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Graphical abstract Abstract

Tropical forest embraces a large stock of carbon and contributes to the enormous

denfily the {DAR ot (e ) amount of aboveground biomass (AGB) in the global carbon cycle. In order to quantify
] and WV3 “’m"—’ the carbon inventory, field data is vital for accurately determining the forest parameter
o T collection such as diameter at the breast height (DBH), height of the tree (h) ,crown diameter

b o (CD) and tree species. The merging of the multi-sensory remote sensing which is LIDAR
(Light Detection and Ranging) and very high resolution satellite imagery can reduce
: p Y the labor intensive of field sampling for a large area of carbon inventory data. Double
Tolal AGB/C [ Double ] HENE sampling approach which is combination of the field sampling plot measurement with

calculation ancillary remote sensing data used to improve the precision of AGB estimation
compared by using field data alone. Hence, this study aims: (1) to describe the use of
field data plots in a statistical way, and (2) to determine the potential of LIDAR data in a
double sampling forest aboveground biomass and carbon stock inventories and (3) to
compare the used of field data plot itself or combination with LIDAR data to quantify
the aboveground biomass and carbon stock for upcoming inventories.
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1.0 INTRODUCTION earth  surface. International  organization  that
responsible fo assess the climate change,

The most directly impacted by deforestation and
degradation and the largest pool are the carbon
that kept in the above-ground biomass of the living
frees [1]. One third of the Earth’s land surface consist
of forest and confinues serving in the carbon
sequester and carbon sink for the living things on the

Infergovernmental Panel on Climate Change (IPCC)
conveyed the importance of determining the model
for carbon stocks [2]. Hence, numerous studies had
been done by researcher, to find the best way to
quantify the aboveground biomass and carbon
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stocks from plot scale to regional scale up to global
scale from all over the world [1]-[5].

Aboveground biomass (AGB)can be quantified
by the use of allometric equation that had been
develop from field inventory data [4],[6]. Undeniable,
field based inventory is remain vital in the carbon
stock estimation for forest structure[7]. However, this
can be enhanced by the use of remote sensing
technology where it could reduce the intensive field
based sampling especially for larger forested area.
Wide range of active and passive remote sensing
technology that had been investigated by previous
researchers [8]-[14] can provide many advantages
for quantifying forest structure, monitoring and
mapping of aboveground biomass.

1.1 Double Sampling Approach and Remote Sensing

Double sampling approach for aboveground
biomass and carbon estimation had been applied
by previous researcher [15] that investigate the
relationship between ground based estimation with
Light Detection and Ranging (LIDAR) data and found
out that there is a strong relationship between
carbon and LIDAR with the ground based data with
the used of double sampling approach. Over the
past few decades, the use of LIDAR had raised an
interest among researchers in forestry and ecosystem
studies [8], [16]-[18]. Given the strong relationships
between carbon and LIDAR metrics, there s
excellent scope for using LIDAR in conjunction with
ground-based field measurements to provide
improved inventory estimates of carbon using a
double sampling approach.

Double sampling methods relafing to carbon
stocks assume that the population mean and total of
auxiliary variables are known [19]. This approach
need auxiliary variables , xi (LIDAR metrics)in phase
1.while y(carbon stock in ground plot) observe in
Phase 2 [15].

Where;

yi= carbon stocks for i plot

xi= means of jth LIDAR metric(auxiliary variable)

Xj'= means of jth LIDAR metric(n sub sample)

n'=number of units in first sample(which include second
sample)

n=no of units in second sample

1.2 Allometric Equation Calculation

There are a lot of equation that available that had
been develop by previous researcher for fropical
rainforest carbon estimation. Based on Table 1,
summarize the allometric equation for aboveground
biomass and carbon stocks estimation for the fropical

rain forest where some of the equation used height,
DBH as a predictor [4], [20], diameter only [6], [21],
wood density specific [4], [6] and the most recent,
using bioclimatic data for each place denotes as E
[4]. By means of the value AGB that had been
calculated from equation, the carbon stock of single
free were calculated by equation (2) using
conversion factor 0.47 as suggested by IPCC, which
represent 47% of dry of all biomass of the tree by
default value [22].

