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Abstract: Rubber plantations in southeast Asia have grown at an unprecedented rate in recent
decades, leading to drastic changes in regional carbon storage. To this end, this study proposes a
systematic approach for quantitatively estimating and assessing the impact of rubber expansions
on regional carbon storage. First, using Sentinel-1 and Sentinel-2 satellite data, the distributions of
forest and rubber, respectively, were extracted. Then, based on the Landsat time series (1999–2019)
remote sensing data, the stand age estimation of rubber plantations was studied with the improved
shapelet algorithm. On this basis, the Ecosystem Services and Tradeoffs model (InVEST) was applied
to assess the regional carbon density and storage. Finally, by setting up two scenarios of actual
planting and hypothetical non-planting of rubber forests, the impact of the carbon storage under
these two scenarios was explored. The results of the study showed the following: (1) The area of
rubber was 1.28 × 105 ha in 2019, mainly distributed at an elevation of 200–400 m (accounting for
78.47% of the total of rubber). (2) The average age of rubber stands was 13.85 years, and the total
newly established rubber plantations were converted from cropland and natural forests, accounting
for 54.81% and 45.19%, respectively. (3) With the expansion of rubber plantations, the carbon density
increased from only 2.25 Mg·C/ha in 1999 to more than 15 Mg·C/ha in 2018. Among them, the carbon
sequestration increased dramatically when the cropland was replaced by rubber, while deforestation
and replacement of natural forests will cause a significant decrease. (4) The difference between the
actual and the hypothetical carbon storage reached −0.15 million tons in 2018, which means that the
expansion of rubber led to a decline in carbon storage in our study area. These research findings can
provide a theoretical basis and practical application for sustainable regional rubber forest plantation
and management, carbon balance maintenance, and climate change stabilization.

Keywords: rubber plantation; time series; shapelet; carbon storage; InVEST model

1. Introduction

Carbon sequestration in terrestrial ecosystems is critical to the effects of carbon dioxide
(CO2)-driven global climate change [1–3]. As an important part of the terrestrial ecosystem
and the largest carbon pool, the annual carbon sequestration of forests accounts for about
two-thirds of the entire terrestrial ecosystem, playing an important role in reducing the rise
in atmospheric CO2 concentration and stabilizing global climate change [4,5]. Therefore,
the study of carbon storage in the forest ecosystem is a hotspot of carbon neutralization
research and focus of current global climate change research [6]. However, today’s research
is mainly focused on the carbon stock of primary natural forests, and relatively less research
has been conducted on the carbon sink balance of the artificial forests, which accounts for
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seven percent of the world’s overall forest area [5,7]. Therefore, it is necessary to study the
change in carbon storage in key plantation forest types.

Rubber forests, as the second largest tropical plantation ecosystem after oil palm [8],
are planted for their large economic value, and they have a strong carbon sequestration
capacity that plays an important role in the economic development and ecosystem ser-
vice value [9,10]. Southeast Asia is the world’s major natural rubber growing region
because of its suitable climate and growing conditions, accounting for more than 80%
of the global natural rubber forest plantation area [11,12]. With the rapid development
of economic globalization, the importance of rubber products in the national economy
is increasing, the rigid demand for natural rubber is growing, and the planting area of
rubber is expanding [13,14]. According to the statistics, the area planted with rubber
forests in Thailand increased by nearly 800% from about 400,000 ha in 1961 to more than
3 million ha in 2017 [15]. However, most rubber forests are planted at the expense of the
primary tropical rainforests or secondary forests, which inevitably leads to a certain loss of
carbon sinks [7,16,17]. In addition, the deforestation of the tropical rainforest caused by
rubber forest plantations will inevitably lead to the continuous reduction in the tropical
rainforest-based biological habitat, the gradual reduction of soil and water conservation
capacity, regional environmental degradation, and serious damage to biodiversity and
the ecological environment [18–21]. Therefore, it is of great significance to understand the
quantitative impact of rubber forests on carbon storage for the rational development of
rubber plantations, the protection of forest ecosystems, the maintenance of the carbon sink
balance, and the stability of climate change.

The age information of rubber is the key parameter of carbon storage assessment
and can improve the accuracy of rubber carbon storage estimation [7]. Traditional rubber
forest age monitoring is mainly based on the ground survey of sampling theory, which
is time-consuming, labor-intensive, not comprehensive, and may be less accurate for
regional estimations [10,22–25]. Access to information about the age of rubber on each
plantation is even more difficult in areas where rubber plantations are small, fragmented,
flexible cropping systems, with high variability in planting status, and which are mainly
established and managed by smallholders, e.g., in Thailand, where an estimated 90%
of rubber is produced by smallholders [16]. With the development of earth observation
technology, remote sensing, which is macro, rapid, dynamic, and rich in information
acquisition capacity, has been used to map rubber plantations and become an effective
means of extracting age information from rubber in recent years [10,22,26,27].

The methods for age identification of rubber forests using remote sensing can commonly
be divided into four main categories: post-classification comparison (PCC) [28], threshold
method [29,30], regression method [10,23,25], and trajectory analysis method [14,31]. The
PCC method first extracts rubber results at different times and then analyzes the classifi-
cations by superposition and statistics to obtain the age of rubber forests [32]. However,
images of key phenological periods are often not available owing to the frequent cloud
cover in tropical regions. In most cases, because of the extreme spectral similarity between
rubber and natural forests, classification errors may result in high uncertainty of the rubber
forest change detection and age extraction [15,33,34]. The threshold method sets certain
thresholds to extract change information according to the pattern of vegetation indices
(VIs) over time [29,30]. However, the threshold value of the VIs may fluctuate owing to the
different rubber species, phenological period, or geographical environment, and setting a
specific threshold value may cause some uncertainty in the extraction of the age informa-
tion [18]. The regression method estimates stand age by establishing a regression model
between spectral bands, vegetation indices or backscatter coefficients of synthetic aperture
radar (SAR) images, and stand age of rubber [23,25]. However, because the coefficients
saturate after a certain stand age, the reflectance values of young and open canopy stands
are likely to be influenced by ground cover crops, and the regression method may seriously
overestimate young stands and underestimate old stands. Compared with the previous
three methods, the trajectory analysis method is considered more robust to inherent noise in
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the data (e.g., interannual variation) and has become an important research hotspot for the
extraction of land-related type change information [14,22]. The trajectory analysis method
also contains many algorithms, such as Landtrendr [35] and shapelet [14] to extract the age
of rubber forests. However, these algorithms require a large amount of storage and incur
high computational costs. Fortunately, with the free sharing of the Google Earth Engine
(GEE) remote sensing cloud computing platform [36,37], which provides fast processing
and analysis of massive remote sensing data, there is strong technical support for the
real-time processing of large-scale and long-term remote sensing data. Therefore, combined
with long time series satellite remote sensing data and GEE cloud platform, the relevant
algorithms of the trajectory analysis method can be developed to achieve the identification
of rubber tree age and pre-conversion land cover in large areas.

