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Abstract
Analysis of high resolution remote sensing images, included in the object-oriented approach, involved clas-
sifying the image objects according to class descriptions organised in an appropriate knowledge base. This 
technique is created by means of inheritance mechanisms, concepts, and methods of fuzzy logic and seman-
tic modeling. The process of the object oriented classification mainly involved two sections: multiresolution 
segmentation and image classification. Multiresolution segmentation is a new procedure for image object 
extraction. It allows the segmentation of an image into a network of homogeneous image regions at any 
chosen resolution. These image object primitives represent image information in an abstract form, serving 
as building blocks and information carries for subsequent classification. A study was taken up to perform 
object oriented fuzzy classification using high resolution satellite data (Cartosat-1 fused with IRS-1C, LISS 
IV data) for automatic building extraction in the study area covering the administrative area of BHEL (Bharat 
Heavy Electrical Limited) colony, Haridwar, Uttrakhand (India). The study area was located at 29°56’55.51”N 
to 29°56’11.49”N latitude and 78°05’42.45”E to 78°07’00.09”E longitude. Two approaches were used: ap-
plying different spatial filters, and object orientation. The merged image is filtered using different high pass 
filters, such as: Kirsch, Laplace, Prewitt, Sobel, and Canny filtered images. The overall accuracy of the classified 
image was 0.93, and Kappa accuracy was 0.89. The produced accuracy for buildings, vegetation, and shadows 
were 0.9545, 1.0, and 0.8888, respectively, whereas user accuracy for buildings vegetation, and shadows were 
1.0, 0.9375, and 1.0, respectively. Overall classification accuracy was based on TTA mask (training and test 
area mask) and it was 0.97. Kappa accuracy was 0.95. 
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Introduction

Land use in urban areas changes continuous-
ly mainly due to the construction of new build-
ings, roads, and other man-made objects. 
Map content should be regularly updated 
to include the changes. The building region 
is one of the important land types in land cov-
er classification. The extracted buildings are 
useful for disaster monitoring and building 
reconstruction, as well as other applications, 
such as urban planning, and telecommunica-
tion. Urban areas are rapidly changing. The 
changes are mainly due to human activities 
in construction, destruction, or extension 
of topographic elements such as buildings 
and roads. These changes in the urban envi-
ronment mean that old records must be kept 
updated. Planners can then count on having 
available, accurate building zones for urban 
planning, maintenance, and development 
(Pandey 2004). Although automatic build-
ing extraction has great importance in city 
planning and for natural disaster and crisis 
management, it remains a complex problem 
for scientists. There are problems encoun-
tered in building extraction approaches. The 
main problem is confusing the building class 
with other object classes, such as shadows, 
vegetation, and the ground. The detection 
of a non-building as a building, and mixing 
together trees and shadows are examples 
of other misclassification problems. These 
misclassification problems, which are attrib-
utable to a single dataset and method, have 
a negative effect on the accuracy of the clas-
sification process. For this reason, different 
approaches and methods have been pro-
posed to solve the problems caused by the 
complexity of the classification process (Uzar 
2014). Object-based image analysis, or geo-
graphic object-based image analysis, is an 
emerging field resulting from new earth 
observation techniques and concepts, and 
has received considerable impetus over the 
last decade (Blaschke 2010). Object-based 
analysis is formally defined as “a sub-dis-
cipline of Geographic Information Science 
(GIScience) devoted to developing automated 

methods to partition remote sensing imagery 
into meaningful image-objects, and assessing 
their characteristics through spatial, spectral, 
and temporal scales, so as to generate new 
geographic information in GIS-ready format” 
(Hay & Castilla 2008: 77).

