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Abstract: This paper presets a methodology and results dfiaiag damaged building detection algorithms
using an object recognition task based on DifféaéMdorphological Profile (DMP) for Very High Resdlon
(VHR) remotely sensed images. The proposed approaaives several advanced morphological operators
among which an adaptive hit-or-miss transform witrying size, shape and gray level of the structri
elements. IKONOS Satellite panchromatic imagesisting of pre and post earthquake site of Sichuaa &
China were used. Morphological operation of opersing closing with constructions are applied fomsegted
images. Unsupervised classification ISODATA alduoritis used for the feature extraction and the tesul
comparison with ground truth data, complex urbaadoefore the earthquake gives 76% and same aashetr
after the earthquake gives 88% buildings deteatiorobject based accuracy. This work is being exdrd
extract shadows and non building objects for bettessifications of building roof footprints.
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1. Introduction

The very high spatial resolution satellite imagé&erothe opportunity to recognize features such as
road, vegetation, buildings and other kind of isfractures. In this paper, we focus on automatic
damaged building detection method which is helpfubptimize recognize, rescue, management and
recover tasks when an event of hazard. In the ¢iacsdde, many kinds of methods have developed
especially to classification and feature extractiosing high-resolution imagery. According to
difference manners, these methods can be summarizeddifference kinds: automatic and semi-
automatic according to the iteration extent of homsingle view and multi views, according to
difference principles; region-based and edge-basmmbrding to the principle elements acquired
manners. Among these methods, mathematical morghdias already proved to be effective for
many applications in remote sensing [1] - [9]. Gifisation and Feature Extraction for Remote
Sensing Images From urban Area Based on Morphabdicansformations and Classification of
Hyper spectral Data From Urban Areas Based on BetiMorphological Profiles were presented by
Benediktsson et al [10]. Similarly, Aaron K. Shaééel et al were investigated a method for
Automated 2-D Building Footprint Extraction from dfi-Resolution Satellite Multispectral Imagery
[11]. This research also focused on region baseskifications.
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2. Objectives and Methodology

2.1 Differential Morphological Profile

The Here Differential Morphological Profile (DMP)as developed by feature detectors attempt to
identify buildings, shadows, roads and so on of ligh-resolution panchromatic images and it is
constructed using morphological opening and clodiygreconstruction operators. Mathematical
morphology employs a set of image operators toaektand analyze image components based on
shape and size of quasi-homogeneous regions iimidge. This concept is used to create a feature
vector from a single imagé,and it is based on the repeat use of the opemdgcknsing operators,
which are commonly used in mathematical morpholddy. Opening and closing by reconstruction
is obtained following by erosion and dilation unddre original image [10]. The gray-scale
reconstruction 0* '” of imagel could be defined as follows. Openingis defined as the result of

erosion followed by the dilation.
— f —
y*u F(p)=p*"" (¢, T(p)) =Rec(e, T, f) (1)
In a similar fashion, closinfy by reconstruction can be defined as
— f —
¢*\ T(p)=p*"" (O f(P)=Rec(d, f,.f) @
Here in the Euclidean transforms assume that flatct&iring element that corresponds to the

neighborhood SE-N;(p) .The erosion€ of the grey level function using the structurifgneent
N is defined by the infimum of the values of the gieyel function in the neighborhood

ey T(p) ={0f (p")|p) ONg (p) O f( p)} ©)
And the Dilationd,, is similarly defined by the supremum of the neigtilmg values and the value of
as

5Nf(p)={Df(p’)\p’)DNG(p)Df( p)} (4)

Opening and closing by reconstruction can be cemsitl as lower-leveling opening and upper-
leveling closing operations [13]. The idea of thaltimscale segmentation based on the derivative of
the morphological profile was developed as
Let y*A be a morphologicabpening operator by reconstructiasing structuring element SEX=and
My(x) be theopening profileat the pixek of the imagd . My(x) is defined as a vector

My(x) ={ NyA : yA =y*A (X), OA v [0,n]} 5)

Also, letf * A be a morphologicailosing operator by reconstructiarsing structuring element SEA=
. Then, theclosing profilelf A at pixelx of the image is defined as the vector

Nfx)={nNfAx:0fA=f*\(x), OAv [0,n]} (6)
In the abovel1y0(x) =f 0(x) = I(x) for A=0 by the by the definition of opening and closing
reconstruction [3]. Given (1) and (2), the opernimgfile can also be defined as a granulometry [1]
made with opening by reconstruction, while the iclggprofile can be defined as antigranulometry
made with closing by dual reconstruction. The daiixe of the morphological profile is defined as a

vector where the measure of the slope of the opetliwsing profile is stored for every step of an
increasing SE series. Thlerivative of the opening profilsy(x) is defined as the vector

