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Abstract. Lisbon is both a historical and modern city havéndynamic landscape,
where increasingly diverse urban forms and magedaéxist. This complex reality
is possibly causing the feature extraction prodes® imagery to become more
challenging. This study tests the semi-automatdchetion of buildings from a

QuickBird image in urban areas with different cludesastics, and explores the
impact of the heterogeneity of these features & éRtraction process. Spatial
metrics are used to characterize types of buildipgsent in the study areas.
Results show that the study areas display diffdeargls of heterogeneity even for
the same type of building and suggest that theaetitm may be affected by the
spatial configuration of target features.
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Introduction

A spatial component is associated with the majasftynunicipal activities, namely in
urban planning and management. The high frequendysaope of spatial changes in
cities demands ways of expediting the productiom ampdating of large-scale
geographic information, as required by Portugueggslation. For that purpose, current
and future very high spatial resolution satellitegery (VHR), due to their availability,
wide coverage, and cost, may be an advantagearsaite to classical data sources
and methods, i.e., aerial photography and photogretny.

The nature of this recent data source, volume o¢d,dand expanding range of
applications has been driving the development ghaded semi-automated geographic
object-based image analysis (GEOBIA) [1] methods dfficient feature extraction.
There are now several commercial-off-the-shelf wsafe packages which are
increasingly user-friendly. Still, to be operatiipaadopted by municipalities, feature
extraction should be reliable, have clear procexlumad parameters to facilitate
insertion into a mapping work-flow, and conformamproach quality standards typical
of large-scale mapping. Therefore bringing GEOB#pm@aches into the operational
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mapping domain remains a challenge and should ptplie a ‘hot’ research topic in
the field in addition to the four topics recentistéd by Blaschke [2].

At the same time, the overall urban environmertidsoming more complex and
heterogeneous, possibly turning the feature extragrocess more challenging. While
much research has focused on developing, adaptihgplying these approaches, less
attention has been devoted to the interplay of tspledata source (imagery), feature
extraction methods, and geographic characterisfitise area under analysis.

Originating in landscape ecology, spatial metriaa be employed to measure the
heterogeneity of landscapes at different spatialescbased on categorical patches or
elements. Herold et al. [3] have computed spatiakrics for land-cover objects
(including buildings) to analyze and differentiatdban land uses in a coastal area of
California, USA.

The work presented in this paper takes place inctmgext of the exploration of
VHR satellite imagery and new methods as an altemasource of geospatial
information for large scale mapping to assist urlpd@nning and management in
Lisbon, Portugal. The present effort aims at tgstime semi-automated extraction of
different building types from areas with diversadcteristics, and studying the impact
of the heterogeneity of these features and thenuzbatext in the extraction process.

1. Study Area and Dataset

Lisbon is both a historical and modern city havangynamic and complex landscape.
Three study areas were selected in different pdirtse city, to represent the diversity
of urban character. The areas have a square shdpgbesame size of 64 ha (800 m X
800 m) (Figure 1).
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Figure 1. Location of the study areas.



Study area A (Baixa) is located in the slow-chaggitd historical district (i.e.,
downtown): the street network is dense and moshefarea is built-up. Study area B
(Madre) is located in the oriental part of the @ty has a very heterogeneous land use,
including built-up, parks, agriculture and vacaamd; buildings’ functions range from
residential (single and multi-family housing), tadustrial, utilities, and schools. Study
area C (Alta) is a new residential area under a@raent, with on-going construction
of parks, roads, and apartment buildings.

The three study areas are quite distinct, withrtbefrent urban morphology and
majority of buildings originating in different peds (Table 1).

Table 1. Main periods (centuries) determining current urlzgiout of the study areas.

Study Area Urban Mor phology Majority of Buildings
A-Baixa <=18 18", 19"

B-Madre <= 19, 20" 2d"

C-Alta 2F 2

The spatial database includes spectral, altimetna] planimetric data sets. A
QuickBird (QB) image was acquired in April 14, 20@8h an off-Nadir angle of 12.2°,
The image has a spatial resolution of 2.4 m inntisdtispectral mode and 0.6 m in the
panchromatic mode, and a radiometric resolutiohlobits. Altimetric data included a
normalized Digital Surface Model (hnDSM) for 2006tabed from LIiDAR with 1 m
resolution. Planimetry included a detailed refeeenmap of building outlines and types
of roofs produced by an independent interpretengusisual analysis of the imagery
and ancillary data.

Pre-processing of data has included orthorrectiioaand pansharpening of
imagery in PClI Geomatica and production of the nD§MI. All data sets were
geometrically corrected to a common projected coaté system (PT-
TMO6/ETRS89). Still, there was some mis-registratieetween the QuickBird and the
nDSM data sets on building’s roofs due to the $igamt off-Nadir angle of the image.
For more details on this stage see Santos et]al. [4

2. Methodology

The approach involved extraction of specific classé buildings and its quality
assessment, computing spatial metrics for eachystmda and building class, and
analyzing the results.

