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Abstract Vegetation absorbs carbon dioxide (CO2) emissions during photosynthesis. Covering more areas with 
trees will increase the CO2 absorption capacity more substantially than other vegetation like bushes, grasses, or 
rice fields. Trees convert the CO2 captured during photosynthesis into organic carbon to be stored in biomass. 
Woody trees account for approximately 60% of the total aboveground tree biomass, and trunks, where food 
reserves produced in photosynthesis are stored, have relatively large biomass compared to other parts of the 
tree. The biomass of a vegetation stand determines the optimization of air pollutant absorption in urban areas. 
Yogyakarta City is the center for tourism, education, and cultural activities in Indonesia, which is vulnerable 
to land-use conversion, a factor of the shrinking green space. This study aimed to estimate carbon stock from 
vegetation biomass in Yogyakarta City using the remote sensing product SPOT-7 imagery. To calculate the 
vegetation biomass, the diameter at breast height (DBH) of stands was measured in the field. Then, statistical 
analyses were performed to determine the correlation and regression between the actual or observed biomass 
and the Normalized Difference Vegetation Index (NDVI) value derived from the SPOT-7 image. The regression 
model used was y = 1.4277x – 0.0849. The total biomass produced in Yogyakarta City was estimated at 
1,399,487.1 tonnes, which contained 643,764.1 tonnes of carbon stock.
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1. Introduction
Vegetation is a group of plants that jointly occupy an 

area and interact with each other and their environment as 
part of land cover. Vegetation absorbs CO2 emissions during 
photosynthesis. As such, it positively affects air quality 
both directly and indirectly by changing the atmospheric 
conditions of its surroundings (Irawan and Sirait, 2018). 
For instance, denser vegetation makes an area more liveable 
(Yanti et al., 2020), and maintaining its existence can prevent 
environmental damage and even disasters. Based on research 
by Mansur and Pratama (2014), different species of plants 
have different heights, diameters, leaf thicknesses, and CO2 
absorption capacities. Covering more areas with trees will 
increase the absorption capacity more substantially than other 
vegetation like bushes, grasses, or rice fields (Handayani et al., 
2020). Woody trees account for approximately 60% of the total 
aboveground tree biomass, and the trunk, where food reserves 
produced in photosynthesis are stored, has a fairly large 
biomass compared to other parts of the tree (Brown, 1997). 
Based on these statements, it can be concluded that species 
dictate variations in the physical characteristics of leaves, 
stems, and other parts of vegetation. This affects plant density 
and its ability to capture pollutants in the air.

Biomass is defined as a form of carbon stock that can 
be quantified from at least four carbon pools: aboveground 
biomass, belowground biomass, dead organic matter, and soil 
organic carbon, which is expressed in tonnes of dry weight per 
unit area (Brown, 1997; Sutaryo, 2009). This research calculates 
aboveground biomass, that is, the trunk of a tree. Trees absorb 
CO2 during photosynthesis and convert it into organic carbon 
(carbohydrates) to be stored in biomass (Sutaryo, 2009). 

Therefore, biomass has a vital role in reducing air pollution 
that is common in urban areas, especially the number of 
CO2 pollutants. According to the World Health Organization 
(WHO), air pollution kills about 7 million people worldwide 
every year. Exposure to excessive amounts of CO2 emissions 
can lead to death (Mukono, 2011). In addition, CO2 gas is the 
most significant contributor to global warming, i.e., around 
70% (Ayvaz et al., 2017), compared to other greenhouse gases 
(Lee et al., 2013). Therefore, when more CO2 is absorbed by 
vegetation and stored as carbon biomass, this helps control the 
adverse consequences of the greenhouse effect (Samsoedin et 
al., 2009).

Biomass can be estimated using two methods: direct 
harvesting (destructive sampling) and indirect harvesting 
(non-destructive sampling). In destructive sampling, all parts 
of the plant are harvested, dried,  and weighed as biomass 
(Sutaryo, 2009). Meanwhile, the non-destructive sampling uses 
allometric equations that are based on the relationship between 
the diameter at breast height (DBH) and other tree variables. 
The latter method involves less complicated measurement of 
the total biomass contained, has higher accuracy, and is more 
practical for use in potential carbon stock inventory (Brown, 
1997). Diameter at breast height (DBH) is the diameter of 
a trunk measured at breast height or approximately 1.3 m 
from the ground (Sutaryo, 2009), while allometric equations 
estimate the biomass of a stand using parameters, such as 
diameter, height, or their combination (Krisnawati et al., 2012). 
Therefore, this study used an allometric equation to calculate 
the tree biomass and field surveys with non-destructive 
sampling to collect DBH information.

