
9450 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 14, 2021

Monitoring Spatial and Temporal Patterns of Rubber
Plantation Dynamics Using Time-Series Landsat

Images and Google Earth Engine
Yuchen Li, Chenli Liu , Jun Zhang , Ping Zhang, and Yufei Xue

Abstract—Rubber plantation is an important strategic material
related to the national economy and people’s livelihoods. Up-to-
date and accurate rubber plantation maps are critical for mon-
itoring the area and spatial distribution of rubber plantations
and assessing their impacts on society, the economy, and the en-
vironment. However, existing optical images are greatly limited
by frequent cloud cover, which seriously affects the accuracy of
rubber plantation area extraction. To overcome this issue, we used
dense Landsat time series stacks based on Google Earth Engine,
combined phenological features, and applied random forest algo-
rithms to monitor rubber plantations in Xishuangbanna from 1987
to 2020. The results showed that 1) the phenological character-
istics of rubber plantations in Xishuangbanna indicated that the
leaf-off period lasts from late December to mid-February of the
following year, while the leaf-on of rubber plantations occurred in
other months; 2) the overall accuracy and kappa coefficient values
ranged from 0.82 to 0.96 and 0.76 to 0.95, respectively, showing
that the extraction accuracy of rubber plantation information can
meet the accuracy requirement; 3) the rubber plantation area in
Xishuangbanna increased between 1987 and 2020 from 7.05×104

to 47.78×104 hm2. The peak rubber plantation area occurred in
2015 (49.60×104 hm2) followed by a downward trend; 4) spatially,
the rubber plantation is mainly distributed in Jinghong City and
Mengla County, while less abundant in Menghai County. Overall,
this article is expected to contribute to the rapid and accurate map-
ping of rubber plantations in large-scale applications and analysis.

Index Terms—Google Earth Engine (GEE), phenology, random
forest (RF), rubber plantation, Xishuangbanna.

I. INTRODUCTION

RUBBER plantation (Hevea brasiliensis) is hailed as one
of the four major industrial raw materials in the world [1].
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As an important economic crop and the only renewable green
energy raw material, it has become an indispensable strategic
energy source for China’s national defense and industrial con-
struction. With the steady development of the economy, natural
rubber plays an increasingly important role in China’s national
economy [2]. Due to the suitable climate and growing condi-
tions, Southeast Asia and southern China have the largest num-
ber of rubber plantations in the world [3], [4]. In recent years,
with the increasing global demand for natural rubber products,
the area of rubber plantations has expanded dramatically. As one
of the main rubber planting areas, Xishuangbanna in southern
China has undergone an extensive and dramatic expansion in
the area occupied by rubber plantations in the past decades [5].
Large-scale rubber planting has increased the income of local
governments and farmers, but it has also caused many ecological
and environmental problems, such as the dramatic reduction
of tropical rain forests and loss of biodiversity [6]. Therefore,
to obtain a clearer understanding of the local rubber planting
situation, accurate mapping of the temporal and spatial changes
of rubber plantations in Xishuangbanna is urgently needed to
provide support for decision-making concerning economic de-
velopment and ecological protection.

The development of remote sensing makes satellite-based
imagery an effective means of monitoring rubber plantation
changes [7]. Recently, many scholars have conducted extensive
research on extracting rubber plantation information from re-
mote sensing data. For example, Liao et al. [8] used Landsat
data to monitor rubber plantations in Xishuangbanna by remote
sensing. Liu et al. [9] used an object-oriented method to analyze
the temporal and spatial distribution characteristics of Xishuang-
banna rubber plantations. Gao et al. [10] used spatial–temporal
fusion algorithms, selecting ETM+, OLI, Sentinel-2 data at
medium resolution, and MODIS data at high temporal resolution
to establish a high spatial–temporal resolution visible remote
sensing dataset, achieving high accuracy. However, these studies
of rubber plantations are only based on spectral characteristics
of single-phase data in the extraction time window. Further-
more, rubber plantations grow in tropical rainforest areas with
complex ecosystems and are characterized by high vegetation
coverage, so they have spectral characteristics similar to those of
natural forests [11]. These problems produce large uncertainties
in extraction monitoring of rubber planting. To overcome this
drawback, Liu et al. [9] combined the interannual defoliating and
foliating features of rubber trees as a method to monitor rubber
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plantations. Fan et al. [12] compared the extraction accuracy
of rubber plantations from different phenological indexes in
Xishuangbanna. Overall classification accuracies derived from
normalized difference vegetation index (NDVI) were 93%, with
corresponding Kappa coefficient of 0.86. Therefore, the use of
multitemporal remote sensing images to monitor crops and to
obtain planting information on a large scale has been widely
applied to the growth monitoring and yield estimations of crops
[13], [14].

