International Journal of Multidisciplinary Research and Development

International Journal of Multidisciplinary Research and Development
Online ISSN: 2349-4182, Print ISSN: 2349-5979, Impact Factor: RJIF 5.72
www.allsubjectjournal.com

Volume 3; Issue 5; May 2016; Page No. 111-119

Forest carbon stock assessment at Barkot Flux tower Site (BFS) using field inventory, Landsat-8 OLI

data and geostatistical techniques
* T Watham, SPS Kushwaha, S Nandy, NR Patel, S Ghosh
Indian Institute of Remote Sensing, ISRO 4- Kalidas Road, Dehradun, Uttarakhand, India

Abstract

Quantification of forest biomass is of vital importance to assess productivity - a critical information for carbon budget accounting,
carbon flux monitoring and for understanding the forest ecosystem response to climate change. In this present study, we used field
measured aboveground biomass (AGB), Landsat 8 OLI (operational land imager) derived variables and geostatistical tools for
spatial total biomass and carbon stock mapping surrounding Barkot Flux Site (BFS), Uttarkhand, India. For this purpose, different
AGB prediction maps were produced using on Ordinary Kriging (OK), Universal Kriging (UK), Co-Kriging (CoK) and
Regression Kriging (ReK) methods and tested the models’ accuracy. Biomass estimated using OK and UK had root mean square
error (RMSE) of 121.78 and 139.48 Mg ha’!, respectively. Total 16 variables were tested one by one as an auxiliary variable in the
CoK technique. CoK with Land Surface Water Index (LSWI) had the lowest RMSE of 58.77 Mg ha™! (R?>=0.63). LSWI performed
best because of its sensitivity to leaf moisture. Also, ReK method was tested using top three variables (based on RMSE value)
achieved in CoK method. However, ReK was not able to improve the accuracy, attained by CoK. This may be due to high spectral
variability or the limitation of the typical OK method. Under performance by OK and the UK must have been due to their
prerequisite of a large number of well-distributed sample points to capture adequately the spatial variability. Therefore, selection
of site-specific suitable variables and method can help in improving the accuracy of biomass assessment. Hence, CoK method with
LSWI as an auxiliary was considered for biomass and carbon stock estimation. The total carbon stock (47 % of the total biomass)
in the study area was estimated to be 2240797.37 Mg C, with an average of 276.13 Mg C ha'!. Furthermore, the estimated spatial
biomass/carbon will be useful in complementing Eddy Covariance (BFS) and remote sensing based carbon dynamics studies being

carried out in the same study area.
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1. Introduction

Forests are relevant to climate change issues due to their
capability to act as reservoirs of carbon. Carbon is stored in the
forest as biomass in organic matter (living and dead) both
below and above ground including trees, the understorey, dead
wood, litter, and in soil. Forest biomass mapping is useful in
quantifying the carbon emissions due to forest degradation [,
forest planning and management %, and in policy making B,
Realizing the significance of forests in climate change
mitigation strategies, the UNFCCC ™, stressed the need of
efficient monitoring system using a combination of remote
sensing and the ground-based forest inventory for the
greenhouse gases (GHGs) emission and sequestration due to
forest cover change. Information about forest stand and the
quantification of biomass are of great importance to assess the
forest ecosystem productivity, work out carbon budget, and
better understand the role forests in the global carbon cycle
perspective.

Satellite remotely sensed data are generally available at the
pixel level of any area under investigation, in contrast to the
field measurements of forest variables known only for the
sampled part of the area P’l. This pixel information has been
widely used in retrieving forest biophysical parameters,
monitoring vegetation biomass and productivity at different
scales [©81 The statistical relationship between forest
parameters and remotely sensed data products are used to
generate an aboveground biomass (AGB) map ['!. The most
common method for estimation of AGB is the regression
analysis between vegetation indices based on red and near-