Remote sensing is widely applied to identify phenomena 
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Abstract. Flood is one of the disasters that often hit various regions in Indonesia, specifically in West Kalimantan. 
The floods in Nanga Pinoh District, Melawi Regency, submerged 18 villages and thousands of houses. Therefore, 
this study aimed to map flood risk areas in Nanga Pinoh and their environmental impact. Secondary data on 
the slope, total rainfall, flow density, soil type, and land cover analyzed with the multi-criteria GIS analysis 
were used. The results showed that the location had low, medium, and high risks. It was found that areas with 
high, prone, medium, and low risk class are 1,515.95 ha, 30,194.92 ha, 21,953.80 ha, and 3.14 ha, respectively. 
These findings implied that the GIS approach and multi-criteria analysis are effective tools for flood risk maps 
and helpful in anticipating greater losses and mitigating the disasters.
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1. Introductin
Floods occur when a river exceeds its storage capacity, 

forcing the excess water to overflow the banks and fill the 
adjacent low-lying lands. This phenomenon represents the 
most frequent disasters affecting a majority of countries 
worldwide (Rincón et al., 2018; Zwenzner & Voigt, 2009), 
specifically Indonesia. Flooding is one of the most devastating 
disasters that yearly damage natural and man-made features 
(Du et al., 2013; Falguni & Singh, 2020; Tehrany et al., 2013; 
Youssef et al., 2011).

There are flood risks in many regions resulting in great 
damage (Alfieri et al., 2016; Mahmoud & Gan, 2018) with 
significant social, economic, and environmental impacts 
(Falguni & Singh, 2020; Geographic, 2019; Komolafe et al., 
2020; Rincón et al., 2018; Skilodimou et al., 2019). The effects 
include loss of human life, adverse impacts on the population, 
damage to the infrastructure, essential services, crops, and 
animals, the spread of diseases, and water contamination 
(Rincón et al., 2018).

Food accounts for 34% and 40% of global natural disasters 
in quantity and losses, respectively (Lyu et al., 2019; Petit-
Boix et al., 2017), with the occurrence increasing significantly 
worldwide in the last three decades (Komolafe et al., 2020; 
Rozalis et al., 2010). The factors causing floods include 
climate change (Ozkan & Tarhan, 2016; Zhou et al., 2021), 
land structure (Jha et al., 2011; Zwenzner & Voigt, 2009), and 
vegetation, inclination, and humans (Curebal et al., 2016). 
Other causes are land-use change, such as deforestation and 
urbanization (Huong & Pathirana, 2013; Rincón et al., 2018; 
N. Zhang et al., 2018; Zhou et al., 2021).

The high rainfall in the last few months has caused much 
flooding in the sub-districts of the West Kalimantan region. 
Thousands of houses in 18 villages in Melawi Regency have 
been flooded in the past week due to increased rainfall 

intensity in the upstream areas of West Kalimantan. This 
occurred within the Nanga Pinoh Police jurisdiction, including 
Tanjung Lay Village, Tembawang Panjang, Pal Village, Tanjung 
Niaga, Kenual, Baru and Sidomulyo Village in Nanga Pinoh 
Spectacle, Melawi Regency (Supriyadi, 2020).

The flood disaster in Melawi Regency should be mitigated 
to minimize future consequences by mapping the risk. 
Various technologies such as Remote Sensing and Geographic 
Information Systems have been developed for monitoring flood 
disasters. This technology has significantly contributed to flood 
monitoring and damage assessment helpful for the disaster 
management authorities (Biswajeet & Mardiana, 2009; Haq 
et al., 2012; Pradhan et al., 2009). Furthermore, techniques 
have been developed to map flood vulnerability and extent 
and assess the damage. These techniques guide the operation 
of Remote Sensing (RS) and Geographic Information Systems 
(GIS) to improve the efficiency of monitoring and managing 
flood disasters (Haq et al., 2012).

In the age of modern technology, integrating information 
extracted through Geographical Information System (GIS) and 
Remote Sensing (RS) into other datasets provides tremendous 
potential for identifying, monitoring, and assessing flood 
disasters (Biswajeet & Mardiana, 2009; Haq et al., 2012; 
Pradhan et al., 2009). Understanding the causes of flooding 
is essential in making a comprehensive mitigation model. 
Different flood hazard prevention strategies have been 
developed, such as risk mapping to identify vulnerable areas’ 
flooding risk. These mapping processes are important for the 
early warning systems, emergency services, preventing and 
mitigating future floods, and implementing flood management 
strategies (Bubeck et al., 2012; Falguni & Singh, 2020; Mandal 
& Chakrabarty, 2016; Shafapour Tehrany et al., 2017).

GIS and remote sensing technologies map the spatial 
variability of flooding events and the resulting hazards 
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on the earth’s surface. This technology is considered more 
effective than direct measurements in the field (Sutanto, 
1986). Remote sensing data can be the main data source in 
estimating the carbon stock or biomass of a given area (Lu, 
2005) by, among others, combining temporal resolution 
with statistical methods (Wahyuni,   2012). For instance, the 
Normalized Difference Vegetation Index (NDVI) values   and 
digital values   from remote sensing image bands can be used to 
generate biomass estimation models (Achmad et al., 2018). In 
the current study, the biomass estimation relied on the SPOT-7 
PMS (panchromatic and multispectral) imagery, whose level of 
accuracy allows for detailed identification of green open space, 
a component in the calculation of CO2 emission absorption, 
through visual interpretation.

