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Abstract. Hartoyo APP, Prasetyo LB, Siregar IZ, Supriyanto, Theilade I, Siregar UJ. 2019. Carbon stock assessment using forest 
canopy density mapper in agroforestry land in Berau, East Kalimantan, Indonesia. Biodiversitas 20: 2661-2676. In the Reducing 
Emissions from Deforestation and forest Degradation (REDD+) program, remote sensing is the most important tool for measuring forest 
cover and carbon dynamic, including the utilization of software Forest Canopy Density (FCD) mapper. However, there have been rarely 
untested the accuracy of FCD applied in agroforestry landscapes to support carbon stock assessment compared to conventional field 
measurement data. This research was aimed to investigate the correlation between: (i) the value of FCD (%) and tree stand density 
(N/ha), (ii) the value of FCD (%) and basal area (m2/ha), (iii) the value of FCD (%) and total carbon stock (Mg C/ha), and iv) total 

carbon stock and percentage of canopy closure (%). Tree stand density, basal area, carbon stock and canopy profile were conventionally 
measured by trained members of local communities. The results of this study showed that the R2 between FCD and tree density was 
37.7% (r = 61.4%), while the R2 between FCD and the basal area was 3.33% (r = 18.3%). The result of normality and heteroscedasticity 
tests showed that FCD was more accurate and precise in estimating the tree stand density model than the basal area model. Total carbon 
stock differed significantly (p<0.1) from tree density with R2 = 27.7% (r = 27.3%). Total carbon can be predicted using FCD with total 
carbon (Mg C/ha) = 13.005 + 0.826 FCD. Our findings suggest that FCD can be used as a new method to estimate tree density and total 
carbon stock cheaply, efficiently and accurately to support carbon stock assessment in agroforest practices. In carbon assessment, total 
carbon stock can also be estimated using canopy closure measurement. 
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INTRODUCTION 

The implementation of Reducing Emissions from 
Deforestation and forest Degradation (REDD+) in 

Indonesia requires the inclusion of following aspects: the 

National Strategy of REDD+, the baseline of Forest 

Reference Level (FRL) or Forest Reference Emission 

Level (FREL), the system for Measuring, Reporting, 

Verifying (MRV) and National Forest Monitoring Systems 

(NFMS), Financial Instruments, Safeguards and REDD+ 

Safeguard Information System, as well as National 

Registration System (NRS). The National Forest 

Monitoring System (NFMS) transparently provides forest 

resources data and information related to Indonesian 
forests, as well as consistently contributes to the 

development of Measuring, Reporting, Verifying (MRV) 

system to support mitigation action at the national and sub-

national level (Regulation of Indonesia Ministry of 

Environmental and Forestry 2017).  

Currently, there are three approaches to estimate or 

monitor biomass, namely mathematical modeling, field 

measurement and remote sensing. Of the three approaches, 

field measurement has been considered as the most 

accurate and precise method than the other approaches. 

However, this approach is expensive and has limitation in 
covering large area, particularly for remote areas with difficult 

access. As such, remote sensing is considered as the most 

important tool for measuring reference levels and monitoring 

the dynamics of carbon in the future (IPCC 2006).
 

For decades, remote sensing has been a powerful tool in 

biodiversity conservation issues as an effective means to 

collect data and information at a large scale especially in 

forest and biodiversity monitoring (Turner et al. 2003; 

Boyd et al. 2005; Duro et al. 2007; Strand et al. 2007). 

Similarly, in carbon monitoring activities, remote sensing 

could be used to produce data needed, but this should be 
complemented by ground-truthing activities in certain areas 

in order to obtain valid and accurate information (Strand et 

al. 2007). For large-scale reforestation and rehabilitation 

efforts, remote sensing is regarded as the most optimal 

method, despite the level of accuracy for this approach is 

being potentially lower than that of field measurement 

(Ardiansyah et al. 2005). 

In developing countries, remote sensing using satellite 

imagery is the only effective method for covering and 

monitoring large forest areas at a national-level (De Fries et al. 

mailto:lbprastdp@yahoo.com


 BIODIVERSITAS  20 (9): 2661-2676, September 2019 

 

2662 

2007; Bottcher et al. 2009; Goetz 2009). The identification 

of land cover can be done quickly, cheaply and frequently 

using remote sensing. According to Budiharta et al. (2014), 

the total budget needed to restore 6.1 million hectares 

forest estate land (excluding industrial timber plantation) in 

East Kalimantan needs approximately US$ 8.37 billion. If 

we use remote sensing, it will be cheaper. Furthermore, 

remote sensing for estimating forest density has been 

successfully used to assess forest degradation (Tiwari et al. 