Total Carbon Stock (MgCha') = Total AGB x 0.47......
(4)

Table 1 Allometric Equation used for AGB/C calculation

Type of  Equation Reference
forest
AGBest [20]
MF = exp(—2.977 + In (pDBH? H))
AGB = exp ((2.59 In (DBH)) [23]
Ms - 2.75)
AGB,s, = 0.0829 x DBH?*% [21]
TLDF
In(AGB) = 2.196 x In(DBH) [6]
TLDF - 1.201
AGBest [4]
TRF = exp[—1.803 — 0.976E

+0.976In(p) + 2.673In(DBH)
—0.0299[In(D)]? ]

1/M_(I ) =1/(0.124 M_S"0.794 )
TLDF +1/125 o4
M, = 0.0313 x (DBH?H)%°733 [24]
M, = 0.136 x M°7°
AGB,g: Ms + Mb + MI

(MF = Moist forest, MS = Mixed species, TLDF=Tropical lowland
Dipterocarp Forest, TRF =Tropical rainforest, DBH =Diameter at breast
height, H=height, AGBest =Aboveground biomass estimation).

Nevertheless, according fo [25] fropical rainforest
hold the most extensive forest in the world with the
vast diversity of tree diversity with layered canopies
structure. This would give a challenging to estimate
the aboveground biomass and carbon stock. With
the advancement of remote sensing and geospatial
tfechnology, estimation of aboveground biomass can
provide spatial, radiometric, temporal, and also
quantitative measurement [26]-[28]. However, the
appropriate method should be refined, to estimate
the above ground biomass using a remote sensing
integration with the field measurement.

This paper will present the performance of double
sampling approach which is combination of field-plot
inventory data and LIDAR data estimation for tropical
lowland Dipterocarp forest of Ayer Hitam Forest
Reserve, Selangor, Malaysia. The main aim of this
investigation is to obtfain the relationship between
biophysical parameter field plots inventories data .In
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order to achieve this goal, hereby the objectives that
will be fulfill:

(a) To calculate the field data plots in a statistical
way using allometric equations,

(b) To determine the potential of LIDAR data in
double sampling forest aboveground biomass
and carbon stock inventories by linear
regression technique,

(c) To compare the use of field data plot and
combination with LIDAR data to quantify the
aboveground biomass and carbon stock.

2.0 EXPERIMENTAL DESIGN

Based on Figure 1 below, the research methodology
begins with identification of potential study area for
data collection. Then, LIDAR and WorldView3 data
was acquired at the study area. Next, free sampling
acquisition had done for the study area. After that,
calculation of aboveground biomass and carbon
stocks and double sampling regression will be done
and output the comparison between both method.

Aziinz LiDAR data Iree
research sampling
and WV3
area . data
acquisition collection

Total AG.IHC Double AGB/C
stock sampling stock
calculation calculation

Figure 1 Block diagram of the processes of the system

2.1 Study Area

The study area is located at Latitude 3°0024.19"N,
Longitude 101°38'25.24"E in the Ayer Hitam Forest
Reserve, Selangor State, Malaysia. This secondary
forest comprises of various species that dominant by
family tree from Dipterocarpacaea. Some of the
species available in this study area are listed as
Critically Endangered (CR) species, for an example,
Hopea Sulcata (Merawan meranti) [29].

Malaysia « .

ala L
Kuala Lumpus

qqqqq

Figure 2 A map of the location of the study area. a) Shows
the location of Selangor District, at Peninsular Malaysia, b)
shows a location of Ayer Hitam Forest Reserve Lowland
Dipterocarp forest covered by the WorldView-3 satellite
image data

2.2 Remotely-sensed Data

WorldView-3 imagery (0.3m. spatial resolution) used
as a base map of the study area was acquired on
9th December 2014. Figure 2b shows the whole Ayer
Hitam Forest Reserve covering by WorldView-3, eight
bands multispectral imagery.

The LIDAR data was acquired using a Eurocopter
120 on August 2013. The LiteMapper-Q560 that
consists of RIEGL LMS-Q560 laser scanner for LIDAR
scanner was mounted in the aircraft, along with the
Hassleblad digital camera.

2.3 Tree Sampling Data Collection

The sampling design that had been adopted was
using stratified random sampling. Rectangular plot of
2ha consist of 50 subplots (20 m x 20 m) had been
collected on May 2015. The dendrometric data
collection which is total height, bole height, crown
diameter, diameter at breast height (DBH) 1.3 m
height and species had been made. The height are
measured using DISTO DS laser ranger while the DBH
(1.3 m above ground height) was measured using a
DBH tape. During field data collection, a base station
of GPS (Global positioning system) observation was
established at the open space to get enough
satellite to provide the good differential to the study
area. Then, from the base station, supplementary
point were establish to the subplot area by traversing
using total station. Each of the GPS observation was
observed about 4 hours to reach mm. accuracy.

