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ABSTRACT 

Spatial Sampling refers to a collection of techniques to infer about any population using 
the optimal number of samples in a one, two or three dimensional space. Sampling along 
with SSA (Spatial Simulated Annealing) is a well established way for the optimization of 
samples in a target area. 
The present study has been carried out, to facilitate a town planner of the city of Saharan-
pur for urban planning activities in fringe areas. The aim was to reduce the uncertainty 
within potential zones for probable urban expansion using supervised fuzzy classification 
of agriculture land parcels and spatial sampling. This study was an attempt to delineate 
the urban fringe area into a High Likely and a Low Likely zone, which may be turned 
into urban areas using Multi Criteria Analysis. A supervised fuzzy classification approach 
was used in addition to get the inherent uncertainty within class boundaries. This uncer-
tainty was used in turn to identify uncertain zones within High-Likely areas of study area. 
Zones having maximum uncertainty were used to allocate a fixed number of sample 
points using a C-MMSD (Constrain-Minimization for the Mean of Shortest Distance) 
program. The obtained optimum sampling scheme shows an almost equilateral triangular 
design, which illustrates an even spreading of samples. 
To test the methodology western part of Saharanpur city (Uttar Pradesh) was selected. To 
determine the high potential zones having tendency to turn into urban centres in the 
fringe areas, a set of spatial variables having significant influence in the urbanization 
process were identified and mapped. 
Results show a uniform distribution of 100 sample points, where samples are almost 
equidistant and in equilateral triangular gird format, within uncertain zones in high-likely 
areas of urban fringe, which can further be used by town planners for the development of 
the fringe area of Saharanpur city. 
 
Keywords  
 
Urban fringe, variable mapping, High-likely and Low-likely areas, fuzzy classification, uncer-
tainty, sampling scheme, SSA, C-MMSD, optimization 
 
 
 
 
 
 
 
 
 
 
 
 
 



VI 

Table of Contents  

ACKNOWLEDGEMENT ........................................................................................................ IV 

ABSTRACT ................................................................................................................................ V 

TABLE OF CONTENTS ......................................................................................................... VI 

LIST OF FIGURES .............................................................................................................. VIII 

LIST OF TABLES .................................................................................................................... IX 

1. INTRODUCTION .............................................................................................................. 1 

1.1. URBAN EXPANSION AND LAND TRANSFORMATION ...................................................... 1 
1.2. RESEARCH OBJECTIVE ................................................................................................... 2 

1.2.1. Secondary and related objectives .......................................................................... 2 
1.2.2. Research questions ................................................................................................ 3 

1.3. SAMPLING ..................................................................................................................... 3 
1.4. IMPROVING SAMPLING .................................................................................................. 3 
1.5. PURPOSE ON SAMPLING HETEROGENEOUS URBAN FRINGE ........................................... 5 
1.6. FUZZY AS A SOLUTION OF NATURAL PHENOMENON ..................................................... 6 
1.7. SUPERVISED FUZZY CLASSIFICATION OF RS DATA ....................................................... 7 

2. METHODOLOGY ............................................................................................................. 8 

2.1. USER REQUIREMENT ANALYSIS .................................................................................... 9 
2.2. SPATIAL VARIABLES ................................................................................................... 10 
2.3. MAPPING OF VARIABLES ............................................................................................. 10 

2.3.1. Distance to Urban Boundary ............................................................................... 11 
2.3.2. Distance to Major Road ...................................................................................... 12 
2.3.3. Distance to Commercial centre ........................................................................... 13 

2.4. MULTI CRITERIA ANALYSIS ........................................................................................ 13 
2.5. FUZZY CLASSIFICATION AND UNCERTAINTY MAPPING ............................................. 14 

2.5.1. Fuzzy c-means classification ........................................................................... 15 
2.5.2. Uncertainty in Fuzzy classification ................................................................. 17 
2.5.3. Patchiness calculation ....................................................................................... 18 
2.5.4. Spatial Simulated Annealing (SSA) ................................................................ 18 
2.5.5. Constrained MMSD Program ........................................................................... 21 
2.5.6. Point-polygon intersection algorithm .............................................................. 22 
2.5.7. MMSD Computation ......................................................................................... 23 

3. STUDY AREA ................................................................................................................. 24 

3.1. STUDY AREA AND PRE-PROCESSING OF DATA ............................................................ 24 
3.2. TRAINING AREA .......................................................................................................... 25 
3.3. DETAILED DATA DESCRIPTION .................................................................................... 26 

3.3.1. Advance Space-born Thermal Emission Radiometer ......................................... 26 
3.3.2. LANDSAT – 7 .................................................................................................... 27 
3.3.3. Indian Remote sensing satellite – P6 – LISS4 .................................................... 27 



VII 

3.4. GEOREFRENCING OF SATELLITE DATA ........................................................................ 28 

4. RESULTS .......................................................................................................................... 29 

4.1. TRAINING AREA ......................................................................................................... 29 
4.1.1. Sampling scheme .............................................................................................. 29 
4.1.2. Data used for supervised fuzzy classification ..................................................... 29 
4.1.3. Uncertainty map generation ............................................................................. 30 

4.2. GENERATION OF HIGH-LIKELY AND LOW-LIKELY ZONES ........................................... 32 
4.3. OPTIMIZATION OF SAMPLING SCHEME ........................................................................ 35 

4.3.1. Calibration .......................................................................................................... 35 
4.3.2. Allocation of samples for the study area ............................................................. 36 

5. DISCUSSION .................................................................................................................... 38 

5.1. RECOMENDATIONS .................................................................................................... 40 

6. CONCLUSION ................................................................................................................. 41 

BIBLIOGRAPHY.................................................................................................................... 42 

APPENDIX – 1 .......................................................................................................................... 46 

Structure of BNA file .......................................................................................................... 46 

APPENDIX – 2 .......................................................................................................................... 47 

Code for MU (modified uncertainty) calculation, using R ................................................. 47 

APPENDIX – 3 .......................................................................................................................... 49 

Code for Patchiness calculation, using R ............................................................................ 49 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
  



VIII 

List of Figures 

Figure 2.1: Overall Methodology flow-chart ............................................................................ 8 
 
Figure 2.2: Step one .................................................................................................................... 11 
 
Figure 2.3: Urban boundary map along with buffers from 0 to 500 m ................................. 12 
 
Figure 2.4: Major roads along with buffers from 0 to 500 m of training area ............................ 13 
 
Figure 2.5: Commercial site with buffers from 0 to 500 m of training area ............................... 13 
 
Figure 2.6: Second step ............................................................................................................. 14 
 
Figure 2.7: Fuzzy sampling and model-constrained approach ................................................... 15 
 
Figure 2.8: CMMSD program .................................................................................................... 22 
 
Figure 2.9: Intersection point of two lines .................................................................................. 22 
 
Figure 3.1: Satellite image of Saharanpur (study area) and its urban fringe .............................. 24 
 
Figure 3.2: location map of Saharanpur city (study area) ........................................................... 25 
 
Figure 3.3: LISS 4 image of training area (urban fringe of Saharanpur) .................................... 26 
 
Figure 4.1: ASTER subset for the study area ............................................................................. 30 
 
Figure 4.2: Supervised fuzzy classified (defuzzyfied) map of study area .................................. 31 
 
Figure 4.3: Maps showing (A) patchiness of the area (B) CPI image of the area (C) CPI image 

after filtering ....................................................................................................................... 31 
 
Figure 4.4: Graph showing weighted values for each combination of variables ........................ 34 
 
Figure 4.5: Maps showing (A) HL LL zones and (B) Uncertainty within HL zones in the map of 

study area ............................................................................................................................ 35 
 
Figure 4.6: Distribution of 100 sample points in an unconstrained square ................................. 36 
 
Figure 4.7: Location of 100 samples over the uncertain zones with-in high-likely area in urban 

fringe of Saharanpur ........................................................................................................... 37 
 
Figure 4.8: Optimization of ΦMMSD as a function of the number of Markov Chains k. ............... 37 



IX 

List of Tables 

Table 2.1: 5x5 window on Classified .......................................................................................... 18 
 
Table 2.2: After Patchiness ......................................................................................................... 18 
 
Table 3.1: General description of data used................................................................................ 26 
 
Table 3.2: Spectral characteristics of the ASTER data ............................................................... 27 
 
Table 3.3: Spectral characteristics of the Landsat-7 ETM+ data ................................................ 27 
 
Table 3.4: Spectral characteristics of IRS-P6 LISS 4 data ......................................................... 28 
 
Table 4.1: Sampling scheme for the study area .......................................................................... 29 
 
Table 4.2: Boundaries for the Saharanpur research area, UTM-44N, WGS 84 .......................... 30 
 
Table 4.3: All six Sub criteria and their weight values ............................................................... 32 
 
Table 4.4: Final weight value of each major criterion for their all six sub criteria ..................... 33 
 
Table 4.5: Weight value matrix of 125 combinations of different buffer zones ......................... 33 
 
Table 4.6: Boundaries of target area used for allocation of optimized samples ......................... 36 

 
 
 



SAMPLING SCHEME OPTIMIZATION USING UNCERTAINTY IN FUZZY AGRICULTURE PARCEL CLASSIFI-
CATION IN THE CONTEXT OF URBAN EXPANSION IN URBAN FRINGE AREAS 

1 

1. Introduction  

1.1. Urban expansion and land transformation 

 
In the beginning of twentieth century, great scientific inventions like that of the 
steam engine had accelerated the process of industrialization. According to ur-
ban geographers, this has provided scope for the expansion of urban centres. 
Aguilar (2008), states that, urbanization is one of the most striking human in-
duced land transformation of the current era. Urban research during the past few 
decades has put an emphasis on the transformation of urban peripheries because 
it is here that the most dynamic changes are happening. In demographic terms, 
the analysis of large urban centres shows rapid growth rates particularly in de-
veloping countries like India and China because of exponential growth in human 
population. Urban growth has accelerated during the last two decades, and small 
towns and rural peripheries are progressively incorporated into a wider and more 
complex urban system (Aguilar, 2008). Urban centres do not spread uniformly, 
however, because urban expansion is not a consistent process in all directions 
beyond the built-up area. As an effect, a formation of a wide urban fringe 
emerges with more and more diffuse limits between the urban and rural areas. 
Urban fringe on account of its dynamic nature has been the focus of interest for 
geographers and town planners who have observed that understanding the nature 
of fringe is as challenging as to make predictions about it. They have attempted 
to map, quantify and predict the direction rate and spatial extent of probable ur-
ban expansion. From the point of view of urban expansion, the spatial context of 
landuse and landcover changes in the urban fringe is important since it com-
prises a critical consideration for decision-making in urban landuse (Reenberg & 
Fog, 1995 in Liu & Zhou, 2005). 
Due to an exponential increase of population in countries like India and China, 
urban centres are expanding towards its environs at a rapid rate (Fazal, 2000) 
which is causing transformation of land parcels from agriculture and nature to 
urban, (Simonds et.al, 1989). Forests were cleared, grassland ploughed or 
grazed, wetlands drained and settlements expanded (Fazal, 2000).  
Agriculture to urban land transformation mostly occurs in the urban fringe areas. 
As remote sensing technology gives a synoptic view of an area, it has become a 
straightforward and accurate way to map transformations in urban fringes as 
compared to field surveys, in terms of effort, time and accuracy. Changes in the 
fringe are dynamic and field surveys are time consuming and it may happen that 
by the time an exhaustive survey is complete; its results are not relevant any-
more. Urban related studies, however, require ground information and field data. 
The information that these data (viz. number of houses present in the area, rate 
of population growth in the area) provide has been found to be insufficient for 



SAMPLING SCHEME OPTIMIZATION USING UNCERTAINTY IN FUZZY AGRICULTURE PARCEL CLASSIFI-
CATION IN THE CONTEXT OF URBAN EXPANSION IN URBAN FRINGE AREAS 

2 

making accurate approximations of reality. Here the role of remote sensing be-
comes not only important but even necessary and unavoidable. 
As the studies of urban fringes (viz., crop yield estimation and uncertainty map-
ping for a particular user) relies on data and their quality, use of a statistical ap-
proach (for e.g. spatial sampling) is a promising way to address relevant prob-
lems in combination with remote sensing. Remote sensing technology along 
with GIS may help in mapping of different variables and assigning weighted 
values for the identification of potential zones for the probable urban expansion 
further statistical approach may lead to the use of fewer samples for the study of 
a population. Each technology, however, has its own limitations and likewise 
remote sensing technology also has its limited scope. The problem with remote 
sensing technology relates with addressing heterogeneity within different lan-
duse classes. Limitations of this technology in particular in the presence of a 
large number of landuse classes may be overcome by using a fuzzy classifica-
tion. Fuzzy classifications have the advantage of being able to classify land 
units with a variety of attributes into distinct classes, delivering as well the clas-
sification uncertainty. Reduction of this uncertainty on class definition can then 
be used in turn as an objective function to find the optimal sampling scheme. As 
fuzzy classification can be applied as a supervised method, it can be used to 
overcome the problem of class definition between the agriculture land parcels in 
the urban fringe area which are likely or not likely to be transformed into urban 
areas.  

