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Abstract: Monitoring disturbances in tropical forests is important for assessing disturbance-related
greenhouse gas emissions and the ability of forests to sequester carbon, and for formulating strate-
gies for sustainable forest management. Thanks to a long-term observation history, large spatial
coverage, and support from powerful cloud platforms such as Google Earth Engine (GEE), remote
sensing is increasingly used to detect forest disturbances. In this study, three types of forest disturb-
ances (abrupt, gradual, and multiple) were identified since the late 1980s on Hainan Island, the larg-
est tropical island in China, using an improved LandTrendr algorithm and a dense time series of
Landsat and Sentinel-2 satellite images on the GEE cloud platform. Results show that: (1) the algo-
rithm identified forest disturbances with high accuracy, with the R? for abrupt and gradual disturb-
ance detection reaching 0.92 and 0.83, respectively; (2) the total area in which forest disturbances
occurred on Hainan Island over the past 30 years accounted for 10.84% (2.33 x 105 hm? in total area,
at 0.35% per year) of the total forest area in 2020 and peaked around 2005; (3) the areas of abrupt,
gradual, and multiple disturbances were 1.21 x 10° hm?, 9.96 x 10* hm?, and 1.25 x 10* hm?, account-
ing for 51.93%, 42.75%, and 5.32% of the total disturbed area, respectively; and (4) most forest dis-
turbance occurred in low-lying (<600 m elevation accounts for 97.42%) and gentle (<25° slope ac-
counts for 94.42%) regions, and were mainly caused by the rapid expansion of rubber, eucalyptus,
and tropical fruit plantations and natural disasters such as typhoons and droughts. The resulting
algorithm and data products provide effective support for assessments of such things as tropical
forest productivity and carbon storage on Hainan Island.
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1. Introduction

Forest disturbance is one of the most important processes in forest ecosystem succes-
sion and plays an integral role in maintaining regional ecological balance and stability [1].
However, due to the increasing frequency of human and natural disturbances, forest
structure and function have changed significantly, particularly in tropical forests, which
are important contributors to the global carbon cycle and biodiversity [2,3]. It is estimated
that about 55% of the global forest carbon stock is stored in tropical forests, which host
approximately two-thirds of global biodiversity hotspots [4,5]. Therefore, information on
the location, timing, and magnitude of disturbances in tropical forests must be quantified
to understand forest disturbance processes and develop strategies to mitigate the result-
ing negative impacts [6-8].

Field surveys are a traditional method for the high-precision monitoring of forest
disturbances, but they are time consuming, labor intensive, and limited in terms of time
and space [9]. In contrast, remote sensing is a practical solution for forest disturbance
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monitoring because it allows rapid image acquisition, provides large spatial coverage, and
is widely used to monitor forest disturbances caused by human-induced (logging [10,11],
disforest), natural (fire [12,13], drought [14,15], pests and diseases [10,16]), or unknown
factors [17-19]. Developing or selecting an appropriate disturbance monitoring algorithm
is a key step in forest disturbance monitoring. Several forest disturbance monitoring algo-
rithms based on long-term Landsat imagery have been developed in recent decades, in-
cluding Landsat-based Detection of Trends in Disturbance and Recovery (LandTrendr)
[20], Vegetation Change Tracker (VCT) [21], Breaks for Additive Season and Trend Mon-
itor (BFAST) [22], and the Continuous Change Detection and Classification (CCDC) model
[23]. These algorithms use pixels as the minimum mapping unit, and there are differences
in the required temporal frequencies (number of remote sensing images used for the same
location), change indices (spectral bands, vegetation indices, tasseled cap transfor-
mations), and whether they can be used for real-time monitoring [24]. The LandTrendr
algorithm is flexible in the selection of vegetation indices, and can capture both abrupt
and gradual disturbances [20]. Moreover, in tropical areas that are often affected by cloud
cover and rainfall, the algorithm can freely define the time window to create composite
cloud-free images, giving it wider adaptability [25]. A growing number of studies have
subsequently proven the accuracy of the LandTrendr algorithm for monitoring forest dis-
turbances (e.g., [26,27]). Additionally, since the implementation of the LandTrendr algo-
rithm on the Google Earth Engine (GEE) cloud platform in 2018, the advantages of cloud
computing have made it possible to efficiently monitor changes in forest disturbances at
large scales [28,29].

