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Abstract: High-resolution remote sensing data as the acquisition result of LAPAN
Surveillance Aircraft (LSA) has the potential to analyze urban areas. The purpose of this
study was to develop a method of LSA multispectral data utilization with an analysis of
the single tree object in urban areas with OBIA and vegetation index. The method
proposed in this study is a hierarchical classification to obtain the specific tree object
that will be used further to analyze the quality of vegetation. In particular, analysis of
the vegetation quality on the tree object was carried out by calculating the value of
vegetation index NDVI. As a result, the overall accuracy of the hierarchical classification
of objects in urban areas reached 88 %. In conclusion, the analysis of the quality of
vegetation NDVI has been able to perceive the condition of trees in the urban area.
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1. INTRODUCTION
The existence of vegetation in urban areas plays an important role in improving urban air quality, where
the role of such vegetation is influenced by good penetration to precipitate pollutant particles in the air
(Janhäll, 2015). Although the effect is small, the trees in the urban area have an effect on the content of
NO2 around the route traffic (Grundström & Pleijel, 2014). By modeling the heat and wind data, it is known
that the vegetation in urban areas contributes to lowering the temperature of the surrounding air and
become the patron of the effects of wind and sunlight, and also increase the moisture (Boukhabl & Alkam,
2012). On the other hand, some types of the urban tree have a role in the microclimate engineering effort
(Takács et al., 2016). The role of urban vegetation can be observed in the modification of the microclimate
when vegetation area is known to have a temperature lower than the built up area (Buyadi, Mohd, & Misni,
2015). Even in other ecological functions, vegetation in a city park can create new habitats for bird
communities in the middle of extreme land changes due to human activities (Kerr & Dobrowski, 2013).
The utilization of remote sensing data for detecting urban vegetation was carried out by Zhang, Wu, and
Chen (2010). The authors conducted a study of urban vegetation from Landsat TM Beijing using vegetation
index and brightness temperature derived from these data. Zain et al. (2015) performed detection of urban
green space in Jakarta, Bogor, Depok and Tangerang using Landsat 7 ETM+. However, Landsat imagery
analysis carries constraints including difficulty during cloud coverage in the coverage area of agricultural
land as well as acquiring ambiguity during the dry season (Saripin, 2003). Other problems arise at the
utilization of imagery with middle or low resolution. Pixel mixture problem can indicate incongruity of
observation scale used for the process with the diversity of landscapes in the study area. It can be
exemplified by the difference between Landsat and IKONOS where Landsat shows the homogeneity of the
area, compared to appeared variations at IKONOS (Blaschke et al., 2000).
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Utilization of vegetation indices derived from remote sensing has the potential to be applied widely
including for water resources management (Kumar, 2015), and land cover change detection (Aburas et al.,
2015). Vegetation indices derived from the remote sensing data (NDVI) were similarly used to see
vegetation changes on the lagoon restoration (Kim et al., 2015), on various types of land cover (Gandhi et
al., 2015), and on multi-temporal monitoring of plantation phenology (Jayawardhana & Chathurange,
2016). Also, the utilization of data with high-resolution GeoEye-1 can be applied to analyze the condition of
vegetation with NDVI (Rajendran, Al-Sayigh, & Al-Awadhi, 2016). Vegetation indices such as NDVI, EVI2, and
NDSBVI were used to discover annual cropping pattern in one of the districts of India (Mondal et al., 2014).
In some studies, detailed-scale mapping was obtained using high-resolution satellite imagery, such as
the production of large-scale maps of 1: 5000 for Tripoli area, Libya using QuickBird imagery. This image is a
good data source for large-scale maps (Said, Shandoul, & Yekhlef, 2013). In archaeology, a very highresolution satellite imagery QuickBird-2 was furthermore implemented to detect pent building area and
building extraction from QuickBird and WorldView-2 (Belgiu & Drǎgut, 2014; Kaimaris, Patias, & Tsakiri,
2012). High-resolution IKONOS data has been used to perform Torreya endemic vegetation mapping in
South China and gained 81.7% accuracy for the object-based method. It shows that certain vegetation
mapping can be carried out using the high-resolution remote sensing data such as IKONOS (Wang, Wang, &
Zhou, 2011). Another VHR satellite data Pleiades-1A has been used by Zylshal et al. (2016) to extract the
urban green space in Jakarta, Indonesia.
The development of aerial remote sensing and aerial vehicles to conduct acquisition grows very rapidly
following the increase of high-resolution remote sensing data need in Indonesia. One of the aerial vehicles,
namely drones or UAVs, is now applied in various fields including remote sensing mission (Kushardono,
2014). A manned aerial vehicle named LAPAN Surveillance Aircraft (LSA), is another type developed by
LAPAN (Indonesian National Institute of Aeronautics and Space). LSA has great potential to perform remote
sensing mission and provide detailed-scale data (Kushardono et al., 2014). With the resolution of up to 58
cm, objects in the image will look exactly clear and requires an object-based method for the separation of
objects contained in the image. Implementing this method, Sari and Kushardono (2014) carried out a
classification of land cover with textural features Haralick. OBIA data processing was more effective for the
imagery containing clearly visible objects, as shown Pedersen (2016) in glacio-volcanic landform
classification (glaciovolcano) with geomorphometry point of view. Blaschke et al. (2014) revealed how
GEOBIA had grown rapidly, becoming a solution of limited pixel-based analysis and in the end concluded
GEOBIA as a new paradigm.
LAPAN Surveillance Aircraft data utilization for vegetation study carried them to observe the quality of
vegetation at urban green open space (Sari & Kushardono, 2015). Moreover, the initial processing of
multispectral data LAPAN has been carried out by Chulafak, Annas, and Kushardono (2015), especially for
agricultural monitoring. This study aimed to assess the urban area more importantly compared to rural
areas. Urban areas have more complex and diverse land use problems including ecological, social and
environmental aspects (Du, 2016). That is why the study of the vegetation in the urban area has become an
important case. If succeeded, the proposed method is expected to be applied to a less complex rural area.
On the other hand, it is expected to not only be used in generating aerial remote sensing data but
correspondingly in acquiring better and standard satellite data with very high spatial resolution.
This research is the development of previous research related to urban green open space extracted from
LSA data. The purpose of this study is to develop a method of data LSA multispectral data utilization with
the analysis of single tree object in the urban area with OBIA and vegetation index to study the quality of
urban vegetation.