Yogyakarta is the most densely populated city in the 
Province of D.I. Yogyakarta, Indonesia (BPS, 2021a) and 
the center of tourism, education, and cultural activities. 
Yogyakarta City is a popular tourist destination in Indonesia 
besides Bali (Qanitat, 2016). Palaces, shopping centers, and 
various museums are among the reasons why more tourists 
visit the city than other cities/regencies. In 2020, Yogyakarta 
had a population of 373,589 people occupying an area of 3,250 
ha, creating a density of 11,495 people/km2 (BPS, 2021b). 
This figure was the highest among the cities/regencies in the 
province. According to Lee (2008), rapid population growth 
in cities causes various problems, such as environmental 
pollution, reduced open space, poor land development 
planning, and traffic congestion.

2. Methods
 Image Correction

This study used SPOT-7 PMS imagery. SPOT-7 was 
launched on June 30, 2014, as part of a satellite constellation 
with SPOT-6. Pansharpened image data were obtained 
from the National Institute of Aeronautics and Space with a 
spatial resolution of up to 1.5 m for the panchromatic image 
and 6 m for the multispectral image. SPOT-7 is suitable for 
acquiring better knowledge for environmental resource 
management, identifying and predicting climatic and 
oceanographic phenomena, and monitoring natural resources 
and anthropogenic activities (ESA, n.d.). 

Prior to use, the SPOT-7 images were radiometrically 
and atmospherically corrected. The radiometric correction 
was conducted to improve the display quality of an image and 
correct image pixel values   to match the spectral reflectance 
value of an actual object in the field (Danoedoro, 2012). This 
process converts the digital number (DN) in each pixel to 
top-of-atmosphere (TOA) spectral radiance using GAIN and 

BIAS coefficients, producing an image with the unit of watts 
per steradian per square meter (W· sr-1·m-2). The radiance 
values can be further converted to reflectance; TOA spectral 
reflectance is the ratio of the normalized TOA spectral 
radiance to solar irradiance (SPOT 6/7 daya user’s community, 
2013). The conversion process of DN into TOA spectral 
radiance can be conducted quickly and automatically in ENVI 
software, which provides preprocessing tools for radiometric 
corrections. 

The radiometrically corrected image was further processed 
for atmospheric correction. The radiative transfer model is one 
of the most commonly used atmospheric correction methods 
for remote sensing images because it has a high accuracy in 
reflectivity calculation compared to other methods (Jiaojun 
et al., 2008). One of the algorithms used in the model is the 
Moderate Spectral Resolution Atmospheric Transmittance 
Algorithm and Computer Model (MODTRAN). In ENVI, 
MODTRAN is provided by Fast Line-of-sight Atmospheric 
Analysis of Spectral Hypercubes (FLAASH). FLAASH is a 
program that can perform image corrections by removing 
the effects of water vapor, atmospheric gases such as oxygen, 
carbon dioxide, methane, ozone, and molecular and aerosol 
scattering (Danoedoro, 2012), which then produces a 
reflectance value that is close to that of the actual object on 
the earth’s surface. FLAASH can substantially reduce the effect 
of atmospheric disturbance with more accurate parameters 
of reflectivity, emissivity, surface temperature, and surface 
physics (Fibriawati, 2016). 

In addition, FLAASH has a wide range of applications 
and is often used to process different types of remote sensing 
images. For example, using the MODTRAN4 model on 
FLAASH to perform atmospheric correction on SPOT-5 
images, Yunkai and Zeng (2012) obtained effective correction 
results, i.e., image information with better accuracy than the 
Quick Atmospheric Correction (QUAC) model. Therefore, 
this study used FLAASH to atmospherically correct the high-
resolution SPOT-7 PMS imagery to obtain better-quality 
surface reflectance (SR) images where the spectral response of 
the portrayed object is close to that of the actual one on the 
earth’s surface.

For atmospheric correction, FLAASH requires input data 
in the form of a TOA spectral radiance image. Consequently, 
the image with pixel values (DN) was rescaled to TOA spectral 
radiance—not further converted into reflectance values—
and then corrected atmospherically. The parameters used 
in FLAASH vary across geographies and can include the 
MODTRAN4 model, sensor’s flight altitude, solar elevation 
angle, surface altitude, visibility, and aerosol type, which 

Table 1. Atmospheric correction parameters inputted to FLAASH
Sensor type SPOT-7 PMS
Satellite’s flight altitude 694 km
Surface level 0.113 km
Pixel size 1.5 m
Recording date March 03, 2021
Recording time 2:28:13 AM
Atmospheric model Tropical
Aerosol model Urban
Visibility 12.09 km  
Water column multiplier 1.00 km
Aerosol retrieval none
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affect the success of atmospheric correction (Cooley et al., 
2002). It requires particular calculations to obtain visibility; 
this parameter was derived from MODIS with a Dark Target-
Deep Blue merged AOD (aerosol optical depth) product at 550 
nm, monthly temporal resolution, and 1° spatial resolution. 
Ideally, the correct AOD value is determined following the 
day of image acquisition (daily temporal resolution); however, 
because the date of recording used in this study does not have 
an AOD value, the monthly average was selected. Visibility in 
MODTRAN is related to the AOD value at a wavelength of 550 
nm. The parameters used in the atmospheric correction of the 
SPOT-7 image in this study are presented in Table 1.

