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ABSTRACT

This paper studies the effect of airborne elevatidormation on the classification of an aerial geain an urban
area. In an urban area, it is difficult to clasdifyildings relying solely on the spectral inforneatiobtained from
aerial images because urban buildings possessetyvaf roof colors. Therefore, combining Lidar datith aerial
images overcomes the difficulties encountered vatfard to the heterogeneous appearance of buildimgise first
stage of this process, building information is afdd and is extracted using the normalized Digitatface Model,
return information derived from the airborne Liddata, and vegetation information obtained througb- p
classification. In the second stage of this procémsaerial image is segmented into objects. thés overlaid with
building information extracted from the first stiepthe process. By applying the definite rule te thsulting image,
it is possible to determine whether or not the objg a building. In the final stage, the aeriahge is classified by
using the building object as ancillary data exeddrom the prior stage. This classification prageduses elevation
and intensity information obtained from the Lidatal as well as the red, green, and blue bandiebtérom the
aerial image. As a result, a method using the coatlin of an aerial image and the airborne Lidaea ddows
higher accuracy and improved classification, esplycwith regard to building objects, than resuhat rely solely
on an aerial image.
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INTRODUCTION

The urban landscape consists of a variety of magiemabjects such as buildings, monuments, streets,
roadways, and parking lots, and natural featutesdrasses, trees, and ponds (Baileng., 2009). These objects
become more complex and various as time goes afassification method has generally been used sdtéllite or
aerial images to identify buildings among theseeots. An object-based method is more often usetigh-
resolution images than a pixel-based method bec#usepixel-based method relies solely on the spkctr
information of a single pixel, often resulting imaisy, cluttered classification pattern arisingnfr differentiation of
various urban surface materials (Bar and Barn&e@0).

However, no single type of data, such as a sasllitage, can provide a reliable solution to a cacaptd

mapping task. Misclassification often exists amepgctrally similar materials like building roofscaroads.
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Figure 1. Flowchart for extraction of buildings from an aiimage.

Therefore, inclusion of additional independent infation is needed. Combining Lidar (Light Detectiemd
Ranging) data with information from images can bedyway of overcoming these difficulties. Lidaras active
remote sensing system, which utilizes a laser bfandetection and measurement to provide three-dsmaal
information of the earth surface and objects. Aarce of superior 3D data, Lidar has wide appbicain many
fields, such as 3D city models, urban planningjgfesf telecommunication networks, vegetation manirity and
disaster management. The special advantages afrcap8D urban data using Lidar are high speedj kignsity,
high vertical accuracy, and low cost compared waditional photogrammetry.

Building detection and reconstruction based on iL@int cloud data is currently a key research afeladar
data processing (Zhoat al., 2009). For example, Lidar data has been usedtmaaing building objects in urban
areas. Ekhataret al. (2008) extracted high-elevation Lidar points, amént identified building objects by
eliminating the vegetation points using the clasatfon result of an aerial image. Chenal. (2009) conducted
hierarchical object-oriented classification (indhgl high buildings, low buildings, and roads) bypbjing

thresholds after generating Normalizedff€ience Water Index, Spectral Shape Index, Nornthli2éference

Vegetation Index, and nDSM(DSM-DTM) from a Quickbiimage and Lidar data. Lidar data is also usedras
additional classification band. Lee and Shan (2@@8)ducted mapping of a coastal area by utiliziiat elevation
information as the additional band after transfoignto 11 bits. However, use of height informatioithwimage
information is not necessarily appropriate. It Haes drawback that many urban objects have heteemgenheight
values at pixel level inside the footprint of eaatject, such as trees, shrub crowns, and buildvitis a non-flat
roof (Bailanget al., 2009). This detracts significantly from the a@ay of classification because there are various
heights in the same landcover. Therefore, the tibgof this work is to increase the accuracy afssification by
first deriving building information from Lidar datand using this in extracting building objects frdne aerial
image. Figure 1 shows the flowchart of this study.

ASPRS 2011 Annual Conference
Milwaukee, Wisconsin eMay 1-5, 2011



STUDU AREA AND DATA SET

The study area is located in Chon-an, a city intlsd{orea. It was selected as a suitable urban laagang
various landcovers and roof colors. In this cowditiit is difficult to classify the area with ondysingle data source
such as an aerial image or satellite image. Thexetin aerial image and airborne Lidar data wereiéaneously
acquired and used to solve this problem. The twa dare registered and resampled to 0.25 m spasalution.

METHODOLOGY

Building Information Extraction from Lidar

Building extraction using Lidar data is conducthbtigh the nDSM, return information and pre-clasatfon.
nDSM is derived from the first return data and aMDEhade through the method proposed by Eeal. (2005).
nDSM was used as not only the threshold for extaaif building information but also as an addiabband in the
process of pre-classification. Subtracted retuformation in this paper means the difference irghebetween last
return and first return, and provides informatidroat forest and non-forest cover. Pre-classificaticas used to
extract vegetation information, and input bands diassification included intensity and elevatiofiormation of
Lidar data, in addition to red, green, and bluedsaof the aerial image.

In order to extract building objects from Lidar @athree conditions were applied:

m NnDSM>2 m
m subtracted return informatiatl m
m #vegetation area.

