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Abstract 

The study area is an evergreen forest in Phu Hin Rong Kla National Park, Thailand.Tropical evergreen 

forests are important as they possess the highest biomass amongst tropical forests. Remote sensing has been 

used in many studies to estimate the volume of aboveground biomass.  The gap filled Landsat 7 ETM+ data 
and the forest observed parameters have been analyzed to find out the quantity of aboveground biomass and 

carbon sequestration. The forest parameters were measured in 30 randomly selected sample plots measuring 

30 m x 30 m. The measurements were then used for computing the aboveground biomass using two allometric 

equations (TM51 and ND71). The analysis showed the best model for aboveground biomass estimation was a 

combination of TM51 and ND71 (R2 = 0.658) and the total of aboveground biomass and carbon sequestration 

were 112,062,010 ton and 5,603,100 ton carbon respectively. The application of the study would be useful for 

understanding the terrestrial carbon dynamics and global climate change. 

 

 

1. Introduction 

Estimation of Aboveground Biomass (AGB) is an 

essential aspect of studies of carbon stocks and the 
effects of deforestation and carbon sequestration on 

the global carbon balance (Alban et al., 1978). It is 

also valuable information for many other global 

issues such as forecasting ecosystem productivity, 

carbon budget, carbon cycles, nutrient allocation, 

and fuel accumulation in terrestrial ecosystems 

(Amichev et al., 2008, Zhao et al., 2012, Moser et 

al., 2011, Stape et al., 2008 and Zhang et al., 2007). 

Moreover, for tropical forests, regional change in 

biomass is associated with important components of 

climate change (Brown, 1997). Spatial estimates of 
the biomass and volume of trees are becoming more 

and more important to forest management and 

planning. Unfortunately, studies in tropical forests 

are more demanding and time-consuming than in 

temperate forests because of high plant species 

diversity, poorly known plant taxonomy and many 

of the remaining tropical forests are in remote areas 

with difficult access. Therefore, it is rarely 

practicable to collect sufficient field data that covers 

the area of interest. Hence, interpolation is often 

made between widely scattered field sampled 
points. In order to estimate the AGB, forest stand 

parameters such as tree height, basal area, stand 

structure, bole diameter at breast height (DBH) are 

required as independent variables for the models. 

There are a number of commonly used variables for 

estimating biomass including, tree height, basal 

area, and stand structure, bole diameter at breast 
height (DBH) (Brown, 1997). A strong relation of 

biomass with basal area has been found in many 

studies (Rai and Proctor, 1986). There are 3 main 

approaches to estimating AGB based on (1) Field 

measurement, (2) GIS-based and (3) Remote 

sensing data (Lu, 2006). 

Remote sensing is increasingly used as a source 

of data for the efficient and sustainable use of 

natural resources and it is considered to be the most 

reliable means for spatial biomass estimation for 

tropical regions (Roy and Ravan, 1996). Remote 
sensing data is often used as the dependent variable 

and therefore there is need to have ground based 

field surveys as the independent variable (Hahn, 

1984 and Smith, 1986). A number of studies have 

demonstrated the potential of remote sensing for 

biomass studies (Gao et al., 2013, Main-Knorn et 

al., 2011, Tian et al., 2012, Miettinen and Liew, 

2009 and Xu et al., 2010). Past studies have shown 

varying degrees of success in estimating forest 

biomass from remote sensing data in temperate and 

tropical forests worldwide (Drake et al., 2003, Benie 
et al., 2005, Anaya et al., 2009, Dubayah et al., 

2010, Gleason and Im, 2011, Zheng et al., 2012, 

Riegel et al., 2013). Remote sensing data is 

becoming the primary source for biomass estimation 

(Lu, 2006). Research on remote sensing based 



 

International Journal of Geoinformatics, Volume 16, No. 4, October - December 2020 
Online ISSN 2673-0014/ © Geoinformatics International  

biomass estimation approaches and discussion of 

existing issues influencing biomass estimation are 

valuable for further improving biomass estimation 

performance.  

The potential of remote sensing for estimating 

biomass was reviewed in (Lu, 2006 and Koch, 

2010). New remote sensing technology such as 

LiDAR (light detection and ranging), polarimetric 

radar interferometry and hyperspectral data can 
better estimate forest biomass than optical remote 

sensed data however methodologies and operational 

cost should be concerned (Koch, 2010). Therefore 

optical sensor data would be an alternative source 

which can directly estimate using several 

approaches such as multiple regression analysis, K 

nearest - neighbor, and neural network and 

indirectly estimated from canopy parameters using 

multiple regression analysis or various canopy 

reflectance models. Vegetation indices have been 

successfully used for aboveground biomass 
estimation (Lu, 2006).  