3.0 RESULTS AND DISCUSSION

3.1 Aboveground Biomass and Carbon Estimation
Based on Field Data

Appropriate equation to estimate the AGB needs to
be chosen properly according to the site suitability
and characteristic. Undeniably, the most accurate
method to estimate the AGB is by using destructive
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sampling[6]. Nevertheless, applying the allomeftric
equations is the typical methods to estimate the AGB
since it allow massive estimation of AGB without
destfruct the forest.

According to [30], using the generic model shown
that higher performance compared to local
allometric model. Based on the oufput calculation
shown by Figure 3 using six different type of equation,
[21] show the highest coefficient of determination, R2
which is 0.9981 followed by [6] = 0.9997, [24] = 0.9766,
[23] = 0.9958, [20] = 0.924 and finally [4] = 0.924.
Previous research by [4], using allometric equations
stratified by bioclimatic zones improve the precision
of AGB estimation subsequently be likely to be
establish on broader series of DBH and height. [4],
[20].

However, the allometric equation develop by [21]
shown the most highest result, supported by the
finding by [31] shown that this equation most affect
the dependent varioble compared to other
equations.
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Figure 3 Aboveground biomass using six different equations
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Figure 4 Aboveground biomass against height from the field

Carbon Stocks Estimation at Ayer Hitam Forest Reserve

Figure 5 Carbon stocks regression equation based on field
sampling

Figure 4 shows the dependent variable of height
against AGB showing that the taller the height of the
free, the higher AGB estimation. Based on the Figure
5, the carbon stocks estimation were calculate using
equation [4], [6]. [20], [21]. [23]. [24] and was
converted to carbon stocks estimation using
conversion factor equation (4).

3.2 Aboveground Biomass Estimation Based on
Double Sampling Ratio Estimation

Ground based estimates and ratio estimate of
carbon stocks using equation (1)-(3) are shown in
Table 2 while the ratio estimation of AGB/C stock is
shown in Table 3.

Table 2 Calculation of mean and standard deviation

Variable n Mean s.e Sum
x; 911 21.216 6.876 19348.94
x; 245 20.695 5.149 5070.38
y 245 20.210 5.167 15418.9

(s.e = Standard error, n = number of sample)

Table 3 Ratio estimation of AGB/C stock

Item Ground Based Regression Ratio of
estimate estimate regression
to ground
based
estimate
Mean s.e Mean s.e

AGB 20.210 5.166 20.695 5.149  0.976

(s.e = Standard error, AGB = Aboveground biomass)

3.2 Tree Height

A total of 245 free heights were measured during field
data collection and also height corresponding from
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LIDAR dataset. Based on the Figure 6, R? showed the
high value, which is 0.988 where about 98%
predicted compared to the actual value. Based on
T-test, there was no significance difference between
heights measured from field compared to estimate
from LIDAR dataset. T-test of tree height from field
and LiIDAR is shown in Table 4

R? Linear = 0.988

Ht_LIDAR

Figure & LIDAR free height (Ht_LIDAR) against field tree
height (Ht_m)

Table 4 T-test of free height from field and LIDAR

Test df Test stat P Value Correlation

T-Test 488 -1.041 0.918 0.991

There is no significantly different (p>0.05) between
height measured from field and height derived from
LIDAR. However, there is a strong correlation
between height measured from field and derived
from LiIDAR.

4.0 CONCLUSION

Based on the findings, there is a potential of using
airborne LIDAR to improve the aboveground biomass
and carbon stocks estimation for the lowland
Dipterocarp forest. However, measuring height by
using airborne LIDAR is very difficult especially for
dense area of tropical forest. The obstacle lies in
capturing intermingle free shadowed by lower
canopy layers. In order to improve the estimation of
the aboveground biomass and carbon stocks using
double phase sampling method, the regression of
mean height of the LIDAR would be the further
research as it would provide a low cost stratification
estimation using LIDAR data for a larger area of
forest.

A good relationship between LIDAR metrics and
field sampling data would become an excellent
scope for using LIDAR in conjunctfion with ground
sampling fo improve the inventory esfimates of
carbon using double sampling approach.
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