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Graphical abstract Abstract

This study aftempt to develop stand age model of rubber tree by using remote sensing
data. Rubber tree is one of the important biomass that has been considered as the
essential part in global warming reduction plan due to its beneficial carbon sequestration
capability. The spatial distribution of rubber tree based on different age was most
highlighted as the focus of this study. Felda Lubuk Merbau in state of Kedah has been
selected as a study area and Landsat 8 OLI-TIRS data was utilized to map rubber tree and
differentiate them based on age group. The relationship between vegetation indices
namely NDVI, SAVI and EVI to different age stages of rubber free were discussed.
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1.0 INTRODUCTION

The issue of climate change becomes more popular
nowadays. The impacts of this phenomenon have
been globally perceived and actions fo overcome this
mafter have been initiated [1]. Greenhouse gas,
especially CO2 emitted from industrial, transportation
and land conversion has become the main agent
causing the global warming [2, 3, 4].

Forest ecosystem plays an important role as the
global carbon pool, because the dynamic cycle of
terrestrial carbon dominantly occurs here [5, 6]. As one
of the terrestrial forest ecosystem, rubber tree plays an
important role in climate change mitigation. The free
itfself can be functioned both as the carbon absorber
and provider (in the form of biomass) [7].

On the other hand, the conversion from natural
forest to rubber plantation in significant amount has
become as serious issue in Southeast Asia. This
condition greatly affects water balance, carbon cycle
and biodiversity [8]. Therefore, mapping and
monitoring become important to estimate the level of
impact from rubber expansion to ecological condition.

The remote sensing system is very suitable to be
utilized in this application. The excellence of remote

sensing in capturing earth surface features will tackle
the commonly fime and labor consuming problems in
this kind of study. Various types of vegetation indices
generated from remote sensing image such as NDVI,
SAVI and EVI, have been used by many researches to
develop model and to analyses vegetation features
like phenology, biomass and carbon cycle [?].

This paper will focus on analyzing the distribution of
rubber tree, especially in Felda Lubuk Merbau, Kedah
Malaysia. The rubber tree distribution map will be
generated by model based on relationship between
spectral reflectance of Landsat 8 image and rubber
free stand parameter. The other objective of this study
is to examine the fittest model which can describe the
relationship between spectral characteristics and
vegetation indices derived from remote sensing image
with different age group of rubber tree

2.0 LITERATURE REVIEW

The Pard rubber tree (Hevea brasiliensis) naturally
comes from Amazon Basin of South America. Rubber
has become a major forest commodity. The expansion
of rubber plantation is very rapid, especially in China
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and Southeast Asia region [10, 11]. The high demand
of rubber product is one of the reasons [12, 13]. The
other reasons might relate with the recent important
issues, namely climate change and renewable energy.
The rubber plantation has been considered as the
essential part towards global warming reduction plan
due fo its carbon sequestration capability. With ifs
economic life and carbon storage capability, rubber
frees considered as secure sources of green energy [7].

3.0 METHODOLOGY

Several main steps before the data is ready to be
analyzed include image pre-processing, image
processing and model generation.

3.1 Study Area

This study has been carried out in the Felda Lubuk
Merbau, which located in the north-western part of
Peninsular Malaysia, within the administrative region of
Sik in the State of Kedah. The entire location of this site
is between 5°57'54" to 6°2'6” North and between
100040'48" to 100°44'24" East. The area of this site is
about 2,906.41 Ha and almost 50% of the land has
been planted with rubber in 2014. Figure 1 shows the
location of study area

Figure 1 Location of study area

3.2 Remote Sensing Images

Landsat 8 OLI-TIRS satellite image has been used in this
study. The level 1 product of this satellite image was
downloaded from http://glovis.usgs.gov/. This is the
latest series of Landsat satellite program launched in
2013 and carried two sensors: the Operational Land
Imager (OLl) and the Thermal Infrared Sensor (TIRS). The
OLI sensor has nine bands with 30 m spatial resolution
for all bands (coastal/aerosol, blue, green, red, NIR,
SWIR-1, SWIR-2 and Cirrus), except the 15 m

panchromatic band, while the TIRS has two thermal
bands (TIR 1 and TIR 2) with 100 m spatial resolution.
The temporal resolution of this remote sensing system is
16 days. The image acquisition date was on March 2nd,
2015. The selection was based on minimum cloud
cover percentage and compesate with field
campaign period (Figure 2).

