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Abstract Visual analysis and transformation of vegetation indices have been widely applied in studies of vegetation
density using remote sensing data. However, visual analysis is time intensive compared to index transformation. On the
other hand, the index transformation from medium resolution imagery is not fully representative for urban vegetation
studies. Meanwhile, the spectral range of high-resolution imagery is usually limited to visible wavelengths for the image
transformation. Worldview-2 imagery provides a new breakthrough with a high spatial resolution and supports various
spectral resolutions. This study aims to explore the spectral value of the Worldview-2 image index for estimation of vege-
tation density. Normalized indices were made for 56 band combinations and Otsu thresholding was implemented for the
threshold selection to separate vegetation and non-vegetation areas. This thresholding was done by minimizing classes’
variances between two groups of pixels which are distinguished by system or classification. The image binarization
process was performed to differentiate between vegetation and non-vegetation. For the accuracy testing, a total of 250
samples was produced by a stratified random sampling method. Our results show that the combination of indices from
red channel, red-edge, NIR-1, and NIR-2 provides the best accuracy for semantic accuracy. Vegetation area extracted
from the index was then compared with the results of the visual analysis. Although the index results in area difference of
2.32 m2 compared to visual analysis, the combination of NIR-2 and red bands can give an accuracy of 96.29 %.

Keywords: vegetation density, spectral index, normalized index

Abstrak Keberadaan vegetasi menjadi salah satu parameter terkait lingkungan perkotaan yang asri dan menarik. Vegetasi
perkotaan juga menjadi penyeimbang ekologis perkotaan. Dalam kajian perkotaan dan penginderaan jauh, vegetasi men-
jdi objek yang sangat sering dikaji terkait dengan jumlah keberadaannya, jenis spesies, bahkan hingga kandungan biomass
dan kandungan oksigen di dalamnya. Kendala yang dihadapi dalam perhitungan kerapatan vegetasi adalah kepadatan
bangunan, aksesibilitas, dan bercampurnya vegetasi dengan lahan terbuka. Penelitian kerapatan vegetasi menggunakan
data penginderaan jauh biasanya menggunakan analisis visual dan transformasi indeks vegetasi. Analisis visual memer-
lukan waktu yang lebih lama jika dibandingkan dengan transformasi indeks. Keterbatasan pembuatan indeks untuk citra
resolusi menengah adalah pada resolusi spasial citra yang masih belum representative untuk penelitian vegetasi perkota-
an. Sedangkan, citra resolusi tinggi masih terbatas pada panjang gelombang visible untuk pengolahan transformasi citra.
Citra worldview-2 memberikan terobosan baru dengan resolusi spasial yang tinggi dan didukung resolusi spectral yang
beragam. Penelitian ini bertujuan untuk eksplorasi nilai spectral indek citra worldview untuk estimasi kerapatan vegetasi.
Tahapan dimulai dari pembuatan normalized index untuk 56 kombinasi band. Pemilihan threshold untuk memisahkan
area vegetasi dan non vegetasi menggunakan Otsu thresholding dengan meminimalkan varians dalam kelas dari dua
kelompok piksel yang dibedakan oleh system/klasifikasi. Proses binarisasi citra digunakan untuk membedakan vegetasi
dan non vegetasi yang selanjutnya dilakukan uji akurasi. Stratified random sampling menjadi metode untuk pengambilan
sampel yang menghasilkan 250 sampel untuk uji akurasi. Kombinasi indeks dari saluran merah, red-egde, NIR-1, dan NIR-
2 memberikan akurasi terbaik untuk akurasi semantic. Perhitungan kepadatan vegetasi pada indeks dibandingkan dengan
hasil analisis visual citra. Walaupun hasil indeks mendapatkan luasan lebih rendah dibandingkan dengan analisis visual,
kombinasi NIR-2 dan Red mempunyai akurasi tertinggi yaitu 96.29% dengan perbedaan luas 2.32 m2.