infrared (NIR) wavelengths with field measured AGB %21, [n
tropical and subtropical regions, where biomass and species
diversity are high, use of vegetation indices has met with
moderate success ['* ¥ Recent years, non-parametric
techniques viz., ANN, k-NN, etc. became very popular for
assessing the AGB !> 161 A drawback of many of these
methods that use remotely sensed data for forest inventory is
that these techniques do not consider the inherent auto-
correlated nature of forest ['7]. or the distribution pattern of the
underlying forest parameters. With the use of parametric and
semi-parametric techniques such as Ordinary Kriging (OK),
Universal kriging (UK), Co-Kriging (CoK) and Regression
Kriging (ReK), spatially correlated nature of forest can be
taken into consideration for improving the forest
biomass/carbon. However, their use in forestry is still relatively
limited 81, Meng et al. ') used Landsat ETM+ images for
auxiliary data and found the performance of multi-variable
kriging better than univariate kriging for prediction of the pine
stand basal area. ReK resulted in a low error and the high
coefficient of determinant (R?). Ver Hoef et al. [20] compared
the spatial linear predictors including OK and UK and k-NN:
using artificial populations and resampled forestry data, and
demonstrated the superiority of spatial linear predictions over
K-NN. Tsui et al. 2! integrated airborne Lidar and space-borne
radar data and found UK better than CoK in predicting the
AGB. Existing literature indicates no definite consensus on the
advantages of various kriging methods or other prediction
techniques with the use of satellite data.
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In present study, we estimated and mapped forest carbon stock

surrounding Barkot Flux Site (BFS) using field inventory,

Landsat-8 OLI (operational land imager) data, and various

geostatistical techniques. And we tried to explore, specifically,

1. the use of simple spatial auto-correlation that exists in
nature using OK and UK,

2. the potential of different remotely sensed variables
(individual spectral bands as well as vegetation and water
indices) towards the prediction of biomass, and

3. combination of spatial auto-correlation and the covariance
that exist between variable of interest (biomass) and the
other variables in CoK and ReK method for carbon stock
estimation.

2. Materials and Methods
2.1 Study area and climate

This study was conducted at surrounding Barkot Flux site
(BFS), which comprises two forest ranges of Dehradun district,
here after referred as Barkot forest. The study area consists of
two adjacent forest ranges of Barkot and Rishikesh, covering
an area of 84.96 km? (30°03°52""-30°10°43"'N and 78°0949"'-
78°17°09'E) (Figure 1). Champion and Seth 21 described
Barkot forest under Sub-Group-3C, North Indian Tropical
Moist Deciduous Forest, and forest type being Moist Bhabar
Dun Sal Forest - 3C/C2b. We also found sal (Shorea robusta)
as the dominant species in this area. The underwood is
generally light and consists of rohini (Mallotus philippensis),
chamror (Ehretia laevis), and amaltas (Cassia fistula).
Monsoon usually begins by the third week of June and
continues until September with an average annual rainfall of
~2300 mm. The climate is typically tropical and humid. The
on-site observed temperature ranged between 2°C (in January)
to 41°C (in June) during 2014.
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Fig 1: Location of the study area with overlaid field sample points.

2.2 Methods

Landsat-8 OLI satellite data of April 11, 2013 was used during
this study. Digital numbers were converted to reflectance
values as per standard method described in Landsat-8 data
users handbook version 1
(http://landsat.usgs.gov/documents/Landsat8DataUsersHandbo
ok.pdf). Henceforward, only the obtained reflectance data was
further used for all the processing. Altogether 16 satellite
derived variables viz., green band (0.533-0.590 pum), red band
(0.636-0.673 pum), near infra-red (0.851-0.879 pum), shortwave
infrared (SWIR)-1 (1.566-1.651 um) and SWIR-2 (2.107-2.294

um), one principle component (PC) layers obtained from above
mentioned bands and ten Vegetation Indices (VIs) listed in
Table 1 were used in this study.

On-screen visual image interpretation of the standard false
colour composite on 1:50,000 scale was carried out for
stratification of different vegetation types/land cover and
canopy density categories. Three canopy density classes, Viz.,
very dense (> 70 %), moderately dense (40-70%) and open
(10-40%), were delineated. Stratified random sampling method
was adopted to lay out sample plots in different type-density
strata for field inventory. A pilot survey was conducted to
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calculate the required number of sample plots using following

