical characteristics. The 

ANN’s are used to learn the patterns of development in the study area. While GIS is used 

to develop the spatial and predictor drivers and perform spatial analysis on the results. 

Remote sensing data is employed in providing the calibration data for the model in the 

form of temporal datasets that allow land use land cover mapping and change detection. 

The validation of the model has been performed by designing spatial metrics namely, 

percentage match metric and urban growth dispersion metric. The factors and model that 

performed well on simulation has been used to forecast the future urban growth, keeping 

the nature of influence by decision making complexity afield.  

Keywords: Urban Growth; Land use change; Artificial neural networks; Geographical 

Information system; Urban complex system; Simulation. 
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1.1 Prelude  

India stands close second to China in terms of population numbers, 1,080,264,388 in 

figures, that is 16% of the world population as in 2005 (source: world population clock) 

and still growing at 1.4% growth rate. Urban areas are growing on a very fast rate in 

developing countries as well as developed world. It is estimated that by the end of this 

century, fifty percent population will live in urban areas, which are only three percent of 

the total landmass. In the present decade, at least eighty percent population growth occurs 

in towns and cities. Towns and cities have acted as focal points in the cultural landscape 

of India for nearly five millennia, though with some significant breaks in between. With 

over 12000 settlements and 5000 towns and cities, India has an urban infrastructure of 

gigantic magnitude. In 1981, India’s urban population surpassed that of the United States. 

In terms of absolute number of urban settlements and size of urban population, India is 

possibly the largest urbanized nation in the world today (Ramachandran).  

The magnitude is so large that it warrants a close look into existing policies concerned 

with planning and development of urban areas. From 1960 onwards the Master plans are 

being prepared for the cities in India. Many a times the planning objectives are failed due 

to unprecedented haphazard urban growth. The anticipation of services and opportunities 

in cities fuels this growth. Due to large number of factors, including organizational 

structures and procedures, lack of effective planning, implementation of control system 

etc. , urban planners in developing countries feel like running behind the true facts 

(Hofstee 1988). In such real time data vacuum, the planner or administrator is forced to 

take policy decisions concerning vital urban development policies without sufficient and 

reliable information.  

1.1.1Census definition of Urban Places 

From 1901, the Census organization of India has set up its own criteria for identifying the 

urban places. The Census of India have defined the term ‘urban place’ based on criteria 

of places having local urban bodies such  as municipalities, municipal corporations, 

cantonment boards or a notified are committee. In 1981 the Census defined the urban 

place as: 

a) any place with municipality, corporation or cantonment or notified town area; or 

b) any other place which satisfied all the following criteria 

i) a minimum population of 5000, 



   

ii) at least 75% of male working population in non-agricultural and , 

iii) a population density of at east 400 per square kilometer. 

 

1.1.2 Urban Growth trend in India 

India’s urban population raised from 16 per cent in 1951 to 28 per cent in 2001. This 

means a stupendous rate of growth which is faster than the growth rate of world’s urban 

population (out of 1027 million (or 102.7 crore) population of India, as per Census 2001, 

742 million live in rural areas and 285 million in urban areas comprising of 72.2% and 

27.8% of the population respectively). This shows that one out of every four Indians live  

Figure 1.1 

in some form of urban settlement.  Although the share of urban population in India is low 

compared to developed countries like UK (79%) and USA (74%), in absolute terms the 

total urban population is very high and hence alarming (Bawa, 1986). 

 

1.1.3 The Million Cities 

The Provisional Population Totals for India and States by rural-urban areas were released 

on 16.7.2001 along with the population of 35 million plus Urban Agglomeration and 

Cities. In the next series the population of those statutory cities, which have crossed one 

million populations as per Provisional Population Totals, Census of India, 2001 has been 

released. The population of million plus cities is confined to the statutory limits of 

respective Municipal Corporations only and population of the outgrowths, if any, 

appended to these cities have not been included. Brief highlight of the data is given 

below. 27 cities, which crossed the population mark of million plus at the Census 2001, 



   

are located in 13 States and Union territories. Their combined population (73, 021,246) is 

25.6% of the total population of the country. The Municipal Corporation of Greater 

Mumbai is the most populous city in the country with 11.9 million population accounting 

for 16.3% of the total population of million plus cities in the country. It is followed 

respectively by Delhi Municipal Corporation - (Urban) 9.8 million (13.4%), and Kolkata 

Municipal Corporation - 4.6 million (6.3%). With the pace of urbanization witnessed in 

last five years, Dehradun city is also inching towards to become a million city by the turn 

of 2011 (Master plan 2005-25 projections). It is therefore imperative to study the causes 

and dynamics of urban growth and provide models of urban growth to the planning 

bodies to be able forecast urban growth patterns and structure the policies in short and 

long term to implement the intended plans. An endeavor has been made into application 

of the neural networks to the modelling of urban growth.  

 

1.2 Research Objective 

The main objective of the research is to develop Artificial Neural Network based model 

for urban growth modelling and forecasting. The research is aimed at demonstration of 

ANN in modelling complex urban systems and effectiveness of GIS and remote sensing 

in such study.  Research objectives in this broader scenario are as follows: 

(1) To identify the factors affecting urban growth in the study area. 

(2) To demonstrate the use of GIS and remote sensing as spatial data providers in the  

urban modelling. 

(3) To demonstrate the use of neural network in the model. 

      (4)  To methodically check the accuracy of the model. 

 

1.3 Research Methodology 

The research initially delves into understanding the dynamics and factors of growth for 

urban system, with complexity theory as a backdrop and the need of modelling the urban 

system. Some understanding of the contemporary modelling techniques is done to gain an 

in-depth insight into the frameworks of modelling of urban systems. A special attention is 

drawn into artificial neural networks theory and working analytics as it is the key integral 

of the model being researched. A framework for parameterization and integration of GIS-

ANN is designed utilizing the temporal remote sensing data to provide the ANN 



   

calibration data. Accuracy assessment methods are designed to asses the model 

performance. Figure 1.2 shows the flowchart of the research path. 

 

 
1.4 Materials Available 

The following materials are available for the study. 

(1) Remote Sensing datasets of Dehradun city: 

(a) IRS 1D, LISS III, 23 Dec 2001. 

(b) IRS 1D PAN, March 2001. 

(c) IKONOS MSS-PAN, 2001 

(d) IRS P6 LISS III, 13 March 2005. 

(e) IRS P6 LISS IV, 2005. 

(f) IKONOS, MSS-PAN 

Problem definition and identification 
of the study area 

Literature survey 

Preparing database inventory and 
Remote Sensing data interpretation 

Field survey and secondary data 
collection 

GIS database creation.

Design and development ANN-GIS model 

Calibration and future simulation

Accuracy assessment of the model results 

Figure 1.2 



   

(2) Survey of India topographical maps of scale 1:50000, sheet numbers: 53J/3, 53F/15 

and 53J/4. 

(3) Survey of India guide-map of Dehradun city of scale 1:20000. 

(4) Master plan documents of 1982-2001 and 2005-2025 draft, with master plan maps. 

(5) GIS and Image processing softwares: ESRI ArcGIS (8.3, 9), ArcInfo and ERDAS 

Imagine (8.6, 8.7). 

(6) ANN software: Math works MATLAB 7.0. 

 

1.5 Scope of Study 

It is conspicuous that the research has been carried out postulating the following:  

(1) The urban growth model is designed based only on the physical 

parameters affecting urban growth, like distance variables and topographic 

variables. This because of non-availability of socio-economic-political 

variables and to avoid the complexity of modelling with such stochastic 

factors 

(2) Spatial rules used to build the interactions between the predictor cells and 

potential locations for transition are assumed to be correct and remain 

constant. Development of a sunrise industrial area like IT may draw more 

development to move in there. 

(3) The neural network is assumed to be constant over time. Thus, the relative 

affect of a predictor variable is assumed to be stable. 

(4) Finally, the amount of built-up per capita undergoing a transition is 

assumed to be fixed over time. 

 

1.6 Structure of the Document  

The thesis is organized keeping the discussion pattern in focus. 

 Part A introduces the research, its aims and objectives, research methodology, data used 

in the study and description of study area. 

Part B is the literature survey to understand the paradigms of urban phenomena, theory 

and modelling, and understand the theory of artificial neural networks and applications.  

Part C convenes the thesis to design and development of model framework, validation 

and conclusion and recommendations. 



   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



   

2.1 Description of Study Area 

The Dehradun city is situated in the south-central part of Dehradun District within the 

newly formed Uttaranchal state. Dehradun is the interim capital of Uttaranchal (Figure 

2.1), situated in Dun Valley at 30°19` N latitude and 78°20`E longitude. The city is 

surrounded by river Song in the east, river Tons on the west, Himalayan Shivalik ranges 

on the north and Sal forests in the south. Musssoorie overlooks in the north. It is the 

largest city in the hill state and well connected by rail and road transport. It is the 

terminus of Northern Railway. Dehradun city along with its contiguous outgrowths form 

an “Urban Agglomeration” consisting of Dehradun municipal area, Forest Research 

Institute, Dehradun Cantonment, Clement town Cantonement, Adhoiwala outgrowth and 

Raiput town.  

 

2.1.1 Origin and History 

There is a number of myth related to the naming of “Dehradun” city .According to 

Skanda Purana, an ancient text,” Dun” formed part of the region called “Kedar Khand”.It 

was included in the kingdom of Lord Ashoka by the end of the 3rd century B.C.Histry 

reveals that for centuries the region formed part of Garhwal kingdom with some 

interruption from Rohillas. 

However, most popular myth is that the city derived its name from the local tradition. 

During the 17th century, the Sikh guru Ram Rai, (a sent in Udasi fakir sect) took up his 

esidence in the Dun .History connects the event with Guru Har Rai , the leader of the 

famous Sikh sect who died in 1661 leaving behind two sons, Ram Rai and Har Kishan 

.After the death of Guru Har Rai , emperor Aurangzeb, confirmed the election of guru 

Har Kishan  and direct Ram Rai to retire to the wilderness of the Dun. In obedience to the 

emperor’s command, Ram Rai retired to the Dun at Kandli on the river Tons. Later on he 

moved from the Dun and settled down in Khurbura, now included in the city of 

Dehradun.Guru Ram Rai built a temple at the village Dhamanwala, which became the 

nucleus of the present city and even today his Darbar Saheb is the heart of the city’s 

cultural and spiritual life. 

For about two decades till 1815 the city was under the occupation of the Gorkhas. In 

April 1815, Gorkhas rulers were ousted from Garhwal and Garhwal was annexed by the 

British. The growth of tea industry and the extended operations of forest department, the  



   

 

 

 

 

 

Figure 2.1 Study Area 

 

 

 

 

 

 

 



   

establishment of two military Cantonments (in1872 and 1908), increasing popularity of 

Mussoorie and Landour, as a retreat of well to do pensioners and opening of the railway 

in 1900 have all contributed towards growth of Dehradun. Later on, the construction of 

1.6 km long Paltan Bazaar (from Clock Tower to Gurudwara) led to the trade transaction 

and thus led to a very rapid growth of the city. This development was further aggravated 

after the second world war , through the establishment of new Cantonment, Ordinance 

Factory, Indian Institute of Petroleum, Indian Photo Interpretation Institute (renamed as 

Indian Institute of Remote Sensing), Oil and Natural Gas Corporation, Survey of India, 

Doon School and many other institution ,offices and the growth of ancillary activities and 

other infrastructural facilities have contributed considerably to the growth and physical 

expansion of the city. 

 Thus this unprecedented growth of institutions,offices,large and small scale industries, 

lime based industries at Dehradun have triggered the problems of congestion in the 

central core of the city and crippled the transportation system have resulted in overall 

environmental degradation. However, till 1960, there was no effort to channelise the 

haphazard growth of the city. Under these circumstances the city at present is suffering 

from a number of problems of uncontrolled and haphazard development, severe traffic 

congestion, rapid growth of slums on low lands, particularly at the beds of the seasonal 

streams and encroaches of commercial activities. 

 

2.1.2 Physiography 

 Dehradun city is located on a gentle undulating plateau at an average altitude of 640 m. 

above mean sea level. The lowest altitude is 600 m. in the southern part, whereas highest 

altitude is 1000m. on the northern part. The northern slope (south facing) has gentle 

gradient of about 8° which mostly comprises of coarse detritus boulders, pebbles, gravels 

derived mainly from Pre-Tertiary and Shiwalik rocks with top soil and silt /sand. The 

north facing southern slope is steeper in gradient of about 10° formed mainly of reworked 

Upper Shiwalik boulders and gravels with sand and silt. . The drainage of the city is 

borne by two rivers namely: Bindal and Rispana River. The direction of flow of these 

seasonal streams and nalas in the eastern part is north to south and western part it is north 

to southwest. The whole area is heavily dissected by a number of seasonal streams and 



   

nalas, which are locally known as “Khalas”. . Dense patches of forests exist along the 

north and in the outer limit of regulated areas. 

2.1.3 Climate 

In general the climatic conditions of the study area are subtropical to temperate. 

Dehradun experiences four seasons, namely, winter, summer, rainy and post monsoon 

seasons. The period from November to February is the winter season. The summer 

season followed continues up to the end of June. The rainy season is from July to about 

third week of September. The following period, till the middle of November is the post 

monsoon or transition period. 

The maximum average temperature is 36± 6 OC and the minimum is 5 ± 2 OC. In 

summers maximum temperature i.e. 36 ± 6° C and the minimum temperature is 16 ±7° C 

whereas in winters it varies from 23± 4° C and 5 ± 2° C respectively. Inversion of 

temperature is a conspicuous phenomenon, owing to the location of the city in the valley. 

The average annual rainfall of Dehradun City is 2183.5 millimeters. About 87% of the 

rainfall is through monsoon and is received during the months from June to September, 

July and August being the rainiest months. 

 The relative humidity is high during the monsoon season normally exceeding 70% on an 

average in the city of Dehradun. . The mornings are generally more humid than the 

afternoons. The driest part of the year is during the summer season, with the relative 

humidity becoming less than 45%. In the Doon valley, winds are mostly from direction 

between southwest and northwest throughout the year except in October and November. 

The annual wind speed is 3.2 km / hour. Mountain and valley winds are common 

throughout the year.  

 

2.1.4 Major Functions of the City 

Cities are attached with intangible values like status, character and function. Activities of 

the city dwellers, which emerge from the city functions, are manifested in the physical 

development of the city. A harmonious integration of the function and the activity can 

lead to a healthy and orderly development of the city. These are the major functions of 

Dehradun City – 



   

Administrative: Dehradun is interim Capital of the newly formed state of Uttaranchal 

with the state government function from here, district headquarter and headquarters of a 

number of all India organizations, administration is one of its important function. 

Educational and Institutional: Dehradun, besides being seat for prestigious educational 

institutions and other technical institutes, is famous for national level institutes such as 

Forest Research Institute, Indian Institute of Himalayan Geology, Oil and Natural Gas 

Corporation, Wild Life Institute, Indian Institute of Remote Sensing and many others. 

Commercial: Dehradun is the largest service centre in Uttaranchal State. It meets the 

trade and commerce requirements of this region. With the establishment of national level 

institutes and offices and the expansion of Cantonment area, the commercial activity has 

gained momentum. 

Industrial: Dehradun being the biggest city and Capital of the state, it is a hub marketing 

the main traditional industries in the region which are handicrafts, handlooms, wood 

based industry and wax based industry. In addition to this, the development of the city the 

valley is seeing the surge of a few sunrise industries that include information technology, 

biotechnology, agro based and food processing industry, floriculture and industry based 

on herbs and medicinal plants. Industries like tea and forest products is also has potential 

of further evolution. 

Tourism: Dehradun is endowed with immense potentialities to be place of tourist 

attraction besides being gateway to Mussoorie. There are number of tourist places and 

recreational spots within short distance of the city, which if developed and landscaped, 

would be more picturesque as tourist attractions 

Defense: Dehradun is the headquarters of Indian Military Academy. A number of other 

defense establishments viz., Doon Cantonment, Clement Town, Ordinance Factory, Indo-

Tibet Border Police, President’s Body-Guard etc. are located in Dehradun. The defense 

function has played a vital role in shaping the development of the city and it will continue 

to influence the future development and economy of the town. 

 

Settlement Structure and Urban Form: British government that has served the water 

needs of the drinking and agricultural requirements. The Central part consists of the old 

city and the private The Eastern Rajpur Canal was the most important feature in 

Dehradun residential areas. The prestigious educational and research institutions are 



   

situated outside the core city. The western side houses the cantonment, Oil and Natural 

Gas Corporation, Forest Research Institute and Wadia Institute of Himalayan Geology.  

 

2.2 Rationale of Study Area Identification 

To put forth the rationale in taking up Dehradun as the study area for the research has 

been empathized from the study of Master Plan for the city.  

For planning, regulation and control of development activities, Dehradun Regulated Area 

was declared in 1963 under the provisions of Uttar Pradesh Regulation of Building 

Operations Act, 1958. It included the Dehradun Municipal Board and the areas falling 

with in 5 mile radius beyond municipal limit. In 1968 municipal area was excluded from 

the regulated area and government constituted an Ad Hoc Committee under Section 

296(2)-C of Municipal Act 1916 for finalization of the Master plan. Again during 1975, 

the controlling authority took a decision to include the municipal area and demarcate the 

limit of regulated area in the basis of village boundaries. In the light of above decision, 

the government declared Dehradun regulated Area vide notification no. 3101/37-3-44 

RBO 64 f\dated 15-9-1978 including 163 villages besides municipal area. 

As has been mentioned above the original Development Area had accepted Dehradun 

municipal area and 163 villages in 2001 Master plan, but with the inclusion of Dehradun 

urban agglomeration and 172 villages only 7045 hectare of land was planned for land 

use, and at the same time a major fragment of land mass was left unregulated. Along with 

this a lack of implementation by authority of the master plan 2001 as proposed, violation 

of the proposed land use and forcible development of residential, industrial, offices and 

recreational areas by the citizens in total contradiction to the proposed plans, the master 

plan 2001 could not be realized as intended.  

With the formation of Uttaranchal State in and expiry of master plan (1982-2001) time 

duration, the detailed assessment of the master plan was also done to identify and record 

the intensive urban activities leading to the violation of the proposed plans and the 

present situation of land use in the development area was also accounted for. 

With status of Interim Capital, the face of the older plan got further tarnished with 

acquisition of land against proposal as the need aroused to establish the offices and 

establishments for government function. The attraction of a Capital status, the land prices 

have escalated in Dehradun, the urban geography has been continually metamorphosing 



   

since. Adverse effect of all this attention to the city reflected in the form of illegal 

encroachments of green belt in urban agglomeration, river channels encroachment, the 

growing urban expanses has led to inadequate housing, basic facilitates transportation 

facility and many other related problems. A government order no 1019/A/AB2001-

105(A)/2001. 14-05-2001 led to continuance of the same plan till the new master plan 

was formulated for year 2005-2025. The Master plan 2005-25 is still in draft form and 

under debate leading to continuation of the old plan. 

From the affirmations in the Master Plans of 1982-2001 and 2005-2025 draft, that 

identified Dehradun as a fast paced growing city, it is only apparently deliberated that the 

study area will be appropriate for the research intended. The boundary of the Master plan 

1982-2001 and that of Draft 2005-25 Plan are same, that is the urban growth is planned to 

with in this boundary, has been adopted as the boundary of the study area (Figure 2.2). 

 

2.3 Demography 

2.3.1 Population Statistics 

Dehradun Planning Area is inclusive of Dehradun urban agglomeration and 172 villages 

for which the demographic studies have been done which is an essential prerequisite for 

outlining the planning proposals in Master Plan 2005-25. 

From the study of decadal population growth of Dehradun from 1901 to 2001 (Table 2.1), 

it is evident that in 1901 the population was only 30995; to year 1911 the growth rate was 

37.34%- after which the growth was persistent in the similar fashion. In the decade 1941-

51, the city saw an increase of 78.97% mainly due to the expatriate population resulting 

from the division of India during this time, by 2001 the population grew by 288.39% 

from 1951. 

The last decadal population census from 1991-2001, saw a 52.45% growth rate due to 

formation of new Uttaranchal state and Dehradun becoming an interim Capital witnessed 

activities of government machinery, race between various agencies to be set up its base 

here and prospects of employment opportunities created a huge influx of population in 

the city. 
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Table 2.1 Decadal population growth of Dehradun, 1901-2001 

2.3.2 Population Density 

In the population rural sector of the Dehradun master plan area, the decade 1961-71 had 

45.97% increase, 1971-81 had 25.49% and 1981-91 had maximum of 64.17%. In the year 

2001 the Dehradun municipal boundaries were increased leading to assimilation of 53 

villages into its limits leading to 7% decline in rural population growth from 1991 

wherehence the population in the development area grew by 37.92%. 

In the year 2001 the development area had 172 villages, the population was 753420, out 

of which 74.37% (5.6 lakhs) resided in urban and 25.63% (1.93 lakhs) in rural area; 

spread in 8740 hectare and 27125.20 hectares, respectively. Resulting in 64 persons and 

27 persons per hectare gross density in urban and rural areas, respectively. That  

 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Year Total Population Increase Decadal % growth 
1901 30995 NA NA 
1911 42568 11573 37.34 
1921 50858 8290 19.47 
1931 52927 2069 4.07 
1941 80580 27653 52.25 
1951 144216 63636 78.97 
1961 156341 12125 8.41 
1971 220571 64230 41.08 
1981 293010 72439 32.84 
1991 367411 74401 25.39 
2001 560120 192709 52.45 



   

 

 

 

 

 

 

 
 
 
 
 
 
 

 
 
 
  

  
 

 

 

 

 

 

 

 

 

 

 

 

 



   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



   

3.1 Introduction 

Cities have not been formally studied, until quite recently, as emergent phenomena 

although a moment's reflection suggests that there is no ‘hidden hand’ guiding their 

growth, and no top-down model for their physical and spatial organization. This is 

despite a series of highly suggestive works, some like Geddes (1915, 1949) Cities in 

Evolution first written nearly 100 years old, others of more contemporary origin such as 

Dendrinos’s and Mullaly’s Urban Evolution (1985), all of which attempt to articulate 

urban growth and form in terms of such change. Recently as part of the growth of 

complexity theory, attention has turned to how cities grow and evolve, to urban 

dynamics, and to how the patterns that we observe with respect to urban form and 

structure, emerge from a myriad of factors from the bottom-up. Since the last two 

decades the availability of data featuring in spatial and temporal form has accelerated 

research to give birth to new novel ideas to develop and evaluate the urban phenomena, 

forecasts and what-if scenarios. Modern statistical and GIS environments enable 

combination of qualitative and quantitative methods, and the urban research is not 

constrained by the computing power any more giving rise to more research approaches 

and ideas. This chapter’s preamble is to examine the urban growth phenomena as a 

complex system, urban system dynamics and paradigms of few of the modeling 

approaches researched so far. 