Kata kunci: vegetasi, indeks spasial, normalisasi indeks

1. Introduction

In the scope of macro and micro development
planning, vegetation has an important role in the
ecosystem balance in urban areas. Urban biophysical

©2018 by the authors. Licensee Indonesian Journal of Geography, Indonesia.
This article is an open access article distributed under the terms and conditions of the Creative Commons

Attribution(CC BY NC) licensehttps://creativecommons.org/licenses/by-nc/4.0/.

Iswari Nur Hidayati
Doctorate Program, Faculty of Geography, Gadjah Mada University and Department of
Geographic Information Science, Faculty of Geography, Gadjah Mada University

R. Suharyadi and Projo Danoedoro
Department of Geographic Information Science, Faculty of Geography, Gadjah Mada

University

Correspondent email:iswari@ugm.ac.id

characteristics can be estimated and measured using
several methods including field measurements,
visualization and interpretation of aerial photographs
and satellite imagery, and digital interpretation of remote
sensing data. Field measurements and visualization of
satellite image or aerial photo, both have been widely
conducted and are still superior compared to other
methods in term of accuracy (Duro et al, 2012).
However, field measurement is a timely and costly
activity. On the other hand, although visualization of
satellite image and aerial photography have also been
used for measurements of vegetation, canopy types,
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and vegetation density, this process takes a long time
when applied to a large area. Image visualization
has a limitation since the digitization process and
the data editing process requires synchronization
and consistency in interpretation (Roy et al., 2015).
Differences in perceptions of interpretation can also
affect the mapping accuracy, thus an interpretation
methodis needed to calculate vegetation density quickly.
The use of imagery is dependent on the purpose and
level of detail of studies. Particularly for the urban area
studies, a high spatial resolution is needed to support
detailed land use classification. However, visual analysis
requires a longer time compared to digital analysis of
remote sensing images. Therefore, an image with high
spatial resolution and various spectral characteristics
becomes a good alternative for urban studies to address
the complexity and spatial heterogeneity in an urban
area. Vegetation is one of the parameters to make urban
environment more attractive which also plays arole as a
balancing factor in urban ecology. In urban studies and
remote sensing, vegetation is often analyzed in terms
of its distribution, species, biomass, and even oxygen
content, although problems still occurred in calculating
vegetation density due to high building density,
accessibility, and the mixture between vegetation and
bare land.

High density of vegetation in urban areas is
difficult to see nowadays. Although the government has
promoted 30% of urban area should be for the green
area (Hidayati, 2013), the conversion of urban- green
area into built up area are still prominent causing low
density of vegetation. Vegetation index is a parameter
from remote sensing data which represent the greenish
level of vegetation and it can distinguish the reflectance
of vegetation with other objects.

Vegetation Indices have been extensively used
for climate studies (Kaspersen et al., 2015; Stefanov &
Netzband, 2005; Zhang et al., 2013), vegetation density
(T. Liu & Yang, 2013), urban green area (Caroline &
Hidayati, 2016; Gago et al., 2013; Kabisch, 2015; T.
Liu & Yang, 2013), biomass (Prabhakara et al., 2015),
estimation of production (Gitelson et al., 2012; Zhao
et al, 2018), and estimation of nitrogen content in
vegetation (Kimm & Ryu, 2015; Prabhakara et al., 2015).
Vegetation index is a value obtained from a combination
of several specific spectral bands from a remote sensing
image. The near infrared spectrum, healthy green
leaves tend to reflect and transmit electromagnetic
energy but only slightly absorb electromagnetic energy.
This tendency causes the near-infrared spectrum to
be very sensitive to changes in density of broadleaves
because a portion of the infrared spectrum energy
will be reflected back by the leat’s surfaces beneath it.
In the green band, the reflectance values of vegetation
will be good. More leaves areas affect the reflectance
values of the spectral vegetation due to the increased
content of chlorophyll in leaves. The value of vegetation
index is obtained from the energy emitted by vegetation

in the remote sensing image to show the life-size and
amount of a plant. However, challenges arise when
the calculation of the vegetation index is carried out
in urban areas. Vegetation becomes scarcer as the
green area conversion and urban area with its dynamic
characteristics fills up the land with buildings.