However, severe weather conditions make it difficult to ob-
tain cloudless single-scene Landsat images, which limits the
ability of Landsat data to monitor rubber plantation changes
in Xishuangbanna. To resolve this issue, the dense time stack
method overlays all available Landsat images and replaces the
area covered by clouds by stacking the coverage from another
image [15], [16]. The approach can effectively overcome the
cloud cover challenge and generate a high-quality image. How-
ever, managing large volumes of satellite imagery for large-scale
analysis is a huge challenge when using traditional remote sens-
ing methods based on workstation PC systems and commercial
imaging processing software [17]. Thus, we need a comprehen-
sive solution to meet the needs of remote sensing applications.
Cloud computing platforms are an effective way to store, access,
and analyze data sets on very powerful servers. Google Earth
Engine (GEE) is a web-based remote sensing data processing
cloud platform, which can rapidly realize the processing and
visualization for massive remote sensing datasets, and which is
widely used to investigate various pressing social issues [18],
[19]. Some studies have used GEE to map long-term series or
large-scale land cover, sugarcane planting, and wetlands changes
[15], [20], [21]. However, to our knowledge, no previous studies
have used dense time stacks of Landsat images on the GEE
platform to monitor temporal and spatial changes in rubber
plantations.

Given the above discussion here, this article used time-series
Landsat images and the GEE platform to map rubber planta-
tions as a specific class, independent of other major land-cover
categories, over large areas. The main objectives of this arti-
cle were to 1) investigate the rubber plantation phenology in
Xishuangbanna and explore the time window of information
extraction, 2) explore the potential for combining Landsat data
with random forest (RF) methods in rubber plantation areas
to map the rubber plantation distribution across this region
during 1987–2020 and to evaluate the accuracy of maps, and 3)
analyze the spatiotemporal change patterns of rubber plantations
in Xishuangbanna. The results generated in this article will be
beneficial to help local managers formulate reasonable rubber
plantation resource management strategies, and at the same time
provide some guidance for similar research in China.

II. STUDY AREA AND DATA

A. Study Area

Xishuangbanna Dai Autonomous Prefecture is located in
Yunnan Province in southwest China and in the middle
and upper reaches of the Lancang–Mekong River, between
21°08′∼22°36′N and 98°56′∼101°50′E (see Fig. 1). It is the

Fig. 1. Geographic location of the study region.

northernmost tropical rainforest in Southeast Asia and an im-
portant tropical forest area in China. This region, south of the
Tropic of Cancer, belongs to a tropical monsoon climate zone.
The annual average temperature of the whole state is between
10.9°C and 22.6°C. November–April is the dry season, and
May–October is the rainy season. The annual average precip-
itation is 1250 to 3750 mm, and the annual total sunshine hours
is 2000 h [22]. The topography is dominated by mountains
separated by vast valleys and basins. The terrain is gradually
inclined from north to south, with relatively high elevation on
the southern edge. The structural integrity of forest ecosystems
in the study area, and the forest ecosystem is highly diverse
and the vegetation types are rich and grow abundantly, with
subalpine vegetation, mid-low mountain vegetation, and mon-
soon forest vegetation showing horizontal and vertical zonal
distribution. The area is rich biodiversity and good climatic
conditions. Policies encouraging rubber planting over the past
several decades have led to widely-distributed rubber cultivation
in Xishuangbanna [4], which has contributed to the gradual
decline of local species diversity.

B. Landsat Imagery

In this article, we collected the surface reflectance of Landsat-
5/7/8 from the United States Geological Survey.1 The Landsat
imageries of Xishuangbanna is covered by five Worldwide Ref-
erence System (WRS-2) paths/rows (130/44, 130/45, 131/44,
131/45, 129/45) [see Fig. 2(a)]. From 1987 to 2020, there were
2230 Landsat images, 789 Landsat-5 images, 710 Landsat-7
images, and 731 Landsat-8 images available in the research
area. In order to obtain high-quality images, the Landsat image
with cloud cover more than 47% were removed, and a total of
1583 images were used through GEE in this article. The analysis
showed that there are many good observations in January–April
and November–December, with 1212 images, while there are
relatively few good observations in May–October, with only

1[Online]. Available: https://earthexplorer.usgs.gov/

https://earthexplorer.usgs.gov/
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Fig. 2. (a) Spatial distribution of the Xishuangbanna zone and Landsat WRS-2 path/rows in China, and (b) spatial distribution of the number of from good-quality
observations within individual pixels of landsat 5/7/8 images from 1987 to 2020.