2. DATA AND METHODS
2.1. Data
In this study, the used imagery data was a multispectral image data acquired by the Aeronautic
Technology Center LAPAN at September 18th-19th 2014. The coverage area was mostly urban area of
Indramayu, West Java. Data were previously collected and processed to be a mosaic, followed by an orthocorrection by Remote Sensing Application Center LAPAN (Kushardono et al., 2014). The data was acquired
94 |

Sari and Kushardono / Geoplanning: Journal of Geomatics and Planning, Vol 3, No. 2, 2016, 93-106
doi: 10.14710/geoplanning.3.2.93-106

by the multispectral camera Tetracam-ADC with 3 bands (Red, Green, and NIR) flying at an altitude of 2000
m and has a spatial resolution of 58 cm (Figure 1).
Figure 1. Mosaic result data that is used as the main data of the study (Kushardono et al., 2014)

2.2. Methods
Stages of data processing performed in this study initiated with the cropping process of the mosaic
image data to area which is the focus of the study (Figure 2). Then, in contrast to previous study by Sari and
Kushardono (2015), this study proposed a hierarchical classification of objects with the segmentation
process (OBIA), followed by the selection of specific tree object for further analysis of the vegetation
quality. Thus at single tree objects, the vegetation quality analysis was conducted by calculating the
vegetation index or NDVI value resulting the quality of vegetation namely tree in particular.
Figure 2. Data processing stages of LSA photos for urban
single object vegetation quality analysis (Authors, 2016)
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a. Cropping data LSA
Cropping the LSA multispectral data for Indramayu area has been done for urban area, as shown in
Figure 3 below.
Figure 3. Cropping result of LSA multispectral remote sensing data
at Indramayu, West Java (Kushardono et al., 2014)

b. Image segmentation and classification
OBIA (Object Based Image Analysis) process includes segmentation of the object in the image and
object-based classification. Segmentation was carried out by multiresolution segmentation algorithm using
the most appropriate scale parameter to obtain the best segmentation results. Baatz and Schäpe (2000)
revealed the criteria for the evaluation of segmentation results would be obtained quantitatively and
qualitatively. Quantitatively, the heterogeneity of each pixels should be lowered, while qualitatively the
most important thing is the result of segmentation. It should look visually decent because, in principle,
segmentation is a form of automation of image analysis which replaces visual digitizing. Mathematically,
Baatz and Schäpe wrote relationship between concordance rate (h) with feature-dimensional space (d) of
two adjacent image objects as followed:

[1]
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In multiresolution segmentation algorithm, the most effective scale to separate the object must be
found. Scale is a user-defined limit on heterogeneity tolerated on the result of the segmented object. At
the larger scale, the more objects were incorporated; the greater result of segmented object was recovered
and vice versa (Karakiş, Marangoz, & Büyüksalih, 2006).
Segmentation was conducted to separate the non-vegetation object from the whole object. The initial
classification was done by separating the vegetation and non-vegetation using brightness, compactness,
density feature and spectral mean value of each band. This work is the development of previous study
conducted without using spectral band value (Sari & Kushardono, 2014). Training data for initial
classification have been chosen in the vegetation and non-vegetation, for every different appearance
within a class.
Figure 4. Training data for classification 1 (Sari & Kushardono, 2014)

Segmentation and second classification were performed only on vegetation classes, where such
vegetation will be classified into a tree and non-tree (grass, mixed cropping) using the input of the same
features (brightness, compactness, density and spectral mean value) of each band.
c. Analysis of the quality of vegetation in the tree using NDVI
Analysis of the quality of vegetation in a specific area of trees in the study is an extension of previous
research conducted on vegetation in general in urban green open space (Sari & Kushardono, 2015). In this
study, the analysis was conducted with the detailing of vegetation object segmentation (OBIA) to achieve
the object of vegetation up to single vegetation. The quality of this vegetation will be analyzed from the
NDVI (Normalized Difference Vegetation Index) since this value has been proven to have a high correlation
with vegetation parameters. This index has a strong sensitivity of the existence of vegetation through a
process of active photosynthesis (Tucker, 1979).
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[2]

3. RESULTS AND DISCUSSION
The separation of the object (segmentation) conducted in the study area practiced trial and error to get
the best result obtained at a scale of 30, whereby the separation of the object were made up to a single
object vegetation (see Figure 5).
Figure 5. Segmentation results LSA at scale of 30 (Analysis, 2015)

For groups of trees, separation of individual tree object was difficult to do. Single tree object that will be
studied here whether consists of one or several grouped trees around non vegetation or around other
vegetation but has significant spectral differences. Total generated objects were 4,518 objects for the
entire area.
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Figure 6. Classification result of non-vegetation and vegetation (Analysis, 2015)

With the input feature consist of brightness, compactness, density, and mean spectral value of each
band to classify the segmented image, vegetation and non-vegetation classes were obtained (Figure 6). The
green area is vegetation class and the magenta area is non-vegetation class. From the results of the first
classification, visually, the distribution of the classified area is consistent in accordance with the concept
that the land cover vegetation will be red in the composite of Red-Green-NIR band and non-vegetation
objects will be in another color, such as green, gray, blue, or white.
Figure 7. Imagery with vegetation only and second segmented image
of the vegetation land cover (Analysis, 2015)
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From the classification result, non-vegetation area was removed so only the vegetation area appears as
the studied area (Figure 7). The next result is the second segmented image that conducted only on land
cover vegetation. With the same scale of 30, to obtain single tree object, 2,634 resulting objects were
needed. It can be observed in the northern part of the study area that several single tree canopies were
separated from the removed non vegetation forming tree spots. Single tree object is a target in the
separation of object in this study. Some types of trees with a canopy were practically a type of vegetation
that have a role in creating comfort in terms of thermal, keeping the wind and reduce levels of pollution in
urban areas (Kadir & Othman, 2012; Nasir et al., 2015).
Figure 8. NDVI value in vegetation land cover (Analysis, 2015)

The transformation to NDVI value where the index indicates the green level of the existing vegetation in
that area was subsequently acquired. In this analysis, land cover vegetation showed the overall vegetation.
It is furthermore necessary to separate only tree objects for further analysis. Obtained index was ranged
from -0.36 to 1 (see Figure 8), while negative value was shown in reddish and distribution was only shown
as points that emerged as a result of error by non-vegetation area that included in, such as shadow, water
or land in the segmentation using this scale. This emerging problem was due to the use of best scale in this
work. The best scale for the separation of a single tree object is the most effective. If we use a smaller scale
for a more detailed separation, the single object will be divided again since the sensitivity of the
segmentation increases.
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Figure 9. Data training for classification 2 (Analysis, 2015)

Land cover vegetation has been categorized into three classes, namely mixed garden, grass and
tree. Selected training data on the study area were chosen with the reference of field surveys and visual
interpretation. Selected training data (see Figure 9) represent the three classes with the difference visual
appearance or spectral characteristics.
Figure 10. Land cover classification results: mixed cropping, grass and tree (Analysis, 2015)
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Figure 10 above is the result of three land cover classification. Three vegetation classes were made,
namely grass, mixed cropping and trees. The result indicated that the class is dominated by mixed cropping
in purple color distributed throughout the area.
Figure 11. Test data for test accuracy (Analysis, 2015)