Generally, buildings are higher than 2 m and haistracted return information lower than 1 m. Aduliglly,
vegetation areas are removed by using the vegete#ss of the pre-classification result.

Segmentation of Aerial Image

A segmented image is used as the medium to trandbmilding objects extracted from the Lidar datathe
aerial image. Segmentation is the most importamtgss in this study because its accuracy affeetevhrall result.
In particular, it provides the ability to clearlyitle between buildings and non-buildings suchgshalt, bare soil,
and grass in the aerial image.

Therefore, we segment the image using a segmemtagshod suggested by previous research, whichistens
of a method comprised of automatic seed selectiwodified seeded region growing (SRG) and regiongingr
Initial seed points were extracted through blockduhseed selection that uses the obtained multirgpedge and
multispectral information in a local region. Inltisegmentation is achieved by applying the modif@&G
procedure, which integrates geometric structural amultispectral information to provide homogenousage
regions with accurate and closed boundaries. Wairolhe final segmentation result through a regidiacency
graph (RAG)-based region-merging process, whictgeegethe initial segments via a homogeneity costsoreathat
combines regional spectral and texture information.

Temporary Building Extraction Through Overlaying

Segments of the aerial image are determined toulddity segments or otherwise after overlaying dinij
objects from the Lidar data on the segmented imdglee area of Lidar building pixels forms moreth50 percent
of a segment, the segment is classified as a bgildbject in the aerial image. This process is iadpto all
segments of the aerial image. This process plagsean transforming building objects of Lidar ddataones of the
aerial image.

Application of Morphological Filter and Removal of Small Objects

This step involves post-processing using morphgkddfiltering and filling the boundaries made dgrithe
segmentation process. A closing method is usetisnstep, and kernel size is® Although boundaries are filled
after this filtering, there are still several nomitling objects having small areas that were nohaeed in the
previous steps. Therefore, we eliminated the objéwit have areas smaller than F0tenminimize the errors in the
aerial image. After this process, building objeats finally extracted as building shapes in théahénage.
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Classification of Aerial Image

In the last step, the aerial image is classifiethgian SVM (Support Vector Machine). The SVM is an
appropriate method of high-resolution multispectnahge classification because it works well withadintraining
data sets. It is also robust to the overfittinghbean as it relies on margin maximization ratherntiimding a
decision boundary directly from the training sampi@sunaet al., 1997). Generally, most of the dividing
boundaries between classes have non-linear desgidaces.

The point of this step is to conduct the SVM on tlo®-building areas of the aerial image. That islding
objects are classified to the building class withthe process of classification at this step. Thads used for
classification are the red, green, and blue bafdtisecaerial image and intensity and elevationrimiation from the
Lidar data.

RESULTSAND DISCUSSION

The proposed method was applied to the aerial immagd_idar data that were acquired at the same figeire
2 shows the results of each step. Figure 2(a)easa#irial image of the study area, which shows niarlgings
having various roof colors. Figure 2(b) shows thélding objects extracted from Lidar data throudiret
thresholds. Figure 2(c) is the segmented aeriafj@nkigure 2(d) shows the extracted building olsjectthe aerial
image derived by applying the definite rule afteerdaying. There still exist boundaries betweereoty. Therefore,
the closing process and removal of small areasapatied to fill the boundaries and remove somersr(Bigure
2(e)). Figure 2(f) shows the final result of cldissition through the proposed method.

The proposed method extracted well buildings thathagher than 2 m in study area by using an aeriage
and Lidar data, and the described classificatiatgss. Therefore, buildings with various roof celaere classified
into the same class. Also, although it is generdifficult to extract building areas covered by dbathe proposed
method extracted these areas well with the usedairldata for building extraction. However, somgefation areas
were extracted as building class because they narelassified to vegetation class in the pre-dii@ssion step.
This problem arose because the aerial image usisipaper does not have the Near Infrared bdiach NIR band
is used in this process, the accuracy of the fieallt may improve, and the pre-classification stegy also be
skipped by using NDVI.

CONCLUSION

It is generally difficult to classify an object tyfhaving different colors into the same class usinly optical
data such as a satellite or aerial image. This ramposes a method that solves this problem bybaunyg Lidar
data and an aerial image. The method extractsibgifuixels from Lidar data and then identifies dinlg objects on
the aerial image by overlaying the Lidar resulatsegmented aerial image through the definite filiés process
plays a role in transforming building objects oflar data to ones of the aerial image. Thereforewese able to
classify building objects having various roof caldmto the same class with high accuracy.

However, there was a problem in that some vegetatieas were extracted as building areas becausseaif
limited spectral information in the pre-classificat step, even though the intensity and elevatidormation of the
Lidar data were used as additional bands. We sugigatsthis problem could be solved by using an KWHRd, as
mentioned above. In the future, we will focus o@ éxtraction of a more accurate DEM and the ussdflIR band
within this method.
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Figure 2. The results of the each step. (a) the aerial inzdigke study area, (b) the building objects exgddrom
Lidar data, (c) the segmented aerial image, (dettieacted building objects after applying the diédi rule, (e) the
result after the closing process and removal ofllsaneas, (f) the final result of classificatiorrdingh the proposed
method.
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