Fig. 3. Distribution of Landsat 5, 7, and 8 images in different months from
1987 to 2020.

371 images [see Fig. 2(b)]. By analyzing the distribution of
data in different months, it was found that the data in the study
area had obvious seasonality, as shown in Fig. 3. Moreover,
the digital elevation model data from the Space Shuttle Radar
Terrain Mission were then used to identify and eliminate terrain
shadows by GEE.

C. Ground Reference Data and Sample Points

The determination of characteristic parameters of different
land cover types is the key to classification accuracy [23].
Compared with evergreen broad-leaf forest, rubber plantation
vegetation is often difficult to identify visually in remote sensing
images. Therefore, it is necessary for us to ensure a sufficient
number and quality of sample points for classification and
accuracy validation. From 2005 to 2020, randomly extensive
field investigations were conducted near the survey route from

TABLE I
NUMBER OF SAMPLE POINTS FROM 1987 TO 2020

January to April and from October to December every year.
We randomly chose points that were more than 1500 m apart to
minimize spatial homogeneity [15], [24]. The location, district,
and Land use/land cover (LULC) information were acquired
from the Mobile GIS. After screening, 1544 typical sample
points of surface cover data were obtained in the field. In
addition, 422 representative and typical pure pixels were visually
interpreted in the images of Google Earth map and related
years as training sample data points [23]. A total of 620 rubber
plantation sampling points, 144 water bodies, 629 forest land,
304 construction land, and 271 farmlands areas were selected
(see Fig. 1). The detailed sample data is shown in Table I. In
this article, two out of three sample points in each of the years
from 1987 to 2020 were randomly selected to construct the
classification model, 1/3 samples from each year were used to
calculate the confusion matrix to evaluate the accuracy of the
classification results [25].

III. METHODOLOGY

In this article, the method to map rubber plantations in
Xishuangbanna includes four steps (see Fig. 4). First, image
preprocessing was performed to generate monthly time-series
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Fig. 4. Workflow for mapping rubber plantations through landsat and
phenology.

data and collect training samples. Second, the rubber extraction
window was determined using the time-series NDVI. Third,
classification feature parameters were constructed and RF al-
gorithm classification was applied. Finally, the results were val-
idated using a confusion matrix and statistical data, and spatial
distribution information of rubber plantations was mapped.

A. Phenological Features of Rubber Plantations Based on
Landsat Imagery

Phenology is a periodic response of organisms to the environ-
ment, such as leaf growth, flowering, fruiting, and deciduous leaf
loss within a year, which provides a comprehensive reflection
of the meteorological conditions at that time and in the past
[26], [27]. During the field investigation in the research area,
we observed that the canopy of the rubber plantation under-
went obvious changes. First, the rubber trees began to enter
the leaf-off period in December, and the leaves became yellow
due to low-temperature dormancy. Then, in late February, the
rubber trees entered the first awning leaf emergence period,
where new leaves gradually sprouted and green leaves were
gradually restored in the canopy [28]. It could thus be seen
that the significant phenological changes of rubber trees were
directly reflected in leaf emergence and litterfall in the study
area. Rubber trees can be easily identified by color and texture
during this process. Therefore, changes in leaf litter and the new
initiation of rubber planting provide a physiological basis for
rubber plantation identification. NDVI can be used to determine
the optimal window for rubber plantation extraction if it is
expressed in the remote sensing images.

B. Construction of Rubber Plantations Classification Features

1) Spectral Features: When using preprocessed images to
calculate classification parameters, the target land types in the

study area should be considered first. According to the LULC
in the study area, this area can be divided into vegetation,
nonvegetation, water, nonwater, artificial, and nonartificial land.
In this article, we used five spectral indices to identify and
distinguish the aboveground cover.

In order to eliminate nonvegetation, NDVI is selected in this
article, which is a band combination composed of the reflectance
difference between vegetation and other land covers in the Red
and NIR bands. This index can provide information about the
parameters of crop growth, type, and vegetation distribution
[29]. Therefore, this index can also be used to reflect vegetation
growth and vegetation density. The formula used in this article
is

NDVI =
NIR− Red

NIR + Red
. (1)

The differential vegetation index (DVI) is extremely sensitive
to changes in soil background, which can eliminate the influence
of soil background [30]. The DVI index is the difference between
the near-infrared band and visible red band and is given by

DVI = B5−B4. (2)

