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The Use of WorldView-2 Satellite Data in Urban Tree Species Mapping
by Object-Based Image Analysis Technique

(Penggunaan Data Satelit WorldView-2 bagi Pemetaan Spesies Pokok Bandar
menggunakan Teknik Analisis Imej berasaskan Objek)
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ABSTRACT

The growth of residential and commercial areas threatens vegetation and ecosystems. Thus, an urgent urban management
issue involves determining the state and the quantity of urban tree species to protect the environment, as well as controlling
their growth and decline. This study focused on the detection of urban tree species by considering three types of tree
species, namely, Mesua ferrea L., Samanea saman, and Casuarina sumatrana. New rule sets were developed to detect these
three species. In this regard, two pixel-based classification methods were applied and compared; namely, the method of
maximum likelihood classification and support vector machines. These methods were then compared with object-based
image analysis (OBIA) classification. OBIA was used to develop rule sets by extracting spatial, spectral, textural and color
attributes, among others. Finally, the new rule sets were implemented into WorldView-2 imagery. The results indicated
that the OBIA based on the rule sets displayed a significant potential to detect different tree species with high accuracy.
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ABSTRAK

Pembangunan kawasan penempatan dan komersial mengancam tumbuhan dan ekosistem. Maka isu pengurusan bandar
termasuk mengenal pasti keadaan dan kuantiti spesies pokok bandar untuk melindungi alam sekitar dan juga mengawal
pertumbuhan serta kemerosotan mereka perlu dijalankan dengan segera. Kajian ini memfokuskan kepada pengesanan
spesies pokok bandar dengan mengambil kira tiga spesies yang dikenali sebagai Mesua ferrea L., Samanea saman
dan Casuarina sumatrana. Set peraturan baharu dibangunkan untuk mengesan tiga spesies ini. Dengan ini, dua teknik
pengelasan berasaskan piksel diaplikasi dan dibandingkan menggunakan teknik kebolehjadian maksimum dan mesin
penyokong vektor. Teknik ini kemudian dibandingkan dengan pengelasan analisis imej berasakan objek (OBIA). Teknik
OBIA kemudian digunakan untuk membangunkan set peraturan dengan mengekstrak ciri reruang, spektrum, tekstur dan
warna serta lain-lain yang berkaitan. Akhirnya set peraturan baharu diguna pakai kepada imej WorldView-2. Hasilnya
menunjukkan teknik OBIA berasaskan set peraturan yang baharu tersebut menunjukkan potensi yang signifikan untuk
mengesan spesies pokok dengan ketepatan yang tinggi.

Kata kunci: Pengelasan berasaskan objek; pengelasan berasaskan piksel; spesies pokok bandar; WorldView-2

INTRODUCTION . . . . .
common issues involve controlling the wind, cooling

Urban vegetation management has become an important
issue because of rapid urban development. Rapid
urbanization has prompted people to control urban green
spaces for ecological purposes (Kong & Nakagoshi 2005;
Li et al. 2010). The effects and benefits of urban trees
include cleaning the air, reducing sound pollution (Nowak
& Dwyer 2007), preventing soil erosion, absorbing water,
wind breaking, providing shade to homes and cooling the
environment (Conine et al. 2004; Gobster & Westphal
2004; Huang et al. 2007; Kong et al. 2007; Ma & Ju 2011;
Yuan & Bauer 2007).

Accurate and reliable information of different
tree species is crucial to urban vegetation studies. This
information assists urban planners and researchers in
urban planning and disaster management (Gong et al.
2013; Hao et al. 2011; Iovan et al. 2008). In tropical areas,

the environment, and increasing energy savings. Messua
ferrea L., Samanea saman and Casuarina sumatrana
are among the commonly planted tree species in urban
tropical areas such as Malaysia (Chonglu et al. 2010;
Forest Research Institute Malaysia 2014). These trees
can increase energy efficiency and limit the damage to
properties by windbreak. Specifically, the M. ferrea species
can lower thermal radiation by approximately 92.55%
through reflection and absorption (Shahidan et al. 2010).
Akamphon (2014) compared six common tree species in
Thailand including Samanea saman, Mango, Jackfruit,
Mahogany, White Cheesewood and Indian Cork tree.
The result of the comparison demonstrates that S. saman
has the highest energy saving property during the past
40 years (Akamphon 2014). The C. sumatrana species
is among the most typhoon- and tsunami-resistant trees
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(Chonglu et al. 2010); thus, it is the best method of wind
breaking to protect properties in urban areas. Therefore,
the aforementioned tree species are important to the urban
environment in tropical areas.