Although the Land Trendr algorithm is widely used in forest disturbance monitoring,
a literature review showed that there are still some shortcomings. First, most studies rely
solely on Landsat imagery, with few using a combination of multiple data sources. Fre-
quent rainfall and cloud cover in the tropics significantly hinder the acquisition of cloud-
free Landsat imagery [30], reducing the accuracy of forest disturbance monitoring. With
the launch of Sentinel-2A in June 2015, and with free data sharing, image coverage in the
tropics has been greatly improved. The combination of Landsat and Sentinel-2 imagery
can provide denser time series data for monitoring forest disturbances in the tropics [31].
Second, previous studies have monitored the most recent forest disturbances, ignoring
the fact that forest disturbances often have multiple dynamics, such as eucalypt planta-
tions with constant crop rotation. Timely determination of the timing and intensity of each
disturbance, whether abrupt disturbances with short disturbance durations such as log-
ging and fire or gradual disturbances with long disturbance durations such as selective
logging and droughts, has important implications for sustainable forest management and
the study of the carbon cycle [32-34].

Hainan Island is one of the two major tropical regions in China. It has a large area of
tropical forests and is one of the world’s biodiversity hotspots [2,35,36]. Existing studies
have shown that the area and structure of the tropical forests on Hainan Island have
changed drastically in recent decades. Forestry survey data show that forest cover has
increased rapidly from 25.55% in 1987 to 49.15% in 2003, and the area of forest plantations
accounts for 65.46% of the total forest area [37]. In the mid-to-late 1990s, under the pro-
motion of the government, the planting area of eucalyptus increased rapidly [38]. Since
the beginning of this century, the area of rubber plantations has increased rapidly in con-
junction with the rapid rise in natural rubber prices, from 3.70 x 10> hectares in 2000 to
5.19 x 105 hectares in 2020 [39]. Wang, et al. in 2012 [40] evaluated several periods of sat-
ellite imagery and found that natural forest area increased significantly from 1988 to 1998,
but decreased significantly from 1998 to 2008. A more recent study combining a dense
time series of optical and synthetic aperture radar imagery (SAR) showed that the rapid
expansion of rubber plantations since the 2000s contributed to a substantial increase in
forest area between 2007 and 2018 [35]. However, these studies mainly analyzed forest
changes on Hainan Island using statistical data or various forest distribution maps and
lacked long-term monitoring of the type and intensity of forest disturbances, which greatly
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affected the comprehensive assessment of the forest dynamics on Hainan Island. The objec-
tives of this study are threefold: (1) to identify different forest disturbances (abrupt disturb-
ances, gradual disturbances, and multiple disturbances) using a dense time series of Landsat
and Sentinel-2 imagery and the LandTrendr algorithm; (2) to analyze the spatiotemporal
characteristics of forest disturbances on Hainan Island; and (3) to investigate the causes of
different forest disturbances. The algorithms and data products obtained in this study can
contribute to the sustainable management of forests on Hainan Island.

2. Method
2.1. Study Area

Hainan Island (108°21'-111°03' E, 18°20'-20°10" N) is the southernmost province of
China and the second-largest island in the country, covering a land area of about 3.54 x 10¢
hectares (Figure 1). The topography of the island is low all around and high in the middle,
with Wuzhi Mountain and Yinggeling in the middle, and slopes in all directions. Hainan
Island belongs to the tropical monsoon climate zone with an average annual temperature of
22 to 27 degrees. The total annual rainfall ranges from 923 mm to 2459 mm and is mainly
concentrated in the rainy season, which begins in May and lasts until October. Every year
during the rainy season, forests and crops on the island are threatened by typhoons or se-
vere tropical cyclones of varying intensity. The dry season generally lasts from November
to April, and the amount of rainfall is about 20% of that occurring in the rainy season [41].
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Figure 1. Spatial distribution map of topographic and ground samples on Hainan Island.