Vegetation Density
Vegetation density is related to a plant’s physical 

characteristics, which vary across species. Accordingly, 
different species of plants have different density values. Plant 
species and density regulate environmental conditions in 
urban areas primarily because these features determine the 
absorption rate of pollutants in the air. Vegetation density is 
the percentage of plant species that grow in a particular area, 
which can be quantified with the Normalized Difference 
Vegetation Index (NDVI) (Wahrudin et al., 2019). NDVI 
can be used as an indicator of biomass and relative greenness 
and to determine the status (health or density) of vegetation 
in an area, but it is not directly related to local groundwater 
availability (Hung, 2000). NDVI is the most popular index 
in identifying the greenness or abundance of vegetation. 
According to Leprieur et al. (2000), it has been one of the most 
widely used vegetation indices to monitor global vegetation 
cover over the past two decades. Further, NDVI is known to 
effectively monitor plants and biomass growth from year to 
year (Huete et al., 2002; Wang et al., 2005 in Jensen, 2014). 
Therefore, this study used NDVI to determine vegetation 
density.

Vegetation density was observed in the field (actual 
density) to determine its relationship with the same parameter 
obtained from using the image processing NDVI (estimated 
density). During field observations, photos of the canopy on 
a predefined sample plot were taken using a fisheye lens. The 
photos were then processed in the Gap Light Analyzer (GLA) 
software to calculate the percent tree canopy cover. GLA is 
a computer program that extracts canopy structure and gap 
light transmission displayed on photos captured with a fisheye 
lens (Frazer et al., 1999).

Actual Biomass Calculation
The calculation of actual biomass begins with measuring 

the DBH of tree stands in the field. First, a 3 m x 3 m sample 
plot was made using raffia strings. Then, the circumference of 
each stand was measured with a measuring tape 1.3 m above 
the forest floor. Only woody trees with a diameter of more than 
5 cm were measured in the field. This corresponds to Nowak et 
al. (2013), in which trees with a diameter below 5 cm are not 
included in the biomass calculation. Finally, the circumference 
was converted into diameter.

Statistical Analysis
The data derived were tested for normality as part of 

inferential statistics prior to the correlation and regression 
analysis. This test produces a significance value that concludes 
whether or not the data used are normally distributed (Siregar, 
2015). Correlation analysis determines the direction and 

strength of the correlation between two variables (Wijayanti, 
2015), which in this study was conducted for two variable pairs: 
between the vegetation index NDVI and field-derived canopy 
density and between NDVI and actual biomass. Regression 
analysis measures the magnitude of the influence between 
the variables used. It produces a coefficient of determination 
or R-squared (R2) to identify to what extent the independent 
variable can explain the dependent variable. In this study, a 
linear regression analysis was conducted to model the effect 
of an independent variable expressed on the x-axis, i.e., the 
NDVI value, on a dependent variable on the y-axis, i.e., actual 
biomass (Solima, 2010). This process generated an NDVI-
biomass regression equation, which was later used to estimate 
biomass from any given NDVI value.

In addition, a model accuracy test was performed to 
determine the magnitude of the error between the estimated 
(prediction model) and actual biomass (observed from samples 
in the field). The test samples were the validation samples that 
were not used in the modeling. The level of accuracy was 
determined from the Root Mean Squared Error (RMSE) value, 
which describes the degree of error in the predictions made. 
Smaller RMSE values indicate more accurate modeling or 
prediction results (Zhao et al., 2020), meaning that the closer 
the resulting RMSE is to 0, the higher the model’s accuracy is. 
The equation used to produce the RMSE value is as follows:

RMSE = 
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The calculation of actual biomass begins with measuring the DBH of tree stands in the field. First, a 3 m x 

3 m sample plot was made using raffia strings. Then, the circumference of each stand was measured with a 

measuring tape 1.3 m above the forest floor. Only woody trees with a diameter of more than 5 cm were measured 

in the field. This corresponds to Nowak et al. (2013), in which trees with a diameter below 5 cm are not included 

in the biomass calculation. Finally, the circumference was converted into diameter. 

Statistical Analysis 

The data derived were tested for normality as part of inferential statistics prior to the correlation and 

regression analysis. This test produces a significance value that concludes whether or not the data used are 

normally distributed (Siregar, 2015). Correlation analysis determines the direction and strength of the 

correlation between two variables (Wijayanti, 2015), which in this study was conducted for two variable pairs: 

between the vegetation index NDVI and field-derived canopy density and between NDVI and actual biomass. 

Regression analysis measures the magnitude of the influence between the variables used. It produces a 

coefficient of determination or R-squared (R2) to identify to what extent the independent variable can explain 

the dependent variable. In this study, a linear regression analysis was conducted to model the effect of an 

independent variable expressed on the x-axis, i.e., the NDVI value, on a dependent variable on the y-axis, i.e., 

actual biomass (Solima, 2010). This process generated an NDVI-biomass regression equation, which was later 

used to estimate biomass from any given NDVI value. 