 

3.2 Urban growth 

Urban development is one kind of emergent phenomenon of urban system, which is very 

complex and hard to measure. Generally, urban development phenomena can be divided 

into two different types. One is urban growth the other is urban redevelopment. The 

former is main application field of ANN modelling for this research. In the discussion to 

follow, urban growth theory is introduced. Urban growth indicates a transformation of the 

vacant land or natural environment to construction of urban fabrics including residential, 

industrial and infrastructure development. It mostly happened in the fringe urban areas 

(Shenghe and Sylvia 2002). From systematic view, urban growth is divided into 

spontaneous and self-organization process (Wu2000). Spontaneous growth results in a 

homogeneous and sparse spatial pattern, which contains more random components, 

whereas self–organizational growth result in spatial agglomeration pattern, which is 



   

combined with more socio-economic activities(Cheng 2003a). Contemporary urban 

growth consists of three interrelated problems of spatial dynamics: the decline of central 

or core cities which usually mark the historical origins of growth, the emergence of edge 

cities which both compete with and complement the functions of the core, and the rapid 

suburbanization of the periphery of cities - core and edge - which represent the spatially 

most extensive indicator of such growth. Clearly, urban growth is one complex spatial 

changing phenomenon in urban system. Different driving force and influence factors will 

take actions. Further in this chapter, factors influencing urban growth are discussed from 

modelling view point. Alternatively urban growth is sometimes refered to as Urban 

sprawl ,a term for the expansive, rapid, and sometimes reckless, growth of a greater 

metropolitan area, traditionally suburbs (or exurbs) over a large area. 

 

3.3 Urban Systems 

3.3.1 Cities as Systems and Their Complexity 

Issues related to the complexity of the cities have been extensively addressed (Batty and 

Longley, 1994; White et al, 1997; Torrens, 2000; Torrens and O’Sullivan, 2001). 

Keeping things in perspective a word on ‘systems’ and theory, is put forth.  A system is 

an assemblage of related elements comprising a whole, such that each element may be 

seen to be a part of that whole in some sense. That is, each element is seen to be related to 

other elements of and/or the whole system. It is generally recognized that while any 

element of a system need not have a (direct) relationship with any other particular 

element of a system, any element which has no relationship with any other element of a 

system, cannot be a part of that system. The term is often used to describe a set of entities 

which 'act' on each other, and for which a mathematical model or a logical model may be 

constructed encompassing the elements and their allowed actions. Systems theory was 

founded by Ludwig von Bertalanffy, William Ross Ashby and others in the 1950s on 

principles from ontology, philosophy of science, physics, biology and engineering. If K is 

regarded as the number of system components, for the sake of simplicity, the state of the 

ith ( =1,2,…..,k) component is determined by only one variable Xi(t), then the standard 

deviation of the system dynamics is given by differential equations in the case of 

continuous time:  

dXk(t)/dt = Fk(X1(t),X2(t),…..Xk(t)), 



   

which denotes the time derivative of a system component. Integral of each of these 

components with the spatio- temporal bounds gives the system. 

For a system to turn complex, it should exhibit properties that are beyond convergence to 

a globally stable equilibrium. A simple system will conform to external changes if taking 

place in regular fashion, but that’s not the real world case. Frequent and irregular changes 

in the environment cause problems because the system will need time to converge to new 

equilibrium to stay controllable, which too is not always assured.   

The path to complexity from simplicity in the system crosses the borders of linearity and 

autonomy of the system as it emerges in the nonlinearity (in which change of one effects 

the other non linearly) and open system (means the inward and outward movement of 

energy or matter)-because the object of the study, city, is full of nonlinearly interacting 

components and is open in many respects. As the external influence takes place, the 

system ‘control parameters‘ tend to metamorphose with time and available 

space(Torrens2000).  

The features of complex systems in nature (Stephen Wolfram) have been comprehended 

as follows: 

 Relationships are non-linear: In practical terms it means small perturbations may 

cause a large effect (butterfly effect), a proportional effect, or even no effect at all. 

In linear systems, effect is always directly proportional to the cause.   

 Open systems: Complex systems in nature are usually open systems — that is, 

they exist in a thermodynamic gradient and dissipate energy. In other words, 

complex systems are usually far from energetic equilibrium 

 Feedback loops: Both negative (damping) and positive (amplifying) feedback are 

often found in complex systems. The effects of an element's behaviour are fed 

back to in such a way that the element itself is altered 

 History: The history of a complex system may be important. Because complex 

systems are dynamical systems they change over time, and prior states may have 

an influence on present states. More formally, complex systems often exhibit 

hysteresis. 

 Nested: The components of a complex system may themselves be complex 

systems. For example, a city is made up sub regions-which are made up of people, 

which are made up of cells - all of which are complex systems. 



   

 Boundary condition: It can be difficult to determine the boundaries of a complex 
system. The decision is ultimately made by the observer. 

To take the above discussed characters to strength, when we consider urban growth as a 

system, in particular a complex system, we need to uncover the universal and unique 

characteristics that it shares with and distinguishes it from other complex systems. This 

exploration is conducted by answering question. The first question is: Where is urban 

growth occurring from a system perspective? As far as the type of urban development is 

concerned, it consists of physical expansion and functional changes. The former refers to 

the change in space (transition from non-built to urban), such as increasing the physical 

size of a built-up area, the latter to the change in major activities (land uses), such as 

residential or commercial function. Although the focus of this research is on the physical 

expansion, the functional aspects have to be taken into account in interpreting the causal 

effects of the former as both interact spatially and temporally. For example, the activities 

at a location may influence the change in space at another location; the activities in a 

period may impact on the change in space at another later period. As a result, space and 

activity should be the basic elements of any systems defined for understanding urban 

growth.  

The ordered properties of the cities have been studied by White & Engelen (1993a) and 

Brain Pijanowski (2002a) by using fractal dimension as a measure of order. The fact that 

cities do have fractal structure introduces the concept of self similarity as by definition 

fractal objects are self similar. New areas in the cities show patterns which are often 

indistinguishable from previous patterns and from the whole city; moreover the structure 

of the pattern is independent from scale (Torrens2002, Wolfram 1994).  

The need to understand the complexity is important to understand the city dynamics, 

from a practical point of view, is useful and practical way to predict complex 

systems(Couclelis, 1988), i.e. model for future of cities. It has been admitted that 

modeling urban phenomena is not the easiest of jobs, as there have been cases when the 

theory turns out to be too general to be in use such exercises; on close scrutiny, we see 

the phenomenological regression amalgamation of potential factors and observed 

outcomes, but not the theory is applied. This is to do with the characteristics of the cities 

with each having its own uniquely identifiable urban dynamics, hence the discrepancy. 

Cities exhibit several of the characteristics of a complex emergent system (Torrens & 



   

O’Sullivan, 2001) - therefore their dynamics and the rules for pattern generation and 

evolution require well suited tools for their modeling. 

 

3.3.2 Projection of Complexity in Urban Growth 

Much of our understanding of explicit dynamic processes will coincide with our ability to 

understand complex systems in general (Box, 2000). This section looks in to what is the 

complexity of urban growth? Or how should its complexity is perceived? 

(1) Sources and measurement of complexity 

Contemporary urban growth is characterized by dispersal and decentralized patterns 

(Gordon and Richardson, 1997). Restructuring has involved the decentralization of jobs, 

services and residences from traditional urban centers to suburban settings and "edge 

cities" within expanded metropolitan areas (Garreau, 1991). The new urban regions are 

multi-centred, with more than one core (Fishman, 1990). This trend is the result of a 

variety of heterogeneity in the elements of the urban system resulting in its growth. 

Systems of any interest are composed of heterogeneous agents and objects; indeed their 

very richness comes from such heterogeneity (Batty and Torrens, 2001). Our observation 

or assumption is that the spatial, temporal and decision-making heterogeneity of urban 

growth results from socio-economic-ecological-physical heterogeneity. The integration or 

interaction between these categories of heterogeneity creates complex patterns, behaviors 

and processes of urban growth. 

As a first step towards decision-making support, quantitative measurement plays a crucial 

role, affecting the accuracy of modelling and furthers the risks of decision-making. To 

effectively measure the complexity of a system remains an unsolved issue even in 

complexity theory. In urban growth, such complexity can be threefold (or projected 

onto): spatial measurement, temporal measurement and decision-making measurement, 

which correspond to the three categories of heterogeneity. In the literature, although 

numerous indicators are designed for the quantification required by any specific analysis 

such as proximity, accessibility, and density based on remote sensing and GIS 

techniques, they are still not rich enough to understand all aspects of multiple complexity. 

A major reason is that conceptual understanding of any specific complex system is still 

limited at present. 

 



   

(2) Spatial complexity 

Classic location theory utilizes micro-economic concepts such as perfect competition and 

perfect rationality; but the over-simplified economic and spatial landscape it assumes is 

not sufficient to explain existing spatial processes where location choices depend on 

relationships rather than on an individual factor's choices (Besussi et al., 1998). A 

frequently cited shortcoming of GIS and most spatial analysis tools is their difficulty in 

dealing with dynamic processes over landscapes (Box, 2000). This is not because of a 

lack of people thinking about dynamic processes in space, nor is it from a lack of talent or 

technology. It has more to do with the fact that space is inherently complex, and dynamic 

processes often become complex when they are regarded in a spatial context. As a result, 

the first step to spatial modelling is to recognize the spatial complexity in the study. 

Spatial complexity may include spatial interdependence, multi-scale issues and structural 

or functional complexity. Spatial dependence is defined as a functional relationship 

between what happens at one point in space and what happens at a neighbouring point. In 

urban growth, spatial dependence is indicated by the impacts of neighbouring sites on 

land conversion of any site. This is the result of a causal relationship among neighbouring 

entities, e.g. interaction. Examples of positive impacts may include transport 

infrastructure or developed urban area; in particular low density fringe growth is highly 

dependent on transport infrastructure. Examples of negative impacts may be steep terrain 

and non-developable land such as deep lakes. The complexity lies in the following facts: 

  The impacts are determined by an unknown number of factors and their spatial 

             relationships are non-linear; 

 The intensity of spatial dependence or neighbourhood size is spatially and locally 

varied; 

 Land conversion includes probability (occurred or not), density (scale), intensity 

(floor number), function (land use) and structure (shape or morphology); each 

may have its distinct spatial dependence. 

 In spatial science, structure is the physical arrangement of ecological, physical and social 

components, and function refers to the way the components interact (Zipperer et al., 

2000). Urban growth involves both; structure is more linked with pattern and function 

rather than with process. The representation or semantics understanding of a spatial 

system is diverse. The spatial representation of structure and function may influence the 



   

spatial understanding of urban growth pattern and process. Its complexity lies in the 

following: 

 The self-organised process of urban growth has complex spatial representation 

and understanding; 

 The interaction between pattern and process is dynamic and non-linear. 

 

(3) Temporal complexity 

In the time dimension, the physical size of a city is increasing continuously, with a 

functional decline in some parts, such as the inner city. However, urban growth means 

only increasing the number of new units transformed from non-urban resources. In 

different countries, regions and cities, the speed, rate and trend of urban growth are very 

distinct. In developed countries (e.g. the USA, the UK), urban growth may be much more 

gentle than that in rapidly developing countries such as India and China. Temporal scale 

is a highly influential factor for understanding its dynamic process. In the longer term, 

urban growth might be considered uncertain and unpredictable or even chaotic. Urban 

systems are rather complicated and their exact evolution is unpredictable (Yeh and Li, 

2001a). This means its development process is sensitive to unknown initial conditions 

such as war, natural disaster, and new policies of the government. These conditions can 

not often be predicted, particularly in quantitative terms. If the system of interest is 

chaotic, the prediction of the values of all system variables is possible only within a 

usually short time horizon. Generally, urban growth is in a state of disequilibrium, 

especially in most rapidly developing cities. In such cases, uncertainty becomes 

predominantly important, because in these systems spontaneous growth or any surprising 

changes that depart from observed past trends, indeed any form of novelty or innovation, 

open up the path of system evolution. From the perspective of urban planning and 

management, understanding the dynamic process of urban growth includes the temporal 

comparison of various periods. Such comparisons enable planners to modify or update 

their planning schemes in order to adapt to the changing environment. However, these 

comparisons are subjective and depend on numerous fuzzy criteria. As a complex system, 

urban growth involves a certain degree of unpredictability, phases of rapid and surprising 

change, and the emergence of system-wide properties. Temporal complexity is 

specifically indicated in the following ways: 



   

 Patterns, processes and behaviour of urban growth are temporally varied with 

scale; 

 The dynamic process of urban growth is non-linear, stochastic or even chaotic in 

the longer term; 

 Temporal comparison of urban growth is subjective and fuzzy. 

 

(4) Decision-making complexity 

Quantitative geographers increasingly recognize that spatial patterns resulting from 

human decisions need to account for aspects of human decision-making processes 

(Fotheringham et al., 2000). In particular, the urban spatial structure is viewed as a result 

of interlocked multiple decision-making processes (Allen and Sanglier, 1981a). Decision-

making complexity is indicated as the unit and process of decision-making, and the factor 

of decision-makers. Understanding the dynamic process of urban growth must be based 

on the linkage with the decision-making process as the final users of modelling are the 

various levels of decision makers. However, the interaction between these factors is in 

essence non-linear, dynamic, and self-organized.  

Decision-making complexity is specifically indicated as follows: 

 Decision-making for urban growth is a multi-agent dynamic and stochastic 

system; 

 Its spatial and temporal projection is a self-organized process; 

 Decision-making behaviour are subjective and fuzzy. 

 

3.4 Characteristics of Factors of Urban Growth Dynamics 

Cities are among the most complex structures created by human societies. Furthermore 

the cities may have varied view points, but despite these differences, cities have some 

characteristics that make them similar. Dynamism and growth are two of elements which 

characterize most urban areas.  

Considering the previous ideas about cities complexity, two questions arise, firstly 

considering that the complexity of urban land use patterns has its own logic, should 

patterns of land use respond to certain measurable factors? Secondly, how do these 

factors contribute to the dynamics of the growth of cities? The answers of these questions 

may help us to understand how to model urban dynamics. Urban land use dynamics are 



   

the direct consequence of the action of individuals, public and private corporations acting 

simultaneously in time over urban space. As a consequence, cities are spatial result in 

time of all these influences, which continuously contribute to feature up the city. If all 

these influences are considered acting simultaneously, the complexity of the urban 

settlement is not surprising. 

From a practical point of view, several land use allocation factors have been identified for 

urban activities in the science of spatial decision making (Eastman et al, 1993; Voogd, 

1983; Carver, 1991), in five groups as follows: 

 Environmental characteristics 

 Local-scale neighborhood characteristics 

 Spatial characteristics of the cities(i.e. accessibility) 

 Urban and regional planning policies 

 Factors related to individual preferences, level of economic development, socio-

economic and political systems. 

The first group is related to environmental characteristics. It may be represented as 

constraints for urban growth. For example, slope, natural hazards prone, natural barriers 

belong to this first group. 

It should be noted that the second factor is related with Tobler’s first law of geography 

(“everything is related to everything else, but near things are more related than distant 

things’’, 1970). It can be defined as the present and past land use patterns and dynamics. 

Land use patterns usually represent the strongest influence for the dynamics of land use. 

Distance from new features to existing land uses and the type of these land uses drive the 

urban dynamics at local scale. It is only logical to think the new residential areas usually 

grow near adjacent existing residential areas. However they are influenced by other land 

uses too. For example, an industrial land use may be a repulsive factor. As a result a sort 

of equilibrium is reached between all actual land uses and their dynamics. 

The third group of factors is related to the spatial characteristics of the city. Factors such 

as distance to the city center, accessibility, flows or transport network, are included in 

this group. For example, new links in the road network might contribute enormously to 

the urban dynamics as an attractor for urban land uses. 



   

The fourth group is related to urban and regional planning policies. From a practical point 

of view, this group is represented by land use zoning status. Through land use zoning 

plans the city is regulated to be occupied by land use spaces and time. 

The fifth group, comprises of factors related to individual preferences, level of economic 

development and socio-economic and political system. These are the most complicated to 

understand and model. This group of factors is also related to human decision making 

processes, which in most cases are qualitative, evolve in time and can be intransitive and 

therefore difficult or almost impossible and therefore as stochastic factor in urban 

dynamics modelling; but to define and calibrate, it is difficult. 

 

3.4.1 Factors of Urban Growth Dynamics at Work 

Empirically, White et al (1997) have shown that the transportation network and land use 

stabilities are the determinant factors of ‘visual urban environment’. In addition, land use 

zoning status is also a factor which participates in the land regulations for future land 

uses. The factors so far used in urban models corresponds with the factors usually 

referred to by suitability and allocation (Eastman et al, 1993;Voogd,1983). Here 

suitability is understood as a linear deterministic function of several factors which 

participate in the evaluation of each point of the territory. 

At the local scale, the process of urban dynamics can be understood in three main phases. 

From a set of the available land in a city represented by the bigger cube fig…. 

, a set of factors behaving in a linear deterministic way produce a subset of areas prone to 

be occupied by some land use. In this phase, the factors are not very dynamic and remain 

stable for some time period until some external action modifies it. For example, the 

creation of a new road will modify the accessibility parameter. Until this step the process 

of urban dynamics can be modeled using a linear deterministic and more or less static 

function. In the second phase, another group of urban land use factors come in to picture. 

Those related with the land use pattern and local level interactions between the land uses 

and combine to create the distribution of new built up areas and changes from one urban 

land use to another. It is at this stage the system actuates in a very dynamic way using as 

input the subset of areas generated in the first phase. The factors are dynamic in space 

and time, iterative and show a non-linear behaviour. Every change in the urban land use 

affects future land uses at local scale, changing the local equilibrium at any instance the  



   

land use changes. Finally, the third stage gives the system its stochasticity. Cities are 

most social and economic processes show some degree stochastic characteristics. 

Because of the stochastic nature of the system some places that have been highly ranked 

in the first phase and established to be occupied by a particular land use may be discarded 

or can be occupied by a lesser proper land use due to human related decision. It is 

reasonably apt to perceive these three phases acting simultaneously, putting together the 

elements of the linear deterministic factors of the first phase, with non-linear dynamics of 

local scale factors of the second, and the stochastic nature of social processes. All these 

factors working in parallel produce what has been termed as a complex system.From a 

practical point of view, the process of urban dynamics can be defined as an iterative 

probabilistic system (White et al 1999) in which the probability (p) of a place (i) in a city 

is occupied by a land use (k) in a time (t) is a function of the concerned factors measured 

for that land use: suitability(S), accessibility (A), land use zoning status (Z), 

neighbourhood influence(N) and stochastic perturbation (v): 

Pik = f (Sik, Aik, Zik, Nik, v) 

Considering this approach the likeliness of an area to change is a function of aforesaid 

factors working parallel in space and time. In this schema the neighbourhood factor (N) 

makes the system non-linear.  

The dynamism and interactive behaviour can be understood in deeper technicality by 

developing a model.  

 

3.5 Modelling Urban Environment 

Looking through the history of modelling, it is quite clear that its progress is dependent 

on the advances in other areas such as system sciences (including mathematics, physics 

and chemistry), computer science and techniques, and various application domains. 

Progress in system sciences and computer science has brought about a new revolution in 

quantitative geography. The "quantitative revolution" in economics, geography and the 

social sciences reached the planning profession in 1960s (Wegener, 2001). The 

emergence of "the old three system theories" (general system theory, information theory 

and cybernetics) and computer techniques in the 1940s spurred the first modelling 

revolution, which is based on structural linear equations but is not spatially explicit. 

Famous paradigms include the Lowry urban development model (Lowry, 1964), the 



   

spatial interaction model (Wilson, 1970) and the input-output model (Leontief, 1970). It 

is persuasive that the big forward movement in remote sensing (RS), geographical 

information science (GIS) and system theories, especially the developing complexity and 

non-linear theories (the most promising science in the 21st century), is undoubtedly 

stimulating a new development wave of modelling. The reasons are threefold. First, 

complexity theory brings hopes for re-understanding the systems or phenomena under 

study. A recent resurgence of interest in complexity issues is evident as new theories and 

methods have mushroomed in the last few decades (Wu and David, 2002). Second, new 

mathematical methods create new means to represent and quantify the complexity. Third, 

remote sensing and GIS guarantee the availability of data on various spatial and temporal 

scales.  

In 1970s, Peccei stated one purpose of modeling lies in the need of communication. That 

is to say, modelling can help people communicate with each other more easily. Bender in 

1994 answered the remaining question. In his PhD thesis he argued that the second 

meaning of modeling is to reduce uncertainty (R.M.J.Benders 1996).It means with the 

help of models, we can further our understanding about the complex world, enlarge our 

knowledge, and reduce our uncertain understanding about our surrounding world. With 

the help of modeling and simulation, we can reduce uncertainty and increase our 

understanding of urban system. Take urban planning process as an example. Planning is a 

future-oriented activity, strongly conditioned by the past and present, planners need to 

enhance their analytical, problem solving and decision making capabilities. With the help 

of models, it can facilitate scenario building and provide an important aid to future 

directed decision- making (Cheng 2003a).In this way, urban planning can be more 

scientific and reduce the subjectivity brought by decision makers. 

Furthermore, by modeling urban system, people can understand its functions better and 

further the theory research of cities. Meanwhile, by modeling urban system, researchers 

can test and evaluate some theoretical hypotheses and ideas in a controlled environment, 

since different urban models work as different social labs, where various experiments can 

be done. It equips urban research in a more experiment method comparing with past pure 

theoretical research (Jiao 2003). A model can serve as a good tool to mimic part of the 

complexity of the land use system. It offers the possibility to test the sensitivity of land 

use (pattern) to changes in selected variable and the stability. 



   

While a model will always fall short incorporating all aspects of the ‘real world’, it 

provides valuable information on the system’s behavior under a range of different future 

pathways of land use change. With the advent of high power machines, computational 

modelling has become more feasible paving way to many approaches and visualizations 

in GIS environment. 

Models of land use change  serve useful tools for (1) exploring the various mechanisms 

by which land use change occurs and social, economic and spatial variable that drive it 

(Batty & Longely, 1994), (2) projecting potential future environmental and economic 

impacts of land use change (Alig, 1986; Theobald, Miller & Hobbs, 1997), (3) evaluation 

of influence of alternative policies and management regimes on land use and 

development patterns ( Constanza, et al 1995). 

 

3.6 Urban Models  

Here is a preview of some of the contemporary urban models based on analytical 

procedures and GIS systems. These models have been studied for understanding the 

modeling concepts and model frameworks, for this research. 

    (1)Spatial-Statistics Model: These are based on traditional statistical procedures 

like logistic regression, Markov chain rule, multiple regressions, principal component 

analysis, etc. together with geo-spatial components making it good modelling tool. The 

CLUE (Conversion of Land Use and its Effects) modeling framework has been designed 

to explore near-future changes in the spatial pattern of land use in Costa-Rica (Veldkamp 

and Fresco, 1996). It is based on finding a probability surface using logistic regression on 

driving factors of regional and global scale.  It is suited for a regional scale modeling than 

for a city level modeling. This type of modelling has few takers as time and spatial 

domain are not Gaussian in nature. The analytical hierarchy process based multi-criteria 

evaluation techniques of modeling are now considered ‘primitive’ for urban modelling as 

it based on more of subjectiveness of the modeller than on analytical base (White 2000).  

      (2) Agents based modeling: Multi-agent (MA) systems are designed as a 

collection of  interacting autonomous agents, each having their own capacities and goals 

but related to a common environment. This interaction can involve communication, i.e. 

the passing of information from one agent and environment 



   

to another. An agent-based model is one in which the basic unit of activity is the 

agent. Usually, agents explicitly represent actors in the situation being modeled, often at 

the individual level. They can be developers, individuals, state policy etc. their influence 

can be at different scales. Agents are autonomous in that they are capable of effective 

independent action, and their activity is directed towards the achievement of defined 

tasks or goals. They share an environment through agent communication and interaction, 

and they make decisions that tie behavior to the environment (White et al. 2000). 

    (3) Fractal based model: fractals are spatial objects having properties of self- 

similarity (scale independent) & fractional dimension. They can be formed by repeating 

themselves. The natural objects like ferns, coastlines etc has been represented by fractals 

successfully. Many workers (Batty et al 2000; Cheng, 2003a; White & Engelen 1992) 

have used this approach in urban studies. 