Where, N is the number of sample plots, t is the statistical

formula 1231; value at 95 % significance level, CV is the coefficient of
t= X (CV)* variation, and SE% is the standard error percentage.
(SE2g)*
Table 1: List of different satellite data derived indices.
Indices Formula Remarks
.- THFTR1 . .
—_ [24]
Midir TWIRG Musick & Pelletier, 1988
THFTR1
i —_— [25]
Msi NIiE Hunt Jr. & Rock, 1989
. NIR —SWTR1 .
- —eee [26]
Lswi-1 T Xiao et al., 2002
. NIR —SWTRZ .
- —eme [26]
Lswi-2 o Xiao et al., 2002
. NIR —RED
oin Ay 27]
Ndvi IR FRED Rouse et al., 1974
& =NIE—RED 41— Peng and Gitelson 2011 [28
Wdrvi —_——
=« NIR+RED  1+= (€ was set as 0.2)
. NIFRE—REDR
[29]
Evi E'Ehﬁm+&aﬂh‘ﬂ+$.h‘aﬂﬂ+’£+i Huete et al., 2002
. GREEN —RED .
\Y - Gitelson et al., 2002 3%
an GAEEN +RED — BLUE fetson
NIE —REDR
: — A A B31]
Rdvi SQRTNIR+RED) Rougean & Breon, 1995
. NIRE — REDR
— R l.1 [32]
Osavi T ondeaux et al., 1996

MidIR= Mid-infrared, MSI =Moisture Stress Index, LSWI =
Land Surface Water Index, NDVI = Normalised Differential
Vegetation Index, WDRVI = Wide Range Vegetation Index,
EVI = Enhanced Vegetation Index, RDVI = Renormalized
Difference Vegetation Index, OSAVI = Optimised Soil
Adjusted Vegetation Index.

Minimum of 33 sample plots was required. A total of 36
sample plots were laid in different strata. Out of which, approx.
70 % (26) of the plots were randomly selected for testing and
the remaining approx. 30 % plots (10) were used for validation
purpose. The total number of sample plots were
proportionately distributed in each of the stratum using
following formula:

II"'i?‘ri‘l'
iy, = N H 1
Where, ™= number of samples in h stratum, Ny size of h
stratum, N — total population size and ™ = total number of
samples.

Field inventory was carried out in square plots size of 0.1 ha
(31.62 mx31.62 m). At each sample plot, species name, Girth
at Breast Height (gbh) of all trees at 1.37 m above ground and
canopy density were noted down. Two sample plots of 5 m x 5
m for shrubs at opposite corners, 5 sample plots of 1 m x 1 m
for herbs and litters at four corners and one 1 m x 1 m at the
center of the plot for were also laid in each sample plot. A total
number of individuals for each shrub species were noted, and
specimen samples (including roots) for each species were
collected. Litter at each 1 m x 1 m plot was weighted onsite
using electronic balance and noted, and only 100 g of litter was
collected as a representative sample. Representative samples of

each shrub species and litters were kept in hot air oven at 80°C
for drying till constant weight and finally total shrub biomass
for every species and litter was calculated for each plot. Herbs
in each Im x 1m plot was harvested and oven-dried. Schematic
of field inventory is given in Fig. 2.

[ =
N
O 5 x 5 m for shrubs A
B 1 x 1 mfor Herbs & litters
=
[ |
o a
po

Fig 2: Schematic of field inventory for carbon stock estimation.

The volume of each individual tree in sample plot was
calculated by using Diameter at Breast Height (dbh) (from
gbh) value in the specie-specific volumetric equations
developed by the Forest Survey of India 3. The AGB was
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obtained by multiplying the trees volume with specific gravity
1341 of the wood of the tree species and further multiplying by
biomass expansion factor (BEF) B3l Belowground biomass
(BGB), was estimated using a root-shoot ratio of 0.30 for sal
and 0.26 for other species [3¢]. Total biomass of the sample plot
was worked out by adding AGB, BGB, shrubs, herbs and litter
biomass. Carbon was estimated as 47% of the total biomass
[37]