1986; Prince et al. 1987; Ford et al. 1988).  
Forest canopy density describing the physiognomic 

characteristics of forest can serve an important parameter 

for the characterization of forest condition. Several 

approaches for mapping forest canopy include object based 

classification (Dorren et al. 2003), artificial neural network 

(Boyd et al. 2002), linear regression (Iverson et al. 1989; 

Zhu and Evans 1994; De Fries et al. 1997), decision tree 

classification (Souza et al. 2003), spectral unmixing at 

pixel or subpixel scale (Gao et al. 2000; Gong et al. 1994), 

the application of Maximum Likelihood Classification 

(MLC) and Multiple Linear Regression (MLR), as well as 
forest canopy density mapper (FCD) (Rikimaru 1996). 

However, some remote sensing methods, for example, 

NDVI (Normalized Difference Vegetation Index), have 

limitations for identifying land cover since several 

parameters are not taken into consideration including those 

related to thermal, bare soil and shadow. Similarly, the 

application of MLC and MLR to measure forest canopy 

density is based only on spectral reflectance of vegetation.  

Considering that vegetation index alone is not enough 

to get precise and optimal results in estimating forest 

canopy density in tropical mixed deciduous vegetation 
(Rikimaru and Miyatake 1997), forest canopy density 

(FCD) mapper as a semi-expert system of a computer 

software package is likely compatible and suitable with the 

window-based personal computer. The FCD mapper 

consists of algorithms and formulas utilized to compute 

values by taking into consideration of vegetation, thermal, 

shadow and bare soil index using satellite imagery data.  

This study was aimed to investigate the application of 

FCD in carbon stock assessment to enrich knowledge 

developed by many existing studies related to forest cover 

assessment using satellite images, for example Rikimaru 

(1996), Rikimaru and Miyatake (1997), Baynes (2007), 
Joshi et al. (2005), Panta et al. (2006), Prasad et al. (2009) 

and Mon et al. (2010). Tree stand density, basal area, and 

forest canopy profile are commonly used as parameters to 

measure forest density and forest vegetation condition. 

Furthermore, total carbon stock from stand biomass 

measurement is also an important parameter used to assess 

forest condition. Stand biomass is usually calculated using 

linear regression equation and non-linear based on species 

observation, as obtained from the field measurement (Crow 

and Schlaegel 1988; Hahn 1984; Ohmann and Grigal 

1985), as well as a process-based model, namely 3-PG 
(physiological principles for predicting growth). Although 

the estimation of above-ground biomass (AGB) varies 

according to some parameters such as species composition 

and structure, basal area and height, estimating the AGB 

using diameter at breast height (DBH) is the most general 

method (Crow and Schlaegel 1988). Several models of 

regression equations have been developed for estimating 

the AGB (Hahn 1984; Ohmann and Grigal 1985) since this 

model is precise when applied at tree, plot and stand level. 

However, it cannot be used to analyze the spatial pattern of 

AGB with respect to the whole landscape. To estimate 

AGB at landscape level, various vegetation indices from 

remote sensing data can be applied (Perala and Alban 

1994). Budiharta et al. (2014) applied a process-based 

model by using soil and climate data, and vegetation 
indices, namely 3-PG (physiological principles for predicting 

growth) in estimating the AGB of Bornean primary forest.     

Furthermore, this study was focused on agroforestry 

practices which is considered a land-use system that 

delivers multiple benefits not only from social aspect but 

also from biophysical perspective and other ecosystem 
functions. According to Budiharta et al. (2016), social and 

ecological aspects have strong and important impact for 

restoration program in Indonesia. Agroforestry practices 

can be classified into simple agroforestry and complex 

agroforestry. Simple agroforestry is defined as agroforestry 

that consists of at least two types of plant which are trees 

and at least one species of agricultural or horticultural 

plant. Complex agroforestry, on the other hand, is a 

combination of agricultural systems which involve various 

trees species, characterized by trees with multilayers and an 

ecosystem that is similar to primary or secondary forests. 

Agroforestry practices in this research are classified into 
‘complex agroforestry’ or ‘agroforests’.  

The objectives of the research were to investigate the 

correlation between: (i) the value of FCD (%) and tree 

stand density (N/ha); (ii) the value of FCD (%) and basal 

area (m2/ha); (iii) the value of FCD (%) and total carbon 

stock (Mg C/ha); and (iv) total carbon stock and percentage 

of canopy closure (%) as measured by local community 

using conventional measurement method. 