Some normalized indices have been calculated
using Worldview-2 imagery. The Normalized Difference
Bare Soil Index (NDBSI) which involves blue channels
and coastal blue; Normalized Difference Water Index
(NDWTI) which uses green and NIR2 (Sun et al., 2016);
and NDVI that uses red and infrared (Weng & Fu, 2014).
Another normalized index related to vegetation has also
been used by De Benedetto et al., (2013) who calculated
NDVI using NIR1 and red, and Normalized Difterence
Red Edge Index using NIR and Red Edge. Further,
index calculation using normalized indices have also
been widely used. The use of simple normalized indices
allows researchers to explore the role and function
of each band of a particular image. Worldview-2
imagery, with the advantages of spatial resolution and
spectral resolution, offers researchers the opportunity
to explore normalized indices for vegetation density.
The development of very high spectral and spatial
resolution multispectral imagery such as WorldView-2
(WV-2) has created more opportunities for remote
sensing applications especially in urban mapping. This
sensor is characterized by very high spatial resolution
(2 m) data in eight spectral bands (between 450-1050
nm). The sensor also has panchromatic data at 0.5 m
spatial resolution between 450-800nm. This image is
completed with coastal blue (400-450 nm), yellow (585-
625 nm), red-edge (705-745 nm) and NIR2 (860-1040
nm) bands. Carrying bands of NIRI, NIR2, Red, and
Red Edge, Worldview-2 allows the calculation of various
indices modifications (Hidayati et al., 2018). This study
aims to find the best combination of Normalized Index
(NI) of Worldview-2 for estimation of vegetation
density in the study area. The best combination was
selected based on the mapping accuracy from overall
accuracy and kappa coeflicients.

2. The Methods

Digital number of Worldview-2 imagery must
be converted to radiance values before radiometric
correction or other spectral analysis, and before
comparison with other sensors or spectral reflections
(Digital Globe, 2010). In this study, we used
Worldview-2 imagery obtained from the Digital Globe
Foundation, with the acquisition date of September 16,
2015. Variation in spectral resolutions in Worldview-2
(Table 1) enables this study to select the best index
combination calculated from the eight bands.

Normalized Indices

Vegetation index thatis often used is the Normalized
Difference Vegetation Index (NDVI) which involves
infrared and red wavelengths. The range of values in
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Table 1. Spatial and spectral resolutions

