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Forest ecosystems are among the largest terrestrial carbon reservoirs on our planet earth 
thus playing a vital role in global carbon cycle. Presently, remote sensing techniques 
provide proper estimates of forest biomass and quantify carbon stocks. The present study 
has explored Landsat-8 sensor product and evaluated its application in biomass mapping 
and estimation. The specific objectives were estimation of above ground biomass and 
carbon stocks using field data, assessing relationships of Landsat-8 spectral indices and 
field data and  modeling of biomass and carbon stocks based on best linear regression 
model. Results showed that the highest aboveground biomass and below ground biomass 
was recorded as 246 t/ha and 64 t/ha whereas the lowest aboveground biomass and 
below ground biomass was 55 t/ha and 14 t/ha, respectively. Similarly, the highest above 
ground carbon and below ground carbon (t/ha) were 116 t/ha and 30 t/ha respectively 
while the lowest above ground carbon and below ground carbon (t/ha) were estimated as 
26 t/ha and 6.7 t/ha respectively. Indices computed from Landsat-8 included normalized 
difference vegetation index, difference vegetation index, soil adjusted vegetation index, 
perpendicular vegetation index and atmospherically resistant vegetation index. Regarding 
relationship between aboveground biomass and vegetation indices, the coefficient of 
correlation (R2) were 0.67, 0.68, 0.65, 0.58 and 0.23 for normalized difference vegetation 
index, soil adjusted vegetation index, Perpendicular vegetation index, difference 
vegetation index and atmospherically resistant vegetation index respectively. The 
stepwise correlation between aboveground biomass (dependent variable) and five indices 
(Normalized difference vegetation index; soil adjusted vegetation index; Perpendicular 
vegetation index; difference vegetation index; atmospherically resistant vegetation 
index). Among five vegetation indices, only soil adjusted vegetation index was selected in 
stepwise method, satisfying the criteria and the overall model R2 was 0.63 and its adjusted 
R2 was 0.60. Simple linear regression model between aboveground biomass and single 
predictor index was better than stepwise regression model with (R2= 0.68) and (Root 
mean square error = 33.75 t/ha). Thus, soil adjusted vegetation index was considered 
best for biomass mapping. The study concluded that Landsat-8 product has considerable 
potential for biomass and carbon stocks estimation and can be expanded to national and 
regional forest inventories, modeling and future reducing emission from deforestation 
and forest degradation+ implementation.
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INTRODUCTION

The phenomenon of increasing atmospheric carbon 
dioxide and its drastic impacts on climatic patterns is 
widely recognized (Streck and Scholz, 2006). Climate 

change and rise in concentration of greenhouse gases 
are not only limited to industrialization and rapid 
economic development, but Forests also substantially 
contribute to this global climate change. Forests act 
as carbon stockpile and influence climatic patterns 
(Denman et al., 2007). Forest ecosystems are among 
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the largest terrestrial carbon reservoirs on our planet 
earth thus playing a vital role in global carbon cycle 
(Ni, 2014; Pravalie, 2018). Deforestation and forest 
degradation increase carbon dioxide concentration 
in the atmosphere which acts as major greenhouse 
gases (Tian et al., 2016) while forest tree growth 
absorbs the carbon dioxide through photosynthesis 
(Bellassen et al., 2014; Fares et al., 2017). Forests 
all over the world are under severe influence of 
deforestation and forest degradation due to various 
anthropogenic causes. As global level forests holds 
the largest stock of terrestrial carbon that is stored in 
living trees. Reforestation and afforestation activities 
will enhance the carbon stock to mitigate the adverse 
impacts of climate change. Prentice et al. (2000) 
worked on the greenhouse gases (GHG) increased 
by anthropogenic activities and found that carbon 
dioxide (CO2) is the most drastic agent causing climate 
change. Forest plantation act as carbon sink by storing 
carbon through photosynthesis. Reducing emissions 
from deforestation and forest degradation (REDD+) is 
an initiative to reduce the deforestation and carbon 
emission from forest ecosystems in developing 
countries. REDD+ implementation requires proper 
estimates of forest biomass and quantifying carbon 
stocks so that we can arrive at conclusion whether 
the forest act as sink or source. A forest is a source 
when emissions exceeds sequestration and is a sink 
when carbon absorbed is greater than emitted. Forest 
biomass can be estimated through different methods 
using destructive or non- destructive sampling (Gibbs 
et al., 2007). The destructive method is limited to 
small areas because it is expensive and harvesting 
of all trees is not possible for large areas, however, 
it can be used for developing biomass equation 
for large forest areas (Segura et al., 2005; Navar 
2009). Non-destructive sampling methods involves 
various forest attributes measurements and biomass 
assessment through different allometric equations 
(Ismail et al., 2018). Allometric equations are used 
to assess the above and below ground biomass 
and carbon stocks of forest (Ryan et al., 2011). The 
forest carbon measurement and monitoring system 
include the traditional forest inventories to estimate 
biomass and changes in stocks which has many 
limitations. Currently, remote sensing is the most 
important part of these monitoring systems and act 
as major decision support tool for forest managers. 
The remote sensing technologies have minimized 

