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ABSTRACT

Urban feature extraction is a remote sensing technique and this technique assists collection
of geographic information which is very large. Automation of urban feature extraction has inspired
many researchers as it has many applications like creating and updating Geographic Information
System (GIS), Land Information Systems (LIS) and for defense or security purposes as it reduces
manual effort involved in collecting such large scale data. For the past three decades many
algorithms have been developed to extract urban features but the complexity in building detection
has made it difficult for any particular solution to be generic. Even though DEM or thematic
information can be used for this purpose, their availability and cost involved are questionable to suit
building detection. This research aims in creating an object oriented approach that uses pixel based
classification information as prior knowledge for classification of urban features. In any object
oriented approach it is necessary to create objects by a segmentation process, the segmentation
processes used here are multi-resolution and chessboard segmentation. As most of the building
detection techniques use edge information to create segments, so does this method and for this
canny edge detection on intensity3 property was performed that produced better building segments.
Classification is the next step in this process and as there is no additional information for classifying
buildings, they cannot be classified as easily as vegetation or water, so edge and shadow influence
were used for classifying chessboard segments that are of the size of a pixel. Apart from edge and
shadow influence classification at pixel level, vegetation, water, soil and shadow classes were
classified using Water Vegetation Index (WVI) and intensity2. Further as there is no clear
separation between real world objects, fuzzy logic was used for classification at multi-resolution
segment level. The classification rules using fuzzy logic were applied over sub-object class density,
shadow influence coefficient, shape parameters and border density to classify buildings into three
categories and other urban objects. This described process was performed alongside some
refinement processes that used adjacency relationships to generate the final output that gave
buildings, roads, water bodies, trees, grass and soil. This method performed consistently in most of
the ten testsites used for testing this method which are of various densities and complexities.
Further, this method shows a novel approach to building detection which is very fast and cost
effective, because neither elevation information nor thematic information nor sun illumination angle
are used. A slight adaptation of these parameters can help in improving the performance and
portability of the algorithm to suit building detection from a variety of data products.

Keywords: Building detection, Edge detection, Segmentation, Classification, Fuzzy Membership Function,
Band Ratios, Textures, Shape parameters.
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Classification and Building Detection Using Fuzzy Sub-Object Class Density and Shadow Influence

1. INTRODUCTION

1.1. Motivation and Problem Statement:

Urban feature extraction from high resolution satellite (HRS) imagery, as stated by Erener
(2013) is an important remote sensing technique that has many applications in urban planning,
urban mapping, disaster management, updating geographic information system, etc. This
publication also states that using remote sensing technique helps in collecting large scale data
without any physical contact. Buildings are one of the most important features in an urban region,
whose complexity has motivated the development of new algorithms for the past three decades
(Bedawi and Kamel, 2011; Huertas and Nevatia, 1988; Lin and Nevatia, 1998; Liow and Pavlidis,
1990; Liu and Prinet, 2005; Theng, 2006). Most of them describe that high resolution imagery, be it
satellite images or aerial photographs, help detection of urban features but it becomes a difficult task
due to their high spectral and spatial variability. According to Erener(2013), there are many factors
that affect object detection from high resolution satellite imagery in an urban environment. Erner
also mentioned four factors influencing the detection of urban objects, which are surface material
(e.g. soil, brick, metal, etc.), dynamic objects (e.g. cars, markets or squares, etc.), hindrance due to
shadow or adjacent features and finally sensor or climatic factors. These factors make it a difficult
task to develop a generic solution that can extract features from different types of imagery.

Aytekin et al.(2012) mention that requirement of highly skilled labour, manual effort, cost
and time involved in manual digitization of urban objects has inspired researchers to automate
feature extraction methods which will increase the speed and reduce all the resources required. For
feature extraction there are many classifiers like Support Vector Machines (SVM), Maximum
Likelihood Classifiers (MLC), Neural Networks Classifiers (NNC), Decision Trees Classifiers
(DTC) and Object Based Image Classification (Duro et al., 2012; Otukei and Blaschke, 2010; Pal
and Mather, 2003; Petropoulos et al., 2012; Schneider, 2012; Shao and Lunetta, 2012; Srivastava et
al., 2012). Object Based Image Analysis (OBIA) is analyzing groups of pixels as they are usable
objects that can relate image processing techniques and GIS functionalities to solve real-world
problems (Benz et al., 2004; Blaschke, 2010). OBIA is an integration of many remote sensing image
analysis techniques like segmentation, edge detection and feature extraction (Benz et al., 2004;
Blaschke, 2010; Blaschke and Strobl, 2001; Liu and Prinet, 2005; Navulur, 2007). Blaschke (2010),
pg. 3, mentions that, “OBIA has bridged the gap between spatial concepts of multiscale
landscape analysis, Geographic Information System, Geographic Information Science, and
the synergy between image objects and their radiometric characteristics and analyses in
Earth Observation Data.” Further Aytekin et al.(2012)mention that using rule based and content
driven approaches classification of content like vegetation, buildings, roads, etc., is possible.

Of all urban features, classification of vegetation can be easily performed by using NDVI
(Aytekin et al., 2012; Aytekin et al., 2009; Dey et al., 2011; Wuest and Zhang, 2009), but to delineate
buildings and roads in such an easy way will be difficult at due to factors mentioned by Erener
(2013). To overcome such problems and differentiate buildings from other objects either thematic
information (Duan et al., 2004)or elevation information (Awrangjeb et al., 2010; Hermosilla et al.,
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2011; Khoshelham et al., 2010)were used for building detection. The problem with thematic
extraction is that it requires many resources mentioned earlier while the availability and cost
involved in acquiring elevation information of very high resolution to suit building detection is
questionable. In both the cases high resolution imagery is commonly required, so this research aims
at developing a novel approach to reduce manual effort, time and cost involved in these methods.

From the above paragraph, urban feature extraction becomes a complex problem and to
address these problems visual interpretation methods may be the best. Haralick et al.(1973)describe
that images are pictorial information represented as a function of two variables, and mentions that a
meaningful way to describe this pictorial information is to look for human ways of interpreting this
information. They also mention that human interpretation of color photographs involves three
fundamental pattern elements and these are spectral, textural and contextual elements. Spectral
information is the tonal variation of an object between different bands of electromagnetic spectrum,
whereas textural information is the spatial distribution of tonal variation within a band and
contextual information is the relation between block of pictorial data that is being analyzed. Further
Kundu and Pal(1986), py. 433, state that, “visual information is concentrated at points of large
spatial variation of light intensity in a picture’. From this knowledge on visual interpretation,
the properties required to describe an object in OBIA can be resolved into two types which are
natural describers and visual describers. Here, band ratios are being considered as natural describers,
as use of vegetation indices for biomass estimation minimized the effect of soil background, time of
capture and sensor view angle, as mentioned by Nichol and Sarker (2011). Whereas, edge detection
and texturalproperties are being considered for visual describers as they help in acquiring visual
information.

According toBenz et al.(2004), land use and land cover cannot be classified by setting clear
thresholds as ideal thresholds produce unsatisfactory results for their classification. So the above
mentioned natural and visual describers will not be sufficient to develop a solution for classification
and to address this problem a fuzzy approach will be used. Wuest and Zhang (2009)developed a
system in which class densities of objects were measured by means of a pixel based classificaiton,
that was used as prior knowledge, to compare similarity between neighbouring objects for merging.
This approach paves the way for using sub-object class density, as prior informaiton for
classificaiton in this research. Further for building detection edge and shadow informaiton will be
considered here as they were the moslty used properties for building detection(Dey et al., 2011,
Duan et al., 2004; Huertas and Nevatia, 1988; Lin and Nevatia, 1998; Liow and Pavlidis, 1990;
Miller and Zaum, 2005). Apart from these some advanced image analysis techniques avaliable in
eCognition(eCognition, 2010) will be used also be as it provides many object oriented image analysis
tools (Benz et al., 2004).

1.2. Research Objective:

The main objective of this research is to improve building extraction and classification of
urban environment, with Dehradun in India as a case study, using high resolution satellite imagery
by implementing fuzzy rules over sub-object class densitiesof an image that has been segmented
aided by edge detection in addition to multi-spectral information .
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1.2.1. Sub-objectives:

1.3.

1.4.

To assess the usefulness of including edge detection in segmentation of the urban
environment.

To define which properties can be used to describe segments adequately for
classification.

To improve classification of the urban environment by using contextual information
from sub-object densities and shadow for fuzzy classification.
To assess the accuracy in building detection of the proposed method.

Research questions:
The following research questions may help in achieving the above listed research objectives:

How can edge detection be used to improve segmentation?
How can band ratios, textures and contextual information help in describing segments?

How can fuzzy criteria be adapted on selected segment describers for classification and
building detection?

How can accuracy in building detection be assessed for the proposed method?

Innovation aimed at:
The novelty of this research is in developing a generic solution for detecting buildings and

classification that requires no allied information except the image on which the analysis is being
done. Complex fuzzy rule set will be developed for this purpose which will use shadow information
and sub-object classification. The following innovations that will be a part of various stages in this
research are:

1.5.

Adapting edge detection thresholds to generate appropriate building segments.
Adding new properties to describe segments.

Adapting fuzzy rules over sub-object densities.

Classifying buildings into three different types and refining them into a single class.

Structure of the Thesis:
This thesis contains seven chapters. The first chapter is the introduction to this research

which defines the motivation, problem statement, research objectives, research questions and
innovation aimed at. Then the second chapter explains where this research was derived from, and
has the title literature review. The third chapter describes the study area and the dataset used in the
research. The fourth chapter defines the methodology of the research and the concepts involved in
the methodology. The fifth chapter is the output of this research and its analysis. The sixth chapter
is for the discussions in this research. The seventh chapter is the conclusions of this research.
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2. LITERATURE REVIEW

This chapter gives an overview of various techniques and approaches used for classification
and detection of buildings, as there has not been a standard approach for detection of buildings
there is no flow in the literature reviewed here. Further, this chapter will give knowledge of Object
Oriented Image Analysis (OBIA) and contextual information that will help classification.

2.1.  Review on urban feature extraction approaches:

Building detection literature can be divided into two stages, one before the evolution of
high resolution satellite imagery and after.

Shufelt and McKeown(1993), give information of some building detection techniques with
aerial images. They compared four building detection techniques that used edges and shadow
information for locating buildings and extracting them from single intensity aerial images. This
method describes a pixel based evaluation method for building detection that uses manually
digitized building segments as reference. Lin and Nevatia(1998) used Shufelt and McKeown’s(1993)
evaluation technique to detect building roofs generated from edge information that relates shapes of
buildings in an aerial image to those on ground and 3-D evidence (Shadow information) to describe
a building roofs. Mller and Zaum(Miller and Zaum, 2005)extracted buildings from coloured aerial
images using a step by step approach. In this, features were extracted that satisfied certain criteria set
on colour information, geometric measurements, photometric features and structural features and
created a numeric vector for classification observing some samples, this numerical classification was
aided by a contextual classification which used probabilities to finalize the output. Sirmacek and
Unsalan (2008) used colour and shadow information to extract buildings based on box fitting
approach, in this they used canny edge detection(Canny, 1986) to support their approach. In this
paragraph a review of building detection from aerial images and their evaluation was presented, the
next paragraph will present an outline of building detection using satellite images.

Duan et al.(2004)used thematic information for extracting buildings from high resolution
satellite imagery in which he involved fuzzy connectedness relationship for each thematic building
and edge information in which centroids of building objects in a thematic layer were used as seeds.
Song et al.(2006)used manually selected building samples and developed a model that used textures
and shapes to model buildings that were used as prior information. They used this prior information
to indentify Building like Regions (BLR’s) and Candidate Building Regions and used CBR as seeds
to group regions. Then they developed a hypothesis to generate 2-D rooftops and verified it either
by shadow information or by geometry and size.

Ouma et al.(2010)developed an integration frame work to extract buildings, in this optimal-
feature determination that included MLC, a system was used to integrate spectral information,
micro-textures and macro-textures. Cetin et al.(2010)extracted buildings from satellite images using
Adaboost algorithm, this tested 137 textural features and selected the best performers for building
detection. They evaluated the performance of the output using Shufelt and McKeown’s(1993)

PV, MARCH, 2013. 5



approach, this accuracy assessment was performed on six testsites whose accuracy was between
57% and 31%.

