
J. Environ. Res. Develop. 
Journal of Environmental Research And Development          Vol. 8 No. 3A, January-March 2014 

777 
 

BIOMASS AND CARBON STOCK ESTIMATION USING 
HIGH SPATIAL RESOLUTION SATELLITE DATA 

Yali Glen and Samanta Sailesh * 

Department of Surveying and Land Studies, PNG University of Technology, Morobe,  
Lae  (PAPUA NEW GUINEA) 

  

Received November 25, 2013                                                    Accepted February 20, 2014 

ABSTRACT 

Remote Sensing (RS) and Geographic Information Systems (GIS) are the powerful tools in land use/ 
land cover mapping, environmental and climatological modeling. This study proposes an empirical 
methodology to prepare digital data set of land use/land cover, biomass and  carbon stock estimation 
using RS and GIS techniques. The study area is the PNG University of Technology campus 
(UNITECH) in the Lae city under Morobe province of Papua New Guinea. The common methods of 
satellite image classification are supervised and unsupervised classification algorithms. These 
classification methods are faster than traditional image interpretation method. Object based 
classification algorithms are more powerful than the conventional classification algorithms because 
they involve classification of the entire object (shape and texture) rather than pixel-by-pixel basis. 
Quickbird satellite image (2.4 m multispectral and 0.6 m panchromatic) is used for this purpose. 
Erdas Imagine 11, eCognition Developer 8.64 and ArcGIS 10.1 software are used to extract land 
use/land cover information from the high resolution data. Better and more accurate result is achieved 
in the object based approach compared to supervised classification. Land use/land cover data is used 
as an input along with average height, diameter and wood specific gravity for each class to calculate 
biomass of the area. Finally carbon stock values were assigned to the different land cover classes 
based on calculated of biomass or carbon stocks in different land use/ land cover types. 

Key Words : Remote sensing, Land use/land cover, Biomass, Carbon stock, Geographic 
Information Systems (GIS) 

 
INTRODUCTION 

Significant developments in the remote sensing 
technology especially in terms of spatial 
resolution have resulted in a high demand for 
very large-scale maps for various civilian 
applications like urban or village level land use, 
cadastral survey, infrastructure and micro level 
development, utility maps, watershed 
management as well as thematic map generation. 
The spatial resolution of remotely sensed data 
has improved in a geometric proportion from 30 
m (1984) to better than one meter (2008) 
corresponding to Landsat5-TM, QuickBird 
respectively. Methods of multispectral satellite 
image classification, founded on supervised and 
unsupervised classification algorithms work on 
pixel by pixel segmentation. The presumption of 
such traditional   classification  methods  have  
been  proved  true  in  the  case  of low resolution  

satellite image1, whereas it is more elaborate task 
when working with high resolution satellite 
image. Segmentation and classification of high 
resolution imagery is a rather challenging 
problem owing to inherent data noise that 
eventually renders it hardly meaningful to carry 
out this task on a pixel-by-pixel basis. Objects 
are created in the segmentation process, when the 
satellite image is subdivided into different groups 
of pixels which have similar local contrast value. 
The actual classification process is carried out 
relatively quickly, because the elements are 
analyzed as whole objects, not as individual 
pixel. In pixel-in-polygon analysis, pixel 
information is already linked to a spatial database 
built up in a digitizing session.  
Land-use change, primarily through tropical 
forest loss and degradation, is estimated to 
contribute between 6–17% of all anthropogenic 
greenhouse gas emissions.2 The maintenance   
and   enhancement   of   natural carbon stocks are  *Author for correspondence 
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therefore considered key climate change 
mitigation measures, especially through the 
developing mechanism on reducing emissions 
from deforestation and forest degradation, forest 
conservation, sustainable management of forests 
and enhancement of forest carbon stocks 
(REDD+). This report presents results from an 
initial effort to produce such analyses for Papua 
New Guinea University of Technology 
(PNGUNITECH) campus. It includes new data 
on the distribution of terrestrial carbon stocks in 
PNGUNITECH and analyses of its relation to 
areas of importance for biodiversity and other 
land management units. 