the problems and constraints associated with field 
data collection to a large extent.  Landsat-8 is a 
multispectral imagery with medium spatial resolution 
which is one of the most suitable open source sensors 
for extracting land cover and forestry application.  
Landsat-8 has fine spectral resolution, high resolution 
(15 meters) in panchromatic band, 30 meters in 
multispectral imagery and radiometric resolution of 
12bits (Lazaridou and Karagianni, 2016). Gasparri et 
al., (2010) and Hansen et al., (2013) reported that 
Landsat are widely for forest mapping, monitoring and 
biomass assessment at global, regional and local scales. 
Gizachew et al., (2013) reported that applications of 
Landsat satellite products are boundless and is used 
most extensively for biomass and vegetation analysis 
due to its free data availability, spatial coverage and 
high temporal resolution. Many previous researches 
have used Landsat product for biomass estimation 
through developing relationships between field 
data and different vegetation indices (Nelson et al., 
2000; Foody et al., 2003; Lu 2005). Many researchers 
worked on Landsat data and explore the behavior of 
various spectral indices such as Normalized Difference 
Vegetation Index (NDVI), Enhanced Vegetation Index 
(EVI), Soil Adjusted Vegetation Index (SAVI) and 
Modified Soil Adjusted Vegetation Index (MSAVI) 
(Carreiras et al., 2006; Gizachew et al., 2013; Zhu and 
Liu, 2015). Ali et al., (2018) have used Landsat-8 and 
Sentinel-2 products for quantifying above ground 
biomass in Sub-tropical Scrub forest in Pakistan. The 
study has explored different vegetation indices (NDVI, 
SAVI, MASVI) and ground based biomass estimation. 
The NDVI was considered best spectral index 
comparatively and was biomass modeling. The present 
research has explored Landsat-8 sensor product and 
evaluated its application in biomass mapping and 
estimation. The specific objectives were; 1) estimation 
of above ground biomass and carbon stocks through 
forest inventory 2) evaluation of Landsat-8 spectral 
bands and indices for estimation of biomass and 3) 
modeling of biomass and carbon stocks based on best 
linear regression model. This study has been carried 
out in District Mansehra, Pakistan in 2018.

MATERIALS AND METHODS

The study area
The Forest are situated between 340-23/ and 

340- 47/ north latitudes and 720-59/ and 730-14/ east 
longitude (Fig. 1). The tract is rough and mountainous 
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and the altitude varies from 3,000 feet to 7,300 feet 
above mean sea level. The tract is hilly and, therefore, 
the climate varies from place to place depending 
upon altitude. Generally the summers are moderate, 
while the winter is intensively cold. Pure Chir Forests 
prevail throughout the tract dealt within forests of 
Shinkari. These forests occupy an altitudinal zone 
between 3000 and 5500 feet, extending up to nearly 
7000 feet.  The best Chir crops are however found 
between 3000’ to 5000’ elevation. Above this altitude 
the quality of Chir trees begin to deteriorate and is 
replaced at higher elevations by Blue pine (Pinus  
wallichana). The underwood is scanty and comprises 
Rhododendron arboretum, Quercus incana, Quercus 
glauca and Pyrus passia. The surveyed area in all 
these compartments comprised of almost pure 
mature and sub-mature Chirpine (Pinus roxburghii) 
trees with occasional broad leaved specie Quercus 
incana  in the moist nullahs (Working Plan, 2012).