Table 2. Combinations of Normalized Index for

of Worldview 2. Worldview-2 imagery.
Bands Worldview 2 No Nor- Band No Nor- Band
Panchromatic 450 — 800 nm mal- Names malized Names
. , ized Index
Spatial resolution 0,46 m In-
Coastal Blue (CB) 400 - 450 nm dex
Blue (B) 450 - 510 nm 1 blb2 CBB 29 bsbl R,CB
Green (G) 510 - 580 nm 2 blb3 CBG 30 bsb2 R,B
Yellow (Y) 585-625nm 3 blb4 CBY 31 b5b3 R,G
Red (R) 630 - 690 nm 4  blb5 CBR 32 b5b4 RY
Red Edge (RE) 705 - 745 nm 5 blb6 CBRE 33 b5b6  RRE
NIR-1 (NIR-1) 770 - 895 nm 6 blb7 CBNIR-1 34 b5b7 R,NIR-1
NIR-2 (NIR-2) 860 - 1040 nm 7 blb8 CBNIR-2 35 b5b8 R,NIR-2
Source: DigitalGlobe, 2014 8  b2bl BCB 36 b6bl RE.CB
this NDVI is -1 to 1 where the value of -1 to 0 means 9  pb3 B,G 37  b6b2 RE,B
non-vegetation class and range of 0-1 means vegetation 10 b2bd BY 38 beb3 RE.G
class. This value is actually not an absolute value because ’ ’
the threshold value must be adjusted to the distribution 11 b2b5 BR 39 beb4 REY
of the pixel value itself. The calculation of NDVIin this 12 b2b6 B,RE 40 béb5 RE,R
study involved eight bands in the Worldview-2 image, 13 pob7 BNIR-1 41 béb7 RE.NIR-1
starting from a coastal-blue combination with blue 14 b2b8 BNIR2 42 bobs RE.NIR.2
(NI1), Coastal-blue with green (NI2), to NIR-2 with b S
NIR-1 (Table 2). In detail, the research framework is 15 b3bl G,CB 43 b7bl NIR-1,CB
illustrated in the workflow (Fig.1). The methodusedin 16 b3b2 G,B 44  b7b2 NIR-1,B
this study is to make normalized index using all bands |- 31, 5y 45 b7b3 NIR-1.G
in the WorldView-2 image. Band combination starts ’ ’
from the combination of Coastal Blue with Blue using 18 b3b5 GR 46 b7b4 NIR-1,Y
the formula: 19 b3b6 GRE 47 b7b5 NIR-1,R
NI = band L-band (1) 20 b3b7 GNIR-1 48 b7b6 NIR-1,RE
pand txhand: 21 b3b8 GNIR-2 49 b7b8  NIR-

A total of 56 index combinations were obtained LNIR-2
from the normalized index process in the previous 22 b4bl Y,CB 50 bsbl NIR-2,CB
process. The second thing to do is to determine the 3 1o vp 51 b8b2 NIR-2.B
threshold value (Table 3). Index ratios are usually ’ ’
used to classify certain material or features that 24 bdb3 Y.G 52 b8b3 NIR-2,G
are determined for differences in certain channel 25 b4b5 YR 53 b8b4 NIR-2,Y
reflectance values. Normalized Index assumes that 26 b4bs Y,RE 54 b8b5 NIR-2,R
the pro'babl'hty distribution is .symm'etrlcal. Th'ls 27 b4b7 YNIRI 55 bsbs NIR-2.RE
assumption is reasonable and in line with stochastic
control theory where interference is often assumed 28 b4b8 YNIR-2 56 Db8b7 NIR-

2,NIR-1

and comes from a Gaussian distribution. Based on
this assumption, process variables can be expected to
fluctuate or spread according to the data curve and set-
point. When a problem appears in the calculation, the
set-point cannot be achieved causing this assumption
will be violated. This normalized index is used to detect
problems related to the magnitude of irregularities
at the set-point (Salsbury & Alcala, 2017). Regarding
land use mapping, the normalized index can be used
to establish the classification basis by identifying
surface reflectance. This identification is needed
to distinguish the reflectance between healthy and
unhealthy vegetation and between natural and man-
made objects. This study involved Worldview-2 images

Note: CB = coastal blue band, B=blue band, G = Green
band, Y=Yellow band, R = Red band, RE = Red Edge
band, NIR1 = NIR-1 band, NIR2 = NIR-2 band.

with eight spectral bands producing 56 combinations
of normalized indices (Table 2). The normalized index
with the same two bands is however not used in the
study, such as the blue-blue bands normalized index or
the other.