For the carbon storage of rubber forests, traditional estimation methods, such as the
stockpile method, biomass method, and box method for the field monitoring of carbon
storage, are clear and explicit, easy to apply, and more widely used [38,39]. However,
because of the inconsistency of measurement methods, sampling locations, and study
scales, the results vary and cannot accurately reflect the changes in carbon storage over
long periods of time and large scales. With the development of information technology,
remote sensing biomass estimation transformation methods and remote sensing-driven
model simulation methods have emerged [40–43]. However, these methods either need
extensive ground survey data to support them or have problems with complicated model-
driven data [40,44]. With the carbon storage model of the Integrated Valuation of Ecosystem
Services and Tradeoffs model (InVEST) proposal [45,46], more and more scholars at home
and abroad have started to use the carbon storage module [47] of the InVEST model to
estimate regional carbon storage in terrestrial ecosystems [48–50]. Compared with the
traditional carbon storage estimation methods, the carbon module of InVEST has the
advantages of simple and easy access to driving data (e.g., types and carbon densities
of the land use/land cover (LULC)), simple operation, fast running speed, and strong
visibility of output results. It can realize mapping of spatial distribution and dynamic
changes of carbon storage [41] and reflect the relationship between land-use change and
carbon storage under different scenarios [9]. However, existing studies [50–52] generally
focus on the effects of all types of LULC on total carbon stock, and relatively little research
has been conducted on the effects of single land-use types (e.g., rubber forests) on total
carbon storage, which may be important for forest carbon neutralization [19]. In addition,
the existing studies [50–52] on carbon storage estimation in rubber forests are basically
converted from biomass by assuming a constant value or approximating the multi-year
average rate, which will inevitably lead to large uncertainties in the actual carbon storage
simulations. Therefore, using the age data of rubber, the InVEST model can improve the
temporal dynamic evolution of carbon storage in the rubber forest, improving the accuracy
of carbon storage simulation to a certain extent.

Thus, this study takes northeast Thailand, where rubber plantations are expanding
rapidly, as an example to assess the impact of spatial and temporal changes in rubber
planting on carbon storage over the past two decades. The objectives of this study are
(1) to develop an algorithm for mapping the stand ages of rubber plantations and identify
the land-cover types prior to rubber plantation conversion; (2) to analyze the spatial and
temporal patterns of carbon sequestration under the expansion of rubber plantations using
the InVEST model; and (3) to explore the differences in carbon sequestration processes
between planted and non-rubber-planted conditions.

2. Materials and Methods
2.1. Study Area

The province of Loei is located in northeast Thailand with elevation ranging from 100
to 1798 m (Figure 1). This area features a humid subtropical monsoon climate with two
main seasons: a rainy season from May to October and a dry season from November to



Remote Sens. 2022, 14, 6234 4 of 22

April. The southwest monsoon brings abundant precipitation to the study area, and the
heavy rainfall is concentrated in August or September [36].
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Figure 1. The location and spatial distribution of digital elevation model (DEM) of Loei Province, Thailand.

Traditionally, northeastern Thailand has been an important cultivation area with fewer
rubber plantations. Encouraged by an active government policy for rubber plantations since
2003, the rubber plantation area has expanded rapidly in northeastern Thailand [33]. As a
result, rapid land use and land cover change has taken place in most of its territory. Many
patches of natural forest and cropland have been encroached on by rubber plantations,
which can nowadays be found all over Loei from the highland areas down to the low-lying
plains [16]. Therefore, it is of great practical value to assess the rubber plantations impact
on carbon storage in the study area for the development of sustainable rubber plantations
and forest conservation.

2.2. Data
2.2.1. Remote Sensing Data and Preprocessing

• Sentinel-1 data and preprocessing

A total of 170 scenes of Sentinel-1A and Sentinel-1B interferometric wide swath ground
range detected (GRD) images of 2019 from the GEE platform [53] were used to generate a
forest map (including rubber plantations). The Sentinel-1 data in GEE were pre-processed
with the Sentinel-1 Toolbox using orbit metadata update, GRD border noise removal,
thermal noise removal, radiometric calibration, and terrain correction [36]. The final terrain-
corrected digital number (DN) values were converted to decibels (dB) in each pixel via log
scaling 10log10(DN). A Refined Lee filter was applied to de-speckle the images. Two addi-
tional indices, including (1) the ratio of the dual polarization of vertical transmit and vertical
receive (VV) to vertical transmit and horizontal receive (VH) dB data (Ratio = dBVV/dBVH),
and (2) the difference between VV and VH dB data (Difference = dBVV − dBVH), were also
calculated for each image. The annual mean value indicators (i.e., VV_mean, VH_mean,
Ratio_mean, and Difference_mean) were generated for forest mapping, since the mean
images can reduce the geometric and radiometric distortion of Sentinel-1 SAR images [54].

• Sentinel-2 data and preprocessing

Four Sentinel-2 Level 1C data (tile: 47QQU, 47QQV, 47QRU, 47QRV) were downloaded
from the European Space Agency’s (ESA) Copernicus Scihub [55]. The acquired Sentinel-
2 data were obtained on 23 March 2019. Radiometric and geometric corrections were
conducted to acquire top-of-atmosphere (TOA) reflectance. We conducted atmospheric
correction and obtained surface reflectance using ESA’s Sen2Cor in Sentinel Application
Platform (SNAP) 7.0 software [56]. The spatial resolution of Sentinel-2 data varies from 10
to 60 m. Bands of 1, 9, and 10 were excluded from the dataset owing to their sensitivity to
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aerosol and clouds and their spatial resolution (60 m). Then, the images were resampled
at 10 m using a bilinear method [56]. In all, 33 spectral indices were calculated based
on the surface reflectance [57], including the Normalized Difference Vegetation Index
(NDVI) [58], the Enhanced Vegetation Index (EVI) [59], and the Red-edge Normalized
Difference Vegetation Index 1 (NDVIre1) [60]. A full list detailing all spectral indices can be
found in the Supplementary Material (Table S1). Eight textural features were derived using
a gray-level co-occurrence matrix (GLCM) [61], including mean (MEAN), variance (VAR),
homogeneity (HOM), contrast (CON), dissimilarity (DIS), entropy (ENT), angular second
moment (ASM), and correlation (COR).