Forest inventory
Circular plots of 0.1 ha were randomly selected 

in the Sub-tropical Chirpine forests (Pinus roxbughii) 
and all trees inside the radius of 17.84 m (circle) were 
measured. During plot layout and measurement was 
conducted as per statistical principles (coverage and 
randomness) and accuracy (Molto et al., 2013; Ali 
et al., 2018). Diameter at breast height (DBH) and 
height are key variables for estimation of biomass 
and carbon stocks.  DBH was measured with the help 
of tree caliper and height of trees was measured with 

Sunnto Clinometer. Sunnto compass was used angle 
measurement and while measuring tape was used for 
distance measurement within the plot and between 
plots. Keeping in view the sampling protocol (Nizami, 
2009), all trees with defects (butteressed, swollen 
portions or forked trees) were also measured.  
For the estimation of the tree height, Eq. 1 used.

H = D × [(tan (α) ± tan (β)]                            (1)

Where, H = Tree height in meters 
α =angle between tree top and observer 
β = angle between tree base and observer 
D = distance between observer and tree

Allometric Eq. 2 was used to covert DBH and height 
data to estimate of aboveground biomass (AGB). 
These equations are regression equations which were 
used for estimation of tree and biomass based on the 
relationships between DBH and height (Seidel et al., 
2011). These allometric equations were normally 
developed for specic ecological zone, specific species 
and site quality (Afzal and Akhter, 2011; Ismail et 
al., 2018). The allometric equation was taken from 
Pakistan Forest Institute (PFI), Peshawar, Pakistan 
(Ali, 2015).

Y= 0.0224 * (D^2 *H)^0.9767                    (2)

Where, Y is the above ground biomass in kilograms
D is Diameter at Breast Height in centimeters
H is height in meters (m)

 
 
 

 
Fig. 1: The geographic location of the study are in district Mansehra, Pakistan 

   

Fig. 1. The geographic location of the study are in district Mansehra, Pakistan
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The total AGB of each plot was plot was determined 
by adding the AGB of all trees in each plot. Thus 
the AGB per plot were converted into AGB/ha by 
multiplying it with 10 and divide the resultant by 1000. 
Malhi et al. (2004) considered that about half of the 
dry biomass consists of carbon. Then above ground 
carbon (AGC) was determined by multiplying it with 
0.47 (Paustian et al., 2006). The AGB and AGC values 
was then converted into below ground biomass (BGB) 
and below ground carbon (BDC) by multiplying above 
ground values with 0.26.

Landsat-8 image processing
It includes satellite data acquisition, per-processing 

(stacking, mosaic, atmospheric correction, image 
enhancement, pan sharpening etc.) and image post-
processing techniques resulting in information about 
biomass and carbon stock. Landsat 8 image consist 
of eleven spectral bands with a spatial resolution of 
30 meters for Bands 1 to 7 and 9. The resolution for 
Band 8 (panchromatic) is 15 meters and for Bands 10, 
11 are 100m. The Landsat-8 Product was downloaded 
from USGS Earth Explorer (path: 150, row: 36). The 
image was acquired for the time of forest inventory 
and cloud cover of the image was less than 5% with 
level processing 1T - Standard Terrain Correction 
(systematic radiometric and geometric accuracy) 
and projection information: UTM, zone 34, spheroid 
and datum WGS 84. The preprocessing was the first 
step before using Landsat 8 image for estimation of 
biomass. The preprocessing included radiometric 
calibration, reflectance correction and dark 
subtraction. Further, the preprocessed image was 
used to compute various indices such normalized 
difference vegetation index (NDVI), soil adjusted 
vegetation index (SAVI), perpendicular vegetation 
index (PVI),  atmospherically resistant vegetation 
index (ARVI) and difference vegetation index (DVI) (Ali 
et al., 2018). The details of all vegetation indices are 
summarized in Table 1. Image subset was made for 

the study area and the AGB point data was imported 
on these indices and the values of masked pixels was 
extracted.