Overall, spectral indices of vegetation derived 

from the near-infrared and visible (usually red) 

bands of the remote sensing data are widely 

employed as measures of green vegetation density 

(Steven et al., 2003). Many vegetation indices have 

been developed and applied to biophysical 

parameter studies but not all vegetation indices are 

significantly correlated with aboveground biomass 

(Lu, 2006). For example, Sader et al., (1989) found 

that Normalized Difference Vegetation Index 
(NDVI) is not a good predictor of stand structure 

variables (e.g. height, diameter of main stem) or 

total biomass in uneven age, mixed broadleaf forest. 

Despite the application of vegetation indices for 

biomass studies, the accuracy of these biomass 

models has been questioned because in reality, 

optical remote sensing provides information on 

canopy leaf density rather than on biomass (Zhang 

and Fu, 1999).  

Several studies have already been carried out to 

predict forest attributes using remote sensing 

imagery. Sader et al., (1989) assessed the feasibility 
of detecting tropical forest successional age class 

and total biomass differences using Landsat TM in 

the mountain forest of Puerto Rico. National 

Oceanic and Atmospheric Administration (NOAA) 

Advanced Very High Resolution Radiometer 

(AVHRR) data for estimating of tropical forest 

biophysical properties in south - west Ghana was 

used in (Foody et al., 2003). Steininger (2000) also 

tested estimation of aboveground biomass of 

tropical secondary forest from canopy spectral 

reflectance using satellite optical data. (Foody et al., 
2003) compared the estimation of tropical forest 

biomass from Landsat TM data for sites in Brazil, 

Malaysia and Thailand using regression and neural 

networks and discussed the transferability of the 

estimates among the regions. Thenkabail et al., 

(2004) compared narrowband hyperspectral 

Hypersion data with broadband hyperspatial 

IKONOS data, multispectral Advanced Land Imager 

(ALI) and Landsat 7 ETM+ data by using 

classification of complex rainforest vegetation in 

southern Cameroon.  
Thus, there is great interest in estimating the 

biomass of forests and their role in regulating the 

cycling of carbon and nutrients. The objective of 

this study was to estimate the AGB and carbon 

sequestration in an Indo-Malay tropical evergreen 

forest using field measured parameters and 

vegetation indices derived from Landsat 7 ETM+ 

Gap-filled spectral reflectance of Phukin Rong Kla 

National Park in Central Thailand. 

 

2. Study Area 

The study area was tropical evergreen forest in Phu 

Hin Rong Kla National Park. The park is located in 

northeast part of Thailand, in Phitsanulok and Loei 

Provinces. It lies between 16° 53 to 17° 07 E and 

101° 56 to 101° 06 N (Figure 1) and covers an area 

of 307 km2. The general topography of the park is 

steeply mountainous. The northern part of the park 

in Chaiburi district borders Laos while the southern 

part runs into Phetchabun Province. The mountain 

range includes the peaks of Phu Phangma, Phu 

Lomlo, Phu Hin Rong Kla and Phu Man Khao 

which is the tallest peak with an altitude of 1,820 m 

above sea level. The second tallest is Phu Lomlo 

with an altitude of 1,664 m. The park is the source 
of many streams, including Huai Mueat Don, and 

Huai Luang Yai (Division, 2002).  

Phu Hin Rong Kla’s climate is cool the year 

around, especially in the cool season, when 

temperature can occasionally drop to freezing point. 

Mist cover is frequent and the maximum 

temperature is below 25 oC (Division, 2002). The 

park is covered by mixed deciduous, dry evergreen 

and hill evergreen forests. The most important tree 

species found in the park are Lagerstroemia 

calyculata, Pterocarpus macrocarpus, Shorea 

siamensis, and S. obtuse, Afzelia xylocarpa 
(Division, 2002). 

 

3. Methods 

In this study, forest parameters namely diameter at 

breast height (DBH), tree height, species and 

number of trees in each sample plot were measured. 

These parameters were used to estimate the AGB.  