MATERIAL AND METHODS 
Study area and data used 
The study area is Papua New Guinea University 
of   Technology  campus  under  Lae   city,  lying  

approximately between 6° 39′ 27″ S and 6° 40′ 
54″ S latitudes; 146° 59′ 18″ E and 147° 00′ 19″ 
E longitudes covering approximately 2.25 sq 
km area. For this study, high-resolution satellite 
imagery has been used as primary input data. 
Multispectral and panchromatic image of 
QuickBird satellite are selected for this study. 
Multispectral image has four spectral bands: 
0.45-0.52 µm (blue), 0.52-0.60 µm (green), 
0.63-0.69 µm (red) and 0.76-0.90 µm (near-IR) 
with the spatial resolution of 2.4 m. 
Panchromatic (0.45-0.90 µm) image with the 
spatial resolution of 0.6 m is used for vector 
based thematic mapping. Topographical maps 
and Differential Global Positioning System 
(DGPS) are used as reference input data for 
generation of geo-referenced product. All other 
details of different data are presented herewith 
in the Table 1. 

Table 1 : Data used for the study 

S/N Satellite image Resolution/scale Year Source 
1 Quick Bird (Panchromatic) 0.6 m 2010 Department of Surveying 

and Land studies Papua 
New Guinea University of 
Technology 

2 Quick Bird (Natural color) 0.6 m 2010 
3 Quick Bird (Multispectral) 2.4 m 2010 
4 Topographical map 1:25000 1976 
5 Cadastral map of campus 1:5000 1980 

Different land use/land cover classes are easily 
interpreted from the QuickBird image. They are 
agriculture plots, plantations, natural vegetation, 
roads, individual buildings and residences, other 
built-up areas, sewage, expansive green areas 
(grass cover lawns), play grounds and open shrub 
areas. These classes may be further categorized 
into land cover types through image 
segmentation.3 Varied well-known classification 
algorithms are considered, several of which are 
selected for this investigation. An overview of 
these methods is as follows. 
Pixel-by-pixel classification 
A spectral-based algorithm utilizes spectral 
pattern value combinations associated with 
different feature types, each assigned a unique 
Digital Number (DN), evaluating spectral 
reflectance and remittance values present within 
each pixel to find meaningful patterns.                
A pixel’s class is determined from the image 
data’s overall DN value. Both unsupervised and 
supervised approaches are applied to the 
QuickBird  data   based  on  spectral or  pixel-by- 

pixel based schemes.4 Three major unsupervised 
classification methods generally used are           
k-means, fuzzy c means and isodata techniques. 
Spectral separation is achieved based on 
distance-to-mean process in k-means method. 
‘Fuzzy c means’ method is similar to ‘k-means’ 
except the former incorporates fuzzy logic in 
later processing. Pixels are iteratively classified 
using a minimum spectral distance formula in the 
isodata method.5  Supervised algorithms rely on 
user-defined training sets defined by Area of 
Interest (AOI) within the image area whose class 
membership is known beforehand.  Several 
significant methods of supervised classification 
include maximum likelihood, minimum distance 
and mahalanobis distance algorithm.  Maximum 
likelihood approach assumes that statistics     for   
each    class   in   each  band  are normally 
distributed. Probabilities that a given pixel 
belongs to an arbitrary class (Gaussian value 
distribution) are computed and the pixel is 
assigned to the most likely of these within           
a  probability  threshold,  if  specified.  Minimum  
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distance approach use the mean vectors of each 
AOI, euclidean distance from each unknown 
pixel to the mean vector for a class is computed.  
Mahalanobis distance method is a direction-
sensitive distance classifier that retains unique 
statistics for each class. At first ground truth data 
for road networks and GCPs collected by DGPS 
are used to rectify the QuickBird panchromatic 
imagery. Secondly QuickBird multispectral 
image is rectified with reference of the 
panchromatic imagery. To prepare the land 
use/land cover data base from QuickBird 
imagery both the spectral-based classification 
procedures are examined as part of this 
investigation in the Erdas Imagine software 
environment.  We initially conducted an 
unsupervised classification for 50 classes, using 
the isodata statistical clustering procedure. These 
classes are thereafter combined to get a set of 
desired class categories. Using knowledge gained 
from the unsupervised classification, signature 
sets are generated for different classes to conduct 
a supervised maximum likelihood classification.  
Object based classification 
The classification and analysis of Earth 
observation data has evolved predominantly 
from per-pixel multispectral based approaches. 
The shortcomings of the latter especially in 
dealing with the very fine spatial resolution data 
has  led  to  the  development  and  application of  