Statistical analysis 
The correlation and regression analysis were 

performed extracted pixel values of vegetation 
indices and its corresponding biomass data (from 
field). Regression model (simple and stepwise) were 
developed based on vegetation indices and above 
ground biomass using satellite data. In forest inventory 
data 70% of the data will be used for calibration and 
30% for validation purpose. Different linear models 
were developed namely linear, exponential, power, 
logarithmic and polynomial. Each model was assessed 
by coefficient of determination (R2) and significant 
value (P-value) and Root Mean Square Error (RMSE). 
The final model for biomass estimation and mapping 
have highest coefficient of determination (R2), least 
P-value and least Root Mean Square Error (RMSE). 

RESULTS AND DISCUSSION

Forest biomass and carbon stocks
The field data was converted into above ground 

biomass (t/ha), below ground biomass (t/ha), above 
ground carbon (t/ha) and below ground carbon (t/ha). 
All of them are summarized in Table 2. The highest 
AGB and BGB was recorded as 246 t/ha and 64 t/ha 
in plot 4 whereas the lowest was recorded in plot 19 
with AGB and BGB 55 (t/ha) and 14 (t/ha) respectively. 
The mean AGB and BGB was found to be 121 t/ ha 
and 31.60 t/ha respectively. Regarding carbon stocks, 
the highest AGC and below ground carbon (BGC) (t/
ha) were 116 t/ha and 30 t/ha respectively while the 
lowest AGC and BGC (t/ha) were estimated as 26 t/ha 
and 6.7 t/ha respectively. The mean AGC and BGC was 
found to be 57.13 t/ ha and 14.85 t/ha respectively. 
The results was in consistency with AGB of 252 t/ha 
and 50.46 t/ha reported by Shaheen et al., (2016). 
While in Sub-tropical Chirpine forest in Ghora Gali, Table 2   Vegetation Indices for Landsat‐8 Product 

 

Indices  Landsat‐8  Original Author 
Normalized Vegetation Index (NDVI)  (B5‐ B4) ÷ (B5  + B4)  Rouse et al., 1973 
Soil Adjusted Vegetation Index (SAVI)  ((B5 ‐ B4) ÷ (B5A + B4 + 0.5)) × (1+0.5)  Qi et al., 1994 
Difference Vegetation Index (DVI)  (B5 ‐ B4)  Jordan 1969  
ARVI‐ Atmospherically Resistant 
Vegetation Index  (ρB8A ‐ ρB4‐(ρB2 ‐ ρB4))/( ρB8A+ ρB4‐(ρB2 ‐ ρB4))  Kaufman and Tanre, 1992 

Perpendicular Vegetation Index (PVI)  (a × B5 ‐ B4 + b) ÷ sqrt(a2 +1)  Perry and Lutenschlager (1984) 
 
   

Table 1. Vegetation Indices for Landsat-8 Product
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Pakistan, the Amir et al., (2018) reported the total 
tree biomass of the young, mature, and overmature 
stand was 80 t/ha, 343 t/ha and 529 t/ha respectively. 
The lowest and highest carbon stocks were reported 
as 40 t/ha and 264 t/ha respectively.  