Hainan Island is extremely rich in forest resources, including tropical monsoon for-
ests, tropical rainforests, evergreen broad-leaved forests, coniferous forests, and shrubs.
According to the National Forest Resource Inventory, the forest cover of Hainan Island
has increased from 31.27% in the fourth survey (1989-1993) to 57.36% in the ninth survey
(2014-2018), ranking sixth among all provinces in China. The region is also subject to a
variety of natural (typhoons, rainstorms, droughts) and human-induced (harvests, log-
ging, clearings for agriculture, city construction) disturbances.
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2.2. Workflow

The main process of this study consists of four steps (Figure 2): (1) synthesizing an
annual time series dataset using Landsat and Sentinel-2 imagery from 1987 to 2020; (2)
combining the forest map of Hainan Island in 2020 and the LandTrendr algorithm to iden-
tify different types of forest disturbances (abrupt disturbances, gradual disturbances, and
multiple disturbances); (3) evaluating the accuracy of the different forest disturbances;
and (4) analyzing the driving factors of the forest disturbances.
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Figure 2. Workflow of this study.

2.3. Data Source and Processing
2.3.1. Satellite Imagery

All top-of-atmosphere (TOA) reflectance data acquired from the Landsat 5 Thematic
Mapper (TM), Landsat 7 Enhanced Thematic Mapper Plus (ETM+), Landsat 8 Operational
Land Imager (OLI), and Sentinel-2 Multispectral Instrument (MSI) were used to monitor
forest disturbances. Hainan Island has a large number of rubber forests which lose their
leaves intensively around mid-February every year, at which point the vegetation index
drops significantly, and this can be easily misidentified as a forest disturbance. Therefore,
we used the annual time series composite images created from 15 April to 30 November
every year [42,43]. The Landsat imagery is from the U.S. Geological Survey, while the Sen-
tinel-2 imagery is from the European Space Agency. These data are already corrected with
high geometric precision, reducing radiometric uncertainties between different acquisition
dates and sensors. All data are available on the Google Earth Engine cloud platform [44,45].

Clouds and shadows in the Landsat imagery were masked using bitmask information
from the corresponding quality assessment band generated using the C Function of Mask
(CFMask) algorithm [46,47],, while in the Sentinel-2 MSI images, these were masked using
the cloud probability layer and the Temporal Dark Outlier Mask (TDOM) algorithm [46—
48]. Regression models were used to minimize the differences in TOA reflectance between
the Landsat and Sentinel-2 imagery, using Landsat 8 TOA reflectance as a benchmark [48].

The Normalized Burn Ratio (NBR) index, which has been widely used to detect forest
disturbances due to its excellent sensitivity to chlorophyll in vegetation leaves, charcoal
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ash in soil, and moisture content, was selected for forest disturbance detection [11,49]. The
NBR was calculated according to Equation (1):

NBR = PNIR — PswiRr2 )

PNIR T Pswirz
where NIR and SWIR are the near-infrared (850-880 nm) and short-wave infrared (1570-
1650 nm) bands of the Landsat and Sentinel-2 imagery, reflectively [50].

2.3.2. Forest Cover Data

This study is only concerned with the past disturbance history of existing forests. Prior
to implementing the LandTrendr algorithm, non-forest was masked out using the 2020 for-
est map of Hainan Island to reduce the impact of other land sources, such as those used for
crop planting and harvesting. The forest map was created using a decision tree algorithm
developed with the Landsat/Sentinel-2 optical time series and L-band Phased Array L-band
Synthetic Aperture Radar (PALSAR) and PALSAR-2 radar imagery [35,51]. The spatial dis-
tribution maps of forests on Hainan Island for 2007-2015 (OA = 92%-97%) were obtained
using this algorithm, and its accuracy is significantly better than the existing forest products
based on pure radar or optical remote sensing images in the region (OA = 82%—90%) [51]. It
also maintains high spatial and temporal consistency at the one-year and five-year scales
and is a reliable data product for dynamic forest monitoring in Hainan.