There are many different approaches for 
building and road extraction from high-res-
olution remote sensing imagery. At present, 
template matching and snakes are methods 
for roads extraction based on the spectrum 
feature (Hu et al. 2002; Ding et al. 2010). 
But for high resolution satellite images, the 
phenomenon where the same things have 
different spectrums and the same spectrums 
belong to different things, is very obvious. The 
traditional methods could not solve the prob-
lem. Automatic building and road extraction 
algorithm can reduce both time and labor 
to construct and update the road spatial 
database in such applications. However, fully 
automated algorithms to recognise the road 
for applications where accuracy is critical are 
very difficult (Jeon et al. 2002; Tupin et al. 
2002; Chaudhuri et al. 2012; Teng et al. 2014).

Remote sensing is very important when 
used for collecting geographical data. Huge 
remote sensing images have been increasing 
rapidly. Currently, thousands of GB remote 
sensing images can be generated and need 
to be managed. High resolution remote sens-
ing images are vital for national defense, dis-
aster relief, and so on (Bruzzone et al. 2006). 
The automated or semi-automated analysis 
of these images has been obstructed by the 
high complexity of such images (Gupta & Bha-
dauria 2014). The datasets obtained from dif-
ferent sensor systems create the opportunity 
for the development of methods to extract 
objects (Baltsavias 1999; Tarsha-Kurdi et al. 
2007; Matikainen et al. 2009; Rottensteiner 
2012). Regarding the data source, due to the 
limitations of using single-source data, the 
integration of multi-sensor data is desired 
because this method preserves the many 
advantages of the involved datasets (Gruen 
2008; Kwak et al. 2012).

High resolution satellite images provide 
a valuable new data source for geographic 
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information acquisition. Building detection 
from high resolution satellite images has 
attracted great attention in recent years. 
To automate the process and produce reli-
able, precise, and complete datasets, multi-
ple data sources and advanced techniques 
should be used (Lee et al. 2003). The increas-
ing availability of the high spatial resolution 
satellite images has provided a new data 
source for building extraction. When com-
pared with the aerial photographs, the high 
resolution satellite images provide several 
advantages that include cost and accessibil-
ity. A number of recent studies have used the 
spectral reflectance values to detect build-
ings (Shan & Lee 2002). 

Geographic data acquisition is usu-
ally very time consuming and costly (Chang 
2007). Thus, many Geographic Information 
System (GIS) applications suffer from the 
lack of current land cover use information. 
This problem could be overcome by using 
remote sensing technology. Data acquisition 
by remote sensing for mapping and GIS has 
traditionally been characterised by efficient 
and accurate manual extraction. But, manual 
information extraction is time consuming and 
requires qualified people. Speeding up this 
process with the use of automatic or semi-
automatic feature extraction techniques has 
become a necessity. Using a combination 
of multiple data sources and the integration 
of images with the other data sources such 
as DSMs, existing GIS data, ground plans, 
and prior knowledge, appears to be a new 
trend in building extraction.

Automatic extraction of urban buildings 
from high resolution satellite images has 
been an active research subject for a decade. 
Most early works used black and white aer-
ial images as a single data source (Huertas 
& Nevatia 1988; Lin & Nevatia 1998). These 
methods are mainly based on edge detection, 
line extraction, and building polygon gen-
eration. Several approaches have used the 
building models to facilitate and automate 
the building extraction procedure (Tseng 
& Wang 2003). Research in feature extrac-
tion is still very diverse and object extraction 

is a fundamental computer vision operator. 
There are different methodologies for feature 
extraction, especially for linear features such 
as image fusion for feature extraction (Pigeon 
et al. 2001), the fuzzy-based approach 
(Agouris et al. 1998), mathematical morphol-
ogy (Zhang et al. 1999), the model based 
approach (Bückner 1998), dynamic program-
ming, multi-scale grouping and context (May-
er et al. 1997), and kalman filtering. 

The strong motivation to develop tech-
niques for the extraction of image objects 
stems from the fact that most image 
data exhibit a characteristic texture which 
is neglected in common classifications. This 
is true despite the fact that scientists had 
already started to tackle this problem in the 
1970s (Kettig & Landgrebe 1976; Burnett 
& Blaschke 2002). Human visual perception 
involves a set of processes for distinguishing 
top-down attention from the stimulus-driven 
bottom up (Itti & Koch 2001). 