In addition, a model accuracy test was performed to determine the magnitude of the error between the 

estimated (prediction model) and actual biomass (observed from samples in the field). The test samples were the 

validation samples that were not used in the modeling. The level of accuracy was determined from the Root Mean 

Squared Error (RMSE) value, which describes the degree of error in the predictions made. Smaller RMSE values 

indicate more accurate modeling or prediction results (Zhao et al., 2020), meaning that the closer the resulting 

RMSE is to 0, the higher the model’s accuracy is. The equation used to produce the RMSE value is as follows: 

RMSE = )
 ………………………………………………...................................................................…(2.1) 

where: 

′ : Predicted value (regression modeling results) 

 : Actual value (field observation) 

 : Number of data points 

Source: Noor (2018) 

Afterward, the RMSE-observations standard deviation ratio (RSR) was calculated to obtain more definitive 

results. The equation used to calculate the RSR value is as follows: 

......................................................…(2.1)

where:
𝑌′ : Predicted value (regression modeling results)
𝑌 : Actual value (field observation)
𝑛 : Number of data points
Source: Noor (2018)

Afterward, the RMSE-observations standard deviation 
ratio (RSR) was calculated to obtain more definitive results. 
The equation used to calculate the RSR value is as follows:

RSR = 
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RSR = 
)
) …………………………………………………………………….…………………….…..(2.2) 

where: 

′ : Predicted value (regression modeling results) 

 : Actual value (field observation) 

 X : Average of the actual value 

Source: Moriasi et al. (2007) 

Following previous research by Moriasi et al. (2007), the RSR was divided into four categories, as presented in 

Table 2. More precisely, the method in this study is depicted in a flow diagram in Figure 1. 

Table 2. RSR classification of the regression model  

RSR value Category 

< 0.50 Very good 

0.50–0.60 Good 

0.60–0.70 Satisfactory 

>0.70 Unsatisfactory 

 

 .............................................................. (2.2)

where:
𝑌′ : Predicted value (regression modeling results)
𝑌 : Actual value (field observation)
 X : Average of the actual value
Source: Moriasi et al. (2007)

Following previous research by Moriasi et al. (2007), the 
RSR was divided into four categories, as presented in Table 2. 
More precisely, the method in this study is depicted in a flow 
diagram in Figure 1.

Table 2. RSR classification of the regression model 
RSR value Category
< 0.50 Very good
0.50–0.60 Good
0.60–0.70 Satisfactory
>0.70 Unsatisfactory
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Figure 1. Flow diagram of the research methods

Estimation of Carbon Dioxide Absorption

biomass. The resulting regression equation was then used to 
predict biomass in the entire research area. The SPOT-7 images 
were processed in ENVI software to produce new images with 
biomass values. Through biomass, the stored carbon can be 
identified. As proposed by Mardiana et al. (2018) and Ma et al. 
(2018), the carbon concentration is 46% of vegetation biomass; 
in other words, the conversion factor from biomass to carbon 
content is 0.46. Therefore, this study used either 46% or 0.46 to 
determine the carbon stored in biomass. The general equation 
used to calculate the carbon stock was determined using the 
formula below:

Cb = B x %C Organic ................................................... (2.4)

where:
Cb : Carbon stock (kg)
B : Biomass (kg)
%C Organic : Percent carbon content (0.46)
Source            : Mardiana et al. (2018)

Table 3. Biomass equation based on climate zones

Rainfall (mm/year) Climate Equation DBH range
(cm)

<1.500 Dry Y = 10[−0,535+𝑙𝑜𝑔10(𝐵𝐴)] 3 – 30
1.500-4.000 Humid Y = 42,69-12,8(DBH)+1,242(DBH2) 5 – 148
>4.000 Wet Y = 21,297-6,93(DBH)+0,74(DBH2) 4 – 112

 

Biomass was calculated with an allometric equation, 
which, according to Brown (1997), uses the height instead of 
the diameter of a tree stand (Margaretha et al., 2013). Brown 
(1997) further explained that the biomass of woody trees was 
approximately 60% of the total aboveground tree biomass, 
and the trunk has a larger biomass than other parts of a tree 
because it stores food reserves yielded in photosynthesis. The 
allometric equation varies across climatic zones (Brown 1997). 
Yogyakarta City has an average rainfall of 2,012 mm/year, 
indicating humid climate (Table 3). Brown’s (1997) allometric 
equation used in this research is as follows:

Y= 42.69 – 12.8(DBH) + 1.242(DBH2).......................(2.3)

where:
Y              : Biomass (kg)
DBH       : Diameter at breast height (cm)

The biomass regression was obtained by analyzing the 
magnitude of influence between NDVI values and actual 
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3. Results and Discussion
Image Transformation: Vegetation Index Values

abundance were then compared to actual density in the field 
to statistically examine the relationship between NDVI and 
canopy density.

Actual Vegetation Density
Actual vegetation density was inferred from the existing 

percent tree canopy cover photographed and measured 
in each field sample plot. Field samples were determined 
using stratified random sampling. For the vegetation density 
validation test and the actual biomass calculation, the sample 
size was 42 stands that were randomly distributed in each 
class of vegetation abundance in Yogyakarta City. The test was 
conducted in a 3 x 3 m2 sample plot, and the canopy photos 
were taken using a fisheye lens because it has wider coverage 
than a regular camera. 