multi scale object-based methods. Object-based 
image analysis subdivides the image into mean-
ingful homogeneous regions not only based on 
spectral properties but also on shape, texture, size 
and other topological features and organize them 
hierarchically as image objects. The segmenta-
tion procedure (extraction of the image objects) 
is controlled by the user-specified scale (size) or 
resolution of the expected objects. Object-based 
approaches have been successful for land-use 
and land-cover classification.6 Definiens’ 
eCognition developer is used to evaluate object-
based classification. eCognition has two main 
types of classifiers, one involving a membership 
function and the other a nearest neighbor 
approach. Object-based segmentation involves 
three methods viz. class-based fusion of image 
objects, image object extraction and border 
optimization.1 The segmentation of the color 
images is obtained using multi-resolution 
transformation process to segregate into homo-
genous regions. Nearest neighborhood classifica-
tion technique is finally applied into these 
homogenous regions taking cognizance of the 
shape, texture and spectral properties of the 
regions. 
Biomass estimation 
Over the last 20 year Papua New Guinea Forest 
Research Institute (PNGFRI) has established and 
measured over 135 Permanent Sample Plots  
(PSPs) across Papua New Guinea (Fig. 1).  

 

 

 

 

 

 

 

 

Fig. 1 : Location of PSPs (black points) in relation to the provincial boundaries of PNG 

Plots are 1 ha in size and trees are recorded in 25 
sub-plots of 20 x 20 m. In the first measurement 
the location, quadrat, diameter, height and crown 

characteristics are recorded for all trees. In 
subsequent measurements only the diameter and 
status of trees are recorded.7,8  
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Wood density 
Wood density information is required to generate 
Above Ground Biomass (AGB) estimates for all 
trees on PSPs and is available for many PNG 
timber species. Available wood specific gravity 
(density at 0% moisture content) information was 
combined with the compilation for Asian rain 
forest. The range of wood densities is apparent, 
Cananga odorata had a density of 0.275 g/cm3 
while Diospyros ferrea had a density of 0.98 
g/cm3. Wood density for the 50 most common 
species on PSPs are measured and published by 
PNGFRI. 
Estimation of Above Ground Living Biomass 
(AGLB) 
There has been much recent work on the 
development of allometric equations for 
estimating biomass for tropical forests from tree 
inventory information. In an extensive study of 
allometric models for tropical forests,9,10 found 
the most important predictors of AGB were 
diameter, wood specific gravity and total height. 
The model has been developed for wet tropical 
forests that we used to estimate AGLB for 
PNGUNITECH. The equation is as bellow : 

                    (1) 
where Di is the diameter in centimetres, Hi is the 
total height in meters and ρi is the wood specific 
gravity in grams per cubic centimetre for tree i, 
AGLBi = above ground living biomass in mg/ha 
 

Carbon estimation 
The C content of biomass is reported assuming 
that dry biomass is 50% C.11-15 We then 
computed Cjd, the carbon stock of plot j at date d 
and applied a multiplier (1.1) to estimate the 
contribution of stems. The equation is as bellow : 

                                 (2)  

RESULTS AND DISCUSSION 
Land use / land cover 
The analysis of the satellite image is started by 
conducting a traditional spectral based 
classification. Different ground cover type and 
land use classes are generated using 
unsupervised and supervised classification. They 
are vegetation cover (natural and plantation), 
agriculture field, road networks/built-up, 
settlements, sewage, grass cover field and open 
shrubs (Fig. 2). 
Classification statistics table is produces based 
on the classification output. To generate classif-
ication accuracy, we used 50 ground truth points 
collected by GPS from the campus. Existing land 
information system of UNITECH is used as the 
reference statistics to find the accuracy of the 
classification  approach. Finally accuracy and 
error statistics are computed for each land use 
/land cover class. Table 2 is showing land use 
/land cover statistics and accuracy for each 
category of land use/land cover. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 2 : Spectral based (supervised) classification of the QuickBird image 
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Table 2 : Land use/land cover statistics and classification accuracy of PNGUNITECH area 

