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Abstract - Modeling the effective localization of built-up
area using static clustering technique for simultaneously
detecting possible built-up areas from given set of high-
resolution remote sensing images covering different scenes is
presented in this paper. A novel approach of segregating the
finest of built-up area of region of interest is developed using
the proposed algorithm. This proposed algorithm can be
categorized into two stages. The first stage is to extract large
set of corners from each input image by Harris corner detector
and at the second stage corners are extracted using likelihood
function which localizes the candidate regions in each input
image. In order to discover the frequently recurring texture
patterns corresponding to built-up areas as an unsupervised
grouping problem, the candidate regions with histogram
representation of texture feature is modeled and the grouping
problem is solved by spectrum clustering.
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1. INTRODUCTION

High-resolution remote sensing images have become critical
sources of information in various fields such as geography,
cartography, surveillance, city planning, and so on. Among
them, monitoring the distribution, growth and
characteristics of built-up area gains a significant attention
for the aid of local agency to update land maps and draw city
plans [1]-[3]. In such applications, the basic step is to extract
built-up regions from the high-resolution remote sensing
images. In general built-up area represents a dynamic
environment which is mostly consists of both manmade and
natural objects which are based on texture analysis. Unsalan
and Boyer [4] combine line-support regions with spectral
features to measure built-up areas. To extract texture
information from the image Pesaresi and Benediktsson [5]
introduce a novel mathematical morphological
transformation, called differential morphological profile. Its
application for built-up region detection can be found in [6].
In recent year, built-up area detection based on local
invariant features has revealed promising results. Main
objective of this paper is to optimize the detection of built up
areas from high resolution satellite image using
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unsupervised classification. In [7], Sirmacek and Unsalan
develop a method to detect built-up areas and buildings in
very high resolution Ikonos satellite images based on scale-
invariant feature transform features and graph theory.
However, it needs some template building images for
training and therefore suffers from a high computing
complexity and memory requirement. In later [8], a more
direct method is used. However, since it solely depended on
local features for recognition, it can often be too weak of a
signal to reliably detect the built-up regions in complex
satellite image. Existing methods [9] have their own
limitations. The spectral features of some areas of known
land cover types are extracted from the image which is
known as the "training areas". Each pixel in the whole
image is then classified as belonging to one of the classes
depending on how close its spectral features are to the
spectral features of the training areas. On detecting build
regions from an image have to label a large volume of
training samples to provide sufficient prior information for
high detection rate and it’s a tedious process. This can be
overcome by means of automatic Grouping of pixels in the
image into separate clusters, depending on their spectral
features.

2. AUTOMATED EXTRACTION OF CORNER POINTS
FROM HARRIS CORNER DETECTOR

In general, urban environment is replete with corners from
building roofs, road marks, and other man-made objects. If
we could detect all such corner points from images, the built-
up regions would be naturally implied from the density of
corners. Thus, the corner feature which is used to infer the
locations of potential built-up regions in the given images. To
extract certain kinds of features and infer the contents of
image, corner detection is an approach used
within computer vision systems. Corner detection is most
widely used in various applications like image registration,
image mosaicing, motion detection, video tracking, 3D
modeling and object recoganization. The Corner detection
overlaps with the topic of detection.

A well-defined position and can be robustly detected
point in an image is an interest point. It has some typical local
property. For example, if square objects are present in the
image, then corners are very good interest points. Corners in
image can be located usinglocal detectors and it serve better
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than lines when the correspondence problem is to be solved.
Edge detectors themselves are not stable at corners. This is
natural as the gradient at the tip of the corner is
ambiguous.However, near the corner there is a discontinuity
in the gradient direction. This observation is used in corner
detectors.

The simplest corner detector is the Moravec detector,

which is maximal in pixel with high contrast. These points are
on corners and sharp edges. This produces a good result and

computationally more expensive. An alternative method is
proposed by Harris and Stephens [18], which in turn is an
improvement of a method by Morave’s by considering the
difference of the corner score(sum of square difference).

2.1 A. Harris Corner Detection

The Harris Corner Detector is a mathematical operator
that finds “High similarity features” in an image f and this
method is popular because it is rotation, scale and
illumination variation independent. The basic Principle
behind this is corner; the image intensity will change largely
in multiple directions. Harris corner detector is based on the
local autocorrelation function of an image and this function
measures the local changes of the signal with patches shifted
by a small amount in different directions. Given a shift (x, y)
and a point the autocorrelation function is defined as

S[u, vl = D WX VI X+u,y+v)—1(x Y @

Where S is the difference between the original and the
moved window, u is the window’s displacement in the x
direction, v is the window’s displacement in the y direction
and w(x, y) is the window at position (x, y).