MATERIALS AND METHODS 

Study area and period 

The study area of this research was conducted in Birang 
Village and Merabu Village, Berau District, East 

Kalimantan, Indonesia (Figure 1). Berau’s area 75% 

covered by forest and reported in high biodiversity status. 

Berau is one of a pilot project to demonstrate REDD+ in 

Indonesia. REDD+ program was in line with this research, 

related to carbon stock measurement specifically. This 

research was started in January 2016 until January 2017.  

Data collection 

The data utilized in this research were categorized into 

two types: primary and secondary data. Primary data 

included all of the data that were collected in the field. 

Secondary data included all information that was obtained 
from other sources, e.g. maps and general conditions of 

study sites. The general overview of data used in this study 

is presented in Table 1. 
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Figure 1. The location of research sites in Birang Village and Merabu Village, Berau, East Kalimantan, Indonesia 

 

 
Table 1. Types of data used in this research 
 

Type of data Data resources Technique of data collection 

Landsat Satellite Image 8 in 2014 of 

Birang Village and Merabu Village 

USGS (U.S. Geological 

Survey) 

Downloaded from: erthexplorer.usgs.gov 

Forest canopy density value Forest canopy density mapper Forest canopy density software processing (Figure 2) 
Forest stand density Field observation Direct observation by local community 
Basal area Field observation Direct observation by local community 
Canopy closure Field observation Direct observation by local community 

 
 
 

 

Forest canopy density mapper 

Pre-image processing 
Pre-image processing was the first step necessary to 

process the satellite image. Taken into consideration here 

were aspects related to process image data importing, layer 

stacking, rescaling, image subsetting, data importing, 

selection of band combinations, geometric correction and 

image subsetting (Rikimaru and Miyatake 2002). 

Data processing 

The obtained images were further processed by the 

FCD mapper v.2.0 software in order to obtain the mapping 

of the forest canopy density. The procedure for completing 

the FCD mapping model is shown in Figure 2. The maps of 

the forest canopy density in Birang Village and Merabu 

Village can be seen in Figure 3. 
According to Rikimaru and Miyatake (2002), forest 

vegetation condition is assessed based on canopy density. 

Using this approach, FCD was the calculation of four 

indices, namely the Advanced Vegetation Index (AVI), 

Bare Soil Index (BI), Shadow Index (SI) and Thermal 

Index (TI). The calculations for this study were made after 

applying ‘noise reduction’ techniques, specifically related 

to clouds, cloud shadow and water area as these factors can 

influence the analysis of imagery data. In case of the 

presence of cloud shadow, it can be confused with shadow 

cast because of adjacent mountains. It can be corrected by 

creating a cloud shadow mask. 
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Figure 2. The analytical framework of the FCD mapping model used in this study 

 
 
 
 

Advanced vegetation index (AVI) 

The Vegetation Index is a method to assess the 

vegetation condition of the forest. The aim of this method 

is to examine characteristics of chlorophyll-a in which this 

index is often referred to as the Advanced Vegetation Index 

(AVI). Advanced vegetation index was formulated as 
equation 1: 

If B 43 < 0  then AVI= 0 

If B 43 > 0 then AVI = ((B4 +1) x (256-B3) x B 43)1/3   .......(1) 

 

Where: 

AVI = advanced vegetation index 

B1-B7 = TM Band 1-7 data  

B43 = B4-B3 after normalization of the data range 

Bare Soil Index (BI) 

The Bare Soil Index (BI) is a more reliable estimation 

and is formulated with medium infrared information. Bare 

soil index was formulated as equation 2: 

BI= [(B5+B3)-(B4+B1)] / [(B5+B3) + (B4+B1)] x 100 

+100; 0 < BI <200   .......................................................(2) 

 

Where: 

BI = bare soil index 

B3 = band 3 of Landsat 5TM/Landsat 7ETM or band 4 
for Landsat 8 OLI
 

B4 = band 4 of Landsat 5TM/Landsat 7ETM or band 5 

for Landsat 8 OLI
 

B5 = band 5 of Landsat 5TM/Landsat 7ETM or band 6 for 

Landsat 8 OLI Shadow Index (SI) 

The Shadow Index (SI) is used to extract information 

regarding the forest structure and to test the shadow’s 

characteristics by using spectral information on the forest 

shadow and thermal information on the forest. The shadow 

index is obtained by the extraction of the low radiance of 

visible bands. The bare soil index was calculated as 

follows: 
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Figure 3. The map of forest canopy density in Birang Village and Merabu, Berau, East Kalimantan, Indonesia 
 