Threshold Value

This threshold value is used to separate the
appearance of vegetation and non-vegetation. The
choice of the threshold value must be adjusted to the
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characteristics of the region. Variations in land use
determine the threshold value used. After the threshold
process is obtained, the binary index is done to separate
the vegetation area and not the vegetation. The easiest
method for segmentation is by using a threshold value.
To make segmentation more consistent, the threshold
value is determined by the system or software.
Knowledge about object shapes, spectral characteristics
of image, local-knowledge, and background knowledge
about certain land uses are very strong provision for the
threshold determination. In general, a good threshold
can be chosen if the peak histogram is high, narrow,
symmetrical, and can be separated by a deep enough
valley (Nenzén & Aratdjo, 2011; Valentinitsch et al,
2012). Thresholding is used to extract surface objects
that have the same intensity background value (T
value) for each pixel, so each pixel is classified as an
object point. Measurement of homogeneous regions
is variance where areas with high homogeneity will
have low variance values. In this study, we applied the
Otsu method for the thresholding. Otsu method selects
threshold values by minimizing variance in classes
between two groups of pixels which are distinguished
by systems/classifications (Chengyang et al., 2012).
Otsu does not depend on the probability density
function, instead, it assumes a bimodal distribution
of the brightness level (grey level). It involves iteration
(repetition) through all possible threshold values and
calculates the distribution of each pixel at all sides of the
threshold. This calculation was to determine a threshold
value at the center of the pixel that differs from the
pixel values around it. The grey level in thresholding
functions is used as a detector to distinguish between
desired and unwanted objects (main objects with
background objects). After the thresholding is done, the
image binarization process is carried out by considering
the variation of background intensity and noise.

Field Measurement and Accuracy Test

Accuracy Test is carried out by considering field
samples with a total of 250 sample points obtained using
the stratified random sampling method. The parameters
taken in the field are land use and vegetation area. This
field measurement is to ensure the correctness of the
type of land use compared to visual analysis. These 12
indices are used to calculate the area of vegetation in
the study area. Accuracy test includes sampling design,
response design, estimation, and analysis procedures.
Selection of a sampling strategy is important including
the selection of sampling unit, sampling design, and
sample size (Schelin & Sjostedt-De Luna, 2014). In this
study, we used a stratified random sampling (Priebe et
al.,2001; Rougier, Puissant et al., 2016; Stehman, Hansen
et al, 2011) with a total sample of 250 samples for the
field test. After conducting a field test, the calculation
of accuracy testing was done based on a pixel-based
approach, which is a calculation based on pixel values.
In calculating the mapping accuracy matrix, there
are several factors that must be considered, namely
reference data collection, classification schemes,
sampling schemes, spatial autocorrelation, sample size
and sample units (D. Liu & Xia, 2010). Congalton (2010)
systematically explained the principles and practical
considerations in designing and evaluating basic
accuracy related to fuzzy logic and multilayer mapping.
The kappa coefficient is the overall statistical measure
in an error matrix which accounts for matrix errors.
Kappa analysis is recognized as a powerful method
for analyzing single matrix errors and for comparing
differences between various error matrices.

Measurement of the vegetation area used the results
of index combination images processed by binarization.
The threshold values became the basis to create those
index and binary images (Fig.5). This binarization
process used five best accuracy combination out of 56

WorkdView-2 Image

Field Measurement

Land Use Visual Interpretation

v !

—

Radiometric Correction

Accuracy Test

Y

Accuracy Test

Mormalized Index
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. —
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Mazking of Vegetation Area
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:
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L 4
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Total of Vegetation Area

Figure 1. Research flowchart.
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index combinations. Accuracy test is used to test the
accuracy of the segmentation and vegetation area in
visual image analysis. The first accuracy test is done
for segmentation accuracy test (threshold result). The
results of segmentation were tested for accuracy to
determine the accuracy of differences in vegetation
and non-vegetation. The second accuracy test was
carried out on the results of a visual analysis of land
use that was used to test the accuracy of the area of
vegetation. Overall accuracy and kappa coeflicient were
calculated as the accuracy indicators of vegetation and
non-vegetation classes. Calculation of vegetation area
used Unique Identification (UID) hence the vegetation
density of each grid can be measured in detail (Hidayati
etal., 2018; Kumar et al., 2012). A total of 756 grids with
the size of 50 x 50 was used.