2.1.Feature extraction

Since our goal was to analyze the heterogeneibuidling features in the study areas,
and satellite imagery capture their roof, a typglag buildings’ roofs was defined
based on their main material and its tone/coldeoténce, the primary elements in
image analysis [5]. The following building classeere defined: 1-Red tile roof, 2-
Dark tile roof, 3-Light tin roof, 4-Dark tin roof-Fibrocement roof, 6-White roof, and
7-Other roofs.

Extraction of building classes (polygons) from iheagery was performed using
Feature Analyst 4.2 (VLS), as an extension for AR@ESRI). Feature Analyst (FA) is



a GEOBIA application that conducts an internal “hidden” reegtation of the image
that allows classifying and extracting only thosattires belonging to the class of
interest. Building classes were extracted indepethyleusing the pansharpened
QuickBird image as main input, and the nDSM as lm@ngi elevation. Although
individual adjacent buildings can be identified ually in the image and used as
training areas, due to the combined limitationsegfraction algorithms and image
spatial resolution, FA can only retrieve buildintpdks of the same class. Building
blocks equal buildings for non-contiguous buildings

The training parameters that resulted in the bdsaetion in FA are listed in Table
2. Not all classes were present or significant ghog.e., having more than 10
features) for extraction in each study area. Ei¢dhéeatures were not generalized or
squared up prior to accuracy assessment.

Table 2. Parameters used for feature extraction.

Study Area BuildingClass  Training Features Pattern Width Aggregation
A-Baixa 1 49 Manhattan 13 11
2 49 Manhattan 13 11
3 4 Manhattan 9 70
5 4 Manhattan 9 70
6 3 Manhattan 11 90
B-Madre 1 24 Manhattan 5 10
3 1 Manhattan 5 100
4 5 Manhattan 9 70
5 7 Manhattan 5 100
6 2 Manhattan 5 10
C-Alta 1 7 Manhattan 13 200
5 4 Manhattan 13 200
6 6 Manhattan 9 80

For assessing the quality of the feature extracsimge, and in the absence of a
compatible and updated official map, a reference ofabuilding blocks was created
by an independent interpreter using visual analgsid manual digitizing over the
pansharpened image. All the discernible buildingsewdigitized and classified as
belonging to one of the seven classes, withoutdiwii size or shape.

Quality assessment was exhaustive (i.e., by cerswus)conducted independently
for each class using ArcGIS 9.3 (ESRI). It was Hase analysis of spatial overlap
between classified and reference map for eachihgilcdass, in vector format: percent
overall accuracy is obtained by dividing the aréatersection of both datasets by the
area of union, while the proportion of non-overlggpfeatures from the reference map
stands for error of omission and the proportiomoh-overlapping features from the
classified map stands for error of commission. Beeathe extracted datasets for
different classes can overlap, an object-basedativaccuracy for study areas can be
obtained by computing an average among classeshteeidpy the actual number of
features (in reference dataset).

2.2.Spatial metrics

Although some metrics are highly correlated to anether and can be redundant, a
large set of spatial metrics (Table 3) was compuwgdatch-based indices for each
building class in the reference dataset in ordeshiaracterize the buildings present in
the study areas and assemble a database. Thesr@eizsed to quantify the spatial



heterogeneity at the building class level, andhatlandscape level using overall values
for each study area.

Calculating metrics for typologies of building reafepresents a one-level increase
in the urban analysis scale when compared witlg#meric class “buildings” analyzed
by Herold et al. [3].

Table 3. List of spatial metrics computed.

Indicator Acronym Units
Number of features NoF Number
Percentage of features No % Percent
Feature density Fdens no. per ha
Percentage of landscape PL Percent
Mean feature size AREA MN m

Area standard deviation AREA STD ’m
Shape Index Sl -
Perimeter-Area Ratio PAR m pef m
Fractal Dimension FD --
Nearest Neighbor Mean Euclidian Distance ENN MEAN m
Richness R -
Diversity Index Div --
Evenness Index Eve -
Dominance D -

The metrics were calculated in ArcGIS 9.3 in vedimmmat for the reference
building blocks. The more complex indicators weoenputed using the V-LATE 1.1
extension tool [6]. Shape Index, Perimeter-Areaidrand Fractal Dimension give
indications about landscape configuration, whilehRiess, Shannon’s Diversity and
Evenness Indices, and Dominance are examples dédape composition indicators.
More details on these metrics can be found in QINeil. [7] and Herold et al. [3].

3. Reaults and discussion
3.1.Feature extraction

In study areas A and B five classes were extraetbde in study area C only three of
the four present were extracted. Figure 2 illusgatesults of extraction for buildings
with tile roofs in study area A.

Results of quality assessment (Table 4) show thatiracies for same building
class varied among the study areas. Accuracies gesrerally low for all classes other
than buildings with tile roofs, and lowest for laifigs with white roofs, especially in
study area A. Some roof types, while being semalyicdifferent for a human
interpreter, are not sufficiently distinct spatyaland spectrally for an automated
classification. Most roof types are spectrally $&mto patches of urban features such
as roads and bare ground [3], and there is noicgrif contrast between the object and
its background, a requirement for its correct d@ad8].
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Figure 2. Example of extracted features in study area A-8aix

The best extraction of buildings with tile roofssmabtained in study area C, where
their boundaries are more regular (lower FD) amit NN MEAN is greatest.