In addition, the visible spectra of red light and near-infrared
have different spectral responses to green plants. We therefore
used the approach of [31] to propose the ratio vegetation index
(RVI), which takes advantage of the differential reflectance of
sunlight through the canopy in the NIR and Red bands. The RVI
is calculated as follows:

RVI =
NIR

R
. (3)

In order to eliminate water bodies, a normalized difference
water index (NDWI) is selected in this article, which can
effectively suppress other types of land cover and highlight
water information through band combination [32]. The NDWI
is calculated as follows:

NDWI =
Green−NIR

Green + NIR
. (4)

By analyzing the spectral information of the ground objects,
it is found that the reflectance values of the ground objects in
the NIR band and SWIR-1 band are scattered during the leaf-off
phase, which can reflect the water in vegetation and soil well.
Therefore, in this article, the land surface water index (LSWI)
is sensitive to soil moisture and soil water content and is used
to distinguish rubber trees from other types of vegetation [33],
[34]. The concrete calculation method is as follows:

LSWI =
NIR− SWIR1

NIR + SWIR1
. (5)

2) Texture Features: Texture features refer to the fact that
the color and gray level of ground objects change to a certain
extent, showing irregular changes locally on the map but show-
ing regular patches at larger scales [35]. However, the texture
characteristics of rubber plantations in the leaf-off period are
obvious, which can make up for defects of misclassification and
misjudgment based solely on spectral information and improve
the classification accuracy. Therefore, this article studies the se-
lection of angular second moment, correlation, contrast, entropy,
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and variance features of the gray-level co-occurrence matrix
(GLCM) when obtaining texture features in the Red, Green,
and Blue bands of the leaf-off period [36]. Texture features that
are considered to provide good classifications in remote sensing
are analyzed. The window size is 5×5 pixels, which is generated
for each pixel and its neighborhood in the horizontal direction
[37].

The angular second-order moment of GLCM is a measure
of the uniformity of the grayscale distribution of the image.
When the information distribution in the image is concentrated
near the main diagonal, it shows that the information distribution
of the image is uniform, and its value is large. Conversely, if all
the values of the GLCM of image information are equal, the in-
formation distribution value is small. The angular second-order
moment can be calculated using the following equation:

GLCMA =

quantk∑

i=0

quantk∑

j=0

p(i, j)2. (6)

GLCM_Cor is a parameter describing the similarity between
the elements in the row or column of the GLCM, which reflects
the extension length of its characteristic gray level in a certain
direction. The longer the extended length, the greater the corre-
lation. GLCM_Cor is applied to measure the linear relationship
of grayscale data, using the equation:

GLCM_Cor

=

quantk∑

i=0

quantk∑

j=0

(i−mean) ∗ (j −mean) ∗p(i, j)2
variance

. (7)

GLCM_Con is a parameter reflecting the total amount of
local gray level changes: the larger the gray-level difference,
the greater the image contrast, and the clearer the visual effect.
It is defined as follows:

GLCMCon =

quantk∑

i=0

quantk∑

j=0

p(i, j)2∗(i− j)2. (8)

GLCM_E is a measure of information degree in an image
and a characteristic parameter for measuring the randomness of
gray-level distribution, which indicates the complexity of the
texture in an image. The more complex the texture, the greater
the entropy, while the more uniform the gray level, the smaller
the entropy. It is calculated according to the following equation:

GLCM_E = −
quantk∑

i = 0

quantk∑

j = 0

p (i, j) ∗ ln p (i, j) . (9)

GLCM_V can reflect the measure of deviation between pixel
value and mean value. When the gray level changes greatly in
the image, the variance is larger. It is calculated according to the
following equation:

GLCMV =

quantk∑

i=0

quantk∑

j=0

p(i, j)2∗(i−mean)2. (10)

C. Random Forest Machine Learning Algorithm

We selected an RF machine learning algorithm because it
integrated multiple decision trees through an integrated learning
approach; its basic unit was also a single decision tree which
could effectively avoid the influence of data noise and overfitting
[15], [38], [39]. Furthermore, the RF algorithm can accurately
predict the role of multiple explanatory variables, has a certain
tolerance for outliers, and is also regarded as one of the best
machine learning algorithms because of its small prediction
error and fast operation [40], [41]. It operates on the main
principle of drawing n samples from the original sample dataset
and then modeling decision trees for each sample, combining
multiple trees to make predictions, and finally voting to obtain
the prediction results [42]. Thus, it can be said that RF is a meta-
estimator for decision tree analysis based on a large number of
subsamples, mainly using the mean to improve the accuracy of
the prediction and to obtain the final prediction results without
getting rid of the range of training samples. It can also be used
for both regression and classification; classification is the main
purpose of this article. After several experiments, the number of
classification trees is set to 300 trees.