3. Results and Discussion
Vegetation Indices based on Normalized Index

The vegetation index results obtained from the
normalized index created (56 combinations). Of the
56 combinations made, 37 combinations were used for
the accuracy test process. A total of 19 combinations
were not used because they were not good visually
and the resulting sprocket value did not represent the
results of index normalization. In this study selected
37 combinations for accuracy testing. The result of the
normalized index (Fig.2) was used for the reference
to make the binary index (Fig.3). This binary index
was made to clearly separate the vegetation and
non-vegetation classes. The spectral bands of the
worldview image are processed to do a normalized
index. Normalization index results are used after being
selected and adjusted to the research objectives, namely

Figure 2. Vegetation indices calculation process. (a) Worldview-2 imagery, (b) Normalized Index, (c) Binary
Index, (d) Unique Identification (UID), (e) Result of overlay, (f) Result of generalization.
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Mormalized Indices
based on Waorldview-2 Imagary

Figure 3. Results of Normalized Index (NI) from Worldview-2 image (a) Worldview-2
image, (b) Combination of NI 65, (c) Combination of NI 75, (d) Combination of NI
85, (e) Combination of NI 56, (f) Combination of NI 57, (g) Combination of NI 58.

those that have a clear visual appearance and can be
used spectrally. 56 combinations were carried out
normalizing the index in accordance with the formula
1(Fig.2). From the combination results, a threshold
value analysis was carried out with Otsu thresholding.
Threshold results that meet the requirements are used
for image accuracy testing. The results of this accuracy
are related to vegetation and non-vegetation. The image
used for the accuracy test is 37 images (Fig.3), but it
is accepted and has an accuracy above 85% as many
as 12 image combinations. 12 image combinations
were carried out by UIQ analysis. The function of
this analysis is to obtain the area of vegetation in the
research area. Accuracy test is done and adjusted to the
results of visual image analysis. The results of visual
image analysis also carried out accuracy tests to ensure
the correctness of visual image analysis. After obtaining

UIQ results, extraction of vegetation area was carried
out to obtain vegetation results in the study area. Visual
analysis was used as a baseline for the accuracy of the
area of vegetation in the study area. Generalizations are
still made to obtain smoother results.

The difference between the spectral response values
in NI determines the threshold values for different land
uses. First, the study area was identified. Then, the
threshold value was determined to classify the type
of land use. This threshold determination was based
on variations of the existing spectral characteristics
and the spectral value of each land use. Determining
the threshold values is the most important step in
calculating an index since the threshold value will
affect the mapping accuracy and precision. After the
threshold determination, the binary index was carried
out. The process for the NI involved a binary index with
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Biner Indax from Nommalized Indices

Figure 4. Result of binarization of Worldview-2 image (a) Worldview-2 image, (b) Binary index 65,
(c) Binary index 75, (d) Binary index 85, (e) Binary index 56, (f) Binary index 57, (g) Binary
index 58.

the value of 1 for vegetation and the value of 0 for non-
vegetation area (Fig.4). Each NI was processed based on
different threshold values that have been adjusted to the
spectral characteristics of each band.

Threshold Value

In this study, a total of 56 histograms were made
to separate vegetation and non-vegetation objects. The
threshold range was not always between -1 to 0 and 0
to 1 but it was adjusted to the characteristics of each
reflectance signature or the pixel value. Table 3 shows
five threshold values out of 56 thresholds determined
by Otsu Thresholding.