Figure 2 Selected Landsat 8 image

3.3 Ground Measurement

Field work was conducted in February 2015. A total 196
samples has been taken from eight plots. 30 x 30 m
rectangular plots were designed to accommodate the
spatial resolution of Landsat image. Those plots were
randomly distributed based on different age group of
the free (Figure 3). The plofs were placed in two
different land characteristics such as lowland flat area
and hilly with slope area. The field work includes
measurement of free stand parameters like diameter
at breast height (DBH) and free height (Figure 4).

Figure 3 Sample distribution
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3.4 Image Pre-Processing

The pre-processing includes radiometric correction
process. The final result of this process is image with Top
of Atmosphere (TOA) reflectance value which more
suitable in  generating vegetation indices. The
conversion of Landsat DN value to TOA reflectance
with sun angle correction is using the following formula:

PA=(MQea + As)/siN( Ge) (1)

where
PA = TOA planetary reflectance with sun angle
correction
Mo = Band-specific multiplicative rescalling

factor from metadata

Qca = Digital Number (DN)

Ao = Band-specific additive rescalling factor
from metadata

Ose = Local sun elevation angle

Figure 4 DBH measurement

3.5 Image Processing

There  vegetation indices namely Normalized
Difference Vegetation Index (NDVI), Soil-Adjusted
Vegetation Index (SAVI) and Enhanced Vegetation
Index (EVI) were derived from Landsat 8 image with
the following formula [14, 15, 16, 17]:

NDVI = (NIR — Red )/(NIR + Red) (2)
SAVI = (NIR — Red) /(NIR + Red + L) * (1+ L) (3)

EVI =G *[(NIR — Red) /(NIR + C1* Red - C2* Blue + L)]
(4)

where:

NIR = Landsat 8 near infrared band (Band 5)

Red = Landsat 8 red band (Band 4)

L = Soil adjustment factor based on
vegetation density

C1 and C2 = Coefficient for aerosol scattering
correction

Blue = Landsat 8 blue band (Band 2)

3.6 Model Generation

The statistical-based correlation analysis has been
widely used to develop model and examine the
relationship  between satelite image  spectral
reflectance and radar backscattering to stand
parameter or biomass [18, 19]. The predictor variables
are the individual Landsat 8 OLI bands and three
vegetation indices (NDVI, SAVI and EVI) (Table 1). The
Pearson’s correlation coefficient is used to determine
the level of relationship between predictor and
response variables.

Table 1 List of predictor variables

Variables Utilized bands Label
Individual
Landsat8 Band 1-9 B1-B9

band

NDVI (Band 5 - Band 4)/(Band 5 + Band 4) i

(Band 5 - Band 4)/(Band 5 + Band 4 +
SAVE 0 5)%(140.5) VI2
* _ *
EV] 2.5%[(Band 5 - Band 4)/(Band 5 + (6*Band Vi3

4)- (7.5*Band 2) + 1)]

4.0 RESULTS AND DISCUSSION

4.1 Characteristics of Samples

A total 196 samples has been taken from eight plofts.
We can differentiate the frees based on four age
groups; 5, 10, 15 and 20 years old free. The average
DBH ranged from 47.57 to 84.31 cm, while the average
height ranged from 6.58 to 7.27 m (Table 2 and Figure
5).

Table 2 Summary of samples

Plot no. Number Age Average Ayercge
of sample group DBH (cm) height (m)
1 26 10 84.31 7.08
2 11 10 72.06 6.98
3 10 15 71.79 7.15
4 29 15 75.88 7.2
5 30 20 77.36 7.34
6 31 5 52.05 6.93
7 30 20 70.15 7.27
8 29 5 47.57 6.58
Total 196
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Figure 5 Variations in DBH and height within different tfree age
group

Based on the logaritmic regression, there is no strong
correlation between each stand parameter (Table 3).
The strongest relation is between age group and DBH.
But with 0.2498 on its R-squared, it is not convincing
enough to state the relationship between age group
and DBH.