Normalized difference vegetation index (NDVI) and 
aboveground biomass (AGB)

The Fig. 2(a) shows the scatterplot between AGB 
values from field data and NDVI values derived from 

Landsat-8 image. The coefficient of correlation was 
0.67 which mean that 67% of field data have been 
explained by the NDVI-based model while 33% of 
the data are not explained by this model. However, 
Landsat- NDVI is a proxy data and this much coefficient 
of correlation is considered good. The correlation of 
NDVI was greater than (PVI, ARVI, DVI) and less than 
SAVI. The Fig. 2 (b) showed that higher forest density 
was found at central part of the study area moving 
from North to South. NDVI is one of most extensively 

Table 3  Plot wise biomass and carbon stocks 
 

Plot No.  AGB (t/ha)  BGB (t/ha)  AGC (t/ha)  BGC (t/ha) 
1  130.17  33.84  61.18  15.91 
2  113.99  29.64  53.58  13.93 
3  152.66  39.69  71.75  18.66 
4  246.94  64.20  116.06  30.18 
5  217.16  56.46  102.07  26.54 
6  130.17  33.84  61.18  15.91 
7  179.71  46.72  84.46  21.96 
8  113.99  29.64  53.58  13.93 
9  182.87  47.55  85.95  22.35 
10  71.28  18.53  33.50  8.71 
11  95.89  24.93  45.07  11.72 
12  121.98  31.71  57.33  14.91 
13  127.63  33.18  59.99  15.60 
14  60.19  15.65  28.29  7.36 
15  134.92  35.08  63.41  16.49 
16  117.82  30.63  55.38  14.40 
17  64.76  16.84  30.44  7.91 
18  103.9  27.01  48.83  12.70 
19  55.37  14.40  26.02  6.77 
20  73.21  19.03  34.41  8.95 
21  93.97  24.43  44.17  11.48 
22  85.32  22.18  40.10  10.43 

 
   

 

Fig. 2(a): Scatter plot between AGB and NDVI 
 

Fig. 2(b): NDVI computed from Landsat‐8 Image 

 

   

y = 34.893e7.3432x

R² = 0.673

0

50

100

150

200

250

300

0.05 0.1 0.15 0.2 0.25

B
io

m
as

s (
t/h

a)

NDVI
Fig. 2(a). Scatter plot between AGB and NDVI Fig. 2(b). NDVI computed from Landsat-8 Image

Table 2. Plot wise biomass and carbon stocks
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used index for vegetation mapping and biomass 
estimation. Ali et al., (2018) also used Landsat-8 NDVI 
and correlated it with the field measured biomass 
and reported coefficient of correlation (R2= 0.85). 
While Adan (2018) reported that Sentinel-2 NDVI 
is a broadband index and it has saturation issues 
with higher biomass density therefore he reported 
(R2=0.1). However, Red-edge NDVI computed has 
higher coefficient of correlation (R2= 0.60).

Soil adjusted vegetation index (SAVI) and aboveground 
biomass (AGB)

The correlation between AGB values from field 
data and SAVI values derived from Landsat-8 image 

has been shown in Fig 3 (a). As depicted in the 
scatterplot, the coefficient of correlation was 0.68 
which showed that 68% of field data have been 
explained by the SAVI model while 32% of the data 
are not explained by this model. However, the 
correlation of SAVI with AGB was highest (R2=0.68) as 
compared to other indices (NDVI, PVI, ARVI, DVI). The 
Fig. 3 (b) showed almost similar results, the higher 
forest density was observed at central part of the 
study area moving from North to South. The results 
are in consistency with departmental document of 
forest inventory (Working Plan, 2012) which also 
reported high forest was found in the central parts 
of the study area. SAVI is an improvement to NDVI 

 

   

SAVI 

 

Fig. 3(a): Scatter plot between AGB and SAVI  Fig. 3(b): SAVI computed from Landsat‐8 Image 
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Fig. 4(a): Scatterplot between AGB and PVI Fig. 4(b): PVI computed from Landsat‐8 Image
Fig. 4(a). Scatterplot between AGB and PVI Fig. 4(b). PVI computed from Landsat-8 Image
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which enhance vegetation mapping and biophysical 
properties estimation (Vidhya et al., 2014). Landsat-8 
SAVI showed good coefficient of correlation (R2= 
0.85) in study of biomass estimation (Ali et al., 2018). 
Kumar and Shekhar (2015) reported that SAVI can 
give good estimation of background soil condition; 
however, this study showed that SAVI correlation was 
same as NDVI. 