 

 

SI = [(256-B1) x (256-B2) x (256- B3)]1/3 ................ (3) 

 

Where: 

SI = shadow index 

B1 = band 1 of Landsat 5TM/Landsat 7ETM or band 2 

for Landsat 8 OLI
 

B2 = band 2 of Landsat 5TM/Landsat 7ETM or band 3 

for Landsat 8  OLI
 

B3 = band 3 of Landsat 5TM/Landsat 7ETM or band 4 

for Landsat 8  OLI
 

Thermal Index (TI) 

The low temperature in a forest is affected by two 

factors. The first is the effect of the height of canopy 

closure which blocks the sunlight. And the second is the 

evapotranspiration of leaf and ground surface which result 

in low temperature.  TI is obtained from calibrated value of 

thermal band information. 

The first step is converting Digital Number (DN) of 

Band 6 (Landsat TM/ETM, or Band 10/Band 11 of Landsat 

8 OLI) to radiance. After that, the radiance is converted to 

Brightness temperature. The formula used was calculated 
as follows: 

 

Lλ = ((LMAXλ-LMINλ)/(QCALMAX-QCALMIN))* 

(QCAL-QCALMIN)+ LMINλ ................................................... (4) 

 

Where: 

Lλ = the cell value as radiance 

QCAL = digital numberof thermal band 

LMINλ = spectral radiance scales to QCALMIN 

LMAXλ = spectral radiance scales to QCALMAX 

QCALMIN = the minimum quantized calibrated pixel 

value (typically = 1) 
QCALMAX = the maximum quantized calibrated pixel 

value (typically = 255) 

 

BT = K2 / ln[(K1/Lλ)+1] .......................................... (5) 

 

Where: 

BT = brightness Temperature (Kelvin) 

Lλ = the cell value as radiance (Watts/( m2*srad*μm)) 

K1 = constant (774.89) 

K2 = constant (1 321.08) 

 
C = T-273 ................................................................ (6) 

 

Where: 

C = temperature (oC) 

T = temperature (oK) 
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Tree stand density, basal area, and total carbon stock 

measurement  

The data obtained from the Landsat image was 

analyzed through ground-truthing. Tree circumference was 

measured at the breast height to calculate basal area and 

total carbon stock. The local community identified species 

according to local name, then the numbers of tree species 

were used to calculate the tree stand density. 

Plot sampling 

Selected plots were defined based on forest canopy 
density value resulting from the Forest Canopy Density 

mapper and using the following criteria: (i) area should 

represent agroforestry system; (ii) owned and tended by the 

local community; and (iii) accessibility. In total, there were 

five classes of FCD values. Furthermore, each class 

consisted of 6 plots (Figure 3), resulting in a total of 60 

plots in two villages. The plot size was 50m x 50m, in 

accordance with Huang et al. (2006) who utilized plots of 

50m x 50m with a resolution image between 20-30 meters. 

In our research, measurements were conducted for 2 levels 

of vegetation: trees with a ‘medium diameter’ (10cm ≤ D < 
20cm) and trees with a ‘large diameter’ (D ≥ 20 cm). 

Training the local community and species identification 

Training for members of the local community was 

conducted to establish the plots, measure the tree diameter 

and do tree tagging, as well as to measure the canopy 

profile. The trained local communities were typically the 

owners of the agroforest or the members of the local 

community who showed their willingness and interest to be 

involved in the carbon assessment program. All of the 

species in the plots were identified by botanists and 

community members. Furthermore, the community 
identified the species according to local names, whereas 

botanists identified species according to scientific names.   

Tree density, basal area and total carbon stock 

After receiving training, the community members 

calculated the number of medium and large diameters trees. 

The number of medium and large diameter trees were then 

used to calculate the density (N/ha). Additionally, the 

circumferences of both medium and large trees were 

measured at breast height (130 cm) and were then 

converted into a diameter-based value. The diameter value 

was further used to calculate the basal area (m2/ha) and the 

total carbon stock (Mg C/ha). In addition to tree diameter 
value, the wood density (g/cm3) of each species was used 

to calculate the carbon stock. 

Canopy profile measurement 

The canopy profile measurement was conducted by 

drawing a diagram of the canopy profile with a length and 

width of 50x50 m and measuring the canopy projection 

area on the ground. The necessary data for the canopy 

stratification included: Tree position in a row which was 

sequentially measured from the same direction and distance 

from the starting point of tree measurement. Thus, trees 

were observed in (i) Pre-defined lines. (ii) Total height and 

height of free branch trees. (iii) Projection of canopy on the 

ground (length and width of the canopy of each tree). 