In addition, for the classification process with more param-
eters, in order to avoid data redundancy, we also apply RF to
evaluate the importance of the textural and spectral parame-
ters. We used the method of Bootstrap with high efficiency to
evaluate the importance of parameters [43]–[45]. The parameter
evaluation method is: 30% of the original data not selected in
the sampling process is used as out-of-bag (OOB) data, and the
importance evaluation is carried out by calculating the OOB
error of each decision tree in the RF, adding noise interference
randomly to the features of the OOB data samples [46]. If the
accuracy of the OOB data is significantly reduced after adding
noise randomly, it means that the features have a great influence
on the classification results. The calculation is as follows [47]:

VI (MA) =
1

N

N∑

k = 1

BMA
nt

−BMA

Ot
(11)

where VI(MA) indicates the importance of the variable, M is
the number of features in the sample, N is the number of trees in
the decision tree, and BMA

Ot
is the error of the tth decision tree

when the eigenvalue MA is not added to the noise interference.
BMA

nt
is the error of the tth decision tree when noise interference

is added to any eigenvalue MA.

D. Accuracy Evaluation

Accuracy analysis can objectively evaluate whether the clas-
sification method can better extract the information for rubber
plantings. A confusion matrix is generally used to evaluate the
classification accuracy and reliability, and the overall accuracy
and Kappa coefficient are the most widely used methods [48].
The Kappa coefficient can reflect the consistency of extraction
results and the spatial distribution of real objects. Studies have
shown that when the Kappa coefficient is less than 0.4, the con-
sistency is less than ideal. The consistency between the reference
classification results and the rubber plantation extraction results
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Fig. 5. Time-series plot of monthly mean NDVI based on landsat 8 images.

was relatively good when the Kappa coefficient was within the
range of 0.40 to 0.60 [49], [50]. The rubber extraction effect can
be evaluated for accuracy by assessing the classification results.
These were calculated according to the following equations:

Overall accuracy =

∑k
i=1 xii

x
(12)

Kappa =
x
∑k

i=1 xii −
∑k

i=1 xj∗x∗j
x

(13)

where Xii is the number in row i, the ith column of the confusion
matrix is the total number of verified data sets, and xi∗ and x∗i
are the total number of samples in the ith row and ith column of
the confusion matrix.

IV. RESULTS

A. NDVI Time-Series Analysis of Typical Ground Cover

Vegetation has different physiological characteristics at dif-
ferent stages. The growth cycle of rubber in the study area was
analyzed, and the results showed that the first leaf-emergence
period of rubber trees occurred from March to April, and the
second leaf-emergence period occurred in May. At this time,
rubber entered the summer flowering period, and the third
leaf-emergence period was from July to August. In December,
rubber trees began to lose leaves, which continued until February
when a new flowering period began. Therefore, the obvious
phenological changes of rubber trees are directly reflected in the
germination and withering of leaves. According to the time series
of different land cover types (see Fig. 5), in February, during the
leaf-off period on rubber plantations, the NDVI time series curve
showed a significant trough. However, the NDVI value of water
remained below 0, and the NDVI value of buildings was stable
at approximately 0.2. Farmland showed a trough in mid-June
and then rose rapidly to around 0.8. Values for all other forest
types remained at approximately 0.8. Thus, there are obvious
differences in time-series data between rubber plantations and
other land cover types. This feature is the primary characteristic
of rubber plantations that differs from other vegetation covers.
As a result, based on the good distribution of image observations,

Fig. 6. Boxplots of DVI, LSWI, NDVI, and NDWI were calculated from the
landsat imagery for leaf-off (D) and leaf-on (F) periods.

Landsat series data in February, representing leaf-off, can not
only highlight the phenological characteristics of rubber plant-
ings but also avoid the image quality degradation caused by
cloudy and foggy weather in the rainy season.