    (4) Cellular Automata based models: These are probably most widely used 

urban     modelling tools. The approach in this model is ‘bottom to top’. The structure 

evolves from neighborhood interactions among the cells. Following the pioneering work 

in CASA (Batty et al), there are many studies done depending upon different approaches 

for transition rules and calibration techniques. CA models have been developed for urban 

theory explanation (Webster and Wu, 1999), simulation of future trends (White et al, 

1997; Clark & Gaydos, 1998; Li & Yeh, 2000) or for planning purposes (Li & Yeh, 

2001). Many CA models have been developed by using different transition rules like 

MCE (Webster and Wu, 1999; Clarke, 1997), Markov chain rule (Clark & Gaydos, 

1998), artificial neural networks (Li & Yeh, 2002) or fuzzy logic (. The Slueth model 

(developed by Dr. Keith C. Clarke, University of California) and MOLAND (Monitoring 

Land Use / Cover Dynamics) model (developed by Joint Research Center) use CA as 

their working analytics with differently classified input parameters and transition rules. 

    (5) Artificial Neural Networks: ANN’s can be termed as power operators for     

modelling the most complex of systems, finding their way in cybernetics, bio-chemical 

modelling, etc. As discussed earlier in the chapter, the urban forms are highly complex 

systems, so application of ANN’s is quite relevant. Unlike the more commonly used 

analytical methods, the ANN is not dependent on particular functional relationships, 

makes no assumptions regarding the distributional properties of the data, and requires no 

a priori understanding of variable relationships. This independence makes the ANN a 



   

potentially powerful modelling tool for exploring nonlinear complex problems (Olden 

and Jackson, 2001). According to published literature on its various applications, its 

strength lies in prediction and performing "what-if" types of experiment (Corne et al., 

1999).  ANN based model fits in to the category of regression-type model, goal of which 

is to establish a functional relationship between a set of spatial predictor variables that are 

used to predict the locations of the change on the landscape there by obtaining the 

contribution of different variables in the prediction. The Land Transformation Model 

(Pijanowski et al, 2002) is developed up on the ANN as base.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 
 
 

 

 
4.1 Neural Networks Foundation and Definition 



   

Work on Artificial Neural Networks has been motivated right from its conceptualization 

that the brain functions entirely in a different manner from conventional digital 

computers. Pioneering work by Ramon Y Cajal (1911) established neurons as the 

fundamental building elements of the brain. Typically neurons are five to six orders 

slower than the silicon logic gates; but the brain makes up for this by its staggering  

Figure 4.1 Human Brain 

number of neurons. The brain is highly complex, nonlinear & parallel computer- capable 

of performing certain computations like pattern recognition, preceptron control, etc., 

many times faster than digital computers. A developing brain is synonymous to plastic 

casting; as with the experience the ‘plasticity’ permits the development of  the neuron 

system adapting to its surroundings (Chruchland & Sejnowski 1992, Eggermont 1990). 

The brain develops new ‘synapses’, elementary structural & functional units that mediate 

the interactions between neurons. 

 

Figure 4.2 Human Neuron Cells 

Deriving this analogy to the functioning of the Neural Networks made of artificial 

neurons, a machine that is designed to model the way the brain performs a particular task 



   

of interest; the network is implemented using electronic components or simulated using 

software on the digital computers. 

This study is largely confined to an important class of neural networks that perform 

useful computations through a process of learning and implementation of  

simulations. To achieve good performance, neural networks employ massive 

interconnections of simple computing cells called neurons or processing units.  

The definition of neural networks as an adaptive machine is put as – 

 A Neural Network is a massively parallel distribution processor that has a natural 

property for storing experimental knowledge and making it available for use, resembling 

the brain in two ways: 

i) Knowledge is acquired by the network through a learning process. 

ii) Inter neuron connection strengths known as synaptic weights are used to 

store the knowledge (Aleksander & Morton 1990). 

Neural Networks are also referred to in the literature as neuro-computers, connectionist, 

networks, parallel disturbed processors, etc.  

 

4.2 Benefits of Neural Networks 

It is apparent form the above discussion that the neural networks derive its computing 

power through, first, its massively parallel distribution framework and second, its 

capability to learn and therefore generalize; these two information processing capability 

makes it possible for the NN to solve complex problems. 

The use of Neural Networks offers the following useful properties & capabilities: 

I) Non-linearity: A neuron is elementarily a non –linear entity. Consequently 

an interconnected system of neurons, neural network is itself a nonlinear 

distributed across the whole network. 

II) Input and output mapping: A popular paradigm of learning called 

supervised learning involves modification of synaptic weights (free 

parameters) of a neural network by applying a set of labeled training samples. 

Each sample has a unique input signal and a desired response. The free 

parameters are modified so as to minimize the difference between desired and 

actual response of the network. The training us repeated several times till the 

system stabilizes where there is no significant change in the synaptic weights 



   

of the network. Thus, the network learns from the examples by constructing 

an input and output mapping for the problem in hand. 

III) Adaptivity:  Neural Networks have a built in capability to adapt to their 

synaptic weights to change in the surrounding environment. In particular, a 

neural network can be retained to suit with minor change in the operating 

environment. 

IV) Contextual information: Knowledge is represented by the very structure 

and activation state of the neural network. Every neuron in the network is 

affected by the global activity of all neurons in the network. Consequently, a 

neural network deals contextual information naturally. The neural networks 

have a capability to perform associative recall of memory and fill in the 

incomplete information. 

V) Fault tolerance: A neural network implementation has to deal with 

abundance of data with randomness and noise with in, but neural network has 

a fault tolerance capability to deal with it. 

 

4.3 Neuron Model 

A neuron is an information-processing unit that is primary requisite to the operation of a 

neural network. 

Three basic elements of a neuron model have been identified (Haykin) as follows: 

I) A set of synapses or connecting links, each of which is characterized by a  

 

Figure 4.3 Neuron Model 

 

 



   

II) weight of its own. Specifically, a signal Xj at the input of the synapse j 

connected to neuron K is multiplied by synaptic weight Wj. 

III) An adder for summing up the input signals. Weighted by respective 

synapses of the neuron, the operation described here constitutes a linear 

combiner. 

IV) An activation function for limiting the amplitude of the output of a neuron. 

Typically, the normalized amplitude range of output of a neuron is written as 

closed interval [-1,1] or [0,1]. The most commonly used activation function is 

sigmoid function in the construction of a neural network. It is defined as a 

strict increasing function that exhibits smooth asymptotic properties. An 

example is a logistic function, 

                                φ=1/(1+e-av) 

 

Figure 4.4 Sigmoid Activation Function 

The sigmoidal signal function has some very useful mathematical properties, 

its monotonicity (function y either increases or decreases a x increases) and 

continuity (i.e. no breaks in the function, it is smooth).  



   

4.4 Network Architecture 

The manner in which the neurons of a NN are structured is intimately linked with 

learning algorithm of the network. In general four basic classes of network architectures 

are identified, namely: 

 

i) Single layer feed forward  

networks. 

 

 

                                                                           Figure 4.5a 

. 

 

 

ii) Multi layered feed 

forward networks 

 

 

                                                                              Figure 4.5b 

iii) Recurrent networks 

 

 

 

 

 

                                                                         Figure 4.5c 

 

iv) Lattice structures.  

 

4.5 Learning Process 

A salient feature of the neural networks that is significant in the ability of the network to 

learn from its environment and to improve its performance. There are many definitions of 



   

learning process, being a matter of viewpoint. Recognizing the interest lying in neural 

networks, following definition is adopted (Mendel & MacLaren, 1970): 

 Learning is a process by which the free parameters of a neural network are adapted 

through a continuing process of simulation by the environment in which the network is 

embedded. The type of learning is determined by the manner in which the parameters 

changes take place. 

This definition reveals the following sequence of events in neural network operation: 

 

I) Neural Network simulated by and environment. 

II) Neural Network undergoes changes as a result of simulations. 

III) Neural network responds in new way to the environment due to changes in 

the internal structure. 

The learning process experienced by a neural network is a stochastic process (White, 

1989a, 1992). 

The taxonomy of the learning process suggests the following division. There are four 

basic learning rules: Error-Correction learning, Hebbian learning, Competitive learning 

and Boltzmann learning.  

And the three basic classes of learning paradigms are namely: 1Supervised learning, 

Reinforcement learning, and 2Un-supervised learning. Most commonly used are 

Supervised and unsupervised learning algorithms. Differentiating characteristics of 

supervised and unsupervised learning:  

Definitions: 

Supervised learning is a machine learning technique for creating a function from 

training data (teacher). The training set consist of pairs of input objects, and desired 

outputs. 

Unsupervised learning is a method of machine learning where a model is fit to 

observations. It is distinguished from Supervised learning by the fact that there is not a 

priori output. In unsupervised learning, a data set of input objects is gathered. 

Unsupervised learning then typically treats input objects as a set of Random variable. A 

joint density model is then built for the data set. 

 



   

4.5.1 Learning tasks 

The choice of a particular learning procedure is very much influenced by the learning 

task which a neural network is required to perform. In this context the following tasks 

have been identified that benefit the use of neural netowrks in one form or other: 

a. Approximation: For a linear an input and output mapping defiened by a 

functional relation ship y=f(x), the requirement of the neural netowrk is to 

approximate the nonlinear function f(.), given for a set of examples denoted by 

input-output pairs. 

b. Association: The learning task may take one or two forms, autoassociation 

or heteroassociation. In autoassociation  a neural network needs to store a set of 

patterns(vector) by repeatedly presenting them to the network. Subsequently, the 

network is presented in a partial description or distorted(noisy) version of the 

original set, the task is to retrieve a particular pattern. Heteroassociation differs in 

a manner that an arbitary set of input is paired with another arbitary set ot outputs. 

Autoassociation is an unsupervised and heteroassociation is a supervised 

approach. 

c. Pattern classification: In this task there a set of classes/patterns that are 

wanted to be classified in by the stimuli(activation). The neural networks first is 

presented a set of learning classes, it ‘learns’ by this process, then an unseen data 

is given to classify; making it a supervised learning process. 

d. Prediction: It is very basic and a pervasive learning task. In temporal 

signal processing problem a set of past signals samples in time steps are fed and 

netowork has to predict a present sample. The problem is solved by error 

Supervised Learning Unsupervised Learning 

Uses pattern class information 

of each training pattern. 

Adaptively clusters patterns to generate 

decision class-codebooks without any prior 

pattern class information. 

Internal parameters adapt using error correction 

or gradient decent learning procedures. 

First order difference or differential equations 

define the learning process. 

Global error signals govern learning Local information is used for learning. 

Learning is usually off-line. Locality allows synapses to learn in real time. 

Table 4.1 Difference Between  Supervised and Unsupervised Learning 



   

correction learning in an unsupervised manner., taking training samples directly 

from the present set. 

e. Control: This comes naturally to neural networks, as in human brain the 

task is also to control the actions.(Parthasarthy & Narendra, 1991) 

f. Beamforming: It is spatial filtering, purposefully employed in locating a 

target signal embeddedin a background of additive inference, like in sonar signals 

and radar-microwave signals (Haykin,1991. Widrow & Stearns, 1985) 

 

4.6 Towards Supervised Learning 

This study is scoped towards to understanding the semantics of supervised learnig and 

application. Continuing building of the framework, some aspects are promulgated further. 

There is a general philosophy that underlies in supervised learning pradigm: principle of 

minimal distrubance:  

Adapt to reduce the output error for the current training pattern with minimal disturbance 

to responses already learned. 

 

If the learning procedure ignores this principa, the encoding of the new patterns might 

disturb the system into new weight states that cause information concerning older 

patterns to be lost. 

Two supervised learning laws have evolved to govern around this law: 

i) Error correction learning rule ii) Gradient decent rule. 

 

 

 

 

 

 

 

 

 

 

 



   

4.7 Single Layered Perceptron 

The perceptron (Figure 4.6) is the simplest form of neural network used for the  

 

Figure 4.6 Perceptron 

classification of linearly seperable patterns (lying on the opposite sides of a hyperplane) 

and performing linear functions, hence also termed as linearly adaptive filters. The 

concept of the perceptron and learning algorithm used for adjusting free parameters first  

                                          

appeared in a learning procedure developed by Rosenblatt (1958, 1962) for his 

perceptron brain model. The neuron is adaptive when its weigths are allowed to change 

inaccordance with well defined learning laws: Perceptron learning algorithm & Least 

mean square (LMS) algorithm, whose operational summaries are as follows.                                                 

 

4.7.1 Perceptron Learning Algorithm                         

Given: An adjusted linearly contained                                                                                             

training set χ’=χ1∪χ’o  comprising augmented vectors Xk∈Rn  +1.                                    

     

Initialize:  W∈Rn+1 to W1 = 0 or some small random vector. 

Iterate:    Repeat (on each epoch (means one complete cycle) by epoch basis) 

              {    Select an Xk∈ χ’(in any sequence) 



   

                   Compute Xt
k Wk 

 If  Xt
k Wk <=0, then Wk+1 = Wk +η Xk} until (Xt

k Wk >0 ∀ Xi ∈χ’) 

 

This gives base to the theory of trainable classifying machines that the perceptron error 

correction rule always converges to a solution for pattern sets that are linearly separable. 

This is proved in the form of the perceptron convergence theorem. 

 

4.7.2 Least Mean Squared Learning Algorithm: 

The primary aim of the perceptron learning is to linear dichotomization of the patterns.  

Least mean square algorithm was originally formulated by Widrow and Hoffman for use 

in adaptive switching circuits, the machine used to perform this algorithm is called 

adaline. Moving ahead, the linear error ek= dk-sk (desired-neural signal) is incorporated 

into the weight update procedure, yielding a least mean squared learning algorithm. 

Given:  A training set ϒ comprising augmented vectors Xk ∈R n+1 & corresponding 

desired real valued outputs dk∈ R 

Initialize:  W∈Rn+1 

               A weight change tolerance τ. 

Iteration:  Repeat {  Select an Xk∈ Wk (random sequence) 

                                 Compute Xt
kWk 

                                 Compute ek = dk-sk 

                                 Update weights Wk+1 = Wk +η (Xk/⏐Xk⏐2)} until average∆Wk<τ 

 

This class of neural networks is important as the study of linear adaptive filters paves 

way for the theoretical development of more general case of multilayered perceptrons 

that include non linear elements. 

 

 

 



   

4.8 Multi Layered Back Propagation Learning Algorithm 

In the ensuing portion, an important class of artificial neural networks, namely multi 

layered feed forward networks is discussed. Typically the network consists of a set of 

sensory units, the inputs nodes layer, one or more hidden nodes layer(s) for 

computational purpose and an output layer having resultant nodes from computations. 

The input signal propagates forward, on a layer-by-layer basis; these neural networks are 

referred to as Multi layered perceptrons (MLP), which represents the generalization of 

the single layer perceptron elaborated earlier. 

The MLP have been applied in diverse problem solving arenas. Since a learning 

algorithm is core to all artificial neural networks, number learning strategies have been 

developed but the most popular amongst them is Error-Back propagation learning 

algorithm (BPN) (Rumelhart 1986, Hinton & Williams 1986b).  

 

 

 

 

 

 

 

 

 

 

Figure 4.7 Error Surface 

 

This is based on error correction learning rule, aptly this needs an introduction here: 

Let dk(n)denote a desired response for a neuron k at time n. Let the corresponding value 

of the actual response of this neuron be yk(n), both of which will difffer. Hence we may 

define the error signal ek(n) as difference between the desired and actual response, ek(n)  

= dk(n)-yk(n). the ultimate aim being to produce the minimum cost function based on this 

error signal. A critetion commonly stated for this is the mean-square error critetion, 

defined as the mean-squared vaulue of the sum of the square errors: J = E{0.5Σk e2
k((n)},  



   

E a statistical expectation operator. Minimising this cost function leads to a concept of 

method of gradient decent (Haykin, 1991;Widrow & Stearns, 1989). However the 

difficulty in this optimization technique is the knowledge of the statistical characteristics 

of the underlying process (as the neural networks operate in black box condition). The 

problem is overcome by taking an apporximate solution of finding an instanteneous value 

of the sum of squared errors, ξ(n) = {0.5 Σk e2
k(n)}, the network is optimised by 

minimizing ξ(n) with respect to the synaptic weights. Thus accroding to the error-

correction learning rule(or the delta rule) the adjustment ∆wkj(n) made to the synaptic 

wright wjk at time n isgiven by (Widrow & Hoff, 1960), ∆wkj(n) = ηek(n)xj(n), where η 

is a positive constant called the learning rate. It means that the error calculated at the 

output layer by comparing the results with the desired outputs, is used to compute the 

change in the hidden to output layer weights and the change in input to hidden layer 

weights (including bias), the weights are thus updated until the global error falls below a 

predefined threshold (Figure 4.7). Also if the algorithm is said to be convergent to mean 

or convergent to mean square if the mean value of the weight vector or the mean square 

error of error signal approaches an optimum solution or constant value as the number of 

iterations n approaches infinity. The discussion proceeds to elaboration of back 

propagation algorithm. 

Each pattern presentation represents an iteration; and a presentation of the entire training 

set is called an Epoch. The gradient decent based learning,  an optimization algorithm 

that approaches a local minimum of a function by taking steps proportional to the 

negative of the gradient (or the approximate gradient) of the function at the current point. 

Gradient descent is also known as steepest descent, or the method of steepest descent. 

 

 

 

 

 

 

 

 

 



   

4.9 Computational Paradigm: Back Propagation Algorithm  

 The basic procedure of gradient decent back propagation learning algorithm is outlined 

here. 

 

 

 

 

 

 

 

 

 

 

 

1.A pattern Xk from the training set ℑ is presented to the network.  

2.Next, the back propagation algorithm updates neuronal activation signals in the 

network:  

i) for the input layer: 

        δ( xi
k) = xi

k ,  (ith component of Xk input vector)  

        δ( x0
k) = x0

k = 1  (bias)   

       ii) for hidden layer: 

           zh
k = Σn

i=0 wk
ihδ( xi

k) = Σn
i=0 wk

ih xi
k, (=℘), (wk

ih bias) 

          δ( zh
k) = 1/ (1+e-℘)  

          δ( z0
k) = 0, ∀ k (bias neuron signal) 

       iii) for out put layer: 

             yk
j = Σn

i=0 wk
hj δ( zh

k), (=℘) , (wk
hj biases) 

             δ( yk
j) = 1/ (1+e-℘)  

 3. Progressing, error gradients are computed: 

       i) Hidden to output layer weight gradients: 

        ∂εk/∂wk
hj = -δk

j zh
k    , here -δk

j = ek
j δ`( yk

j) represents an error and a slope 

product. 

       ii) Similarly, for Input to hidden layer weight gradients:   

 Input Hidden Output 

Number of neurons n + 1 q + 1 p 

Signal functions linear sigmoidal sigmoidal 

Neuron index range i = 0,1,…,n h = 0,1,…,q j = 0,1,…,p 

Activation xi zh yj   

Signal  δxi δzh δyj 

Weights(including 

bias) 

                           wih                    whj  

                

Table 4.2 Notation Employed in the BPN Algorithm Discussion 



   

           ∂εk/∂wk
ih = -δk

h xi
k. 

This way the negative gradient propagates the backwards through many layers 

as desired. 

4. It is now a straight forward matter to derive the weight updates: 

i)  Hidden to output layer weights: 

   wk+1
hj = wk

hj + ∆wk
hj 

                  = wk
hj + η (∂εk/∂wk

hj) 

         ii) Input to hidden layer weights: 

   wk+1
ih = wk

ih + ∆wk
ih 

                  = wk
ih + η (∂εk/∂wk

ih) 

5. As mentioned earlier this is repeated till the global minimum drops below a 

predetermined threshold. 

This brings out the basic back propagation learning algorithm called Gradient   

decent learning rule of BPN. 

6. It is pertinent to remember that the learning rate η in the BPN algorithm with 

pattern update has to be kept small in order to maintain a smooth trajectory in 

weight space. Large learning rates can lead to oscillations during learning. An 

elegant method to reduce the rate of learning while maintaining the stability is to 

introduce momentum term into weight update. 

      ∆ wk
hj = ηδk

jδ zh
k + α∆ wk-1

hj 

      ∆ wk
ih = ηδk

h xi
k + α∆ wk-1

ih, where α>0 is the momentum.  

This is also known a generalized delta rule. If α=0, the algorithm reverts to  

original gradient decent algorithm. 

 

4.9.1 Inside Back Propagation Neural Networks 

Moving from this juncture, as the back propagation algorithm forms the backbone for this 

research work, it will be only appropriate to direct the discussion more towards the 

intricacies and practices evolved with this algorithm for its best exploitation. The use of 

artificial neural networks is complicated basically due to problems encountered in design 

and implementation. Developing ‘best practice’ is a genre in the software engineering, 

gaining an insight from this important aspect; it is intended here to discuss some 



   

algorithms, practices and heuristics that were researched in implementing BPN for the 

model with computational efficacy. 

 

4.9.2 Training Algorithms 

Firstly, some of the BPN algorithms that were studied for understanding its working. The 

efficient use of any algorithm is its optimization capability. Optimization is the process of 

improving a system in certain ways to reduce the effective runtime, memory 

requirements and near cental efficiency to achieve the target values. 

 The preceding section discussed two of the most basic algorithms, the Gradient Decent 

(TGD) and Gradient Decent with Momentum (TGDM). These two methods are often too 

slow for practical problems. Hence the need for high performance algorithms that can 

converge from ten to one hundred times faster than the algorithms discussed earlier.  

The faster algorithms fall in two main categories. First one uses heuristic techniques, 

which are developed from the analysis of the performance of the standard steepest 

gradient decent algorithm. They are Variable learning rate back propagation and resilient 

back propagation. 

The second category of fast algorithms uses standard numerical optimization techniques. 

They are Conjugate gradient, Quasi-Newton and Levenberg-Marquardt training 

algorithms. 

During the research some of these training algorithms were tried for understanding the 

working of ANN in general and BPN in particular starting from GD training. Working of 

the faster techniques that were put into test is discussed as follows: 

Variable learning rate: With standard steepest descent, the learning rate is held constant 

throughout training. The performance of the algorithm is very sensitive to the proper 

setting of the learning rate. If the learning rate is set too high, the algorithm may oscillate 

and become unstable. If the learning rate is too small, the algorithm will take too long to 

converge. It is not practical to determine the optimal setting for the learning rate before 

training, and, in fact, the optimal learning rate changes during the training process, as the 

algorithm moves across the performance surface. The performance of the steepest descent 

algorithm can be improved if we allow the learning rate to change during the training 

process. An adaptive learning rate will attempt to keep the learning step size as large as 

possible while keeping learning stable. The learning rate is made responsive to the 



   

complexity of the local error surface. An adaptive learning rate requires some changes in 

the training procedure used by TGD. First, the initial network output and error are 

calculated. At each epoch new weights and biases are calculated using the current 

learning rate. New outputs and errors are then calculated. As with momentum, if the new 

error exceeds the old error by more than a predefined ratio (typically 1.04), the new 

weights and biases are discarded. In addition, the learning rate is decreased (typically by 

multiplying by a decrement factor = 0.7). Otherwise, the new weights, etc., are kept. If 

the new error is less than the old error, the learning rate is increased (typically by 

multiplying by incremental factor = 1.05). This procedure increases the learning rate, but 

only to the extent that the network can learn without large error increases. Thus, a near-

optimal learning rate is obtained for the local terrain. When a larger learning rate could 

result in stable learning, the learning rate is increased. When the learning rate is too high 

to guarantee a decrease in error, it gets decreased until stable learning resumes. Adding 

the momentum term to the presented training algorithm, it transforms into variable 

learning rate with momentum. 