Urban spaces are complex areas and accessibility to all
trees by field survey is not possible due to private properties
and is time-consuming. At present, remote sensing can
overcome these limitations. It can be used to obtain highly
accurate information by monitoring and managing urban
areas and vegetation (Ardila et al. 2012).

Given the spectral similarity between different tree
species, hyperspectral data can discriminate urban tree
species appropriately because of characteristics such as
narrow-band, multi-channel and inclusion of continuous
spectrum information. Several studies have investigated
urban tree detection using hyperspectral data (Adeline et
al. 2013; Cho et al. 2012; Forzieri et al. 2013; Hao et al.
2011; Wania & Weber 2007; Zhang & Qiu 2012). However,
these data have several drawbacks, including limited
coverage, high volume and high cost (Shafri et al. 2012).
Studies conducted with high-resolution satellite imageries,
such as IKONOS and QuickBird, also extract tree species
effectively (Hdjek 2006; Ke & Quackenbush 2007; Mora
et al. 2010; Puissant et al. 2014; Sugumaran et al. 2003;
Voss & Sugumaran 2008). Nonetheless, tree detection and
information extraction from urban areas were difficult when
traditional pixel-based image classification methods were
used. This classification leads to low classification accuracy
due to high spectral variability within land cover classes
that were affected by sun angle, gaps in tree canopies and
shadows (Johnson & Xie 2013; Yu et al. 2006).

In order to overcome the aforementioned limitations,
object-based image analysis (OBIA) approaches can be
used to improve classification accuracy (Li et al. 2010;
Lobo 1997; Puissant et al. 2014; Shouse et al. 2013).
Several studies have been conducted to detect tree species;
however, the lack of rule sets for conducting this detection
process in urban areas remains a major setback. Thus, the
present study attempts to develop new rule sets to extract
three tree species, namely, M. ferrea, S. saman, and C.
sumatrana. Moreover, WorldView-2 (WV2) imagery was
used because of the potential of new bands with high spatial
resolution to detect vegetation (Immitzer et al. 2012; Latif
et al. 2012; Marshall et al. 2012; Nouri et al. 2014; Pu &
Landry 2012; Rapinel et al. 2014).

MATERIALS AND METHODS

STUDY AREA

The study area is part of the Universiti Putra Malaysia
(UPM) campus, which is located in Serdang, Selangor,
Malaysia (Lat. 03° N, Long. 101° E) (Figure 1). The area
contains different species of trees. This study considered
three species (M. ferrea, S. saman and C. sumatrana)
that significantly benefit the urban environment and
temperature, thus resulting in high energy savings
(Akamphon 2014; Shahidan et al. 2010).

WV2 IMAGERY

WV2 satellite imagery was acquired in March 2009. Unlike
other commercial satellites, the Wv2 satellite displays high
spatial resolution (0.5 m for the panchromatic band and 2
m for multispectral bands) with eight spectral bands and
four new bands. Standard bands are blue (0.45-0.51 um),
green (0.51-0.58 um), and red (0.63-0.69 um). The near-
infrared 1 band is in the range of 0.77-0.90 um. The four
new bands are coastal (0.40-0.45 um), yellow (0.59-0.63
pm), red edge (0.71-0.75 pm) and near- infrared 2 (NIR2)
(0.86-1.04 um). The potentially high spatial and spectral
resolution of Wv-2 imagery facilitates the classification
and discrimination of different types of urban tree species.

WORK FLOW

The work flow chart of this study is shown in Figure 2.
The materials and methods are explained in the following
sections.