Most of the recent work on building extrac-
tion from high resolution satellite images 
is based on supervised techniques. These 
techniques either require a digital image pro-
cessing classification method based on initial 
training data to provide hypotheses for the 
positions and sizes of the candidate build-
ing features (Lin & Nevatia 1998; Benedik-
tsson et al. 2003), or they use training sets 
or model databases to classify or match 
the buildings (Kim & Nevatia 1999; Segl 
& Kaufmann 2001). Supervised classifica-
tion is one of the most commonly undertaken 
analyses of remotely sensed data. The output 
of a supervised classification is effectively 
a thematic map that provides a snapshot rep-
resentation of the spatial distribution of a par-
ticular theme of interest such as land cover. 
The goal of a supervised image classification 
system is to group images into semantic cat-
egories, giving the opportunity for fast and 
accurate image search (Rizvi & Mohan 2010).

The main steps in digital image process-
ing are: (a) preprocessing, which is a data 
preparation step for contrast enhancement, 
noise reduction or filtering (Chen 1998; Gon-
zalez & Woods 2002), (b) feature extraction, 
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for retrieving non-redundant and significant 
information from an image. This opera-
tion is targeted at achieving time efficiency 
at the cost of data reduction (Pal & Pal 1993; 
Lucchese & Mitra 2001) followed by object 
detection, localisation, and recognition, which 
determine the position, location, and orienta-
tion of objects (Foresti & Pellegrino 2004). 

The new availability of very high resolution 
satellite images offers a mapping potential 
for scales reaching from 1:5,000 to 1:10,000 
(Puissant & Weber 2002). Classification 
of high-resolution satellite images using stand-
ard per-pixel approaches is difficult because 
of the high volume of data, as well as the high 
spatial variability within the objects. Segmen-
tation of the images is carried out using the 
region based algorithms, such as morphologi-
cal marker based watershed transformation, 
by employing the advantages of multiresolu-
tion framework and multiscale gradient algo-
rithms. The segmentation of the color images 
is obtained using watershed transformation 
to get homogenous regions. The classification 
technique is then applied to these homog-
enous regions taking the shape, texture, 
and spectral properties of the regions (Rizvi 
& Mohan 2010).

Man-made objects such as buildings 
can be easily detected. The research in this 
domain expect significant results in the field 
of remote sensing in urban areas. However, 
the real potentialities dealing with such high 
resolution image data remain relatively 
unknown. Problems and difficulties appear 
when extracting objects with a high, local-
-variance context and spectral signatures 
disturbances (Lhomme et al. 2004). Thus, 
the extraction methods should be adapted 
to these new images. Problems and difficul-
ties appear when extracting objects which 
have a high, local-variance context and spec-
tral signature disturbances (Lhomme et al. 
2004). Thus, the extraction methods should 
be adapted to these new images.

The main objectives of this paper are 
to analyse the result of automatic extraction 
of buildings from high resolution imagery, and 
processing of images using edge detectors. 

Study area 

The study area covered the administrative 
area of BHEL (Bharat Heavy Electrical Lim-
ited) colony, Haridwar, Uttrakhand. In India, 
BHEL is the largest engineering and manu-
facturing enterprise in the energy-related 
infrastructure sector, today. Bharat Heavy 
Electrical Limited was established more than 
40 years ago, and was founded in the 1950s. 
Its operations are organised around three 
business sectors: Power, Industry including 
Transmission, Transportation, and Telecom-
munication and Renewable energy. The com-
pany has been earning profits continuously 
since 1971-1972 and paying dividends since 
1976-1977. The geographical location of the 
study is shown in the Figure 1.

Software and data used

In this paper the following software was used: 
Erdas Imagine (ver. 10), Definiens Developer 
(eCognition ver. 8), ArcGIS (ver. 9.3), and 
MS Office. 