2.3.3. Terrain Data

The terrain data we used were from the Advanced Land Observing Satellite (ALOS)
World 3D-30 m (AW3D30), a global digital surface model (DSM) provided by the Japan
Aerospace Exploration Agency (JAXA). According to the topographic features of Hainan
Island, the elevations were divided into seven levels with binning values of 50 m, 100 m,
200 m, 300 m, 600 m, and 1200 m. The slope was extracted from AW3D30 using the terrain
analysis function on the GEE cloud platform. According to the technical regulations for
the inventory for forest management planning and design (GB/T26424-2010) issued by the
National Forestry and Grassland Administration of China, we classified slopes as shallow
slopes (0-5°), gentle slopes (5-15°), slopes (15-25°), abrupt slopes (25-35°), steep slopes
(35-45°), and dangerous slopes (245°). The spatial distribution and area of different forest
disturbances at different elevation and slope regions were analyzed.

2.3.4. Verification Data

Based on the 2020 forest map, a total of 350 forest samples were randomly generated
and visually interpreted using very high-resolution Google Earth imagery and historical
thumbnails of Landsat imagery from the late 1980s onwards. These thumbnails were
downloaded using a Python script developed with the functions of the geemap package
The geemap package could be accessed from https://geemap.org/ (Accessed on 20 Au-
gust 2022). Due to cloud cover and image quality, disturbances for some samples could
not be determined, and ultimately only 334 samples were selected for subsequent analysis
(there were 265 abrupt samples and 69 gradual samples) (Figure 1). These sample data
were randomly selected in a ratio of 3:7, with 30% used as training samples and the re-
maining 70% used as accuracy assessment samples. Although multiple disturbances were
identified as another type of disturbance, the lack of historical imagery did not permit the
inclusion of this category in the visual interpretation of the disturbance samples.
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2.4. Forest Disturbance Identification

The LandTrendr temporal segmentation algorithm is considered one of the best meth-
ods for effective forest disturbance monitoring [13,20]. The algorithm adapts a temporal seg-
mentation method to capture long-lasting and short-term dramatic changes by analyzing
the temporal spectral trajectory of each pixel. The input is an annual composite time series
of spectral bands and/or spectral indices. The implementation of the LandTrendr algorithm
consists of six main steps: (1) removing spikes (clouds, snow, smoke, or shadows); (2) iden-
tifying potential vertices; (3) fitting the trajectory; (4) simplifying the model; (5) determining
the best model based on the p-value of the F-test; and (6) filtering the segments by comparing
the segmented trajectory to the rate of change in vegetation cover [20].

To more accurately identify types and times of forest disturbance, we improved the
final step of the LandTrendr algorithm (filtering segments by comparing segmentation
trajectories with percent change in vegetation cover). Several metrics were calculated to
describe forest disturbance: (1) number of segment vertices (Nvertex); (2) value at the onset
of disturbance (Vstart); (3) value at disturbance end (Vend); (4) magnitude (Vmag); and (5)
duration of disturbance (Taur, Figure 3.). In this study, forest disturbances were classified
as abrupt disturbance (Taw < 4 years), gradual disturbance (Tauw > 4 years), multiple dis-
turbance (number of disturbances >1), and no disturbance (Figure 4). The main steps are
as follows: (1) determining the number of vertices and splitting them into two parts (Nvertex
> 2 and Nvertex= 2); (2) for pixels with Nvertex> 2, determining disturbance types (abrupt:
Vstart 2 0.6, Vend < 0.49, and Vimag > 0.18; gradual: Vstart 2 0.6, Venda < 0.53, and Vimag > 0.11)
according to the duration of the disturbance; (3) counting the number of disturbances and
determining if it is a multiple disturbance; and (4) performing trend fitting for forest pixels
with two vertices and categorizing them as increasing trend (slope > 0) or decreasing trend
(slope < 0). Thresholds of abrupt and gradual disturbance for Vstart, Vend, and Vmag were
determined using the training samples (Vmag: Vmag mean - Vmag standard deviation; Vstart:
Vstart mean - Vistart standard deviation; Vend: Vend mean + Vend standard deviation, Figure 5).
Model performance was evaluated using a scatterplot of observed disturbance year
against estimated disturbance year based on the validation dataset. All these processes
were performed on the GEE cloud platform.