Ay(x) ={AyA : AyA = |NyA —TyA-1|, OA v [1,n]} (7
By duality, thederivative of the closing profilaf (x) is the vector
Af (X)) ={ AfAAFA =NfFA-NFA-1|, OA v [1,n]} (8)
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Generally, thalerivative of the morphological profil&(x)or the DMP can be written as the vector

A(X) = Ac :Ac=Af A=n-c+1,0cv [1,n] {
Ac Ac=AyA=c-n,cv [n+1,2n] ©)

with equal to the total number of iterations, c=1,2n, and , anph-cj=the size of the morphological
transform.

2.2. Used Data

The morphological filter theory was designed fareaies of gray-level images. In this paper, we used
pre and past IKONOS panchromatic (PAN) imagery ich@an earthquake in China in 2008. The
gray color image of high-resolution IKONOS panchatimimages that consist of 1m resolution band
(450-900 nm) is used. The images were smoothed) usédian convolutions filter for removal post
classification procedures like “salt-and-paper” aother visual enhancement procedures. IDL
programming language and ENVI 4.7 commercial safewsackage is used for image processing and
classification on this research.

Figure 1.The image (a) shows the original image before tn¢thguake event and (b)-(g) represents
Structural decomposition of the image using difféied morphological profile. The images have been
visually enhanced. The derivative has been caledlatlative to a series generated by six iterations
of the elementary SE with radius from 7-19m. Deieaof the opening profile with r=(b)7, (c)11,
(d)15 and closing profile with r=(e)7,(f)11,(g)1%eashows above respectively.
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Figure 2.The image (h) shows the original image after thehemake event and (h)-(n) represents
Structural decomposition of the image using diffitied morphological profile. The images have been
visually enhanced. The derivative has been caledlatlative to a series generated by six iterations
of the elementary SE with r (radius) from 7-19mrilaive of the opening profile with r=(i)7, ()11,
(k)15 and closing profile with r=(I)7,(m)11,(n)1%eashows above respectively.

3. Building Extraction

The building shadows are easy to extraction udieg tow reflection value. Musk for the shadows is
built up using the reflection value between 0 a@d Bhe structures with similar scale to the SE
diameter give high response when SE in DMP valud Wright structures in opening portion and
dark structures in closing portion of the profileor each pixel in the image, the position of the
maximum response within the DMP vect&(X)), indicate both the SE size that best charasehe
structure that the pixel resides within and whetherpixel is part a structure that is brightedarker
than the surrounding region. The maximum DMP respandicates with well match SE value that
the pixel resides within. There are 8 differentiabrphological profiles were created using disc
shaped morphological elements with radius (r) iasiregy 7 to 19m (step size is equal to 4m). The SE
that less than 7m are not reliable for use becatigeconsists of small shadows, trees and wraaked
buildings. Those fingers give noise for the clasatfon results, we used that SE more than 7 teadet
for remain Buildings. Most of the bright buildingaf is gives the maximum response with opening
differential profile and dark color roof, shadows avith closing differential profile. Unsupervised
ISODATA Classification way is used for the classifiion and identification the structures.
Combining morphological operations is carried oot femove pixel errors that occurred due to
delineation of image objects with DMP before clisation.

4. Results

The results have shown the usefulness of the peabogethod during detection of various types of
building, as illustrated by the portions given tlpaper. The image patches used to train the
Unsupervised ISODATA classifier. The shadows of thiélding were masked when classification
using their low spectral value. The candidate a@atained various kinds of roofs with difference
colors and shapes before the earthquake. Theresame building structures that complex and
combine together were classified as a one buildiifpough this result appeared to be high accuracy,
the confidence measures produced by the ISODATHItmg suggested a reliability of post event
gives 88.46%. The error extraction of building stame could be due to over fitting of the decision
surface to the data. The totally collapsed buildimghe applied area is identified as 89 according
manually labeled buildings as ground truth andréseilt of the above algorithm views as 65.
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Figure 3. Building extraction results. (0) IKONOS imagetlo¢ pre-earthquake area. (p) Manually
labeled buildings as ground truth. (q) Result oé thuilding extraction according to approached
method.