• Landsat data and preprocessing

We obtained cloud-free Landsat thematic mapper (TM), enhanced thematic mapper
plus (ETM+), operational land imager (OLI) images spanning 1999–2019 with one image
per year for the study region (worldwide reference system 2 (WRS-2) path/row = 129/48)
(Table 1). To reduce the errors and uncertainties caused by different months and clouds/rain,
cloud-free satellite images were only collected for the dry season (mid-October to mid-May
of the following year). The Landsat data were downloaded from the USGS [62]. Radio-
metric calibration, atmospheric correction, and geometric correction were conducted for
each image. All acquired data were georeferenced in the WGS_84_UTM_ZONE_47N, and
additional relative geometric corrections were also conducted to improve the geometric
consistency of image time series. For the year 2012, we gap-filled the Landsat 7 scan lines
corrector off (SLC-off) data using the neighborhood similar pixel interpolator method [63].
The NDVI was calculated for each image to build the interannual time-series image stack.
Several studies [11,32,64,65] have utilized the NDVI as a monitoring indicator of tropical
forest disturbance.

Table 1. List of Landsat images used to build the time-series stack.

Year Date Sensor Year Date Sensor

1999
2000
2001
2002
2003
2004
2005
2006
2007
2008
2009

1999/11/16
2000/11/10
2001/1/05
2002/11/08
2003/3/16
2004/11/5
2005/11/24
2006/11/27
2007/1/14
2008/3/5
2009/3/8

ETM+
TM
ETM+
ETM+
ETM+
TM
TM
TM
TM
TM
TM

2010
2011
2012
2013
2014
2015
2016
2017
2018
2019

2010/2/23
2011/1/25
2012/4/25
2013/11/30
2014/1/17
2015/1/4
2016/4/12
2017/2/10
2018/2/13
2019/4/21

TM
TM
ETM+
OLI
OLI
OLI
OLI
OLI
OLI
OLI

2.2.2. Ground Reference Data

Ground reference data were acquired from random sample points generated in ArcGIS
10.5 [9] and were checked by visual interpretation based on Google Earth high resolution
images. A total of 1700 sample points were generated, and those at the boundary between
the two categories were eliminated. Finally, a total of 1628 sample points were selected for
training and validation, including 352 natural forest points, 504 rubber plantation points,
458 cropland points, 74 water body points, and 240 built-up points.

In the mapping of the forest, the sample points of the rubber forest and natural forest
were merged into “forest” sample points. Of the sample points, 70% were used to train the
forest extraction algorithm for mapping the forest/non-forest base map, and the remaining
30% were used for accuracy verification [34,36]. After generating the forest base map,
70% of the rubber forest and natural forest samples were used to train the rubber forest
extraction algorithm, and the remaining 30% were used for accuracy verification of the
rubber forest extraction results.
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The validation of the rubber forest age was difficult because of the few year-by-year
Google Earth high-resolution images from 2000 to 2019. Therefore, the age of rubber was
divided into five groups for accuracy verification, with the age composition of 1–5 years
(2014–2018), 6–10 years (2009–2013), 10–15 years (2004–2008), 16–19 years (2000–2003),
and ≥20 years (before 2000). In combination with Google Earth historical high-resolution
images, 3678 validation points were randomly selected for the accuracy validation of rubber
forest age results.

2.2.3. Carbon Density Data of Different Land Cover Types in Different Years

Because it is difficult to measure carbon storage in rubber forests and primary tropical
rainforests, this study referred to the Intergovernmental Panel on Climate Change’s (IPCC)
2006 methodology [66] for determining greenhouse gas inventories in the agriculture,
forestry, and other land use (AFOLU) sector, the calculation methods and result criteria for
carbon storage of agricultural and forestry land (updated and refined in 2019) [67], and the
data from related studies on rubber forest carbon storage [7,68].

Since this study focused on the annual change in carbon storage in the process of
rubber planting, the aboveground biomass and belowground biomass ratios of rubber
forests were variable dynamic values with reference to the relevant calculation methods
and result criteria in the IPCC report in the forest sector [67]. The annual increases in the
aboveground and belowground biomass of natural forests were set as 3 Mg·C/ha and
1 Mg·C/ha, respectively, and the type of cropland was set as a fixed value after referring
to the relevant literature [69]. Finally, the reference carbon density values for different
planting years of rubber forests, the natural forest, and cropland in this study were formed
and are displayed in Table S2.

2.2.4. Auxiliary Data

The digital elevation model (DEM) data were available from the NASA SRTM V3
digital elevation products [30]. The spatial resolution of these data was 30 m. These DEM
products were directly used to analyze the distribution characteristics of rubber forests in
terms of altitude.

2.3. Methods

A systematic approach for quantitatively assessing the impact of rubber expansions
on regional carbon storage was proposed in this study. Our method consisted of five main
stages (Figure 2): (1) mapping the forest distribution of 2019 using Sentinel-1 time-series
satellite data; (2) extracting the rubber forest by integrating Sentinel-1 and Sentinel-2 data;
(3) identifying the rubber planting year and pre-conversion land cover; (4) estimating the
carbon storage using the InVEST model; and (5) assessing the impact of rubber expansions on
regional carbon storage under actual planted and hypothetical non-rubber-planted scenarios.

2.3.1. Rubber Plantation Delineation by Integrating Sentinel-1 and Sentinel-2 Data

The random forest (RF) algorithm [70] and Sentinel-1 10 m data (VV_mean, VH_mean,
Ratio_mean, and Difference_mean images) were used to classify forest from other land-
cover types (cropland, water, and built-up). The number of decision trees was set at 100,
and the number of variables per split was set at the square root of the number of variables.
Finally, the forest map with 10 m resolution was obtained by merging non-forest categories
and then used to derive rubber plantations from natural forests in 2019.