B. Construction of the Extraction and Classification Model for
Rubber Plantations

The spectral features of the ground in the study area were
analyzed, and a classification parameter box diagram was con-
structed (see Fig. 6). It can be seen from the index statistics that,
for the building land cover type, there is little difference between
the parameters of leaf-off and leaf-on, and the NDVI value of
leaf-on is about 0.1, which differs from its values for other
land cover types such as water, farmland, forests, and rubber
plantations. The DVI of agricultural land is mainly around 0.25,
and it is difficult to distinguish the eigenvalues of this land type
from woodland and rubber plantations. The NDVI of woodland
is very high, reaching 0.8 at the stages of leaf dropping and green
leaf growth. Because NDWI is mainly used for water extraction,
we can note that the NDWI of water is obviously different from
other surface covers through the sample points obtained from the
field and Google Earth map; the NDWI is thus used for water
removal in the study area in this experiment. In addition, the
NDWI values of construction and agricultural land for leaf-on
are quite different from that of rubber. Therefore, NDWI can also
be used as a function to distinguish architecture, agriculture, and
rubber planting. However, the LSWI index and NDVI index of
rubber plantations are quite different for leaf-off and leaf-on.
The LSWI values of rubber plantations primarily vary from −1
to 0 during leaf-off and from 0.2 to 0.4 during leaf-on. The NDVI
value of rubber plantations is mainly between 0.2 and 0.6 in the
leaf-off stage and about 0.8 in the leaf-on stage. However, other
land cover types do not share this characteristic, so the NDVI
value can be used to extract rubber plantations.

The texture features of typical ground covers show that the
contrast, GLCM_A, and GLCM_V of rubber plantations are
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TABLE II
TEXTURE FEATURES OF LAND COVER TYPE

Fig. 7. Importance distribution of variables.

quite different from those of other land cover types (see Table II).
The maximum GLCM_Con value of rubber plantations is 5.19,
which is characterized by rich detail, obvious furrows, and high
definition, indicating that rubber plantations provide abundant
texture information. GLCM_A is smaller and shows a fine
texture with a uniform distribution of image grayscale, which
is easy to distinguishable from other forests. A larger rubber
plantation GLCM_E shows a more complex texture compared
to other land cover types. Rubber plantations have a GLCM_Cor
value of 0.16, indicating a more directional texture relative to
the rest of the land cover types. In addition, the rubber forest
GLCM_V value is relatively high, which means that the grayness
of the rubber forest is more variable and its texture is more
periodic (see Table II).

C. Variable Importance Analysis and Accuracy Assessment

The RF can reduce data redundancy and processing workload
by analyzing and evaluating the importance and contribution
of feature variables to improve model accuracy. As shown in
Fig. 7, the importance distribution of the variables obtained by
OOB error analysis. The higher the importance score, the greater
the influence and contribution of the variable to the classification
results. The importance scores of NDWI and SWIR 2 in the green
leaf phase were greater than 90, which was due to the fact that
NDWI and the SWIR 2 band could suppress vegetation infor-
mation and were more effective in discriminating soil moisture
and prominent water bodies and distinguishing vegetation from
water bodies and other surface cover. In contrast, the importance
scores of texture features were all lower than 50, indicating
that the contribution of texture features was lower than spectral
features (see Fig. 7).

Accuracy assessment is a key component of map production
using remote sensing data. Two out of three sample points in
each of the years from 1987 to 2020 were randomly selected
to construct the classification model, and all samples from each
year were used to calculate the confusion matrix to evaluate the
accuracy of the classification results. The accuracy verification
results showed that the overall accuracy of the classification
model from 1987 to 2020 was greater than 82%, and the Kappa
coefficient was greater than 0.76 (see Table III). The classifica-
tion accuracy was high, which showed that the accuracy of the
classifier studied in this article and the consistency of spatial
distribution reached a greater degree of accuracy.

D. Rubber Plantation Areas and Comparison With Statistics
From Other Sources

Apart from evaluating the accuracy of the classification re-
sults, we calculate the area of rubber plantation classification.
Rubber plantation area statistics generated from this article for
Xishuangbanna that were compared with other sources such as
the research of [9], [51], [52], and the Xishuangbanna Statistical
Yearbook (see Table IV). We found that our statistical area
was close to previous scholar’s studies, but larger than the
national statistical data, indicating that the rubber plantations in
some areas had not yet been fully included in official statistics.
However, Xiao et al. [53] reported lower values than those found
in our study and values from statistical data.

E. Temporal and Spatial Distribution of Rubber Plantations

Our results show that the rubber plantation area has expanded
since 1987 (see Fig. 8). Specifically, the areas of rubber plan-
tations increased nearly septuple from 7.05×104 hm2 in 1987
to 47.78×104 hm2 in 2020. From the view of the county-level
in Xishuangbanna, the increases in rubber plantation area are
mainly distributed in Mengla County and Jinghong City, while
the change in rubber plantation area in Menghai County is
relatively small. The rubber plantation area of Mengla County
and Jinghong City has grown rapidly: as of 2020, the total area
of rubber plantations in Mengla County and Jinghong City has
grown to 22.42×104 and 20.03×104 hm2, respectively, but the
area of rubber plantation in Menghai County has grown only to
5.34×104 hm2.