1.2. Research objective 

 
The objective of this study is to facilitate town planners in planning and man-
agement for fringe area of the city by determining the optimum sampling 
scheme to reduce the uncertainty within high-likely zones which may be turned 
into urban areas, using fuzzy classification of agriculture land parcels. 
 

1.2.1. Secondary and related objectives 

 
• Mapping of required variables for classification of HL and LL zones in 

fringe area. 

• Identification of areas in fringe which are high-likely (HL) or low-likely 
(LL) to be turned into urban from agriculture using derived variables. 

• To classify the image using fuzzy classification for identification of un-
certainty within land (HL & LL) parcels. 

• To improve the uncertainty map by incorporating other measures of het-
erogeneity (viz., patchiness) in fringe area. 

• To identify the planners and users of the methodology 
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1.2.2. Research questions 

 
1. What will be the sampling objective function for the proposed study? 

2. How to optimally use fuzzy classification in the context of this study? 

3. How to determine optimum sampling scheme and optimal number of 
samples to sample HL (to be changed into urban) areas? 

 

1.3. Sampling 

 
In statistical theory, the first step to estimate measurable property of a popula-
tion is to sample a population. Such a sample is used for example, to estimate a 
parameter that applies to the whole population (Tapia, 2004). The purpose of 
sampling theory is to make sampling as efficient as possible (Cochran, 1968), as 
it attempts to develop methods of sample selection and estimation, at the lowest 
possible cost, estimates that are precise enough for the purpose and that’s why 
the principle of specified precision at minimum cost recurs repeatedly in the 
presentation of theory. Sampling strategy consists of two parts: the sampling 
design and an estimator. The sampling design allows determining which ele-
ments of the population will be observed, and the estimator is a kind of mathe-
matical notation that operates on the sample data to produce an estimate of a 
population parameter (Stehman et.al, 2005).  
Every individual can be taken as a sample for any measurable property of a 
population but the difficulty is that, it will be exhaustive, time consuming and 
expensive. The solution is to simulate random variables, which are based on the 
laws of probabilities and will result in normal distribution for unlimited popula-
tion (Moore, et.al, 2002).  
According to Lee et.al, (2007), spatial sampling recognizes that sampling must 
occur in the design space to control exponentially increasing design space sizes. 
Spatial sampling also mitigates the intractability and inefficiencies of traditional 
techniques that sweep design parameter values and exhaustively simulate all 
points defined within a constrained space. By decoupling the size of the space 
from the number of simulations required to extract design trends, spatial sam-
pling enables the study of larger, higher resolution design spaces with more ac-
curacy required for precise results. 
 

1.4. Improving Sampling 

 
The first and foremost reason to propose statistical sampling schemes is that 
they guarantee scientific objectivity and possibility to improve results within re-
sampling (Stein, 2003). Field survey has its own limitations and difficulties, in 
terms of limited available resources to cover and survey each and every places 
manually in dense forest or in a typical hilly area. The survey can be improved 
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and then accuracy can be tartan by sampling schemes in completely unvisited 
areas by knowing the location of the samples (Tapia, 2004).  
A theme which receives little attention in the spatial statistics literature, is spa-
tial sampling design, - the problem of optimal allocation of sampling points to 
spatial co-ordinates in order to improve spatial estimation and prediction. The 
reason for this neglection is complicatedness of the mathematical problems in-
volved in spatial sampling design and the planning of monitoring networks. In 
contrast to non-spatial sampling design one can call it experimental design; spa-
tial sampling design becomes so complicated, because spatial observations are 
correlated (Pilz and Spock, 2006). 
One difference between sample survey theory and the classical theory of sam-
pling is that the populations in survey work contain a finite number of units 
(Cochran, 1968).  
Classical sampling theory suggests that a sampling design must have some ele-
ment of randomization to ensure that the estimates from it are unbiased and to 
provide a probabilistic basis for inference (Webster and Oliver, 2001 in Tapia, 
2004). To overcome this, a completely random sampling design of statistical 
sampling in which every unit in the sample was chosen without having any rela-
tion with neighbouring or any of the unit, and all units have the similar probabil-
ity of selection was introduced. In inventory studies it is rarely possible to ob-
serve the population to be sampled in its entirety. Therefore, the data are ob-
served at limited number of locations. The population of all possible observa-
tions in such an area is in principle infinite, whereas the number of observations 
is finite.  A statistical sampling scheme will avoid forms of bias like those 
caused by judgment sampling (Stein, 2003). 
The basis of statistical sampling is the interpretation of differences and similari-
ties between two or more measurements (Wollum, 1994, Wendroth et. al., 1997 
in Stein 2003). 
If one can achieve an acceptable precision by simple random sampling; it is still 
possible to obtain the similar results with less number of samples, as one of the 
aims on improving the sampling scheme. One way to reduce the number of sam-
ples (if there is any spatial dependence), is by classification method; then the 
variance will be transmitted between classes, while the with-in class variance 
will decrease (Webster and Oliver, 2001). 
A common way to improve the sampling scheme is by restricting to a certain 
area and sample size by means of a systematic sampling. In one dimension, the 
sampling points are placed at equal intervals along a line, or any transect. In two 
dimensions, the points may be placed at the intersections of an equilateral trian-
gular grid for maximum precision or efficiency. With this configuration the 
maximum distance between any unsampled point and the nearest point on the 
grid is the least. The main disadvantage of systematic sampling is that classical 
theory provides no means of determining the variance or standard error from the 
sample because there is no randomizations present (Webster and Oliver, 2001). 
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1.5. Purpose on sampling heterogeneous urban fringe 

 
Many objectives exist to acquire samples. The recurring aim of sampling is to 
detect changes of values between and within samples. Wollum (1994) in Tapia 
(2004) expresses this objective of sampling as “the interpretation of differences 
and similarities between two or more measurements”. 
For mining or ground water contamination related studies the objective can be 
the measurements of differences on concentration of elements with their spatial 
distribution, or sometimes as the final goal to find the highest concentration of 
mineral. Meanwhile same objective can be followed in the study of soil con-
tamination as well. Later on in soil classification one can think of studying the 
diversity present in soil properties. 
What should be common for the objectives is to rely on appropriate sampling 
schemes that, on its turns relies on the optimization of certain parameters 
(Tapia, 2004), for soil contamination or sometimes in ground water contamina-
tion, the reduction of kriging variance seems to be the optimal objective func-
tion, with the drawback that a large amount of introductory/preliminary data will 
be needed to model spatial correlation. 
 According to Cochran (1968), one common types of non-probability sampling 
can be the presence of a small but heterogeneous population, which a sampler 
inspects in its entirety and subsequently selects a small sample of “typical” units 
– that is, units that are closed to his impression of the average (or the extremes) 
of the population; the method is called judgment or purposive selection.   In 
specific case of mapping of uncertainty present in the heterogeneous urban 
fringe there could be many objectives. Among these are mapping of high likely 
and low likely zones, prediction of urban expansion etc. If a project is planned 
to perform sampling on the field in remote areas or in areas where not much an-
cillary data are available, a proper set of hypotheses must be formulated based 
on what exists (Tapia, 2004). 
The spatial growth of urban areas often follows the pattern of proximity to spa-
tial factors such as transportation lines and existing urban centres. Liu, et. al., 
(2005) has predicted the growth in expansion of urban centres on the basis of 
spatial indicators which were based on remote sensing data, and proposed a 
methodology which has been adopted for predicting spatial patterns of urban 
expansion. In the study an urban expansion prediction model has been estab-
lished based on the development of the multivariate spatial model that considers 
different categories of spatial variables, namely: proximity to transportation 
lines, and proximity to the existing (or established) urban centres.    
Jat et.al, (2008), monitored and modelled as well urban sprawl using remote 
sensing data and GIS techniques. Computation of Shannon’s entropy and land-
scape matrices  have also been done in terms of spatial phenomenon, in order to 
enumerate the urban form, and further multivariate statistical techniques have 
been applied to establish the relationship between the urban sprawl and its 
causative factors. 
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1.6. Fuzzy as a solution of natural phenomenon 

 
Burrough (1998), in Tapia, 2004 has put fuzzy logic as an alternate solution of 
conventional logic as a solution of such paradoxes by admitting partial truths or 
class overlap. Fuzziness is not a probabilistic attribute, in which the degree of 
membership of a set is linked to a given statistically defined probability func-
tion. Rather it is an admission of possibility that an individual is a member of a 
fuzzy set, or vaguely defined classes. 
Fuzzy sets represent an enviable standard for accuracy assessment of natural 
vegetation/phenomenon, classes because locations on the ground frequently bear 
resemblance to various (many) classes on a map (Gopal and Woodcock, 1994). 
The assessment of possibility that one pixel belongs to a certain class can be 
based on subjective, intuitive (expert) knowledge or preference (Burrough, 
1998). It could also be related to uncertainties due to predictor variables not pre-
sent in the remote sensing data but for which a more intensive sampling is nec-
essary (Tapia, 2004). 
Lark (1998) offered a way for the generation of classes with a spatial coherent 
distribution from multi-variate data. It was based on fuzzy clustering of data, 
which was followed by spatially weighted averaging of the class memberships 
within a local neighbourhood. It has been concluded that fuzzy classification 
and spatially weighted smoothing of the class membership is very useful strat-
egy for formation of spatially coherent regions by multi-variate classification. 
De Bruin and Stein (1998) used fuzzy-c-means clustering of attribute data de-
rived from a Digital Elevation Model (DEM) to model Soil-Landscape and the 
study confirms that fuzzy-c-means clustering of terrain attribute data enhances 
conventional modelling, as it allows representation of fuzziness inherent in soil 
landscape units. 
Combination of techniques involving fuzzy classifications has also been carried 
out by some researchers. For example in the Guyana rainforest fuzzy-k-means 
classification was carried out (Burrough, 1998 in Tapia, 2004) using data relat-
ing to presence/absence for original species. The procedure results in three sta-
ble classes. However when combined with kriging it was found that, unlike the 
pollution classes, they were not spatially correlated based on the ratio of sill to 
nugget variances for the fitted variograms (values over 1) sill/nugget, and con-
cluded that the spatial distribution of the forest classes was not clear. 
(Maselli et.al, 1997, in Tapia, 2004) monitored vegetation in Mediterranean en-
vironments using NDVI derived from sensors with different resolutions and 
identified an optimum methodology that was a combination of fuzzy classifica-
tion, mean degradation and multivariate regression procedure. 
Townsend, (2000) has presented Fuzzy Similarity index Assessment (FSA) 
methodology and concluded that it provides result that can be used to report the 
nature of variation within natural vegetation classes and provides a quantitative 
measure of the nature of vegetation gradients on maps that for practical purpose 
treat vegetation classes as discrete units. Thus it was recommended for research-
ers wishing to use map classification to study natural ecosystems, to assess the 
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inherent variability of the vegetation in the classification through detailed com-
position-based measurements as a critical point. 
Tapia, (2004) has considered the design of an optimal sampling scheme for 
multi-variate fuzzy-k-means classifier. Fuzzy classification was used to deline-
ate vegetation patterns from remote sensing data. Finally model-based sampling 
was applied for the mapping of vegetation which typically has gradual transition 
zones at the vicinity of the border areas. 
 