S/N Land use/land cover Area in hectares % of accuracy 
1 Vegetation 57.63 86.13 
2 Plantation 12.30 86.13 
3 Grass cover land 96.44 86.44 
4 Shrub land 28.24 84.64 
5 Settlements and buildings 10.64 85.33 
6 Road and other built-up area 10.35 68.69 
7 Agriculture field 8.23 89.44 
8 Sewage 1.68 94.60 

Total area in hectares 225.50 Overall accuracy: 85.04 

Biomass and carbon 
Above ground living biomass and carbon stock 
values are calculated  in 17 different site in Yalu-
Community forest (Fig. 3) after combining all 
information from several sources using equation  

1 and 2. The highest biomass and carbon density 
is found at Plot-17, which is 152.8 tonnes/ha and 
305.7 tones/ha and lowest density is found at 
Plot-8, which is 56.0 tonnes/ha and 111.9 
tonnes/ha respectively.  

 
Fig 3 : Estimated biomass and carbon at Yalu-community forest area 

Spectral signature Vs estimated biomass/ 
carbon 
Eight spectral bands of LANDSAT 7 ETM+ 
satellite images are used to find out the spectral 
signature (Table 3 and Fig. 4) of each plots, 
where tree biomass and carbon are calculated. 

We found a relationship between reflectance 
signature (DN values of a pixel) and calculated 
biomass/carbon after comparing all those 
measurements in 17 plots. It has been founded 
that near-infrared band of  LANDSAT 7 ETM+ 
satellite images to be a good predictor of above 

Yalu – Community 
Forest Area 
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ground living biomass (r = -0.19) and carbon 
stock (r = -0.33) as shown in Table 4. There are 
major eleven different species of vegetation are 
identified in PNGUNITECH. From following 

traditional equation (Table 5) we calculated 
above ground living biomass and carbon stock 
using all parameters that are mandatory input on 
the model. 

Table 3 : Spectral reflectance vales against each category of estimated biomass and carbon 

Biomass (t/ha) < 160 160-200 200-240 240-280 > 280 
Carbon (t/ha) <  80 80-100 100-120 120-140 > 140 
 
 
 

LANDSAT 
ETM+ 

BANDS 

B-1 (B) 73 71 71 75 68 
B-2 (G) 62 58 55 57 51 
B-3 (R) 42 41 37 40 35 
B-4 (NIR) 119 111 101 95 90 
B-5 (MIR) 92 74 70 67 62 
B-6 (TIR-1) 132 131 131 131 130 
B-7 (TIR-2) 151 150 150 149 148 
B-8 (MIR-2) 38 33 29 28 28 

 

 
Fig. 4 : Spectral reflectance curve against each category of estimated biomass and carbon 

Table 4 : The relationship between NIR band value and calculated biomass and carbon 

NIR band 
values 

Carbon 
(tonns/ha) r (Regression) Biomass(tonns/ha) r (Regression) 

119 73.03 -0.191 
 

Where, 
X-Carbon 

Y-NIR Band 

146.07 -0.382 
 

Where, 
X-Biomass 

Y-NIR Band 

111 97.09 194.18 
101 114.06 228.13 
95 130.28 260.56 
90 152.83 305.66 
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Table 5 : Estimated biomass and  carbon stock for different species in PNGUNITECH 

Tree 
species 

Sample D 
(cm) 

H 
 (m) 

ρ  
(g/cm³) 

Biomass 
 (kg) 

Carbon 
 (Kg) 

Avg.  
Biomass  

(kg) 

Avg. 
Carbon 

(Kg) 
Raintree 
(Samanea 
saman) 
 
 

1 48.7 29.13 0.455 1308.95 719.92 

1078.85 593.37 
2 42.4 30.16 0.455 1044.07 574.24 
3 43.7 30.7 0.455 1121.54 616.85 
4 48.4 23.05 0.455 1038.69 571.28 
5 37.4 32.4 0.455 881.00 484.55 

Oil Palm 
(Elaeis 
guineensis) 
 
 
 

1 15.7 10.29 0.41 53.24 29.28 

52.98 29.14 

2 15.7 10.92 0.41 56.30 30.97 
3 14.5 11.6 0.41 50.94 28.02 
4 14.5 10.6 0.41 46.81 25.74 
5 16 11.26 0.41 60.15 33.08 
6 14.8 10.99 0.41 50.42 27.73 