Perpendicular Vegetation Index (PVI) and AGB
The correlation between AGB values and 

Perpendicular Vegetation Index (PVI) values computed 
from Landsat-8 image has been shown in Fig 4 (a). 
As represented in the scatterplot, the coefficient of 

correlation was 0.65 which showed that PVI model 
was capable to explain 65% of field data while 32% 
of the data are not explained by this model. The 
PVI model has performed well than ARVI and DVI 
however showed less correlation as compared to 
SAVI and NDVI. The Fig. 4 (b) showed almost similar 
results as NDVI and SAVI, the higher forest density 
was observed at central part of the study area moving 
from North to South. The results are in consistency 
with departmental document of forest inventory 
(Working Plan, 2012) which also reported high forest 
was found in the central parts of the study area. 
Kongwongjan et al. (2012) integrated PVI with other 
indices such as NDVI, SAVI and Triangular Vegetation 
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Fig. 5(a): Scatterplot between AGB and DVI  Fig. 5(b): DVI computed from Landsat‐8 Image 
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Fig. 5(a): Scatterplot between AGB and DVI  Fig. 5(b): DVI computed from Landsat‐8 Image 

 

   

Fig. 5(a). Scatterplot between AGB and DVI Fig. 5(b). DVI computed from Landsat-8 Image

 

 

 

Fig. 6(a): Scatterplot between AGB and ARVI Fig. 6(b): ARVI computed from Landsat‐8
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Index (TVI) for mapping mangroves forests in 
Thailand. Ali et al., (2018) reported that Landsat-8 
PVI has performed well as compared to Sentinel-2 
PVI and reported coefficient of correlation of 0.18 for 
Sentinel-2 and 0.59 for Landsat-8 respectively.

Difference Vegetation Index (DVI) and AGB
The correlation between AGB values and Difference 

Vegetation Index (DVI) has been shown in Fig. 5 
(a). As illustrated in the Fig. 5 (a), the coefficient of 
correlation was 0.58 which was showed that DVI 
has performed less as compared to other indices 
(NDVI,SAVI, PVI) but it perform well as compared to 
ARVI. The regression model of DVI can explain 58% of 
field data variations while 42% of the data variations 
are remained unexplained. The Fig. 2 (b) showed the 
DVI values range between 1.09 to 2.20, the higher 
values showed more vegetation (the higher forest 
density was observed at central part) while the lower 
values (1.09) showed lower or no biomass areas such 
as the eastern part of the study there is no vegetation 
along the river flowing from north to south. Das and 
Singh, (2012) studied that relationship between 
above ground biomass and vegetation indices using 
Landsat TM image in Ghart region (India) and reported 
highest correlation (R2= 0.79 and 0.76) for RVI and 
Renormalized DVI respectively. Ali et al., (2018) 
reported good performance of DVI for both Landsat-8 
and Sentinel-2 with coefficient of correlation (R2= 0.59 
for Landsat-8 and 0.58 for Sentinel-2 image). 

Atmospherically Resistant Vegetation Index (ARVI) 
and AGB

The correlation between AGB values from field 
data and Advanced Ration Vegetation Index (ARVI) 

values derived from Landsat-8 image has been 
shown in Fig 6(a). As portrayed in the scatterplot, the 
coefficient of correlation was 0.23 which showed that 
relationship between ARVI and AGB is not too much 
strong as compared to rest of the indices (SAVI, NDVI, 
PVI and DVI). The ARVI regression model can explain 
only 23% of variation in AGB data while 67 % of the 
data is not explained by this model. As shown in Fig. 
6(b) showed range of ARVI between -0.3 and 0.87; 
the positive values (0.87 or less) showed vegetation 
cover while the negative values shows less or no 
vegetation. The higher forest cover was mapped at 
central part of the study area moving from North 
to South as depicted in Fig 6 (b). The results are in 
consistency with departmental document of forest 
inventory (Working Plan, 2012) which also reported 
high forest was found in the central parts of the 
study area. Previous studies has reported that Ration 
Vegetation Index can be used for vegetation mapping, 
biomass estimation and biophysical parameters of 
vegetation (Das and Singh, 2012; Kumar and Shekhar, 
2015; Adan, 2018).