The Cartosat-1 spacecraft is config-
ured with Panchromatic cameras which 
are mounted so that one camera is looking 
at +26 degree with respect to nadir and 
the other at -5 degree with respect to nadir 
along the track. These two cameras com-
bined, provide stereoscopic image pairs 
in the same pass. Also, the whole spacecraft 
is steerable across track to provide wider 
coverage in a shorter period. A brief descrip-
tion of the payload and the other mainframe 
elements are given in Tables 1 and 2. Satel-
lite data used in this study is georeferenced 
with UTM-zone 44 projection system and 
WGS-84 datum.

Methodology

The process of automatic feature extraction 
is mainly divided into three parts: (a) image 
processing, (b) information extraction using 
spatial filtering, (c) information extraction 
using fuzzy rule based classification. 
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Table 1. Orbit specifications of Cartosat-1

No. Orbit Characteristic Specification

1 Nominal altitude 617.99 km
2 Number of orbits per day 15
3 Orbital repeativity cycle 116 days
4 Local time for Equatorial 

crossing
10:30 am

5 Orbital parameters:
 · Semi major axis
 · Eccentricity
 · Inclination

6996.12 km
0.001
97.87 degree

The panchromatic image of the study 
area was fused with the multispectral images 
using a Brovey transformation and the near-
est neighborhood method. There are other 
methods for the image fusion-like principle 
component analysis. They are Intensity Hue 
and Saturation (IHS), and multiplicative. All 
these methods have been tested for better 
output but out of these methods, the Brovey 
Transform was found to be the best for the 
study purposes. Multiplicative is also used 
for the urban application. Details of method-
ology for automatic feature extractions are 
given in Figure 2.

The fuzzy classification method takes into 
account that there are pixels of mixed makeup, 

that is, pixels cannot be definitively assigned 
to one category. “Clearly, there needs to be 
a way to make the classification algorithms 
more sensitive to the imprecise (fuzzy) nature 
of the real world” (Jensen 1996). Fuzzy clas-
sification works using a membership function, 
where a pixel value is determined by whether 
it is closer to one class than another. A fuzzy 
classification does not have definite bounda-
ries, and each pixel can belong to several dif-
ferent classes (Jensen 1996).

Two approaches are used for automatic 
feature extraction in the study area: (1) apply-
ing different spatial filters and (2) object 
oriented fuzzy classification. The concept 
of object based information extraction is that 
to interpret an image, the relevant semantic 
information is represented by meaningful 
image objects and their mutual relationship 
rather than individual pixels (Gupta & Bha-
dauria 2014).

Approach 1

Filtering is a broad term, which refers to the 
altering of spatial or spectral features for 
image enhancement. Convolution filtering 

Figure 1. Geographical location of the study area in the Haridwar district, Uttrakhand (India) shown 
in satellite data
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Table 2. Cartosat-1 payload specification

No. Parameter Name Specification Fore (+26 deg) and
Aft (-5 deg)

1 Spatial resolution:
GIFOV (across-track × along track)

2.5 × 2.78 m (Fore); 2.22 × 2.23 m (Aft)

2 Spectral resolution: 
 · No. of bands 
 · Bandwidth

1 Panchromatic 
500 nm to 850 nm

3 Radiometric resolution: 
 · Saturation radiance 
 · Quantisation 
 · SNR

55mw/cm*cm/str/micron 
10 bits 
345 at saturation radiance

4 Swath (stereo) Fore + Aft combined (mono) 30 km 26.855 km

5 CCD parameters: 
 · No. of detectors / elements 
 · Detector element size 
 · Odd-Even Spacing

12,000 per camera 
7 × 7 microns 
35 microns staggered

6 Optics: 
 · No. of mirrors 
 · Effective focal length (mm) 
 · F-Number 
 · Field of view (degrees)

3 
1980 
F/4.5 
± 1.08

7 Integration time (ms) 0.336

8 Nominal B/H ratio for stereo 0.62

Fused Image

Multiresolution segmentation

Classification based on segmentation

Exporting the building features

Automatic extraction of buildings

Accuracy Assessment

Figure 2. Flow chart of automatic feature extraction
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is the process of averaging small sets of pix-
els across an image. Convolution filtering 
is used to change the spatial frequency char-
acteristics of an image (Jensen 1996).