1.7. Supervised fuzzy classification of RS data   

 
According to Chen, (1999) computer-assisted supervised classification requires 
sufficiently homogeneous training data to perform the multispectral image clas-
sification. However, such a requirement is not feasible for the image with highly 
complex surface features. Moreover, the traditional classification mapping with 
one-pixel-to-one-class algorithm normally fail to deal mixed pixels caused due 
to mixture of landcover classes. Their study was an attempt to develop a super-
vised fuzzy approach to train the selected data and classify the images. The al-
gorithm consisted of two major steps: 
  
(1) The estimate of fuzzy parameters from training data, and  
 
(2) The fuzzy classification of the images. 
 
Later, Tang et.al. (2007) presented a fuzzy-spectral mixture analysis (fuzzy 
SMA) model to achieve land use/land cover fractions in urban areas with a mod-
erate resolution remote sensing image. It differed from traditional fuzzy classifi-
cation methods, as fuzzy SMA model uses two compulsory statistical measure-
ments (i.e. fuzzy mean and fuzzy covariance) which were derived from training 
samples through spectral mixture analysis (SMA). The result is subsequently 
applied in the fuzzy supervised classification. The classification results indicate 
that a combination of SMA and fuzzy logic theory is capable of identifying ur-
ban landscape at sub-pixel level. 
Townsend (2000) in Tapia (2004) pointed out in relation to fuzzy classification 
and sub-pixel models used to map vegetation, that “they do not necessarily con-
vey the expected variability of the composition of species within classes. Rather, 
they provide information on variations in spectral signature between pixels and 
not on differences present in the ground mapped vegetation”. 
This is particularly true in studies relating to vegetation as degree of interpreta-
tion is lacking in the rough images. Finally many indices are able to interpret the 
information carried out on digital images that are related to vegetation distribu-
tion. 
 
 
 



SAMPLING SCHEME OPTIMIZATION USING UNCERTAINTY IN FUZZY AGRICULTURE PARCEL CLASSIFI-
CATION IN THE CONTEXT OF URBAN EXPANSION IN URBAN FRINGE AREAS 

8 

2. Methodology 

 
 
 
 
 
 
 
 
 
 
 
 
  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
  

Figure 2.1: Overall Methodology flow-chart 
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2.1. User requirement analysis 

 
In the present study an attempt was made to optimize the location of randomly 
generated samples. A planner may utilize these to reduce the inherent uncer-
tainty within high likely zones by verifying landuse and land utility (in urban 
expansion) on ground. The study aim to facilitate Town Planners in particular in 
terms of: 
 

1. locating areas for probable expansion in urban fringe areas 
2. Preparing master plan for fringe area 
3. Decision making for the development of infrastructure in fringe area etc. 

 
Due to the heterogeneous nature of terrain (because of the presence of number 
of land use / cover classes viz., road, agriculture farms, water bodies, settlement 
clusters etc.) in urban fringe it is difficult and time consuming to collect infor-
mation regarding responsibilities and tasks of a town planner. 
Primary task of a town planner is to generate master plan for the city as well as 
its fringe area (Tiwari, 2007), which includes: 
 

1. Perspective Structure Plan: broadly indicates goals, policies and strate-
gies for spatio-economic development of a city, it includes: 

• Direction and magnitude of growth and development 
• Road network and mass transit corridors 
• Environmental conservation and preservation of areas of archi-

tectural, heritage and ecological importance 
• Major issues and development constrains 

 
2. Infrastructure Development plan: plan should cover prospects, priorities 

and development of transportation, landuse, housing and land develop-
ment and an assessment of existing situation, it may include: 

• Housing and land development programmes, including identifi-
cation of areas for residential and non residential development. 
 

3. Action Plan: it should provide and in-built system for implementation 
of the development plan. In this plan various urban development 
schemes should be integrated spatially and financially, it includes: 

• Targets to be achieved – physical as well as fiscal 
• Fund flow 
• Project design and specification etc.  

 
Remote sensing images provide a synoptic picture, which can help town planner 
in planning, development and making accurate decisions for the area. Mapping 
of different spatial variables using high resolution satellite data, which have sig-
nificant influence on factors governing urban expansion, is a promising way to 
find-out potential zones (high likely) for the probable expansion of urban in an 
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urban fringe. Planner may find it difficult to work with heterogeneous nature of 
urban fringe but ones aided with information collected by remote sensing data 
using fuzzy classification (confusion index map) and GIS analysis, heterogene-
ity of the fringe can be addressed in a better way. 
 

2.2. Spatial variables 

 
Several spatial variables can be utilized for the accurate and correct mapping of 
potential zones for probable urban expansion in fringe areas, such as: 
 

1. Distance to major roads 
2. Distance to urban boundary 
3. Distance to commercial centers 
4. Distance to water body 
5. Distance to nearby wetland areas 
6. Digital Elevation model 
7. Slope and Aspect map 
8. NDVI (other indices may also useful according to the study) etc. 

 
These variables can be utilized by a planner and other users as well like an envi-
ronmentalist, a farmer etc., whom purpose to study urban fringe can be different 
to each other.  According to planners need and local ground condition (checked 
by field survey) following variables have been pin-downed for mapping of po-
tential zones for probable expansion of urban in fringe areas: 
 

1. Distance to major roads 
2. Distance to urban boundary 
3. Distance to commercial centres 

 

2.3. Mapping of variables 

 
Study of “urban expansion and loss of agricultural land” and its prediction in 
vicinity of urban boundary is often based on the landuse landcover classes pre-
sent in the area and its relation to the different socio-economic factors.  
For making decisions in urban landuse in urban fringe area it is always recom-
mended to consider the spatial context of landuse/cover change, as it has a par-
ticular significance in decision making (Reenberg & Fog, 1995). 
According to Liu et.al., (2005) the spatial growth of urban areas often follow a 
pattern of proximity to spatial factors such as transportation lines, existing urban 
centres and commercial centres present in the area. 
After analyzing land use / cover map of study area of year 1988, 1999 (Fazal, 
2000) and field check during proposed research work it is found and then further 
decided that half km distance from urban boundary, major roads and commercial 
centre was the area having maximum tendency to be converted in urban center. 
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Hence six distances classes from 0 to 500 m with an increment of 100 m and > 
500 m were chosen.   
 

 
 

Figure 2.2: Step one 
 

2.3.1. Distance to Urban Boundary 

 
In order to generate high likely and low likely urban potential zone map of the 
fringe area distance to urban boundary was considered to be the first important 
spatial variable. Distance of each agriculture parcel to urban boundary (fig. 2.3) 
needs to be determined. 
However in the present context it was not possible to determine the boundary 
due to: 
 
1) Smaller size of agriculture parcels in the study area. 

2) Due to different shape and sizes of parcels it is difficult to determine the di-
rection and start point of measurement. 

3) Presence of large number of individual agriculture parcels in the training 
area (~ 3000). 

4) The urban boundary is very wide in length; hence it is difficult to identify 
the starting point on the urban boundary to be considered for measurement.  

Hence, it has been decided to create set of buffers, from urban boundary at vari-
able distance starting from 100 m proximity with 100 m increment to a distance 
of 500 m, one additional class >500 m has also been chosen.  
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Figure 2.3 - Urban boundary map along with buffers from 0 to 500 m  

                            of study area 
 
Finally all buffers made (from 0 m, to 500 m) have been joined to have a single 
polygon shape-file (fig. 2.3). 
 

2.3.2. Distance to Major Road 

 
All major roads viz., national highways in the study area have also been mapped 
(fig. 2.4), as proximity to roads is also a important factor for understanding of 
urban growth pattern and can be considered as a spatial variable for urban ex-
pansion studies (Liu, et.al., 2005). 
As described in the introduction that, training area has one national highway and 
many major roads (according to the classification of roads in India all metalled 
roads are major roads). The roads have been mapped using poly-line mode and 
subsequently buffers were generated from 0 to 500 m distance with an increment 
of 100 m. Buffers on both side (left as well as right also) of the roads were cre-
ated and finally all buffers have joined together to get a single polygon file (fig. 
2.4). Many roads which are clearly visible in the satellite image were not 
mapped as these roads were kuccha or un-metaled roads and which was verified 
during field check.  
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Figure 2.4: Major roads along with buffers from 0 to 500 m of training area 

 

2.3.3. Distance to Commercial centre 

 
It has been proved by many researchers that distance from commercial centre of 
every land parcel also plays a major role in fringe area of urban centres in urban 
expansion related studies, keeping this in consideration; commercial centres 
have been mapped as an important variable in the proposed study. Same proce-
dure (like in case of distance to urban and distance to road) was applied here for 
the creation of buffer from 0 to 500 m with an increment of 100 m (fig. 2.5). 
Buffers were created on both sides of the commercial centre (fig. 2.5). 
 
 

 

 
 

Figure 2.5: Commercial site with buffers from 0 to 500 m of training area                                      

2.4. Multi Criteria Analysis 

 
Multi Criteria Analysis (MCA) using three variables (1 – Distance to Urban 
boundary, 2 – Distance to Major roads, and 3 – Distance to Commercial centre) 
mapped was carried out to determine high likely and low likely zones in fringe 
area. Analytical Hierarchical Process (Saaty, 2001) approach  have been used to 
provide weighted value to all the agriculture parcels which were lying within 0 
to 500 m and > 500 m buffer zone of all three variables. To assign appropriate 
weight value to each combination of variable, a matrix of 6x6x6 elements (from 
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0 to 500 m including one more class which is > 500m) has been made where 0 
weight value is assigned to the class > 500 m and finally all weight values being 
scaled between 0 and 1.       
To get appropriate weight value for each sub-criteria (for all five buffer zones, 
from 0 to 500 m) first, a membership value was considered for all the three main 
criteria which were, 1 – Distance to Urban boundary, 2 – Distance to Major 
roads, and 3 – Distance to Commercial centre, and then membership value for 
all six sub criteria has been decided (including > 500 m class also). Finally 
membership value of all main and sub criteria have been crossed with each other 
to get a matrix of 6x6x6 elements, which was then scaled between 0 and 1. “My 
Decision My Choice” software was used for the above.  
 

2.5. Fuzzy Classification and Uncertainty Mapping 

 
The proposed fuzzy sampling methodology is a model constrained approach 
with a boolean choice, where the areas to constrain for sampling are hard or 
vague zones. The sampling is constrained only in vague or uncertain zones as 
the primary aim was to map and reduce the inherent uncertainty with-in high 
likely zones which has tendency to change in urban centres in the vicinity of 
urban boundary. At such locations, the measurement should be focused towards 
the identification of predictive variables to find-out its influence on the process. 
 