Resilient back propagation: Multilayer networks typically use sigmoid transfer 

functions in the hidden layers. These functions are often called "squashing" functions, 

since they compress an infinite input range into a finite output range. Sigmoid functions 

are characterized by the fact that their slope must approach zero as the input gets large. 

This causes a problem when using steepest descent to train a multilayer network with 

sigmoid functions, since the gradient can have a very small magnitude; and therefore, 

cause small changes in the weights and biases, even though the weights and biases are far 

from their optimal values. The purpose of the resilient back propagation (Rprop) training 

algorithm is to eliminate these harmful effects of the magnitudes of the partial 

derivatives. Only the sign of the derivative is used to determine the direction of the 

weight update; the magnitude of the derivative has no effect on the weight update. The 

size of the weight change is determined by a separate update value. The update value for 

each weight and bias is increased by an increment factor whenever the derivative of the 

performance function with respect to that weight has the same sign for two successive 

iterations; else the  update value is decreased by a decrement factor whenever the 

derivative with respect that weight changes sign from the previous iteration. If the 

derivative is zero, then the update value remains the same. Whenever the weights are 



   

oscillating the weight change will be reduced. If the weight continues to change in the 

same direction for several iterations, then the magnitude of the weight change will be 

increased. 

The above discussed training algorithms are based on heuristically based approaches of 

optimization of the basic BPN algorithms.  

Followed with this are numerically optimizing techniques. 

Conjugate gradient method: The basic back propagation algorithm adjusts the weights 

in the steepest descent direction (negative of the gradient). This is the direction in which 

the performance function is decreasing most rapidly. It turns out that, although the 

function decreases most rapidly along the negative of the gradient, this does not 

necessarily produce the fastest convergence. In the conjugate gradient algorithms a search 

is performed along conjugate directions, which produces generally faster convergence 

than steepest descent directions. In most of the training algorithms that we discussed up 

to this point, a learning rate is used to determine the length of the weight update (step 

size). In most of the conjugate gradient algorithms, the step size is adjusted at each 

iteration. A search is made along the conjugate gradient direction to determine the step 

size, which minimizes the performance function along that line. A few of the conjugate 

gradient algorithms are Fletcher-Reeves update, Polak-Ribiere update and Scaled 

conjugate gradient (TSCG). 

Quasi-Newton method: Newton's method is an alternative to the conjugate gradient 

methods for fast optimization. 

The basic step of Newton's method is where the Hessian matrix (second derivatives) of 

the performance index at the current values of the weights and biases. Newton's method 

often converges faster than conjugate gradient methods. Unfortunately, it is complex and 

expensive to compute the Hessian matrix for feed forward neural networks. There is a 

class of algorithms that is based on Newton's method, but which doesn't require 

calculation of second derivatives. These are called quasi-Newton (or secant) methods. 

They update an approximate Hessian matrix at each iteration of the algorithm. The update 

is computed as a function of the gradient. The quasi-Newton method that has been most 

successful in published studies is the Broyden, Fletcher, Goldfarb, and Shanno (BFGS) 

update. Popularly employed algorithm in this class is Lavenberg-Marquardt (TLM) and 

reduced memory TLM. 



   

It is very difficult to know which training algorithm will be the fastest for a given 

problem. It will depend on many factors, including the complexity of the problem, the 

number of data points in the training set, the number of weights and biases in the 

network, the error goal, and whether the network is being used for pattern recognition 

(discriminant analysis) or function approximation (regression).  

 

4.10 Practical Approach 

The use of ANN’s is more complicated than other conventionally used modeling frame 

works based on statistical regression, weighted analysis, etc. basically due to problems 

faced in design and implementation. From the design point of view, the specification of 

the number and size of the hidden layer(s) is critical for the networks capability to learn 

and generalize. As the input layer size is normally equal to the number of factors of 

influence in the model, and output size is equal to the number of desired outputs, it is the 

hidden layer that is subject to heuristics. Although, effect of extremities of size is known 

but exact nature of impact of the sizes of hidden layers on network performance had not 

been investigated. Number of trail-error thumb rules exists but none is universally 

accepted, as each problem statement is unique. 

Further, the difficulty encountered is choice of appropriate values for the network 

parameters that have a high contributing effect on the network performance. It is an often 

case when a large number of trail-error strategy has to be employed to determine 

appropriate values of the parameters. This further retards the already slow process of 

neural network training process. Significant parameters to be defined are: the range of 

input initial weights, the learning rate, value of the momentum term, and the number of 

training iterations, all of it to answer the question of when to stop training. Further special 

encoding techniques are needed for representation of both input and output information. 

An appropriate number of samples for training are required in order to define the exact 

nature of the problem to the network. This number is generally dependent on the network 

architecture and level of complexity of the problem. In addition to these uncertainties it is 

not exactly know how ANN’s learn particular problems & apply the extracted rules to 

unseen cases, or how conclusion can be drawn from the trained networks. As a 

consequence, ANN’s are generally called ‘black box’ methods. Extensive research work 



   

has been done on these particular problems; a complete picture is still blurred of these 

various choices on network performance.  

Now a few heuristics are presented here as cited in the literature which have been studied, 

apprehended and implemented for the cause of the development of model in this research. 

a) Number & inputs preprocessing: The number of input layer nodes in an MLP 

corresponds to the number of features, such as driving variables in this case. The node 

activation functions used in MLP, are essentially non-linear and have asymptotic 

behavior. In practice they cause individual nodes to act like non-linear signal amplifiers. 

So ideally to ensure that the network learns efficiently how to dichotomize, it is important 

that the input values are scaled so that the learning process(that is, iterative weight 

adjustment) stays with a range in which proportional change in weighted sum input is 

reflected at the output. Some terms to touch up on, rescaling a vector means to add or 

subtract a constant and then multiply or divide by a constant, as you would do to change 

the units of measurement of the data, for example, to convert a temperature from Celsius 

to Fahrenheit. Normalizing a vector most often means dividing by a norm of the vector, 

for example, to make the Euclidean length of the vector equal to one. In the NN 

literature, normalizing also often refers to rescaling by the minimum and range of the 

vector, to make all the elements lie between 0 and 1. Standardizing a vector most often 

means subtracting a measure of location and dividing by a measure of scale. For example, 

if the vector contains random values with a Gaussian distribution, you might subtract the 

mean and divide by the standard deviation, thereby obtaining a standard normal random 

variable with mean 0 and standard deviation 1. However, all of the above terms are used 

more or less interchangeably depending on the customs within various fields. Failure to 

do such normalization causes learning to ‘stall’ at an error level which may be high. 

Standardizing either input or target variables tends to make the training process better 

behaved by improving the numerical condition of the optimization problem and ensuring 

that various default values involved in initialization and termination are appropriate. 

Standardizing targets can also affect the objective function. However, Standardization of 

cases should be approached with caution because it discards information. If that 

information is irrelevant, then standardizing cases can be quite helpful. If that information 

is important, then standardizing cases can be disastrous.   



   

b) Number of hidden nodes: The level of accuracy that the can be demonstrated 

by a network is related to the generalization capability of the network, in that the number 

of hidden nodes should be enough to represent the problem correctly.  A network is said 

to be generalize well when the input-output relationship computed by the network is 

correct (nearly so) for input-output patterns (test data) never used in creating or training 

the network. However, the test data is drawn from the same population as the training 

data is drawn from. Thereby the learning process may be viewed as curve fitting 

problem, making it to look like a nonlinear interpolation of input data (Weiland & 

Leighton, 1987). As suggested by Poggio & Girosi (1990a), smoothness input-output 

mapping depends on how the network is designed, more so on the hidden layer ‘central 

processing unit’ of the network. The number of hidden layer has semblance in the 

requirements of iteration time and output accuracy of the network. Networks that are too 

small can produce lesser accurate outputs, an under fitting state, when a neural network 

learns too many input output relations due to large sizes, it become over specific leading 

to over fitting (Figure 4.8). Both the cases generalization capability is deterred. Therefore, 

the designing the hidden layer should be a primary goal (Kavzoglu 2001).  

 
Figure 4.8 Over fitting and Under fitting of  Training Data  

The question is not only to find the number of nodes but also the number of hidden 

layers. Lippmann (1987) Cybenko (1989) and Garson (1998) report that a single hidden 

layer should be sufficient for most problems, especially the problems such as function 

approximation to give a binary output and classification tasks. Stating the Benefits can 

reap from two layer architecture by minimizing the interaction between the output and 

input layers or in cases where a large number of neurons are required making the network 
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smaller (Chester 1990). Sarle(2002) recognized that the problem of determining the 

optimum  number of hidden layers is not an easy one as it depends a lot on problem 

complexity, number of input-output units, number of training cases, noise level in data, 

training algorithm and regularization. While inputs size explains the problem complexity, 

the outputs determine the separation difficulties. 

Dealing with the question of number of hidden layers Hecth-Nielsen (1987) suggested 

using Kolmogorov Superposition theorem as means to prove that a multilayer perceptron 

network could approximate arbitrarily well any continuous function. Cybenko considered 

single hidden layer perceptrons and proved that a single hidden layer is sufficient to 

approximate any continuous function defined in the unit hypercube. Hornik, Stinchombe 

and White too proved using sigmoidal activation function that a single hidden layer 

networks are universal approximators.  

Stating the Universal Approximation Theorem  

_____________________________ 

Let φ(⋅) be a non-constant, bounded and monotone-increasing continuous function. Let 

∏n denote the n-dimensional unit hypercube [0, 1]n, and the space of continuous 

functions on ∏n can be denoted by C(∏n). Then given any function F ∈ C(∏n)n  and € >0 

there exists an integer p and sets of real constants αj, Φj and wij, where i = 1,...n and 

j=1,…p such that it may be defined as 

F(X,W) = Σp
j=1αj φ(Σn

i=1 wij - Φj) X ∈ ∏n, W ∈ Rn*p 

As an approximate realization of the function F(X) where |f(X, W) – F(X)|< € ∀ X ∈ ∏n. 

______________________________ 

This theorem is directly applicable to MLP ANN’s. The sigmoid signal function, 

employed as a non-linearity in the hidden and output layers is a constant, bounded, 

monotonically increasing function which satisfies conditions imposed on function φ(⋅). 

Though it does not tell us how to construct a MLP to do an approximation and also is the 

single layer is optimum in terms of time or ease of implementation. But nevertheless 

helps in answering the stated question by providing a mathematical frame work that 

delineates the capability of feed forward networks with a single hidden layer. 

 



   

Table 4.3 Heuristics of Number of Hidden Nodes 

Number of inputs=Ni, Number of outputs=No, Number of training samples= Np 

As for the number of hidden nodes to be decided in the design, below are a few heuristics  

that have been published by various researchers (Table 4.3)  

These heuristics can offer a start point for searching the better suited numbers for the 

specific problem in question. 

c) Learning rate and momentum: The learning rate determines the size of the 

steps taken in the search for the global minimum of the error function in the training 

process.  Learning rate controls the speed and effectiveness in the training process 

making it an essential parameter in neural network design. Taking an abstracted look into 

this definition: “the η and α that, on an average yield convergence to the network 

configuration that has the best generalization, over the entire input space, with least 

epochal time”, it can be said that the case of point should be to get an averagely 

generalized function approximation as the ideal cases of getting the perfect minima wont’ 

be always possible. The biggest disadvantage with BPN is its slow convergence rate 

related to the choice of learning rate directly.  

Experimentations with different learning rates and momentum have yielded some 

of the following observations: 

i) While, in general, a smaller learning parameter η results in slower 

convergence, it can locate “deeper” local minima (isolated valleys) in the error 

surface than a larger η. This is an intuitive finding as it implies that the 

Heuristics 

 

Source 

 

Optimum nodes 

for the data sets 

 2Ni or 3Ni Kanellopoulus &Wilkinson(1997) 16 or 24 

 3Ni  Hush(1989) 24 

2Ni +1  Hecht-Nielsen(1987) 17 

 2 Ni/1            Wang(1994b) 6 

( Ni +  No  )/2 Ripley(1993) 8 

  Np/[r(Ni +  No) ]  Garson(1998) 15-30 

 ( 2 + Ni ⋅ No + 0.5 No (Ni
2 

+ Ni)-3)/ (Ni +  No) Paola(1994) 21 



   

smaller η searches for minima covering more of the error surface than would 

be in a case for larger η, but at the cost of more epochs. 

ii) For η 0, α 1 produces faster convergence. On the other hand, η 1, 

α 0, is needed to give stability. 

iii) Large η can cause oscillations around the global minima may cause 

settling of high inaccuracy. Else small η leads to very slow convergence and 

sometimes getting engulfed in local minima on the error surface. 

d) Initial weight range: Selection of initial weight range has a considerable effect 

on learning rate and accuracy of the network. It defines the starting location on the 

multidimensional error surface. The objective of the learning process is to move from this 

location to the global minimum as soon as possible with out getting stuck in a local 

minima where every small change in synaptic weights raises the cost function and some 

where else on the error surface there exists another set of synaptic weights for which the 

cost function is lower, clearly making it undesirable it to get stuck in a local minima 

especially if it is located far above the global minimum.  When large initial values are 

assigned to the weights, it is likely that the neurons in the network may be driven to 

saturation. In this case, local gradients on the surface assume a small value, which causes 

the learning process to slow down. If the initial weight values are small BPN algorithm 

may operate on flat surface on the origin of the error surface; particularly in case of 

asymmetrical activation function, such as hyperbolic tangent function. The origin of this 

surface is a saddle point, a stationary point where the curvature of the error surface across 

the saddle is negative and along it is positive. Hence use of both large and small initial 

weights need be avoided (Haykin 1990). It is also suggested that the mean value of the 

initial weights should be zero and the variation be equal to the reciprocal of the number 

of synaptic connections of a neuron. Several investigations have revealed not much in 

terms of universal acceptance. The problem is not only to determine the range but 

repeatability of the heuristics (Paola 1994, Rumelhart etal 1986, Russo 1991). Nguyen-

Widrow (1990) suggested an algorithm for improving the learning speed by choosing 

initial values of the adaptive weights. The Nguyen-Widrow method generates initial 

weight and bias values for a layer, so that the active regions of the layer's neurons will be 

distributed approximately evenly over the input space. Advantages over purely random 

weights and biases are, few neurons are wasted (since all the neurons are in the input 



   

space). Training works faster (since each area of the input space has neurons). The 

Nguyen-Widrow method can only be applied to layers with a bias with weights whose 

weight function is dot product.  

Besides the network synaptic weights there are bias or threshold also used for computing 

the net input to the unit. A bias term can be treated as a connection weight from an input 

with a constant value of one. Hence the bias can be learned just like any other weight. For 

a linear output unit, a bias term is equivalent to an intercept in a linear regression model. 

The weights determine where this hyperplane lies in the input space. Without a bias 

input, this separating hyperplane is constrained to pass through the origin of the space 

defined by the inputs. For some problems that's OK, but in many problems the 

hyperplane would be much more useful somewhere else. If you have many units in a 

layer, they share the same input space and without bias would ALL be constrained to pass 

through the origin (Figure  4.9). The bias weights are also initialized in similar fashion as 

the other synaptic weights. 

 

 
Figure 4.9 Bias 

e) Number of training samples: The number of training samples needed at the 

learning stage has a significant impact on the performance on any classifier. This is an 

important issue to neural networks learning as they learn the characteristics of the data 

from the sample values and do not use statistical derivatives like mean, standard 

deviation, variance or co-variance, etc. Along with the size of the input samples the 

distribution and characteristic of the training sample is also important, as well as the 

sampling technique can also be used to good effect. Too few training samples are 
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insufficient and a large number can make the networks overfit to the data, and take lot of 

time to learn. It is favored to have a large training data as it is a semblance to the fact that 

the fewer failure to delineate the training data would lead to failure on the actual data. As 

discussed earlier the increase in inputs only requires more training data.  

An approach to the problem of determining the optimum number of training samples is to 

consider the generalization error of the network, which is defined as the difference 

between the generalizations on the training data and the actual problem. In many cases, as 

in computer experiments have proved the difference between these two can be bounded 

and by increasing the number of training samples. The bound can be established when 

number of training samples exceeds the Vapnik-Chervonenkis dimension (a measure of 

the capability of the system, Hush & Horne1993),  

2[Nh/2] Ni<=VCD<=2Nwln (Nn); [⋅] - floor operator(returns larget integer less 

than argument), Nh- number of hidden units. Ni – number of inputs, Nw – number of 

weights and Nn- number of total nodes. 

Below (Table 4.4) are a few heuristics proposed for computing the number of training 

samples, 

 

Heuristic Source 

5 * Nw Klimasaukas(1993) 

30p Mather(1999) 

10* Nw Baum and Haussler(1989) 

30Ni (Ni+1) Hush(1989)[atleast] 

60 Ni (Ni+1) Hush(1989)[optimal] 

30 Nw Garson(1998) 

Table 4.4 Heuristics of Number of Training Samples 

f) Stopping criterion: The BPN algorithm cannot in general be shown to 

converge, nor are there well- defined criteria for stopping as it is intended to solve the 

problem correctly with zero training error. Rather, there are some reasonable criteria, 

each with its own practical merit, which may be used to terminate the weight 

adjustments. Accordingly, formulating a sensible convergence criterion for the BPN 

learning (Kramer & Sangiovanni-Vincentallli): the back propagation algorithm is 

considered to have converged when the Euclidean norm of the gradient vector reaches a 



   

sufficiently small gradient threshold. The draw back for this is for successful trials, 

learning times may be long, and also it requires the computation of the gradient vector. 

However there is a danger that the magnitude of the gradient will also be small around 

both local minima and plateau areas of the error surface. Therefore a careful strategy had 

to be in place, like if the error increases for a specified number of epoch steps, thereby 

terminate the learning. 

The second set of criteria is to stop training when the estimated error for the training data 

is below a user-specified   level. In order to apply this a priori knowledge of the expected 

least error is appreciable which is based on all the criteria discussed unto this stage. 

Albeit Abuelgasim et al (1996) stop the training process when MSE is less than 0.01; 

Bruzzone et al (1997) used 0.05 as the threshold point. A simpler way is to train until a 

specified number of epochs or iterations, in the expectation that the error reaches global 

minimum in that many times. Even if the training is stopped earlier before global 

minimum it does not have the lesser bearing than the case when the training has taken 

place for a long time as reported by Wang (1994), Paola & Schowengert (1994). 

The more direct way of determining the stopping is to test the network for its 

generalization performance. In this context, cross-validation provides an appealing 

guiding principle. In practice, the available data set is randomly partitioned into training 

and test data sets.  The training set is further partitioned into evaluation data (training) 

and performance evaluation (validation). The motivation of the validation dataset is 

different from estimation.  
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during the training process, the performance of the network tends to improve on the 

training data, while its performance on the validation data increases up to a point at which 

the network starts to over fit the training data and its generalization capability decreases. 

The learning process stops if the error on estimation on validation set starts to rise. Its 

main advantage id non dependency on network size and the choice of learning 

parameters, however its computationally more demanding. 

 

The above discussed semantics of artificial neural networks provides a sound foundation 

of guideline for its application in the approximation problem this research id dealing 

with. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

 

 

 

 

 

 

 

 

 



   

 

 

 

 

 

 

 

 

 

 
 
 

 
 
 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 



   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



   

5.1 Introduction 

The urban growth model has been designed and developed to simulate the growth pattern 

of Dehradun city. The model couples the Geographical Information Systems (GIS) and 

Artificial Neural Networks (ANN) routines, remote sensing and geospatial tools. The 

chapter discusses the development of model framework for forecasting the urban growth. 

 

5.2 Database Preparation 

5.2.1 Pre-Processing of Satellite Data and Maps 

The cardinal step towards the use of remote sensing data for preparation of GIS database 

is to geometrically correct and register the maps and satellite image data sets. This 

process has been identified as a very important step in the model data preparation for the 

reason that from serial temporal image sets and maps of Master plan, all the variables are 

set to be derived. An error afforded at this stage will not allow a proper GIS analysis due 

to improper overlay operations, thereby propagating to the final simulated outputs. The 

parameters selected for the geo-correction are: 

COORDINATE SYSTEM: POLYCONIC. 

SPHEROID: MODIFIED EVEREST. 

DATUM: MODIFIED EVEREST. 

Figure 5.1 and Figure 5.2 are IRS LISS III images of year 2001 and year 2005. 

See Appendix A for RMSE chart. 

Besides geometric correction of satellite data and planning maps, the contours and bench 

mark points are traced on a tracing sheet before digital processing.  

 

5.2.2 The GIS Database for Site Attributes and Training Data 

Geography never lagged behind in computing, only in a decade from ENIAC towards the 

end of 1950s, vector and raster computer maps were introduces (Creighton et al, 1959; 

Tobler, 1959). Following that, raster computer map and idea of cell space as basis for 

description of urban dynamics were almost immediately accepted.  
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Raster computer “maps of factors” provided the foundation for modelling changes in 

urban cells as a function of these factors, featuring: 

• Cities are represented by means of cellular space. 

• Each cell is characterized by its state 

GIS allows management and analysis of spatially explicit data input variables for the 

model; GIS aided in building the input variables for the model, identifying the spatial 

heterogeneity or pattern of data, quantifying the observed and predicted temporal changes 

in spatial pattern and assessing the factors that operate across a variety of scales. The 

database containing both raster and vector data is framed to provide the basic spatial 

information for the simulation. The use of remote sensing data, which is inherently grid 

based, is employed for model validation and calibration, so the inputs and output 

visualization are also in the form of raster layers. 

 

5.2.2.1 Variables Driving the Urban Growth of Dehradun 

From the extensive literature study and ground assessment & study of Dehradun city, it is 

concluded that the land use conversion is dependent on a series of spatial 

variables/factors in terms of accessibility, proximity and physical nature of the land as it 

exists. The model works on the land parameters with in the domains of planning area as 

demarcated by the Town and Country Planning Department, thus all the variables are set 

to be within it. Only the physical parameters are taken into account, as has been 

mentioned in the scope of the research study.  

To begin with, vector data of features that fundamentally associated with the urban 

environment of Dehradun city and the study area, are prepared in the GIS using various 

available data sources (Table 5.1).  

From afore described vector data the spatial factors are shaped into raster maps of driving 

factors. The choice of cell size is governed by the spatial resolution of the remote sensing 

data product, LISS III used for the change detection, hence taken as 23.5 m for all the 

raster data prepared. The factors affecting the growth have been rasterized at 23.5m cell 

size. There are six variables identified, initially, that possible could have bearing on the 

pattern of urban growth in Dehradun city. 



   

 

 

 

It is notified that though all the predictor variables are assumed to remain constant 

beyond year 2001, but in the four year period a new road, Raipur-Haridwar Bypass, got 

added the transportation network as a major road. The future prediction-simulation from 

2005 incorporated this change in the variable of distance from major roads. Thereby the 

assumption of taking the variables constant over time is discarded in this model. 

 

 

 

 

 

 

 

 

 

 

Data source Vector Layer 
Identified from Master plan 2005 and  

mapped on IRS LISS III (05) and PAN (01) Planning boundary 
Identified from municipality ward map  

and mapped on IKONOS PAN-MSS (05) merged. Municipal ward map 
SOI Topographical sheets and GPS field work, and 

digitized. Contours & height points 
Master plan maps of 2001 and 2005; integrated the 

vector maps prepared. Planning Zone maps 2001 and 2005 
IRS PAN(01), LISS IV (05) and IKONOS PAN-

MSS (05) merged Transportation network (Figure 5.3) 
Mapped on IRS LISS III (01, 05) images. River bodies 

Boundary identified from SOI Topographical 
sheets and 

 mapped on IRS LISS III (97, 01, 05) images. Reserved forests 
Identified from SOI Topographical sheet / Guide-

map and  
mapped on IKONOS PAN-MSS (05) merged and 

IRS LISS IV (05). 
Restricted areas, public spaces and institutional 

areas. 