Remotely sensed data on the other hand was used to 

provide vegetation indices for correlation analysis 

with the estimated AGB.  
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Figure 1: Location of study area, Phu Hin Rong Kla National Park, Thailand 

 

3.1 Field Data Collection and Allometric Equations 

In April 2009, 30 sample plots were randomly 

selected and forest parameters were measured 

(Thompson, 1990). Each plot was composed of an 

area of 30 m x 30 m which is the same as the 

Landsat 7 Enhanced Thematic Mapper Plus (ETM+) 

pixel size. All trees more than 4.5 cm in DBH 

(Viriyabuncha et al., 2002) were measured. The 

locations of each plot were determined by the global 

positioning system (GPS). The measured parameters 

were used for estimating the AGB based on 
allometric relationships. The biomass of individual 

trees was estimated using two regression equations 

1 and 2-5 developed by (Brown,1997) and  

(Tsutsumi et al., 1983) respectively.  

 

Br_TB = 42.69 - 12.800D + 1.242D2 

Equation 1 

 

Where, Br_TB is the Brown allometric equation and 

D is the DBH (cm), 

 
Ws = 0.0509D2H0.919 

Equation 2 

Wb = 0.00893D2H0.977 

Equation 3 

 

Wl = 0.0140D2H0.669 

Eqaution 4 

 

Ts_TB  = Ws + Wb + Wl 

Equation 5 

Where, Ts_TB is the Tsutsumi allometric equation, 

Ws is the stem biomass (kg), Wb is the branch 

biomass (kg), Wl is the leaf biomass (kg) and H is 

the tree height (cm).  

 

3.2 Data and Image Processing 

Two Landsat ETM+ images, covering the study 
areas and located on path 129 and row 48 were used 

for analysis. These Landsat scenes were acquired on 

February 09, 2002 and February 12, 2009. Band 1-5 

and 7 of both Landsat 7 ETM+ were used in this 

study. The 30 m pixel resolution images were geo-

referenced to UTM coordinates using existing 

Landsat 7 ETM+ gap-filled image, atmospheric  and 

topographic corrections (by ASTER GDEM 30m 

resolution) were also made.  Missing data resulting 

from the failure of the Scan Line Corrector (SLC) 

on the Landsat 7 ETM+ sensor, was filled using the 
Landsat Gap Fill function (Scaramuzza et al., 2004). 

The boundary of Phu Hin Rong Kla National Park 

was then overlaid to exclude pixels outside the study 

area.  

The radiance and reflectance of Landsat 7 ETM+ 

bands were used for calculating the RVI, NDVI, 

SAVI, ARVI, MSAVI, ND41, ND51, ND53, TM41, 

TM51, TM53, VIS123 and MVIS vegetation indices 

and band ratios (Table 1).  These vegetation indices 

and band ratios have been shown to be indicators of 

overall green biomass, canopy closure, tree density, 
and tree species diversity (Kaufman and Tanré, 

1992, Schultz and Halpert, 1995, Lawrence and 

Ripple, 1998 and Gong et al., 2003).  
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Table 1: Vegetation indices and band ratios used in this study 
 

Vegetation Index Equation Source 

Ratio Vegetation Index 
(RVI) 

𝑅𝑉𝐼 =
𝑁𝐼𝑅

𝑅𝑒𝑑
 

(Jordan, 1969) 

Normalized Difference 
Vegetation Index (NDVI) 

𝑁𝐷𝑉𝐼 =
𝑁𝐼𝑅 −  𝑅𝑒𝑑

𝑁𝐼𝑅 + 𝑅𝑒𝑑
 

(Rouse et al., 
1973) 

Soil-Adjusted Vegetation 
Index (SAVI) 𝑆𝐴𝑉𝐼 =

(𝑁𝐼𝑅 − 𝑅)(1 + 𝐿)

(𝑁𝐼𝑅 + 𝑅 + 𝐿)
 

(Huete, 1988) 

Modified Soil Adjusted 
Vegetation Index (MSAVI) 

  

𝑀𝑆𝐴𝑉𝐼 = 2𝑁𝐼𝑅 + 1 − √(2𝑁𝐼𝑅 + 1)2 − 8(𝑁𝐼𝑅 − 𝑅𝑒𝑑) 

(Qi et al., 1994) 

Atmospherically Resistant 

Vegetation Index (ARVI) 𝐴𝑅𝑉𝐼 =
(𝑁𝐼𝑅 − 2𝑅 + 𝐵)