Through analysis of the spatial distribution of rubber planta-
tions, we can clearly see that the rubber plantations are mainly
located in Mongla County and Jinghong City, accounting for
more than 2/3 of the rubber plantations in Xishuangbanna,
showing the spatial distribution characteristics of Jinghong City
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TABLE III
USER’S ACCURACY (UA), PRODUCER’S ACCURACY (PA), OVERALL ACCURACY (OA), AND KAPPA COEFFICIENT FOR LAND COVER TYPE

TABLE IV
RUBBER PLANTATION AREA COMPARISONS

Note: ∗Xishuangbanna Statistical Yearbook from http://www.xsbn.gov.cn/tjj/tjj.dhtml.

Fig. 8. Area of rubber plantations in Jinghong city, Mengla county, Menghai
county, and Xishuangbanna from 1987 to 2020.

and Mengla County as the center (see Fig. 9). From 1976 to
2020, the area of rubber plantations was obviously increased
in Jinghong City and Mengla County, while that in Menghai
County had remained small there.

V. DISCUSSION

A. Selection of Variables Advantages of Monitoring Rubber
Forest Using Phenology

Vegetation phenology is the most intuitive and sensitive bio-
logical index for seasonal and interannual changes in environ-
mental conditions, and its changes can reflect the rapid response
of terrestrial ecosystems to climate changes [55]. The phenolog-
ical differences between rubber plantations and other vegetation
types are an important factor affecting classification accuracy.
Our results found that the rubber plants in Xishuangbanna began
to lose leaves in late December until the middle of February,
and the leaves showed significant changes from mid-February
to late March. This finding is consistent with [12], probably
due to the low temperature in the leaf-off period caused the
crowns of the rubber trees to fall off [56], which caused the
NDVI values of rubber trees in the remote sensing images to
differ from those of other vegetation types during this period.
In addition, the phenological ground observation showed that
the biological rhythms of the rubber plantations and natural
forest were distinctly different in Xishuangbanna [53]. How-
ever, compared to other traditional tropical rubber plantation
areas such as Thailand and the Philippines with no obvious
phenological characteristics or short durations of leaf-off, the

http:&sol;&sol;www.xsbn.gov.cn&sol;tjj&sol;tjj.dhtml


9458 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 14, 2021

Fig. 9. Spatial distribution map of rubber planting in Xishuangbanna from 1987 to 2020. .

application of this method will be limited [57]. This further
shows that the mapping of rubber plantations in the different
region must consider the temporal inconsistency of the leaf-off
and leaf-on of rubber plantations in different regions.

B. Spatial–Temporal Dynamic of Rubber Plantations in
Xishuangbanna

The change of rubber plantation area is affected by the interac-
tion of humans, the environment, and policies on different tem-
poral and spatial scales. Accurate and up-to-date mapping and
monitoring of rubber plantations can help understand regional
LULC and their eco-environmental effects, and it supports land
management and decision making [58]. Our study showed that
the rubber plantation area in Xishuangbanna increased from
1987 to 2020. The change of rubber plantation can be divided
into three stages. From 1987 to 2000, the growth rate of rubber
plantations was relatively slow (see Fig. 8). This change might
be that rubber was mostly planted on state farms at the time [54].
Since the land tenure reform in the 1980s, not only state-owned

farms but also rubber plantations of small farmers have flour-
ished [53]. From 2000 to 2010, the growth rate became faster due
to China’s further liberalization of trade controls on domestic
natural rubber production. This finding was in consistent with
[53], who reported that the rubber plantation in Xishuangbanna
was developing rapidly because of the government incentive
policy and the rising prices of natural rubber. However, we
found that the rubber plantation area had been expanding slowly
since 2010, probably due to the rubber prices had fallen steeply.
According to the previous study the price of natural rubber latex
sharply dropped to half of its historical peak since 2012 [59],
[60], our results further supported these findings. In addition,
China has gradually strengthened its understanding of the eco-
logical environment and biodiversity protection, avoiding the
ecological imbalance caused by a single species and further
restricting the planting of rubber plantations.