The merged image is filtered using dif-
ferent high pass filters like Kirsch, Laplace, 
Prewitt, Sobel, and Canny filtered images 
(Fig. 3 a-e). These filters are used for the 
detection of the edges but were not found 
appropriate for the study area. For this rea-
son, this method was discarded and another 
approach was used which was suitable for 
detection of the edge.

Approach 2

Multiresolution segmentation is a new pro-
cedure for image object extraction. It allows 
for the segmentation of an image into a net-
work of homogeneous image regions at any 

chosen resolution (Pandey 2004; Dell’Acqua & 
Gamba 2007). These image object primitives 
represent image information in an abstract 
form serving as building blocks and infor-
mation carries for subsequent classification. 
Beyond purely spectral information, image 
objects contain a lot of additional attributes 
which can be used for classification. Image 
objects offer some basic advantages:
• Multiresolution segmentation separates 

adjacent regions in an image as long 
as they are significantly contrasted, even 
when the regions themselves are charac-
terised by a certain texture or noise. Thus, 
even textured data can be analysed.

• Homogeneous image objects provide 
a significantly increased signal-to-noise 
ratio compared to single pixels, as to 
the attributes to be used for classifica-
tion. Thus, independent of the multitude 

Figure 3 (a-e). Filtered images (Kirsch, Laplace, Prewitt, Sobel, Canny filtered images)
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of additional information, the classifica-
tion is more robust.

• Each classification task has its specific 
scale. Only image objects of an appropri-
ate resolution permit analysis of meaning-
ful contextual information. Multiresolution 
segmentation provides the possibility 
to easily adapt image object resolution 
to specific requirements, data and tasks.

• Segmentation drastically reduces the 
sheer number of units to be handled for 
classification. Even if a lot of intelligence 
is applied to the analysis of each single 
image object, the classification works rela-
tivity fast.

• Using the possibility to produce image 
objects in different resolutions, a project 
can contain a hierarchical network with 
different object levels of different resolu-
tions. This structure represents image 
information on different scales simulta-
neously. Thus, different object levels can 
be analysed in relation to each other. For 
instance, image objects can be classified 
as to the detailed composition of sub-
-objects.

• The object oriented approach which first 
extracts homogeneous regions and then 
classifies them, avoids the annoying salt 
and pepper effect of the more or less 
spatially finely distributed classification 
results, which are typical of pixel based 
analysis.

Result and Discussion

Multiresolution segmentation

First of all, the Cartosat-1 fused image was 
segmented using Definiens Developer. The 
building segmentation was carried out 
to adjust the scale parameter, shape factor, 
and compactness. These parameters should 
be adjusted so that the process gives a homo-
geneous region with a defined boundary of the 
object of interest. Once these parameters’ 
ratios are adjusted into a homogeneous pat-
tern, different rules can be implemented using 
the fuzzy rule base for feature extraction. 

Table 3 shows the parameters used for seg-
mentation. The process of segmentation 
by scale parameters 17, 30, and 40 were 
used, respectively.

Table 3. Parameters used for segmentation

Scale parameter 17 30 40

Homogeneity 
criterion

Shape factor 0.2 0.2 0.3

Compactness 0.4 0.5 0.5

No. of objects 680 500 122

Definiens Developer software mainly 
works on the concept of object-oriented clas-
sification but also works on the multiresolu-
tion segmentation. The image is segmented 
for the classification of different urban are-
as. Classification was done using a specific 
sets of rules. After being segmented, the 
image was queried with various parameters. 
Different sets of rules were applied on the 
segmented image using different param-
eters for extracting the buildings. So, the 
image was queried with various parameters 
for extracting the buildings. The best results 
of building extraction was achieved by using 
some spectral range, texture, values, and 
shape.