Cocoa 
(Theobroma 
cacao) 
 
 
 

1 1.9 4.12 0.42 0.43 0.24 

0.87 0.48 

2 1.3 3.94 0.42 0.19 0.11 
3 3.5 6.54 0.42 2.06 1.14 
4 3.1 6.37 0.42 1.68 0.93 
5 1.6 4.82 0.42 0.35 0.19 
6 1.9 4.87 0.42 0.50 0.28 

Rubber 
(Hevea 
brasiliensis) 
 
 
 
 

1 12.6 18.92 0.54 80.38 44.21 

79.33 43.63 

2 12.9 23.24 0.54 102.15 56.18 
3 9.4 22.1 0.54 54.16 29.79 
4 11.6 23.04 0.54 83.54 45.95 
5 9.4 25.16 0.54 61.18 33.65 
6 11.9 24.93 0.54 94.59 52.03 

White 
magnolia 
(Gmelina 
Aborea) 
 

1 28 28.66 0.43 431.18 237.15 

372.61 204.94 
2 27 23.25 0.43 332.09 182.65 
3 33.9 19.39 0.43 429.66 236.31 
4 26.7 20.08 0.43 283.06 155.68 
5 30.5 21.51 0.43 387.06 212.88 

Giant 
Laulau 
(Syzygium 
malaccense) 

1 12.9 15.88 0.87 111.81 61.50 

130.96 72.03 
2 15.1 18.92 0.87 177.29 97.51 
3 13.2 13.95 0.87 103.58 56.97 
4 14.1 14.4 0.87 121.49 66.82 
5 13.8 17.6 0.87 140.65 77.36 

Mon 
(Draconta
melon dao) 
 
 

1 25.1 22.1 0.52 330.44 181.74 

506.40 278.52 
2 20.1 21.23 0.52 209.17 115.04 
3 28 18.92 0.52 348.91 191.90 
4 36.1 29.31 0.52 852.42 468.83 
5 32 34.41 0.52 791.04 435.07 

Mango 
(Mangifera 
indica) 
 
 

1 23.9 18.74 0.555 273.20 150.26 

503.73 277.05 
2 23.9 23.16 0.555 333.37 183.35 
3 26.4 22.72 0.555 395.19 217.36 
4 38 23.25 0.555 802.07 441.14 
5 36.4 22.38 0.555 714.81 393.15 

Talis 1 21.4 37.3 0.657 496.07 272.84 847.77 466.27 
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(Terminalia 
subspathula
ta) 
 
 

2 28 40.1 0.657 880.70 484.38 
3 22.9 34.78 0.657 530.78 291.93 
4 32 33.6 0.657 963.70 530.04 

5 36.4 37.7 0.657 1367.60 752.18 

Hoop pine 
(Araucaria 
cunningha
mii) 
 
 

1 17.6 36.94 0.505 266.46 146.56 

251.08 138.09 

2 16 35.29 0.505 214.10 117.76 
3 20.1 33.77 0.505 314.80 173.14 
4 16 38.73 0.505 233.67 128.52 

5 16.7 34.67 0.505 226.36 124.50 

Klinky pine 
(Araucaria 
hunsteinii) 
 
 

1 20.7 35.29 0.45 311.93 171.56 

315.68 173.62 
2 25.1 38.73 0.45 488.76 268.82 
3 20.4 40.68 0.45 346.43 190.54 
4 19.5 33.77 0.45 266.10 146.35 
5 14.5 36.94 0.45 165.18 90.85 

CONCLUSION 
Classification of high resolution satellite images 
using standard per-pixel approach is difficult 
because of existence of lots of data noise in the 
high volume of data, i.e.  high spatial variability 
within similar objects arising from the geometry / 
orientation of the object vis-à-vis sun angle, 
varied proportion of the soil background etc. One 
way to deal with this problem is to reduce the 
image complexity by dividing it into 
homogenous segments prior to classification. 
LANDSAT ETM+ 4th band, Near-Infrared band 
is very useful to identify different categories of 
vegetation. This study proves there is also a 
relationship between the reflectance value of 
Near-Infrared  band and traditionally estimated 
biomass and carbon stock. 
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