(r) (s) (t)

Figure 4.Building extraction results. (r) IKONOS image be&tpost-earthquake area. (s) Manually
labeled buildings as ground truth. (t) Result oé thuilding extraction according to approached
method.

Tablel Before the earthquake

Object base Pixel base
Correctly Extracted 88 62572 (39.11%)
Buildings
Total 115 79240 (49.56%)
76.52% Dismiss pixels 16668
Table2 After the earthquake
Object base Pixel base
Correctly Extracted 23 12886 (08.05%)
Buildings
Total 26 7308 (04.56%)
88.46% Overlap pixels 5578
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5. Conclusions

We applied a method for extraction of urban strreguand hazard estimation using very high-
resolution satellite images. The first step was segmentation structural information using
morphological opening and closing by reconstructiperators. IKONOS satellite panchromatic gray
level images of pre and post earthquake event wappdied to morphological operators. Then, the
building footprint were extracted in candidate mgiusing connected components analysis to the
pixels selected according to their morphologicaffilgs, obtained using increasing structural eleimen
sizes for 7 to 19m for opening and closing opegatéirom the analysis of the extraction results,
complex urban area before the earthquake gives ditdosame area wracked after the earthquake
gives 88% buildings detection on object based awyupercentage according to the applied method.
Further work is required to increase the accurddyudding detection and determine if damage ratio
of the structure can be estimated.

References

56. H. J. A. M. Heijmans and B. T. M. Roerdink, EdrBrecht, The Netherlands: Kluwer, “From connected
operators to levelings,” in Mathematical Morpholagyd Its Applications to Image and Signal Procegsin
1998, pp. 191-198.

57. Gonzales, R. C. and R. E. Woods, 2002, “Digital gdmédrocessing”, 2nd ed., Upper Saddle River, NJ’
Prentice Hall, 2002.

58. P.Soille, “Morphological Image Analysis- Principd@d Applications”, 2nd ed. Berlin, Germany’ Springe
Verlag, 2003.

59. N.Jiang, J.X. Zang, H.T. Li, X.G.Lin , Semi-Autorf@Building Extraction from High Resolution Imagery
Based on Segmentation

60. Sébastien Lefévre, Jonathan Weber, David Sheenstonfatic Building Extraction in VHR Images Using
Advanced Morphological Operators

61. |. Destival, “Mathematical morphology applied tomete sensing,” Acta Astronautica, vol. 13, no. @/,
371-385, 1986.

62. F. Laporterie, G. Flouzat, and O. Amram, “Mathewatimorphology multi-level analysis of trees patter
in savannas,” in IEEE International Geosciences Rathote Sensing Symposium, 2001, pp. 1496-1498.

63. P. Soille and M. Pesaresi, “Advances in mathemiaticarphology applied to geoscience and remote
sensing,” IEEE Transactions on Geoscience and ReBenising, vol. 40, no. 9, pp. 2042—-2055, September
2002.

64. S. Derivaux, S. Lefévre, C. Wemmert, and J. KorcZ@katershed segmentation of remotely sensed images
based on a supervised fuzzy pixel classificatiam,|JEEE International Geosciences And Remote Sgnsin
Symposium, Denver, USA, July 2006.

65. Jon Atli Benediktsson, , Martino Pesaresi, and Kolh Arnason, “Classification and Feature Extractio
for Remote Sensing Images From Urban Areas BasedMorphological Transformations”, IEEE
TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOA1, NO. 9, SEPTEMBER 2003

66. Aaron K. Shackelford, Curt H. Davis, IEEE Interoatal Geosciences And Remote Sensing Symposium,
2004, pp. 1996-1999.

67. Martino Pesaresi, J.A. Benediktsson, “A New Appiodor the Morphological Segmentation of High-
Resolution Satellite Imagery”, IEEE Internationaédsciences And Remote Sensing Symposium, Vol.39,
No. 2, 2001, pp. 309-319.

Acknowledgements
We would like to thank for access and imagery piediby GeoEye (space imagine) and Global Land
Cover Facility (GLCF).

About the Authors

C. D. K. PARAPE, B.Sc. Kobe University., M.Sc. Kyoto University, hB. candidate in
Environmental Informatics Laboratory, Faculty ofbdn and Environmental Engineering, Kyoto
University.

M. TAMURA, Professor, Graduate School of Global EnvironmeBtadlies,
Kyoto University, Japan.

International Conference on Sustainable Built Envionment (ICSBE-2010)
Kandy, 13-14 December 2010