Stepwise linear regression model
The stepwise correlation between AGB (dependent 

variable) and five indices (NDVI, SAVI, PVI, DVI, ARVI) 
has been shown in Table 3. Among five vegetation 
indices, only SAVI was selected in stepwise method, 
satisfying the criteria of probability-of-F-to-enter 
<=0.50 and probability-to-remove >= 0.10. The other 
indices (NDVI, PVI, DVI and ARVI) were removed 
because their relationship was not significant. The 
overall model R2 was 0.63 and its Adjusted R2 was 
0.602 which shows that stepwise regression model 
of indices explained 63% of the data variations of 

Table 4  Stepwise regression model of landsat‐8 spectral indices 
 

 
   

Variables  Model summary 
Variables 
entered 

Variables 
removed  Sig  R  R 

Square 
Adjusted 
R square 

Estimate 
SE  F  Sig. 

SAVI      .794a  .630  .602  32.00  22.175  .000a 
  NDVI  .976  Correlations 
  DVI  .814    AGB  SAVI  NDVI  DVI  ARVI  PVI 
  ARVI  .978  AGB  1.000  .794  .601  .761  .210  .761 
  PVI  .814  SAVI  .794  1.000  .752  .941  .271  .941 

Model equation: 
 
Biomass = 750.321*SAVI‐29.104 

NDVI  .601  .752  1.000  .622  .596  .622 
DVI  .761  .941  .622  1.000  ‐.041  1.000 
ARVI  .210  .271  .596  ‐.041  1.000  ‐.041 
PVI  .761  .941  .622  1.000  ‐.041  1.000 

Method: 
Stepwise (Criteria: Probability‐of‐F‐to‐enter <= .050, Probability‐of‐F‐to‐remove >= .100). a. Dependent Variable: AGB;  
a. Predictors: (Constant), savi 

Table 3. Stepwise regression model of landsat-8 spectral indices
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AGB. However, it was found in correlation matrix that 
strong relationships exist between AGB and spectral 
indices of Landsat-8. The coefficient of correlation 
(R2) for SAVI< NDVI, DVI, ARVI and PVI was 0.794, 
0.601, 0.761, 0.210 and 0.761 respectively.  

Accuracy assessment of regression models
The accuracy of regression models was evaluated 

by root mean square error (RMSE). The predicted 
biomass was estimated by both regression models 
(simple and stepwise). The final model selection was 
based on highest Coefficient of Correlation (R2) and 
lowest RMSE. As shown in the Table 4, simple linear 
regression model between AGB and single predictor 
index (SAVI) was better than stepwise regression 
model between AGB and all spectral indices. The 
coefficient of correlation (R2) and RMSE of simple 
linear regression model of SAVI was highest (R2= 0.68) 
and (RMSE= 33.75 t/ha) respectively.

Biomass mapping
The final biomass map was developed from the 

best regression model selected between the two 
models in Table 4 based on RMSE. Thus simple linear 
regression model of Soil Adjusted vegetation index 
(SAVI) was considered best for biomass mapping. The 
above ground biomass and carbon stocks map in Fig. 
7 indicated that biomass of study area range between 
0-482 t/ha while carbon stocks values range between 
0-226 t/ha. The negative values in the Fig. 7 showed 
no vegetation at the places such eastern and western 
sides of the study area have no vegetation while the 
central part has high vegetation. 

