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Abstract
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This study focuses on one aspect of urban geometry called urban
canyon. Urban canyon defined by a relatively narrow street lined by tall
buildings. The initial step to extract the urban canyon is to identify the
tall buildings. This study aims to discuss the potential use of the SPOT-
6 multispectral data and its digital surface model (DSM), using object-
based image analysis methods and terrain analysis, to identify the high-
rise buildings in some part of Jakarta, Indonesia. Using slope and
elevation percentile from the DSM as well as the spectral information
of the SPOT-6 image, we then processed using the Object Image
Analysis (OBIA) method and decision tree algorithm (crisp
classification), we are able to obtained the identification rate of 78%
with mean location accuracy of 30 meter (5 pixels).
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1. INTRODUCTION
The rapidly increasing growth of

urban areas as well as the availability of high
resolution/Very-High Resolution (VHR)
imagery (Benediktsson et al., 2012) make the
urban related researches, spesifically
building extraction topics, are increasing as
well. Extracting building information on
urban area via satellite images is not a new
thing. Some previous research results show
that the use of remote sensing data, in fact,
is one of effective method to extract building
information in urban area. Fraser et al.
(2002) and (Liu et al., 2005) used Quickbird
with OBIA method coupled with PPHT
(Progressive Probabilistic Hough
Transformation) to extract square-shaped
building with a roof. Slightly different
approach, Sirmacek and Unsalan (2010)
used a statistical analysis on the
panchromatic aerial photographs and
satellite imagery IKONOS, to conduct
urban areas delineation in general. Shaker et
al. (2011) used IKONOS stereo imagery on
urban building extraction, and explained
that it needed additional data, particularly
related to the three-dimensional (3D)
information.

The advancement of LiDAR (Light
Detection and Ranging) technology, then
opens up many possibilities and increases
the amount of research related to the urban
buildings extraction even further. Brédif et
al. (2013) and Belgiu et al., (2014) created a
new approach on extracting building
footprint using DSM data derived from
LiDAR. Prerna and Singh (2015) compared
the extraction method between the LiDAR
data and aerial photograph;  and found that
the use of LiDAR data gives better results.
Tomljenovic et al., (2015) comprehensively
analyzed various approaches that exist on
urban buildings extraction with ALS
(Airborne Laser Scanning) data. Their
results show that it requires additional
spectral information from aerial photograph
or satellite image in order to give better

results. These then emphasize the fact that
combining both elevation information as
well as spectral information can be used to
increase the accuracy of building extraction
in general. However, the use of LiDAR
data, especially in Indonesia, is still not
evenly distributed and relatively more
expensive (Amin, 2015). For this reason, the
photogrammetrically-derived DSM from
stereo images may perform as a cost-
effective data for urban buildings extraction.

The above explanation showed that in
general, sub-meter VHR imagery is the best
option to perform building extraction in
urban areas. The problem is, specifically in
Indonesia, that this type of data is only
available in some big cities. VHR data such
as Pleiades is currently available to selected
government institutions (LAPAN, 2014) for
a few cities in Indonesia. On the other hand,
SPOT 6 data already covered almost all
regions in Indonesia, specifically in
provincial cities. SPOT-6 capability to
record stereo/tri-stereo imagery (Bernard et
al., 2013) became one of the advantages that
can be used to build DSM. Although it has 6
meter spatial resolution, the data is
relatively much more coarse compared to
the DSM built from VHR. Therefore, this
study does not address the use of SPOT-6
data up to the level of building footprint, but
only to the identification of tall buildings
(high-rise building) in urban areas.
Identifying these high-rise buildings is the
first step towards monitoring urban heat
island phenomenon, as it is directly
connected to urban geometry (Ando et al.,
2009), especially regarding urban canyon
(Battista et al., 2015).

In this study, the urban features such
as buildings, vegetation and river were
regarded as a unified landscape. This
approach opens the possibility of using
terrain analysis methods which are
commonly used in the field of
geomorphology (Gerçek et al., 2011;
Huggett & Cheesman, 2002; Zylshal et al.,
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2013) to be applied. High-rise buildings in
this study were defined as any structures
with 10 or more floors or with a minimum
height of 20 meters (Craighead, 2009;
Pandya & Brotas, 2014). This study was part
of the more complete landuse/landcover
mapping in Jakarta Region using SPOT-6
data conducted by (Zylshal et al., 2015). This
study in particular, focused on high-rise
building identification and evaluates the
accuracy. Recently, specific research on
high-rise building identification using
SPOT-6 in Jakarta, has never been done
before.

2. METHODS
The test site for this study is a subset

of SPOT-6 in Jakarta. The test area mainly
focused on Sudirman area. This is one of
Jakarta’s central business district (Figure 1)
located at Central Jakarta region.