To assess the accuracy of the classification result in Figure 10, the selection of area as the test data was
created based on the information on the result of field survey. Test data were selected by choosing
different areas of the training data with visual characteristic representing each of the classes (mixed
cropping, grass, and tree) (see Figure 11 and Table 1).
Table 1. Accuracy assessment result (Analysis, 2015)
User/Reference Class
Tree
Grass
Mixed Cropping
Unclassified
Sum
KIA Per Class
Overall Accuracy
KIA

Tree
88.476
0
11.524
0

Grass
0
100
0
0

Mixed Cropping
0
34.972
65.028
0

100
0.847
0.878
0.804

100
1

100
0.564

Accuracy assessment was calculated to observe the accuracy of the classification result for three
classes. For tree classes, the accuracy was achieved at 88.48% while the remaining 11.52% was considered
as class of mixed cropping. The number of tree pixels was 3,785 as opposed to 493 pixels in the area
identified as mixed cropping. The second class achieved 100% of accuracy meaning that the whole area was
identified as grass. The number of pixels was 7,166. The last class, mixed cropping had the lowest accuracy
(65.03%) since the rest 34.97% was considered as grass. It is possible because some mixed garden area has
visual similarities with grass. The total pixels identified as mixed cropping were 2,566 while the rest was
grass with 1,380 pixels. Based on these results, total accuracy was obtained at 87.8% (Kappa coefficient =
0.804).
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Figure 12. NDVI value for tree land cover (Analysis, 2015)

Analysis of the tree quality was done by calculating the NDVI value for tree class area, where the value
ranged from -0.15 to 1 (see Figure 12). The negative value of NDVI in this area occurs due to certain area
such as the shadow of vegetation was fused in tree polygon even though it is very small. The Figure 13 as
field survey photo showed that there is a canopy of trees and shadows that could potentially create
the mixel (mix pixel). It makes NDVI value calculated per pixel encountered an error for negative value
occurrence in vegetation land cover. This error is inevitable since the non-vegetation part participates in
the process of segmentation while the portions were precisely small and the scales used for segmentation
was the most effective for object separation. The spatial distribution of NDVI value indicates that NDVI
values close to 1 is dominant land cover of trees. Spatially, the trees in the northern part of residential
areas have additional varied index value than trees in the southern part of the NDVI. In the southern part,
the value is almost equal to 1.
Figure 13. Field survey photos (Author, 2015)
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Figure 14. Tree land cover quality class (Analysis, 2015)

Appropriate vegetation index was calculated to observe the quality of vegetation, especially the
tree. This class was created with the same interval of the indices, in which the very low class ranges from 0.15 to 0.06; the low class from 0.06 to 0.29; the moderate class from 0.29 to 0.53; the high class from 0.53
to 0.76; and the very high class ranges from 0.76 to 1 (see Figure 14). The gradation of color indicates the
quality level of the trees where if the darker the colors get, the higher the quality of the tree. In the
Northeast and South of the Stadium, tree canopy in the area is denser and darker in color showing the
higher vegetation index.
Administratively, the area having a high-quality greenness of trees in the northern part is the settlement
in the Northeast consisting of Jl. Rajawali, Jl. Belimbing, Jl. Rambutan, Jl. Anggur, Jl. Nanas and
Jl. Manggis. Variation of the quality of the trees in the northern part is observed where the northwestern
part of the tree quality is lower, shown with a lighter color than in the Northeast. Settlement areas of this
part are Jl. Kerukunan, Jl. Letjend. Suprapto, Jl. Jenderal Ahmad Yani, North part of Jl. Kapten Arya and
around Jl. Olahraga. Further to the southern part of stadium area (southern part of Jl. Olahraga) tends to
have a high greenness quality. Settlement in the area is around Jl. Tanjung Pura and southern part of
Jl. Kapten Arya.

4. CONCLUSION
This research has developed a method of multispectral remote sensing data utilization acquired by
LAPAN LSA for the analysis of the single vegetation object with the OBIA classification method and
vegetation index. The result of hierarchical classification accuracy with OBIA method for urban objects
based on multispectral data was 88%. Based on the analysis of vegetation quality with NDVI, the condition
of trees in the urban area could be discovered.
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