The annual mean value indicators of Sentinel-1 data, spectral indices, and the textural
features of Sentinel-2 data were combined to derive rubber plantations. The mean decrease
in Gini (MDG) was used to measure a feature importance, and the out-of-bag (OOB)
score determined which Sentinel-2 features were involved in the classification process.
Finally, 13 spectral indices (NDWI2, BAI, B3, NDVIre1, B8A, GI, NDVIre2, LAnthoC, B4, B5,
Chlorgreen, DVI, and SR-BlueRededge1—the full list detailing the feature importance of
spectral indices can be found in Figure S1), and 4 textural features (HOM, ENT, ASM and
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COR) were selected to identify rubber plantations combined with Sentinel-1 mean features
in 2019.
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Ground reference data described in Section 2.2.2 were used in confusion matrices [71]
to assess the accuracy of forest/non-forest and rubber plantation maps, including overall
accuracy, kappa coefficient, producer accuracy, and user accuracy.

2.3.2. Shapelet-Based Planting Monitoring of Rubber Plantations

Once the rubber plantation mask was conducted, each rubber plantation pixel pos-
sessed an NDVI interannual time series with 21 time points T = {T1, T2, . . . , T20} from
1999 to 2019. T1, T2, . . . , T21 were arranged in chronological order. Figure 3 shows the
temporal changes in the annual NDVI for three scenes. A rubber pixel NDVI series may be
characterized as stable high (i.e., rubber planted before 2000) (Figure 3a) or could suddenly
decline and then increase owing to the land clearing and planting preparation and the
typical open canopy period of the juvenile rubber tree cover (Figure 3b,c). Therefore, the
unique subset of the NDVI time series representing the time period of planting event
characterization was used to distinguish the rubber plantations that lasted for 20 years
from the rubber plantations converted from other land-cover types.
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Figure 3. Inter-annual NDVI time series with related Landsat imagery (RGB = 3-2-1 for Landsat
TM/ETM+, RGB = 4-3-2 for Landsat OLI) for (a) rubber plantations that last for 20 years, (b) rubber
plantations converted from cropland, and (c) rubber plantations planted after natural forests are
cut down.

A shapelet algorithm was applied to detect the unique characteristics of clear-cut
fields and newly cultivated rubber plantations in the rubber NDVI time series [11]. The
shapelet consisted of two main steps: (1) shapelet detection and (2) time-series classification.
The detection step found the most representative “shapelet” of a time-series category
by searching all possible shapelet locations in one image time series, whereas the time-
series classification distinguished between rubber plantations that have remained intact
for 20 years and those where planting activities have occurred. A candidate shapelet is
characterized by two time-position parameters: s is the starting point of the shapelet, and
w is the width of the shapelet. A shapelet is a continuous subsequence of a time series, and
the remaining time points belong to a non-shapelet. Both the minimum shapelet width
and the minimum non-shapelet width were set to 3 time points (3 years). A separation
metric called GAP [72] (i.e., the difference between the mean and standard deviation of the
non-shapelet group and the candidate shapelet group) was used to find the final “shapelet”
among the shapelet candidates. A paired-sample t test was used to detect the discrepancy
between the shapelet and non-shapelet and to construct a decision tree (for details, see [11]).
For this study area, we used α = 0.01, and the threshold was t(18,0.99) = 2.552. The parameter
α is the significant level for the t-test. A lower α value means that the time series for a
rubber pixel has a higher discrepancy between its shapelet and non-shapelet segments,
i.e., rubber plantation activity has occurred.

As shown in Figure 3, the dashed rectangles represent the detected shapelet of the
rubber time series. Because of the absence of disturbance in the intact rubber plantation
example, the NDVI value of the shapelet was very similar to that of the non-shapelet
(Figure 3a). Accordingly, the discrepancy between its shapelet and non-shapelet segments
was low with t * = 1.521, which was lower than the threshold (t = 2.552). Figure 3b shows
an example of rubber plantations converted from cropland and Figure 3c shows rubber
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plantations planted after natural forests were cut down. These two rubber plantation con-
version scenarios had a relatively longer period of consistently and significantly low NDVI
values of non-vegetated timespan, which is related to the land clearing, land preparation,
and open canopy period typical of juvenile rubber tree cover. As a result, the t test showed
that the rubber plantation pixels with planting events had a t statistic (t * = 16.423 and
t * = 5.428) higher than the threshold.

Using the shapelet as the smallest unit of analysis captures the continuous process of
true change or the constant state and reduces the effects of noise owing to seasonal and
radiometric changes. For further details and applications of shapelets, see [11].

In the same way as the verification of the forest mapping, the accuracy of rubber age
was validated based on the confusion matrix [71] and reference data.

2.3.3. Rubber Planting Year and Pre-Conversion Land Cover Identification

After the shapelet detection and time-series classification algorithms were performed,
each time-series rubber plantation pixel was assigned a shapelet. Year of deforestation (YD)
was defined as the starting time point of a shapelet. The last vertex in the shapelet was
recorded as the year of rubber planting (YRP) because only the latest vertex was associated
with a rubber planting event, where “vertex” was defined as a point that met the condition
of that the value of the point is smaller than that of both the previous and the next time
points ({Tx|Tx < Tx−1 and Tx < Tx+1}).

In order to identify the pre-conversion land cover (PCLC), the interval between YD
and YRP was calculated and called the planting temporal interval (PTI). The PTI varied
owing to the different land-cover status (i.e., natural forest or cropland) prior to planting
rubber [11]. If the PTI was short enough (Figure 3c showed only 5.2 years), it implied
that the rubber plantation was established shortly after the deforestation events, and
therefore, the PCLC was “natural forest”. Otherwise, the non-forest status existed before
the rubber was planted, so the PCLC was “non-forest”, i.e., cropland. The threshold
for PTI (3 years) was determined based on the manual statistical analysis of extensive
NDVI time-series (1387 samples). However, PTI alone cannot fully describe the complex
rubber planting process (flexible cropping system, high variability in planting status, and
fragmentation) [13]. Therefore, we introduced NDVIinitial, the NDVI value of the first time
point before the shapelet, to the PCLC identification process. The PCLC was identified
with the decision rule that if PTI is less than or equal to 3 years and NDVIinitial is greater
than or equal to 0.5869 then the PCLC is natural forest, otherwise PCLC is cropland.