The canopy profile was measured in 3 of the plots in 

each village, with a total of 6 plots being measured. 

Furthermore, these plots had to represent high, medium, 

and low tree density. Data were then obtained by 

measuring the canopy projection area on the ground.
 

The canopy stratification is classified based on the 

classification of canopy height according to Soerianegara 

(1996) as follows: (i) Stratum A consisting of trees with a 
height of > 30 m. (ii) Stratum B consisting of trees with a 

height of 20-30 m. (iii) Stratum C consisting of the trees 

with a height of 4-20 m. (iv) Stratum D consisting of the 

vegetations with a height of 1-4 m. (v) Stratum E 

consisting of the vegetations with a height of <1 m. 

Canopy closure calculation 

The canopy closure was calculated based on the canopy 

profile as seen from above. A scoring was then given to 

each of the canopy profiles, i.e., a score of 4 (100%) 

indicates a full closure, score 3 (75%), score 2 (50%), score 

1 (25%) and a score of 0 indicates no closure. The scores 
were then summed in each plot. The example is further 

elaborated as presented in Figure 4 according to the 

following equation: 

 

Ti = T1 + T2 +.....+ T100 ............................................. (7) 

 

Where: 

Ti = canopy closure 

Tn = scoring in each plot 

Data analysis 

The assumption of the classic test 
A regression model can be identified as being a good 

model when it is free from the problems of normality, 

heteroscedasticity, and autocorrelation (Rosadi 2011). For 

this research, only the normality and the heteroscedasticity 

tests were employed due to the lack of a time series 

observation required for the autocorrelation test. 

The normality test was performed at the 5% significance 

level using the Kolmogorov Smirnov test (K-S). The data 

was found to have a normal distribution if p-value ≥ 0.05. 

The data can be obtained via the K-S statistic test using the 

Minitab 15 software. 

One of the requirements for a regression analysis to be 
applied is that the data should not exhibit 

heteroscedasticity, i.e., the data must be homoscedastic. 

Heteroscedasticity occurs when there is a dissimilarity of 

residual variance between a variable of interest (FCD) and 

other variables (tree stand density, basal area and total 

carbon stock). Heteroscedasticity can be tested via a 

scatterplot test, or Glejser test, using the Minitab 15 

software. When the scatterplot appears as randomly 

distributed without any patterns, it is an indication that 

there is no heteroscedasticity present. The Glejser test 

hypothesis is as follows: 
 

If P-value < 0.05 indicates heteroscedasticity 

If P-value > 0.05 indicates no heteroscedasticity 
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Figure 4. Canopy closure scoring 

 

 
 

 

Linear regression model 

The regression analyzed in this research were between 

FCD and tree stand density, basal area and total carbon 

stock. The highest coefficient determination (R2) indicated 

that the model was a good fit for the data after meeting the 

necessary classic assumptions. Further, a simple linear 

regression is applied as follows (Walpole 1992): 

 

Y = a + bx (8) 

 
Where: 

Y  = dependent variable (stand density, basal area, 

and total carbon stock) 

a, b  = regression coefficient 

x  = independent variable (FCD value) 

Validation of linear regression model 

Validation of the model is intended to determine the 

deviation of the data. Approximately 30% of the data were 

used for validation, while the remaining 70% were used for 

the development of the regression model (Wibowo et al. 

2010). The accuracy value was calculated as follows: 
 

Accuracy = χ - µ  ................................................... (9) 

 

  µ 

Where: 

χ = average of the model estimation value 

µ = average of the actual value 

RESULTS AND DISCUSSION 

Forest Canopy Density (FCD) is one of the most 

important parameters to measure the planning and 

implementation of afforestation, reforestation and 

rehabilitation of logged-over areas. The FCD method is 

also useful for the MRV (Monitoring, Reporting, and 

Verification) implementation of the REDD+ scheme.
 

The relationships between forest canopy density, tree 

stand density, basal area and total carbon stock in 

agroforestry practices 
In this study, a total of 60 plots was established as 

ground-truthing sites to develop a prediction model of tree 

stand density using FCD. Based on the FCD analysis, there 

were 12 unaccounted plots (0 value) as there were cloud, 

cloud shadow and edge of the water which made the plots 

unusable. Based on the Minitab 15 analysis, there were 2 

outlier plots. Thus, a total of 46 plots consisting of 32 plots 

used for model development and 12 plots for model 

validation.
 