Aytekin et al. (2009)used pan-sharpened high resolution satellite imagery to extract
buildings by a multi-step process. These steps were designed to eliminate features that are not
buildings. At first shadow and vegetation were masked out using ratio of hue to intensity and
NDVI. Then the image was smoothened using Mean Shift filter and finally morphological
operations were performed that eliminated unwanted objects and filtered artifacts. Dey et al (2011)
also used a step by step elimination process, here trees were eliminated by NDVI, then shadows of
all types were eliminated, finally roads were eliminated using Gaussian-Maximum Likelihood
function. Then the detected shadows were used as reference to detect buildings based on shadow
object geometry. The neighbouring objects were identified as buildings by moving the centroids of
shadows in the direction sun azimuth angle. This produced an accuracy of 72% for a pan-sharpened
image and 67% for a resampled multi-spectral image.

2.2. Object Based Image Analysis (OBIA):

Wouest and Zhang(2009) state that the improvements in spatial resolutions of satellite
images have limited the pixel based approach as the discrimination between the objects has
increased. This inspires the object oriented paradigm. The increasing disappointment in pixel based
image analysis has lead Blaschke and Strobl (2001) to raise the question “What's wrong with
pixels?”, as mentioned by Blaschke (2010). Benz et al.(2004)state that an object is a group of pixels
called segment, this helps in creating meaningful information to relate image object with real-world
objects. These relations are generated by measuring textural, shape and topological information of
an object. Blaschke (2010) also states that most of the work related to OBIA revolved around the
software “eCognition” (Baatz and Schépe, 2000; Benz et al., 2004; Zhang et al., 2010).

According to Trias-Sanz et al.(2008) image segmentation can be performed on various
parameters. Segmentation algorithms, as stated by Pal and Pal (1993), can be classified into four (a)
point-based, (b) edge-based, (c) region based and (d) combination of algorithms. For segmentation
there are many approaches, some of these are: split and merge approach (Pavlidis and Horowitz,
1974), Quadtree segmentation (Samet, 1984), hierarchical split and merge refinement (Ojala and
Pietikainen, 1999) and multi-resolution segmentation (Baatz and Schédpe, 2000). Multi-resolution
Segmentation has been referred in several publications(Baatz and Schépe, 2000; Benz et al., 2004,
Dey et al., 2011; Hofmann, 2001), this segmentation uses a “Fractal Net Evolution” approach
(Baatz and Schdpe, 1999) for region merging. The aims of this segmentation are (Baatz and
Schépe, 2000):

Production of homogeneous image object-primitives;
e Adaptability to different scales;
e Production of similar segment sizes for a chosen scale;
e Applicability to a variety of data sets;
e Reproducibility of segmentation results; and
e Requirement for reasonably fast performance.
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In this, initially pixels are the objects from where the merging starts. This merging process
measures the change in spectral heterogeneity (Nspectral) @nd shape heterogeneity (hsnape) to check if
these neighboring objects need to be merged or not, this grows iteratively until it reaches the
user defined threshold. Figure 2.1 shows the relationship between various parameters used in
this segmentation, here w;, w,__w, are user defined weights set on each image layer ¢, hcompact
and hgmootness@f€ changes in compactness heterogeneity and smoothness heterogeneity and
Weompact @Nd 1- Weompaci@l user defined weights set on compactness and smoothness while w and
1-w are user defined weights for overall spectral heterogeneity and shape heterogeneity. Further
a scale parameter s should also be defined by the user. If the square of this scale parameter s is
greater than fusion value f, objects will be merged else the merging will stop.Hofmann et
al.(2001) stated that the purpose of these parameters is to influence size, color, shape, smoothness
and image layer information in the creation of objects. These parameters should be set by user in a
trial and error method until the purpose is achieved.

Fusion Value

Ky

)

h spectral h\.‘l ape
$ \%
h' W h / J
1 spectral 1 spectral 1 spectral Iauulp.u ] Tsmooth
Raster Layer | Raster Layer 2 Raster Layer ¢

Figure2.1:(Zhang et al., 2010) Flowchart showing relationship between user defined segmentation parameters
and heterogeneity to obtain fusion value that determines merging process.

Apart from creation of objects, OBIA also requires information that helps classification of
these objects(Blaschke, 2010). This information can be spectral or contextual, which are generated
either by image processing techniques or GIS functionalities (literature for this information are
reviewed in the next section). Benz et al.(2004) used fuzzy systems to model robust and improved
real-world dependencies. In this they also mention that there is no clear demarcation of land use
and land cover classes as they are fuzzy in nature. Further Hofmann et al.(2011) studied the
robustness of integrating fuzzy logic and OBIA. They mention that the ability of this system to deal
with the uncertainty and vagueness in spatial entities helps OBIA to classify desired objects into a
class based on fuzzy description. The degree of membership xdepends on the object value, if =0
then the membership of the object to a class is 0 and if it is 1 the object completely becomes a
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member, while between 0 and 1 the object may be a member or not. Figure 2.1 shows various types
of fuzzy membership functions in which « and g are the lower and upper borders a property that
describes the object while a, is the mean of « and .

L)

Y
=Y

(B

y P a i P

il

(N () (i (i)
Figure2.2 : (Hofmann et al., 2011) Types of fuzzy membership functions, here . is the degree of
membership, a to g is the fuzzy range of a describing property p. (a) Linear fuzzy membership
function and (b) non-linear fuzzy membership function. (i) fuzzy-greater-than, (ii) fuzzy-lower-than,
(iii) fuzzy-range-functions with one maximum membership and (iv) fuzzy-range-functions with a
range of maximum membership.

Furthermore, a combination of properties can be used for a single class as Shown in Figure 2.3 in
which fuzzy logic operators ‘fuzzy-and’ and ‘fuzzy-or’ are used to combine their membership
functions. A combination of such fuzzy sets to develop a classification scheme is called a fuzzy rule
set.

Rule set A
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Figure2.3 : (Hofmann et al., 2011)Examples describing fuzzy rule sets for classification of three classes. Here,
A, B and C are the classes while a, b, ¢, d, e and f are the properties that describe the classes. a to g is the fuzzy
range of a describing property.
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2.3.  Object Describers:

Wouest and Zhang(2009) developed a region based segmentation based on fuzzy similarity
system that used class density vectors as segment describer to compare neighbouring objects for
merging process. This class density vector is a set that measures relative area covered by each class
in an object, for this purpose a pixel based classification was performed which was induced as prior
information. Various classes classified in this pixel based classification are trees, grass, soil, water
and urban. The properties used for classifying them were NDVI (Tucker, 1979), Water Ratio Index
(Navulur, 2007), Blue/Red ratio (Wuest and Zhang, 2009) and green entropy (Shannon, 1949).
These parameters were sufficient for broadly classifying 2.4 m resolution image but these are not
sufficient for identification of buildings and classification of a very high resolution satellite image.

Herold et al.(2004) developed and analyzed spectral libraries ranging from 350 nm
to 2400 nm for urban remote sensing, because mapping of urban environment using remote sensing
technology requires special attention to spectral variability as urban features are highly
heterogeneous. Their study was performed on an urban region named Santa Barbara and Goleta in
USA which had diverse urban features. This study observed different types of urban land use and
land cover features ranging from materials used to landscaping elements to generate spectral library
for urban features (one of their result that aided this thesis is shown in Figure 2.4).

Haralick et al.(1973) mentions that, “textures are one of the important characteristics used
in identifying objects or regions of interest in an image.” This study mentions that 14 textures were
used for classification purpose on dataset like photomicrographs, aerial photographic images and
satellite images and conclude that they have a wide variety of applications for classifications of
images.

eCognition(2010) provides algorithm for many types of contextual information. This
describes many shape properties of objects like shape index, density, roundness, border length, etc.
Apart from these, relative areas of sub-objects, relationships between super-objects and
neighbouring objects are also provided.
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3. DATASET USED AND STUDY AREA

As the aim of this research is to develop a generic solution to detect buildings in high
resolution satellite imagery it is essential to understand the dataset and study area used. This chapter
describes the dataset and study area that will help in analyzing the input parameters and outputs.

3.1. Dataset used:

High resolution satellite images are one of the important sources for automated urban
feature extraction, IKONOS pan-sharpened multispectral imagery, is one such dataset that can be
used for such a purpose. IKONOS satellite produces two kinds of datasets that are multi-spectral
and pan-chromatic images with radiometric resolution of 11-bit per pixel, the technical
specifications of their spatial and spectral resolutions are given below in Table 3.1.The IKONOS
products used in this research were acquired in May, 2008.

Table 3.1 : Sensor specifications of IKONOS satellite imagery.(2010)

('Source: http://www.geoimage.com.au/geoimage/index.php?page=ikonos )

( Source:http://www.e-geos.it/products/geoeye.html )

Band Spectral Range Radiometric Resolution Spatial .
Resolution

Panchromatic ~ 445-900 nm 11-bit (0 to 2047 grey scale values) 1m

Blue 445-516 nm 11-bit (0 to 2047 grey scale values) 4m

Green 506-595 nm 11-bit (0 to 2047 grey scale values) 4m

Red 632-698 nm 11-bit (0 to 2047 grey scale values) 4m

Near Infrared  757-853 nm 11-bit (0 to 2047 grey scale values)) 4m

As the spatial resolution of IKONOS multispectral imagery is 4m and that of the
panchromatic imagery is 1m and using them separately may not accurately extract buildings due to
insufficient information, Principal Component Analysis (PCA)(Pohl and Van Genderen, 1998)image
fusion technique, a multi-sensor image fusion technique was used on the panchromatic and
multispectral images that produced a 1m multispectral image of the study area, as this technique
preserves more spectral information (Seethaa et al., 2007). Apart from the satellite imagery, manually
digitizes vector layers of the building rooftops will also be used in this research.
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3.2. Study area:

For studying the efficiency of any method, it would be necessary to evaluate the
performance of the methodology on a variety of scenarios. For this purpose Dehradun ( the capital
city of Uttarakhand state in India), with a population of 714,223(2011a)is being considered here, as
there are a variety of building roof tops and a wide range of building densities, and its easy access
for field verifications, making it a good case for such a research. The area covered by the imagery is
27486360 m2, extending from 212427.0388 meters to 218106.0388 meters along X axis and from
3356043.9357 meters to 3360883.9357 along Y axis as represented in Figure 3.2(a). This image was
obtained after PAN-sharpening using the PAN-chromatic image in Figure 3.1(a) and multi-spectral
image in Figure 3.1(b), which was divided into subsets of size 500 by 500 pixels using image dicing
technique in ERDAS Imagine(2011b) software that produced subsets as shown in Figure 3.2(b).
This was as it would be easier to perform operation on smaller images. In order to study the
efficiency of the method on various scenarios ten subsets marked with yellow boundaries in Figure
3.2(b) were selected for experimenting; the reasons for selecting a particular subset are mentioned in
Table 3.2. Further the manually digitized vector layers are displayed in Figure 3.5. Most of the
satellite images represented in this thesis are true color composites except those in Figure 3.1(b) and
Figure 3.5, False Color Composites were used in this case only for comparison purpose.

(@) (b)
Figure 3.1 : (a) Panchromatic IKONOS image and (b) Multispectral IKONOS image of the study area.

Figure 3.5 shows manually digitized vector layers of all the ten testsites overlaid respectively
on their FCC images. These vector layers may miss some details in places where the curves are too
sharp or due to the size of buildings and their complexities. Figures 3.4(vii) and 3.5(vii) show true
image and vector layer for testsite 6_6, from this it can be observed that due to the density of
buildings groups of buildings were digitized as single entity unlike other testsites where each
building was digitized as separate object, as result of this error in building detection will increase as
gaps between buildings will also be referred as buildings. Some photos depicting the true ground
scenarios are presented in Figure 3.3 that were taken on 6-Mar-2013.
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(@) (b)
Figure 3.2 : (a) Fused IKONOS Satellite imagery of the study area and (b) Result of image dicing and selected subsets
of size 500 by 500 pixels for testing.

Figure 3.3 : (a) A terrestrial view of building size and density of testsite 3_5,(b) A street view of well planned
area with small buildings in testsite 8_9, (c) Groups of Multi-level buildings of testsite 4 1 and testsite4_2 and
(d) A building with inclined roof in testsite 4_8.
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Table 3.2 : Reason for selecting test sites and their reference location.

Testsite referenced
from Figure 3

(row_column)

Figure
number

Reason

2.2

34 ()

This region of Dehradun has various types of buildings, interms of
their extent complexities, and pervious as well as impervious roads.
Some buildings without shadows are also present. Playgrounds as well
as cement courts for sports are present. So this region will help in
designing an algorithm based on observing the variety in this image.