(𝑁𝐼𝑅 + 2𝑅 − 𝐵)
 

(Kaufman and 

Tanré, 1992) 

VIS123 𝑉𝐼𝑆123 = 𝐵1 + 𝐵2 + 𝐵3 (Lu et al., 2004) 

MVIS 𝑀𝑉𝐼𝑆 =
𝑀𝐼𝐷57

𝑉𝐼𝑆123
 

This study 

ND41 𝑁𝐷41 =
(𝐵4 − 𝐵1)

(𝐵4 + 𝐵1)
 

ND51 𝑁𝐷51 =
(𝐵5 − 𝐵1)

(𝐵5 + 𝐵1)
 

ND53 𝑁𝐷53 =
(𝐵5 − 𝐵3)

(𝐵5 + 𝐵3)
 

ND71 𝑁𝐷71 =
(𝐵7 − 𝐵1)

(𝐵7 + 𝐵1)
 

TM41 𝑇𝑀41 =
𝐵4

𝐵1
 

TM51 𝑇𝑀51 =
𝐵5

𝐵1
 

TM53 𝑇𝑀53 =
𝐵5

𝐵3
 

TM71 𝑇𝑀71 =
𝐵7

𝐵1
 

Remark:  Where, VIS123 is the linear combination of Landsat 7 ETM+ Band 1, 2 and 3 
 MVIS is the ratio of Landsat 7 ETM+ between linear transform of middle infrared region bands

 (Band 5 and 7) and VIS123 
 

NDab (ND41, ND51 and ND71) is the normalized ratio between Band a and b (where, a and b are 

the number of Landsat 7 ETM+ bands) 
 

TMab (TM41, TM51, TM53 and TM71) is the simple ratio between Band a and b (where, a and b are 

the number of Landsat 7 ETM+ bands) 

 

The best vegetation indices were used in this study 

to estimate the amount of AGB in the whole study 
area by using regression analysis. A correlation with 

p < 0.05 is taken as significant. Landsat 7 ETM+ for 

the study area was classified into 2 groups 

(evergreen forest and non-evergreen forest) by 

comparing three image classifiers that included 

Maximum Likelihood (ML), Artificial Neural 

Networks (ANNs) and Support Vector Machine 
(SVM). The best accuracy to classify evergreen 

forest was found using SVM in agreement with 

many publications (Brown et al., 1999, Heikkinen et 

al., 2011 and Koetz et al., 2008). 

 



 

International Journal of Geoinformatics, Volume 16, No. 4, October - December 2020 
Online ISSN 2673-0014/ © Geoinformatics International  

4. Results 

4.1 Forest Stand Parameters 

Within the 30 randomly selected sample plots 

whose locations were determined using a Handheld 

GPS, a total of 2,200 trees were measured. The 

major tree species identified were Lithocarpus 

calthiformis Rehd. Et Wils. and Syzygium cumini 

Druce. The highest tree and biggest girth measured 

was for a Lithocarpus calathiformis Rehd. et Wils., 
with a height of 50 m and a girth of 4.33 m. The tree 

height and DBH ranged from 3 m to 50 m and 3.39 

cm to 137.77 cm respectively, which represented a 

full range of stand structures that occurred in the 

study area (Table 2). The average tree height and 

DBH were 13.71 m (standard deviation (S.D.) = 

7.84 m) and 18.90 cm (standard deviation (S.D.) = 

15.48 cm) respectively. The biomass was estimated 

using allometric equations from Brown (1997) and 

Tsutsumi et al. (1983). The averages of AGB from 

Brown and Tsutsumi allometric equations per 30 x 
30 m plot were 567.53 kg and 996.97 kg 

respectively. 

 

Table 2: Descriptive statistics of the validation samples for DBH, tree height and biomass 
 

 
Statistics 

Mean Min Max 

Forest parameters 
DBH (cm) 18.90 3.39 137.77 

Tree Height (m) 13.71 3.00 50.00 

AGB (kg) 
Br_TB*  567.53 9.71 21,854.00 

Ts_TB** 996.97 7.20 58,282.40 

        Remark: * Brown and ** Tsutsumi allometric equations 

 

Table 3: Pearson’s correlation coefficients for tree height, average DBH and AGB volume using  
Brown and Tsutsumi allometric equations 

 