To accommodate the field survey, the NDVI map was 
cropped to only display images of vegetation stands, which 
were classified as green open spaces. Based on the NDVI 
results, green open space is indicated by four classes: low, 
medium, high, and very high; very low values were excluded 
as they correspond to objects other than green open space. The 
information obtained in the field ensured that only vegetation 
with a canopy was used to validate the classified density or 
abundance.

Images cropped to fit the administrative boundaries 
of Yogyakarta City were inputted to ENVI and transformed 
using the selected vegetation index, the Normalized Difference 
Vegetation Index (NDVI). Figure 2 shows the results of the 
NDVI-based transformation. The NDVI values   for the 
city varied from -0.5986 to 1.00, which, as the map shows, 
were distributed into five ranges or classes of vegetation 
abundance: very low (-0.5986–0.1725), low (0.1725–0.2916), 
medium (0.2916–0.4358), high (0.4358–0.6176), and very 
high (0.6176–1.0). Spatially, the very low abundance class 
covered an area of   522.63 ha, low 1,039.87 ha, medium 867.88 
ha, high 538.41 ha, and very high 334.91 ha.

In Yudistira et al. (2019), NDVI values lower than 0.1041 
correspond to water bodies, barren lands, settlements, and 
paved roads, while those between 0.1041 and 0.3667 represent 
vegetation and barren areas without asphalt, between   0.3667 
and 0.5214 indicate plantations, golf courses, and reeds, 
and higher than 0.5214 are mainly forests. Observations 
of vegetation abundance on the NDVI image revealed that 
very low values (-0.5986–0.1725) were non-green open 
space objects, while low, medium, high, and very high values 
(0.1725–1.00) indicated green open space. These results are 
in line with the findings of Wiradharma et al. (2014), which 
classified 0.1 < NDVI < 1 as vegetation and -1 < NDVI < 0.1 
as non-vegetation objects. The derived levels of vegetation 
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The canopy photos were inputted into the Gap Light 
Analyzer (GLA) software to calculate the %canopy cover 
(vegetation density). Several advantages of GLA are that the 
value of the canopy cover can be directly analyzed from field 
photos captured using a hemispherical (fisheye) lens and that 
it helps produce accurate calculations (Andriansah, 2020). 
Moreover, canopy cover can be classified more quickly when 
the photos have good quality, i.e.,  color contrast between the 
sky and the canopy; therefore, a threshold setting should be 
adjusted accordingly to increase the contrast for clear color 
boundaries (Frazer et al., 1999). In this study, the pixel value for 
the threshold was set at 130 for the entire samples. Percent tree 
canopy cover was obtained by subtracting %canopy openness 
from 100% (entirely covered by the canopy). %canopy 
openness is the percentage of unobscured skies visible in a 
canopy photo. Results showed the lowest vegetation density of 
52.52% with an NDVI value of 0.3962 and the highest density 
of 95.91% with an NDVI value of 0.8987. Table 4 presents 
some photo samples of canopy density in the field and their 
processing results in GLA.

Actual Biomass
As proposed by Kish (1965), the number of samples used 

for research in a large population is at least between 30 and 
200, and it should represent each identified class. Therefore, 
the biomass was calculated using 42 samples, which were also 

used in the vegetation density validation test. Most of the 
samples were located in community-owned plantation areas 
with both natural and cultivated plants. However, some were 
in public areas, such as the Gajah Wong Educational Park, the 
Gembira Loka Zoo, and green median strips. Moreover, not 
all sample locations were easily accessible by vehicles or on 
foot, making it necessary to expand or shift the sample plots to 
obtain trunk measurements. 

Based on field surveys, 109 tree trunks were identified in 
the entire sample plots to represent all classes of vegetation 
density. The measurements were performed on all species 
of woody stands, meaning that grasses, shrubs, and trees 
belonging to other species (e.g., banana plants) were not 
considered. The DBH values converted from the trunk 
circumference were analyzed using an allometric equation to 
estimate the tree’s biomass and ability to absorb CO2 emissions.

Table 4 shows that the biomass produced in each sample 
plot varied from 0.0196 to 3.5702 tonnes/pixel, amounting to 
32.7659 tonnes/pixel. The highest biomass was found in sample 
no. 16, while the lowest was in sample no. 6. The amount of 
biomass is influenced by the number and diameter of stands 
in a given area. In addition, species also affect the biomass 
they produce because different species have different trunk 
diameters and leaf structures. Stands with a large diameter 
and high abundance produce a high amount of biomass, and 
vice versa. However, some locations where a few trees with a 

Table 4. Samples of percent canopy density processing in the Gap Light Analyzer software
Sample Image from Fish Eye lens Processing result

2

40

Source: Data analysis, 2022
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fairly large tree diameter grow may have fairly high biomass, as 
found in sample no. 28, where the identified two stands with a 
DBH of 31.21 cm and 28.03 cm contained 1.5125 tonnes/pixel 
biomass. In addition, Table 5 shows that the carbon storage 

of the samples also varied from 0.0098 to 1.7851 tonnes/pixel, 
with a total carbon storage of 15.0723 tonnes/pixel produced 
from 46% of the tree stand biomass.