PREPROCESSING

The Wv-2 image was subjected to atmospheric and
geometric corrections before processing and classifications.
For this purpose ENVI 4.7 remote sensing software was
used. The wv-2 dataset was geometrically corrected
using Universal Transverse Mercator projection at zone
47N and with a WGS 84 datum. Then in order to conduct
an atmospheric correction, the QUick Atmospheric
Correction (QUAC) extension was employed to convert
radiance to reflectance. QUAC is a very fast, practical
atmospheric correction code for multispectral imagery.

PROCESSING

Spectral-based classification The literature on the different
classifications in urban areas suggests that maximum
likelihood classification (ML) and support vector machines
(SVMs) are the most common classification methods used to
detect tree species (Forzieri et al. 2013; Iovan et al. 2014,
2008; Tigges et al. 2013). ML is a parametric classifier
that can classify unknown pixels based on the probability
threshold. Thus, each pixel is allocated to the class with the
maximum probability. SVM is a non-parametric classifier
that separates classes based on the decision surface, which
is called an optimal hyperplane. The SVM classifier is
suitable when the training samples were limited. Hence, the
ML and SVM classification methods, which use radial basis
function (RBF) as a kernel, were applied in this research.

Cross-validation using the grid-search method was
used to determine the optimal parameters of the RBF
kernel (C and y) through SVM classification. The cross-
validation defines the optimal parameters as C = 1000
and v = 0.0625. The aforementioned optimal parameters
were employed in this study for SVM classification. In both
classifications, land cover was classified into nine classes
in both classifications as follows: S. saman, M. ferrea, C.
sumatrana, grass, other trees, water, man-made, road and
shadow.
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FIGURE 1. a) Study area, which is part of the UPM campus (b) Location of UPM in the map
of Malaysia, (c) M. ferrea species, (d) S. saman species and (e) C. sumatrana

FIGURE 2. Flow chart of methods
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Object-based classification The OBIA method employs
spectral and spatial information simultaneously (Zhou
2013). This method can increase the amount of information
regarding the object in the classification, such as color,
texture and compactness. This method can also reduce
the number of units to be classified (Youjing & Hengtong
2007). The foundation of object-based classification is
segmentation and merging.

Image segmentation and merging In this study, the
feature extraction module in Envi Ex software was used
for image segmentation, merging and developing rule
sets. The OBIA method is based on image segmentation
techniques that divide the image into spatially continuous
and homogeneous regions (Flanders 2003) and limit
local spectral variation (Lobo 1997; Li et al. 2010). This
technique can combine the information on color, shape and
space with contextual analysis to detect vegetation. The
algorithm in image segmentation is based on homogeneity
descriptions and object borders were extracted on such
basis (Li et al. 2010). Small segments can merge into
larger segments. The segment scale in this research is 20
for the M. ferrea, S. saman and C. sumatrana species. The
merging level is 85 for M. ferrea and S. saman, whereas
that for C. sumatrana is 65.

Attribute computation ~As mentioned previously, the
benefit of an object-based method is its maximization of
the advantages of spatial, spectral and texture attributes. In
this study, information on the new bands of Wv2 imagery
and on characteristics of the M. ferrea, S. saman and C.
sumatrana species was considered for attribute selection.
These characteristics include compactness, solidness and
texture. The definitions of all attributes computed in this
study were presented in Table 1.

Rule-based classification Rule-based classification
is based on the rules that have been defined by object
attributes. This method is an advanced feature extraction
technique that detects targets in detail through data mining
and fuzzy logic. Rule set development is based on the
varying knowledge of analysts regarding the spatial,
spectral and textural characteristics of each feature.
Therefore, several tree characteristics were defined
as rules in this study, including normalized difference
vegetation index (NDVI), texture, solidness, compactness
and the spectral band values. Rule-based classification
is often superior to supervised classification in feature
extraction (ENVI Feature Extraction Tutorial). The process
of constructing rule sets for M. ferrea, S. saman and
C. sumatrana species was explained in the following
subsections.