The segmentation was done at varying res-
olutions. This image segmentation technique 
is called multiresolution segmentation. This 
segmentation algorithm was applied on the 
image so that the similar kind of pixels form 
groups according to the applied homogene-
ity criteria. Thus, based on the homogeneity 
criteria, the objects were formed by merging 
the pixels falling under the criteria. 

Result of segmented images 
by different scale parameters

By taking scale parameter 17 and homoge-
neity criteria (shape factor 0.2, compactness 
0.5), the objects are shown lying inside the 
building area in a segmented image. And this 
shows that these parameters are better for 
building extractions (Fig. 4). 
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There are different parameters used for 
deciding the homogeneity criteria for the 
image segmentation. Multiresolution segmen-
tation was done at different scale parame-
ters. The scale parameters determine the size 
of the objects formed during segmentation. 

By taking scale parameter 30 and shape 
factor 0.2, compactness 0.5, the objects 
of interest are shown lying outside the build-
ing-area boundary. It can be discerned that 
this parameter is not very suitable for build-
ing extraction (Fig. 5).

By taking scale parameter 40, shape fac-
tor 0.3, and compactness 0.5, the objects are 
shown lying outside of the area of interest. 
This scale parameter is very helpful for extrac-
tion of big object like large building (Fig. 6).

Throughout the image segmentation, the 
whole image is segmented and image objects 
are generated based on several adjustable 
criteria of heterogeneity in shape. Modifying 
the value of the scale parameter varies the 
size of the resulting image objects. A high-
scale parameter results in large objects and 

Figure 4. Result of a segmented image by scale parameter 17

Figure 5. Result of the segmented image by scale parameter 30

Figure 6. Result of the segmented image by scale parameter 40

GP_2015_3.indb   415 2015-10-08   14:40:33



416 Neeti Shrivastava • Praveen Kumar Rai

Geographia Polonica 2015, 88, 3, pp. 407-421

vice-versa. After segmentation, the image 
is classified as an object-oriented approach. 
This process of classifying objects has been 
done using an export knowledge base which 
is an inbuilt function of Definiens Developer. 
Corresponding to the rule and the knowledge, 
the membership values and multiresolution 
fuzzy curves were defined. Different curves 
describe how the membership value for a spe-
cific expression is assigned and calculated 
for certain feature values of image objects. 
The fuzzy membership functions: Gaussian, 
Full range, Singleton, and Larger, proved the 
most promising for building extraction from 
the segmented image. A class description 
of vegetation, shadows, and buildings were 
analysed and the results are shown in Fig-
ures 7, 8, and 9 respectively.

Class description of vegetation

The segmentation-based classification 
is then applied to the image to call the 
desired classes to merge together to a new 
level. The cleaning process can be carried out 
in this new level and the classification of fur-
ther details can be performed. The standard 
nearest neighbor classification can be car-
ried out as well as the fuzzy logic function 
to assign those desired classes for exporting. 
The object-based classification results, which 
are only based on the spectral mean of the 
digital number itself, are not effective means  
to differentiate buildings with similar spectral 
values in the area.

Figure 7. Classification of vegetated area and 
classification of vegetation class using algorithm 
classification 

Class description of shadow

Different rules have been applied for build-
ing extraction. The class hierarchy gener-
ated for building extraction contains a set 
of object-based rules with their correspond-
ing membership values. Every single rule was 
assigned to one membership function. These 
rules are collectively compiled in a class hier-
archy and the image is classfied for building 
extraction.

Figure 8. Classification of shadow and classifica-
tion of shadow class, using algorithm classification 

Class description of buildings

All classes and their contents are stored 
in the class hierarchy, and can be structured 
in a semantic way in the group hierarchy and 
inherit their conditions by structuring them 
in the inheritance hierarchy. The process tree 
window for the buildings, vegetation, shad-
ows, and features of classification are also 
clearly represented, respectively.