    
 

Figure 2.6 - Second step 
 
The condition applied in the present case is that, the uncertainty is mainly due to 
poor definition of landuse classes in the satellite image provided.     
Constraining the sampling inside the hard or certain zones can be the second 
option where the criteria is that the model is good enough to explain the process 
and the larger range of variability lies on the hard zones. 
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Some additional constrains are also there such as natural and artificial water-
bodies present in the area in form of rivers and major canals, permanent or-
chards, research-terms and budget, could also be included in the sampling 
scheme to make it more efficient. 
 

 
 

Figure 2.7: Fuzzy sampling and model-constrained approach   
                      Source: Tapia, 2004 

2.5.1. Fuzzy c-means classification 

 
Supervised image classification is a technique that is often applied in analysis of 
remotely sensed data. The result of such a classification is a thematic map with a 
label for each pixel of the class with which it has the highest membership. The 
hard or crisp classification output is based on conventional crisp set theory. A 
conventional classification of remotely sensed imagery, models the study area as 
a number of unique, internally homogeneous classes that are mutually exclusive. 
However, these assumptions are often invalid, especially in areas where transi-
tion zones and mixed pixels occur. Landcover types are rarely internally homo-
geneously exclusive; therefore, classes can hardly ever be separated by sharp or 
crisp boundaries, in feature-space as well as geographic space. Furthermore, 
complex relationships exist between spectral responses recorded by the sensor 
and the situation on the ground, where similar classes, pixels or objects show 
varied spectral responses and similar spectral responses may relate to dissimilar 
classes, pixels or objects. Moreover, remotely sensed images contain many pix-
els where boundaries or sub-pixel objects cause pixel mixing, with several land 
covers occurring within a single pixel. Finally, classes are often hard to define 
resulting in vagueness and inherent ambiguity with-in a classification scheme 
(Lucieer, 2004). Most, if not all, geographical phenomena are poorly defined to 
some extent and, therefore, fuzzy set theory as an expression of concept of 
vagueness is an appropriate model for working with remotely sensed imagery 
(Zhang and Foody, 2001). 
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The fuzzy c-means or fuzzy k-means algorithm is used in this study to classify 
image with certain attributes (themes) and works by weighting membership val-
ues to a number of classes for each pixel. In FCM the membership values are 
weighted by their distances to the center cluster (Bezdek, 1995 in Tapia, 2004).  
The fuzzy c-means classifier (FCM) uses an iterative procedure that starts with 
an initial random allocation of the objects to be classified into c clusters. Given 
the cluster allocation, the center of each cluster (attribute values) is calculated as 
the weighted average of the attribute of the objects. In the next step, objects are 
reallocated among the classes according to the relative similarity between ob-
jects and clusters based on a well-known distance measure:  
 
1) – The Euclidean distance (attributes are scaled to have equal variance)  

 
2) –Diagonal or Mahalanobis Distance (both variance and covariance are used 

for distance scaling) 
 
Metrics are frequently used and reallocation is done in iterative manner until 
stability is reached where similar objects are grouped together as a cluster. The 
membership value gives their degree of affinity with the centroid of the optimal 
class. Membership µ of the ith object to the cth cluster of n number of classes in 
ordinary fuzzy c-means, with d the distance measure used for similarity, and the 
fuzzy exponent q determines the amount of fuzziness, is defined as:  

                                                                                              

 
∑ ′′  

                                     2.1  

                                                                                      
Fuzzy clustering techniques like the FCM are unsupervised. This means, that the 
data are unlabelled. In some applications, however, a part of the data set has la-
bels. For example, an expert in the training stage of a supervised remotely 
sensed image classification could obtain these labels. Zhang and Foody, (2001), 
used a modified version of the fuzzy c-means algorithm in order to develop a 
fully- fuzzy supervised classification method. In the supervised fuzzy c-means, 
the class centroid is determined from the training data. This reduces the cluster-
ing algorithm to a one step calculation, resulting in fuzzy membership values for 
each pixel in each of the defined classes. 
In fuzzy exponent, fuzziness or overlap parameter determines the amount of 
fuzziness or class overlap. If this parameter is close to one, allocation is crisp 
and no overlap is allowed. For large values, there is complete overlap and all 
clusters are identical. The fuzziness of the classification can be modulated by 
varying the magnitude to the fuzziness parameter. Ideally, it should be chosen to 
match the actual amount of overlap. However, class overlap is generally un-
known. Although the fuzziness parameter is often set between 1.5 and 3.0, no 
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clear arguments for the choice of these values are presented (Zhang and Foody, 
2001 in Lucieer, 2004). 
For supervised fuzzy classification of satellite data, PARBAT software devel-
oped by Arko Lucieer has been used and for the classification of data Region of 
interest (ROI) been created using ENVI software. PARBAT facilitates the user 
to go with either Euclidean or Mahalanobis Distance for the supervised classifi-
cation of the data, where Mahalanobis distance and 1.5 as a overlap function has 
been taken for the proposed classification which is highly recommended for the 
classification of comparatively high resolution data like ASTER (15 meter reso-
lution of multispectral data), by many researchers in their study and finally CI 
image and defuzzyfied image (crisp classified output) was generated. Output of 
the supervised fuzzy classification has been used for further analysis. 
 

2.5.2. Uncertainty in Fuzzy classification 

 
Certainty Index (CI map) is the measure of uncertainty in class definition, which 
generally occurs at the boundary of different land-use land-cover classes in the 
fuzzy classification of the image. General concept of CI is, it is the ratio be-
tween second (m2) and first winner (m1) in each pixel and its value ranges be-
tween 0 and 1 where uncertainty is higher if the pixel value is nearer to 1 and 
vice a versa: 
 

                      2.2  

 
Where: 
m2 = second winner class in a particular pixel 
m1 = first winner class in a particular pixel  
 
There are many more methods to address inherent uncertainty with in pixel, a 
modified method to determine the uncertainty is, subtracting the value of first 
winner by one and then by dividing the result by m1 in order to scale the data. In 
the proposed study modified uncertainty was used and was implemented using 
code generated in R statistical package (appendix - 2). 
 

  
1

                    2.3  

Where: 
1 = total amount of membership in a pixel 
m1 = first winner class in a particular pixel 
Advantage of using MU over simple uncertainty image is, it provides the value 
of uncertainty for rest of the winners with-in each pixel. 
Finally MU image then converted into 0 and 1 image using median value (0.26) 
of its histogram as a threshold. 
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2.5.3.  Patchiness calculation 

 
Patchiness or landscape diversity is the number of different landuse classes 
with-in the n x n window. It is a measure of diversity of all land use classes. In 
other words, it is a measure of heterogeneous landuse/cover polygons over a 
particular area (Jat et.al, 2008). Higher the patchiness more will be the hetero-
geneity within the landscape. In this study, heterogeneity of the landscape have 
been computed by moving a 5 x 5 size kernel (to include maximum heterogene-
ous areas) on the defuzzyfied classified image (table 2.1 & 2.2) using a small 
code written using R statistical package (appendix - 3).  
 

 

 

2.5.4. Spatial Simulated Annealing (SSA) 

 
Simulated annealing is a method that simulates a thermodynamics process in 
which a metal is heated to its melting temperature and then is allowed to cool 
slowly so that its structure is frozen at the crystal configuration of lowest en-
ergy. In this process, the atoms go through continuous rearrangements, moving 
toward a lower energy level as they gradually lose mobility due to the cooling. 
If the energy has local minima, going uphill occasionally is desirable. According 
to Aarts and Korts, 1990, in Groenigen et.al, (1998) simulated annealing is a 
combinatorial optimization algorithm, originating from statistical physics and is 
also known as Monte Carlo annealing, statistical cooling, probabilistic hill-
climbing, stochastic relaxation, and probabilistic exchange algorithm. 
In many studies, it has been applied successfully as a universal optimization 
method. Related algorithms have also been applied for optimization of spatial 
sampling and for the restoration of degraded images because of its insensitivity 
to local extremes (van Groenigen et.al, 1998).  
Theory of  Spatial Simulated Annealing (SSA) says that co-ordinates (x and y 
location) of each sample points is the variable which has to be optimized with 
respect to the fitness function φ, which represents loss of energy or cooling  at 
each iteration while the stuff is changing from one state to another. 
Van Groenigen (1998) has used Minimization of the Mean of Shortest Distance 
(MMSD) criteria as a fitness function, which aims at regular spreading of sam-
ple points over the whole sampling region. Sample points, which show uniform 

1 1 2 2 2 
1 1 1 2 2 
1 1 3 3 3 
4 4 3 3 4 
4 4 3 4 4 

Table 2.1: - 5x5 window on Classified  
                    Image with All the four classes 

4 4 4 4 4 
4 4 4 4 4 
4 4 4 4 4 
4 4 4 4 4 
4 4 4 4 4 

         Table 2.2: - After Patchiness  
                             Calculation 
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(regular) distribution after applying SSA, their regular spreading can be formu-
lated as minimizing the expectation of the distance between an arbitrarily cho-
sen test point within the sampling region and its nearest sampling point. For 
sampling scheme S, minimizing this expectation leads to the following minimi-
zation function: 
 

                   ,                                  2.4  
 
Where ,  is the Euclidian distance between any location x and a nearest 

sampling point  . An equilateral triangular grid optimizes this criterion in 

theory and furthermore with MMSD the schemes are improved in the uncertain 
zones, because a finite area for sampling is considered (van Groenigen, 1998).  
The methodology developed and used by (van Groenigen, 1998 in Tapia, 2004) 
for Spatial Simulated Annealing with the MMSD criteria was used. First a fixed 
number n of 100 observations were randomly distributed, location of these ob-
servations x1... xn was established. Then a well defined, quantitative criterion 
φ(S) is optimized to reach a defined sampling scheme S = {x1 ….. xn}. 
A central concept in SA is the fitness function φ(S) that has to be optimized. 
Suppose we can define a combinatorial optimization problem in which φ(S) has 
to be minimized. Starting with S0, let Si and Si+1 represent two solutions with 
fitness φ(S) and φ(Si+1), respectively. Typically, Si+1 is derived from the 
neighbourhood of Si by a random perturbation of one of the variables of Si. A 
probabilistic acceptance criterion decides whether Si+1 is accepted or not. This 
probability   of   being accepted can be described as: 
 

 1,                                                            2.5  

 ,                       

 
 where c denotes a positive control parameter. The parameter c is lowered ac-
cording to a cooling schedule as the process evolves, to find the global mini-
mum. A transition takes place if Si+1 is accepted. Next a solution  and the 
probability   is calculated with a similar acceptance criterion as the 

equation above. At each value of c, several transitions have to be made before 
the annealing can proceed, and c can take its value. In order to modify simulated 
annealing for optimization of spatial sampling, the fitness function, a generation 
mechanism and the cooling scheme have to be decided upon (Aarts and Korst, 
1990 in van Groenigen, 1998). 
 

 Fitness function 

 
Let the total research region denoted by AR and the sub-region that can be sam-
pled by AS  AR, thus excluding roads, houses etc. Next, the MMSD criterion is 
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estimated by the fitness function ΦMMSD(S), which is an estimator of the function 
formulated in equation 2.4: 
 

, ,
                    2.6  

 
With xe,j  AR denoting the jth  evaluation point. The ne evaluation points are lo-
cated on a fine meshed grid over the whole area. In order to yield a reliable 
value of ΦMMSD(S), the number of evaluation points should be higher than the 
number of sampling points. 
By choosing the evaluation points on a finely meshed grid over the whole region 
AR, while locating the sampling points strictly in AS, the algorithm spreads the 
sampling point optimally over the whole region AR, while taking physical sam-
pling constrains into account. This was an important difference with the method 
of Sacks and Schiller (1988), which could not handle such sampling constrains. 
 