Table 4. Results of quality assessment.

Error
Study Area Bldg. Class  Overall Accuracy Omission Commission
A-Baixa 1 70,1 26,1 6,8
2 70,1 26,1 6,8
3 36,8 40,9 50,6
5 26 70,7 31,2
6 19,2 56,3 74,5
B-Madre 1 73,2 22,1 7,5
3 43,5 56,5 4,8
4 46,8 32,6 39,6
5 46,3 51,6 10,2
6 67,9 27,1 9,2
C-Alta 1 83,6 6,0 11,7
5 46,8 6,5 51,6
6 29,9 32,2 65,1

Buildings are generally undermapped in study arghigher omission error), and
overmapped in study area C (higher commission kerhorstudy areas A and B some
buildings are partially covered by trees and imhBré are shipping containers that are
misclassified as buildings.



3.2.Spatial metrics

Table 5. Spatial metrics for each building class by studyaa

ENN
Bldg. Class fr“eiy NoF  Fdens PL A A g pp o yEAN
ABaxa 181 28 334 1180 1873 165 16 48
Red tile roof| B-Madre 345 54 96 178 231 132 17 45
C-Alta 33 05 32 627 523 144 156 22,9
Darktle | ABaxa 13 02 13 643 621 15 161 614
roof B-Madre 7 01 01 108 106 119 176 845
Lghttn | ABaxa 23 04 1 288 335 127 159 37,3
roof B-Madre 31 05 07 148 365 135 1,03 37,8
Darktn | ABaxa 2 003 0 125 9% 15 179 7746
roof B-Madre 20 03 07 214 375 134 1,78 235
corocomon ABaka 56 09 28 323 623 131 165 161
Pt B-Madre 161 25 48 192 535 139 1,79 131
CAla 1 02 18 1037 704 159 156 513
ABara 16 03 05 199 265 146 171 684
White roof | B-Madre 32 05 08 169 228 126 176 392
C-Alta 13 02 14 671 1373 158 168 405
ABaxa 5 01 01 150 94 122 177 2218
Other roofs | B-Madre 3 005 01 125 84 123 181 2608
C-Alta 4 01 02 32 408 129 164 2137

Some of the spatial metrics obtained for each mgldlass in each study area are
shown in Table 5. Results reveal that most valaeyg widely between study areas for
the same feature class. The widest variations docdsuildings with red tile roofs, the
most prevalent in Lisbon. Metrics for fibrocemertofs also display significant
variation: their presence is much more significemstudy area B (due to industrial
land use), although their average size is quitdlenmthan in the other areas; the Shape
Index indicates that these buildings are more camipaA-Baixa than in C-Alta (new
area, long building blocks), while their boundaraes more irregular in B (higher FD).

Table 6. Overall accuracy and spatial metrics for buildiilgeach study area (landscape).

Overall . AREA AREA ENN
Study Area Accuracy R Div Eve D NoF MN STD S MEAN
A-Baixa 54,8 7 062 032 133 29 847 1559 1,53 324,
B-Madre 62,1 7 115 059 0,80 599 180 350 1,33 13,2
C-Alta 64,8 4 1,14 082 0,25 61 690 826 1,49 44,3

Overall accuracy and metrics for each study arehl€l6) show that the area with
highest accuracy (C) also has the highest Eventlessowest Dominance, and the
largest mean distance between buildings (ENN MEAN)e area with the lowest
overall weighted accuracy (A) has the least compadidings (SI) and the largest
variation in their sizes, although in the compaositimetrics it displays the lowest
Diversity, Evenness, and highest Dominance.

The small size of buildings in study area B prolgabkbntributes to their
undermapping (omission). Results suggest thatubeess of extraction may be more
related to spatial configuration of features thmspatial composition of the landscape.



4. Conclusions

The present work is an exploratory attempt at agsgshe heterogeneity of feature
types and studying the relevance of the urban gornte the framework of semi-
automated extraction of buildings from VHR sateliinagery for the purpose of urban
planning and management. The analysis uses spataikcs at the level of the building
block and is focused on distinct types of roofduoildings present in the study areas.
Results show that the spatial metrics vary for saamantic class of building in
different study areas, which display different levef heterogeneity. Results also
suggest that the spatial configuration of targatifees may be a determinant factor for
the success of automated extraction.

Although the extraction’s accuracy is not linearfyated to the heterogeneity of
features, the complexity and heterogeneity of sarchistorical and dynamic city make
the automated extraction of buildings very challeggExtraction of buildings having
similar roofs is further complicated by the diffatesolar illumination of roof gables at
time of image acquisition.

Future developments include the addition of otheerde study areas (D and E
were selected) as well as more quantitative armlg$ispatial metrics. Also, the
additional land cover context should be consideBetio-economic variables from the
census will be added to the spatial analysis tinéurcharacterize the different areas.
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