Table 5.1 Vector Database  
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Spatial Variable 
 

Variable Characteristic 
 

Creation method 
 

Scaled 
range 

I. Distance variable 
1. Distance from cell to 

closest major road 
 

City spatial characteristic 
 

Euclidean distance 
function of ArcGIS spatial 

analyst $ 0~1 
2. Distance from cell to 

closest other road 
 

City spatial characteristic 
 -do- 0~1 

3. Distance from cell to 
city center 

 

Local scale neighbourhood 
characteristic 

 

Euclidean distance from 
CBD of 1 km radius as 

city center. 0~1 
4. Distance from cell to 
closest existing built-up 

 
Local scale neighbourhood 

characteristic $ -do- 0~1 
II. Physical property 

5. Slope 
  

Environmental 
characteristic 

Topography tool in 
ERDAS(DEM Figure 5.4) 0~1 

6. Aspect  
 

Environmental 
characteristic -do- 0~1 

Table 5.2 Factors Driving Urban Growth of Dehradun 
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5.2.3 Exclusionary Zones 

The GIS-vector data of river bodies, reserved forest cover, restricted areas and public 

open spaces, are employed to mask out these features in remote sensing images and 

variable maps as they are identified as non-developing areas for urban growth 

 

5.3 Land Cover Classification 

The raster information of historical land use and land cover change (non-built-up to built-

up) that is detected from LISS-III satellite imagery of year 2001(IRS 1D) and 2005(IRS 

P6).  

The underlining intent is to classify the images into built-up and non-built-up classes 

only. Owing to multi-spectral nature of imagery, there exist varied pixel digital numbers 

belonging to various land covers. Therefore, the first step is to classify the images in a 

proper classification system, taking in account the obtained digital number values of the 

pixels. The natural constraints to the urban growth of the city are masked out prior to the 

classification, namely river bodies and reserved forest cover. Following which a Level I  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



   

classification is performed. The following classes (Table 5.3) of land cover are 

interpreted and a classification system is prepared: 

Class No Land Cover Class Description Characteristic on LISS III FCC 
1 Built-up City & villages, block like appearance Bluish, bright and dull 
2 Cropland Crop in agricultural land Dull red and smooth appearance 
3 Fallow Vacant lying agricultural land Bluish/Greenish grey with smooth texture
4 Scrubland Sparse vegetation Dull red to pink 
5 Tea-orchard Light toned tea gardens Red to dark red 
6 Bare-soil Exposed land surface Bright whitish 

Table 5.3 Description of Land Cover Classes 

The parametric rule supervised classification is adopted, so the training samples or the 

signature are prepared as per stated classification by visual interpretation. To ensure that 

the pure samples are selected, the IRS PAN and IRSB LISSIV images of the same 

temporal period are referenced alongside by making on screen vectors of the samples 

first. Due to the seasonal variations and multi-cropping pattern in the agriculture, the 

cropland id further classified into classes by taking sample vectors on NDVI image. 

The classes seperability is analyzed through transverse divergence algorithm. The 

formula for computing Transformed Divergence (TD) is as follows: 

Dij = 0.5 tr((Ci - Cj)((Ci
-1

 - Cj
-1)) + 0.5 ((Ci

-1
 - Cj

-1)( µi - µj)( µi - µj)T ) 

T Dij  = 2000(1 – exp(- Dij /0.8)) 

i and j = the two signatures (classes) being compared 

Ci = the covariance matrix of signature i 

µi = the mean vector of signature i 

tr = the trace function (matrix algebra) 

T = the transposition function                                            Source: Swain and Davis, 1978) 

According to Jensen, the transformed divergence “gives an exponentially decreasing 

weight to increasing distances between the classes.” The scale of the divergence values 

can range from 0 to 2,000. Interpreting your results after applying transformed 

divergence requires you to analyze those numerical divergence values. As a general rule, 

if the result is greater than 1,900, then the classes can be separated. Between 1,700 and 

1,900, the separation is fairly good. Below 1,700, the separation is poor (Jensen, 1996).  

The Tables 5.4a/5.4b show the transverse divergence matrices for the IRS LISS III 

images classified for year 2001 and 2005 respectively, using three bands at a time. 

Over all T-D value is 1908 and 1976 for LISS III OF 2001 and 2005 respectively. 



   

The temporal images of the two years are classified by parametric maximum likelihood 

classification algorithm. The maximum likelihood decision rule is based on the 

probability that a pixel belongs to a particular class. The basic equation assumes that 

these probabilities are equal for all classes, and that the input bands have normal 

distributions.  

The equation for the maximum likelihood is as follows: 

D = ln(ac) - [0.5 ln(|Covc|)] - [0.5 (X-Mc)T (Covc-1) (X-Mc)] 

Where: 

D = weighted distance (likelihood) 

c = a particular class 

X = the measurement vector of the candidate pixel 

Mc = the mean vector of the sample of class c 

ac = percent probability that any candidate pixel is a member of class c (defaults to 

1.0, or is entered from a priori knowledge) 

Covc = the covariance matrix of the pixels in the sample of class c 

|Covc| = determinant of Covc (matrix algebra) 

Covc-1 = inverse of Covc (matrix algebra) 

ln = natural logarithm function 

T = transposition function (matrix algebra) 

Table 5.4 (a) b Transverse Divergence Matrix, LISS III -2001 & 2005 

Signature name  1 2 3 4 5 6 7 8
Built-up 1 0 2000 2000 1999 1761 2000 2000 1880

Cropland1 2 2000 0 1956 2000 2000 1976 1975 2000
Cropland2 3 2000 1956 0 1918 2000 1013 1809 2000
Cropland3 4 1999 2000 1918 0 1981 1962 1988 2000

Fallow land 5 1761 2000 2000 1981 0 2000 2000 1652
Tea-orchard 6 2000 1976 1013 1962 2000 0 1834 2000

Scrubland 7 2000 1975 1809 1988 2000 1834 0 2000
Bare soil 8 1880 2000 2000 2000 1652 2000 2000 0

Signature name  1 2 3 4 5 6 7 
Built-up 1 0 2000 2000 2000 2000 2000 2000 

Tea-Orchard 2 2000 0 1891 2000 2000 1997 2000 
Scrubland 3 2000 1891 0 1998 2000 1997 2000 

Fallow land 4 2000 2000 1998 0 2000 2000 2000 
Cropland1 5 2000 2000 2000 2000 0 1904 2000 
Cropland2 6 2000 1997 1997 2000 1904 0 2000 
Bare soil 7 2000 2000 2000 2000 2000 2000 0 



   

See Appendix B for classified LISS III images of year 2001 and year 2005 . 

The classified images are recoded as built-up and non-built-up land cover (Figure 5.5 & 

Figure 5.6).  

A change detection algorithm is developed in ERDAS model maker and the change in 

built-up from past time period to present is obtained. A few minor stray pixels are 

removed to produce a smooth land cover classification in built-up and non-built-up. 

Since the primary task of the ANN model design in this research is to model the urban 

growth pattern, the existing built-up and city proper (the wards with highest population 

density with the municipal area are under this provision of city proper which includes 

high built-up density and associated land uses- public open spaces, government or 

institutional spaces, Figure 5.7), is recoded as built-up in the classified images. The target 

variables are obtained from this change detection analysis of classified temporal remote 

sensing data. Table 5.6 shows the codes adopted.  

 

 

 

 

 

With the input and target variable maps for the model in place, the neural network 

integration into the model can be approached for training and simulation. 

 

5.4 Artificial Neural Networks Based Calibration of Model 

In order to develop a neural network with adequate predictive capacity, it is necessary to 

choose a training algorithm of good convergence capability, design good network 

architecture and prepare an optimum training data set for correct data representation. 

The training rule by Back-propagation learning algorithm is Variable learning with 

momentum algorithm. The algorithm (chapter 4) ,  is a selected after tests are carried out 

to understand a few of the training rules available in the MATLAB 7.0 (Mathworks Inc., 

USA) software NN toolbox, that range from fundamental Gradient Decent algorithm to 

faster convergence Lavenberg-Marquadt algorithm. The through understanding of 

variable learning with momentum training algorithm’s working, fast convergence and 

control on parameters prompted it to be an ideal choice for the BPN training algorithm  

Class Code 
Built-up existing 2 
Built-up change 1 

Non-built-up 3 
Table 5.6   Classification Codes 
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Figure 5.7 Wardwise Population Density Map 



   

for prediction values in the model. Owing to the black box nature of the ANN exact 

process of calibration is not known. 

There are generally four steps in the training process:  

(1)  Assemble the training data. 

       (2) Create the network object. 

       (3) Train the network. 

       (4) Simulate the network response to new input. 

 

5.4.1 Data Preparation for Neural Networks Training 

The training inputs and its targets values are supplied from the GIS database prepared so 

far. The datasets are stored in ASCII files in tabular format as the requirement per of the 

neural network simulator. 

 (1) Input data: Input data size is an important as it is from the samples the network learns 

about the data, so a high level of variation in input data presented to the network enables 

it to learn and generalize effectively. The driving factors of urban growth are the input to 

the network. Numbers of input nodes are equivalent to the number of identified factors, 

i.e. eight. The training input size is designed based on the formula 60Ni (Ni+1), an 

optimum number of training input data.   

Number of training samples = 60 * 6 * (6+1) = 2520. 

Thus, a random set of 2520 points are sampled equally in classes- new or built-up change 

from 2001 to 2005, code 1 and non-built-up in 2005, code 3 from the change detection 

map. The X-Y coordinates of these points are stored in the form of an ASCII file and the 

input factors variables for the model are selected from the same location as code 1 and 

code 3. The ASCII file is an output of picked up pixel values from input maps in scaled 

range 0~1. 

 (2) Target data: The binary encoding is adopted for the target variables; from the code 1, 

presence of built-up and code 3 converted code 0, absence of built-up, same X-Y 2520 

target points are stored in an ASCII file. Hence, the neural network gives prediction 

values in 0~1 range. Neural Network gives prediction values in 0~1  

range. 

 

 Class Code Target code(ANN)
Built-up change 1 1 

Non-built-up 3 0 

Table 5.7 Target Codes  



   

 

 

(3) Auxiliary datasets: In addition to the training samples data sets are prepared; test data 

set for assessment of generalization capability of design the neural network under 

probation and a validation data set as an early stopping criterion to avoid the overtraining 

of the network learning.  

Note: The size of these data sets is same as training sample so as to keep the flexible 

option of training the network with different data set in case the original training file is 

incapable of truly representing the data set to the training network. Also the training 

samples are shuffled for random feed of samples to the network to avoid over training. 

 (4) Simulation dataset: The simulation dataset is the aggregate stack of all the eight input 

variables raster maps, put in a single ASCII file. The simulation data file is created for the 

year 2001 input variables for year 2005 urban growth simulation and after the assessment 

of the network parameterization for the simulated data with actual pattern in year 2005, a 

new simulation data is prepared with updates of current year to predict the future growth 

based on the same calibration of the ANN model, i.e. with same weights and biases 

 

5.4.2 Design of Neural Network Architecture 

The network architecture is an important aspect in neural network applications. Though 

no universal optimal solution is provided for various application problems, the number of 

layers and nodes is a matter of experimentation. A useful approach adopted in the study 

had been to use a single hidden layer and then to proceed to add additional layers if the 

performance is unsatisfactory. 

(1) This study used a three layer neural network structure for simulation of multiple 

factors of urban growth (Figure 5.8). More layers will significantly prolong the 

simulation time. From the theory, it is indicated by Kolmogorov’s theorem that any 

continuous function Φ: Xn  Rc can be implemented by a three layer neural network 

which has n neurons in the input layer, (2n+1) neurons in hidden layer And c nodes in 

output. 

In this model there are six neurons in the input layer corresponding to six spatial 

variables (driving factors or site attributes). The binary encoded target represent a single 

output neuron, desired output being 0~1.  



   

 (2) There is a need to determine the number of neurons in the hidden layer. As the 

number of nodes in the computation layer determines the solving ability of the network, a 

few trails with different node numbers are done with the heuristics suggested in literature 

by researchers in neural networks, like- n, 2n, 3n, 2n+1 or 2n/3. 

 

5.4.3 Training Neural Network 

Training of the neural network is an essential task of simulation of land development 

patterns. The training process is done in the MATLAB 7.0 NN toolbox. 

The NN tool offers certain parameters (Figure 5.9) for control of the training network: 

(1) Number of epochs: The training is batch process wherein representation of the 

entire dataset in one cycle is an epoch. The training algorithm Variable learning 

rate with momentum is capable of fast convergence, i.e. the rate of reaching a 

minimum is higher compared to basic Gradient decent and Gradient decent with 

momentum algorithms of BPN learning. Even so the epochs are set to 10000. 

(2) Training time: A fast convergence has no significance on maintaining a time 

period, which is left to default as infinite. 

(3) Goal error: If the performance error curve falls below a specified goal the training 

ceases. It is set as 0.01.  

(4) Gradient control: If the magnitude of the gradient is less than a set minimum slope 

of error curve, the training stops, as the curve stars to fall into a flat portion on the 

error surface. Default Value 10-5 is accepted. 

(5) Control by validation data: As the network gets trained, parallel to the training 

dataset the validation dataset is also fed through the network and its performance 

curve runs along the training data set curve. If the error curve of the validation 

data rises continually over a specific number of epochs the training stops 

instantly. A 5 epoch tolerance is set. 

(6) Learning rate: From serial 1 to 5, the parameters are for the control of network to 

stop training. Learning rate is a very important parameter as it dictates how 

quickly the network is going to train. In variable learning, experimentations with 

it taught that the training of the network be initiated at a low value as the 

algorithm increments or decrements the learning rate as per the mean square error. 



   

(7) Increasing learning rate: At the end of an epoch if the error is less than in the 

previous one, then the learning rate is increased by a factor. It is taken 1.05, i.e. 

5% increment. 

(8) Decreasing learning rate: At the end of an epoch if the error is greater than in the 

previous one, then the learning rate is decreased by a factor. It is taken 0.7, i.e. 

30% decrement. 

(9) Momentum: Momentum variable is taken 0.9 as the learning rate is started at a 

low value so as to fasten the training. 

 

The training process is undertaken on the three layered architecture as stated, the most 

suited design is selected by trying out heuristics on the number of nodes in the hidden  

layer. Table 5.8 illustrates some samples of the training experimentations.  

The training is started by initializing the weights and biases, a start point for the training  

to start on the error surface. The initialization range of the network is a result of Nyugen-

Widrow algorithm, logic behind which is to quantify the dimensional spaces, with 

neurons within the input range so as to start at a lower side on the error surface thereby 

helping faster convergence. The network begins to train; Figure 5.10 shows the training 

performance curve. 

See Appendix C for complete list of training exercise. 

 

 

 

 

 

 

 

 

 

 

 

 

 



   

 

         

 

Note: Read Architecture as, input nodes-hidden nodes-output node. 

          lr - Learning rate  and mom – momentum. 

          ni - input nodes, no - output nodes.  

 

             

 

 

 

Architecture, 
Hidden 
nodes 

Learning 
parameters (lr, 

mom) 
Epochs 

 
Train MSE 

 

Test 
MSE 

 
Difference

 

6-12-1 0.0001,0.9 653 0.1083 0.1097 -0.0014 

2ni 0.0001,0.9 729 0.1147 0.1149 -0.0002 

0.0001,0.9 562 0.1059 0.1067 -0.0008 

 0.0001,0.9 423 0.1245 0.1244 0.0001 

6-18-1 0.0001,0.9 791 0.1032 0.1015 0.0017 

3ni 0.0001,0.9 768 0.10893 0.1093 -0.00037 

0.0001,0.9 651 0.1111 0.1117 -0.0006 

 0.0001,0.9 621 0.1079 0.1083 -0.0004 

6-13-1 0.0001,0.9 1235 0.1139 0.1153 -0.0014 

2ni+1 0.0001,0.9 1562 0.139 0.137 0.002 

0.0001,0.9 2031 0.1154 0.1172 -0.0018 

0.0001,0.9 945 0.111 0.1126 -0.0016 

 0.0001,0.9 1162 0.1122 0.113 -0.0008 

6-4-1 0.0001,0.9 971 0.1096 0.1094 0.0002 

ni+no/2 0.0001,0.9 397 0.1125 0.1139 -0.0014 

0.0001,0.9 526 0.1105 0.1142 -0.0037 

 0.0001,0.9 403 0.1142 0.1233 -0.0091 

6-5-1 0.0001,0.9 1278 0.1128 0.3651 -0.2523 

2ni/3 0.0001,0.9 971 0.1402 0.3558 -0.2156 
Table 5.8 Training Experiments  



   

 

 

 

 

 

 

 

 

 

Figure 5.8 Model ANN Design 

Figure 5.9 Training Parameters 



   

 

 

 

 

Figure 5.10 ANN Performance Curve 

 

 

 

 

 

 

 

 



   

The end of the training is when the error reaches stabilized values, the test error is also 

calculated and both training and testing error are cross checked to see the difference 

between them. A large difference shows a poor convergence and a smaller difference 

vice-versa.  

The trained network weights and biases are stored in ASCII files and the training 

experimentations with different designs of the neural network.  

 

5.5 Simulation of Network Response on Model data 

A well trained network with least MSE and acceptable generalization difference of error 

with test data is taken up for simulating the unseen data that is prepared as explained in 

preceding section 5.1.2.1. The complete set of all the driving factor variables is passed 

through the same architecture and best training weights and biases, fed back to network 

from the ASCII files.  

The output is obtained in a 0~1 range, 0 not likely to change and 1 likely to change. The 

output file is written to an ASCII result file.  

 

5.6 Conversion of ANN Results to GIS Environment 

The ASCII result file containing the simulated output is imported back into GIS raster 

format. Necessary masks are applied to the map so as the exclusionary zones identified as 

areas where urban growth is not possible are out of the allocation of built-up in simulated 

cells of transition. 

 

5.7 Temporal Indexing  

The amount of land that is expected to transition to built-up over a given period of time is 

determined using principal index driver or PID (Pijanowski et al., 2000).  

The maximum likely hood rule (Pijanowski et al., 2002a) is applied such that the cells 

with greatest values were assumed to transition first. In logistic models it is common to 

threshold those cells that are valued 0.5 or greater (Pontius, 2002). However, output 

values in neural network cannot be interpreted directly as probability (Reed and Marks, 

1999), so a providence is given to the greatest value that are allocated down till all the 

cells that are required to be transitioned are realized. 



   

The number cells that have transitioned to built-up state from non-built-up in year 2001 

to year 2005 time period is ascertained from the change detection of reclassified built-up 

and non-built-up classes land cover maps of the two year, in which further the core city 

has been reclassified which has been described . It is found that 13481 cells outside the 

demarcated core city, transitioned from year 2001 to year 2005. 

The model performance for assessment of simulated results vs actual situation is 

performed, the tests and results are discussed in ensuing chapter. 

The model that produced a good accuracy simulation is further temporally indexed for 

prediction of future growth in Dehradun city for the same time length of four years, i.e. 

for year 2009 for the ANN is calibrated on four year observation. As cited in the 

literature, the cities are highly governed by the decision making complexity that is very 

difficult to model. And also from the study of the urban transformation of Dehradun city, 

it is found that the city had a tremendous expansion on becoming an interim Capital of 

Uttaranchal State, which illustrious to this type of complexity. This difficulty in 

modelling of stochastic perturbations induced by socio-economic-political decisions 

prompted the prediction on short time span of four years based only on the physical 

factors and observing the similar trend.  

Allotment of number of cells similar to the observed 2001-2005 period is not 

recommended so the population growth in the next four year time interval is calculated. 

 

5.7.1 Population projection and Allocation of Cells 

The Master Plan draft for 2005-2025, a long term planning proposal of Dehradun urban 

agglomeration and 172 villages in the planning area, by looking the current trends in the 

city has projected the population (Table 5.9) till 2025 using various methods of 

estimation of population. The methods namely, arithmetic mean, geometric mean and 

incremental increase method. 

 

 

 

 

 

 



   

 

 

 

 

 

 

 

The model has kept the short term future prediction in perspective. So the growth is 

predicted for the year 2009 only and hence the population projection is done only for the 

year 2009.  

Following geometric progression formula is utilized for the calculation of population in 

the year 2005 and year 2009: 

Ak+1 = Ak * rn; rn = (Ak+1 / Ak) 

Taking, Ak = 753420, Ak+1 = 1041268 

r = (Pop2001/Pop1981) = 753420/546288 = 1.38 

or  

r = (Pop2011/Pop2001)  = 1041268/753420 = 1.38 

Population estimation for year 2005 = 753420 * (1.38)0.4 = 857526, for n = 4/10 = 0.4 

Population estimation for year 2009 = 753420 * (1.38)0.8 = 974856, for n = 8/10 = 0.8 

The land is allotted by per capita requirement of land (i.e. the number of hectares of 

developed land per capita), that has been indicated in the master plan draft 2005-25 

assuming that the plan will come into force in near future, 130 persons/hectare; using the 

formula: 

U (t) = (dP/dt) * A (t) 

Where U is amount of new built-up land requirement in the time interval t, dP/dt is the 

number of new population in any given area in a given time interval and A is per capita 

requirements of land. 

Following this the number of cells that are required to transit from non-built-up to built-

up are calculated: 

16343 = ((974856 / 130)*104) / (23.52) 

Year 
 

Total 
Population 

Increase 
 

Decadal % 
growth 

 
1991 546288 144324 35.90 
2001 753420 207132 37.92 
2011 1041268 287848 38.21 
2021 1364000 322732 30.99 
2025 1530000 166000 12.17 

Table 5.9 Population Projection (Source Master Plan Draft 2005-25) 



   

i.e. 16343 cells (of 23.5m*23.5m cell size) convertible to built-up from 2005-2009. 

Results are furnished in the next chapter. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



   

6.1 Introduction 

The preceding chapter presented a preview on the design and development of the ANN 

model framework. Initially the model inducted six input driving variables of urban 

growth and the ANN calibrated derivative is assed to with actual urban growth from year 

2001 to year 2005 in Dehradun city. Variety of accuracy assessment techniques has been 

adopted to address the issue of model fitness to the present situation. A well calibrated 

model which has given a good accuracy measure is used to simulate the future urban 

growth. 

 

6.2 Urban Growth Model: Accuracy Assessment Methods 

The model accuracy or performance is assessed on basically two regards:  

(1) Percentage match metric. 

(2) Urban growth dispersion metric. 

The detail of the performance assessment techniques is furnished further. 

 

6.3 Percentage Match Metric 

Cells that were predicted to transition to built-up (by the model output) are compared to 

the cells that actually did transition during the same period of study. The percentage of 

cells falling into category is then divided by actual number of cells transitioning to obtain 

a percent correct match (PCM) metric, calculated as follows: 

(# cells correctly predicted to change * 100) / (# cells actually transitioned) 

A model in ERDAS Imagine is developed to find out the following four classes: 

Class Code
No change 0 

Observed but not predicted 1 
Not observed but predicted 2 

Observed and predicted 3 

Table 6.1 Percentage Match Metric Classes 

6.4 Urban Growth Distribution Metric 

In this method the entropy can is used to measure the distribution of geographical 

phenomena. The Shannon’s entropy (Hn) can be used to measure the degree of spatial 

concentration or dispersion of a geographical variable (xi) among n zones (Theil, 1967; 

Thomas, 1981). It is calculated by: 

Hn = ∑i
n pi ln(1/pi)  



   

Note: This is Shannon’s entropy formulae for entropy series of discrete random variables.   