This acts like a mask which ensuring that only the desired
window is used. I represent the intensity of the image at a
position (x, y) where I(x+ u, y+ v) is the intensity of the
moved window and I(x, y) is the intensity of the original
image. Maximize the intensity of an image term:

DX +u, y+v) = 1(x, Y
d (2)

Then, we expand this term using the Taylor series. It's just a
way of rewriting this term in using its derivatives

Suvl ~ Y [1(xy)+ul, +Vvl, —1(x, )I (3)

X,y

[(x+ u, y+ v) changed into a totally different form (I(x, y) + ulk
+ vly).That's the Taylor series in action. And because the
Taylor series is infinite, we’ve ignored all terms after the first
three. It gives a pretty good approximation. But it isn’t the
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actual value. Next, we expand the square. I(x, y) cancels out,
so it’s just twoztﬁrgls we need to squagze.
~ _U
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Now this messy equation can be tucked up into a neat little
matrix form likerthiS'
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Rewriting the summed-matrix, and it is denoted as M. Harris
matrix is symmetric and positive semi-definite.
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The equation (1) is modified as:
- u
Suv] ®uvlM VJ (7

It was figured out the Eigen value ( A ) of the matrix can to
help to determine the suitability of the window. A score R, is
calculated for each window

R=det M- k (trace M) 2 (8)
WheredetM =M A2 ,trace M= A Ae and k=0.04
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Fig-1: Corners and edge detection using Eigen value

e Both Eigen values are small, and then the pixel is “flat”.

There are no edges and corners in this location.

e One eigenvalues is large, and the other is small, then the
pixel is an edge

e Both Eigen values are large, then the pixel is a corner

Based on the Eigen values of an image Harris corner
output is shown in Fig.2
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Fig-2: Test input image 1(a) and (b) Harris corner
output

3. EXPERIMENTS

3.1 Data Set Description

To test the performance of built-up area detection method
using clustering technique, we consider m*n array of input
image presented in conventional form, which composed of
30 satellite image(Ikonos and Quickbird images) downloaded
from Google Earth. This data set is used to test the detection
ability of the proposed method for images acquired by
different sensors and different spatial resolutions

3.2 Results and Discussion

In this experiment, the basic Idea of developing such a
model is to extract the particular built-up area for a specified
region of interest. The proposed technique has been tested
on several satellites. To quantify the detection result, we use
the evaluation measures widely accepted for built-up region
extraction, which are true positive rates (TPRs) and false
positive rates (FPRs).
Harris Corner detection founds itself prominent in
highlighting the edges and corners that comes to the base for
the building block of built-up area detection which is based
on sigma and threshold value has been proposed in [26]-
[27]. As indicated in Table I the maximum number of Harris
Corner points are detected for the values between threshold
0.1 to 1 with sigma value equal to one and when the sigma
value increases, the detection of points are decreased. This
method provides 85% correction rate and decreases FPR.
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Fig -3: Detection of required airplane of fig.11

4. CONCLUSIONS

In this paper, an unsupervised framework of simultaneously
detecting the built-up areas from multiple high-resolution
satellite images is discussed. The proposed method includes
a likelihood-function based approach to extract candidate
built-up regions, in which Harris corner detector is
proposed, and spectrum clustering for the final built-up area
detection. Based on these tests, the proposed approach
demonstrates the following advantages over the previous
works. First, it can simultaneously detect built-up regions
from multiple images; second, the entire process is highly
automatic and requires no human interaction

ACKNOWLEDGEMENT

The authors thank the management and Principal of
Kumaraguru College of Technology, Coimbatore for
providing the excellent computing facilities and
encouragement..

REFERENCES

[1] Menzel, W.P,and].F. W. Purdom, “ Introducing GOES-I
The first of a new generation of geostationary
operational environmental satellite,”in  Bulletin
ofAmerican Meteorological Society, 75(5), 757-781,
1994.

[21 Richards,]. A, “Remote sensing digital image analysis an
introduction,” (second edition), 1993.

© 2020, IRJET

Volume: 01 Issue: 02 | Apr—Jun 2020

[3] Scorer, R.S., “Cloud reflectance variations in channel-3,
"Int. ]. Remote Sens.,10,675-686, 1989.

[4 C. Unsalan and K. L. Boyer, “Classifying land
development in highresolution panchromatic satellite
images using straight-line statistics,”IEEE Trans. Geosci.
Remote Sens., vol. 42, no. 4, pp. 907-919, Apr. 2004.

[5]1 ] M.Pesaresiand J. A. Benediktsson, “A new approach for
the morphological segmentation of high-resolution
satellite imagery,” IEEE Trans.Geosci. Remote Sens., vol.
39, no. 2, pp. 309-320, Feb. 2001.