The plot biomass values, thus obtained were brought to the
geospatial domain for further use. All the geostatistical
interpolation were performed using ArcGIS (ver. 10.2.2). For
OK and UK, semi-variance analysis for characterizing the
spatial  auto-correlation of geolocated measurements,
exponential, gaussian, circular, and spherical models were
tested with the same number of lags and the same lag
distances. All the above mentioned 16 variables were tested,
one by one, as auxiliary variables in CoK. For fitting
regionalization model, all direct semi-variograms and cross-
semivariograms were estimated for the same number of lags
and the lag distances. Then, the number and types of
elementary models and their ranges were fixed. The sills (co-
regionalization matrix) were fitted by trial and error. Among
the 16 available auxiliary variables, three variables were
selected for ReK based on the least Root Mean Square Error
(RMSE) achiebved during CoK. The direct linear relationship
between the field measured biomass and the variables were

developed, and its corresponding residuals were obtained. The
obtained linear equations were used for estimating the biomass
for the entire study area. For ReK, the residuals found during
linear fit was krigged using OK, then the obtained residual
maps were added to the biomass map obtained from direct
linear relationship. Thus, ReK biomass was obtained. The
biomass maps produced by the described methods were
evaluated and compared based on RMSE [¥. Finally, the
spatial distribution of biomass with least RMSE was selected
for estimation of spatial carbon stock of the study area.

3. Results and Discussion

3.1 Biomass mapping using univariate kriging techniques
To predict the value of the unknown position based on
available information of known neighboring positions, spatial
interpolation techniques are used. In the present study, the
potential of simple univariate kriging methods (OK and UK)
were tested with varying semivariogram models Viz., spherical,
exponential, Gaussian, and circular model. Exponential model
was found as the best fit model based on Root Mean Square
Standardized (RMSS) value (Table 2) for semi-variogram
fitting and finally generated spatial biomass, however, both the
univariate kriging methods failed in giving meaningful
biomass estimate when evaluated with standard false colour
composite of Landsat 8 (Fig. 1) and prior knowledge of study
site.

Table 2: Different kriging model tested.

| Nugget | Partial sill |  RMSS

Ordinary Kriging
Spherical 0.365 0.350 1.02
Exponential 0.319 0.430 0.99
Gaussian 0.252 0.472 1.11
Circular 0.255 0.463 1.10

Universal Kriging
Spherical 0.229 0.120 1.32
Exponential 0.255 0.092 1.31
Gaussian 0.259 0.091 1.33
Circular 0.252 0.097 1.33

RMSS = Root mean square standardized
a b

N

P 732.33

E 305.49

P 789.51

i 48

Fig 3: Biomass map (Mg ha'') generated using (a) OK (b) UK
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It underestimated the biomass for the south-east and north-west
direction of the study area. Fig. 3 (a) and (b) shows the spatial
distribution of biomass through OK and UK. The overall
RMSE observed against field validation points were 121.78
Mg ha'! and 139.48 Mg ha'! for OK and UK, respectively. The
need of large dataset to define the spatial auto-correlation must
have resulted to poor performance by OK and UK because the
kriging coefficients entirely depend on the spatial variation.
Because the variograms in OK and UK are fitted by the
iterative weighted least square method, where the weights are
calculated based on the number of sample points and the
distances between the sample point pairs. Therefore, the
accuracy of these methods depends on the number of sample
points. So, evenly distributed sample points means more
accurate information on spatial variability.

3.2 Evaluation of remotely sensed data as predictor
variables of biomass

Large area forest inventory using remotely sensed data
involves many challenges 1. The heterogeneity of forest types
some time makes difficult to relate with spectral responses of
the remotely sensed data, especially when interpolation
techniques are considered. One inherent source of bias when
remote sensing data are linked with ground inventory data is
the inconsistency between remotely sensed data and ground
sampled data B% 49, Ground inventory data, collected at the
forest plot level when linked with the representative pixel on
the ground has some degree of error depending on the site
homogeneity. Spatial diversity of forest stands and landscape
are major challenges in spatial prediction of forest biophysical
parameters. For example, forest stands may have very similar
characteristics such as same species, same age, and same
density but may have different spectral characteristics due to
water

Table 3. Correlation between total biomass and remote sensing
derived variables.