Figure 1. SPOT-6 data in true color
composite showing the testing site at Central
Jakarta Area

This area selected for its high profile
office buildings and its contrast to residential
building surrounds them. This characteristic
deemed ideal to test the proposed method.
The total testing area is 20.17 km2.
Landuse/landcover of the area generally
dominated by dense residential and office
space in the form of high-rise buildings,
typical of urban areas. Some parts covered
with vegetation such as trees, grass, and
shrubs.
2.1 Data

This study used SPOT-6 Multispectral
Orthorectified image, acquired at 27 August
2013, and SPOT-6 DSM built from stereo
images. This study also used topographic
map at 1:25.000 scale with contour interval
at 12.5 meters as ancillary data. The SPOT-
6 data specification is shown in Table 1.

This study used the 6 meter
multispectral bands of SPOT-6 despite the
fact that it has a panchromatic band with a
higher resolution at 1.5 meters. The reason
was that the pan-sharpening process will
reduce the spectral quality of the image
(Wald et al.,  1997). Another reason was that
the object of interest on this study in the
form of high-rise building is considered large
enough to be represented by the
multispectral bands. Since the DSM was
also generated from the multispectral bands,
it is appropriate to use the same level of
spatial resolution for spectral information.
Table 1. Spesifikasi citra SPOT-6

Acquisition Time 27 August 2013
Spectral
Range

Blue
0.455 µm – 0.525
µm

Green
0.530 µm – 0.590
µm

Red
0.625 µm – 0.695
µm

Near Infrared
0.760 µm – 0.890
µm

Spatial
Resolution

Panchromatic 1.5 m



JURNAL GEOGRAFI VOLUME 14 NO. 2

Page 48

Multispectral 6.0 m
Imaging Swath 60 km (Nadir)

Source: Airbus DS, 2012

2.2 Preprocessing
Before the data went into the

segmentation and classification process, the
SPOT-6 data needs to undergone a
preprocessing step. Top of atmosphere
(TOA) correction followed by Bidirectional
Reflectance Distribution Function (BRDF)
analysis were then performed. Elevation
information obtained either from SPOT-6
DSM and topographic maps also should be
preprocessed. The contour data from
topographic maps were extracted and
analyzed using ANUDEM algorithm
(Hutchinson et al., 2009; 2011) to generate
Digital Elevation Model (DEM) with 12.5
meter spatial resolution. The DSM and
DEM were then combined to make
normalized DSM (nDSM) (Turker & Koc-
San, 2015). nDSM contains the information
about surface elevation relative to the
terrain. Two layers of Land Surface
Parameters (LSP)/ Digital Terrain Model
(DTM) were then derived from nDSM.
These LSPs are slope (Zevenbergen &
Thorne, 1987) and elevation percentile
(EPE) (Wilson & Gallant, 2000).
2.3 Segmentation

The segmentation and classification
parameters in this study conducted using
expert-based trial & error (Blaschke & Hay,
2001; Burnett & Blaschke, 2003; Duro et al.,
2012; Myint et al., 2011; Zylshal et al., 2013)
in eCognition® Developer environment
(Trimble, 2007). For the segmentation stage,
this study used two segmentation
algorithms. The first was the multiresolution
segmentation algorithm based on the Fractal
Net Evolution Approach (Baatz & Schäpe,
2000), and the second algorithm was
Spectral difference Segmentation (Trimble,
2014). The segmentation was done on
multilevel hierarchy approach with three
levels (Figure 2).

Figure 2. Segmentation and classification
level hierarchy

For the multiresolution segmentation,
we used the Estimation of Scale Parameters
(ESP) tool (Drǎguţ et al., 2010) to determine
the optimum scale parameter. For the
second algorithm we then only used the
NDVI layer as an input on calculating the
spectral difference between sub-objects.

After all the segmentation process was
done, we then conducted a series of crisp
classification based on threshold value. The
classification scheme itself was built on an
expert knowledge decision tree shown in
Figure 3.

Most of the high-rise building in this
study has a bright tone. This character were
then identified and added as the
distinguished features to further separate the
high-rise building from other objects. The
brightness value, calculated based on the
equation 1 (Trimble, 2014).̅( ) =

1 K ̅ ( )
(1)

Where was the brightness weight of

image layer k with = 01, K was the

number of image layers k used for
calculation, is the sum of brightness
weights of all image layers k used for

Level 1
(Coarse)

Vegetation, Non-Vegetation, Water

Level 2
(Medium)

Buildings, Shrubs, Settlements,
Roads, Bare Soil, Trees, Pond,

River, Cloud, Shadows

Level 3
(Fine)

Tall buildings, warehouse
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calculation with = ∑ , ̅( ) was
the mean instensity of image layer k of
image object.
2.4 Accuracy Assessment