Figure 9. Classification of building and classifica-
tion of building class, using algorithm classification 
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Accuracy measurement

Quantitative assessment 

The quantitative assessment was calculated 
based on area accuracy. It defines the accu-
racy of the extraction in the area, the differ-
ence in reference, and extracted data.

Area accuracy = Area extracted (sq. m) /
Area extracted (sq. m) × 100

Table 4. Number of buildings and difference 
error

No. of building Difference error (%)

1 1.09
2 0.10
3 -3.66
4 6.89
5 14.30
6 -2.20
7 7.71
8 13.86
9 12.70

10 13.50
11 7.08
12 -5.07
13 -3.13
14 -11.25

Number of buildings and the percentage 
of difference error is clearly shown in Table 
4. Building 5 shows maximum 14.30% differ-
ence error. Building 10 shows a 13.50% differ-
ence error. Buildings 3, 6, 12, 13, and 14 show 
a percentage difference error in a negative 

trend, in which building 14 shows a minimum 
-11.25% difference error. 

Classified image

After the classification process, a classified 
image was generated (Fig. 10). When we take 
the building from the classified image, we get 
only the feature of interest i.e. the buildings. 

Overall accuracy of the classified image 
is 0.93 and Kappa accuracy is 0.89. The pro-
duced accuracies for buildings, vegetation, 
and shadows were 0.9545, 1.0, and 0.8888, 
respectively, whereas user accuracies for 
buildings, vegetation, and shadows were 1.0, 
0.9375, and 1.0, respectively.

Overall classification accuracy based 
on the TTA mask (training and test area mask) 
was calculated. Overall classification accura-
cy was 0.97 and Kappa accuracy was 0.95. 
The producer-accuracy for buildings, vegeta-
tion, and shadows were 1.0, 1.0, and 0.7144, 
respectively, and user-accuracy for buildings, 
forests, and shadows were 1.0, 0.9375, and 
1.0, respectively.

The area of the referenced building was 
14,728.46 sq. m whereas the area of the 
extracted buildings were 14,380.37 sq. m. 
The overall accuracy of the building is 97.80%. 
Referenced buildings and extracted buildings 
are shown in Figure 11 (a, b).

Conclusion

A building plays an important role in the urban 
scenario. An urban planner needs access 

Figure 10. Steps for improving building extraction which generate a classified image after fuzzy clas-
sification and its accuracy
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to building data. High resolution satellite 
remote sensing data and related techniques 
can aid the urban planner. There are some 
problems with automatic building extraction 
using remotely sensed data This is especially 
true in urban areas due to the spectral com-
plexity of the scene because buildings lying 
in a low and poor contrast image area could 
not be extracted using Cartosat-1 data. Some 
objects have a spectral reflectance which 
appears similar to buildings. Such an appear-
ance is a hindrance when tone alone is used 
for extraction. Building roofs which are non-
homogeneous, sloping, flat etc. cause differ-
ent spectral properties.

The steps followed in this study gave satis-
factory result when compared with the original 
digitised vector layer. But, also, the clear edg-
es of the buildings were not extracted; which 
coincides with the original image. So the clear 
edges can also be considered as urban build-
ings. The features extracted using the meth-
ods, which are not matching with the edges, 
also should be considered because they are 
at locations where they can be considered 
as the footprints of the buildings.

Image processing software like Erdas 
Imagine (ver. 10) helps to explore an image 
through image classification, and extracts 
the features by using a filtering process. 
The Definiens Developer has several options 

which also play an important role in the 
extraction of these features. When someone 
knows how to use this software, they can 
achieve suitable extractions according to the 
features. The fuzzy classification used in this 
software has many optional classifications 
to extract the features. The simple image 
processing software has its own limitations 
so that the feature extractions are not very 
easy. The edges of the building are extracted 
using the different high pass spatial filter but 
then the edges are not very sharp. So these 
images are to be thinned by using some thin-
ning algorithms. Using automatic extraction 
techniques, there is an adavantage on the 
thinning of the edges of urban buildings 
extracted.
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