35

3.4 (ii)

This region has buildings of various kinds of rooftops and soil exposed
surfaces and vegetation that obstructs portions of buildings this will
help in checking the algorithms complexity of rooftops and trees
obstructing shadow information.

41

3.4 (iii)

This region has buildings whose roofs have textural variations that are
quite different from roads and a building with larger area compared to
the other buildings. This may help in highlighting the use of textural
parameters for separating roads and buildings.

42

3.4 (iv)

This portion of the image may help in identifying individual trees and
pervious roads.

48

3.4 (v)

This portion of the image has good combination of various buildings
and basketball court which is of the same material of some building
roof tops. Here even the vehicles on the road are more in number and
prominent compared to the earlier portions

5 2

3.4 (vi)

The density of built up area in this image is less with vegetation ranging
from scrubs and bushes to trees and some unsophisticated buildings
like slums.

6.6

3.4 (vii)

This image will make any algorithm difficult to function accurately
given the density of the buildings and shadows obstructing some
buildings.

75

3.4 (viii)

In this image there is a water body in the top left corner and a railway
station in the lower half of the image and rooftops that have been
highly affected due to various reasons.

8.9

3.4 (ix)

This image shows a more planned and structured colony where
buildings and roads are arranged in a systematic manner

95

3.4 (x)

This image has ground surface and building surfaces whose rooftop
look same in the RGB combination this is been selected to check the
use of nir for building detection. This also has a railway line in the right
half of the image and very small buildings near to it.

14
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Figure3.4 : Selected testsites inFigure 3.2. (i) 2_2, (ii) 3_5, (iii) 4_1, (iv) 4_2, (v) 4_8, (vi) 5_2, (vii)
6_6, (viii) 7_5, (ix) 8_9 and (x) 9_5.
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Figure 3.5 : Manual digitized vector layers displayed with FCC image for testsites: (i) 2_2, (ii) 3_5, (iii) 4_1,
(iv) 4_2, (v) 4_8, (vi) 5_2, (vii) 6_6, (viii) 7_5, (ix) 8_9 and (x) 9_5.

16 PV, MARCH, 2013.



Classification and Building Detection Using Fuzzy Sub-Object Class Density and Shadow Influence

4. METH

ODOLOGY

This chapter describes the method or the flow of work in this thesis. Figure 4.1 shows the
processes involved here. In this thesis, Object Based Image Analysis (OBIA) for feature extraction
consists of three processes, as shown in the flow chart in Figure 4.1, which explains how the OBIA
was partitioned into segmentation, classification and refinement which have sub-processes for
feature extraction from high resolution satellite imagery. The detailed explanation of the three

processes is given in

the sections below.

Data Input

Segmentation Framework :

. . 1
Multi-resolution Chessboard 1
segmentation segmentation of object |1
size 1 :

|

Classification Rules

Fuzzy classification using
sub-object densities and

Hard classification of pixels
divided as individual objects

shape parameters <G

Obiject and classification
Refinement

A

y

Accuracy Assessment

A

y

Figure 4.1 : Flow chart of Method for building detection in this research.
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4.1. Segmentation:

Segmentation is one of the prerequisites of an Object based image analysis. In this thesis,
image segmentation was performed by multi-resolution segmentation(Baatz and Schape, 2000) with
edge detection image, near infrared, red and green bands. For this shape, color, smoothness and
compactness weights were selected by increasing and decreasing each of the parameters to find best
value that would control the segmentation to suit the requirement. These weights were selected so
that optimal solution was obtained to form segments that separated buildings of diverse urban
environment from their neighboring objects with minimum number of bands and no thematic
information provided. The final parameters set after all trials are 1, 2, 2, 2, 16, 0.5, 0.5, 0.3 and 0.7
for edge detection, near infrared, red, green, scale, shape, color, compactness and smoothness
respectively.

For this segmentation, edge detection output must be provided and it was performed with
canny edge filter. This was selected after observing the outputs from various operators, namely
sobel, perwitt, feri-chen, robert’s, pixel difference and separated pixel difference (Pratt, 2007) whose
filters are illustrated in table 4.1. The square root over sum of their row and column squares
generated the final output of an operator, equation (4.1).

Table 4.1: (Pratt, 2007)Various edge detection filters.

Edge detection Operator Row Gradient(Gr) Column gradient(Gc)

11 0 —1] 1[-1 -2 —1]
Sobel =12 0 -2 2 0 0 0
11 0 —1J [ 1 2 1]
11 0 —1] —1 —1 —1]
Prewitt 3 1 0 -1 /0 0 0
1 0 -1l 1 1 1]
1 1 0 -1 1 -1 -2
Feri-chen V2 0 =2
[0 0 -—1] -1 0 0]
Robert’s 01 0 0 1 0
0 0 O L0 0 O
[0 0 O] [0 —1 O]
Pixel difference 0 1 -1 0 1 0
0 0 O 0 0 O
0 0 0] [0 —1 O]
Separated pixel difference 1 0 -1 0 0 0
0 0 O 0 1 0

18
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Even thought edge detection outputs from six filters were observed, canny edge detection
(Canny, 1986; eCognition, 2010) was finally selected for the purpose, as it uses a multi-step process
to minimize noise while improving low intensity edges. This uses one of these six traditional edge
detection filters for the process. This uses a Gaussian filter for smoothening and thresholds for
suppression and maximization of edges. A weight of 1.2 was set for the Gaussian filter while lower
and higher thresholds of 0.1and 0.3 were set on Intensity3, which is the mean of near infrared,
green and red bands, see equation (4.2). Intesnity3 was used for this because it would contain more
information with inclusion of near infrared band and reduced redundancy with exclusion of blue
band as it similar to green band, unlike a PAN-Chromatic image whose wavelength extends from
445nm to 900nm.

Edge detection = /(Gg)? + (G¢)? (Pratt, 2007)(4.1)
Intensity3 = Dlnir+DNr +DNg (the parameter are described in Table4.2)(4.2)

As the objective is to use sub-object class densities, chessboard segmentation (eCognition,
2010) was performed with object size 1 to divide the image into square objects of one pixel by one
pixel or to simply say all pixels were divided for per-pixel classification that would act as prior
knowledge for feature extraction.

4.2. Classification rules:

Classification, or, simply speaking, segment description, is another essential step of feature
extraction in OBIA, in which various image processing techniques will act as information for
classification of different land cover and land use features. For the prior knowledge, hard
classification was performed on objects of the size of a pixel. The classification rules set on them are
as mentioned in table 4.3. These properties were selected from the list of band ratios and textures in
Table 4.2.

The decision of using these particular parameters, mentioned in Table 4.3, was taken after
observing how each of the properties were helpfully in the classifying the required classes and
finding out those parameters that would give maximum information with minimum object
describing properties used. The chessboard segments were classified into water, trees, grass, soil,
shadow, others, edges and pixels influenced by shadow. Initially, when quadtree segmentation was
experimented for building extraction various classes like trees, grass, soil, ground surface, shadow,
buildings and roads were all classified using parameters like NDVI (Tucker, 1979), GreenNDVI
(Gitelson et al., 1996), water ratio index (Navulur, 2007), intensity, blue red ratio (Wuest and Zhang,
2009). Later on when multi-resolution segmentation was preferred over quadtree segmentation, the
parameter selection was modified to suit classification even in absence of blue band, as this would
aid building detection with imagery from a wider variety of sensors, including those that do not have
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a blue band. This lead to the creation of water vegetation index (WVI) equation 7 of band ratios in
table 4.2, in which the sum of the red and green bands was divided by the near infrared band, such a
ratio was experimented because the reflectance of water in near infrared is low while that of
vegetation is high and expecting that such an equation may improving classification of water and
vegetation regions better than NDVI.

Table 4.2 : List of band ratios and textures used in this research.

Band Ratios

GLCM Textures

1)

2)

3)

4)

8)

Normalized Difference Vegetative Index

(Tucker, 1979)
NDVI =

(DNnir B DNr)
(DNnir + DNr)

Water Ratio Index(Navulur, 2007)

(DNpjr + DN + DNy)

WRI =
DNy,
Blue Red Ratio
DNy,
BRatio = W
r

NDVI-Green Ratio, (Navulur, 2007)

DNy, — DN
DNy + DN,

NDVIgreen =

Blue Near Infrared Ratio

BNifyyyy = b
lrratlo - DNnir
Green Red Ratio
DN,
GRyatio = D_Nr
Water Vegetation Index
DN, + DN,
WVl = ——
DNnir
Red Green ratio
DN,
GRratio = D—Ng

Here,

DN = digital number
nir = near infrared
r =red

g  =green

g

Mean(Haralick et al., 1973; Nichol and Sarker, 2011)

= ipG))
i,j=0
Angular Second Moment(Haralick et al., 1973; Nichol
and Sarker, 2011)

N-1
To= ) ipGHP
i,j=0
Entropy(Haralick et al., 1973; Nichol and Sarker,
2011)
N-1
Ty= ) ipG) (- InlpG.)])
i,j=0
Contrast(Haralick et al., 1973; Nichol and Sarker,
2011)
N-1
To= ) i) (- )?
£,j=0
Variance(Haralick et al., 1973; Nichol and Sarker,
2011)
N-1
Ty= D ipli)) (- T
i,j=0

Correlation(Haralick et al., 1973; Nichol and Sarker,
2011)

N 1 ( ) T
Te— ipGj)|—L i—T)G - 1)
i,j=0 ,TSTSJ

Homogeneity(Haralick et al.,, 1973; Nichol and

Sarker, 2011)
N-1 o
R P V),

T 1)y
D|55|m|Iar|ty(HaraI|ck et al., 1973; Nichol and Sarker,
2011)

N-1
T,= ) ipG)) li- ]

ij

Here,
p(i,j) = normalized co-occurrence matrix
such that SUM((i,j=0),N-1) p(ij)=1

The per-pixel classification (membership functions shown in table 4.3) was performed at
three stages, water was initially classified so that water pixels are not lost to shadow. For this WVI
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greater than 3 was set as most of the pixels with such a value were water. Then trees, grass, soil,
shadow and others were classified with their respective membership functions. Green entropy
(Shannon, 1949; Wuest and Zhang, 2009) as a measure of randomness in green band aided for a
better separation of grass and trees with a 7 by 7 window compared to 5 by 5 or 3 by 3 window. For
classification of soil, Red Green Ratio and WVI were used to differentiate it from red rooftops of
buildings. The combination of WVI and intensity2 in equation (4.3) classified shadows; WV1 also
was used for this because trees having very low intensity2 should not be classified as shadow, in the
same manner intensity2 was used for classifying shadows instead of intensity3, to prevent at least
some road pixel that have low reflectance in near infrared from becoming shadows. From the
leftover pixels edges and shadow influenced pixels were classified. Edges were classified after trees
so that density of vegetation is not reduced due to the classification of some tree pixels as edges.

Ny+DNg

intensity2 = 2 (the parameter are described in Table4.2)(4.3)

Table 4.3 : Membership functions of pixel classification.

Classes Membership functions

Water WVI>3

Trees WVI1<1.05 & green entropy > 2.4

Grass WVI <= 1.5 & green entropy <= 2.4

Soil WVI > 1.5 and <=1.8 & red green ratio > 0.91

Shadow Intensity2 <=70 & WVI > 1.6

others Objects or pixels not classified into above classes

Edges ( from others class) Canny edge detection > 0 and WVI > 1.6

Shadow influence  ( from others class and after edge classification) pixels with at least three
shadow objects at a distance >=2 and <=8

Any object with canny edge detection value greater than 0 was classified as an edge as the
noise is minimized by canny edge filter and all pixels other than edges had a value of 0. For shadow
influence pixels at a distance of greater than or equal to 2 and less than or equal to 8 with at least
three shadow pixels at that distance were classified as shadow influenced objects. Influence of three
shadow pixels was considered as three meters was observed the smallest width for buildings and
distance of 2 to 8 in order not to influence other objects that are not buildings. So far only band
ratios, band combinations and textures were used for classification of objects formed by chessboard
segmentation but for building detection those parameters would not be sufficient so shape
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parameters and sub-object densities were used to classify multi-resolution segmentation. Further
this classification was not just extended by shape and density parameters but also by fuzzy
classification.

The Shape parameters used here are shape index and density (eCognition, 2010), shape
index in equation (4.4) is calculated by dividing the border length of an object with the perimeter of
a square whose area is same as that of the object, whereas density in equation (4.5) is obtained by
dividing the side of a square whose area is same as the object with approximated radius of that
object, based on covariance matrix. These parameters quantify the spread and closeness of an
object to a square and as most of the buildings are either square or rectangle, fuzzy memberships of
these parameters were set to suit building detection.