Selection of the best accuracy
The best accuracy was selected after all NI
accuracy tests using 250 field samples. We selected

217

five best accuracies from 56 combinations (Table
4). We found that the bands involved in the five best
accuracies were red, red-edge, NIR-1 and NIR-2 from
the band combinations of NI40, NI33, NI47, NI34
and NI54. The characteristics of the red wavelength in
the WorldView-2 image (630-690 nm) which focuses
on the absorption of chlorophyll in healthy plants, is
one of the bands that is very sensitive to vegetation
and is used for the classification of bare soils, roads,
and geological phenomena. Furthermore, red-edge
wavelength (705-745 nm) which has a high reflectance
of vegetation, is usually used to classify and measure the
health of vegetation. NIR-1 is very effective for moisture
content estimation and biomass measurement and is
very effective for differentiating water with vegetation,
identifying types of vegetation, and distinguishing
vegetation from soil.
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Table 3. Threshold values for five combinations of Normalized Index (NT).
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Note: NI is normalized index formula.

Table 4. Best accuracy values from band combinations
of Normalized Index (NI).

Band combinations Kappa Coefficient Overall
Accuracy
b6b5 0.98 95.84%
b5b6 0.98 94.62%
b7b5 0.98 94.38%
b5b7 0.97 93.13%
b8b5 0.97 91.81%

The accuracy received is 85% or higher. Of the
56 combinations made, 37 index combinations were
accepted, and 28 index combinations were rejected. 19
thisindex combination is rejected because the vegetation
distribution results are uneven, the index value does not
meet the established procedure, that is, visually cannot
be used because what appears to be only a few pixels
or spectrally has inappropriate spectral variance, and
too many vegetation areas were overestimates. Of the
37 combinations of indexes received, 12 of them have
accuracy values above 85%.

Vegetation Area Measurement

The amount of vegetation in the field is needed
to find out the number of urban green areas. Visual
analysis is one analysis that is often used to detect green
and non-green urban open spaces. The weakness of
visual analysis is that it takes a long time to digitize and
manipulate data. This study uses an index approach to
calculate the number of urban green areas by normalized
index. Field data is used to accuracy test of vegetation
or not vegetation. The results of visual analysis are used
to test the accuracy of extensive vegetation (Fig.5).

Finally, calculation of accuracy and precision for
vegetation density were compared with the results
of visual analysis of Worldview-2 images. The visual
analysis resulted in area of 62.64 m2 for vegetation class.
The results of the study (table 5) showed that red-edge
and red band combinations gets an accuracy of 90.61%
with area differences with visual analysis of 5.88 m2.
The best result is NIR2 and red which has an accuracy
test of 96.29% with an estimated vegetation area lower
than visual analysis of 2.32 m2. The combination of
NIR1 and red has quite high accuracy, which is 94.53%
with an underestimate of 3.43 m2 of vegetation area.
From the results of the estimation of the vegetation area

218



Indonesian Journal of Geography, Vol. 50. No. 2, December 2018 : 211 - 221

all results show that there is an underestimate from the
results of visual analysis.

All band combinations which involves four bands
(red, red-edge, NIR-1, and NIR 2 bands) produced the
best accuracy because of their sensitivity to vegetation.
Surprisingly, the combination of red-edge with red
bands produced a high accuracy. Yellow band that is
combined with red, red-edge, NIR1 and NIR2 bands
also generated a good result. We found that the yellow
band is good to separate bare land and vegetation areas.
The red-edge band produced a good combination for
vegetation, thus it can be applied to map the health of
plants as it represents the reflectance of chlorophyll. In
this study, we included the red-edge band for the index
combination considering the vegetation type in urban
area. Urban vegetations are usually scattered in park,
urban forest, and river riparian area, thus the red-edge
band will be useful as it can highlight the photosynthetic
process in healthy vegetation.

Obtaining the best accuracy is the main objective
in studies related to mapping from remote sensing data.
High accuracy values are influenced by basic knowledge,
sufficient field data, methods, and heterogeneous
samples to represent actual data (Lizarazo, 2014). In
this study, the accuracy was influenced by the selection
of band combinations considering the characteristics
of image band and object. Despite the good accuracy,
the process of calculating band combinations was quite
exhaustive. The process involved making normalized
indices to produce band combinations, selecting the
threshold values, making a binary index for vegetation
and non-vegetation classification, testing the accuracy
based on pixel values, and calculating vegetation density
in WorldView-2 imagery.