Detection of M. merrea species The NDVI band ratio was
used to extract trees from impervious surfaces. Given that
NIR2 is insignificantly affected by atmospheric influence,
the band ratios of bands 5 and 8 were selected for NDVI
calculation. Texture_mean (Tx_mean) and Texture_range
(Tx_range) were used to separate trees and grass because
trees have a higher texture value than grass does. Given
that each tree species has its own special characteristics,
their significant objective difference in terms of shape,
compactness and color can discriminate them. The leaves
of the M. ferrea species are highly compact and the tree
is approximately round. Thus, spatial attributes such as
compactness, roundness and solidity were considered.
Moreover, three new bands of Wv-2 were applied as the
spectral attributes. These bands have the advantages of
feature classification (band 4: yellow), high reflectivity of
a portion of vegetation response (band 6: red edge) and
broad vegetation analysis (band 8: NIR2).

TABLE 1. The attributes, which are considered in the rule-based classification

Attribute Description
Minband_x Spectral - The minimum value of the pixels comprising the region in band x
Maxband_x Spectral - The maximum value of the pixels comprising the region in band x

Avrageband_x
Area

Compact

Form Factor
Majaxislen
Roundness
Rectangular Fit

Spectral - The average value of the pixels comprising the region in band x

Spatial - Total area of the polygon, minus the area of the holes

Spatial - A shape measure that indicates the compactness of the polygon

Spatial - A shape measure that compares the area of the polygon to the square of the total perimeter

Spatial - The length of the major axis of an oriented bounding box enclosing the polygon

Spatial — A shape measure that compares the area of the polygon to the square of the maximum diameter of the polygon
Spatial - A shape measure that indicates how well the shape is described by a rectangle

Solidity Spatial - A shape measure that compares the area of the polygon to the area of a convex hull surrounding the polygon
Tx_range Texture - Average data range of the pixels comprising the region inside the kernel

Tx_mean Texture - Average value of the pixels comprising the region inside the kernel

Tx_entropy Texture — Average entropy value of the pixels comprising the region inside the kernel

Band Ratio Band Ratio - Computes a normalized band ratio between two bands, using the following equation: (B2— B1) / (B2 +
(NDVI) BI + eps)

Hue Color Space — Hue is often used as a color filter and is measured in degrees from 0 to 360

Saturation Color Space — Saturation is often used as a color filter and is measured in floating-point values that range from 0 to 10




Detection of S. saman species Aside from the attributes
used in the M. ferrea rule set, two other spatial attributes
were used to detect the S. saman species. This attributes
were called rectangular-fit (rec-fit) and majaxislen. Given
that the shape of S. saman species is almost four-sided,
the leaves display a wide coverage despite the presence of
M. ferrea. Thus, the rec-fit and majaxislen attributes can
distinguish the S. saman species from other trees. Figure
3 shows the rule set attributes of the M. ferrea, S. saman
and C. sumatrana species.

Detection of C. sumatrana species In order to extract the
C. sumatrana species, the spectral attributes used in the
rule sets for this tree were bands 1 (coastal), 5 (red) and 8
(NIR2). The shape and compactness of this tree effectively
assist in its detection; therefore, the spatial attributes that
were related to these factors were used in the rule set. These
attributes include roundness, compactness, area, form-
factor and rec-fit. Given that C. sumatrana species were
often planted in Malaysia using the coppice technique,
the high compactness darkens the color and the texture
value increases. Therefore, the other attributes considered
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in the rule set are Tx_mean, Tx_entropy, hue, saturation
and band ratio.

Accuracy assessment Accuracy is assessed by comparing
the classification map with a reference map. The confusion
matrix was used as the statistical technique in this study to
evaluate the accuracy. A large amount of ground truth data
was obtained for this assessment through in sifu observation.
A confusion matrix is a contingency matrix that is generally
used to estimate the overall or specific accuracy of different
classifications. The methods flowchart is depicted in Figure 3.