Where pi is the probability or proportion of a phenomenon (variable) occurring in ith zone 

(pi = xi / ∑i
n xi), xi is the observed value of the phenomenon in the ith zone and n is the 

total number of zones. The value of entropy ranges from 0~ln(n). If the distribution is is 

maximally concentrated in one zone the lowest value zero will be obtained. Conversely, 

an evenly dispersed distribution among the zones will give maximum value of ln(n). 

Relative entropy can be used to scale the entropy value into a value range from 0~1: 

Hn = (∑i
n pi ln(1/pi)) / ln(n) 

Entropy can be used to indicate the degree of urban growth by examining whether land 

development in a city or town is dispersed or compact. GIS is used to make geographical 

zones using buffer function, from the city center and radial along roads. The size of the 

buffer a zone in each case is taken as 250m, almost 10 pixels width of the cell size of the 

raster in this model. Too wide a zone can cause loss of information due to aggregation 

(Yeh and Xia, 2001). Total of 39zones around the town center and 47 zones around the 

roads are made. Most of the urban growth lies with in these zones. Hence,  

For city center, range is 0 ~ ln (47) => 0~3.850148 

For along the road, range is 0 ~ ln (39) => 0~3.663652 

In this research the Shannon’s entropy is calculated for year 2001, year 2005 and model 

result of ANN simulation for year 2005; it is pointed out the two class land cover map 

that is employed is the one in which there is recoding done for core city which is only 

necessitated for modelling urban growth at fringe. A comparison of the entropy value for 

the built-up class in year 2005 and the simulation result is performed to asses if the model 

can predict the growth in same essence as the actual growth trend. The outputs of the 

Shannon’s Entropy calculation are summarized in the Table 6.2. 

See appendix D for calculations. 

 



   

6.5 Model A: Six Factors of Urban Growth 

The ANN based calibration of the model is done using the identified initial six growth 

factors (Table 6.3). 

 

  

 

  

 

 

 

 

Figure 6.1 Shows the simulated urban (built-up) growth from year 2001 to year 2005 

based on the six driving variables stated.  

The threshold is applied at predictive value 0.82822 to allocate the 13481 cells 

transitioned to built-up in year 2005 from year 2001. In this ANN calibration 3618 cells 

out of 13481 are above 0.9, i.e.  28.96%. The highest value near to 1 is 0.96542. 

Accuracy assessment of the calibrated model is performed. Table 6.4 show the result 

obtained from the percentage match metric method. 

 

Calculation year 
 
 

Shannon's 
entropy, city 
ceter 
 

Shannon's entropy, 
along roads 
 

Relative  
entropy, 
city 
center 

Relative 
entropy, 
along 
roads 

Year 2001 2.65515 2.29242 0.68962 0.65563
Year 2005 2.90811 2.81179 0.7553 0.7675
Year 2005: Model A 2.74693 2.75767 0.71346 0.75273
Year 2005: Model B 2.90258 2.80719 0.75649 0.76625
Year 2009: Model B 
prediction 3.08637 2.9329 0.83452 0.80944

Table 6.2 Shannon's Entropy Calculation Summary  

Spatial Variable 
I. Distance variable 

1. Distance from cell to closest major road 
2. Distance from cell to closest other road 

3. Distance from cell to city center. 
4. Distance from cell to closest existing built-up 

II. Physical property 
5. Slope 
6. Aspect 

Table 6.3 Summary of Driving Variables, Model A 

ANN parameters Class Pixels Code % Accuracy 
No change 1040530 0 (4008/13481) * 100Architecture 

6-12-1 Observed but not predicted 9473 1 29.73% 
Not observed but predicted 9477 2 

Observed and predicted 4008 3 
RMSE 

Train-0.1059 
Test-0.1067 Total 1063488   

Table 6.4 Percentage Match Metric, Model A 
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For distribution metric, Shannon’s entropy from city center, refer table, for this model is 

2.74693 and that of actual built-up land cover in year 2005 is 2.90811, an error of 5.54%. 

And the entropy value along roads, for model it is 2.75767 and actual for year 2005 it is 

2.81179, a 1.93% error.   

With the visual and metric calculations for the accuracy assessment, it is clearly seen that 

the urban distribution is all along city, meaning that the growth is more city centric. As 

from the trend the city’s entropy from city center increased by 9.52% from year 2001 to 

year 2005, but model showed an entropy growth of only 3.46%; and the entropy along 

roads increased by 22.65% and the model at the same time showed 20.21% change. 

 

6.6 Model B: Five Factors of Urban Growth 

From the model A, where six factors have been used, it is found from visualization as 

well as Shannon’s entropy value that the city’s urban growth is compact which is 

contrary to the evidence of real situation. It is also evident that the model prediction 

performance in this manner is due to the factor cell distance from city center. The ANN 

based calibration of the model is 

repeated using the five factors 

(Table 6.5). 

 

  

 

 

 

Figure 6.2 Shows the simulated urban (built-up) growth from year 2001 to year 2005 

based on the six driving variables stated. The threshold is applied at predictive value 

0.80163 to allocate the 13481 cells transitioned to built-up in year 2005 from year 2001. 

out of these 13481 cells 12826 cells have predictive value are above 0.9, i.e. 95.14%, 

which is an indicator to how the model performed at separating change and no change. 

There are 356 cells with values of 0.99. 

 

 

Spatial Variable 
I. Distance variable 

1. Distance from cell to closest major road 
2. Distance from cell to closest other road 

3. Distance from cell to closest existing built-up
II. Physical property 

4. Slope 
5. Aspect 

Table 6.5 Summary of Driving Variables, Model B 
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Accuracy assessment of the calibrated model is performed. Table 6.6 show the result 

obtained from the percentage match metric method. 

 

 

For distribution metric, Shannon’s entropy from city center, refer Table 6.2, for this 

model is 2.90258 and that of actual built-up land cover in year 2005 is 2.90811, an error 

of 0.18%. And the entropy value along roads, for model it is 2.80719 and for year 2005 it 

is 2.81179, a 0.16% error. With the visual and metric calculations for the accuracy 

assessment, it is clearly seen that the urban distribution is dispersed in year 2005. The 

model showed a 9.32% increase in entropy with city center, when the real growth 

observed is 9.52%. And entropy along roads is 22.45% as against the actual being 

22.65%. 

 

6.7 Simulating and Prediction of Urban Growth in Year 2009 

Foregoing the accuracy assessment of the two models with six and five factors of urban 

growth, respectively, the weights and biases of the ANN calibration of model B are 

utilized for simulation and prediction of urban growth for the year 2009. The four year 

future prediction, Figure 6.3 is done because the model had been calibrated and validated 

using the temporal remote sensing data of four years gap date. The number of cells to be 

allocated to transit from non-built-up to built-up in 2009 is 16343, calculated using PID 

as discussed earlier.  

The entropy value from city center and along roads is 3.08637 and 2.9329, indicating a 

further dispersion of the urban growth of Dehradun city by 2009. An increase in 6.12% 

and 4.3%, in respective entropy values. 

 

 

 

ANN parameters Class Pixels Code % Accuracy 
No change 1043728 0 (6727/13481) * 100Architecture 

6-12-2001 Observed but not predicted 6753 1 49.89% 
Not observed but predicted 6280 2 

Observed and predicted 6727 3 
RMSE 

Train-0.0856 
Test-0.0955 Total 1063488  

 

Table 6.6 Percentage Match Metric, Model B 
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7.1 Conclusions  

The aim of this research was to develop a model to predict the trend of urban growth 

using GIS and artificial neural networks, remote sensing data helped in model calibration 

by providing a temporal dataset.  

The urban growth at the city edges, as seen from the study, is the most dynamic zone 

where the non urban land is always under foreshadow of being converted to built-up. The 

uncontrolled and aimless overspill of the city makes it difficult for the city administration 

to plan in advance and provide basic services to all these areas. The model predicted the 

trend of urban growth ahead of the actual growth, raising ambit to take stock of the future 

urban growth and avoid ill effects, if any, through planning measures. The results the 

study abuts this proposition. It has illustrated the following: 

(1) It is tedious to define the model structure and rules for conventional 

techniques. The ANN can significantly reduce the requirements for explicit 

knowledge for identifying the combinations of parameters and calibration that 

depends on the application in other model approaches. ANN exhibits 

robustness on this account by automatically determining the parameter 

preference during the training and assigning the values, which can be directly 

imported back in GIS for simulating the urban change reducing the calibration 

time in effect. 

(2) The researched neural network model is simple and convenient in application, 

but can generate very complex features of urban systems. An inherent 

problem, however, exists is that the ANN are black box in nature, the 

meanings of the parameter values are difficult to explain because the relations 

among the neurons are quite complex. The use of ANN having a non-linear 

activation function is effective in mapping non-linear features of urban 

systems.  

(3) Model has successfully coupled the GIS environment and ANN. The GIS 

provides both, data and spatial analysis functions for constructing the neural 

networks. Real data is conveniently retrieved from the GIS data base for 

calibration and testing the model. 

 



   

(4) Dehradun city has a dispersed growth and not a city centric growth pattern. 

This is to state that the city is not developing with the imminence of proximity 

to the city center as demonstrated in the results of the model A and model B.  

The distribution metric for the model A is higher as compared to model B 

having only less than a 0.5% error. 

Dropping this variable considerably improved the model performance 

showing that the urban growth is dispersed and has evolved more along the 

transportation arteries of the city. 

(5) The key development variables identified as responsible for the spatial growth 

has been successful in approximation of the urban growth trend and their 

relative importance established. Observations on the factors are as follows:  

(a) Intensity of development gradually diminishes as the distance from the 

core city and the transportation facility increases. 

(b) Development pattern is intense along the major roads. 

(c) Topography role in the development of the city is visible as the 

development is not slated at the same pace on the northern part of the 

study as it has manifested in the middle and southern directions of the 

study area. 

(d) Existence of built-up in the local neighbourhood influences the 

development of new built-up, exhibiting the well knit urban fabric. 

      

7.2 Recommendations 

Some recommendations are furnished as follows: 

(1) There are a wide range of variables which could be advanced to explain any city’s 

pattern of growth. In this study only a few identifiable variables were employed to 

build the predictive model. There is an ample scope to include more variables. 

Some of them could be infrastructure variables such as water supply and sewer, 

socio-economic variables and like wise. 

(2) In this two time periods were taken into considerations. A better illustration can 

be drawn with inclusion of repetitive analysis in time and more cities are 

investigated to understand the phenomena of urban growth.  



   

(3) Incorporating stochastic perturbations into the model caused by human decision, 

social and economical variables can be done, as this model simulation is 

deterministic in nature. 

(4) Use of high resolution remote sensing dataset for modelling can further improve 

scope in terms of planning as the model will be flexible in multiple land use 

change predictions.  

(5) Machine performance has been a concern in the research and it is highly 

recommended that a high end machine be employed for training and simulations 

by the ANN. 

(6) There is further scope of developing models integrating artificial neural networks 

with fuzzy logic, cellular automata or agent-based techniques of urban growth 

modelling. 

 

  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



   

References 

ANDERSON, J.R., HARDY, E.E., ROACH, J.T., and WITMER, R.E., A Land use and 

land cover classification system for use with remote sensor data. Geological Survey 

Professional Paper 964, USGS. 

ANONYMOUS, 2004, The Math Works online documentation. Mathworks Inc, Natick, 

MA, release 14, online only. http://www.mathworks.com. 

ATKINSON, P.M and TATNALL, A.R.L., 1997, Neural networks in remote sensing, 

International Journal of Remote Sensing, Vol.18 no.4, 699-709. 

BARREDO, J.I., KASANKO, M., McCORMICK, N., LAVALLE, C., 2003, Modelling 

dynamic spatial process: simulation of urban future scenarios through cellular automata. 

Landscape and Urban Planning, 64, 145-160. 

BATTY, M., 1976, Entropy in spatial aggregation. Geographical Analysis, 8, 1-21. 

BATTY, M., XIE, Y. and SUN, Z., 1999, Modelling urban dynamics through GIS based 

CA, Computers, Environment and Urban Systems, 23, 206-207. 

BATTY, M., XIE, Y., 1994, From cells to cities. Environment and Planning B: Planning 

and Design, 21, 531-548. 

CARVER, S.J., 1991, Integrating MCE with GIS-modelling urban system, International 

Journal of Information System, 5, 321-339. 

CHAPMAN, S.J., 2005, MATLAB Programming for Engineers, Wiley. 

CIVCO, D.L., 1993, Artificial neural networks for classification and mapping. 

International Journal of GIS, Vol.7, 173-186. 

DENDRINOS, D. and MULLALY, H. (1985) Urban Evolution: Studies in the Mathematical 

Ecology of Cities. Oxford University Press, New York. 

FOGELMAN, S.F., 1991, Neural network architectures and algorithms: a perspective. 

Proceedings of 1991 International Conference on ANN (ICANN-1991), Espoo, Finland, 

Vol.1, 24-28. 

FOODY, G.M., 1995, Land cover classification by artificial neural networks with 

ancillary information, International Journal of GIS, Vol.9, 527-542. 

HAKIN SIMON, 1994, Neural networks: A comprehensive foundation. Macmillan 

College Publishing Company, NY. 

KANELLOPOULOS, I. and WILKINSON, G.G., 1997, Strategies and best practices for 

neural networks classification, International Journal of Remote Sensing, Vol.18 no.4, 

711-725. 



   

KAVZOGLU, T. and MATHER, P.M., 2003, The use of back propagation artificial 

neural networks inland land cover classification. International journal of remote sensing, 

vol.24, 4097-4938. 

KNOWLES, R., and WAREING, J., 1986, Economic and social geography. Rupa & Co. 

LIPPMAN, R.P, 1987, An introduction to computing with neural networks, I.E.E.E.ASSP 

magazine, 2, 4-22. 

LIU, Y. and PHINN, S.R., Developing a cellular automata model of urban growth 

incorporating fuzzy set approaches. University of Southern Queensland. 

O’SULLIVAN, D., 2001, Exploring spatial process dynamics using irregular cellular 

automata models. Geographical Analysis, 33 (1), 1-18. 

PALVEK, A. and PROCHAZA, A., 2004, Algorithms for initialization of neural network 

weights. Institute of chemical technology, department of computing and control 

engineering, Prague. 

PAOLA, J.D. and SCHOWENGERDT, R.A., 1995, A review and analysis of back-

propagation neural networks for classification of remotely-sensed multi-spectral imagery. 

International Journal of Remote Sensing, Vol.16, 3033-3058. 

PIJANOWSKI, B.C., BROWN, D.G., SHELLITO, B.A., and MANIK, G.A., 2002a, 

Using neural networks and GIS to forecast land use changes: a Land Transformation 

Model. Computers, Environment and Urban Systems, 26, 533-575 

PIJANOWSKI, B.C., etal, 2005, Calibrating a neural network-based urban change model 

for two metropolitan areas of the Upper Midwest of the United States. International 

Journal of Remote Sensing, Vol.19 no.2, 197-215. 

ROBSON, B. (1973) Urban Growth: An Approach, Methuen, London. 

RUMELHART, D.E., HINTON, G.E. and WILLIAMS, R.J., 1986, Learning 

representations by back-propagation errors. Nature, 323, 533-536. 

SAHA, A.K., ARORA, M.K., CSAPLOVICS, E. and GUPTA, R.P., 2005, Land cover 

classification using IRS LISSIII image and DEM in a rugged terrain: a case study in 

Himalayas. Geocarto International, Vol.20, no.2, 33-45. 

SIETSMA, J. and DOW, R.J.F., 1991, Creating neural network that generalize. Neural 

networks, 4, 67-79. 

SUBUDHI, A. P., AND MAITHANI S., 2001. Modeling urban sprawl and future 

population prediction using remote sensing and geographical information system 



   

techniques. In: Subudhi, A. P., Sokhi, B. S., and Roy, P. S. (Eds.), Remote Sensing and 

GIS Application in Urban and Regional Studies, Human Settlement and Analysis Group, 

Indian Institute of Remote Sensing, Dehradun, India. 

TORRENS, P.M. and BENENSON, I., 2004, Geosimulation- Automata based modelling 

of urban phenomena. John Willey & Sons Ltd. 

TORRENS, P.M., 2000, How cellular models of urban systems work. Center for 

Advanced Spatial Analysis (CASA), ULC, London, WP-28. 

TORRENS, P.M., AND ALBERTI, M., 2000, Measuring sprawl. Working Paper Series, 

Paper 27, Centre for Advanced Spatial Analysis, University College, London. (Available 

Online: http://www.casa.ucl.ac.uk/publications/full_list.htm ) 

TOWN and COUNTRY PLANNING DEPARTMENT, U.A., Master Plan for Dehradun 

2005-2025 (Draft) 

TOWN and COUNTRY PLANNING DEPARTMENT, U.P., 1982, Master Plan for 

Dehradun 1982-2001. 

WEGENER, M., 1994, Operational urban models: state of the art. Journal of the 

American Planning Association, Volume 60, 17–29. 

WHITE, R. and ENGELEN, G., 1994, Urban systems dynamics and cellular automata. 

Chaos Solutions and Fractals, 4(4), 563-583. 

WHITE, R. and ENGELEN, G., 1997, The use of constrained cellular automata for high-

resolution modelling of urban land-use dynamics. Chaos Solutions and Fractals, 4(4), 

563-583. Environment and Planning A: Planning and Design, Vol.24, 323-343. 

WOLFRAM, S., 1988, Complex system theory. Emerging synthesis in science: 

proceedings of foundation workshops of Santa Fe Institute. Addison-Wesley reading, MA, 

183-189. 

WOLFRAM, S., 2002, New kind of science. Wolfram Media Inc. 

WU, F. and WEBSTER, C.J., 1988, Simulation land development through the integration 

of cellular automata and multi-criteria evaluation. Environment and Planning B: 

Planning and Design, 25, 103-126. 

YEH, A.G.O. and LI, X., 2001, Measuring and monitoring urban sprawl in a rapidly 

growing region using entropy. Photogrammetric Engineering and Remote Sensing, 

Vol.67 no.1, 83-90. 



   

YEH, A.G.O. and LI, X., 2002, A cellular automata model to simulate development 

density for urban planning. Environment and Planning B: Planning and Design, 28(3), 

431-450. 

YEH, A.G.O. and LI, X., 2002, A constrained cellular automata model to simulation and 

planning of sustainable urban forms by using GIS. Environment and Planning B: 

Planning and Design, 28(5), 733-753. 

YEH, A.G.O. and LI, X., 2002, Urban simulation using neural networks and cellular 

automata for land use planning. Symposium on Geospatial Theory, processing and 

applications, Ottawa. 

YEH, A.G.O. and LI, X., 2003, Neural-network-based CA for simulation of multiple land 

use changes using GIS. International Journal of GIS, Vol.16 no.4, 323-343. 

YEH, A.G.O. and LI, X., 2003, Simulation of development alternatives using neural 

networks, CA and GIS for urban planning. Photogrammetric Engineering and Remote 

Sensing, Vol.69 no.9, 1042-1067. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



   

Appendix A 
 
RMSE of Geometric correction of Remote sensing data and maps. 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Georeference 
Data set 

Referenced to 
 

X 
 

Y 
 

RMSE 
 

LISSIII 
13Mar2005 

Extracted tic-points from SOI 
Topographical sheet 0.0628 0.0975 0.1162 

LISSIII 
11Feb1997 LISS III_2005 0.042 0.1058 0.0989 

LISSIII 
11Dec2001 LISS III_2006 0.0987 0.1013 0.0986 

IRS PAN_2001 
Extracted tic-points from SOI 

Topographical sheet 0.145 0.241 0.321 
LISS IV_2005 PAN_2001 0.0277 0.0732 0.0783 
IKONOS MSS 

2005 LISS IV_2005 0.08231 0.0754 0.0863 
IKONOS PAN 

2005 IKONOS MSS_2005 0.0623 0.0532 0.05457
M.Plan 2005 LISSIII 2005 1.9632 2.31 2.1063 



   

 
Appendix B 

The classified images are checked for classification accuracy assessment is carried out 

using the points collected as reference from the field work. 

The Results of the accuracy assessment are summarized as follows: 

 

 

 

 

 

Figure appendixB.1 and FigureB.2 are the MLC classified land cover maps of year 2001 

and year 2005. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Image Over-all accuracy Kappa

LISS III 2001 78.60% 0.7456 

LISS III 2005 81.40% 0.7923 
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Appendix C: ANN Training Experiments 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Architecture 
 

Training 
Parameters(lr, 

mon) 
Epochs

 
Train-MSE 

 
Test-MSE 

 
6-12-1 0.0001,0.9 794 0.1095 0.1097 

2ni 0.0001,0.9 451 0.1245 0.1243 
0.0001,0.9 586 0.119741 0.1187 
0.0001,0.9 653 0.1083 0.1097* 
0.0001,0.9 528 0.1185 0.1185 
0.0001,0.9 1218 0.1067 0.1067 
0.0001,0.9 729 0.1147 0.1149 
0.0001,0.9 562 0.1059 0.1067* 

 0.0001,0.9 423 0.1245 0.1244 
6-18-1 0.0001,0.9 536 0.1117 0.1117 

3ni 0.0001,0.9 749 0.1081 0.1085 
0.0001,0.9 472 0.1168 0.1172 
0.0001,0.9 534 0.1088 0.1105 
0.0001,0.9 632 0.1077 0.1076* 
0.0001,0.9 437 0.1192 0.1183 
0.0001,0.9 342 0.1251 0.1234 
0.0001,0.9 402 0.1132 0.1128 
0.0001,0.9 791 0.1032 0.1015* 
0.0001,0.9 768 0.10893 0.1093 
0.0001,0.9 651 0.1111 0.1117 
0.0001,0.9 621 0.1079 0.1083* 
0.0001,0.9 427 0.1146 0.1147 
0.0001,0.9 827 0.1024 0.103* 

 0.0001,0.9 753 0.1044 0.1045 
6-13-1 0.0001,0.9 1235 0.1139 0.1153 
2ni+1 0.0001,0.9 1562 0.139 0.137 

0.0001,0.9 2031 0.1154 0.1172 
0.0001,0.9 945 0.111 0.1126 
0.0001,0.9 1162 0.1122 0.113 
0.0001,0.9 564 0.1251 0.1281 
0.0001,0.9 609 0.1236 0.1221 

 0.0001,0.9 463 0.1238 0.1246 
6-4-1 0.0001,0.9 971 0.1096 0.1094 

ni+no/2 0.0001,0.9 397 0.1125 0.1139 
0.0001,0.9 526 0.1105 0.1142 
0.0001,0.9 403 0.1142 0.1233 
0.0001,0.9 342 0.1142 0.1165 
0.0001,0.9 527 0.108029 0.1079* 
0.0001,0.9 943 0.1231 0.1225 

 0.0001,0.9 869 0.1342 0.1386 
6-5-1 0.0001,0.9 1278 0.1128 0.3651 
2ni/3 0.0001,0.9 971 0.1402 0.3558 



   

 

 

 

Note: Read Architecture as, input nodes-hidden nodes-output node. 

        

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

   lr - Learning rate  and mom – momentum. 

          ni - input nodes, no - output nodes.  