CONCLUSION

The present research was carried out for the 
assessment of carbon stocks in Pinus roxburghii 
forest in Siran Forest Division, Pakistan. The findings 
of the research showed that the highest AGB and 
BGB was recorded as 246 t/ha and 64 t/ha whereas 
the lowest AGB and BGB was 55 (t/ha) and 14 (t/ha) 
respectively. Similarly, the highest AGC and BGC (t/
ha) were 116 t/ha and 30 t/ha respectively while the 

Table 5:   Accuracy assessment of regression models 
 

Regression type  Dependent 
variable 

Independent 
variable  Model  R2  RMSE (t/ha) 

Simple Linear  AGB  SAVI  4003.3x2 ‐ 922.17x + 
133.95  0.68  33.75 

Stepwise Linear  AGB  NDVI, SAVI, 
PVI, ARVI, DVI  750.321*SAVI‐29.104  0.63  47.18 

 

Table 4. Accuracy assessment of regression models

 

 
Fig. 7: Biomass and carbon stock estimation using landsat- image

Fig. 7. Biomass and carbon stock estimation using landsat- image
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lowest AGC and BGC (t/ha) were estimated as 26 t/ha 
and 6.7 t/ha respectively. The study used the state-
of-art sensor Landsat-8 for estimation and mapping 
of biomass and carbon stocks in study area. Various 
spectral indices were computed from Landsat-8 
image. These indices were Normalized Difference 
Vegetation Index (NDVI), Difference Vegetation 
Index (DVI), Soil Adjusted Vegetation Index (SAVI), 
Perpendicular Vegetation Index (PVI) and Advanced 
Ratio Vegetation Index (ARVI). Regarding relationship 
between AGB and vegetation indices, the coefficient 
of correlation (R2) were 0.67, 0.68, 0.65, 0.58 and 
0.23 for NDVI, SAVI, PVI, DVI and ARVI respectively. 
The stepwise correlation between AGB (dependent 
variable) and five indices (NDVI, SAVI, PVI, DVI, 
ARVI). Among five vegetation indices, only SAVI was 
selected in stepwise method, satisfying the criteria 
and the overall model R2 was 0.63 and its Adjusted 
R2 was 0.602. The accuracy of regression models 
was evaluated by Root Mean Square Error (RMSE). 
Simple linear regression model between AGB and 
single predictor index (SAVI) was better than stepwise 
regression model between AGB and all spectral 
indices. The coefficient of correlation (R2) and RMSE 
of simple linear regression model of SAVI was highest 
(R2= 0.68) and (RMSE= 33.75 t/ha) respectively. Thus 
Soil Adjusted vegetation index (SAVI) was considered 
best for biomass mapping. In Pakistan the forests 
face tremendous pressure regarding fuel wood 
collection, encroachment, grazing and nuts collection 
which has deprived the situation of these forests. 
The finding of the present study revealed that the 
Pinus roxburghii acts as a valuable carbon sink. The 
proper management, afforestation, reforestation and 
control of deforestation can enhance the potential 
of the forest to sequester more carbon so as to 
combat climate change adverse impacts. The study 
concluded that Landsat-8 product has considerable 
potential for biomass and carbon stocks estimation. 
The Landsat-8 product has comparatively good spatial 
coverage and medium resolution however, when it is 
integrated with other sensor data such as Sentinel-2, 
Sentinel-1 or Synthethic Aperture Redar (SAR) data, 
the accuracy of biomass estimation can be improved 
further for national and regional forest inventories 
and modeling. Therefore the present research has 
potential applications in integration of Landsat-8 
products and national forestry inventory for REDD+ 
implementation in future. 
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ABBREVIATIONS

AGB Above ground biomass

AGC Above ground carbon

ARVI Atmospherically resistant vegetation index

B Band

BDC Below ground carbon

BGB Below ground biomass

DBH Diameter at breast height

DVI Difference vegetation index

EVI Enhanced Vegetation Index

GHG Greenhouse gases

M Meters

MSAVI Modified soil adjusted vegetation index

NDVI Normalized difference vegetation index

PVI Perpendicular vegetation index

REDD+ Reducing emission from deforestation and 
forest degradation

RMSE Root mean square error

SAR Synthethic aperture redar

SAVI Soil adjusted vegetation index

Sqrt Square root

t/ha Tonns per hectare

USGS United Nations Geological Survey

UTM Universal transverse mercator

WGS84 World Geodetic System 1984
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