 Generation mechanism 

 
The aim of a generation mechanism is to generate a new solution Si+2 out of the 
solution Si+1, by means of a random perturbation in one of the variables of Si+1 

(Davis, 1990 in van Groenigen, 1998). In SSA this is done by moving one ran-
domly chosen sampling point  over a vector   with the direction of    drawn 
randomly, and    taking a random value between 0 and  . One of the 

modifications of SSA as compared to ordinary SA and the method of Sacks and 
Schiller, is that   initially is equal to half the length of the sampling region, 
and decreases with time. This increases the efficiency of the demanding recalcu-
lations after each modification in the sampling schemes; successful modifica-
tions consist of increasingly smaller values of  as the SSA process advances. 
This is because the process deals with many similar variables (i.e. the co-
ordinates of the sampling points). Therefore, moving sampling points randomly 
over large distances will not contribute much to finding the minimum towards 
the end of the optimization process. Furthermore contrary to earlier optimization 
methods, co-ordinates of the sampling points are treated as continuous variables, 
rather than chosen from a discrete grid. This is in line with earlier studies, where 
SA was applied to continuous problems (Bohachevsky, 1986; Vanderbilt and 
Louie, 1984; in van Groenigen, 1998). At the end the final value of the control 
parameter,   will be almost equal to zero. 
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Cooling Schedule 

 
For the cooling schedule, which expresses c as function of the progress of the 
optimization, van Groenigen (1998), used a basic set of empirical rules which 
have been proposed in many studies: 
 

 95% of the initial transition are accepted, we start with a random posi-
tion. We start with an initial value c0 which has an acceptance ratio of 
0.95 or higher for alternative solutions. The decrement of c is given by: 

 

 · ,          1,2 … … … .,                           2.8    
 
With 0 < α < 1, the maximum period of time for one Markov chain k to remain 
at any value of c is fixed, and the final value of c is explicitly given to the SSA 
(Spatial Simulated Annealing) algorithm. From this data α can be calculated. 
The acceptance criterion is similar to the one given in equation 2.5 substituting 
ΦMMSD for Φ. Use of a variable c which ensures that inferior solutions are accepted 
with decreasing probability as the process evolves is the most important difference 
with the proposed algorithm by Sacks and Schiller (1988). 
 

2.5.5. Constrained MMSD Program 

 
To apply the methodology developed by Groenigen and Stein (1998) for Spatial 
Simulated Annealing with the MMSD (minimization of the mean of shortest dis-
tance) criteria including constrains of uncertainty; a program called “CON-
STRAINED MMSD” was used which have been written in PASCAL language, 
based on the algorithms for MMSD and Point-Polygon intersection, developed 
by Tapia and provided by Prof. Alfred Stein: 
The entire program is divided in following steps which are: 
 

 The input file containing (structure of BNA file is shown in appendix - 
1) all constrained and non constrained areas in BNA format is used. 

 Header information viz., number of rows, columns, support size and 
boundary co-ordinates in UTM need to be provided. 

 Based on input parameters a fixed number of (n = 100) randomly dis-
tributed (strictly in sampling area: polygons with ID = 1) sample points 
are generated. 

 A fine meshed grid on to the sampling area on the basis of defined sup-
port size is generated along with a large number of test points inside the 
sampling area. 

 Finally the location of sample points on the basis of minimization of the 
mean for shortest distance (MMSD) is defined. 
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Figure 2.8: CMMSD program 
 
UTM projection is used with the limit that Easting co-ordinates can be up-to 6 
digits and Northing 7 digits. 
 

2.5.6. Point-polygon intersection algorithm 

 
To detect if a sampler or a test point is inside a constrained polygon, an algo-
rithm of line intersections was used (Tapia, 2004). Each segment of the polygon 
is tested for intersections and number of intersections is determining the relative 
position: odd intersections if it is inside and even number if it is outside. 
The approach uses the algorithm developed by Bourke (1989) which is to detect 
the intersection point of two lines in two dimensional space. The idea can be 
explained by a simple figure 2.9: 
To find the intersection point, two parameters Aa and Ab were included in the 
corresponding equations for each line. 
 

 
 
 

Figure 2.9: Intersection point of two lines 
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After solving the equations one by one, two different parameters have been cal-
culated because of the presence of two upper defined unknowns Aa and Ab: 
 

 
4 3 1 3   4 3 1 3
4 3 2 1   4 3 2 1

                        2.8  

 
2 1 1 3   2 1 1 3
4 3 2 1   4 3 2 1

                        2.9  

 
The equations apply to lines; if the intersection of line segments is required then 
it is only necessary to test if Ua and Ub lie between 0 and 1. Whichever one lies 
within that range then the corresponding line segment contains the intersection 
point. If both lie within the range of 0 to 1 then the intersection point is within 
both line segments (Bourke, 1989). 
In an additional case, if the denominator for the equation Ua and Ub is 0 then 
two lines will be parallel, was applied. 
To compute the cases like intersection of polygons inside other polygons (“is-
lands”) a procedure of legal and illegal intersections counters was implemented. 
 

2.5.7. MMSD Computation 

 
As explained in section 2.3.4 and section 2.3.5 the MMSD algorithm has been 
developed using three essential components as they performed in the program 
which are Generation mechanism, Fitness function and Cooling schedule, de-
fined already in the respective sections. 
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3. Study Area 

3.1. Study Area and pre-processing of data 

 
The study area lies between 290 55’ - 300 N latitude and 770 29’ - 770 45’ E lon-
gitude. Situated in western part of Uttar Pradesh (India), in the fertile tract of 
Upper Ganga planes (Fig. 3.1 & 3.2). Saharanpur sub division is the districts 
headquarter and second largest city of Meerut division. It is well connected by 
several road highways (viz; highway no. 72A) to other important cities. The pre-
sent city is divided into two parts by railway line that passes through central 
part; the northern part is the old city, while the southern part is recently devel-
oped, where most of the institutional and industrial development is taking place. 
Two perennial rivers Dhamaula and Pandhoi, passes through the city and join 
just outside the city center.  
 “In 1991, the city had 377,904 inhabitants and a density of 239 persons per hec-
tare. Projections by the “Town and Country Planning Department” suggest that 
it will have some 600,000 inhabitants by the year 2001 and there will be a need 
for another 64,000 houses to add to the existing 60,575. Thus, the city is bound 
to expand quite extensively onto the fertile agricultural land surrounding it” 
(Fazal, 2000). 
 According to Fazal (2001) municipal area of Saharanpur city is of 4030 ha and 
It is clearly shown by his research that landuse in fringe area of Saharanpur city 
is not well planned. With time, the older part of the city has become more and 
more congested, while on the other hand the city has expanded outward in a 
haphazard manner and swallowed the cropland in the fringe area and mentioned 
very clearly in his study that most of the urban expansion from 1988 to 2000 
was happened in the Northern, Southern region along with North-Western and 
South-Western part of the Training area, which is mostly in the form of un-
planned residential colonies. As the Eastern part of the study area is dominantly 
covered by army cantonment (Restricted area) hence the area has not experi-
enced any type of urban expansion from several decades. 
 
 
 
 
 
 
 
 
 
 

Figure 3.1: Satellite image of Saharanpur (study area) and its urban fringe 
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3.2. Training Area 

 
Western part of district Saharanpur (including north as well as south western 
part) is chosen as the training area, where most of the development and urbani-
zation process is going-on. As the city acts as the service center for nearby 
towns and hill districts and because of the rapid population growth in last few 
years new industries have come up and the city on its periphery has under gone 
drastic changes which includes the expansion of the built-up areas, transforma-
tion of agriculture land in urban built-up and exchange of near-by rural centers 
form urban boundary in-to urban municipal boundary. Extant of study area is 4.7 
km in width and 7.8 km in length (fig. 3.3). 
 
 
 
 
 
 
 
 
 
 

Figure 3.2: location map of Saharanpur city (study area) 
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Data available for the training area includes: 
 

 

3.3. Detailed data description 

 

3.3.1. Advance Space-born Thermal Emission Radiometer 

  

ASTER is a high efficient optical sensor which covers a wide region from the 
visible to thermal infrared by 14 spectral bands. In this study ASTER is selected 
as the main input for the supervised fuzzy classification technique. The first 
three bands of the ATSER image in the VNIR region has a spatial resolution of 
15m and the next six band in the SWIR region has a spatial resolution of 30m. 
The first region was processed separately for the land cover classification using 
supervised fuzzy classification. The digital values were recorded in unsigned 
8bit values; the image was acquired on April 2008 covering Saharanpur and its 
environs. The spectral characteristics of the ASTER data are listed in table 3.2.  

Satellite Sensor Path/Row 
Acquisition 

date 
Resolution 

LANDSAT 
7 

ETM+ Multis-
pectral 

146/039 25 / 11 / 2000 
30 m resolu-

tion 

IRS P6 LISS-4 202/034 28 / 01 / 2005 
5.8 m resolu-

tion 

ASTER   April 2008 
15 m resolu-

tion 

Table 3.1: General description of data used 

Figure 3.3: LISS 4 image of training area (urban fringe of Saharanpur) 
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3.3.2. LANDSAT – 7 

 
Georefrenced Landsat-7 data with ETM+ (Enhance Thematic Mapper) scanner 
was used in this study to georefrence other satellite images viz: ASTER, IRS P6 
– LISS 4. Bands 1 to 5 and band 7 in visible (VIS) and SWIR regions with a 
spatial resolution of 30m was taken as the input for georefrencing. The digital 
values of the image were recorded in unsigned 8bit values. The image was ac-
quired over Saharanpur on 25th November 2000. The spectral characteristics of 
the Landsat-7 ETM+ data is shown in table 3.3. 
 
3.3.3. Indian Remote sensing satellite – P6 – LISS4 
 

 

 
IRS – P6 – LISS4 (RESOURCESAT) is a high resolution optical sensor which 
covers comparatively narrow region of Electromagnetic radiation which starts 
from the visible and ends up-to near infrared by 3 spectral bands. In this study 
IRS – P6 – LISS4 is selected as the main input for the derivation of spatial vari-

Band Wave length 
(μm) 

Spatial  
Resolution (m) 

Radiometric  
Resolution 

Band1(VIS) 0.52-0.60 15 Unsigned 8 bit 
Band2(VIS) 0.63-0.69 15 Unsigned 8 bit 

Band3N(NIR) 0.78-0.86 15 Unsigned 8 bit 
Band4(SWIR) 1.600-1.700 30 Unsigned 8 bit 
Band5(SWIR) 2.145-2.185 30 Unsigned 8 bit 
Band6(SWIR) 2.185-2.225 30 Unsigned 8 bit 
Band7(SWIR) 2.235-2.285 30 Unsigned 8 bit 
Band8(SWIR) 2.295-2.365 30 Unsigned 8 bit 
Band9(SWIR) 2.360-2.430 30 Unsigned 8 bit 

Table 3.2: Spectral characteristics of the ASTER data 

Band Wave length 
(μm) 

Spatial  
Resolution (m) 

Radiometric  
Resolution 

Band1(VIS) 0.45-0.52 30 Unsigned 8 bit 
Band2(VIS) 0.52-0.60 30 Unsigned 8 bit 

Band3N(VIS) 0.63-0.69 30 Unsigned 8 bit 
Band4(NIR) 0.76-0.90 30 Unsigned 8 bit 

Band5(SWIR) 1.55-1.75 30 Unsigned 8 bit 
Band6(TIR) 10.4-12.5 60 Unsigned 8 bit 

Band7(SWIR) 2.08-2.35 30 Unsigned 8 bit 

Table 3.3: Spectral characteristics of the Landsat-7 ETM+ data 
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ables viz: distance to urban boundary, distance to major roads etc, for parcel 
level study of the training area. All four bands of the IRS – P6 – LISS4 image in 
the Visible Infrared region have a spatial resolution of 5.8 m (~6 m). The spec-
tral characteristics of the IRS – P6 – LISS4 data are listed in table 3.4. 
 