Spatially, we found that the Xishuangbanna rubber forest
was mainly concentrated in Jinghong City and Mengla County
(see Fig. 9), which was similar to the results of previous [5],
[51], [61]. Since 2000, rubber plantations in Xishuangbanna
have expanded rapidly, especially on the Chinese side of the



LI et al.: MONITORING SPATIAL AND TEMPORAL PATTERNS OF RUBBER PLANTATION DYNAMICS 9459

borders with Laos and Myanmar. This might be due to the
large demand for rubber, government support, and advances
in agricultural technology [5]. An alternative explanation is
geopolitical cooperation and government policies, such as the
alternative development in the 1990s [9]. For example, in order to
curb and reduce the sources of drugs and eliminate poppy culti-
vation, the governments of Myanmar and Laos have made rubber
plantations the main alternative land use type [53]. Compared
with Jinghong City and Mengla County, the rubber planting
area in Menghai County has little change. This could be due to
regional differences. Previous studies indicated that the average
elevation of Menghai County is 1411.77 m, which is not suitable
for rubber planting [62]. In addition, the expansion pattern of
rubber plantations on Xishuangbanna was quite different from
that of Hainan Island, the rapid expansion of rubber plantation on
Hainan Island began in the early 1980s [63]. During the 1990s,
rubber plantations on Hainan Island grew at a very low and
stable speed. This difference may be related to China’s Reform
and Opening policy [64].

C. Uncertainties for Mapping Rubber Plantation

The extraction accuracy for rubber plantations is the premise
and basis of evaluating data application. Theoretically, our clas-
sification results showed that both overall accuracy and Kappa
values were reasonable, and the average overall accuracy was
above 80%, while Kappa was above 0.75. However, as [65]
reported that the kappa coefficient is not an index of accu-
racy, indeed it is not an index of overall agreement but one of
agreement beyond chance. Therefore, we found errors in rubber
classification in some areas through visual interpretation. This
mainly occurred through rubber misclassification and omission
in the early steps of the rubber plantation. The spatial distribution
of misclassified points in rubber plantation areas was analyzed. It
was found that most of the misclassified points in rubber planta-
tions were classified as natural forests because there were many
rubber plantations scattered in the study area, which had no obvi-
ous boundary with other forest covers around them, resulting in
a decline of classification accuracy. In addition, in phenological
analysis, remote sensing images show that neither leaf-off nor
leaf-on processes may occur perfectly synchronously across the
region. This change may be due to the long-time interval of
Landsat images, the rubber phenological feature information is
weakened in the data mosaic process.

We also conduct a comparative analysis of the monitored rub-
ber plantation area and other sources such as the other scholar’s
related research and statistical yearbooks. We estimated that the
area of rubber plantation in the study is much larger than that in
the official statistics (see Table IV). In comparison, our results
are closer to the [9], [51], and [52], which estimated that the area
of rubber plantations in Xishuangbanna reached 50.10×104,
47.33×104, and 49.00×104 hm2 in 2010, respectively. The
difference between our results and the official statistics is likely
caused by the underreporting of rapidly growing and relatively
scattered small rubber plantations in the private sector. It can be
inferred from this that official statistics underestimate the area
expansion rate of rubber plantations in the study area.

VI. CONCLUSION

This article is based on the GEE platform using dense time
stacking of time-series Landsat images and the RF algorithm
to monitor the temporal–spatial changes of rubber forests in
Xishuangbanna over the past 30 years. The results demonstrated
that the overall accuracy values of the classification model from
1987 to 2020 ranged from 0.82 to 0.96, while Kappa values
ranged from 0.76 to 0.95, indicating that the extraction accuracy
can be considered reliable. The area of rubber plantations con-
tinuously expanded from 1987 to 2020, attaining a maximum
value of 49.60×104 hm2 in 2015. The Xishuangbanna rubber
plantations are mainly located in Mongla County and Jinhong
City, and its area has grown rapidly from 1987 to 2020. The
distribution of rubber plantations in Menghai County is small
and the area changes little.

However, there are several critical uncertainties and impli-
cations for further studies. A problem with the monitoring
method due to the distribution and elevation of the study area is
that defoliated rubber will appear asynchronously defoliated on
remote sensing images in terms of temporal, and the timing of
green leaves may also be asynchronous during the leaf-on period.
Second, because the Landsat data has a long-time interval, the
rubber phenology characteristic information is weakened in the
process of data mosaic production. In the future, we suggest fur-
ther exploration of this topic using multisource remote sensing
image data fusion technology, including image fusion of MODIS
and Landsat. In addition, given the changes in the phenological
characteristics of rubber forests in different regions, the impact
of terrain and climate on rubber forests requires further con-
sideration. Extraction methods of rubber forest area also need
to be discussed in combination with other approaches, such as
maximum likelihood, support vector machine, artificial neural
network, and deep learning algorithms [66]–[68]. In summary,
despite these limitations, this article method provides an impor-
tant reference for monitoring the distribution of rubber in other
tropical regions.
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