Shape index = % (4.9)
o VAo
Density = T rarxevary (4.5)

Here, A,= area of the object or number of pixels in the object.

bl,= border length of an object.

vVvar X + var Y= diameter of an ellipse.

Figure 4.2 : Parameters involved in calculation of shape index.

Apart from the above shape parameters, density parameters like relative area of sub-objects
were also used here; examples are relative areas of trees, water, soil and edges. Relative area of sub-
objects, see equation (4.6), is measured by dividing the area of sub-objects of a particular class
within an object to the total area of that object. Another density measure here is border density,
equation (4.7), which is the number of edge pixels in an object divided by its border length.

Relative area of sub — objects or sub — object densities = Sex (4.6)

Here, A, = Area of the object.

SA., = Area of sub-object of classc,.
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A, (Multi-resolution object)

........ S
v
A A

%

RN

SA., (Sub-objects of size 1)

Figure 4.3 : Description of relative area of sub-object measurement.

Border Density = % 4.7
Here, bl, = Border length of object.
N, = Number of sub-objects classified as edges.

Shadow influence coefficient is another parameter used here, this is the sum of relative area
of shadow influenced sub-objects and relative border to shadow objects multiplied by 100.

Shadow influence coef ficient = (RSACSl. + RBS) * 100 (4.8)

Here, RSA., = Relative area of Sub-objects classified as shadow influenced.

RBs = Relative border to shadow objects.

For building detection and classification at multi-resolution segment level fuzzy
membership rules were set with above mentioned parameters and sub-object densities. These
parameters and their ranges were selected by increasing or decreasing these properties step by step.
Water was classified with sub-object density of water in fuzzy membership range (0.2, 0.3, 1, 1)
Figure 4.4(i) (here (a, b, c, d) is a sequence representing fuzzy membership definition of a property.
a, b, c and d represent the value of a property. a to b and ¢ to d can be transition zone or constant,
but b to c is always constant with Degree Of Membership = 1, DOM at a and d is 0 or termination
points of membership, if a value repeats twice it means that there is no transition. Please refer to
their graphs in each of the cases for better understanding) so that sub-objects of an object partly
classified as shadow and partly as water will be classified into water object, further a constraint of
minimum area of 50 m2 was considered so that small tanks or water spilled regions or shadows
classified as water or errors in data are neglected as they need not be called water body. For
vegetation, trees were classified with sub-object density of trees as (0.3, 0.4, 1, 1) in Figure 4.4 (iii)
because in some situations wide trees had low entropy and tree pixels were classified as grass, to
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overcome this, density as low as 0.3 was considered. Further in cases where vegetation was neighbor
to other objects, even grass had high entropy and was classified as trees so an overall variance in
near infrared band at multi-resolution segmentation was considered, this was ranged as (1, 5, oo, )
in Figure 4.4(iv) and non-linear because trees having a thicker and wider extent had low variations in
some cases similar to that of grass objects. To classify these trees a nonlinear fuzzy range had to be
set for variance in near infrared band. Other objects with water vegetation index (0, 0, 1.4, 1.6) in
Figure 4.5(ii) were classified as grass. Soil was classified in soil sub-object density range of (0.6, 0.7,
1, 1) in Figure 4.5 (iii) because some buildings with red rooftops were also classified as soil, so a
moderately high density was considered. Shadows for multi-resolution segmentation were extracted
from sub-object level.

Table 4.4 : Fuzzy membership functions for classifying multi-resolution segments.

Classes Fuzzy Membership functions

Water Sub- object density of water ( 0.2, 0.3, 1, 1), WVI (3.1,3.2,00, 0)& area
more than 50 m2

Trees Sub-object density of trees ( 0.3, 0.4, 1, 1), WVI (0, 0, 0.95, 1.1) &
variance in nir (1, 5, o, )

Grass Objects not trees and WVI (0, 0, 1.4, 1.6)

Soil Sub-object density of soil (0.6, 0.7, 1, 1)

Shadow Intensity2 <= 70 & WVI > 1.6 ( from sub-objects)

Buildings ( classified into three types described below )

Roads Border Density (0, 0, 0.35, 0.4) and density (0, 0, 1.3, 1.5)

Others All unclassified objects are objects at ground level.

After classifying water, trees, grass, soil and shadow, buildings were classified into three
categories (see table 4.5), based on their extent, border density, shadow influence and shape. These
were categorized by visual observations from satellite image and parameters were set by trial and
error. The first category of buildings is that of large area buildings, with area greater than 225 m2 As
their border length is usually long they would have less border density so its range was taken as low
as 0.1, as square is the densest shape as per shape parameter density its range was set as (1.5,
1.6, o0, 00) in Figure 4.5(vii) and as big objects would cast big shadows so their shadow influence
coefficient was ranged as (35, 45,00, c0) in Figure 4.5(vi). The second category of buildings in table
4.5 is of buildings that are smaller than 250 m2 with a higher value for border density and less
shadow influence were observed; for this category of buildings shape index was used instead of
density (shape) as smaller buildings. The third category buildings in table 6 is that of those that are
less influenced by shadow, as there can be situations where building shadow can get obstructed or
not be classified as shadows. In such cases a higher value for border density and shape index were
only considered. After buildings were classified, roads were classified from the remaining
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unclassified objects if they have a low border density in the range of (0, 0, 0.35, 0.45) in Figure
4.6(vi) and density (shape) also less (0, 0, 1.3, 1.5) in Figure 4.6(vii) meaning a thin or linear object.
For roads border density was considered less important as edges would usually be detected on
border of brighter and smaller object which usually are not roads. The left over unclassified objects
were classified as others. Further in the next step of this research classification of buildings has been
refined based on neighboring relationship and building category an object falls into.

Table 4.5 : Fuzzy Membership Functions for classifying buildings into three categories.

Building Category Fuzzy Membership Functions
Buildings 1 Area (225, 275,00, 0), border density (0.1, 0.15, oo, ), density (1.5,
1.6, o0, o) and shadow influence coefficient (35, 45, oo, c0).
Buildings 2 Area (0, 0, 200, 250), border density (0.2, 0.3, o, c0), shadow influence
coefficient (5, 25, oo, ) and shape index (1, 1, 2.2, 2.3)
Buildings 3 Border density (0.45, 0.65, oo, o) and shape index (1, 1, 2.2, 2.3)
00 Dv? 04 08 EI1H 1o 3 '10 3 :? Ju 316 3 ;E 3 ;(;
Sub-ctyect density of waler WV foe Water
(i) (i)
0o 02 04 00 08 10 : 2 \ 4
Sub-obct density of trees e vanance fof irees
(iii) (iv)

Figure4.4 : Fuzzy membership definitions.(i) Sub-object density of water, (ii) WVI of water, (iii) sub-object
density of trees and (iv) variance nir of trees.
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4.3. Object and Classification refinement:

In the above section rules used for classification were described but there were some
refinement processes performed during classification, the overall classification and refinement
process will be described in this section. Initially at multi-resolution level, all shadow pixels were
extracted from the sub-object level and all shadow objects were merged at multi-resolution level.
After shadow extraction trees, grass, water and soil were classified, so that objects with low shadow
density do not get classified as other objects. After this classification tree and grass sub-objects were
extracted from all unclassified objects and all tree and grass in the multi resolution objects were
merged.

Table 4.6 : Algorithm showing object and classification refinement at multi-resolution segmentation level.

Step 1 Extraction of shadow pixels

Step 2 Merging of shadow pixels

Step 3 Classification of grass, trees, soil and water objects

Step4 Extraction of grass and tree pixels from all unclassified objects
Step5 Merging of grass pixels

Step 6 Merging of tree pixels

Step7 Shadows neighbor to water were merged to water

Step 8 Unclassified objects and neighbors of water were classified as others
Step 9 All water objects were merged

Step 10  Buildings 1 were classified

Step 11 Buildings 2 were classified

Step 12 Buildings 3 were classified

Step 13 Objects classified as buildings2 and neighbors to buildingsl, having intensity3 difference
to buildingsl > 20 were classified as others

Step 14  Buildingsl, buildigns2 and buildigns3 were assigned into buildings class
Step 15 Buildings with area less than 35 m2 were classified as others

Step 16 ~ From unclassified objects roads and others were classified
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After this all water bodies were merged, so that they are not affected by later processes.
Shadows around water objects were merged with water as they are not shadows but water classified
as shadows. All unclassified objects that are neighbors to water were classified as others which is
most common as there are not buildings.

The pervious section 3.2 shows that buildings were classified into three categories; this
section will explain how buildings were merged into a single class. All objects classified as buildings2
that are neighbors to buildingsl were merged to buildings if their intensity3 difference with
buildings1 was less than 20or classified as others. This refinement was performed because in some
cases the roof of a building may get segmented into two parts. As buildingsl are big in extent their
neighboring objects may either be a part of their building or may not. As these objects will be
affected by their shadow they would be classified as buildings2. If they are a part of same building
their intensity levels may be similar and a difference 20 might be sufficient to merge them into
buildings or others. Buildings in all three categories were merged to form new class buildings instead
of three classes that were used for refinement. After this all objects with area less than 35 m2 and
classified as buildings were assigned no classification, as objects of such small sizes are buses, trucks
or vehicles on a road. Finally all unclassified objects were classified as roads or others.

4.4. Accuracy Assessment:

Accuracy assessment of building detection in this research was carried out using a pixel
based evaluation method; in this method all detected buildings were checked for intersection with
visually interpreted vector layers of building rooftops and were classified into four types. These four
types are true positive (TP), false positive (FP), false negative (FN) and error in manual digitization.
Here, true positive refers to pixels that were detected as buildings and also overlapped with the
visual interpretation output, simply speaking correct detection. False positive refers to outputs
classified as buildings but which did not intersect with buildings from visual interpretation (wrong
detection). False negative refers to pixels that were visually interpreted as buildings but were not
detected as buildings (missed detection). Inorder to reduce manual digitization errors vegetative
regions that were digitized as buildings were removed, these were classified as Errors. From the
above components splitting factor (SF), missing factor (MF), percentage building detection (PBD)
and quality percentage (QP) were measured.

FP

F= TP+FP (4.9)

- T:-II-\IFP (4.10)

PBD = 100 * () (4.12)
QP = 100 * (ﬁ) (4.12)
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5. RESULTS AND ANALYSIS

This chapter shows the outputs of methodology in this thesis and their analysis that will
illustrate the justification for a chosen parameter. This chapter will follow the same structure as the
methodology chapter, so that the steps are well understood. The methodology in this thesis was
developed observing test site2_2. After it was completely developed it was performed on all the
other selected test sites. Until and unless mentioned all thresholds were selected by trial and error.

L e L \ -y )

5 ¢ gty

v \\,r; N ".‘ ) > o .

‘@ q CORTIY, o P

Figure5.1 : Test site 2_2 Dehradun that was used for performing all trial and error experiments.
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5.1. Segmentation Results:

For segmentation edge detection was used. The results of edge detection from the seven
operators are shown in Figure 5.2. These results show the quality of edge detection in terms of
sharpness and clarity. The building at the centre of the image as detected by the Frei-chen operator
in Figure 5.2(ii) does not clearly show two edges of the building, the same for the separated pixel

(vii) (viii) (ix)

Figure5.2 : Edge detection outputs of various filters.(i) A subset of the test site 2_2,(ii) Frei-chen operator, (iii)
Separated pixel difference operator, (iv) Robert’s operator, (v) pixel difference operator, (vi) Perwitt's
operator, (vii) Sobel edge detection, (viii) Mean of red and green bands Sobeledge detection and (ix) canny
edge detection.
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difference operator in Figure 5.2(iii), which has one side missing and lot of noise, while Robert’s
operator in Figure 5.2(iv) is both less clear and noisy, in the same way pixel difference operator can
also be ignored. Comparing the results of Perwitt and Sobel operator in Figure 5.2(vi) and (vii) it is
difficult to say which one is better as Sobel edge output is little brighter while that of Perwitt is less
nosy. A Sobel filter was preferred in many applications (Hermosilla et al., 2008; Dey et al., 2011), so
the segmentation

Figure 5.2(viii) shows the mean of red and green bands edge detection that was performed
after finally selecting sobel edge detection to be used for segmentation experiments. This reduced
the effect of variations in the near infrared band during segmentation. The canny edge detection in
Figure 5.2(ix), is the resultant image of using lower threshold of 0.1 and higher threshold of 0.3
(selected by trial and error), as these thresholds minimized the noise by eliminating unwanted edges
and linked less detected edges to highly detected edges quite well. The Gaussian filter with a weight
of 1.2 by trial and error controlled the width of the final edge detection output. The output of canny
edge detection was mostly between 0 and 2 unlike other operators.Canny shows a better result over
sobel so this was also used for segmentation and the performance of both were visually compared
to select the for best segmentation output.