 

3.4. Georefrencing of satellite data 

 
ASTER VNIR bands have been processed separately from SWIR; preprocessing 
steps were mostly common for the both regions. First the processing of VNIR 
bands will be discussed because these bands have only been used for the further 
processing.  
First the raw ASTER data provided in HDF-EOS format was imported to *.img 
format through ERDAS IMAGINE software before applying necessary projec-
tion changes. Due to the curvature of the earth and type of the sensor used these 
raw images are subjected to distortions. During the import, correction parame-
ters have been used to perform a geometric rectification on the data. To geome-
trically rectify the ASTER data, all ready rectified LANDSAT 7 (ETM+) (UTM 
/ WGS84 / Zone 44) has been used. The rectification process was used to change 
the image from one grid system to another grid system using geometric trans-
formation. The ASTER data was provided in geographic (lat/long) coordinate 
system with map units in degrees and seconds. A first-order polynomial trans-
formation was used to transform the image from lat/long projection to UTM 
with WGS84 North spheroid and datum, Zone 44. The resampling method used 
here was Nearest-Neighbor. All the results and validations were done under this 
projection for the image. ASTER data covers a large area for the purpose of our 
study an area was selected as a subset. 
Likewise IRS P6 – LISS 4 image has also been geometrically rectified using the 
same LANDSAT 7 (ETM+), so that both the images (ASTER and IRS P6 – 
LISS 4) can open on to each-other. And finally the study area was subsetted 
from the entire ASTER and LISS 4 scene.  
 
 
 

Band Wave length 
(μm) 

Spatial  
Resolution (m) 

Radiometric  
Resolution 

Band1(VIS) 0.53 – 0.62 5.8 m Unsigned 8 bit 

Band2(VIS) 0.63-0.69 5.8 m Unsigned 8 bit 

Band3(NIR) 0.76-0.90 5.8 m Unsigned 8 bit 

Table 3.4: Spectral characteristics of IRS-P6 LISS 4 data 
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4. Results 

4.1. Training area 

 
The training area which (western part of Saharanpur) has been selected to train 
the sampling procedure a hypothetical research was defined and supervised 
fuzzy classification was carried out considering parameters like overlap func-
tion, region of interest and number of classes. Using required and appropriate 
parameters membership images were generated for all classes which were then 
used to generate modified confusion index map which addresses the uncertainty 
of all other classes accept the first winner class in a pixel in order to know the 
uncertain zones in the study area and then converted into 1 bit map using the 
median value of histogram, corresponds to 0.26 in a 0-1 scale. This threshold 
(CI = 0.26) determines equal areas on the image (Tapia, et.al, 2005) and then 
modified CI image was again modified using patchiness image of the area which 
is also a measure of heterogeneity. The map was polygonised and then used to 
compute the final sampling scheme for 100 samples.   
 

4.1.1. Sampling scheme 

 

Study area : Western part of  Saharanpur city 

Purpose of sampling : To map the uncertainty in the zones 
are HL to be converted into urban 

Data used : ASTER and IRS-P6 LISS 4 

Target area : Vague zones with-in HL areas, high 
CI 

Classification parameters : Φ = 2, classes = 4 

Measurements to be per-
formed 

:
Variable mapping, such as Distance 
to urban boundary etc. 

 
Table 4.1: Sampling scheme for the study area 

 

4.1.2. Data used for supervised fuzzy classification 

 
A subset from the ASTER image was selected for supervised fuzzy classifica-
tion of the study area with a size of 523 x 314 rows and columns, covering an 
area of ~ 37 km2  (fig. 4.1), and the boundaries in UTM co-ordinates were regis-
tered (table 4.2).  
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Figure 4.1: ASTER subset for the study area 

 
Corner Co-ordinates 

LLX 162287 
LLY 3316212 
URX 166982 
URY 3324042 

 
Table 4.2: Boundaries for the Saharanpur research area, UTM-44N, WGS 84 

   

4.1.3. Uncertainty map generation 

 
A supervised fuzzy c-means classification technique was used to classify the 
data of study area. For classification level one classification was considered 
comprising of the major 4 landcover classes viz., Urban, Water body, Agricul-
ture and Orchards, as these were the most dominant classes in the area. The 
value of overlap function and distance factor considered was Φ (overlap func-
tion) = 1.5 with Mahalanobis distance. For these parameters, several runs of 
PARBAT software were done and results were compared with defuzzyfied the-
matic image produced using ASTER data (fig. 4.2).  
Finally all the four membership images (for Urban, Water body, Agriculture and 
Orchards) were used to derive a modified uncertainty image in which all remain-
ing membership values has been considered except first winner class in any par-
ticular pixel (See Equation 2.3). For the generation of MU image a small pro-
gram has been written using R statistical package. Idea behind the generation of 
MU image is defined in Table 2.1 and 2.2. The modified uncertainty image was 
converted into 1 bit data using median value of histogram which corresponds to 
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0.26 in a 0-1 scale, where uncertain or vague zones were having value 1 and cer-
tain or hard zones were containing value 0.  
 

 
 

Figure 4.2: Supervised fuzzy classified (defuzzyfied) map of study area 
 
As patchiness is also a measure of heterogeneity (Jat et.al, 2008), a new image 
(Confusion with patchiness (CPI)) was generated which contained all the prop-
erties (maximum heterogeneous areas of patchiness image which were contain-
ing value 4 and 3 and uncertain areas of MU image(fig. 4.3 A)) of MU as well 
as patchiness image (fig. 4.3 B), for that a model using  “CONDITIONAL” ap-
proach (in ERDAS Imagine) which, facilitated the us to generate a new image 
by masking one image onto another.  
 

(A)                        (B)                        (C)  
 
Figure 4.3: Maps showing (A) patchiness of the area (B) CPI image of the area (C) 

CPI image after filtering 
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At the end of the process a 5 x 5 moving window (statistical median filter) was 
applied on the final CPI image to obtain more clumped / aggregated areas (or to 
remove one pixel errors from the data) (Fig. 4.3 (C)). 
 

4.2. Generation of high-likely and low-likely zones 

 
As narrated in chapter 2, section 2.1 variable mapping has been done for all the 
three variables and their six criteria defined using 6 x 6 x 6 matrix. Membership 
value for all possible combinations was derived (table 4.4), using Multi Criteria 
Analysis. As defined in section 2.2 for class > 500 m, 0 weight value was as-
signed and from the final matrix of weighted values all 0 values have been re-
moved and only those values were kept which were containing value more than 
0. In the final matrix (after removal of 0 values) 125 elements were their (table 
4.5) where: 
 
DU   = Distance to urban 
DR = Distance to road 
DCC = Distance to commercial center 

 
For generation of High likely Low likely map firstly a membership value for all 
the three major criteria has been decided using the software which was purely 
subjective, and they were:  
 

1. Distance to Urban = 0.7575 
2. Distance to Road = 0.1881 
3. Distance to C. Center = 0.0545 

 
Here the maximum weighted value was given to Urban, which is most influenc-
ing factor for the urban development; second priority was given to distance to 
road and then to distance from commercial center. After this membership value 
for all six sub criteria was decided (table 4.3): 
 

Sub Criteria Weight value 
100m 0.5207 
200m 0.2736 
300m 0.1292 
400m 0.0547 
500m 0.022 
>500m 0 

 
Table 4.3: All six Sub criteria and their weight values 

 
The weighted values of three major criteria and six sub criteria were crossed to 
each-other and scaled between 0 and 1 to get 18 weighted values (6 for each ma-
jor criterion). 
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DU DR DCC 
0.7575 0.1881 0.05454 

100m 0.394312 0.097914 0.02837 
200m 0.20719 0.051449 0.014907
300m 0.09784 0.024295 0.007039
400m 0.041423 0.010286 0.00298 
500m 0.01666 0.004137 0.001199
>500m 0 0 0 

 
Table 4.4: Final weight value of each major criterion for their all six sub criteria 

 
 
               DCC             100m           200m          300m          400m          500m    

DU vs. DR   0.02837 0.014907 0.007039 0.00298 0.00119864 
100D*100R 0.038609 0.141096 0.074139 0.035008 0.014821 0.005963 
100D*200R 0.020287 0.074139 0.038956 0.018395 0.007788 0.003133 
100D*300R 0.00958 0.03501 0.018396 0.008686 0.003677 0.00148 
100D*400R 0.004056 0.014822 0.007788 0.003678 0.001557 0.000626 
100D*500R 0.001631 0.005961 0.003132 0.001479 0.000626 0.000252 
200D*100R 0.020287 0.074139 0.038956 0.018395 0.007788 0.003133 
200D*200R 0.01066 0.038956 0.020469 0.009666 0.004092 0.001646 
200D*300R 0.005034 0.018396 0.009666 0.004564 0.001932 0.000777 
200D*400R 0.002131 0.007788 0.004092 0.001932 0.000818 0.000329 
200D*500R 0.000857 0.003132 0.001646 0.000777 0.000329 0.000132 
300D*100R 0.00958 0.03501 0.018396 0.008686 0.003677 0.00148 
300D*200R 0.005034 0.018396 0.009666 0.004564 0.001932 0.000777 
300D*300R 0.002377 0.008687 0.004565 0.002155 0.000912 0.000367 
300D*400R 0.001006 0.003678 0.001933 0.000913 0.000386 0.000155 
300D*500R 0.000405 0.001479 0.000777 0.000367 0.000155 6.25E-05 
400D*100R 0.004056 0.014822 0.007788 0.003678 0.001557 0.000626 
400D*200R 0.002131 0.007788 0.004092 0.001932 0.000818 0.000329 
400D*300R 0.001006 0.003678 0.001933 0.000913 0.000386 0.000155 
400D*400R 0.000426 0.001557 0.000818 0.000386 0.000164 6.58E-05 
400D*500R 0.000171 0.000626 0.000329 0.000155 6.58E-05 2.65E-05 
500D*100R 0.001631 0.005961 0.003132 0.001479 0.000626 0.000252 
500D*200R 0.000857 0.003132 0.001646 0.000777 0.000329 0.000132 
500D*300R 0.000405 0.001479 0.000777 0.000367 0.000155 6.25E-05 
500D*400R 0.000171 0.000626 0.000329 0.000155 6.58E-05 2.65E-05 
500D*500R 6.89E-05 0.000252 0.000132 6.25E-05 2.65E-05 1.06E-05 

 
Table 4.5: Weight value matrix of 125 combinations of different buffer zones 
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Figure 4.4: Graph showing weighted values for each combination of variables 
 
For defining High-likely and low-likely zones in the study area median value of 
matrix of 125 elements was finally considered. Areas having weighted value 
more than median of final matrix were considered as High-Likely (HL) zones 
and areas having value less than the median of final matrix were considered as 
Low-Likely zones. 
Finally on the basis of field “Likely” (containing attribute of HL and LL) vector 
map was converted into 1 bit raster map where ID = 1 was given to the areas of 
HL attribute and ID = 0 was given to the areas which were falling in LL zones 
(fig. 4.6 (A)).  
To determine areas in HL map where uncertainty is very high (as the project 
aims to sample uncertainty within HL areas) final HL map was masked with fi-
nal CPI map, and those areas were taken out which were falling in HL zone in 
HL map and at the same time also a part of uncertain areas in final CPI map, and 
then this final uncertainty in HL area map was used for the generation and opti-
mization of random samples (fig. 4.6 (B)).   
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 (A)                                   (B)                                
 
 
 
 

4.3. Optimization of sampling scheme 

 

4.3.1. Calibration 

 
For trial of CONSTRAINED – MMSD program a single polygon (ID = 1) cover-
ing the entire study area, was generated. Result shows in figure 4.7. The out-
come shows a uniform distribution of 100 sample points, where samples are al-
most equidistant and in almost equilateral triangular gird format. 
 