Variable R Variable R
SWIR-2 -0.45 OSAVI 0.25
LSWI-2 0.44 RDVI 0.24
MIDIR 0.43 NDVI 0.19

MSI -0.43 EVI 0.16

LSWI-1 0.39 WDRVI 0.16

SWIR-1 -0.38 GREEN 0.13
PC -0.35 VARI -0.09
NIR 0.34 RED 0.06

Logging or very similar biomass but have different spectral
signature because of differences in species composition. These
differences increase uncertainty when ground-inventory data
are associated with remotely sensed data for the prediction for
forest parameters. To check the prediction capability of each
variable, Pearson correlation coefficient (r) were calculated and
their relation with biomass were judged based on the r value
(Table 3). Among 16 test variables, the SWIR-2 band had the
highest correlation (r = -0.45) with the total plot biomass and
least correlation was observed with red band (r = 0.06).
Highest correlation of SWIR-2 with biomass must be due
sensitivity of SWIR-2 with leaf moisture. In general theory,
more number of leafs means more biomass, with increase in
leafs more absorption of light in SWIR region, thereby
decreasing reflectance in SWIR band. Hence, SWIR
reflectance had negative correlation with biomass. Many
studies have applied geostatistical techniques using the indices
derived from the visible and near-infrared region (VNIR,
0.400-1.200 pm) e.g. 1618411 However, in this study, it was
observed that the use of SWIR (1.200-2.500 pm) or VIs
obtained using SWIR region (i.e. LSWIs, MSI, and MIDIR)
had lower RMSE than VNIR region or the VIs with VNIR
region. The possible explanation for better performance of
SWIR region could be attributed to,
1. more than 90% transmittance in SWIR region than VNIR,
2. the soil and vegetation reflectance at the SWIR are fairly
strong and
3. SWIR region is less affected by aerosols >4, and
4. Particularly during this study the sensitivity of SWIR to
water might be the added advantage. Less ‘1’ value between
biomass and other variables like Red, Green, NDVI, EVI,
and WDRVI which are specific to leaf greenness must be
due to the use of April data set as this period experiences
yellowing and/or leaf fall. Yadav and Nandy ! also found
stronger relationship between plot biomass and SWIR than
with Red, Green and NIR.

3.3 Biomass estimation using multivariate kriging
Traditional kriging uses only data available at the sampled
location; CoK method instead uses the advantage of the
covariance that exists between auxiliary variable and interest
variable. CoK is a very versatile and rigorous statistical
technique for spatial point estimation when both primary and
auxiliary attributes are available [*4l. The predictive capability
of each auxiliary variable were tested in CoK. Among the 16
variables tested, lowest RMSE of 58.77 Mg ha! was found
(Table 4).

0 1.103
= [Model * Binned < Averaged

2207 33

4413 5517 682 773

Distance (Meter), h 10-3

Fig 4: Best fit Semivariogram for LSWI-2.
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[ 693.88

K 307.50

Fig 5: Cokrigged biomass (Mg ha'') map using (a) NIR (b) PC (c) LSWI-2 and (d) OSAVI

Table 4: RMSE (Mg ha'') and R? observed between CoK biomass and validation points.

Variable RMSE R2 Variable RMSE R?
LSWI-2 58.77 0.63 RDVI 82.13 0.18
SWIR-2 63.06 0.50 WDRVI 83.79 0.15
MIDIR 63.50 0.31 NDVI 84.14 0.14
LSWI-1 64.64 0.70 EVI 90.20 0.20

MSI 64.65 0.70 Red 100.59 -0.05
SWIR-1 71.72 0.53 NIR 105.81 0.05
PC 75.80 0.30 VARI 108.63 0.11
OSAVI 79.71 0.25 Green 109.24 -0.64

Fig. 4 shows the best fit covariance model of LSWI-2 with
total sample plot biomass. Co-Krigged spatial biomass using
different satellite derived auxiliary variables is given in Fig. 5.

For ReK, LSWI-2, SWIR-2, and MIDIR were selected as
auxiliary variables by lowest RMSE observed during CoK
(Table 4). At first, the linear fit equation observed between
biomass and auxiliary variables were used for estimating the

forest biomass. Linear fit estimated spatial biomass had RMSE
of 114.74 Mg ha’', 122.30 Mg ha™! and 108.05 Mg ha"' for
LSWI-2, SWIR-2, and MIDIR, respectively. To obtain ReK
biomass, the residuals obtained during the linear fit were used
as an input variable in OK to generate the error/residual map
and then generated residual was added to linear fit obtained
biomass, thus ReK spatial biomass was obtained.

Table 5: Linear fit equation used in ReK and its RMSE.