Figure5.3 : Outputs of Segmentation. (i) Segmentation without using edge detection, and (ii) segmentation
using canny edge section.

Segmentation results performed by both quadtree and multi-resolution segmentation using
sobel and canny edge detection are shown in Figure 5.4. Figure 5.4(ii) shows quadtree segmentation
output that was generated by using a combination of sobel edge detection, near infrared, red and
green bands with scale parameter of 30. This created segments that are too small in size, as small as
one pixel or four pixels, the red circle in Figure 5.4(ii) indicates that a tree was divided into many
more segments, while the same tree was divided into less number of objects when the quadtree
segmentation was performed only on sobel edge detection and scale parameter 30 in Figure 5.4(iii);
and the use of quadtree segmentation using canny edge detection only divide the subset into two
halves. Here scale parameter of 30 was preferred as a smaller value decreased the size of objects and
a larger value did not differentiate objects well. Figure 5.4(v) is generated using multi-resolution
segmentation with weights of 1 on sobel edge detection, 2 on near infrared band, 2 on red band and
2 on green band, whereas the output in Figure 5.4(vi) was also obtained in the same way as that in
Figure 5.4(v) but by using canny edge detection instead of sobel edge detection. In both cases a
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shape and color parameter weights were set t00.5 while the compactness and smoothness were set
to 0.3 and 0.7 respectively. These parameters were selected because shape and color should have
equal importance while the compactness was reduced to 0.3 which will increase affinity towards
smoothness.

(i) — W)

Fig 5.4: Outputs of Segmentation. (i) FCC image of a 2_2 subsetof the test site (ii) segmentation output of
quatree with nir, red, green and sobel edge detection and scale 30, (iii)quadtree segmentation on sobel edge
detection only, (iv) quadtree segmentation on canny edge detection only, (v) multi-resolution segmentation
with sobel edge detection, nir, red and green, and (vi) multi-resolution segmentation with canny edge
detection, nir, red and green.
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The weights for spectral bands was increased to 2 while that of edge detection was kept 1
only to give an effect of image sharpen instead of a complete edge detection. In all the cases of
multi-resolution segmentation scale parameter of 16 was used to as it was the most efficient
measure for controlling the size of object. The red circles marked in those Figures indicates that use
of canny edge detection with a multi-resolution segmentation produced a better segmentation
output as it has a larger number of accurate building segments compared to the use of sobel edge
detection while this segmentation process does not require merging like the outputs of quadtree
segmentation.

The above paragraph described the outputs of various segmentation approaches but why
edge detection had to be used for segmentation can be understood by looking at the outputs in
Figure 5.3(i) and (i) of multi-resolution segmentation without edge detection and with canny edge
detection respectively. The area in the red circle marked shows how a building was divided into a
number of segments for segmentation without edge detection in Figure 5.3(i), whereas the one
performed with canny edge detection in Figure 5.3(ii) preserved the building. The edge output range
of 0 to 2 by canny edge detection gave an effect of edge sharpening unlike the sobel operator whose
output range is large. Further the weights set on segmentation parameters created buildings
segments accurately in most of the cases overcoming the complexities in building rooftops. Large
buildings were segmented as single segment overcoming their size constraint and slant roofs were
detected as single objects overcoming their intensity variation.

5.2. Classification Results:

Classification was done at two stages: the first one for chessboard segmentation with the
objects of the size of a pixel used band ratios and textures for classification whereas in the second
stage shape parameters and densities were added to the classification, together with refinement. In
this section the results of classification rules are presented.

In an attempt to find out the properties for describing objects various band ratios and textures were
studied, for this step by step increment of each property . In Figure 5.5 are the outputs of various
band ratios mentioned in chapter 4, from these outputs parameter selection for sub-object
classification was performed. The usual ranges of NDVI, Green NDVI in Figure 5.5(ii), (v) are
from -1 to 1, for all other ratios in table 4.2 it is from 0 to co. NDVI output for testsite 2_2 in Figure
5.5(ii) shows how vegetation and water can be separated from other features. The Water Ratio
Index in Figure 5.5(iii), shows that using it will not be helpful for classification of any feature as it
does not clearly discriminate any particular class. Blue Red Ratio in Figure 5.5(iv) shows
discrimination between neighboring objects, but different features were observed to have the same
value. Results for use of Green NDVI (Figure 5.5(v)) are almost similar to those for use of NDVI,
except that water gets discriminated better from other classes when using green NDVI. Use of Blue
NIR Ratio (Figure 5.5(vi)) also shows a clear discrimination for water, but its contribution to the
classification of any other object is poor. Green red ratio (Figure 5.5(vii)) gives good discrimination
for soil and its output is similar to that of Red Green ratio (Figure 5.5(ix)) and an inverse of the
output of the Green Red ratio. Water Vegetation index in Figure 5.5(viii) is another band ratio used
here which separates vegetation, water very well and discriminates other object as well, and was
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observed to be a useful property that helps classification as it has a wider range of 0 to 4 for most
objects.

As far as land use and land cover classification is concerned, it was observed that only
vegetation and water can be clearly separated. In Figure 5.6 is a comparison between NDVI,
GreenNDVI and Water Vegetation Index, the colored portion shows the water pixels that were
identified by the thresholds of less than -0.2, less than -0.3 and greater than 3 set respectively.
Similarly the response of vegetation in these three indices was observed and the Water Vegetation
index was selected, because it contains more information due to the involvement of all the three
bands and this performed better for classification of both vegetation and water.

Figure5.5 : Different band ratio outputs for testsite2_2. (i) Dehradun test site 2_2, (ii) Normalized Difference
Vegetative Index (NDVI), (iii) Water Ratio Index, (iv) Blue Red ratio, (v) Green NDVI, (vi) Blue NIR
ratio,(vii) Green Red ratio, (viii) Water Vegetation Index, and (ix) Red Green Ratio.
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Further WVI was also used to support Red Green ratio for classification of soil as use of red green
ratio alone caused classification of buildings with red roofs as soil. For classification of soil Red
Green ratio was preferred over green red ratio as red light is reflected more by soil and red being in
the numerator will increase the likeliness of a pixel becoming soil as this value increases, this will
also give wide range for observing objects which reflect more red light. Further, vegetation was
classified into trees and grass, based on entropy (Figure. 5.7). Entropy in green band was the only
texture of those list in Table 4.2 that looked good for using in a hard classification; this was
calculated using a Grey level co-occurrence matrix with window sizes of 3by3, 5by5 and 7by7 in
green band and the window size of 7by7 was selected as its randomness measure shows a better
contrast between grass and trees.

The selection of threshold value for each of the property was done by increasing or decreasing the
values in a systematic way and observing how they affect each object. The thresholds at which a
solution for classification was observed are shown in Fig 5.8 and 5.9. Only the colored regions in
these images may get classified into a class (These are the rules for classification. Suppose if |
classify trees it will be the intersection of Figure 5.8 (iii) and (iv).). For water a threshold of greater
than 3 was set on water vegetation index, see Figure 5.8(ii). This single parameter was sufficient for
classification of water, its values in water vegetation index generally ranged from 3 to «. Though the
higher limit is undefined most of the values are less than 20.

(b) (iv) (v) (vi)
Figure 5.6 : Comparison of NDVI, GreenNDVI and Water Vegetation Index (WVI). (a) a swimming pool in
testsite 2_2, (i) NDVI for (a), (i) Green NDVI for (a), (iii) WVI for (a), (b) a tank in test site 7by5, (v) NDVI
for (b), (v) GreenNDVI for (b) and (vi) WVI for (b).

In Figure 5.8 (iii) and (iv) are the results of thresholds of less than 1.05 and greater than 2.4
set on Water Vegetation index and green entropy. The intersection of the two outputs was classified
as trees. In the same way Figure 5.8 (v) and (vi) show results for thresholds of less than 1.5 and less
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than or equal to 2.4 set on Water Vegetation index and green entropy for classifying grass. Figure
5.9 (i) shows results of Water Vegetation index less than or equal to 1.8 and greater than 1.5 and
Figure 5.9(ii) represents the results of red green ratio greater than 0.91, the combination used to
classify soil features. Figure 5.9(iii) shows results of intensity2 with criteria of less than or equal to
70, Figure 5.9(iv) represents water vegetation index greater than 1.6 and Figure 5.9(v) shows canny
edge outputs values greater than 0.

Figure 5.7 : GLCM Entropy outputs of green band for test site 2_2.(i) window size 3by3, (ii) window size
5by5 and (i) window size 7by7.

o A VA ’ h " o
(iv) (vi)
Figure 5.8 : Sub-object classification criteria.(i) Dehradun test site 2_2, (i) WV for water, (iii) WVI for trees,
(vi) Green entropy for trees, (v) WVI for grass and (vi) green entropy for grass.
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The intersection of outputs in Figure 5.9 (iii) and (iv) classified shadows and those in Figure 5.9 (iv)
and (iv) classified edges. The Figure 5.9(vi) shows the influence of shadow at a distance of 8 with
atleast 3 shadows pixels at that distance and also which are at distance greater than or equal to 2
from shadow pixels. This rule classified all remaining unclassified objects as shadow influence class
only if they satisfied shadow influence criteria The overall classified output of test site 2_2 is shown
in Figure 5.10 and Figure 5.11 shows the output of all other test sites, the legend for both is shown
with Figure 5.11.

Observing the output of test site 2_2 in Figure 5.10 it can be analyzed that most of the
classes were accurately classified except for a few cases of soil and vegetation. Further the edges and
shadow influence classes show how they contribute to building detection. Apart from the testsite
2_2 all other testsites give good classification outputs as shown in Figure 5.11. Soil was the most
inaccurate classification as some red building roof tops were classified as soil and many soil objects
were not classified as soil.

(iv) (v)
Figure 5.9 : Sub-object classification criteria.(i) WV for soil, (ii) red green ratio for soil, (iii) intensity2 for
shadow, (iv) WVI for Shadows and Edges, (v) Canny edges for Edge class, and (vi) Distance less than or equal
to 8 for shadows influence.

Apart from soil, trees also had some problem. The output of testsite 7_5 in Figure 5.11(viii)
does not show even a single pixel classified as tree thought there were many trees. This is because
the entropy in green band for trees in this region had a value less than 2.4 in most cases and even if
it was greater than 2.4 the water vegetation index had value greater than 1.05. For all other test sites
these criteria gave good results. Another important observation is of shadows, some of the road
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pixels that had a very low intensity2 value were classified as shadow. Even though their becoming
shadow does not affect roads, the shadow influence created by these pixels will affect the building
detection at multi-resolution level as some roads may be classified as buildings and such objects
were eliminated in the refinement process. The classification outputs of sub-objects were used for
classificaiton of segments at multi-resoluiton level by measuring relative area of sub-objects or sub-
objects densities. This was carried out simultaneously with refinement so its results will be given in
the next section.

e L i ry"" n g ¥ g g
Figure5.10 : Sub-object classification of test site 2by2 of Dehradun IKONOS image.
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i) U i) )

- Shadow influence

Figure5.11 : Sub-object classification of all ten test sites of Dehradunselected for testing the methodology.
Test sites id (i) 2_2, (i) 3_5, (iii) 4_1, (iv) 4_2, (v) 4_8, (vi) 5_2, (vii) 6_6, (viii)) 7_5, (ix) 8_9 and (x)9_5.
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5.3. Object and Classificaition Refinement:

In the refinement process the first step of the algorithm in Figure 4.7 is extraction of
shadow from sub-object level to multi-resolution segment level. The result of this is shown in
Figure 5.12. The Figure 5.12(i)shows an unclassified segment at multi-resolution level outlined in
red, the Figure 5.12(ii) shows the sub-object classification in the same location and Figure 5.12(iii)
shows the segment outline after extraction of shadow pixels from the sub-object level. The output
shows how the object has become accurate after this process and an increase in relative border to
shadow pixels that will help in giving a better building detection.This also shows that each shadow
sub-object completely within the segment was also extracted.

(iii)‘

Figure 5.12 : Shadow extraction from sub-object level.(i) Outline of an unclassified multi-resolution
segemnt, (i) sub-object classification and (iii) outline after shadow extraction.