 
 
 
 
 
 
 

Figure 4.5: Maps showing (A) HL LL zones and (B) Uncertainty within HL 
zones in the map of study area 
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Figure 4.6: Distribution of 100 sample points in an unconstrained square 
 

4.3.2. Allocation of samples for the study area 

 
Using CONSTRAINED-MMSD program, final, uncertainty with-in HL area, 
map was used to constrain the distribution of 100 samples inside the target area. 
The program reads the BNA file containing polygons with ID = 1 (for the vague 
zones inside a part of HL map) and then generates a set of random points inside 
the sampling area. After this a number of test points are defined according to the 
defined support size (resolution) for the same area; for the given model the pa-
rameters were 375x470 columns and rows and a resolution (support size) of 
20x20 m, which results in a set of 10614 test points, which are necessary large 
enough for the C-MMSD procedure and a pixel resolution of 15 meter was cho-
sen to make a correlation with support size (which gives a total area of 9 km2). 
The optimum distribution for samples was computed after running 30,000 itera-
tions and the resulting position of the samples were stored in a CSV file which 
finally has been plotted over map (figure 4.7). Figure 4.8 is showing Optimiza-
tion of ΦMMSD (optimization criteria) as a function of the number of iterations. 
 

Corner Co-ordinates 
LLX 163827 
LLY 3317063 
URX 165356 
URY 3318980 

 
Table 4.6: Boundaries of target area used for allocation of optimized samples 
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Figure 4.7: Location of 100 samples over the uncertain zones with-in 
high-likely area in urban fringe of Saharanpur 

 
 

 
 
Figure 4.8: Optimization of ΦMMSD as a function of the number of Markov Chains k. 
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5. Discussion 

This study shows a first attempt to study fringe area in the context of urban 
expansion using spatial sampling technique. 

The methodology proposed in the study is targeted particularly with town 
planners as the identified user group, is an existing technique, which, however is 
novel for the reduction of uncertainty within potential zones for probable urban 
expansion in urban fringe.  

Quantification of spatial variables using high resolution remote sensing data, 
as applied in this study is a promising way to fulfil the need of town planner for 
the identification of potential zones for probable urban expansion and further 
proper management and development of infrastructure in fringe area of the cities 
like Saharanpur.  

The supervised fuzzy classification of satellite data based on ROIs (region 
of interest) as representatives of land use/cover classes shows in general terms 
that meaningful classes (required classes) could be obtained by choosing proper 
representative pixels. 

Identification of compressed areas of uncertainty is done in this study by 
means of the confusion index. As an alternative different membership images 
derived from a fuzzy classification can be used for the generation of uncertainty 
image in a different manner. 

Uncertainty derived from membership images of a fuzzy classification can 
further be improved using other measures of heterogeneity in classification viz., 
patchiness calculation. As fuzzy classification itself is not a major focus in this 
study, we have not further explored this direction, however, but we leave that 
for additional research in the future. 

A Multi Criteria Analysis was carried out for generation of membership val-
ues for the three main and their six sub criteria. It shows in general terms that 
“Analytical Hierarchical Process” is a key technique to define weighted values 
for more than one criterion or sub criteria. 

Defined weighted values were then used for identification of high-likely and 
low-likely zones and further generation of HL LL map for urban expansion in 
fringe area. 

Other techniques exist to apply in a multi criteria analysis viz, cost benefit 
analysis however analytical hierarchical process is the only way of defining 
weighted values, where all defined sub criteria are same for each main criterion. 

The Boolean level of constrain used in the study, defines options only for 
confused and crisp areas, it however looses precision and information about un-
certainty, but is effective in order to perform sample allocation. The confusion 
index threshold of 0.26 which is a median value of histogram is rather arbitrary 
to define areas but serves as a first estimate to infer discontinuous geographic 
spaces having similarity in attribute, and its fitness need to be proved by ground 
survey.       
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The C-MMSD (Constrained Minimization for the Mean of Shortest Dis-
tance) procedure was successful in the uniform allocation of number of sample 
points generated randomly, considering many constrains.  

User (town planner in this study) may get facilitated by the derived HL LL 
map and further optimized location within uncertain zones in potential areas 
(high-likely areas) for urban expansion in fringe, where the need is to verify 
only land use at those locations. 

Checking landuse on the ground is necessary for planning, management and 
infrastructure development. However the distribution of uncertainty present in 
fringe area is random in nature and is present in form of clusters, Hence spatial 
sampling using limited number of samples is the only and promising way for 
ground verification of landuse / cover classes to reduce uncertainty. 

   
An urban planner if equipped with proper data and information may manage and 
develop fringe area in a better way however lack of the following information:  
 

1. Proposed parameters/variables in this study 
 
2. Uncertainty map of the area. 

 
3. Proposed methodology for assigning weighted values for the identifica-

tion of high-likely zones for probable urban expansion in fringe area. 
 

4. Proper (optimum) sampling scheme for the reduction of uncertainty due 
to heterogeneous landscape in fringe area. 
 

May hamper planning, managing and infrastructure development particularly in 
fringe areas, such as:   
 

1. Location of potential zones for probable urban expansion in fringe areas. 
 
2. In planning and development of infrastructures such as: recreational ar-

eas, burial grounds, place for cattle farms and location for new slaugh-
terhouses etc. in fringe area of the city. 
 

3. In terms of time as, manual survey for verification of landuse / cover 
classes in high-likely areas for urban expansion in fringe is very time 
consuming and expensive as well. 
 

4. In absence of uncertainty map it will be hard and time consuming as well 
to know most heterogeneous areas for the proper development of infra-
structure viz., roads, bridges, flyovers etc., as manual survey will be the 
only option in that case. 
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5. Without multi criteria analysis, defined membership values for different 
distance combinations show very sharp changes in weighted values 
which are rather abrupt and arbitrary as well. 
 

6. In absence of optimum location of samples the only way to reduce un-
certainty in high-likely zones is manual survey which is very expensive 
and time consuming as well. 

 
High-likely map generated with reduced uncertainty using spatial sampling 

method may help the town planner in: 
 
1. Designing of fringe for further urban area enhancement. 

 
2. Making rules and regulation for land-use and construction of buildings. 

 
3. Planning for proper infrastructure management. 

 
4. Plan for solid waste management 

 
5. Location and plan for the development of recreational areas etc. 

 
 

5.1. Recomendations 

  
The proposed study can be enhanced and enriched in a way by taking some more 
users into the consideration for example; 
 

1. An environmentalist 
2. A farmer 
3. A construction company or a private builder 
4. A person who wants to buy a plot for construction of house etc. 

 
In that case some more variables have to be mapped for a precise and meaning-
ful study like; 
 

• Wet-lands 
• Waste-lands 
• Reserve areas 
• NDVI, Slope map and DEM of the area etc. 
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6. Conclusion  

• The supervised fuzzy classification based on region of interest shows to 
be a promising tool as it provides required number of thematic classes to 
the user and facilitates in terms of providing membership images also for 
each thematic class. 

 
• Membership images for different thematic classes can also be used to 

generate different kind of confusion index map as generated in the pro-
posed study for the identification of vague zones. 
 

• Optimization of the sample points was proposed through the correlation 
of image resolution (pixel size) with the support size. 
 

• Different other methods of measuring heterogeneity of different thematic 
classes present the area can also be included to enrich the information of 
uncertainty in the image as patchiness calculation is used in the current 
study.   
 

• Optimization of sampling allocation with the use of simulated annealing 
shown a promising way and further it can be used for other urban related 
studies where manual survey is very exhaustive and time consuming to. 
 

• Proposed study was targeted to facilitate town planner of Saharanpur 
city for better and easy governance, planning and infra-structure devel-
opment in the fringe area.  
 

 

 
 
 
 
 
 
 



SAMPLING SCHEME OPTIMIZATION USING UNCERTAINTY IN FUZZY AGRICULTURE PARCEL CLASSIFI-
CATION IN THE CONTEXT OF URBAN EXPANSION IN URBAN FRINGE AREAS 

42 

Bibliography 

1. Aarts, E., and Korst, J., 1990, Simulated annealing and Boltzmann machines-
A stochastic approach to combinatorial optimization and neural computing: 
New York, John Wiley & Sons. 
 

2. Aguilar, A. G., 2008, Peri-urbanization, illegal settlements and environmental 
impact in Mexico City: CITIES, v. 25, p. 133-145. 
 

3. Bohachevsky, I., Johnson, M. E., and Stein, M. L., 1986, Generalized simu-
lated annealing for function optimization: Technometrics, v. 28, p. 209-217. 
 

4. Bourke, P., 1989, Intersection point of two lines. 
 

5. Bruin, S. D., and Stein, A., 1998, Soil-landscape modelling using fuzzy c-
means clustering of attribute data derived from a Digital Elevation model 
(DEM): GEODERMA, p. 17-33. 
 

6. Burrough, P. A., and McDonnell, R. A., 1998, Principle of Geographical In-
formation Systems, Oxford University Press. 
 

7. Chen, C. F., 1999, Fuzzy training data for fuzzy supervised classification of 
remotely sensed images, Asian Conference on Remote Sensing, GIS Devel-
opment. 
 

8. Cheng, J., and Masser, I., 2003, Urban growth pattern modelling: a case study 
of wuhan city, PR China: Landscape and Urban Planning, v. 62, p. 199-217. 
 

9. Cochran, W. G., 1968, Sampling Techniques, John Wiley & Sons. 
 

10. Debba, P., van Ruitenbeek, F. J. A., van der Meer, F. D., Carranza, E. J. M., 
and Stein, A., 2005, Optimal field sampling for targeting minerals using hy-
perspectral data: Remote Sensing of Environment, v. 99, p. 373-386. 
 

11. Degruijter, J. J., and Terbraak, C. J. F., 1990, Model-Free Estimation from 
Spatial Samples - a Reappraisal of Classical Sampling Theory: Mathematical 
Geology, v. 22, p. 407-415. 
 

12. Di Zio, S., Fontanella, L., and Ippoliti, L., 2004, Optimal sampling schemes 
for environmental surveys: Environmental and Ecological Statistics, v. 11, p. 
397-414. 
 

13. Fazal, S., 2001, The need for preserving farmland A case study from a pre-
dominantly agrarian economy (India): Landscape and Urban Planning, v. 55, 
p. 1-13. 
 

14. Fazal, S., 2000, Urban expansion and loss of agricultural land - a GIS based 
study of Saharanpur City, India: Environment and Urbanization, v. 12, p. 
133-149. 

 
15. Gopal, S., and Woodcock, C., 1994, Theory and methods for accuracy as-

sessment of thematic maps using fuzzy sets: Photogrammetric Engineering & 
Remote Sensing, v. 60, p. 181-188. 



SAMPLING SCHEME OPTIMIZATION USING UNCERTAINTY IN FUZZY AGRICULTURE PARCEL CLASSIFI-
CATION IN THE CONTEXT OF URBAN EXPANSION IN URBAN FRINGE AREAS 

43 

 
16. Jat, M. K., Garg, P. K., and Khare, D., 2008, Monitoring and modelling of 

urban sprawl using remote sensing and GIS techniques: International Journal 
of Applied Earth Observation and Geoinformation, v. 10, p. 26-43. 
 