The threshold for NDVIinitial (0.5869) was selected based on the statistical analysis of
50 regions of interest (ROIs) for rubber plantations (25 ROIs converted from natural forest
and the remaining 25 from cropland). The NDVIinitial range of cropland fluctuates widely
in southeast Asia because of the flexible cropping system, while the NDVIinitial value of the
natural forest is more stable owing to consistently high cover, so we set the lowest value of
NDVIinitial of the natural forest (0.5869) as the NDVIinitial threshold.

2.3.4. Carbon Storage Estimation Based on InVEST Model

The simulation and assessment of carbon storage in rubber forest in this study were
implemented using the InVEST model [9,45,73], which has been widely used to estimate
various ecosystem services [45,47]. The carbon storage calculation in the model took
the land-use/cover type as the assessment unit and calculated the carbon storage of the
ecosystem according to different land-use/cover types in the study area. It divided the
carbon storage of each land use/land cover (LULC) type into four basic carbon pools:
aboveground carbon pool, belowground carbon pool, soil carbon pool, and apoplastic
carbon pool (i.e., dead organic carbon pool). The outputs of the model were carbon density
and carbon storage, which were calculated by the formula [11,47]:

Ci = Ci_above + Ci_below + Ci_soil + Ci_dead (1)
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Ctotal =
n

∑
i=1

(Ci × Si) (2)

where i represents a certain land-use/cover type; Ci is the carbon density of the i-th type;
Ci_above, Ci_below, Ci_soil and Ci_dead are the aboveground, belowground, soil, and apoplastic
carbon densities of the i-th LULC type, respectively. The unit is megagrams·carbon/hectare
(Mg·C/ha). Ctotal represents the total carbon storage in the study area (tons/year, t/a), n
represents the number of land-use/cover types in the study area, Si is the area of the ith
type of area (hectare, ha).

For the acquisition and definition of carbon density data for rubber forests, primary
forests and croplands in different years were detailed in Section 2.2.3 and Table S2.

2.3.5. Defining Different Scenarios

In order to further analyze the differences in the influences of the regional carbon
storage under planted and non-planted rubber forest conditions, two different scenarios
were set: (1) the actual planted scenario of rubber forest, i.e., the rubber forest expansion
occupied cropland and deforestation and land reclamation. The carbon density and carbon
storge evolution characteristics under actual planted rubber forest conditions over 20 years
were simulated using the age data of the rubber forest from remote sensing time-series
data and carbon density obtained in different years; (2) the hypothetical non-rubber-
planted scenario, i.e., the rubber forest, was unexpanded over 20 years. That is, there is
no occupation of cropland or deforestation and land reclamation. Under such conditions,
the regional carbon density and carbon storge were directly simulated using the maps of
rubber and related land types in 1999 and the carbon density of different land-cover/use
types in different years (Table S2).

3. Results
3.1. Forest and Rubber Plantation Mapping for 2019

The forest map produced with Sentinel-1 data is shown in Figure 4a. Forests were
mainly concentrated in higher elevations of the hilly area. The overall accuracy of the forest
map was 0.92 with a kappa coefficient of 0.84 (Table S3). The forest had reasonably good
accuracy, with both high user accuracy (92.58%) and producer accuracy (92.22%), implying
that the resultant Sentinel-1 forest map could be used as a reliable base map for rubber
plantation identification.
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Figure 4. Distribution of the forest (a) and rubber plantations (b) of Loei Province in 2019.
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The spatial distribution of rubber plantations is shown in Figure 4b. Most rubber
plantations were distributed in the central and northeastern parts in the study area. The
overall accuracy was 0.91 and the kappa coefficient was 0.82. The interpretation accuracy
for the rubber plantations was high with both user and producer accuracies greater than
90%. The forest area was estimated at 6.67 × 105 ha in 2019, while the rubber plantation
area was 1.28 × 105 ha in Loei Province.

According to the results of rubber plantation areas at different elevations in 2019
(Figure 5), most rubber forests were distributed in hilly areas at 200–400 m, accounting for
78.47% of the total area of rubber forests, while there were few rubber plantations at the
other altitudes.
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3.2. Age Estimation and Pre-Conversion Land-Cover Identification of Rubber Plantations

Based on the 2019 rubber plantation mask (Figure 4b), the rubber plantations where
planting activities occurred were identified from the inter-annual NDVI time series using
the shapelet approach. The results (Table S4) showed that the overall accuracy was 0.83 and
the kappa coefficient was 0.78. This indicated that the automatic identification of rubber
planting years had good estimation accuracy.

Then, YRP and PCLC maps (Figure 6) were produced from the shapelet segment.
Figure 7 shows the statistics for annual planting area and pre-conversion land-cover types
for each year. The area of rubber plantations increased nearly 8-fold from 0.14 × 105 ha or
1.3% of Loei Province before 2000 to 1.28× 105 ha or 12.2% in 2019, showing clear expansion
trends from centralization to scattering. The average plantation age in Loei Province was
13.85 years (assuming an age of 20 years for all plantations older than 19 years). Rubber
plantations in Loei Province were mainly planted before 2008, where the areas planted
between 2004 and 2006 accounted for 61.8% of all new planted areas, reflecting a close
relationship with the increase in rubber price before 2009 and the vigorous support of the
first phase (2004–2006) of the Thai government’s promotion of rubber forest plantations in
the northeast. Plantations began to increase slightly again after 2012, at an average rate of
about 2767 ha/year. Spatially, the newly established rubber plantations were distributed
on the periphery of the existing rubber plantations.

Most of the total newly established rubber plantations in Loei Province were converted
from cropland, accounting for 54.81% (61,708.75 ha), while 45.19% were converted from
natural forests (50,871.24 ha). Before 2004, rubber was planted mainly by encroaching
on cropland. The conversion from natural forests began to increase after 2004, and the
conversion area of natural forests was larger than that of cropland in 2005–2007 and
2013–2017.
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Figure 7. The statistics for annual planting area and pre-conversion land-cover types of cropland and
natural forest in Loei Province for each year. Year < “2000” indicates rubber planted before 2000.