The second step of the algorithm in Figure 4.7 was mergeing of the extracted shadow
pixels. The Figure 5.13(i) and (ii) show that individual shadow sub-objects extracted to multi-
resolution segment level were unified. These two steps will influence shadow influence coefficient
that will be used to detectbuildings.

(if)

Figure5.13 : Merging of Shadow sub-objects.(i) Image showing individual shadow sub-objects and (ii) image
showing merged shadow regions.
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The next step in the algorithm in Figure 4.7 is classification of trees, grass, soil and water.
For this purpose the parameters mentioned in table 4.4 were used. The result of this step, presented
in Figure 5.14(iii), when compared with sub-object classification in Figure 5.14(ii), shows that the
trees were not well identified if there were few trees. As fuzzy memberships were set on sub-object
density of trees, Water Vegetation Index (WVI) and variance in near infrared band, it may not have
been possible for these segments to satisfy all the conditions. This resulted in the loss of some trees
and trees getting classified as grass. Further the fuzzy membership of (0, 0, 0.95,1.1) for trees and (0,
0, 1.4, 1.6) for grass in water vegetation index has increased the likeliness of vegetation objects
getting classified as grass if trees had a waek membership for water vegetation index.

(iii)
Figure5.14 : Classification of objects into the classes tree, grass, soil and water. (i) Unclassified
segments, (ii) sub-object classification and (iii) classified output.

The fourth step of the algorithm in Figure 4.4 is extraction of tree and grass sub-objects
from all unclassified objects. The result of this refinement is shown in Figure 5.15(iii) that shows
how an object that is not vegetation got refined making it more accurate segment in terms of
having a particular sub-object density, as its relative area of sub-object to trees or grass will now be
zero.

(i (i) (iii)
Figure5.15 ; Extraction of tree and grass pixels from all unclassified objects. (i) unclassified segement before

refinement, (ii) a part of non-vegetative segment overlapping with sub-object tree or grass and (iii) segment
after removal of portion that intersected with vegetation.
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After the extraction of all tree and grass portion form unclassified objects, they were
merged with tree and grass object at multi-resolution segment level respectively and all objects that
were trees and those that were grass also were grouped with their respective classes. The results of
this step are shown in Figure 5.16. This will decrease the inefficiency of tree and grass classification
and aid in increasing the accuracy of building detection.Step 5 of the refinement algorithm, in Figure
4.7, is merging of grass objects at multi-resolution segementation level the result of which is shown
in Figure 5.16(ii). In the same way trees were merged in the next step, which is shown in 5.16(iii).

(i) (iii)
Figure5.16 : Merging: result of refinement step 5&6. (i) All tree and grass object before merging, (ii) objects
after merging grass (step 5)and (iii) objects after merging trees (step 6).

(iv) v) (vi)

Figure5.17 : Refinement process of Water bodies. (i) True image of swimming pool, (ii) some water
objects as shadow, (iii) shadows merged to water, (iv) classified image before step 8, (v) classified
image after step 8, (vi) sub-object classification.

44 PV, MARCH, 2013.




Classification and Building Detection Using Fuzzy Sub-Object Class Density and Shadow Influence

The next three steps are for refining water objects. Step 7 is merging of shadows that are neighbors
to water, Figure 5.17(ii) and (iii) show the difference in classified image before and after performing
the merge. In the next step the classification of unclassified objects neighours to water as others was
performed. The true image in Figure 5.17 (i) shows that there are no buildings which are immediate
neighbors to water body, which is a swimming pool here, but as for the classificaiton of buildings
border density and shadow influence coefficient are being used, there are chances for these objects
getting classified as buildings. The Figure 5.17(vi) of sub-object classificaiton shows the edges and
shadow influence which are the classes that influence border density and shadow influence
coefficient. On observing this in Figure 5.17 it can be said that step 8 of refinment process will help
in increasing the accuracy of the building detection method here. step 9 of algorithm in Figure 4.7 is
just an improvement of segmentation. This step merges all water object after merging shadows into
water and unclassified into others. The final output at this step will give a single segment of any
water body. Here in Figure 5.18(ii) the swimming pool is represented by a single segment marked in
red obtained after the refinement process.

1

W (i
Figure5.18 : Merging of water Objects. (i) Outline separating water objects and (ii) outline of refined
water objects after step 9.

After all clearly classifiable classes were classified and refined buildings were classified into
three categories, the membership definitons for this classification are mentioned in table 4.5. The
tenth step in algorithm in Figure 4.7 is classifying buildingsl. The Figure 5.19(iii) shows that objects
satisfying the area criteria of membership definition (225, 275, o, o) and others criteria required
have been classified as Buildings1(shown in cyan color). It also shows that there are some buildings
that qualify the area criteria as per visual observation but their segmentation outputs were disturbed
due to high surface roughness that caused their area to decrease as they became groups of segments.

After Buildingsl were classified, Buildings2 were classified, which has membership
definition of (0, 0, 200, 250) for area. In Figure 5.20(iii) is the classification output after classifying
Buildings2 that are shown in violet color. Comparing the classified image in Figure 5.20 (i) and the
sub-object classification for the same shown in Figure 5.20(ii), it can be understood how border
density and shadow influence coefficient helped in classification of Buildings2. After Classification
of Buildings2, Buildings3 were classified,for which only object’s border density and shape index
were checked. The results of this step are shown in Figure 5.21(iii), observing the sub-object
classification for the same area in Figure 5.21(ii) and comparing it with Figure 5.21(i) that shows
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some unclassified building objects it can be understood how the problem was solved in cases where
there was no shadow influence sub-objects for buildings.

In both Buildings1 and Buildings2 shadow influence coefficient and border density were used, while
in the Buildings3 border density was used both the parameters which are measures of sub-object
densities have substituted thematic information or elevation information for building detection.

Figure5.19 : Classification objects to Buildingsl class. (i) Classified image before step 10, (ii) sub-
object classification of the same area and (iii) classified image after Buildings1 are classified.

(i) (iii)
Figure5.20 : Classification of objects to Buildings2 class. (i) Classified image before Step 11, (ii) sub-object
classification of the same area and (iii) classifiedimage after Buildings2 are classified.

() I (i)
Figure5.21 : Classification of objects to Buildings3 class. (i) Classified image before Step 12, (i) sub-
object classification of the same area and (iii) classifiedimage after Buildings3 are classified.
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The result of step 13 of algorithm in table 4.7 is presented in Figure 5.21(iii). The red circle
marked in Figure 5.21(i) shows a building (classified as Buildingl, see Figure 5.21(ii)) with a brighter
surface around it which is at ground level, this surface was influenced by the shadow formedby the
building and got affected by shadow influence coefficient. As it is a brighter surface it will have
good edge detection and hence a stronger border density. As a result of these and as the objects
satisfied the area and shape index criteria this ground surface was classified into Buildings2, see
Figure 5.21(ii) (violet color object). This will increase the error in building detection. The output in
Figure 5.21(iii) shows most of those neigbhoring objects classified as others as a result of step 13 in
algorithm except the one marked in red circle. This was not classified as others as the it is a part of
building that got segmented as another object. As its intensity3 difference with Buildingl adjacent to
it is less than 20 it was not classified as others which is not the case with other adjcent objects. This
refinement step has increased the accuracy in building detection as many such cases got refined in
this process.

After this refinement, buildings in all the three class were merged into one class Buildings as this
would make the accuracy assessment of building detection easier. The result of this is shown in
Figure 5.22(iii). The next step 15 of algorithm in table 4.7 is eliminating all Building objects with
area less than 35 m2 from Buildings and classifying them as others. This result is shown in Figure
5.23(iii).

(i) (iii)

Figure5.22 : Refinement of Buildings2 class. (i) True image of a building, (ii) classified image after
buildings were classified into three categories and (iii) classified image after refinement at step 13.

(i) " (i)
Figure5.23 : Merging all three category buildings into one class. (i) True image, (i) classified image with three
types of buildings and (ii) buildings merged into one class.
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Observing the locations indicated by the red arrow in Figure 5.23(iii) and the same locaitons
in Figure 5.23(ii) that show improvement in building detection efficiency at some and deprovement
in some cases. After this the last and final step of the refinement process gave the result for testsite
2_2 shown in Figure 5.24 that was obtanied after classification of roads and others.

i .
Figure5.24 : RerQoval of buildings with
(iii) Classified image after the refinement in step 15.

The final results after all object and classificaiton refinement steps is shown in Figure 5.25
for all ten test sites. The test of the parameters was performed mostly on test site 2_2, a bigger size
classified image of that site is shown in Figure 5.24, observing the output of this test site it can be
most of the trees, grass, roads and water were well classified, for reference see Figure 5.1. The
extent of soil is not very large in any of the testsites to access the quality of its classification, but the
small portions present were not properly classified though. Most of the buildings were also detected
as buildings, but there are many others objects that were also classified as buildings. A detailed
analysis of buildings detection will be peformed in the section. The result of same set of rules and
algorithm performed on test site 3_5 in Figure 5.25(ii), in this testsite vegetation has been well
classified except for portion of trees that were obstructed by shadow. Soil here is present in lower
right portion of the test site and was not properly classified, the sub-object density of soil with a
membership definition of (0.6, 0.7, 1,1)was not efficient as the sub-object classification itself was
not good as for soil is concerned. Further this site had many erroneous buildins detections, roads
are not so well classified as trees obstructed its veiw in most portion and the visible portion were
small that disturbed the shape parameter used for classifying road.

In testsite 4_1 (see Figure5.25(iii)), overall the classificaiton was fine except trees and roads
in some locations, trees in some locations of this testsite had low entropy than the set threshold
while roads here had a better border density, so trees were classified as grass and roads as buildings.
Figure 5.25(iv) shows the result of testsite 4 2 the over all output in this region is satisfactory, in
some cases bushes had a high entropy that caused them to be classified as trees and low nir
reflectance which cause them to have a higher water vegetation index that did not classify sub-
object trees accurately and classified them as grass. Even the segmentation output was not efficient
enough for tree classification in this and also in some test sites. The result of testsite 4 8 in Figure
5.25(v) the rees in this testsite also have problems like those in testsite 4 2, apart from trees, soil
and buildings had errors. Soil has good border density in this due texture of the soil in the upper
half and in the lower half sub-object soil densities threshold of 0.6 was not sufficient for soil
classificaiton.
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The classification output of testsite 5 2 in Figure 5.25(vi) is inefficient for grass objects as
well as soil. The influence border density and shadow influence coefficient on some objects
classified soil as buildings and nir variance used to classify trees at multi-resolution level caused grass
objects classification as trees. The roads here not classified asrequired as they did not satisfy the
border density criteria and got classified either as buildings or as others. Test site 6_6 is a highly
dense urban environment, the classification result of this region in Figure 5.25(vii) shows that the
output is very inefficient in case of trees and road. The causes for this testsite are also same as for
the earlier testsite.

The result of test site 7_5 in Figure 5.25(viii) shows an accurate classification of water and its
surrouing objects that were the result of refinement step 7 and 8. Even the railroad in the lower half
was classified into roads which should be said as a good result that shows who this will perform
even if the process is improved for a higher level classification. Apart from this the classification of
vegetation was very poor as no tree was identified in this testsite, as the sub-object classification did
not classify even a single tree pixel because entropy and water-vegetation index both did
simultaneously satisfy the criteria that was mentioned in the results of classification. The results of
testsites 8 9 and 9_5 in Figure 5.25(ix) and (x) show a moderate
classification and the errors can be attributed to the same errors
observed in the earlier test sites.Railroad detected in testsite 7_5

Table 5.1: Time taken for
processing each test site.

Test Time(sec) was also detected in testsite 9_5.0n observing all the testsites it can
site be analysed that the classification and refeinements perrformed on
2by2 10577 water were very efficient. The results of vegetation showed that the
purpose of the parameters set for classifying them did not
3by5 9.750 : ) :
completely address the requirement. The detection of soil was very
4byl 10.359 : . . .
Aby2 12,402 poor, the sub-object density of soil used without support from any
4by8 11'544 other parameter may be the reason this improper classificiaton of
by i soil. Overall shadows were accurately detected which building
Sby2 12121 detection. The overall time taken by the process for all the ten
6by6 14.212 testsites is 116.486 seconds which is less than 2 minutes (see table
7bys 13.166 5.1). This is very small compared to more than 8 hours taken to
8by9 11.544 digitize all ten.
9byb 10.811
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(x)

5.26 : Multi-resolution segment classification outputs of all ten testsites.(i) 2_2, (i) 3_5, (iii) 4_1, (iv) 4_2, (v) 4_8,
(vi) 5_2, (vii) 6_6, (viii) 7_5, (ix) 8_9 and (x) 9_5.
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5.4. Accuracy Assessment:

Accuracy assessment was performed only on building detection. In all ten testsites were
selected inorder to test the performance of the method on complex urban environment, ranging
from highly dense regions to low dense regions, buildings with various kinds of rooftops and sizes
and unplanned regions to planned regions. The reasons for selecting each of the testsites are
mentioned in table 3.2. The Percentage of Building Detection (PBD) for all the ten testsites is
66.6% ranging from 78% to 52% and Quality Percentage (QP) of building detection is 47.07%
ranging from 54.21% to 36.04%. The PBD and QP for all the ten testsites are given in Table 5.2.