17. Kint, V., Robert, D. W., and Noel, L., 2004, Evaluation of sampling methods 
for the estimation of structural indices in forest stands: Ecological Modelling, 
v. 180, p. 461-476. 
 

18. Kirkpatrick, S., Gelatt, C. D., and Vecchi, M. P., 1983, Optimization by simu-
lated annealing: Science, v. 220, p. 671-680. 
 

19. Lark, R., 1998, Forming spatially coherent regions by classification of multi-
variate data: an example from the analysis of maps of crop yield. Geographi-
cal information science, v. 12, p. 83-98. 
 

20. Liu, H., and Zhou, Q., 2005, Developing urban growth predictions from spa-
tial indicators based on multi-temporal images: Computers, Environment and 
Urban Systems, v. 29, p. 580-594. 
 

21. Lucieer, A., 2004, Uncertainties in Segmentation and their Visualisation 
[PhD Thesis], Utrecht University and ITC. 
 

22. Lucieer, A., 2008, PARBAT, version 0.26, http://parbat.lucieer.net. 
 

23. Maselli, F., Gilabert, Amparo, M., and Conese, C., 1998, Integration of high 
and low resolution NDVI data for monitoring vegetation in mediteranean en-
vironments: Remote Sensing of Environment, v. 63, p. 208-218. 
 

24. Moore, D., and McCab, G. P., 2002, Introduction to the practice of statistics, 
W.H. Freeman and company. 
 

25. Pilz, J., and Spock, G., 2006, Spatial sampling design for prediction taking 
account of uncertain covariance structure, in Caetano, M., and Painho, M., 
ed., 7th International Symposium on Spatial Accuracy Assessment in Natural 
Resources and Environmental Sciences.: New University of LISBON, p. 109-
118. 
 

26. Reenberg, A., and Fog, B., 1995, The spatial pattern and dynamics of a sahe-
lian agro-ecosystem landuse systems analysis combining household survey 
with georelated information: GeoJournal, v. 37, p. 489-499. 
 

27. Rogerson, P. A., Delmelle, E., Batta, R., Akella, M., Blatt, A., and Wilson, 
G., 2004, Optimal sampling design for variables with varying spatial impor-
tance: Geographical Analysis, v. 36, p. 177-194. 
 

28. Saaty, T. L., 2001, Fundamentals of The Analytic Hierarchy Process, in 
Schmoldt, D. L., Kanagas, J., Mendoza, G. A., and Pesonen, M., eds., The 
Analytic Hierarchy Process in Natural Resource and Environmental Decision 
Making: The Netherlands, Kluwer Academic Publishers, p. 15-35. 

 
29. Sacks, J., and Schiller, S., 1988, Spatial designs, in Gupta, S. S., and Berger, 

J. O., eds., Statistical decision theory and related topics IV, Volume 2: New 
York, Springer-Verlag, p. 385-399. 
 



SAMPLING SCHEME OPTIMIZATION USING UNCERTAINTY IN FUZZY AGRICULTURE PARCEL CLASSIFI-
CATION IN THE CONTEXT OF URBAN EXPANSION IN URBAN FRINGE AREAS 

44 

30. Simmonds, I. G., 1989, Changing the Face of the Earth: Culture, Environ-
ment, History: UK, Blackwell. 
 

31. Stehman, S. V., 2004, Remote Sensing and GIS Accuracy Assessment, in 
Lunetta, R. S., & Lyon, J. G., ed., Remote Sensing and GIS Accuracy As-
sessment, CRC Press, p. 304. 

 
32. Stehman, S. V., Sohl, T. L., and Loveland, T. R., 2005, An evaluation of 

sampling strategies to improve precision of estimates of gross change in lan-
duse and landcover: International Journal of Remote Sensing, v. 26, p. 4941-
4957. 
 

33. Stein, A., and Ettema, C., 2003, An overview of spatial sampling procedures 
and experimental design of spatial studies for ecosystem comparisons: Agri-
culture Ecosystems & Environment, v. 94, p. 31-47. 
 

34. Tang, J., Wang, L., and Myint, S. W., 2007, Improving urban classification 
through fuzzy supervised classification and spectral mixture analysis: Interna-
tional Journal of Remote Sensing, v. 28, p. 4047-4063. 
 

35. Tapia, R., 2004, Optimization of sampling schemes for vegetation mapping 
using fuzzy classification [M.Sc Thesis]: Enschede, ITC. 
 

36. Tapia, R., Stein, A., and Bijker, W., 2005, Optimization of sampling scheme 
for vegetation mapping using fuzzy classification: Remote Sensing of Envi-
ronment, v. 99, p. 425-433. 
 

37. Tiwari, D. P., 2007, Challenges in urban planning for local bodies in India, 
Map India: New Delhi. 
 

38. Townsend, P. A., 2000, A quantitative fuzzy approach to asses mapped vege-
tation classifications for ecological applications: Remote Sensing of Envi-
ronment, v. 72, p. 253-267. 
 

39. Van Groenigen, J. W., 2000, The influence of variogram parameters on opti-
mal sampling schemes for mapping by kriging: Geoderma, v. 97, p. 223-236. 
 

40. Van Groenigen, J. W., and Stein, A., 1998, Constrained optimization of spa-
tial sampling using continuous simulated annealing: Journal of Environmental 
Quality, v. 27, p. 1078-1086. 
 

41. Vanderbilt, D., and Louie, S. G., 1984, Monte-Carlo simulated annealing ap-
proach to optimization over continuous variables: Journal of Comput. Phys., 
v. 36, p. 259-271. 
 

42. Wang, G., Gertner, G., and Anderson, A. B., 2005, Sampling design and un-
certainty based on spatial variability of spectral variables for mapping vegeta-
tion cover: International Journal of Remote Sensing, v. 26, p. 3255-3274. 
 

43. Webster, R., and Oliver, M. A., 2001, Geostatistics for Environmental Scien-
tists, Jhon Wiley & Sons, Ltd. 

 
 
 
 



SAMPLING SCHEME OPTIMIZATION USING UNCERTAINTY IN FUZZY AGRICULTURE PARCEL CLASSIFI-
CATION IN THE CONTEXT OF URBAN EXPANSION IN URBAN FRINGE AREAS 

45 

44. Wendroth, O., Reynolds, W. D., Vieira, S. R., Reichardt, K., and Wirth, S., 
1997, Statistical approaches to the analysis of soil quality data, in Gregorich, 
E. G., Carter, M. R., ed., Soil Quality for Crop Production and Ecosystem 
Health: Amsterdam, Elsevier, p. 247-276. 
 

45. Wollum, A. G., 1994, Soil sampling for microbiological analysis, in Weaver, 
R. W., et al., ed., Methods of Soil Analysis., Volume Part 2. Microbiological 
and Biochemical Properties: Madison, Soil Science Society of America, p. 1-
14. 
 

46. Zhang, J., and Foody, G. M., 2001, Fully fuzzy supervised classification of 
sub-urban land cover from remotely sensed imagery: statistical and artificial 
neural network approaches: International Journal of Remote Sensing, v. 22, p. 
615-628. 
 

47. Zhou, W., and Troy, A., 2008, An object-oriented approach for analysing and 
characterizing urban landscape at the parcel level: International Journal of 
Remote Sensing, v. 29, p. 3119-3135. 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
  



SAMPLING SCHEME OPTIMIZATION USING UNCERTAINTY IN FUZZY AGRICULTURE PARCEL CLASSIFI-
CATION IN THE CONTEXT OF URBAN EXPANSION IN URBAN FRINGE AREAS 

46 

Appendix – 1 

Structure of BNA file 
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Appendix – 2 

Code for MU (modified uncertainty) calculation, using R 

  
##################################################################### 
##### Program to calculate the modified CI image 
#################################################################### 
 
nb <- 4 
 
Path <- 'E:\\ALGORITHMS\\membership\\' 
 
######################################################### 
### importing each band of image 
######################################################### 
i<-1 
input <- paste(Path, 'membership',i,'.txt', sep='') 
temp <- read.table(input, skip = 5) 
d <- dim(temp) 
nri <- d[1] 
nci <- d[2] 
 
img <- array(0, c(nri,nci,nb)) 
img[,,i] <- as.matrix(temp) 
 
for(i in 1:nb) 
{ 
 input <- paste(Path, 'membership',i,'.txt', sep='') 
 temp <- read.table(input, skip = 5) 
 img[,,i] <- as.matrix(temp) 
 
} 
x  <- array(0,nb) 
max <- 0 
imgf <- array(0, c(nri,nci)) 
 
        for(j in 1:nri) 
          { 
            for(k in 1:nci) 
              { 
               x[1] <- img[j,k,1] 
               x[2] <- img[j,k,2] 
               x[3] <- img[j,k,3] 
               x[4] <- img[j,k,4] 



SAMPLING SCHEME OPTIMIZATION USING UNCERTAINTY IN FUZZY AGRICULTURE PARCEL CLASSIFI-
CATION IN THE CONTEXT OF URBAN EXPANSION IN URBAN FRINGE AREAS 

48 

               max <- x[1] 
                
               for(l in 2:nb) 
                 { 
                 if(max < x[l]) 
                    { 
                     max <- x[l] 
                    } 
                  } 
                  max <- (1-max)/max 
                  max <- round(max,digits = 4) 
                   
                 imgf[j,k] <- max     
                 x  <- array(0,nb) 
                 max <- 0 
               } 
          }         
           
write.table(imgf[,], file = 
paste(Path,'Modified_CI','.txt',sep=''),append=FALSE,quote=TRUE,sep =" 
",eol="\n",na="NA",dec=".",row.names=FALSE,col.names=FALSE,qmethod=c("esc
ape","double"))           
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Appendix – 3 

Code for Patchiness calculation, using R 

##################################################################### 
##### Program for calculation of patchiness in the image 
#################################################################### 
 
Path <- 'D:\\patchiness\\' 
 
Inputfile <- paste (Path, 'reclass_erdas','.txt', sep='') 
temp <- read.table (Inputfile, skip = 5) 
 
d <- dim (temp) 
nri <- d[1] 
nci <- d[2] 
 
img <- array(0, c(nri,nci)) 
img[,] <- as.matrix(temp) 
 
nc <- 4 
ws <- 3 
 
nro <- trunc(nri/ws) 
nco <- trunc(nci/ws) 
imgf <- array(0,c((nro*ws),(nco*ws))) 
 
frq <- array(0,nc) 
r1 <- 0 
r2 <- 0 
c1 <- 0 
c2 <- 0 
x <- 0 
tmp <- 0 
 
for(i in 1:nro) 
{ 
  r2 <- r2+ws 
  r1 <- r2-(ws-1) 
 
  sr <- seq(from = r1,to = r2,by = 1) 
    for(j in 1:nco) 
       { 
       c2 <- c2+ws 
       c1 <- c2-(ws-1) 
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       sc <- seq(from = c1,to = c2,by = 1) 
 
               for(k in sr) 
                { 
                 for(l in sc) 
                  { 
                   tmp <- img[k,l] 
                   frq[tmp] <- frq[tmp]+1 
                  } 
               } 
 
              for(m in 1:nc) 
               { 
                 if(frq[m]!= 0) 
                    { 
                     x <- x+1 
                    } 
               } 
                
             for(n in sr) 
               for(p in sc) 
                  { 
                   imgf[n,p] <- x 
                  } 
 
        x <- 0 
        frq <- array(0,nc)  
        } 
        c1 <- 0 
        c2 <- 0 
}   
 
write.table(imgf[,], file = 
paste(Path,'pachiness','.txt',sep=''),append=FALSE,quote=TRUE,sep =" 
",eol="\n",na="NA",dec=".",row.names=FALSE,col.names=FALSE,qmethod=c("esc
ape","double")).                  
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