 
Forest Parameters AGB Volume 

Average DBH Tree Height Br_TB Ts_TB 

Average DBH 1.000 0.711** 0.888** 0.807** 

Tree Height 0.711** 1.000 0.564** 0.594** 

Br_TB 0.888** 0.564** 1.000 0.957** 

Ts_TB 0.807** 0.594** 0.957** 1.000 

Remark: ** Correlation is significant at the 0.01 level (2-tailed) 

 

 
   (a)        (b)   
 

Figure 2: Scatter plot describing the correlation between AGB and average with (a) Brown allometric 

equation and (b) Tsutsumi allometric equation 
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4.2 Correlation between AGB and Forest Stand 

Parameters 

In this study, AGB is defined as the biomass of live 

trees greater than 4.5 cm in DBH. The AGB volume 

calculated from both equations has a good 

relationship with forest stand parameters (Table 3 

and Figure 2). In addition, the correlation coefficient 

(r) between average DBH and AGB from Brown 

allometric equation (r = 0.888) is higher than AGB 
calculated using the Tsutsumi allometric equation (r 

= 0.807) and tree height also has a high correlation 

with average DBH. The correlation coefficient of 

the Brown allometric equation (r = 0.564) is similar 

to the correlation derived from the Tsutsumi 

allometric equation (r = 0.594), even though the 

Brown allometric equation has no tree height 

parameter included in it. 

 

4.3 Aboveground Biomass and Landsat 7 ETM+ 

Spectral Reflectance 
All selected AGB stand volumes from Tsutsumi and 

Brown allometric equations have significant (p < 

0.05) but negative correlations with Landsat 7 

ETM+ reflectance. Moreover, Band 1 to 3 are 

significantly correlated with AGB using both 

equations but such relationships vary depending 

upon the characteristics of the study areas such as 

forest stand density, vegetation age and species 

composition (Lu et al., 2004). The highest 

correlation coefficient is found using Band 1 (-

0.715) for the Tsutsumi allometric equation. Table 4 

summarizes the correlation coefficients between the 

selected AGB stand volumes and Landsat 7 ETM+ 

spectral reflectance in the study area using both the 

Tsutsumi and Brown allometric equations. 

 

4.4 AGB and Vegetation Indices and Band Ratios 
Not all vegetation indices are significantly (p < 

0.05) related to forest stand parameters (Lu et al., 

2004). Table 5 and Table 6 summarize the 

correlation coefficients between AGB volume 

estimated from Brown and Tsutsumi allometric 

equations with vegetation indices in the study area. 

The results show that all indices were significantly 

correlated with AGB in the sample plots using both 

equations except MSAVI. The highest correlation 

coefficient was found using the TM51 with the 

Tsutsumi allometric equation. Moreover, the 
correlation coefficients for AGB volume that were 

calculated from the Brown allometric equation are 

higher than AGB values that were calculated from 

the Tsutsumi allometric equation for all indices 

except RVI. However, most vegetation indices are 

not better related to forest stand parameters than 

ETM+ spectral reflectance except TM51 (Table 6). 

 

Table 4: Pearson’s correlation coefficient from two AGB volumes by using Brown equation and Tsutsumi 

allometric equations and six Landsat 7 ETM+ spectral bands 
 

 AGB 
Landsat 7 ETM+ spectral bands 

Band1 Band2 Band3 Band4 Band5 Band7 

BR_TB -0.638** -0.589** -0.593** -0.114ns -0.213 ns -0.226 ns 

TS_TB -0.715** -0.673** -0.606** -0.185 ns -0.188 ns -0.186 ns 

Remark:    ** Correlation is significant at the 0.01 level (2-tailed). ns is not significant. 
 

Table 5: Pearson’s correlation coefficient from two AGB volumes by using Brown and Tsutsumi allometric 
equations and vegetation indices 

 

Index RVI NDVI SAVI ARVI MSAVI VIS123 MVIS 

Br_TB 0.527** 0.569** 0.569** 0.626** 0.11 ns -0.645** 0.635** 

Ts_TB 0.496** 0.572** 0.572** 0.646** 0.047 ns -0.706** 0.710** 

Remark:      ** Correlation is significant at the 0.01 level (2-tailed).   ns is not significant. 
 

Table 6: Pearson’s correlation coefficient from two AGB volumes by using Brown and Tsutsumi allometric 

equations and band ratios. 
 