Independent variable Linear fit function RMSE (Mg ha?)
LSWI-2 Biomass =272.90 + 499.99 x LSWI-2 122.26
SWIR-2 Biomass = 782.59 - 3008.24 x SWIR-2 128.40
MIDIR Biomass =-113.50 + 323.60 x MIDIR 128.46
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Fig 6: Regression krigged biomass (Mg ha™') map using LSWI-2.

It was observed that the RMSE obtained through ReK were
higher than RMSE obtained using direct linear relationship and
double the time of the RMSE obtained through CoK. The
linear fit equation used in the ReK and the observed RMSE is
given Table 5. The ReK estimated spatial biomass using
LSWI-2 residual is shown in Fig. 6.

The possible cause for higher RMSE may be, in ReK its main
coefficients, except the coefficient of the residual part, depend

on the linear correlation between dependent and independent
variables 1. In case of the area with high spectral variability,
the use of linear fit May over or underestimate the forest
parameters, or the added OK residual value inherited typical
kriging models limitation.

Through CoK, both the predicting capability of the auxiliary
variables and the spatial-autocorrelation that exist in this study
site was utilized. Therefore, CoK technique surpasses the ReK
performance. According to Eldeiry et al. ], CoK works best
compared to other geostatistical tools when the primary
variable of interest is not densely sampled.

The reason for best performance by LSWI-2 was the sensitivity
of this index with water content, as discussed in section 3.2.
LSWI can be considered to equivalent water thickness (g
H,O/m?) 461, Work done by Maki et al., *7! and Xiao et al., “®
in evergreen needle leaf forests have shown the sensitive of
LSWI with changes in leaf water content. With increase and
decrease in leaf liquid water content or soil moisture, SWIR
absorption increases and decreases thereby decreasing and
increasing reflectance in SWIR band, resulting in an increase
and decrease in LSWI value. LSWI is useful in extracting the
vegetation water status and in drought detection and water
sustainability studies ™. Xiao et al. #¢*1 used LSWI as an
index for defining water scalar in satellite-based Vegetation
Photosynthesis Model (VPM) for estimation of gross primary
productivity.
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Fig 7: Total carbon stock map of Barkot forest.

The co-krigged biomass using LSWI-2 as an auxiliary variable
gave the best estimate and subsequently was used for spatial
mapping of forest carbon stock (Fig. 7). Maximum plot
biomass observed in Barkot forest was 803.35 Mg ha’!, Yadav
and Nandy, "% reported maximum plot biomass of 421 Mg
ha™' AGB for a sal forest, considering an average BEF of 1.5
and root-shoot ratio of 30%, maximum total plot biomass will

be approx. 820.95 Mg ha ! which agrees with our finding. The
total carbon stored by Barkot forest (excluding agriculture and
water body) was estimated to be 2240797.37 Mg C, with an
average of 276.13 Mg C hal. A very close estimate was
reported by Mandal and Joshi [50] for a similar forest (located
very close to the present study area) with a carbon density of
280.78 Mg C ha™! using only field inventory methods.
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4. Conclusion

The use of satellite derived information as secondary data for
forest biomass estimation not only helps in generating a
continuous spatial biomass map but also in obtaining more
accuracy. Geostatistical prediction techniques provide a better
way to estimate spatially forest biomass/carbon when ground
inventory data and remotely sensed data are available. This
approach can be applied in other research areas, for many
applications in the forest or natural resource management such
as forest health conditions, leaf area index, stand age, etc.
while correlation analysis, best fit semivariogram/covariance
models, and kriging models need to be examined for spatial
estimation. Among the univariate kriging, OK had lesser
RMSE than UK. ReK estimated biomass had higher RMSE
value than biomass estimated using direct linear relationship
equation observed between satellites derived variables and the
plot biomass. CoK was noticed to the most powerful one
among the different kriging methods adopted in this study. Out
of 16 auxiliary variables tested in CoK, least RMSE of 58.77
Mg ha'! was found with LSWI-2. We also found SWIR or
SWIR based indices performed better in the prediction of total
biomass. The total carbon stored by Barkot forest excluding
agriculture and water body was estimated to be 2240797.37
Mg C, with an average of 276.13 Mg C ha’! which accords
with the other recent studies in moist sal forest. Reliable spatial
information of biomass and carbon is essential for better forest
carbon management and planning. This information on spatial
biomass/carbon will be used in complementing carbon flux
studies at BFS.
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