The relationships between FCD and tree stand density 

analysis was intended to indirectly estimate tree stand 
density in the field by developing a regression model 

between FCD as a predictor and tree density as a response. 

The regression model between FCD and tree density as 

shown in equation 10 had results of R2 = 37.7% (Figure 5) 

and r = 61.4% (Table 2). The tree stand density maps in 

Birang Village and Merabu Village are shown in Figure 6. 

 

Tree stand density (N/ha) = 26.6 + 3.72 FCD .......... (10) 

 

The regression model between the FCD and basal area 

is shown in equation 11 with R2 = 3.33% (Figure 7) and r = 
18.3% (Table 3). The basal area maps from Birang Village 

and Merabu Village are shown in Figure 8. Figure 9 shows 

the regression between tree stand density and total carbon 

stock in agroforestry practices. 

 

Basal area (m2/ha) = 10.2 + 0.0735 FCD ............... (11) 

Model performance 

The results of our study suggest that FCD model is 

better in estimating tree stand density than basal area 

(Table 2). The result of the classical assumption test 

showed that both models are normally distributed (Figure 

10). There was no heteroscedasticity in the tree stand 
density model, however, there was heteroscedasticity in the 

basal area model (Table 3). The validation test showed that 

the model estimation of tree stand density using FCD had 

higher reliability with 7.85% of error than basal area with 

14.63% of error (Table 4). 

The result of normality test showed that the total carbon 

stock predicted by FCD models were distributed normally 

(Figure 10). The total carbon stock model as estimated by 

the FCD in Birang Village and Merabu Village is shown in 

equation 16. Carbon stock map in Birang Village and 

Merabu Village are showed in Figure 11. 
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Total carbon stock (Mg C/ha) = 7.1 + 0.222 tree stand density  

............................................................................................  (12) 

 

Tree stand density (N/ha) = 26.6 + 3.72 FCD .................... (13) 

 

Total carbon stock (Mg C/ha) = 7.1 + (0.222 (26.6 + 3.72 FCD))  

....................................................................................... (14) 

Total carbon stock (Mg C/ha) = 7.1 +5.9052 + 0.82584 FCD  

......................................................................................... (15) 

 

Total carbon stock  (Mg C/ha) = 13.005 + 0.826 FCD  ..... (16) 

 

 

 
 
 
 

 
 
 
 

 
Figure 5. The relationship between FCD and tree stand density in 
agroforest at the study sites 

 

 
Figure 7. The relationship between FCD and basal area in 
agroforest at the study sites 

 

 

 

Figure 6. Tree stand density map in Birang Village and Merabu Village, Berau, East Kalimantan, Indonesia 
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Figure 8. Basal area map in Birang Village and Merabu Village, Berau, East Kalimantan, Indonesia 
 

 
 
Table 2. The prediction model for tree stand density, basal area and total carbon stock  
 

Dependent variables (Y) Independent variable (X) Model r (%) R2 (%) 

Tree stand density Forest canopy density Tree stand density (N/ha) = 26.6 + 3.72 FCD 61.4 37.7 
Basal area Forest canopy density Basal area (m2/ha) = 10.2 + 0.0735 FCD 18.3 3.3 

Total carbon stock Tree stand density Total carbon (Mg C/ha) = 7.1 + 0.222 tree density 27.3 27.7 

 

 

 
Table 3. The result of normality and heteroscedasticity test 

 

Model Normality test (K-S) Heteroscedasticity  

Tree stand density (N/ha) = 26.6 + 3.72 FCD p-val >0.150 (normal) 0.113 (no heteroscedasticity)a) 
Basal area (m2/ha) = 10.2 + 0.0735 FCD p-val >0.150 (normal) 0.047 (heteroscedasticity)a) 
Total carbon stock (Mg C/ha) = 7.1 + 0.222 tree density p-val = 0.121 no heteroscedasticityb) 

Note: a) Glejser test; b) scatterplot test 

 
 

 
Table 4. The validation test of the prediction model for tree stand density, basal area and carbon stock 
 

Dependent variables (Y) Independent variable (X) Model Reliability (%) 

Tree stand density Forest canopy density Tree stand density (N/ha) = 26.6 + 3.72 FCD 7.85 
Basal area Forest canopy density Basal area (m2/ha) = 10.2 + 0.0735 FCD 14.63 

Total carbon stock Tree stand density Total carbon stock (Mg C/ha) = 7.1 + 0.222 tree density 25.8 
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Figure 10. The normality test for total individuals per ha (A), basal area (B), tree stand density (C), and scatterplot distribution as a 
heteroscedasticity test (D) 
 
 

 

 
 

Figure 9. The relationship between tree stand density and total 
carbon stock in agroforest at the study sites 
 
 

The relationship between tree architecture profile and 

carbon stock 

Six plots were used to measure canopy profile. Based 

on the FCD analysis, there was one plot removed due to 

cloud shadow, resulting in five plots being analyzed the 

relationship between FCD and tree density (Figure 12.A). 