RESULTS

PIXEL-BASED CLASSIFICATION

Pixel-based classification can classify images more quickly
than object-based classification. In this research, ML and
SVM were used to illustrate the level of improvement
achieved by object-based classification. The results of these
two methods indicated that the ML classifier misclassified
many pixels (Figure 4).

| Rule-based Classification |
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Messua Ferrea Species

Minband_8 [685.8484, 2334.7358]
Maxband_8 [2496.6885, 6776.2231]
Minband_7 [1086.1334, 2460.5083]
Compact>0.2239

Bandratio 5/8 [0.4535, 0.6752]
Solidity>0.7769

Minband_4 [186.1230, 508.9265]
Tx_mean [307.8950, 543.6711]
Avgband_6<1148.9303
Avgband_5<678.5142
Roundness>0.4785

Tx_range [91.0236, 701.2261]
Intensity [0.4342, 0.8183]

Samanea Saman Species

Minband_5<489.1961

Maxband_8 [1197.5353, 2895.2219]
Maxband_5<2688.7605
Tx-range<118.0840

Solidity<0.8491

Rect_fit<0.6210

Minband_2 Not [206.3122, 1006.3415
Tx_mean Not>397.8512

Bandratio 5/8 >0.5247
Majaxislen>24.7456

Casuarina Sumatrana Species

Minband_1 NOT >432.6755
Minband_5 NOT >421.9765
Tx_entropy NOT <0.1857
Minband_8<1781.1508
Maxband_8 NOT >3020.7942
Compact <0.2662

Tx_mean [346.5594, 668.0417]
Roundness <0.5452
Bandratio 5/8 NOT <0.4831
Hue NOT <118.4868

Rect_fit <0.6550

Formfactor NOT >0.5330
Saturation NOT<0.1571

Area >9.1040

FIGURE 3. The attributes of the rule set for M. ferrea, S. saman and C. sumatrana species
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As mentioned previously, accuracy assessment is
based on the confusion matrix. The overall accuracy of ML
classification was 62.07%, with a kappa coefficient of 0.54.
Table 2 shows the accuracy assessment of ML classification.

The non-parametric algorithm known as the SVM
classifier is used to measure the efficiency of machine
learning. This method generates better results than ML
classification does. Nevertheless, the SVM classifier still
classifies some classes incorrectly because of the lack of
considerations on fine spatial and textural features in the
algorithm (Figure 5).

On the basis of the confusion matrix, the overall
accuracy of the SVM classifier was 71.53%, with a kappa of
0.64. The ground truth data were also obtained for accuracy
assessment through in sifu observation. Table 3 presents
the accuracy of SVM classification.

The accuracy of both ML and SVM classification is
low with respect to identifying all tree species, including
S. saman, M. ferrea and C. sumatrana. Furthermore, a
visual interpretation indicates many misclassifications of
S. saman and M. ferrea, as well as of other tree species.
Given the spectral similarity between these classes,

TABLE 2. Maximum likelihood (ML) classification accuracy

Vegetation Prod. Acc. (%) User Acc. (%)
M. ferrea 56.77 48.53
S. saman 48.78 97.94
C. sumatrana 41.13 28.43
Grass 74.64 99.36
Other trees 78.54 17.02
Man-made 93.14 7543
Road 91.52 93.14
Shadow 87.62 68.16
Water 39.29 100.00
Overall accuracy 62.07%

Kappa coefficient 0.54
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FIGURE 5. Support vector machine (SVM) classification

TABLE 3. The accuracy of support vector machine (SVM) classification

Vegetation Prod. Acc. (%) User Acc. (%)
M. ferrea 3941 4501
S. saman 64.02 95.78
C. sumatrana 51.06 2143
Grass 95.83 97.87
Other trees 77.36 2545
Man-made 81.53 95.96
Road 96.52 86.38
Shadow 93.95 74.14
Water 94 .44 95.58
Overall accuracy 71.53%

Kappa coefficient

0.64




misclassification is a common error (Figure 6). Therefore,
methods of discriminating different tree species are
difficult to develop.

OBJECT-BASED CLASSIFICATION

Spatial, spectral and textural attributes are applied to
develop new rule sets of object-based classification.
Nonetheless, some classes are difficult to detect because
of the spectral similarities among classes, the confusion
among different urban materials and the pixel-based
classification methods used. A standard confusion matrix
is used in combination with ground truth data obtained
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through in situ observation to define the quantitative
accuracy of the results. Figure 7 exhibits the rule-based
classification method.