Table 5. Biomass and carbon stock calculated from field-derived data

Sample
Coordinate Number of 

trees
Actual Biomass 
(tonnes/pixel)

Actual Carbon Stock 
(tonnes/pixel)X Y

1 428379 9138237 2 0.2391 0.1100
2 429500 9135624 4 1.2976 0.5969
3 432022 9135641 2 0.0273 0.0126
4 432552 9139418 2 0.3067 0.1411
5 428633 9136418 1 0.4911 0.2259
6 428968 9140685 5 0.0196 0.0090
7 431341 9134713 3 1.5425 0.7095
8 430739 9136846 1 0.2300 0.1058
9 431625 9135519 3 1.1716 0.5389

10 433565 9135132 5 1.1515 0.5297

Table 5. Biomass and carbon stock calculated from field-derived data (continued)

Sample
Coordinate Number of 

trees
Actual Biomass 
(tonnes/pixel)

Actual Carbon Stock 
(tonnes/pixel)X Y

11 430997 9138533 1 0.3099 0.1426
12 433166 9134286 2 0.0716 0.0330
13 433612 9137465 2 0.3327 0.1530
14 431244 9139026 2 1.1038 0.5077
15 432679 9134852 1 0.0412 0.0190
16 431573 9137752 2 3.5702 1.6423
17 432273 9135228 5 0.5550 0.2553
18 430052 9137294 1 0.7726 0.3554
19 432250 9135046 6 1.1738 0.5399
20 433437 9135249 2 1.3192 0.6068
21 432552 9138195 3 0.5791 0.2664
22 431261 9135627 2 0.2009 0.0924
23 431822 9134818 3 1.7296 0.7956
24 430676 9139980 3 2.0158 0.9273
25 428538 9140445 2 0.7676 0.3531
26 428890 9141127 2 0.8269 0.3804
27 429459 9139299 2 0.1735 0.0798
28 432603 9138378 2 1.5125 0.6957
29 433137 9135827 4 1.1564 0.5319
30 434047 9136735 3 0.0516 0.0237
31 432968 9133833 2 0.3909 0.1798
32 428684 9141168 4 1.2822 0.5898
33 429132 9140435 3 0.0668 0.0307
34 431571 9138623 3 0.7472 0.3437
35 429308 9139324 1 0.0697 0.0321
36 430794 9139266 2 1.4300 0.6578
37 433563 9137102 7 1.4436 0.6641
38 433062 9134121 1 0.5228 0.2405
39 432973 9138037 2 1.1131 0.5120
40 430175 9139019 2 0.4101 0.1887
41 428818 9138917 2 0.2686 0.1236
42 432973 9137857 2 0.2797 0.1287

Source: Data analysis, 2022



392

CARBON STOCK ESTIMATION FROM VEGETATION BIOMASS Iklila Rahmatika, et al.

Statistical Analysis
The data were tested for normality using the Kolmogorov-

Smirnov method, with a significance value of > 0.05. Results 
showed that the significance values of canopy density and 
actual biomass data were 0.180 and 0.135; both are greater than 
0.05, indicating normal distribution. Afterward, the data were 
examined statistically with correlation and regression analysis. 
The correlation analysis showed a positive correlation 
between the NDVI value and actual canopy density, with a 
Pearson correlation coefficient of 0.668 (p = 0.000<0.05), and 
between NDVI and actual biomass, with a Pearson correla-
tion coefficient of 0.635 (p = 0.001<0.05). In other words, 
NDVI is related to both canopy density and biomass. Based 
on the degree of relationship proposed by Astuti (2017), these 
coefficients are within the range of 0.40–0.70, suggesting a 
medium correlation in a five-scale classification (very weak, 
weak, medium, strong, satisfactory). 

The linear regression analysis results between NDVI 
and actual biomass are visually shown in the scatter diagram 
in Figure 3. Results showed a coefficient of determination or 
R-squared (R2) of 0.403, which means that the NDVI value can 
only explain or model 40.3% of the variation in biomass, while 
other factors shape the remaining 59.7%. This figure can be 
influenced by the condition of the image used, especially as a 
result of image corrections and image cutting, which can affect 
the average pixel value and, thus, the vegetation index value. 
According to Margaretha et al. (2013), one of the problems in 
estimating urban carbon using remote sensing is that the   built-
up land generally covers a larger area than the   vegetated land; 
consequently, the spectral value of the built-up land pixels 
tends to dominate that of vegetation. This affects the value of 
the resulting vegetation index.

Biomass Estimation Model’s Accuracy Test
The resulting regression model was tested for accuracy 

using Root Mean Squared Error (RMSE), which demonstrates 
the model’s degree of error. Low RMSE values mean minor 
errors in the estimation model. The accuracy test (17 validation 
samples) used a different sample size from the model (25 
modeling samples). The regression model generated between 
NDVI and actual biomass had an RMSE value of 0.4853, 
suggesting a difference of 0.4853 tonnes/pixel between the 
observed and the modeled biomass. Because this figure is 
not significantly far from zero (0), the model is concluded as 
having good accuracy. This result was further confirmed by 
the RMSE-observations Standard Deviation Ratio (RSR) value 
of 0.5472. Based on the RSR category by Moriasi et al. (2007), 

it is in the range of 0.50–0.60, indicating a model with good 
performance. 