This study used two types of accuracy
assessments. The first assessment was to
measure the high rise identification accuracy
of the proposed method. This assessment
adapted from Jin and Davis (2005). Every
high-rise building identified by the proposed
method compared with the reference data,
and divided into three categories. The three
categories were: (a) true positive (TP) if the
proposed method and reference data were
both classified as "high-rise building", (b)
false positive (FP) if only the proposed
method classified as "high-rise building ",
and (c) false negative (FN) if only the
reference data that were classified as" high
buildings ". After each object successfully
defined into one of the three aforementioned
categories, the identification accuracy were
then calculated and presented in 3 kinds of
information displayed in Table 2.
Table 2. Identification accuracy parameters
for high-rise building object
Measurement Formula

Branching Factor

Miss Factor

Detection Percentage 100 ∙ +
Quality Percentage

100∙ + +
Source: (Jin & Davis, 2005)

Detection percentage showed the
correctly identified high-rise building by the
proposed method. Branching factor
calculate the commission error, and miss
factor calculate the omission error. Quality
percentage measured the absolute quality of
high-rise building identification
methodology proposed. This particular

assessment, quoting (Jin & Davis, 2005) is
the most “stringent measure”. To have
100% value on quality percentage, the
proposed method has to have the value of
FN and FP equal to zero.
2.5 Location Accuracy

Location accuracy measurement in
this study defined as the similarity between
the classified object and the reference data
location. The distance between the two
objects was inversely proportional to the
accuracy of its position. The smaller the
distance between two objects, then higher its
location accuracy value (Whiteside et al.,
2014). This study adopted the Loc measure
from (Zhan et al., 2005). The measurement
was based on the Euclidean distance
between the classified object and the
reference data centroid.

, = − + −
(2)

where Ci is the evaluated object, Ri is the
reference object, and are the

centroid’s coordinate of C, and are

the centroid’s coordinate of R.

Centroid coordinates for the classified
object were then exported as point layer in
GIS environment. Location accuracy was
calculated by using Point Distance feature in
Geospatial Modeling Environment Tool
(GME) (Beyer, 2012). Summary statistics
consisted of mean value, standard deviation,
minimum, and maximum distances between
two objects were then calculated. The
complete data processing stages is shown in
figure 3.
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Figure 3. Data processing flowchart

3. RESULTS AND DISCUSSION
The ESP Tool results are shown in

Figure 5. Four optimum scale parameters
(79, 90, 116, and 156) were then chosen for
the first segmentation stage. We then
applied each scale parameters and visually
evaluate the results as the most suitable for
our research purposes.

Figure 5. ESP tool result. The dotted line
indicated some of the optimum scale
parameters

We then decided to use 79 as the scale
parameter for our study. Although the result
tended to be over-segmented in some part of
the image, the smaller object such as high-
rise building rooftop can still be identified.
This finding, is complied with Hay and
Castilla (2008). For the relatively
homogenous objects (i.e. lake, grass field)
which still over-segmented, we then
conducted a second segmentation stage
using Spectral Difference Segmentation
algorithm. The complete parameters value
used in these segmentation stages is shown
in Table 3.

Table 3. Segmentation Parameters

Level Segmentation
Algorithms

Layers
input

Scale Shape Compactness

1 Multiresolution
Segmentation

Blue,
Green,
Red,
NIR

79 0.35 0.1

2
Spectral
Difference
Segmentation

NDVI
Maximum Spectral Difference

0.005

Figure 4. high rise building identification’s
decision tree

A set of decision tree ruleset were
generated, as illustrated in Figure 4, to
differentiate and extract tall buildings within
the test site. Each branch was performed
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using crisp classification with a specific
threshold. The threshold value was
determined using trial and error method.

Following the decision tree in Figure
4, we were able to extract 250 “high-rise
buildings” objects. These objects were then
compared with reference data for its
location accuracy as well as the
identification accuracy (Figure 6).

This study found that the detection
percentage was at 78% with miss factor at
0.28. The assessment revealed that there are
quite a lot of misclassified object, especially
for the false positive identification. This then
resulted in the high branching factor at 0.9
as well as the low quality percentage at
45.77%, as shown in Table 4.

Table 4. High-rise building identification
accuracy

Identification Assessment Values

No. Objects 250

TP 195

FP 176

FN 55

Branching Factor 0.90

Miss Factor 0.28

Detection Percentage (%) 78

Quality Percentage (%) 45.77

TP: True Positive, FP: False Positive, FN:
False Negative

We managed to obtain 250 pairs of
reference data and the classified object to
calculate the location accuracy (Table 5).
The average location difference for each
object’s centroid was at 12.74 meters (± 2
pixels) with a standard deviation ranged
from 0 to 9.89 meters (1.6 pixels). The
maximum location difference was at 49
meters (± 8 pixels), and the smallest was 0
meters. These finding was correspond to the
(Astrium, 2014) technical sheet for SPOT-
6/7 ortho products.