We assumed natural forests in 2019 to be stable natural forests that had not been
disturbed in the last 20 years. The natural forests in 2000 were obtained by combining
the 2019 natural forests with the natural forests encroached upon by rubber plantations in
2000–2018 (rubber plantations established in 2019 were ignored). The proportion of natural
forest disturbance in Loei Province related to rubber plantations was 6.01% in 2000–2012,
and 7.21% in 2000–2018.

3.3. Spatial and Temporal Distribution of Carbon Density and Cumulative Carbon Sequestration

With the continuous expansion of rubber plantations over the past 20 years, the carbon
storage capacity has varied significantly among these years (Figure 8a–e shows only the
spatial distribution of carbon density for five years (1999, 2004, 2009, 2014, and 2018)).
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Figure 8. Spatial and temporal pattern distribution of carbon density in Loei Province (where
(a–e)/(f–j) correspond to 1999, 2004, 2009, 2014, and 2018, respectively; (a–e) and (f–j) represent the
scenarios under actual rubber plantations and hypothetical non-rubber plantations, respectively).

The results indicated that the central and northeastern parts of Loei Province were
mainly cultivated before 2000, with a low carbon storage capacity and a carbon density
value of only 2.25 Mg·C/ha, while the western, southern, and eastern areas were mainly
natural forests with a high carbon storage capacity and a carbon density value of ap-
proximately 20.00 Mg·C/ha. The carbon sequestration capacity of some cropland in the
northeast area was greatly increased after it was converted to rubber forest in 2004. On the
contrary, the carbon sequestration capacity of natural forests in central and eastern areas
was decreased after they were converted to rubber plantations, resulting in carbon density
within the threshold range of 10–15 Mg·C/ha for rubber plantations. By 2009, most of the
cropland in the central part of the area had been converted to rubber forests, which further
increased the carbon sequestration capacity, but the overall carbon density was still mostly
distributed in the 10–15 Mg·C/ha range. Up to 2014, the expansion of rubber gradually
slowed down, mainly by encroachment on natural forests, and the carbon density values of
scattered distributed rubber forests increased to 15–20 Mg·C/ha; subsequently, up to 2018,
the carbon density of rubber forests exceeded 15 Mg·C/ha, except for some newly planted
rubber plantations.

Comparing the changes in the carbon density of rubber forests in the study area over
20 years from 1999–2018 (Figure 8a–e), we found that the carbon storage capacity of each
type was significantly different. The carbon storage capacity of cropland was the smallest
at only 2.25 Mg·C/ha and did not change over time. By 2009, most of the cropland was
replaced by rubber forests, and the carbon sequestration increased dramatically. On the
contrary, the deforestation and replacement of natural forests—which have high carbon
storage—with rubber reduced the carbon sequestration, causing the carbon density to drop
from about 20.00 Mg·C/ha to 10–15 Mg·C/ha. However, with the growth of rubber forests,
their carbon sequestration capacity gradually increased again and basically returned to the
carbon sequestration level before deforestation in 2018.

For the scenario assuming no rubber planting over 20 years, we recalculated the results
of carbon density from 1999–2018 (Figure 8f–j) and found that under this scenario, the
study area was mainly dominated by cropland and natural forest types, and the carbon
sequestration of cropland remained unchanged over time, while that of the natural forest
increased from 15–20 Mg·C/ha to 25–31 Mg·C/ha over the past 20 years.
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Comparing the changes in carbon storage under the actual rubber plantation scenario
(Figure 8a–e), we found that the carbon storage gradually increased over time in the area
where the cropland was replaced by rubber forest. The carbon storage in the area where
the natural forest land was replaced by rubber showed a process of first decreasing and
then gradually increasing and returning to the carbon sequestration level before the forests
were cut down. However, it was still much smaller than that under the no-rubber-planting
scenario (Figure 8f–j), and because of that the carbon sequestration of the original forest is
also gradually increasing.

Based on the results of carbon density, the spatiotemporal evolution pattern of cu-
mulative carbon sequestration was further obtained over a 20-year period by using the
difference calculations (Figure 9a–d). Before 2004, the cumulative carbon sequestration was
mainly distributed between −10 and 15 Mg·C/ha. In the eastern and south-central regions,
the forest was replaced by rubber forests resulting in carbon emissions, and carbon seques-
tration ranged from −10 to −5 Mg·C/ha. The carbon sink in the cultivated area replaced
by rubber increased, and the distribution ranged from 10 to 15 Mg·C/ha. By 2009, the
carbon sequestration of rubber plantations was distributed in the range of 10–15 Mg·C/ha
in most of the occupied croplands, and the carbon sequestration in deforested rubber
plantations was the same as in the previous five years. By 2014, with the expansion of
rubber forests and increasing carbon sequestration, the distribution of carbon sequestration
was more complex, with that in the central region distributed at 10–15 Mg·C/ha, in the
southern region at −10 to −5 Mg·C/ha, and in the eastern region at −5 to 0 Mg·C/ha.
By 2018, carbon sequestration was mainly distributed at 10–15 Mg·C/ha in the central
area and −5 to 0 Mg·C/ha in the southern and eastern areas. There were some areas
of −15 to −10 Mg·C/ha where short-term deforestation and land reclamation occurred
and 15–20 Mg·C/ha obtained from sporadic early planted rubber forests accumulated
over time.
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cumulative carbon sequestration under actual rubber planting and hypothetical no-rubber-planting
scenarios, respectively).
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For the hypothetical no-rubber-planting scenario, the evolution pattern of carbon
sequestration in the past 20 years is shown in Figure 9e–h. For cropland, because the
default carbon sequestration capacity remained unchanged and at zero over 20 years, we
focused here on the natural forest. From 1999 to 2004, the cumulative carbon sequestration
was mainly distributed in the range of 0 to 5 Mg·C/ha. In 2009, the cumulative carbon
sequestration increased to 5–10 Mg·C/ha. From then to 2014, although the carbon seques-
tration gradually increased, it did not exceed the 5–10 Mg·C/ha range. Until 2018, the
cumulative carbon sequestration increased to 10–15 Mg·C/ha.

Compared with the actual rubber forest plantation scenario, we found that rubber
forest expansion occupied cropland, which can improve the level of carbon sequestration
to a certain extent, but deforestation and land reclamation remained the main reasons for
the decrease in overall cumulative carbon sequestration in our study.