[6] ]. A. Benediktsson, ]. A. Palmason, and ]. R. Sveinsson,
“Classification of hyperspectral data from built-up areas
based on extended morphological profiles,” IEEE Trans.
Geosci. Remote Sens., vol. 43, no. 3, pp. 480-491,Mar.
2005.350.

[71 B.Sirmacek and C. Unsalan, “Built-up-area and building
detection using SIFT keypoints and graph theory,” IEEE
Trans. Geosci. Remote Sens., vol. 47, no. 4, pp. 1156-
1167, Apr. 2009.

[8] B. Sirmacek and C. Unsalan, “Built-up area detection
using local feature points and spatial voting,” IEEE
Geosci. Remote Sens. Lett,, vol. 7, no. 1,pp. 146-150, Jan.
2010.

[91 Xiong Liu, “Supervised Classification and Unsupervised
Classification”, ATS 670 Class Project.

[10] Chao Tao, Yihua Tan, Zheng-rong Zou, and Jinwen Tian,
“Unsupervised Detection of Built-Up Areas From
Multiple High-Resolution RemotSensing Images,” IEEE
Geosci. Remote Sens. 2013.

[11] C. G. Harris and M. Stephens, “A combined corner and
edge detector,” in Proc. 4th Alley Vis. Conf.,, 1988, pp.
147-151.

[12] Akaike, H, “Information theory and an extension of The
maximum likelihood principle” Petrox, B.N., & Caski,F.
Second international symposium on information theory
pp 267-28,1973.

[13] IJ. Myung, “A Tutorial on maximum likelihood
estimation,” Journal of Mathematical Psychology 47
(2003) 90-100.

[14] F. Zhao, Q. Huang, and W. Gao, “Image Matching by
Multiscale Oriented Corner Correlation,” ACCV 2006,
LNCS 3851, pp. 928-937, 2006.

[15] Farzad siyahjani and Gianfranco Doretto, “Learnng a
context Aware Dictionary for Sparse Representation
,"Lane Department of Computer Science and Electrical
Engineering,West Virginia University,Morgantown,WV
26506,USA.

[16] A.Alvaro, Joseph L. Schafer, “Analysis of multivariate
normal datasets with missing values,” in Version 1.0-9.5,
August 29, 2013.

[17] Xuwen Qin, Shufang Tian, “A New Image Matching
Algorithm With Modified Greedy Algorithm For Remote
Sensing Imagery ,” in ISPRS Workshop on Service and
Application of Spatial Data Infrastructure, XXXVI(4/W6),
Oct.14-16, Hangzhou, China.

[18] T. Tuytelaars and K. Mikolajczyk, “Local Invariant
Feature Detectors”. Foundations and Trends in
Computer Graphics and VisionVol. 3, No. 3 (2007) 177-
280c 2008.

[19] Eric Zivot, “Maximum Likelihood Estimation,” May 14,
2001

[20] Mallikaarachchi, K. S, Huang, ]. L, Madras, S,
Page 8



International Research Journal of Education and Technology

ISSN 2581-7795

Cuellar, R. A, Huang, Z., Gega, A, Rathnayaka-
Mudiyanselage, . W., Al-Husini, N. Saldafia-
Rivera, N., Ma, L. H,, Ng, E,, Chen, ]. C., & Schrader,
J. M. (2024, April 6). Sinorhizobium meliloti BR-
bodies promote fitness during host colonization.
bioRxiv.
https://doi.org/10.1101/2024.04.05.587509

[21] Gowda, D., Annepu, A., Kulkarni, S. V., Madras, S.
S., & Rao, B. K. (2026). Al and IloT enabling smart
connectivity and automation in healthcare. In
Cybersecurity and privacy in the era of smart
technologies (pp. 1-30). IGI Global Scientific
Publishing.

[22] Singh, A., Patil, S. Wilson, R, Dixit, P. R, &
Madras, S. S. (2025). Chemical toxicology of drug
metabolites: Implications for human health.
Journal of Applied Bioanalysis, 11(3), 328-335.
Green Publication.

[23] Madras, S. S. (2024, December). Unlocking novel
hydrocolloids: Purification and characterization of
exopolysaccharides from rhizobia. European
Journal of Molecular & Clinical Medicine, 11(5),
302-316. EJMCM, International House.

[24] Madras, S. S. (2022, May). Comparative analysis of
aerobic and anaerobic bacterial culturing
methodologies. African Journal of Biological
Sciences (South Africa), 4(2), 226-247. Institute
for Advanced Studies.

© 2020, IRJET Volume: 01 Issue: 02 | Apr—Jun 2020 Page 9


https://doi.org/10.1101/2024.04.05.587509

International Research Journal of Education and Technology

ISSN 2581-7795

© 2020, IRJET Volume: 01 Issue: 02 | Apr—Jun 2020 Page 10