Biomass and Carbon Stock Estimates
Biomass in Yogyakarta City was calculated using the 

simple linear regression equation generated for NDVI 
value and biomass: y = 1.4277x - 0.0849. Here, 1.4277 is a 
coefficient value that shows an increase in NDVI will affect 
the biomass value by 1.4277 units, while –0. 0849, a constant, 
means the biomass decreases by 0.0849 regardless of changes 
in the NDVI value. This equation was used to estimate the 
biomass of a vegetation stand from the aboveground parts: 
trunks and leaves of woody trees. Based on the estimation 
results, Yogyakarta City had four classes of biomass density: 
low (0.1613–0.5644 tonnes/pixel), medium (0.5644–0.7776 
tonnes/pixel), high (0.7776–0.9629 tonnes/pixel), and very 
high (0.9629–1.3428 tonnes/pixel), as shown in Figure 4.

The distribution of carbon stock estimates within the 
districts’ administrative boundaries in Yogyakarta City is 
mapped in Figure 5 and presented in more detail in Table 5. The 
highest amounts of biomass and carbon stock were produced 
in Umbulharjo, while the lowest were in Pakualaman. Further, 
Table 6 shows a total biomass of 1,399,487.1 tonnes in the 
entire city. The estimated biomass was further used to calculate 
the carbon stock.

The total carbon stored in Yogyakarta City was estimated 
at 643,764.1 tonnes. This number is substantially different from 
the results of Margaretha et al. (2013), in which vegetation 
stands in the city and its surroundings stored 303,667.8 tonnes 
of carbon, as estimated using NDVI values derived from the 
ALOS AVNIR-2 image. Such a significant difference (340,096.3 
tonnes) can be due to the different image characteristics used 
in both studies. Margaretha et al. used multiple-year images 
with a 10m resolution (medium resolution), while the current 
study used a higher spatial resolution (1.5 m); such differences 
affect the classified vegetation area and the sample plot size. In 
another study by Apriadna (2018), the aboveground biomass 
of tree stands in Magelang City and its surroundings was 
3,019,944 tonnes, which is higher than the estimated biomass 
in this study. Magelang has an area of   1,812 ha, narrower than 
Yogyakarta,   3,250 ha. This proves that area does not affect the 
amount of biomass and carbon stock. In addition, this research 
also used SPOT-7, which is different from the Sentinel-2A 
image used in Apriadna’s study. Table 7 shows the total carbon 
stock of each district in Yogyakarta City.
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Figure 4. Map of biomass estimates for each  class of vegetation density in Yogyakarta City

Table 6. Biomass per district in Yogyakarta City

Number District
Biomass
(tonnes)

1 Danurejan 27,784.55
2 Gedongtengen 24,342.85
3 Kraton 54,733.77
4 Mantrijeron 130,141.50
5 Jetis 58,034.95
6 Kotagede 166,442.00
7 Pakualaman 18,545.89
8 Tegalrejo 165,327.90
9 Margangsan 80,393.31

10 Ngampilan 23,152.35
11 Umbulharjo 359,338.00
12 Wirobrajan 87,898.42
13 Gondokusuman 175,708.90
14 Gondomanan 27,642.72

Source: Data analysis, 2022
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Figure 5. Map of carbon stock estimates for each district in Yogyakarta City

Table 7. Estimated biomass and carbon stock for each district in Yogyakarta City

District Total Biomass 
(tonnes)

Total Carbon Stock 
(tonnes)

Danurejan 27,784.55 12,780.89
Gedongtengen 24,342.85 11,197.71
Kraton 54,733.77 25,177.53
Mantrijeron 130,141.50 59,865.09
Jetis 58,034.95 26,696.07
Kotagede 166,442.00 76,563.32
Pakualaman 18,545.89 8,531.10
Tegalrejo 165,327.90 76,050.83
Margangsan 80,393.31 36,980.92
Ngampilan 23,152.35 10,650.08
Umbulharjo 359,338.00 16,5295.48

Table 7. Estimated biomass and carbon stock for each district in Yogyakarta City (continued)

District Total Biomass (tonnes) Total Carbon Stock 
(tonnes)

Wirobrajan 87,898.42 40,433.27
Gondokusuman 175,708.90 80,826.09
Gondomanan 27,642.72 12,715.65
Total 1,399,487.10 643,764.10

Source: Data analysis, 2022
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Table 8. CO2 absorption for each sub-district in Yogyakarta City

District Total CO2 Absorption 
(tonnes)

Danurejan 46,863.27
Gedongtengen 41,058.27
Kraton 92,317.62
Mantrijeron 219,505.33
Jetis 97,885.62
Kotagede 280,732.17
Pakualaman 31,280.73
Tegalrejo 278,853.05
Margangsan 135,596.72
Ngampilan 39,050.29
Umbulharjo 606,083.43
Wirobrajan 148,255.34
Gondokusuman 296,362.34
Gondomanan 46,624.05
Total 2,360,468.30

Source: Data analysis, 2022

Therefore, estimating carbon stock using other parameters is 
recommended to complement this study’s results.
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