Table 3 Relationship between stand parameters

Age DBH Height
Age
y=17.645Ln(x)+25.485
DBH
R2=0.2498
y=33.535Ln(x)-52.899 y=98.941Ln(x)-125.49
Height

R?2=0.1724 R2=0.1385

4.2 NDVI, SAVI and EVI Characteristics

The SAVI and EVI showed similar on minimum value,
while NDVI and EVI are very close in maximum value
(Table 4). Figure 5 depicts the map of each VI. The
SAVI and EVI show similar arrangements. On the other
hand, the NDVI map shows greener color objects
(Figure 6).

Table 4 NDVI, SAVI and EVI value of Landsat 8

Vegetation

Index Min Max Mean SD

NDVI 0.008155 0.829335 0.648678 0.117276

SAVI 0.004724 0.603855 0.399462 0.077788
EVI 0.005459 0.890689 0.561399 0.121601

4.3 Relationship Between Stand Parameters and
Spectral Reflectance

In  general, the relafionships between stand
parameters and spectral reflectance are weak. All of
the correlation coefficients are showing insignificant
value (Table 5). However, all Landsat 8 visible and

short-wave infrared bands are having a slightly
stfronger correlation with the age group. The highest
correlation coefficient (R2=0.4912) was found between
age group and Band 6 (SWIR-1; 1.566-1.651 um).

The similar condition also found in previous research.
Weak correlations between stand age, DBH, height
and Landsat 5 TM bands were experienced by
Suratman in 2005. The only difference is that negative
relationships were produced in his study. | his study, the
highest correlation coefficient value (RZ = -0.6) were
found between DBH and Band 4 (NIR; 0.75-0.90 um).
The difference characteristic of bands between
Landsat 5 and 8 was probably caused this. A further
study is required for a befter understanding on how
different tree stages respond to Landsat spectral
bands.

4.4 Stand Age Group Modeling

The model developed in this study is an individual
model which solely based on stand age and spectral
reflectance relationship. There are three models being
proposed based on the strongest relationship (Table 6).
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Figure 6 NDVI, SAVI and EVI map generated from Landsat 8 image
Table 5 Correlations between stand parameters and spectral reflectance
Band 1 Band 2 Band 3 Band 4 Band 5 Band 4 Band 7 NDVI SAVI EVI
Age group 0.4295 0.4586 0.4135 0.4099 0.0886 0.4912 0.4335 0.2874 0.1308 0.1464
DBH 0.1131 0.104 0.0111 0.0603 0.053 0.0569 0.0524 0.0577 0.0271 0.0387
Height 0.06 0.0566 0.0261 0.0228 0.0838 0.0167 0.0146 0.0232 0.0011 0.0231
Table 6 Comparison of stand age model
Model No. Formula R2
) y=0.0001xI(2-0.0034)x+0.0983] 0.4586
y=0_0007x[(2—0.01 68)x+0.2317] 0.4912
y:O_0004x[(2*0.0099)x+0.] 142] 0.4335

— 1 Syt [N 10 your [ 15 yeor [ 20 year [T Moo vegetason o

10002000 Al0 6000

Figure 7 Rubber trees distribution map generated from models
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Three rubber distribution maps were generated based
on the model (Figure 7). Each map shows different
characteristics. The map form Model 2 seems to have
the least accuracy. Several non-vegetation areas in
the center to the south were misclassified as rubber.
Meanwhile, the other two models classify those areas
as non-vegetation. Model 1 showed a dominant
distribution of 15 years rubber in north, while Model 3
has 10 years rubber prevalently spread in the same
area.

5.0 CONCLUSION

This study demonstrated the capability of Landsat 8
OLI-TIRS spectral bands to determine different stages of
rubber frees. The conclusions for this research are as
follows:

1. There no significant correlations between stand
parameters, Landsat 8 OLI-TIRS bands and
vegetation indices. However, slightly better
relationships were founded between rubber free
age group, visible and shortwave bands.

2. Rubber distribution maps based on different age
group were successfully generated from the
model. However, there are sfill some
misclassifications which might cause under- or
over-estimation.

These three models are not yet to be validated. A

further study on combining more than one spectral

band and vegetation index is required to improve the
correlation and increase the accuracy of results.
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