The accuracy values were tested from 250 field
samples. From the accuracy values, it was found that
the combination of bands that use NIR-2, NIR-1, red,
and red-edge produced the highest accuracy with kappa
coeflicient of 0.96-0.98 and overall accuracy of 90.68% -
95.84%. When the yellow band was used in combination
with NIR-1, NIR-2, and red-edge, the kappa coefficient
was still 0.93-0.96, but the overal accuracy decreased

by 85.37% -90.24%. In addition, the inclusion of green
and blue band into the combination of red-edge, red,
NIR-1, and NIR-2 gave a lower accuracy ranging from
0.77 - 0.84 and overall accuracy ranging from 59.40%
- 65.91%. The combination of NIR-1 and red band had
a high accuracy of 94.38% with kappa coefficients of
0.98. The surprising result was from the combination of
red-edge and red that produced an accuracy of 95.84%.
with a kappa coeflicients of 0.98These findings show
that the band combinations that involve red, red-edge,
NIR-1, and NIR-2 band remained to be the best band
combinations.

nh".*
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-
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Figure 5. Comparison of vegetation area values from
two methods (a)Image visual analysis and (b)
Normalized Index calculation.

Table 5. Result of the best accuracy.

Combination Land Use Vegetation  Percentage = Underestimate Overall Accuracy
Band Area of Vegetation (m2)
Area

65 Non-Vegetation 119.50 67.80 -5.88 90.61
Vegetation 56.75 32.20

56 Non-Vegetation 117.72 66.79 -4.10 93.45
Vegetation 58.53 33.21

75 Non-Vegetation 117.04 66.41 -3.43 93.45
Vegetation 59.21 33.59

85 Non-Vegetation 115.94 65.78 -2.32 96.29
Vegetation 60.31 34.22
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Testing of vegetation area accuracy was also carried
out comparing the area from the normalized index
with visual analysis. It was found that the combination
using NIR-2 and red produced the best accuracy and
precision with an accuracy of 96.29% (area of 2.32 m2
was underestimated) in comparison to the visually
extracted area. This means that vegetation area obtained
from the index gave a lower value when compared to
visual analysis. The second best accuracy value was
obtained from the combination of NIR-1 and red bands
(accuracy of 94.53%) with a shifted area of 3.43 m2
(Table 5).

4. Conclusions

Satellite imagery with visible wavelengths has
limitations in spectral range characteristics. However,
WorldView-2 imagery provides additional spectral
characteristics that can be used for automatic exploration
and extraction of various image indices. This study
aims to determine the best combination of indices for
estimating vegetation density in some urban areas in
Yogyakarta. From a total of 56 index combination, our
results shows that the combinations involving NIRI,
NIR2, Red, and red-edge have better accuracy than
other combinations. We found that the combination
of red and red-edge band gave the best accuracy from
the binary test to classify vegetation or non-vegetation.
Involvement of yellow band also affected the accuracy as
it can help in identifying healthy and woody vegetation.
In this study, the red-edge performance was sufficiently
taken into account.

The selection of threshold values is also essential
for the accuracy. A value less than 1.0 does not
necessarily indicate that the pixel is not vegetation,
but the selection of the threshold value needs to be
adjusted to the distribution of pixel values in the image.
Different band combinations will lead to a difference in
pixel value distribution which directly impact on the
threshold value selection. The UID process of a grid
was chosen to calculate vegetation density. Accuracy
testing of vegetation area was also carried out and
compared with the results of the visual analysis. We
concluded that the combination of NIR2 and red band
gave the highest accuracy accounted 94.38% of the
visually calculated area. The choice of study location
also affected the combination of bands used. For the
next studies, we suggest that the analysis can be divided
into two seasons, dry and rainy season to maximize the
performance of yellow band as shown in this study that
yellow band is good to separate bare land and vegetation
areas.
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