 

 
 
 
 
 
 
 
 

Architecture Training Parameters Train-MSE Test-MSE
5-10-1 0.0001, 0.9 0.1126 0.1144 

2ni 0.0001, 0.9 0.1097 0.1125 
0.0001, 0.9 0.1113 0.1126 
0.0001, 0.9 0.1091 0.1112 
0.0001, 0.9 0.0865 0.0951 
0.0001, 0.9 0.1078 0.1099 
0.0001, 0.9 0.1099 0.1236 
0.0001, 0.9 0.1093 0.2928 
0.0001, 0.9 0.1069 0.1089 
0.0001, 0.9 0.0656 0.0755* 
0.0001, 0.9 0.0891 0.0908 
0.0001, 0.9 0.1101 0.1112 

 0.0001, 0.9 0.1003 0.1142 
5151 0.0001, 0.9 0.1095 0.1114 
3ni 0.0001, 0.9 0.1115 0.1135 

0.0001, 0.9 0.1149 0.1178 
0.0001, 0.9 0.1161 0.1198 
0.0001, 0.9   
0.0001, 0.9 0.0945 0.0895 
0.0001, 0.9 0.107 0.1093 
0.0001, 0.9 0.09053 0.1032 
0.0001, 0.9 0.1111 0.1256 

 0.0001, 0.9 0.1246 0.1681 



   

Appendix D   Shannon’s Entropy with respect to City Center, 

Zone↓ / 
parameter→ Count Area(Hec) 

% in 
Zone Pi 1/Pi ln(1/Pi) 

Pi * 
Ln(1/Pi) 

For Relative 
Entropy 

1 33 1.822425 0.001737 0.0003077 3249.942 8.086393 0.00248816 0.000646252 
2 14 7.73E-01 0.000701 0.00012412 8056.954 8.994291 0.00111634 0.000289947 
3 8 0.4418 0.000379 6.721E-05 14878.71 9.607687 0.00064573 0.000167717 
4 9 0.497025 0.000401 7.1011E-05 14082.34 9.552677 0.00067834 0.000176187 
5 18 0.99405 0.000741 0.00013118 7622.944 8.938918 0.00117263 0.000304568 
6 62 3.42395 0.002261 0.00040043 2497.286 7.82296 0.00313258 0.000813627 
7 58 3.20305 0.002012 0.00035644 2805.485 7.939332 0.00282993 0.000735019 
8 54 2.98215 0.001820 0.00032232 3102.473 8.039955 0.00259147 0.000673082 
9 62 3.42395 0.002103 0.00037261 2683.761 7.894974 0.00294176 0.000764064 

10 155 8.559875 0.005380 0.0009531 1049.212 6.955794 0.00662954 0.001721893 
11 184 10.1614 0.006557 0.0011615 860.9591 6.758047 0.00784944 0.002038738 
12 143 7.897175 0.005230 0.00092652 1079.305 6.984073 0.0064709 0.001680688 
13 131 7.234475 0.004914 0.00087042 1148.869 7.046533 0.00613345 0.001593043 
14 125 6.903125 0.004822 0.00085417 1170.731 7.065383 0.00603502 0.001567478 
15 178 9.83005 0.007052 0.00124925 800.4811 6.685213 0.00835149 0.002169136 
16 184 10.1614 0.007504 0.00132933 752.2577 6.623079 0.00880427 0.002286735 
17 233 12.867425 0.009799 0.00173572 576.1285 6.356331 0.01103283 0.002865561 
18 184 10.1614 0.007961 0.0014102 709.1208 6.564026 0.00925657 0.002404212 
19 221 12.204725 0.009868 0.00174807 572.0586 6.349241 0.01109894 0.00288273 
20 325 17.948125 0.014998 0.00265682 376.3893 5.930624 0.01575662 0.004092473 
21 282 15.57345 0.013439 0.00238067 420.0492 6.040372 0.01438015 0.003734961 
22 393 21.703425 0.019437 0.00344311 290.4349 5.67138 0.0195272 0.005071804 
23 393 21.703425 0.020098 0.00356021 280.8826 5.637937 0.02007222 0.005213364 
24 305 16.843625 0.016153 0.00286134 349.4861 5.856464 0.01675736 0.004352394 
25 437 24.133325 0.024181 0.00428345 233.4568 5.452997 0.02335763 0.006066684 
26 461 25.458725 0.026444 0.00468433 213.4779 5.363533 0.02512454 0.006525603 
27 484 26.7289 0.028994 0.00513605 194.7022 5.271471 0.02707454 0.007032078 
28 619 34.184275 0.038724 0.00685956 145.7819 4.982112 0.0341751 0.008876309 
29 557 30.760325 0.036384 0.00644506 155.1577 5.044442 0.03251171 0.008444276 
30 781 43.130725 0.053721 0.00951622 105.0837 4.654757 0.04429571 0.011504938 
31 837 46.223325 0.060429 0.01070441 93.41947 4.5371 0.04856696 0.012614312 
32 1087 60.029575 0.082567 0.01462605 68.37117 4.224951 0.06179434 0.016049862 
33 1292 71.3507 0.104118 0.01844353 54.21956 3.993042 0.07364578 0.01912804 
34 1294 71.46115 0.110175 0.01951639 51.23898 3.936501 0.07682629 0.019954115 
35 1242 68.58945 0.112776 0.01997718 50.05711 3.913165 0.078174 0.020304157 
36 1671 92.280975 0.162612 0.02880518 34.71597 3.5472 0.10217774 0.026538656 
37 1806 99.73635 0.187578 0.03322767 30.0954 3.404372 0.11311937 0.029380528 
38 2097 115.806825 0.236495 0.04189286 23.87042 3.17264 0.13291096 0.034521003 
39 2511 138.669975 0.307457 0.05446311 18.36105 2.910232 0.15850027 0.041167323 
40 2952 163.0242 0.394864 0.0699464 14.29666 2.660026 0.18605924 0.048325222 
41 3051 168.491475 0.453209 0.08028167 12.45614 2.522214 0.20248754 0.052592151 
42 2843 157.004675 0.470384 0.08332411 12.00133 2.485017 0.20706186 0.053780239 
43 2723 150.377675 0.508972 0.09015963 11.09144 2.406173 0.21693972 0.056345819 
44 2233 123.317425 0.485435 0.08599024 11.62923 2.453521 0.2109789 0.054797615 
45 1946 107.46785 0.498208 0.08825288 11.33108 2.427549 0.21423818 0.055644148 
46 1623 89.630175 0.505293 0.08950788 11.1722 2.413429 0.21602088 0.056107168 
47 3356 185.3351 0.590845 0.10466269 9.554503 2.257013 0.23622501 0.061354793 

TOTAL  2300.50783 5.645231    2.90801923 0.755300713 



   

Zone↓ / 
parameter→ Count Area(Hec) 

% in 
Zone Pi 1/Pi ln(1/Pi) 

Pi * 
Ln(1/Pi) 

For Relative 
Entropy 

1 26 1.43585 0.001369 0.00035286 2834 7.949444 0.00280503 0.00072855 
2 7 3.87E-01 0.000350 9.0327E-05 11070.94 9.312079 0.00084113 0.000218466 
3 0 0 0.000000 0 0 0 0 0 
4 0 0 0.000000 0 0 0 0 0 
5 4 0.2209 0.000165 4.2431E-05 23567.78 10.06764 0.00042718 0.000110951 
6 20 1.1045 0.000729 0.00018801 5318.799 8.579003 0.00161296 0.000418934 
7 10 0.55225 0.000347 8.945E-05 11179.43 9.32183 0.00083384 0.000216573 
8 9 0.497025 0.000303 7.8191E-05 12789.18 9.456355 0.0007394 0.000192045 
9 14 0.77315 0.000475 0.00012246 8165.655 9.007692 0.00110312 0.000286514 

10 46 2.54035 0.001597 0.0004117 2428.961 7.795219 0.00320928 0.000833548 
11 57 3.147825 0.002031 0.00052371 1909.453 7.554572 0.00395641 0.001027599 
12 36 1.9881 0.001317 0.0003395 2945.515 7.988039 0.00271193 0.000704371 
13 51 2.816475 0.001913 0.00049322 2027.474 7.614546 0.00375568 0.000975464 
14 37 2.043325 0.001427 0.000368 2717.37 7.90742 0.00290995 0.000755803 
15 75 4.141875 0.002971 0.00076614 1305.249 7.174149 0.00549638 0.001427577 
16 24 1.3254 0.000979 0.00025237 3962.386 8.284602 0.00209081 0.000543047 
17 69 3.810525 0.002902 0.00074815 1336.626 7.197903 0.00538513 0.001398682 
18 43 2.374675 0.001860 0.00047967 2084.746 7.642402 0.00366587 0.000952137 
19 44 2.4299 0.001965 0.00050657 1974.075 7.587855 0.00384375 0.000998339 
20 108 5.9643 0.004984 0.00128505 778.1805 6.656959 0.00855452 0.002221867 
21 79 4.362775 0.003765 0.00097072 1030.163 6.937472 0.00673435 0.001749114 
22 106 5.85385 0.005243 0.0013517 739.8081 6.606391 0.00892987 0.002319358 
23 87 4.804575 0.004449 0.00114715 871.7292 6.770479 0.00776672 0.002017253 
24 59 3.258275 0.003125 0.00080564 1241.256 7.123879 0.00573925 0.001490658 
25 97 5.356825 0.005367 0.00138389 722.603 6.58286 0.00910993 0.002366124 
26 135 7.455375 0.007744 0.00199662 500.8453 6.216297 0.01241161 0.003223672 
27 157 8.670325 0.009405 0.00242493 412.3823 6.021951 0.01460284 0.003792799 
28 184 10.1614 0.011511 0.00296784 336.9458 5.819922 0.01727258 0.004486211 
29 149 8.228525 0.009733 0.00250942 398.4977 5.987702 0.01502569 0.003902626 
30 308 17.0093 0.021186 0.00546237 183.0709 5.209873 0.02845823 0.007391466 
31 256 14.1376 0.018482 0.00476534 209.8488 5.346387 0.02547733 0.006617236 
32 367 20.267575 0.027877 0.00718753 139.1298 4.935407 0.03547341 0.009213519 
33 513 28.330425 0.041341 0.01065897 93.81768 4.541353 0.04840616 0.012572546 
34 493 27.225925 0.041975 0.01082253 92.39987 4.526126 0.04898411 0.012722658 
35 487 26.894575 0.044220 0.0114014 87.70855 4.474019 0.05101007 0.013248861 
36 823 45.450175 0.080090 0.02064955 48.42722 3.880062 0.08012151 0.020809985 
37 847 46.775575 0.087973 0.02268204 44.08775 3.786182 0.08587832 0.022305203 
38 1212 66.9327 0.136687 0.03524201 28.37523 3.345516 0.11790272 0.03062291 
39 1770 97.74825 0.216726 0.05587859 17.89594 2.884574 0.16118593 0.041864871 
40 2201 121.550225 0.294409 0.07590764 13.1739 2.578238 0.19570796 0.050831288 
41 2107 116.359075 0.312983 0.08069659 12.3921 2.517059 0.20311807 0.052755919 
42 2050 113.21125 0.339179 0.08745087 11.43499 2.436678 0.21308963 0.055345833 
43 2099 115.917275 0.392336 0.10115641 9.885681 2.291087 0.23175817 0.06019462 
44 1828 100.9513 0.397391 0.10245971 9.759934 2.278286 0.23343248 0.060629489 
45 1570 86.70325 0.401946 0.10363398 9.649345 2.26689 0.23492683 0.061017616 
46 1331 73.504475 0.414384 0.10684083 9.359717 2.236415 0.23894045 0.062060076 
47 2961 163.521225 0.521303 0.13440791 7.440038 2.006876 0.26974001 0.070059653 

 TOTAL   1378.1951 3.878513       2.65514661 0.689622032 



   

 

Entropy 2005  

 
 

Zone↓ / 
parameter→ Count Area(Hec) 

% in 
Zone Pi 1/Pi ln(1/Pi) 

Pi * 
Ln(1/Pi) 

For Relative 
Entropy 

1 40 2.209 0.002105 0.00038097 2624.893 7.872795 0.00299928 0.000779005 
2 9 0.497025 0.000450 8.1501E-05 12269.83 9.414898 0.00076732 0.000199297 
3 3 0.165675 0.000142 2.5744E-05 38843.29 10.56729 0.00027205 7.06594E-05 
4 1 0.055225 0.000045 8.0594E-06 124079.3 11.72868 9.4526E-05 2.45512E-05 
5 5 0.276125 0.000206 3.7221E-05 26866.26 10.19863 0.00037961 9.85955E-05 
6 28 1.5463 0.001021 0.00018472 5413.573 8.596665 0.00158798 0.000412447 
7 13 0.717925 0.000451 8.1607E-05 12253.91 9.4136 0.00076821 0.000199528 
8 16 0.8836 0.000539 9.7552E-05 10250.94 9.235125 0.00090091 0.000233992 
9 50 2.76125 0.001696 0.00030694 3257.973 8.088861 0.00248279 0.000644856 

10 67 3.700075 0.002326 0.00042082 2376.304 7.773302 0.00327117 0.000849623 
11 75 4.141875 0.002673 0.00048359 2067.86 7.634269 0.00369187 0.000958891 
12 61 3.368725 0.002231 0.00040371 2477.036 7.814818 0.00315491 0.000819425 
13 68 3.7553 0.002551 0.00046151 2166.781 7.680998 0.00354489 0.000920715 
14 57 3.147825 0.002199 0.00039786 2513.472 7.82942 0.00311498 0.000809055 
15 85 4.694125 0.003368 0.00060935 1641.096 7.40312 0.00451108 0.001171665 
16 32 1.7672 0.001305 0.00023615 4234.64 8.351054 0.00197208 0.000512209 
17 84 4.6389 0.003533 0.00063918 1564.509 7.355327 0.00470137 0.001221087 
18 65 3.589625 0.002812 0.00050885 1965.2 7.583349 0.00385882 0.001002252 
19 57 3.147825 0.002545 0.00046053 2171.4 7.683128 0.00353833 0.000919011 
20 120 6.627 0.005538 0.00100203 997.9788 6.905732 0.00691972 0.00179726 
21 96 5.3016 0.004575 0.00082783 1207.981 7.096705 0.00587485 0.001525876 
22 121 6.682225 0.005984 0.00108283 923.5023 6.828173 0.00739378 0.001920389 
23 96 5.3016 0.004909 0.00088833 1125.714 7.026173 0.00624153 0.001621113 
24 72 3.9762 0.003813 0.00068996 1449.37 7.278884 0.0050221 0.001304392 
25 104 5.7434 0.005755 0.00104127 960.3655 6.867314 0.00715073 0.001857261 
26 146 8.06285 0.008375 0.00151536 659.9073 6.492099 0.0098379 0.0025552 
27 167 9.222575 0.010004 0.00181017 552.4355 6.314337 0.01143 0.002968717 
28 207 11.431575 0.012950 0.00234312 426.7819 6.056273 0.01419056 0.003685718 
29 202 11.15545 0.013195 0.00238749 418.8506 6.037514 0.01441448 0.003743878 
30 359 19.825775 0.024694 0.00446813 223.8071 5.410785 0.02417611 0.006279267 
31 317 17.506325 0.022886 0.00414109 241.4824 5.486797 0.02272131 0.005901412 
32 495 27.336375 0.037600 0.00680332 146.9871 4.990345 0.0339509 0.008818076 
33 780 43.0755 0.062858 0.0113735 87.92368 4.476469 0.05091312 0.013223681 
34 1146 63.28785 0.097573 0.01765501 56.64115 4.036736 0.0712686 0.018510615 
35 1424 78.6404 0.129302 0.02339595 42.74244 3.755192 0.08785629 0.02281894 
36 2342 129.33695 0.227910 0.04123814 24.24939 3.188392 0.13148335 0.034150211 
37 2390 131.98775 0.248234 0.0449157 22.26393 3.102968 0.13937196 0.036199123 
38 2718 150.10155 0.306530 0.05546373 18.0298 2.892026 0.16040254 0.041661401 
39 3269 180.530525 0.400269 0.07242503 13.80738 2.625203 0.19013043 0.049382633 
40 3386 186.99185 0.452916 0.08195095 12.20242 2.501634 0.20501131 0.053247649 
41 3358 185.44555 0.498812 0.09025534 11.07968 2.405113 0.21707424 0.056380759 
42 3368 185.9978 0.557247 0.10082865 9.917816 2.294333 0.23133447 0.060084571 
43 2666 147.22985 0.498318 0.09016597 11.09066 2.406103 0.21694863 0.056348134 

Entropy 2001 



   

44 2215 122.323375 0.481522 0.08712689 11.47751 2.44039 0.21262357 0.055224783 
45 1707 94.269075 0.437020 0.07907471 12.64627 2.537362 0.20064117 0.052112593 
46 1331 73.504475 0.414384 0.07497886 13.33709 2.590549 0.19423641 0.050449083 
47 2961 163.521225 0.521303 0.09432491 10.60165 2.36101 0.22270205 0.05784247 

 TOTAL   2119.48028 5.526672       2.74693427 0.713462068 

Entropy 2005 Model A  
 
 

Zone↓ / 
parameter→ Count Area(Hec) 

% in 
Zone Pi 1/Pi ln(1/Pi) 

Pi * 
Ln(1/Pi) 

For Relative 
Entropy 

1 60 3.3135 0.003158 0.00061582 1623.854 7.392558 0.00455248 0.001182416 
2 40 2.21E+00 0.002002 0.00039035 2561.814 7.848471 0.00306364 0.00079572 
3 0 0 0.000000 0 0 0 0 0 
4 0 0 0.000000 0 0 0 0 0 
5 6 0.33135 0.000247 4.8133E-05 20775.56 9.941532 0.00047852 0.000124286 
6 37 2.043325 0.001349 0.00026305 3801.605 8.243179 0.00216834 0.000563184 
7 12 0.6627 0.000416 8.1178E-05 12318.66 9.41887 0.0007646 0.00019859 
8 28 1.5463 0.000943 0.00018397 5435.662 8.600737 0.00158228 0.000410966 
9 58 3.20305 0.001968 0.00038369 2606.251 7.865668 0.003018 0.000783866 

10 135 7.455375 0.004686 0.00091376 1094.384 6.997947 0.00639442 0.001660824 
11 240 13.254 0.008552 0.00166764 599.65 6.396346 0.0106668 0.002770491 
12 186 10.27185 0.006803 0.00132655 753.8345 6.625173 0.00878863 0.002282674 
13 166 9.16735 0.006227 0.00121411 823.6496 6.713745 0.00815122 0.002117118 
14 111 6.129975 0.004282 0.00083492 1197.713 7.088169 0.00591809 0.001537107 
15 231 12.756975 0.009152 0.00178456 560.3609 6.328581 0.01129376 0.002933332 
16 128 7.0688 0.005220 0.00101793 982.3884 6.889987 0.00701351 0.00182162 
17 272 15.0212 0.011439 0.00223041 448.3479 6.105569 0.01361793 0.003536989 
18 106 5.85385 0.004586 0.00089425 1118.255 7.019525 0.00627721 0.001630382 
19 121 6.682225 0.005403 0.00105352 949.1965 6.855616 0.00722255 0.001875914 
20 200 11.045 0.009230 0.0017997 555.6474 6.320134 0.01137436 0.002954266 
21 133 7.344925 0.006338 0.00123593 809.1078 6.695932 0.0082757 0.00214945 
22 284 15.6839 0.014046 0.00273885 365.1168 5.900217 0.01615981 0.004197192 
23 298 16.45705 0.015240 0.0029716 336.5192 5.818655 0.01729071 0.004490921 
24 206 11.37635 0.010910 0.0021273 470.0794 6.152902 0.01308907 0.003399628 
25 288 15.9048 0.015936 0.00310739 321.8134 5.773972 0.01794199 0.004660077 
26 379 20.930275 0.021740 0.00423913 235.8975 5.463397 0.02316005 0.006015366 
27 408 22.5318 0.024441 0.00476579 209.8286 5.346291 0.02547932 0.006617753 
28 515 28.440875 0.032218 0.00628209 159.1827 5.070053 0.03185053 0.008272547 
29 392 21.6482 0.025606 0.00499285 200.2863 5.299748 0.02646086 0.006872688 
30 614 33.90815 0.042234 0.00823518 121.4302 4.79934 0.03952344 0.010265435 
31 682 37.66345 0.049238 0.00960092 104.1567 4.645896 0.04460488 0.011585238 
32 1180 65.1655 0.089632 0.01747715 57.21756 4.046861 0.07072761 0.018370103 
33 1261 69.638725 0.101620 0.01981472 50.46754 3.92133 0.07770005 0.020181057 
34 1455 80.352375 0.123883 0.02415569 41.39811 3.723235 0.08993733 0.02335945 
35 1278 70.57755 0.116045 0.02262741 44.1942 3.788593 0.08572604 0.022265651 
36 1925 106.308125 0.187330 0.03652718 27.37687 3.309699 0.12089397 0.031399827 
37 1803 99.570675 0.187266 0.03651482 27.38614 3.310037 0.12086542 0.031392411 
38 2183 120.556175 0.246194 0.04800501 20.83116 3.03645 0.14576481 0.037859539 
39 2568 141.8178 0.314436 0.06131151 16.31015 2.791788 0.17116872 0.044457704 



   

40 2785 153.801625 0.372525 0.07263826 13.76685 2.622263 0.19047667 0.049472562 
41 2711 149.714975 0.402704 0.07852265 12.73518 2.544368 0.19979054 0.051891656 
42 2628 145.1313 0.434811 0.08478333 11.79477 2.467656 0.20921612 0.054339766 
43 2327 128.508575 0.434953 0.08481099 11.79092 2.46733 0.20925672 0.054350311 
44 1939 107.081275 0.421522 0.082192 12.16663 2.498697 0.20537292 0.053341572 
45 1626 89.79585 0.416283 0.08117043 12.31976 2.511204 0.20383553 0.052942265 
46 1331 73.504475 0.414384 0.08080013 12.37622 2.515777 0.20327509 0.0527967 
47 2961 163.521225 0.521303 0.10164818 9.837854 2.286238 0.2323919 0.060359219 

TOTAL  2114.95183 5.128501    2.9125821 0.756485828 

Entropy 2005 Model B  
 
 

Zone↓ / 
parameter

→ 

Count Area(Hec) % in 
Zone 

Pi 1/Pi ln(1/Pi) Pi * 
Ln(1/Pi) 

For Relative 
Entropy 

1 58 3.20305 0.003053 0.00043771 2284.635 7.733961 0.00338521 0.000499709 
2 32 1.7672 0.001602 0.00022961 4355.16 8.379117 0.00192395 0.000314466 
3 20 1.1045 0.000949 0.00013599 7353.269 8.9029 0.00121074 0.000145757 
4 9 0.497025 0.000401 5.7474E-05 17399.23 9.764181 0.00056118 0.000373575 
5 28 1.5463 0.001152 0.00016516 6054.696 8.708589 0.00143832 0.000704881 
6 65 3.589625 0.00237 0.00033978 2943.078 7.987211 0.0027139 0.000738057 
7 72 3.9762 0.002498 0.00035813 2792.278 7.934613 0.00284163 0.001186662 
8 128 7.0688 0.004313 0.00061838 1617.137 7.388413 0.00456882 0.001360932 
9 149 8.228525 0.005055 0.00072476 1379.763 7.229667 0.00523979 0.002797786 