The PBD and QP for testsite 2_2 are 78.04% and 51.23%, its Splitting Factor (SF) and
Missing Factor (MF) are 0.4 and 0.16. These values should be as low as possible. The image of
result in Figure 5.27(i), shows how well the buildings in the central part that are similar to road in
terms of intensity and those that did not have shadow were detected. The high SF and low MF
show that many objects that are not buildings were detected.

Testsite 3_5 has PBD, QP, SF and MF of 52%, 36.04%, 0.46 and 0.5, the nearly equal SF and MF
show that buildings were not detected as well as unwanted objects were detected as buildings. Here
the inefficiency can be attributed to soil, as buildings with red rooftops were classified as soil and
the high number of false positives in the right portion of the image show that soil along a canal were
classified as buildings. Referring to the classified image in Figure 5.25(ii) it can be observed that a
very long building in the lower left half with high number of false negative was classified as road
due to its extent and shape index. In the central portion a high number of false positives were
detected as the ground surface there had good border density and shadow influence from the
neighboring tree shadows. All these reasons lead to a very low QP for this testsite.

Testsite 4_1 shows a high contrast in the size of a building see Figure 3.4(ii), observing results for
this testsite in Figure 5.27(iii) and its PBD, QP, SF and MF in Table 5.2 it can be said that this
method performed better in this region compared to other regions. The high SF in this testsite can
be attributed to buildings on the border of the scene that were not digitized and roads as they had
good border density that classified them as buildings.

Testsite 4 2 (result in Figure 5.27(iv)), achieved PBD, QP, SF and MF of 68.24%, 54.21%, 0.27 and
0.33, the QP for this testsite is higher than that of testsite 2_2 (51.23%) on which the parameters
were set tells that this method can fit better in some location even without modification. A higher
MF in this case can be attributed to faulty digitization or buildings that missed digitization.

Testsite4d 8 achieved a PBD of 63.4%, a QP of 39.2%, a SF of 0.49 and a MF of 0.29. A high value
of SF suggests that many objects not buildings were classified as buildings; many of these were soil
or road that had high border density. Some of the buildings in this region were not digitized that
increased the SF while some objects not buildings were detected as buildings that decreased the QP.

Testsite 5_2 achieved a result (Figure 5.27(vi)) of 71.2% for PBD, 47% for QP, 0.41 for SF and 0.23
for MF has similar reasons for errors in buildings detection as that of testsite 3_5 and 4_1that had
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problem with road and soil. Even in this case soil had border density that classified such regions as
buildings.

Testsite 6_6 isa highly dense urban area (refer Figure 3.4(vii)), the QP of 50% which is very close to
51% achieved by testsite 2_2,shows that building density variations did not much affect building
detection. The high MF can be attributed to very small gaps between the buildings that were not
omitted while digitization, segmentation process that did not produce good result due to the density
and complexity of buildings and step 13 of the refinement algorithm (refer Figure 4.7).

Testsite 7_5 is a complex urban environment (refer Figure 3.4(viii)), a QP of 44%, MF of 0.39 and
SF of 0.39 for this region show an equal ratio of missed detection and false detection decreased the
QP. In this testsite the reason for false detection are road and concretized surface at ground level
that were affected by border density or shadow influence coefficient, while missed detection is again
attributed to segmentation inefficiency.

Table 5.2 : Accuracy assessment Report

Testsite NO. TP FP FN Error SF MF PBD QP
2 2 37420 25087 10529 874 0.401347 0.168445 78.04125 51.23501
35 13891 11818 12826 2006  0.459683 0.498891 51.99311 36.04775
41 35938 23721 11313 1418  0.39761 0.189628 76.05765 50.63687
42 45050 17428 21383 4832  0.274985 0.337388 68.24291 54.21125
4 8 29653 28841 17132 1059  0.493059 0.292885 63.38143 39.21006
52 44652 32322 18070 1851  0.419908 0.234755 71.19033 46.98035
6 6 87520 27731 59917 1133  0.240614 0.519883 59.36095 49.96346
75 59037 37237 37815 1140  0.386781 0.392785 60.95589 44.02822
89 30609 22784 11615 1877  0.426723 0.217538 72.49195 47.08497
95 31299 12369 17300 2841  0.283251 0.396171 64.40256 51.33677
0.60 90.00
80.00
0.50
70.00
0.40 60.00
50.00
0.30
40.00
- ‘ | | | | | | | = ‘ | | | |
20.00
0.10
10.00
0.00 0.00
22|35/41/42|48|52|66/75/89/95 22/!35|41/42/48|52/66/75/89/95
mSF 10.40/0.46/0.40/0.27/0.49/0.42/0.2410.39/0.43/0.28 B PBD |78.0451.99,76.0668.24/63.38/71.19/59.36/60.96/72.49/64.40
MF[0.17/0.50/0.19/0.34/0.29/0.23/0.52/0.39/0.22/ 0.40 QP 151.24:36.0550.6454.21/39.21146.9849.96/44.03/47.08/51.34
(i) (i)

Figure 5.27 : Graphical representation of accuracy assessment for all ten testsites. (i) Plot showing Splitting
Factor (SF) and Missing Factor and (ii) Percentage Building Detection (PBD) and Quality Percentage (QP).
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I:I True positive - False positive
I:I False negative - Digitization error

Figure5.28 : Accuracy assessment outputs of all ten test sites of Dehradun selected for testing the
methodology. (i) 2_2, (ii) 3_5, (iii) 4_1, (iv) 4_2, (v) 4_8, (vi) 5_2, (vii) 6_6, (viii) 7_5, (ix) 8_9 and (x) 9_5.
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Testsite 8_9 is a well planned urban area that achieved good PBD of 72.5% and QP of 47.1%, the
reasons for low QP of such well planned regions are same as the earlier that were due soil or
buildings classified as soil. Testsite 9 5 achieved a QP of 51.33% and PBD of 64.4%. The reason
for a high MF is the gaps omitted while digitizing slums and segmentation in such areas.

5.5.  Some improtant observations:

The reason for inefficiency of building detection after observing the results of all the testsites and
their analysis can be attributed buildings classified as soil or soil classified as buildings, roads
classified as buildings and segmentation insufficiency. Further the QP for eight of the ten testsites is
between 44% and 55% which suggests that the approach in this research is consistent over a variety
of urban complexities.

This section will illustrate some important observations that will compare manually
digitized vector layers and the method used in this research. Most of these errors in manually
digitized vector layers were observed only after accuracy assessment.

Figure 5.30 shows a comparison between manual digitization and building detection using
this method. Some of the yellow coloured classified regions in Fig 5.30 (ii) are false negatives that
are a result of digitizing gaps between buildings whose accurate digitization could not be done. The
area marked in yellow circle in these figures show a building that missed detection and these pixels
were counted as false positives many such errors of false negatives and false positives in the
accuracy assessment data reduced the accuracy of the method.

Figure 5.29 : (i) Outline of manually digitized vector layer for testsite 4_2 and (ii) Accuracy assessment output
of the same location as Figure 5.30(i).

Figure 5.31 shows a subset of testsite 4 2 and its accuracy assessment output. Here, pixels
represented in blue colour in Figure 5.31(ii) are errors in validation data, on comparing these regions
with those in Figure 5.31(i) it can be understood that these portion are part of vegetation. In order
to avoid such cases which will affect accuracy they were removed as errors in validation data.
Further the area marked in Yellow square shows that the vector data is not so accurate while the
method detected buildings quite accurate. This testsite achieved a PBD of 68% even after many
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such errors in validation data, which shows that validation with accurate data will improve the
accuracy of the method.

(ii)

Figure 5.30 : (i) Building outlines of a subset of testsite 4_2 and (ii) Accuracy Assessment output for the same
location in Figure 5.32 (i).

In Figure 5.32 are six images, Figure 5.32(i) and (ii) are testsites 4_1 and 4_2, the area in red
rectangle marked on these two testsites shows a zoomed view of the region in Figure 5.31(iv) while
the Figures in 5.31(v) and (vi) show they were counted as False Positives, a photo taken in the field
work in Figure 5.32(iii) shows that they are a group of buildings, even then their being in the corner
was missed by human vision that caused this error and this case shows that the method can better
than human visual interpretation. Figure 5.33 shows two subsets of testsite 4_8, marked in red circle
in Figure 5.33(i) and (ii) is a building whose roof is curved and its surface is a synthetic material, due
this complexity of roof it was segmented into number of parts and lost shape so it could not be
detected as building. From these set of Figures it can be understood that surface roughness and
smoothness can both affect building detection as high rough surfaces will become edges while
segmentation gets conserved for highly smooth surfaces which caused many surfaces at ground
level classified as buildings while buildings were not detected. The green arrows in Figures
5.34(i) and (ii), point towards a very small street between buildings in testsite 6 _6, which is a very
dense region.To digitize accurately in such environment will take a lot of effort while this street was
not detected as building that shows another case of good building detection. Fig 5.35 shows another
case of a better building detection, the rectangle boxes in Figure 5.35(i) indicate that is a surface at
ground level within the boundary wall of a building and this was understood only after field
verification, in this case this method performed better than visual interpretation. The arrow in
Figure 5.35(iii) is indicating this on a photo taken as part of field verification.
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Figure 5.31 :(i) Testsite 4_1, (ii) Testsite 4 2, (iii) Ground photo at the location marked in red rectangle, (iv)
Zoomed in view of red rectangle, (v) Accuracy Assessment Output for this location a part of testsite 4 _1 and
(vi) Accuracy Assessment Output for this location that was a part of testsite 4_2

Figure 5.32 : Two Subsets of testsite 4_8 with a variety of rooftops. (i), (iii) Accuracy assessment outputs of
the subsets and (i), (iv) true images of the subsets.
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Figure 5.36 shows a case in which step 13 of refinement process reduced building
detection. The area marked with red outline in Figure 5.36(i) was classified into Buildingsl class
while the building marked in Fig 5.36(ii) was of Buildings2 class, as they are neighbours this
refinement step eliminated this building and other small neighbouring buildings around the first one
from Buildings2. Such cases are possible in highly dense urban regions.

(i)
Figure 5.33 : Marked in Green is a street of width 1m.(i) Accuracy Assessment output of a subset from testsite
6_6 and (ii) True satellite image of the subset.

(i)

Figure 5.34 : (i) A subset of testsite 6_6 with a rectangle indicating open space inside a building, (ii) Accuracy
Assessment output of the same, and (iii) Ground photo with pointer indicating open space within the walls of
a building.

Figure 5.37 shows another case where a complicated roof was better detected by the
method than visual interpretation. The colored markings in Figure 5.37(i) and (ii) show how only a
portion of roof was interpreted as building while the rest was missed. Figure 5.38 shows a ground
scenario in which orderly parked cars were detected as building because their edges were well
detected and the segmentation result grouped them as single object that increased their size. Their
representation as False Positives in Figure 5.38(i) and a comparison from the ground is shown in
Figure 5.38(ii).
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(i)
Figure 5.35 : A drawback case of step 13 in refinement process. (i) Accuracy Assessment output of a subset
from testsite 6_6 and (ii) true image of the same.

Figure 5.36 : (i) Subset of testsite 7_5 showing a temple, and (ii) Photo taken on ground showing the actual
roof extents of the temple.

Figure 5.37 : (i) Accuracy Assessment output of a subset from testsite 9_5 and (ii) Street view of the same
location.
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Figure 5.39(i) shows the accuracy assessment of urban region which is a subset of testsite
9 5. The height of these buildings is just 3m which will require very accurate DEM for building
detection assisted by elevation information. While the output shows that this method in the research
performed better than the visual interpretation information used for validating. The green arrow
represents the compound wall of the houses while the red arrows are the actual building extent. The
marked location in subset is same as that of street view in Figure 5.39(ii),for these marked buildings
both visual interpretation and the method produced apt outputs, whereas in the case of other
buildings in this subset the method in this research produced better result, which can be inferred by
observing the yellow coloured portion which tell that the digitization was done on compound wall
of the house but not on the building area of the house.