3.4. Temporal Characteristics of Carbon Storage

In the past 20 years, the actual storage decreased only slightly in 2001 and 2004
and showed a fluctuating growth in the other years (Figure 10). The overall carbon
storage gradually increased from 1.58 million tons to 2.12 million tons. The carbon storage
increased by 0.54 million tons in the past 20 years, with an average annual growth rate
of 2.69 × 104 t/a, while under the hypothetical no-rubber-planting scenario, the overall
carbon storage increased from 1.57 million tons to 2.27 million tons, and the carbon storage
increased by 0.69 million tons over the past 20 years, with an annual average growth rate
of 3.46 × 104 t/a. Comparison between the actual planting and the hypothetical no-rubber-
planting scenarios indicated that rubber plantations caused a decrease in carbon storage in
all years except 1999 and 2000, and the difference between the actual and the hypothetical
carbon storage reached −0.15 million tons in 2018.
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Figure 10. Annual changes in carbon storage for Loei Province from 1999 to 2018 under actual planted
and hypothetical non-rubber-planted scenarios.

In order to further analyze the inter-annual variation pattern of carbon storage caused
by rubber plantations, we considered the difference in the inter-annual cumulative value
of carbon storage under the actual and hypothetical scenarios (Figure 11). The results
showed that before 2000, the planting of rubber did not cause a reduction in carbon storage.
However, since 2001, the annual cumulative difference in carbon storage was less than 0 t,
and the overall trend was decreasing. The annual cumulative difference in carbon storage
from 2004 to 2006 increased significantly from −0.24 million tons to −0.12 million tons,
mainly because of the large occupation of cropland, which increased the level of carbon
sequestration. Subsequently, the annual cumulative difference of carbon storage after 2006
gradually decreased to −0.29 million tons in 2018.
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Figure 11. The cumulative differences in carbon storage between the actual and hypothetical scenarios.

4. Discussion
4.1. Potential of the Optical and SAR Imagery-Based Approach for Identifying and Mapping
Rubber Plantations

An accurate rubber forest base map is a prerequisite for accurate age estimation and
pre-conversion land-cover identification of rubber plantations. Previous studies combining
optical (e.g., MODIS and Landsat) and SAR data (e.g., PALSAR) for rubber mapping mostly
classified forested versus non-forested land types based on differences in the backscatter
coefficients of SAR data, while the distinction between rubber and natural forest relied
more on spectral features [22,74]. However, because rubber plantations at their peak of
growth or after the stand reaches a certain age have similar spectral characteristics to
natural forests [10,18], greater uncertainty exists in the extraction of rubber. In addition,
these two different types of satellite sensors differ greatly in terms of spatial resolution and
image acquisition time, which limits the synergistic application effect to a certain extent.

In order to reduce the spectral confusion between rubber and natural forests, this
study extended the identification features of rubber forests from the spectral dimension to
the spectral, spatial (texture), and structural (backscattering structural features) dimensions.
The spatial information can effectively reduce the spectral confusion between rubber and
natural forests, effectively reduce the “pretzel phenomenon”, and improve the integrity
and classification accuracy of patches [34,75]. In addition, SAR data can provide additional
information including vegetation surface information and surface roughness, which are
highly sensitive to differences in forest structure, such as biomass, density, and vertical
stratification in different stands [76], and can improve the discrimination between rubber
forest and natural forest. By adding distinguishing features from spatial and structural
dimensions and integrating the advantages of different sensors, the limitations of any
sensor can be overcome or supplemented to obtain a more accurate and spatially finer
forest and rubber forest base map in our study, which provides the basis for accurate
identification of rubber age and pre-conversion land-cover types.

4.2. Advantages of Time-Series Remote Sensing Methods for Age Estimation and Pre-Conversion
Land-Cover Identification of Rubber Plantations

The identification of forest age and initial land state is the basis for the fine estimation
of carbon storage in rubber plantation areas. Our results indicated some advantages to
utilizing the time-series Landsat-based method using shapelets to identify the establish-
ment year of rubber plantations and pre-conversion land-cover types. First, the shapelet
makes full use of temporal information and eliminates the cumulative error caused by the
underestimation of young rubber forests by single-period classification [22]. Second, the
consistency requirement of the shapelet algorithm is not very strict for the time-series data,
and it ignores the influence of cloud noise and other factors over a short period of time [14].
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Finally, the shapelet algorithm does not consider the saturation of spectral coefficients and
SAR backscattering coefficients in the regression methods [10], which improves the stand
age differentiation of mature rubber forests. In addition, the shapelet algorithm focuses
on detecting the changes in only one specific type, i.e., the conversion of natural forest
(or cropland) to rubber forest. With fewer parameters, it can determine when the change
occurred and the specific type of change. Compared with the Landtrendr algorithm [31,35],
the Breaks for Additive Season and Trend Monitor (BFAST) algorithm [77], the Vegetation
Change Tracker (VCT) [65], and other timing change detection algorithms, the identification
process is simpler and more efficient.

Here, we refined the shapelet algorithm in two ways: (a) by using a rubber plantation
mask instead of a forest mask in 2019; and (b) by adding statistical boundary constraints for
the NDVI (i.e., NDVIinitial) when identifying the pre-conversion land-cover (PCLC) types.
By selecting the rubber plantations in 2019 as the mask, we avoided the possibility that the
intact rubber plantation pixels were mistakenly detected as natural forests. In addition,
the introduction of NDVIinitial can provide the greenness difference information between
different PCLC types (i.e., natural forest and cropland), and it has been widely used in the
forest and cropland classification process [75,78]. The combination of planting event and
greenness features provides an acceptable method for a flexible cropping system and high
variability in planting status and fragmentation areas, and is expected to be effective for
identifying the PCLC in other similar rubber-planting regions [25].

4.3. Changes in Carbon Storage Because of Rubber Forest Expansion

Over the past two decades, rubber forests in northeast Thailand have expanded
rapidly, gradually making it one of the largest natural rubber production bases in Thailand.
However, smallholders dominate rubber production in this region, producing 90% of the
rubber [16]. Attractive economic returns and agricultural extension interventions are the
most important drivers of land-use conversion to rubber plantations [79]. Therefore, the
expansion of rubber plantations was more complex and fragmented in the study area,
owing to the combined influences of natural rubber market price fluctuations, government
interventions, and the flexible cropping system and high variability in planting status [80],
which posed a greater challenge to the calculation of regional rubber carbon storage.