Figure 6. Subset Pleiades-1A RGB 321 (a)
Before the segmentation, (b) Yellow
polygon indicate the extracted “tall
building” from OBIA method, (c) The
reference points data identified from
Pleiades-1A visual interpretation, (d) the
polygon identified from OBIA and its
respective point features (as indicated with
red dot), (e) the identification accuracy
assessment, (f) location accuracy assessment
(Pleiades © 2012 Distribution Airbus DS)

The proposed identification method in
this study was not able to provide the
separation between adjacent high buildings
as shown in Figure 7, due to its 6 meter
spatial resolution, compared to the much
higher resolution of Pleaides-1A image. For
a complex of high-rise buildings, this was
identified as a single object represented by
the yellow polygon. As in the Pleiades-1A, it
was visually clear how the towers are
separated each other and can be identified as
different high-rise buildings.
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Table 5. Summary statistics of the
Euclidean distance between the reference
data and the classified objects

Statistik Value

No. of object pairs 250

Mean Distance (MeanLoc) 12.74

Maximum 49.26
Minimum 0

Standar Deviasi (StDevLoc) 9.89

There are several reasons why the
identification accuracy was only at 78%.
First, it was by the fact that the high noise
that exist in the DSM SPOT-6 data used in
this study, as explained in (Zylshal et al.,
2015). This then created the false positive
result, because these noises were creating
false peak in the DSM, which then picked
up by the classification algorithm as tall
objects. The second reason was because we
use contour map to build the DEM, which
has a difference in spatial resolution as well
as the vertical accuracy. Thus, preprocessing
the DSM prior to segmentation and
classification, as well as building DEM
directly from SPOT-6 DSM needs to be
done in order to minimize these errors. The
use of higher resolution DSM data such as
LiDAR or from the stereo image of VHR
imagery such as Pleiades and Worldview-3
might give a better result since it will
provide a better resolution (Bachofer &
Hochschild, 2015; Brédif et al., 2013; Jin &
Davis, 2005; Nyaruhuma et al., 2012; Pfeifer
et al., 2007; Sebari & He, 2013; Shaker et al.,
2011; Song et al., 2015), but also it is needed
to pointed out that these higher resolution
data would also means a more detailed
information, which is outside of this paper’s
original objective. Additional road network
can also be used to eliminate the false
positive even further by doing distance
analysis, since typically, these high-rise
building constructed near the main road, as
it has been proven by (Duke et al., 2003;

Dupuy et al., 2012; Hagenlocher et al., 2012;
Kontoes et al., 1993).

Figure 7. Comparison on high-rise building
viewed from  SPOT-6 and Pleiades-1A imagery
(a) SPOT-6 RGB 321 with classified “tall
building” overlaid on top with as yellow
polygons, (b) Pleiades-1A RGB 321 with
classified “tall building” overlaid on top with as
yellow polygons (Pleiades © 2012 Distribution
Airbus DS).

Even with the lack of separation
between several “high-rise” buildings in
some areas, considering its 6 meter spatial
resolution, SPOT-6 data coupled with the
proposed method used in this study,
considered quite capable of providing an
initial information regarding the area that
can cause an urban canyon effect. It is
emphasized that the proposed method was
tied to the specific data and area used in this
study. How the method performs in other
data, or other areas still need to be studied
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further to see the consistency. Even so, the
workflows and algorithms in this study
could still be used for the identification of
high-rise building in other areas, by making
modifications to the parameters of the
existing segmentation and classification in
accordance with the characteristics of the
region.

4. CONCLUSION
This study proposed terrain analysis

approach on urban study using OBIA
method and photogrammetrically-derived
DSM from SPOT-6 satellite data and found
that the detection percentage rate was 78%.
The proposed method in this study indicates
a large potential of SPOT-6 data, especially
with its ability to provide stereo imagery to
be used as an alternative method on tall
buildings identification in urban areas. With
its 6 meter spatial resolution on
multispectral band, SPOT-6 can still be used
for urban area, as this study shown. The
identification results can be used as an initial
step towards understanding and monitoring
the urban geometry and urban canyon as
one of the factors that influence the urban
heat island phenomenon. One of the strong
points on this study is that, by using the
same source (i.e. SPOT-6) on spectral and
elevation information, it can produce good
results in terms of location accuracy. Since
the study focused on building identification
rather that building footprint extraction, the
location accuracy becomes more important.
For further research, the use of higher
spatial resolution such as the Pansharpened
SPOT-6 imagery, with 1.5 meter spatial
resolution should be investigated. It is also
recommended to see how the proposed
method performs on the VHR data with
stereo/tristereo recording capability such as
WorldView-3 and Pleiades. Additional
vector data can also be used to improve the
accuracy of identification results. These
options are part of our future research.
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