Index ND41 ND51 ND53 ND71 TM41 TM51 TM71 TM53 

Br_TB 0.627** 0.517** 0.628** 0.399* 0.680** 0.659** 0.522** 0.630** 

Ts_TB 0.698** 0.603** 0.663** 0.487** 0.703** 0.721** 0.599** 0.620* 

Remark:       ** Correlation is significant at the 0.01 level (2-tailed) 

           *  Correlation is significant at the 0.05 level (2-tailed) 
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4.5 Biomass and Carbon Sequestration Estimation  

4.5.1 Model selection  

The top five models with the highest coefficient 

determination are showed in Table 7. Cubic model 

which added TM51 in the model was the highest 

coefficient of determination (R2 = 0.501) among 

models using Brown allometric equation. For the 

Tsutsumi allometric equation, the highest coefficient 

of determination was a multiple regression model 
which included TM51 and ND71 in the model (R2 = 

0.658).  

 

4.5.2 Aboveground Biomass and Carbon 

Sequestration in the Evergreen Forest Area 

The Tsusumi allometric equation had the highest 

correlation coefficient (R2 = 0.658). The model was 

fitted using multiple linear regression (including 

TM51 and ND71 as variables in the model). The 

estimated AGB in evergreen forest is shown in 

Figure 3(a) and Table 8 presents descriptive 
statistic. The total of AGB in the whole study area 

was 112,062,010 ton. The average of AGB in 

evergreen forest areas was 872 ton/ha. The result 

was similar to that found by (Viriyabuncha et al., 

2002) at Doi Suthep - Pui National Park, Chiang 

Mai, evergreen forest  mixed deciduous forest where 

AGB was in the range 32-903 ton/ha. The carbon 

content estimation would be about 50% of the 

amount of total aboveground biomass (Dixon et al., 

1996). Therefore, the carbon sequestration of 

evergreen forest was calculated and the total carbon 
in the whole area was stored as 5,603,100 ton 

carbon/whole area (307 km2). The average of carbon 

storage of hill evergreen forest was 497 ton 

carbon/ha. Figure 3(b) and Table 8 showed the 

carbon sequestration in evergreen forest area in the 

study area. 

 

5. Discussion 

The study found an inverse relationship of spectral 

reflectance with AGB information except Band 4 
where almost no relationship was apparent. Similar 

conclusions were drawn in many of the previous 

studies (Horler et al., 1983, Spanner et al., 1990, 

Roy and Ravan, 1996). The inverse relationship 

between the biomass and spectral reflectance could 

be the result of increased canopy shadowing within 

larger stands and the decreased understory 

brightness (soil brightness) due to increased density 

of biomass (Spanner et al., 1990). There was an 

inverse relationship between amount of shadow and 

reflectance in all bands (Ahlcrona, 1988). Results 
from the study by (Horler et al., 1983) specified this 

phenomenon for particular spectral regions, for 

example band 5 or 7 of Landsat TM and stated that 

shadowing is a factor at least as important as leaf 

moisture content influencing the spectral reflectance 

of forests in the shortwave infrared spectral region. 

Thus, the higher spectral reflectance of the sample 

plots with less biomass can be explained partially by 

a lower amount of shadow, which results in a higher 

contribution to the spectral radiance from the 

background soil. 

 

Table 7: Top five of the highest coefficient determination between two allometric  

equations and spectral reflectance 
 

Models R2 

Brown allometric equation  

1 AGB = 4.024 – 0.010(TM51) + 0.0000226(TM51)2– 0.000000008(TM51)3 0.501 

2 AGB = 3.151 – 0.004(TM51) + 0.00000958(TM51)2 0.499 

3 AGB = 7.822 – 0.017(TM41) + 0.000056(TM41)2 – 0.000000027(TM41)3 0.480 

4 AGB =  4.904 + 0.003(TM41) + 0.0000126(TM41) 2 0.477 

5 AGB = 843.853e-0.002(B1) 0.468 

Tsutsumi allometric equation  

1 AGB =  421.905(TM51) – 1,823.46(ND71) – 204.4 0.658 

2 AGB = 126.233(TM51) – 0.364(VIS123) + 880.342 0.602 

3 AGB = 730.67e-0.087(B1) 0.573 

4 AGB = 3.124 – 0.002(TM51)+ 0.000004 (TM51)2– 0.000000001(TM51)3 0.547 

5 AGB = 2,179.93 – 0.7(VIS123) – 0.01(VIS123)2 + 0.000000277(VIS123)3 0.546 
 

Table 8: Descriptive statistic of AGB estimated and carbon sequestration from Tsutsumi allometric equation, 