However, the six plots were used to analyze the 

relationship between carbon and canopy closure (Figure 

12.B). 

The total number of tree individuals in plot 2.6 in 

Birang Village was the lowest among all plots (Table 5). In 

this plot, the tree stands dominated at the C stratum with 
height between 4 and 20 m and was located at 10 m from 

the central point of the established plot. The stand density 

was rarely dense when it was seen horizontally and 

vertically (Figure 13a). According to the Department of 

Forestry (1992), there are three density classes: 1) Dense, if 

the canopy covers >70%, 2) Moderately dense, if the 

canopy covers 40-70%, 3) Rarely dense, if there the canopy 

covers <40%. In plot 2.6 in Birang Village, the FCD value 

was 32% and tree density was 100 N/ha. 

Plot 05 in Merabu Village had the highest number of 

individuals among all plots. In this plot, the tree stands 
were distributed across stratum A to D with dominantly 

were found at stratum C (4-20m). The tree stands were 

located at 10 m and 50 m from the central point of the 

established plot. The tree stand density was highly dense, 

when it was seen both horizontally and vertically (Figure 

14.C).

 



HARTOYO et al. – Carbon stock assessment 

 

2671 

 
 
Figure 11. Carbon stock map in Birang Village and Merabu Village, Berau, East Kalimantan, Indonesia 

 
 

 
 

A B 
 
Figure 12. The regression model between: A. Tree density (N/plot) and FCD (%); B. Canopy closure (%) and carbon (Mg/ha)  

 
Table 5. The summary of canopy profile based on stratification class (Soerianegara 1996) in regard to the number of individuals, FCD, 
canopy closure and tree density  
 

Locations 

Number of individuals in 

the stratum 
FCD 

(%) 

Density 

(N/ha) 

Canopy closure 

(%) 

Carbon stock (Mg 

C/ha) 
A B C D 

Birang Village plot 2.6 6 2 17 0 32 100 11.75 52.81 
Birang Village plot 10 0 0 59 2 82 236 30.25 82.30 
Birang Village plot 30 0 7 111 0 88 460 46.25 179.59 
Merabu Village plot 29 2 6 22 0 0 116 27.75 66.40 

Merabu Village plot 12 0 2 54 0 67 304 29.00 112.61 
Merabu Village plot 05 1 6 132 4 84 532 47.50 49.86 

r = 0.404 
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Figure 13. The profile of the forest architecture profile in Birang Village, Berau, East Kalimantan, Indonesia: A. Plot 2.6, B. Plot 10, C. Plot 30 
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Figure 14. The profile of the forest architecture profile in Merabu Village, Berau, East Kalimantan, Indonesia: A. Plot 29, B. Plot 12, C. Plot 05 
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Discussion 

FCD mapping uses forest canopy density parameter as 

an important parameter when characterizing forest 

vegetation condition. FCD data can be employed to 

indicate the degrees of forest degradation as well as 

vegetation condition as a result of rehabilitation (Rikimaru 

and Miyatake 2002). FCD classifications range between 0-

100% and show the percentage of vegetation canopy 

density in a stand (Joshi et al. 2006; Khairiah et al. 2016). 

Our study showed that the classification of FCD in Birang 

Village and Merabu Village villages ranged between 0-
99%, and can be classified into 5 classes which varied 

among villages. The FCD classes in Birang Village were 

very low (0-16%), low (16-38%), moderate (38-61%), high 

(61-83%) and very high (83-99%). The FCD classes in 

Merabu Village were very low (0-24%), low (24-56%), 

moderate (56-71%), high (71-83%) and very high (83-

99%). These classes were obtained from four indices, 

namely advance vegetation index (AVI), bare soil index 

(BI), shadow index (SI) and thermal index (TI). These four 

indices were used to calculate the canopy density for each 

pixel (in percentage). The advanced vegetation index (AVI) 

influences the vegetation quantity in comparison to the 
NDVI. The shadow index (SI) will increase along with the 

increase in forest density, while the thermal index (TI) will 

increase when the vegetation quantity decreases. The bare 

soil index will increase when the bare soil openness 

degrees of ground increases (Joshi et al. 2005). 