Figure 5.38 : (i) Group of cars in parking lot detected as building, (ii) Ture image indicating the same.

Figure 5.40 shows segmentation output of three building that cover larger area. In Figure
5.40(i) is a building from testsite 6 6 whose segmentation produced regular shapes, while the
segments of two buildings, in Figure 5.40(ii) and (iii) of testsite 3 5 are distorted due to the
heterogeneity of the roof. As a result of this, building in Figure 5.40(ii), was detected as road due to
its length which detected it as a linear structure whereas the building in Figure 5.40(iii) was not
classified into any class so it was merged into others.

(i (iii)
Figure 5.39 : Segment outlines of various buildings. (i) A building from testsite 6_6, (ii) A linearly long
building from testsite 3_5 and (iii) Another building from testsite 3_5 showing segmentation faults due to

shadow extraction.
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Figure 5.41(i) shows a subset of testsite 5 2 and Figure 5.41(ii) shows the ground scenario
of the same location on 6-Mar-2013, comparing both these images it is clear that there is lot of
difference in building densities over five years, since the dataset was acquired in May 2008. And
extracting buildings from this satellite image using a DEM or thematic information of a different
date (in cases when DEM or thematic information of the same date is not available) is not advisable,
which is also a good indicator for the method developed.

Figure 5.40 : (i) Satellite image of a subset from testsite 5_2 and (ii) Terrestrial photo showing density of
buildings of the same location on 06-March -2013.
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6. DISCUSSION

This chapter will discuss some solutions that may help improve this method further, so that
detection of buildings by this approach is made more reliable.

6.1. Overall performance comparison:

As mentioned in Literature Review, the sources of data for building detection are two; one
aerial images and satellite images.

Aerial images were used in some of the methods (Lin and Nevatia, 1998; Muller and Zaum,
2005; Sirmacek and Unsalan, 2008) in which shadow information was used as reference. Lin and
Nevatia (1998) used shadow information for extracting building s from monochromatic image in
which many object relations were measured. The processing time for this was more than this
method (between 40 and 120 seconds) even though it was single intensity image and very small
regions were tested. The percentage building detection (PBD) for this technique was between 79
and 64 %. While (Mdller and Zaum, 2005) did not use sun illumination angle but used shadow
information in the image with adjacency relationship to extract building s from color aerial images
for the purpose. Muller and Zaum used many image processing techniques that would lengthen the
process while the PBD for three testsites of very planned areas was between 83 and 73 %. Sirmacek
and Unsalan (2008) used sun illumination angle and moved in its direction of sun to finalize
building segments.

The building detection method used in this thesis is very fast compared to those
techniques, even thought their PBD’s were a little higher, it can be said that this method is better
than their as the cost involved in acquiring aerial images and the number of flights required to cover
large areas is more and as the complexity of those regions is very less compared to this one. Further,
the resolution of aerial images and their clarity is more compared to satellite image.

Duan et al (2004) used thematic information thematic information to extract buildings from
satellite images and mentions that the quality of output was very high, but if such accurate thematic
information for buildings is available then the purpose of automating building detection using not
address as creation of thematic information takes time. Further creation of thematic information is
not possible at such regular time intervals as the method proposed in this thesis can extraction
buildings even for large areas every day. And this advantage of the method can help updating GIS
databases on a day to day basis.

This method used the approach of Dey et al.(2011), which mentions the use of edge
detection for multi-resolution segmentation of high resolution satellite imagery. But to finalize
classification of buildings sun illumination angle was used a number of step to refine buildings. Dey
performed this on pan sharpened Geo-Eye image, whose resolution is more than IKONOS satellite
image, to achieve a 72% PBD on only one testsite. As the method in this thesis, did not use sun
illumination angle it is faster than Dey’s process and the methods ability to deal complexities in
urban environment is also show that it better than his and other approaches discussed.
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Table 6.1 : SWOT analysis of the method developed

External Factors

Internal Factors

Opportunities

1. Availability of object
oriented  software.

2. Availability of high
resolution satellite imagery.
3. Adaptation of rules.

4. Shape and contextual
information.

Threats

1. Diversity of urban surfaces
and materials.

2. Obstructions due adjacent
features.

3. Changes due to radiometric
resolutions of sensors.

4. Proper understanding of
various properties used to
describe objects.

Strengths

1. Use of Readily available
information.

2. Consistent performance on
various urban complexities.

3. No addition of errors.
(Absence of temporal
variations due thematic or
elevation information acquired
on a different date.)

4. Very Fast.

5. Cost — effective.

1. Multi-level object
classification.

2. Automatic feature extraction
of dynamic Indian
environment. (Most of the
publications, mention of well
developed and planned urban
environment.)

3. Reduces manual effort.

4. Minimizes at least half of the
resources.

1. Use of Fuzzy logic is a
solution.

2. Manual correction of output
can help.

3. Adapting thresholds for very
well planned and developed
areas.

4. Development of algorithm
to model changes due to sensor
specifications.

5. Adding sun illumination
angle.

Weakness
1. No consolidated
information.

2. In sufficient segmentation
process.

3. Deficiency in accuracy
assessed.

1. OBIA assists in creating
alternative information.

2. Merging and refinement
algorithms can be developed.
3. Adding ground truth
information for accuracy
assessment.

4. Improvement by performing
sensitivity analysis.

5. Automating parameter
selection.

1. Lack of consolidated
information and diversity of
urban surfaces increase the
error.

2. Minimum shadow
information available at noon
may affect the method.

3. Improper edge detection
between similar adjacent
objects.

4. Classification of soil or
buildings as soil is a cause of
concern.
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6.2. Segmentation:

The segmentation process in this research was performed by multi-resolution process with
a number of parameters to control the size, shape, roughness and color of a segment. These
parameters thought set on one testsite performed consistently for most of the ten testsites. These
parameters for segmentation should work with the same efficiency even if the location is changed
with the same process performed on the IKONOS satellite imagery. This process should work well
for most of the high resolution multi-spectral satellite imagery (<2m) or pan-sharpened images
(pan-sharpened images should not have negative values). The segmentation process was very fast as
the time taken for segmentation was between 1 and 3 seconds for all the testsites. Further, if this
segmentation is used in well developed urban environment smoothness and compactness weights
can also be set to 0.5. If a higher resolution satellite image is used then an increase in scale
parameter would address the multi-resolution segmentation process.

Most of the failure cases of this segmentation were in the case of single trees and very large
buildings. To improve segmentation and avoid such cases band ratios and intensity2 outputs may be
a solution for segmentation with edge information instead of multi-spectral bands. Further WVI
may be the band ratio that will be useful as it has all the three bands which have most information
and that are available in most sensors.

Further in cases where the segmentation output is not accurate with the building boundary,
the segmentation process can be refined using edge extraction from sub-objects and then a Fuzzy
Similarity System that uses fuzzy logic to compare objects for merging can be involved to merge the
objects accordingly. In this Fuzzy Similarity System, micro and macro-textures may be involved for
comparison of objects so that they can be merged.

Apart from the above segmentation process can also be improved by developing algorithms
to select parameters for segmentation automatically. This selection process may be developed in
such a way that local variations and situations are considered based upon the type of data used and
its location. This may also involve relative selection of parameters based on the radiometric
resolution of the data. Apart from the above improvements other segmentation techniques that
have performed better for building detection may also be employed in the segmentation stage.

6.3. Classification and Refinement:

The classification of objects was performed at two levels: the first a hard classification on
pixel sized objects and the second a fuzzy classification of bigger objects using information from
sub-object classification.

In both the levels water was well classified in the two testsites water bodies were present.
The classification of trees and grass was satisfactory in all the cases except testsite 7_5 where not
even a single tree pixel was identified, this can be resolved by increasing the WVI threshold set for
classification of trees with entropy in green band reduced. Further the WVI for objects at multi-
resolution level should also be increased and sub-object density for tree class should be optimized.
Further to improve the classification of soil a difference/sum of red and green (Tucker, 1979)may
be used or adjusting the parameters used here may also be useful. Further if proper merging fo
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segments is performed before classification all the parameters used for classification may be
sufficient.

Buildings were classified into three groups. Buildingsl used density shape parameter while
shape index was used by the other to classes. But the use of both shape index and density together
may help improve the results. Border density that was used in classification of all types of buildings
can be modified to consider the ratio of number of edges pixels that are connected to other
segments by border length instead of number of edge pixels with in a segment by border length.
Shadow influence coefficient, another property used to classify buildings, spreads its effect radial as
direction was not considered, to overcome such a problem whole scene should be scanned for
shadows and their neighbouring buildings and direction in majority of the cases should be used for
refinement of building objects. Shadow influence coefficient can further be modified as the product
of relative border to shadow and density of sub-object shadow influence instead of their sum used
in this method. The process of refinement in which Buildings2 class was refined also removed some
buildings in very highly dense urban areas to overcome this fuzzy comparison may be involved in
this refinement. The refinement of buildings by extraction of all tree and grass sub-objects can be
improved by considering some contextual information as some buildings may be obstructed by
vegetation and this property not considered here. Apart from these detection of buildings may be
improved by developing an equation considering the properties used in this research so that a single
class for buildings is sufficient. Extraction of roads may be improved by using morphological
operators.

The overall classification can further be improved by developing a fuzzy system to
measure the densities of neighboring objects and their WV1 vegetation index to classify them into a
class. This improvement may also help in simultaneous classification of objects from roads to
vegetation.

6.4. Discussion on quality:

As this approach has many new properties involved, a sensitivity analysis may be performed
to see how each of these parameters changes the accuracy of building detection. The involvement of
sun illumination angle in both segmentation and classification process will increase the accuracy of
this method as this method already achieved accuracy that most of methods achieved even after use
of sun illumination angle. Further, sun illumination angle will reduce the shadow influence
coefficient effect objects that were influence by tree shadows. The overall classification quality can
also be improved by merge shadows detected in this to neighbouring non-building objects.

The results of this method can be compared by DEM assisted building detection for the
same testsites. To understand the quality of this method a comparison can be done by using other
methods that don’t use allied information to detect buildings for the same region. Further a density
of buildings in a region can be measured and related to accuracy assessment. This density of
buildings can also be used to improve the building detection by developing a fuzzy logic to relate
density of buildings to see how each of the parameters used in this method can be modified.
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7.  CONCLUSIONS

This thesis presents an Object Oriented Approach for land cover classification and building
detection from high resolution satellite imagery. This method used sub-object class density and
shadow influence measures to achieve this objective of classification and building detection. For this
purpose eCognition software, which is mostly used OBIA software, was used. Using this software
various visually observed thresholds were set on spectral and spatial properties to address some of
the problems in building detection.

Objects in this method were obtained by two methods: a) multi-resolution segmentation
and b) chess board segmentation. For Multi-resolution segmentation, canny edge detection was
selected after observing seven filters, as adding this information aided the creation of better building
segments. Canny edge detection parameters were adapted to suit the purpose of building detection.
Further the use of intensity3 for canny edge detection and its better performance in segmentation
compared to segmentation outputs generated without using edge detection or using sobel edge
detection was shown. Chessboard segmentation was only used to induce prior knowledge into the
method by classifying the pixel sixed objects created in this segmentation.

This classification of pixel sized objects and the creation of a new class shadow influence
addressed the absence of elevation information or thematic information that is usually used in
building detection. Water Vegetation Index is another classification property used here, this showed
promising outcomes for classifying both water and vegetation, these were better than NDVI and
GreenNDVI. Further this thesis also presents the creation of border density and shadow influence
coefficient; the use of these properties achieved the same efficiency in most of the testsites and
accuracies that were achieved by other methods that used sun-illumination angle to detect buildings.

Apart from segmentation and the properties used for classification, this research also
developed a sequence of steps to perform this classification which accompanied by some
refinement steps which reduced the number of ground objects classified as buildings. This process
also eliminated the probability of pervious surface getting classified as building. The adjacency
relationships used here increased the efficiency in classifying water bodies in multi-resolution level
and ground object adjacent to water bodies. The steps used to classify roads also classified railroad
which shows the efficiency of the method.

Overall this research has developed a novel approach to detect buildings from high
resolution satellite imagery which is consistent, fast, cost-effective and requires no additional but the
image. This approach has reduced the cost involved in building detection techniques that uses DEM
and the time and human labour involved in generation of thematic information for building
detection method that uses GIS information.
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