The InVEST carbon storage model was applied to calculate the carbon stocks of rubber
plantations under actual planted and hypothetical non-rubber-planted conditions in this
study. However, this model is based on a simplified carbon cycle, where the carbon storage
is a static inventory, assuming that each hectare of land is identical and constant [52]. This
may bias the carbon storage estimates for rubber and natural forests, whose carbon storage
gradually accumulates and increases with time [80]. To this end, based on obtaining the
rubber forest stand age and initial land-cover types before rubber planting and referring
to the IPCC calculation methods and result criteria for carbon storage of agricultural and
forestry land [67], each carbon storage component of rubber and natural forests in different
years over time was given a new definition and assignment, and then was added to the
InVEST carbon storage model to improve the accuracy of carbon storage simulation to
some extent. This theoretical approach has not been reported in previous related InVEST
carbon storage simulation studies [9,11,51].

According to the carbon storage results under the actual rubber forest plantation
scenario, we found that rubber forest plantation can increase regional carbon density
when occupying cropland, but through deforestation and clearing it would cause a rapid
decrease in carbon density, and then gradually increase and recover to the storage stock
level before deforestation. This result was consistent with the findings of some existing
studies [9,69,81]. By comparing the hypothetical scenario of no rubber planting, we found
that rubber planting reduced the regional carbon storage and caused regional carbon
emissions. Moreover, with the expansion of rubber forests, the difference between the
actual carbon storage and the hypothetical scenario became larger and larger, causing a
large carbon storage gap of −0.15 million tons in 2018. This result was also consistent
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with the findings of some studies on carbon emissions caused by rubber plantations in
tropical regions [7,80,82,83]. In order to achieve sustainable rubber forest plantation and
management, the carbon storage gap caused by deforestation and clearing must be bridged
by partial replacement of cropland with rubber in the future to achieve the carbon balance
of rubber forest plantation and environmental sustainability.

4.4. Limitations

In this study, the impact of rubber forest expansion on regional carbon storage was
investigated through rubber forest extraction, forest age estimation, pre-planting land cover
type identification, carbon storage estimation, and different scenario simulations. However,
it should be noted that eight spatial texture features and four structural features of the
optical and SAR images were combined in the rubber forest mapping. How to further
combine the diverse textural and structural features of both to improve the accuracy of fine
rubber forest mapping will be the focus of later research.

Second, the tree age estimation of a rubber forest relies only on the remote sensing
NDVI to construct time-series curves. During the planting and growing process of rubber
forests, the land-cover state undergoes a transformation from natural forest/cropland
to bare land, rubber with a low canopy cover, and rubber with a high canopy cover.
Different land-cover states also have obvious differences in texture characteristics, and the
application of texture characteristic time series to the tree age estimation of rubber forests
will be explored in the future.

Finally, the application of the InVEST model for carbon storage estimation is more
sensitive to the input data. Researchers generally collect carbon density data from the
literature or field experimental observations in their study area [9,11,52]; because of the lack
of observation data, only the relevant research algorithms and results of the IPCC [66,67]
were used as input for carbon storage simulation in this study. This may cause uncertainty
in the simulation results, and it poses difficulties in the validation of the model results
owing to the lack of measured data [11,19,50]. Although the results simulated by the carbon
storage module of the InVEST model have been shown to be reasonably accurate [51]
and representative [9,11], validation of the measured data can increase the effect of the
carbon density simulation to some extent [52]. In the future, when conditions permit,
partial field observations will be carried out to compare the field data with IPCC data for
testing whether the data consistent, to then further correct the results of the carbon density-
related components and improve the simulation accuracy. On the other hand, the carbon
accumulation process of cropland was not considered in the carbon storage simulation.
Later, the law and process of cropland soil carbon sequestration in tropical regions will be
further explored to improve the simulation accuracy and eventually improve the simulation
accuracy of regional carbon storage caused by rubber expansion.

5. Conclusions

Based on the multi-source satellite time series data of Sentinel-1, Sentinel-2, and
Landsat, coupled with random forest, shapelet, and InVEST carbon storage model, a
systematic approach was proposed for estimating the carbon storage of regional rubber
forests, and then explored the impact of rubber forest expansion on regional carbon storage.
The conclusions of the study are as follows.

1. High accuracy extractions of forest and rubber forest were achieved, by using the
Sentinel-1/2 time-series satellite images, extended spectral, spatial, and structural
features, and random forest algorithm. The overall accuracies are 0.92 and 0.91,
respectively, which provide accurate background data for tree age and carbon
storage estimation.

2. Using Landsat time-series satellite imagery, combined with the improved shapelet
algorithm, the high accuracy extraction of rubber tree age can be achieved. The overall
accuracy was 0.83 and the kappa coefficient was 0.78. The average age of rubber
stands was 13.85 years (assuming that all plantations older than 19 years are 20 years
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old). Before 2004, rubber was mainly grown through encroachment on cropland. After
that, rubber conversion from natural forests started to increase.

3. Regional carbon storage estimation of rubber forest was achieved using the InVEST
model. The carbon density increased from only 2.25 Mg·C/ha in 1999 to more than
15 Mg·C/ha in 2018, except for some newly planted rubber plantations. The use of
cropland for rubber plantations will increase carbon storage, while for deforestation
the carbon storage will decrease, then gradually increase, and recover to the storage
stock level before deforestation.

4. The expansion of rubber caused a decline in regional carbon storage. The difference
and annual cumulative difference between the actual and the hypothetical carbon
storage reached −0.15 million tons and −0.29 million tons in 2018, respectively.

Supplementary Materials: The following supporting information can be downloaded at: https://www.
mdpi.com/article/10.3390/rs14246234/s1. Table S1. List of spectral indices generated for Sentinel-2
imagery; Table S2: Carbon density of each component in different land-cover types in different years
(units: t/ha); Table S3: Confusion matrix of the forest and rubber plantation mapping; Table S4:
Confusion matrix of identification results of rubber planting years.; Figure S1. Importance statistics
of spectral features. References [84–94] are citied in the Supplementat Materials.
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