The relationship between forest canopy density, tree stand 

density, basal area and total carbon stock in agroforestry 

practices 

Our results indicate that the relationship between FCD 

and tree stand density was moderate with an r value closer 

to 1 (Figure 5, Table 2). This result was in accordance with 
the report of Wu and Strahler (1994) that tree stand density 

estimation could be conducted by using remote sensing 

including FCD. Furthermore, the FCD value had a strong 

correlation with the tree stand density (Muhammad et al. 

2014; Tohir et al. 2014). These findings suggest that in 

agroforestry landscape, FCD can be an alternative way to 

estimate tree stand density in the field, although the 

accuracy still needs to be improved.  

Individually, basal area correlates with tree volume, 

biomass as well as the width of tree canopy. In this 

research, basal area was measured by the trained members 
of local communities. The R2 value showed that predictor 

variable (FCD) affected 3.36% of basal area. The 

relationship between FCD and the basal area was low with 

an r value far from 1 (Figure 7, Table 2). This result might 

be due to several factors. Firstly, the difference between the 

time of imageries captured and the time of field 

measurement. The imageries were captured from 

Earthexplorer.usgs.gov in 2014, while the field data were 

collected throughout 2016 and 2017. It was not possible to 

clearly capture the imageries in 2015 due to the forest fire 

catastrophe in Indonesia as the smoke covered the research 

sites. In 2016, there was damage in the thermal sensor of 
the satellite. As the data were first collected in 2014, it was 

possible that vegetations were growing, or otherwise, land 

clearing and forest conversion occurred during the time 

gap. Secondly, although FCD allows for the calculation of 

vegetation index, thermal index, shadow index, and bare 

soil index, but it still has limitations. For example, it could 

not very well capture in multilayers canopy such as in 

agroforestry landscape.
 

In this study, there was a correlation between tree stand 

density and FCD (r = 61.4%). The FCD was able to predict 

tree stand density with an R2 of 37.7%. In the previous 

study, the correlation between total carbon stock with tree 

stand density was 27.3% (p-val<0.1). These findings imply 
that it is possible to predict total carbon stock using FCD 

value.  

Model implications 

The results of this study suggest that prediction model 

using FCD can be used as a new method to estimate tree 

stand density in agroforestry landscape. This research 

resulted in a total carbon stock that differs significantly 

(p<0.1) depending on total individuals per ha or tree stand 

density and the correlation was 27.3% (Table 2). This 

study, however, resulted in the correlation between the 

FCD and the tree density of 61.4%, implying that we could 

use the regression model to estimate total carbon stock 
using FCD value.
 

There was no heteroscedasticity found in term of tree 

stand density. The validation test indicated that the model 

estimation of total carbon stock obtained by using FCD had 

reliability of 25.8% (Table 4). Based on the total carbon 

stock model resulted, the FCD predicted total carbon by 

using the total carbon model (Mg C/ha) = 13.005 + 0.826 

FCD. We found a higher FCD in this study, indicating a 

higher total carbon stock in these agroforestry lands. The 

correlation between carbon stock and canopy density has 

been reported by Xu L et al. (2018) that the importance 
factors for estimating carbon stock decreased respectively: 

canopy density (76.39%), average age (47.25%), litter 

thickness (21.93%), forest type (19.52%), altitude 

(18.95%), land use type (16.67%), age group (15.46%), 

vegetation coverage (14.83%). This means that canopy 

density is the most determinant factor than the other factors 

for estimating carbon stocks.  

The relationship between tree architecture profile and 

carbon stock 

We found that the number of individuals increased 

along with the increasing value of FCD, except for plot 29 
in Merabu Village. A higher individual number also means 

a higher FCD value and higher density. The coefficient 

correlation (r) between FCD and tree density was 80.8% 

(Figure 12a). The coefficient correlation (r) between 

canopy closure and carbon stock was 40.4% (Figure 12b). 

These findings suggest that in carbon monitoring activities, 

we can estimate carbon stocks using canopy closure 

measurement in which a denser canopy closure reflects a 

higher carbon stock. 

In conclusion, we showed that the FCD can be used as a 

new method to estimate tree density and total carbon stock 

cheaply, efficiently and accurately in an effort to support 
carbon stock assessment in agroforestry practices. In 
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assessment and monitoring activities, carbon stock can also 

be estimated using canopy closure measurement. 
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