TM51 and ND71 for study area (307 km2) 
 

Descriptive Statistic Minimum 

(ton/ha) 

Maximum 

(ton/ha) 

Mean 

(ton/ha) 

Range Summary 

(ton/whole area) 

AGB 0 34,216 872 34,216 112,062,010 

Carbon sequestration 0 17,108 467 17,108 5,603,100 
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Figure 3:  (a) Aboveground biomass and (b) Carbon sequestration estimated in evergreen forest area 
 

Previous studies have shown that there is a high 

correlation between AGB and vegetation indices 

(Sader et al., 1989, Huete et a., 1997, Yemefack et 

al., 2006, Zheng et al., 2004, Anaya et al., 2009 and 

Helmer et al., 2009). Conversely, there are some 

studies that have found low or weak correlation 

between AGB and vegetation indices (Foody et al., 

2003, Lu et al., 2004 and De La Cueva, 2008). In 

this study, the correlations between some vegetation 

indices derived from Landsat 7 ETM+ spectral 

bands such as Band 4, Band 5 and Band 7 are not 
significantly correlated with the AGB in the study 

area. The inverse relationship typically (as shown in 

Table 4) can be found between spectral band data 

and ABG (Roy and Ravan, 1996). They proposed 

that the underlying causes were; (i) increased 

canopy shadowing within larger stands (ii) 

decreased soil brightness due to increased density 

with which biomass increases.  

The low correlation was attributed to the 

inability of limited data set with such spectral 

resolution to account for the variability of forest 
biophysical features that relate to biomass. 

Therefore, the disadvantage of Landsat data is a 

limitation of resolution. Canopy discontinuities are 

sometimes lost in the 30 m x 30 m resolution 

(Feldpausch et al., 2006) because of mixing of 

pixels. Moreover (Okuda et al., 2004) concluded 

that Landsat data is probably insufficient to detect 

local difference in AGB by using only visible, near-

infrared and shortwave infrared wavelengths (0.4 – 

2.5 mm). In addition, the study area was upland 

tropical evergreen forest, therefore, there are 

difficulties in measuring these variables accurately 

and inter-species differences should ideally be 

accounted for throughout. The species composition, 

forest stands structure and associated canopy 

shadows, and vegetation vigor, are considered to be 
important factors affecting vegetation reflectance 

(Lu et al., 2004). Furthermore, Landsat 7 ETM+ 

data primarily captures canopy information instead 

of individual tree information due to its limited 

spatial resolution. For these reasons, future research 

may focus on the integration of multi - source data, 

particularly RADAR or LIDAR with higher 

penetrating power (Saatchi et al., 2011, Solberg et 

al., 2014, Montesano et al., 2015), which involves 

the effective integration of remote sensing, GIS and 

modeling techniques. 
 

6. Conclusion 

This study attempted to provide specifically adapted 

methods to extract aboveground biomass/carbon 

information from optical remote sensed data from 
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Indo-Malay tropical forest. The multiple regression 

models were developed based on integration of 

Landsat 7 ETM+ images and forest stand 

parameters. The Tsutsumi allometric equation was 

found to be the best predictor of AGB from Landsat 

7 ETM+ data using TM51 and ND71 (R2 = 0.658) 

in this study.  Usually, the Band 1 (Blue region) 

shows a very poor relationship between forest 

variables and spectral reflectance satellite image 
data. However, the relationship can be significantly 

improved using a correlation of Band 1 with Band 

from the infrared region (Band 4, 5 and 7) to 

formulate a band ratio that is better correlated with 

AGB. Moreover, this study also found that NDVI 

was not the best vegetation index for estimating 

AGB in this area.  

Although optical remote sensed data still 

produce lower accuracy for AGB estimation than 

active remote sensed data such as LiDAR and 

Radar, the data sources availability and longer 
archive are the advantages of optical remote sensed 

data. Therefore AGB estimation methods 

development in tropical forest using optical images 

is still very important due to the difficulty in 

gathering ground-truth data representative of a large 

area. However the results can be used to guide the 

selection of suitable Landsat 7 ETM+ band(s) and 

vegetation indices for AGB estimation in Indo-

Malay tropical forest in the future, the integration of 

multisource data for better AGB estimation should 

be more explored and concerned.  
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