On the basis of the confusion matrix, the overall
accuracy assessment of rule-based classification was
88.07%, with a kappa of 0.84. Nonetheless, some
segments were not detected by object-based classification
because of the aforementioned problem. Nevertheless,
this type of classification effectively reduces the number
of misidentified objects. Table 4 highlights the accuracy
assessment based on the confusion matrix.
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FIGURE 6. Spectral profiles of M. ferrea, S. saman, C. sumatrana,
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TABLE 4. The accuracy of object-based classification

Vegetation Prod. Acc. (%) User Acc. (%)
M. ferrea 71.92 83.44
S. saman 86.97 96.80
C. sumatrana 73.05 75.00
Grass 92.30 95.67
Other trees 83.73 52.44
Man-made 98.94 9591
Road 97.17 97.60
Shadow 84.25 7131
Water 98.81 100.00
Overall accuracy 88.07%

Kappa coefficient 0.84

DiscussioN

In this study, ML and SVM pixel-based classification were
conducted with low-accuracy results. The pixel-based
SVM performed better than the ML classifier because of the
limitation of the latter in terms of extracting the spectral
characteristics of each pixel. Given the weak spectral
capability of these methods to separate impervious and
pervious surfaces, detailed urban mapping was difficult
to produce.

The overall accuracy of pixel-based analysis increased
from 62.07 to 71.53% (up to 9.46%) with SVM classification.
Thus, SVM may be superior to the ML classifier when the
spectral similarity of urban targets is high. Moreover,
several factors result in the misclassification of classified
images, including spectral similarities, the incapability
of such classifiers to handle the richness of textural,
spatial and spectral information and the high-level spatial
heterogeneity in urban areas.

The primary objective of this research was to study
and to illustrate the capability of object-based classification
to classify images from high-resolution Wv-2 imagery.
The secondary goal was to develop new rule sets for
discriminating tree species, which was a major gap in
previous urban studies. To this end, information on various
spectral, spatial, band ratio and textural attributes was used.
The high spatial resolution of Wv-2 imagery provides
high-level spatial heterogeneity from natural surfaces.
The spectral diversity of the land cover classes was also
highlighted in terms of the increased spectral resolution
in this type of imagery. New bands in WV-2 imagery
facilitated the discrimination of different tree species.

Segmentation and merging in object-based
classification are important steps in generating image
objects and computing attributes. The selection of low
segmentation and high merging scales assisted in the
detection of the boundaries and shapes of different tree
species. Similar adjacent segments were also combined to
overcome over-segmentation. Therefore, spatial, textural
and color attributes helped improve the classification of
tree species.

The utilization of object-based classification in
WV-2 improved the classification of the Wv-2 images

by up to 16.54%. Moreover, the overall accuracy of this
classification was significantly higher than that of pixel-
based classification. The accuracy of M. ferrea, S. saman
and C. sumatrana species detection was also considerably
high. As a final point, similar to the earlier research
(Puissant et al. 2014), OBIA can generate good classification
related to urban tree mapping. Therefore, in this study OBIA
performed very well for urban tree mapping and new rule
sets were developed for discriminating urban tree species
which has not been done in previous studies.

CONCLUSION

In this research, we presented new rule sets based on
object-based classification to highlight the efficiency of the
proposed method in detecting different tree species. The
proposed object-based rule sets can extract three types of
tree species, namely, M. ferrea, S. saman and C. sumatrana.
These trees save much energy (M. ferrea and S. saman)
and act as effective windbreakers (C. sumatrana) in urban
areas, especially in tropical regions.

This paper presents two pixel-based methods, namely,
ML and SVM and compared them to the object-based
approach. The object-based method displayed a higher
accuracy than ML and SVM did at approximately 88.07%.
The developed rule sets use the spatial, spectral and textural
information of different tree species. Nonetheless, the
accuracy of object-based classification is highly dependent
on segmentation; thus, a new scale must be adjusted for
the segmentation step.

Future studies can improve the rule sets to develop a
generic rule based on the object-based classification of Wv2
images and to discriminate more urban tree species. This
approach can be applied to different urban area images.
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