10 339 18.721275 0.011768 0.00168713 592.7209 6.384724 0.01077189 0.003183483 
11 385 21.261625 0.01372 0.001967 508.3874 6.231244 0.01225688 0.002570377 
12 291 16.070475 0.010644 0.00152601 655.3033 6.485098 0.00989633 0.002300945 
13 249 13.751025 0.00934 0.00133907 746.7886 6.615782 0.00885898 0.002316128 
14 244 13.4749 0.009412 0.00134948 741.024 6.608033 0.00891743 0.003674551 
15 411 22.697475 0.016284 0.00233462 428.3358 6.059908 0.01414756 0.003610949 
16 391 21.592975 0.015947 0.00228632 437.384 6.080811 0.01390268 0.004657248 
17 515 28.440875 0.021658 0.00310511 322.0499 5.774707 0.01793109 0.003474628 
18 352 19.4392 0.01523 0.00218348 457.9842 6.126835 0.01337783 0.004473517 
19 462 25.51395 0.02063 0.0029577 338.1006 5.823344 0.0172237 0.005236583 
20 541 29.876725 0.024967 0.00357949 279.3692 5.632534 0.02016162 0.00439742 
21 424 23.4154 0.020207 0.00289709 345.1744 5.84405 0.01693072 0.006919224 
22 710 39.20975 0.035115 0.00503456 198.627 5.291428 0.02664003 0.007599098 
23 771 42.578475 0.039429 0.00565304 176.896 5.175562 0.02925765 0.006284035 
24 589 32.527525 0.031194 0.00447229 223.5988 5.409854 0.02419446 0.008223375 
25 786 43.40685 0.043493 0.00623562 160.369 5.077478 0.03166121 0.009556529 
26 915 50.530875 0.052487 0.0075251 132.8887 4.889512 0.03679405 0.010275296 
27 960 53.016 0.057509 0.00824518 121.283 4.798127 0.0395614 0.012995613 
28 1240 68.479 0.077573 0.01112173 89.9141 4.498855 0.05003503 0.011672287 
29 1035 57.157875 0.067607 0.00969297 103.1676 4.636355 0.04494003 0.014239715 
30 1269 70.080525 0.087288 0.01251469 79.90609 4.380852 0.05482501 0.017739131 
31 1612 89.0227 0.116381 0.0166858 59.9312 4.093197 0.06829827 0.023297167 
32 2210 122.04725 0.167869 0.0240677 41.54947 3.726885 0.08969753 0.025291059 
33 2332 128.7847 0.187928 0.02694355 37.11463 3.614011 0.09737431 0.027190682 
34 2441 134.804225 0.207833 0.02979737 33.56001 3.513335 0.10468814 0.026533039 



   

35 2212 122.1577 0.200854 0.02879669 34.72621 3.547495 0.10215612 0.031214974 
36 2596 143.3641 0.252627 0.03621961 27.60936 3.318155 0.12018226 0.034770137 
37 2843 157.004675 0.295285 0.04233542 23.62088 3.162131 0.13387016 0.038064972 
38 2993 165.288425 0.337544 0.04839418 20.66364 3.028376 0.14655576 0.041380889 
39 3127 172.688575 0.382882 0.05489445 18.21678 2.902343 0.15932253 0.044998881 
40 3258 179.92305 0.435795 0.06248056 16.00498 2.7729 0.17325234 0.049159994 
41 3376 186.4396 0.501485 0.07189877 13.90844 2.632496 0.18927323 0.051025604 
42 3220 177.8245 0.53276 0.07638262 13.09198 2.572 0.19645611 0.0514693 
43 2891 159.655475 0.540374 0.07747426 12.90751 2.55781 0.1981644 0.049557073 
44 2337 129.060825 0.508043 0.07283901 13.72891 2.619504 0.19080205 0.049566061 
45 1985 109.621625 0.508193 0.07286038 13.72488 2.61921 0.19083665 0.049390901 
46 1623 89.630175 0.505293 0.07244462 13.80365 2.624933 0.19016226 0.054311959 
47 3356 185.3351 0.590845 0.0847104 11.80493 2.468517 0.20910906 0.801623887 

TOTAL  3194.8767 6.974882    3.08637029 1.602368533 

Entropy 2009 simulated Model B  
 
 
(2) Shannon’s Entropy along major roads. 

 
Zone↓ / 

parameter→ 
Count Area(Hec

) 
% in 
Zone 

Pi 1/Pi ln(1/Pi) Pi * Ln(1/Pi) For Relative Entropy

1 15 0.828375 0.00042 0.000113 8819.685 9.084741 0.001030053 0.000294595
2 20 1.1045 0.000525 0.000142 7058.293 8.861959 0.001255538 0.000359084
3 21 1.159725 0.000526 0.000142 7043.624 8.859878 0.001257858 0.000359747
4 55 3.037375 0.001298 0.00035 2855.048 7.956844 0.002786939 0.000797064
5 75 4.141875 0.001679 0.000453 2207.232 7.699494 0.003488304 0.000997654
6 172 9.4987 0.003663 0.000988 1011.982 6.919666 0.006837739 0.001955591
7 416 22.9736 0.008609 0.002322 430.5787 6.06513 0.014085997 0.004028591
8 931 51.41448 0.015462 0.004171 239.7495 5.479595 0.022855499 0.006536665
9 1216 67.1536 0.019317 0.005211 191.9018 5.256984 0.027394138 0.007834714

10 1898 104.8171 0.029323 0.00791 126.4171 4.839587 0.038282685 0.010948835
11 2894 159.8212 0.043898 0.011842 84.44259 4.436072 0.052533584 0.015024588
12 9796 540.9841 0.111695 0.030132 33.18758 3.502176 0.105526694 0.030180599
13 1395 77.03888 0.229252 0.061845 16.16949 2.783126 0.172122076 0.049226857
14 18 0.99405 0.006445 0.001739 575.1861 6.354694 0.011048066 0.003159743
15 0 0 0 0 0 0 0 0
16 63 3.479175 0.009893 0.002669 374.6903 5.9261 0.015815995 0.004523369
17 241 13.30923 0.660274 0.178121 5.614173 1.725294 0.307310508 0.087890703
18 5 0.276125 0.001022 0.000276 3627.565 8.196317 0.002259454 0.000646203
19 2156 119.0651 0.583965 0.157535 6.347795 1.848107 0.291141657 0.083266417
20 0 0 0 0 0 0 0 0
21 1088 60.0848 0.622782 0.168006 5.952151 1.783753 0.299682025 0.085708959
22 3 0.165675 0.001246 0.000336 2974.163 7.997718 0.002689065 0.000769072
23 196 10.8241 0.655518 0.176838 5.654902 1.732523 0.306375395 0.087623261
24 0 0 0 0 0 0 0 0
25 0 0 0 0 0 0 0 0
26 19 1.049275 0.019812 0.005345 187.1005 5.231646 0.027961689 0.007997034
27 1 0.055225 0.05 0.013488 74.13784 4.305926 0.058080004 0.016610862



   

28 0 0 0 0 0 0 0 0
29 1271 70.19098 0.247758 0.066837 14.96173 2.705495 0.180827743 0.051716674
30 860 47.4935 0.210888 0.056891 17.57756 2.866623 0.163084216 0.046642032
31 269 14.85553 0.094685 0.025543 39.14974 3.667394 0.093676069 0.026791325
32 122 6.73745 0.074847 0.020191 49.52651 3.902508 0.07879635 0.02253573
33 1 0.055225 0.002088 0.000563 1775.601 7.481894 0.004213724 0.001205124

TOTAL  1392.609 3.706892 2.292419064 0.65563109

Entropy 2001  
 
 
 
 

Zone↓ / 
parameter→ 

Count Area(Hec) % in 
Zone 

Pi 1/Pi ln(1/Pi) Pi * Ln(1/Pi) For Relative 
Entropy 

1 64 3.5344 0.001802 0.0003 3333.206 8.11169 0.0024336 0.000664272 
2 103 5.688175 0.002722 0.0004531 2206.852 7.699322 0.003488826 0.000952304 
3 81 4.473225 0.002047 0.0003407 2934.933 7.98444 0.002720484 0.000742579 
4 279 15.40778 0.006669 0.00111 900.9165 6.803413 0.007551658 0.002061289 
5 241 13.30923 0.00556 0.0009255 1080.538 6.985215 0.00646457 0.001764559 
6 459 25.34828 0.010353 0.0017232 580.3129 6.363567 0.010965752 0.002993194 
7 607 33.52158 0.013342 0.0022206 450.3211 6.109961 0.01356801 0.003703503 
8 1363 75.27168 0.023785 0.003959 252.5907 5.53177 0.021900138 0.005977827 
9 2052 113.3217 0.034201 0.0056925 175.6689 5.168601 0.029422404 0.008031093 

10 2966 163.7974 0.048031 0.0079945 125.0858 4.829 0.038605496 0.010537695 
11 4168 230.1778 0.06625 0.011027 90.68613 4.507404 0.049703349 0.013566948 
12 15179 838.2603 0.166909 0.0277812 35.99561 3.583397 0.099550946 0.027173269 
13 2004 110.6709 0.329334 0.0548162 18.24278 2.903769 0.159173615 0.043447778 
14 190 10.49275 0.068027 0.0113228 88.31725 4.480935 0.05073681 0.01384904 
15 0 0 0 0 0 0 0 0 
16 128 7.0688 0.020101 0.0033456 298.8968 5.700098 0.019070456 0.005205442 
17 276 15.2421 0.756164 0.1258601 7.945331 2.072584 0.260855654 0.071202747 
18 34 1.87765 0.006949 0.0011566 864.6184 6.762288 0.007821124 0.002134842 
19 2650 146.3463 0.717768 0.1194692 8.370358 2.124697 0.253835824 0.069286626 
20 13 0.717925 0.003626 0.0006036 1656.815 7.412652 0.004474038 0.001221226 
21 1355 74.82988 0.775615 0.1290976 7.746077 2.047186 0.264286883 0.07213933 
22 12 0.6627 0.004985 0.0008298 1205.1 7.094318 0.005886913 0.001606882 
23 213 11.76293 0.712375 0.1185715 8.433732 2.132239 0.252822764 0.069010102 
24 6 0.33135 0.004389 0.0007306 1368.817 7.221702 0.005275871 0.001440093 
25 1334 73.67015 0.248695 0.0413941 24.15801 3.184616 0.13182444 0.035982591 
26 1 0.055225 0.006494 0.0010808 925.2283 6.830041 0.007382006 0.002014981 
27 38 2.09855 0.039625 0.0065953 151.6223 5.021393 0.033117763 0.009039772 
28 946 52.24285 0.213592 0.0355514 28.12825 3.336774 0.118627156 0.032380281 
29 1 0.055225 0.05 0.0083223 120.1595 4.78882 0.039853856 0.010878446 
30 0 0 0 0 0 0 0 0 
31 638 35.23355 0.189599 0.0315579 31.68784 3.455933 0.109061815 0.029769341 
32 460 25.4035 0.198361 0.0330163 30.28804 3.410753 0.112610564 0.030738002 
33 1873 103.4364 0.365107 0.0607704 16.45537 2.800652 0.170196802 0.04645665 
34 242 13.36445 0.188474 0.0313706 31.87703 3.461886 0.108601263 0.029643629 
35 1361 75.16123 0.333742 0.0555498 18.00186 2.890475 0.16056538 0.043827673 



   

36 512 28.2752 0.180218 0.0299965 33.33723 3.506675 0.105187956 0.028711938 
37 16 0.8836 0.062016 0.0103222 96.87861 4.573459 0.047208136 0.012885858 
38 236 13.0331 0.144785 0.0240988 41.49577 3.725591 0.089782446 0.024506875 
39 3 0.165675 0.006263 0.0010425 959.2735 6.866176 0.007157684 0.00195375 

TOTAL  2325.193 6.007976    2.811792453 0.767502426 

Entropy 2005  
 
 

Zone↓ / 
parameter→ 

Count Area(Hec
) 

% in 
Zone 

Pi 1/Pi ln(1/Pi) Pi * Ln(1/Pi) For Relative 
Entropy 

1 47 2.595575 0.001324 0.0002427 4119.573 8.323505 0.002020478 0.000551506 
2 30 1.65675 0.000793 0.0001454 6876.969 8.835933 0.001284859 0.000350713 
3 27 1.491075 0.000682 0.0001251 7991.483 8.986132 0.001124464 0.000306932 
4 61 3.368725 0.001458 0.0002674 3739.958 8.22683 0.002199712 0.00060043 
5 88 4.8598 0.00203 0.0003723 2685.854 7.895754 0.002939756 0.000802431 
6 248 13.6958 0.005594 0.0010258 974.8349 6.882268 0.007059932 0.001927068 
7 466 25.73485 0.010242 0.0018783 532.3937 6.277383 0.011790867 0.003218416 
8 1036 57.2131 0.018079 0.0033154 301.6208 5.70917 0.018928307 0.005166641 
9 1870 103.2708 0.031167 0.0057156 174.9599 5.164557 0.02951852 0.008057329 

10 2720 150.212 0.044047 0.0080776 123.7993 4.818662 0.038923175 0.010624408 
11 3688 203.6698 0.058621 0.0107501 93.02197 4.532836 0.048728657 0.013300897 
12 15184 838.5364 0.166964 0.0306186 32.65986 3.486147 0.106741014 0.029135858 
13 1773 97.91393 0.291372 0.0534333 18.71492 2.929321 0.156523319 0.042724358 
14 59 3.258275 0.021124 0.0038739 258.1398 5.553501 0.021513541 0.005872302 
15 0 0 0 0 0 0 0 0 
16 64 3.5344 0.01005 0.0018431 542.5742 6.296325 0.011604542 0.003167557 
17 241 13.30923 0.660274 0.1210844 8.258704 2.111268 0.255641531 0.069779509 
18 5 0.276125 0.001022 0.0001874 5336.313 8.58229 0.001608281 0.000438994 
19 2537 140.1058 0.687161 0.1260151 7.935555 2.071353 0.261021864 0.071248116 
20 0 0 0 0 0 0 0 0 
21 1219 67.31928 0.697768 0.1279602 7.814933 2.056036 0.263090727 0.071812829 
22 3 0.165675 0.001246 0.0002286 4375.129 8.383691 0.001916216 0.000523047 
23 196 10.8241 0.655518 0.1202123 8.318618 2.118496 0.254669244 0.069514115 
24 0 0 0 0 0 0 0 0 
25 1093 60.36093 0.203766 0.0373676 26.76114 3.286951 0.122825506 0.033526256 
26 0 0 0 0 0 0 0 0 
27 24 1.3254 0.025026 0.0045894 217.8931 5.384004 0.024709388 0.006744636 
28 776 42.8546 0.175209 0.0321307 31.1229 3.437944 0.110463489 0.030151939 
29 1 0.055225 0.05 0.0091693 109.0601 4.691899 0.043021213 0.011743002 
30 0 0 0 0 0 0 0 0 
31 516 28.4961 0.153343 0.0281209 35.56079 3.571244 0.100426439 0.027412242 
32 355 19.60488 0.153083 0.0280732 35.62119 3.572941 0.100303795 0.027378765 
33 1876 103.6021 0.365692 0.0670624 14.91147 2.702131 0.181211525 0.049463212 
34 197 10.87933 0.153427 0.0281362 35.54143 3.570699 0.100465832 0.027422995 
35 1431 79.02698 0.350907 0.0643512 15.53974 2.7434 0.176540987 0.048188349 
36 524 28.9379 0.184442 0.0338239 29.56487 3.386587 0.11454766 0.031266748 
37 26 1.43585 0.100775 0.0184807 54.11061 3.99103 0.073756892 0.020132565 
38 275 15.18688 0.168712 0.0309392 32.32146 3.475731 0.107536337 0.029352949 
39 1 0.055225 0.002088 0.0003828 2611.99 7.867868 0.003012212 0.000822209 



   

TOTAL  2134.833 5.453007    2.757670277 0.752729323 

Entropy Model A  
 
 

Zone↓ / 
parameter→ 

Count Area(Hec) % in 
Zone 

Pi 1/Pi ln(1/Pi) Pi * Ln(1/Pi) For Relative 
Entropy 

1 116 6.4061 0.003267 0.0005916 1690.203 7.432604 0.004397462 0.001200324 
2 135 7.455375 0.003568 0.0006462 1547.503 7.344398 0.004745967 0.001295452 
3 127 7.013575 0.00321 0.0005813 1720.419 7.450323 0.004330528 0.001182054 
4 216 11.9286 0.005163 0.000935 1069.522 6.974967 0.006521574 0.001780119 
5 147 8.118075 0.003391 0.0006142 1628.151 7.3952 0.004542086 0.001239801 
6 345 19.05263 0.007782 0.0014093 709.595 6.564694 0.009251325 0.002525227 
7 421 23.24973 0.009253 0.0016758 596.7379 6.391478 0.010710696 0.002923575 
8 1171 64.66848 0.020435 0.0037007 270.216 5.599221 0.020721283 0.005656049 
9 2070 114.3158 0.034501 0.006248 160.0503 5.075488 0.031711824 0.008656009 

10 2966 163.7974 0.048031 0.0086984 114.9643 4.744621 0.041270404 0.011265104 
11 3957 218.5253 0.062896 0.0113905 87.79248 4.474976 0.050972202 0.013913292 
12 13406 740.3464 0.147413 0.0266963 37.45832 3.623229 0.096726954 0.026402437 
13 1693 93.49593 0.278225 0.0503864 19.84662 2.988034 0.150556297 0.041095609 
14 129 7.124025 0.046187 0.0083644 119.554 4.783768 0.040013446 0.010922007 
15 0 0 0 0 0 0 0 0 
16 169 9.333025 0.026539 0.0048062 208.0651 5.337851 0.025654713 0.00700267 
17 241 13.30923 0.660274 0.1195752 8.362936 2.12381 0.253955017 0.06931916 
18 5 0.276125 0.001022 0.0001851 5403.662 8.594832 0.001590557 0.000434156 
19 2530 139.7193 0.685265 0.1241012 8.057942 2.086658 0.258956719 0.070684417 
20 0 0 0 0 0 0 0 0 
21 1185 65.44163 0.678306 0.1228408 8.14062 2.096866 0.257580661 0.07030881 
22 11 0.607475 0.00457 0.0008276 1208.277 7.09695 0.005873614 0.001603252 
23 196 10.8241 0.655518 0.118714 8.423606 2.131038 0.252984047 0.069054126 
24 0 0 0 0 0 0 0 0 
25 1070 59.09075 0.199478 0.0361253 27.68139 3.32076 0.119963632 0.032745083 
26 0 0 0 0 #DIV/0! #DIV/0! 0 0 
27 27 1.491075 0.028154 0.0050987 196.1272 5.278763 0.026915001 0.007346676 
28 757 41.80533 0.170919 0.0309533 32.30671 3.475275 0.107571301 0.029362492 
29 1 0.055225 0.05 0.009055 110.4366 4.704441 0.042598579 0.011627641 
30 0 0 0 0 0 0 0 0 
31 503 27.77818 0.14948 0.0270707 36.94027 3.609302 0.097706445 0.026669797 
32 388 21.4273 0.167313 0.0303004 33.00289 3.496595 0.105948149 0.028919439 
33 1968 108.6828 0.383626 0.0694744 14.39379 2.666797 0.18527411 0.050572128 
34 198 10.93455 0.154206 0.0279265 35.80822 3.578178 0.099926139 0.027275681 
35 1471 81.23598 0.360716 0.0653255 15.30797 2.728373 0.178232255 0.048649995 
36 640 35.344 0.225273 0.0407968 24.51174 3.199152 0.130515085 0.035625191 
37 19 1.049275 0.073643 0.0133368 74.98063 4.31723 0.057577937 0.015716383 
38 267 14.74508 0.163804 0.0296648 33.71004 3.517796 0.104354535 0.028484449 
39 8 0.4418 0.016701 0.0030246 330.6195 5.800968 0.017545753 0.004789261 

TOTAL  2129.089 5.528129    2.807196295 0.766247866 

Entropy Model B 



   

 

 
 

 
 
 
 

Zone↓ / 
parameter→ 

Count Area(Hec) % in 
Zone 

Pi 1/Pi ln(1/Pi) Pi * Ln(1/Pi) For Relative Entropy 

1 64 3.5344 0.001802 0.0003 3333.206 8.11169 0.002434 0.000664
2 103 5.688175 0.002722 0.000453 2206.852 7.699322 0.003489 0.000952
3 81 4.473225 0.002047 0.000341 2934.933 7.98444 0.00272 0.000743
4 279 15.40778 0.006669 0.00111 900.9165 6.803413 0.007552 0.002061
5 241 13.30923 0.00556 0.000925 1080.538 6.985215 0.006465 0.001765
6 459 25.34828 0.010353 0.001723 580.3129 6.363567 0.010966 0.002993
7 607 33.52158 0.013342 0.002221 450.3211 6.109961 0.013568 0.003704
8 1363 75.27168 0.023785 0.003959 252.5907 5.53177 0.0219 0.005978
9 2052 113.3217 0.034201 0.005693 175.6689 5.168601 0.029422 0.008031

10 2966 163.7974 0.048031 0.007995 125.0858 4.829 0.038605 0.010538
11 4168 230.1778 0.06625 0.011027 90.68613 4.507404 0.049703 0.013567
12 15179 838.2603 0.166909 0.027781 35.99561 3.583397 0.099551 0.027173
13 2004 110.6709 0.329334 0.054816 18.24278 2.903769 0.159174 0.043448
14 190 10.49275 0.068027 0.011323 88.31725 4.480935 0.050737 0.013849
15 0 0 0 0 0 0 0 0
16 128 7.0688 0.020101 0.003346 298.8968 5.700098 0.01907 0.005205
17 276 15.2421 0.756164 0.12586 7.945331 2.072584 0.260856 0.071203
18 34 1.87765 0.006949 0.001157 864.6184 6.762288 0.007821 0.002135
19 2650 146.3463 0.717768 0.119469 8.370358 2.124697 0.253836 0.069287
20 0 0 0 0 0 0 0 0
21 1219 67.31928 0.697768 0.12796 7.814933 2.056036 0.263091 0.071813
22 3 0.165675 0.001246 0.000229 4375.129 8.383691 0.001916 0.000523
23 196 10.8241 0.655518 0.120212 8.318618 2.118496 0.254669 0.069514
24 0 0 0 0 0 0 0 0
25 1093 60.36093 0.203766 0.037368 26.76114 3.286951 0.122826 0.033526
26 0 0 0 0 0 0 0 0
27 24 1.3254 0.025026 0.004589 217.8931 5.384004 0.024709 0.006745
28 776 42.8546 0.175209 0.032131 31.1229 3.437944 0.110463 0.030152
29 1 0.055225 0.05 0.009169 109.0601 4.691899 0.043021 0.011743
30 0 0 0 0 0 0 0 0
31 516 28.4961 0.153343 0.028121 35.56079 3.571244 0.100426 0.027412
32 355 19.60488 0.153083 0.028073 35.62119 3.572941 0.100304 0.027379
33 1876 103.6021 0.365692 0.067062 14.91147 2.702131 0.181212 0.049463
34 197 10.87933 0.153427 0.028136 35.54143 3.570699 0.100466 0.027423
35 1431 79.02698 0.350907 0.064351 15.53974 2.7434 0.176541 0.048188
36 524 28.9379 0.184442 0.033824 29.56487 3.386587 0.114548 0.031267
37 26 1.43585 0.100775 0.018481 54.11061 3.99103 0.073757 0.020133
38 275 15.18688 0.168712 0.030939 32.32146 3.475731 0.107536 0.029353
39 1 0.055225 0.002088 0.000383 2611.99 7.867868 0.003012 0.000822

TOTAL   0.83452 0.80944

Entropy 2009 simulated Model B 



   

Appendix E 

Glimpses of the Study Area 

 

 

 

 