07 7Nvertex \VT&R

0.6 1

0.5

Vimag

x 0.4 1
z

0.3

L > Tdur<-
0.2 Vend
0.11 Original
Fitted
0.0 T T T T T T 1
1990 1995 2000 2005 2010 2015 2020

Figure 3. Metrics calculated for optimizing the LandTrendr algorithm.
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3. Results

3.1. Accuracy Assessment

Accuracy assessments of the disturbance date using 70% ground reference data for
abrupt and gradual disturbances are shown, and the observed years and estimated years
of the abrupt disturbances have clear linear distribution characteristics. The R? and slope
of the linear fit are 0.92 and 0.95, respectively(Figure 6a). All points are closely distributed
along the one-to-one line, but show a slight underestimation of the year of abrupt disturb-
ances for most rubber plantations. The validation results for the gradual disturbances
show a similar distribution pattern to those for the abrupt disturbances, with the R? and
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the slope of the linear fit reaching 0.84 and 0.83, respectively(Figure 6b). In contrast, the
distribution of all points of the gradual disturbances is more discrete, and the algorithm
underestimates the early gradual disturbances more.
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Figure 6. Scatter plots and linear fits of observed and estimated years of disturbances: (a) abrupt
disturbances and (b) gradual disturbances.

3.2. Spatial Characteristics of Forest Disturbances on Hainan Island
3.2.1. Forest Disturbances over Different Cities and Counties

Abrupt disturbances are relatively concentrated in the central and northwestern re-
gions, but the distribution varies greatly among different time periods (Figure 7a). Before
2000, abrupt disturbances occurred mainly in the central, western, and northwestern re-
gions, especially in Danzhou City, Qiongzhong County, Baisha County, and Dongfang
City. Between 2000 and 2010, abrupt disturbances increased significantly, and were
mainly concentrated in the north-central and northwestern regions, particularly in Dan-
zhou City, Qiongzhong County, Chengmai County, and Baisha County. After 2010, the
area of abrupt disturbances decreased rapidly and became more prevalent in the central
and northeastern regions.

Gradual disturbances are relatively scattered; they are distributed mainly in the
northwestern region and the eastern coastal inland platform areas (Figure 7b). Before
2000, there were few gradual disturbances, mainly in the central and northwestern re-
gions, such as Danzhou City, Baisha County, and Qiongzhong County. From 2001 to 2010,
the gradual disturbances increased significantly and were concentrated in the northwest-
ern, central-eastern, and northeastern regions. After 2010, the gradual disturbances grad-
ually reduced in frequency and were mainly distributed in Danzhou City, Chengmai
County, Qiongzhong County, and Baisha County.

Multiple disturbances have occurred in all cities and counties over the past three dec-
ades, but the area of disturbance is relatively small (Figure 7c). Multiple disturbances were
concentrated in the western, northeastern, coastal, and central areas of Hainan Island. In
contrast, the areas of multiple forest disturbances in Wenchang City, Qiongzhong County,
and Dongfang City were much larger than in other cities and counties, such as Lingshui
County, Ding’an County, and Chengmai County.

The area of forest disturbance on Hainan Island from 1990 to 2020 was 2.33 x 105 hm?,
which is about 10.84% of the forest area of Hainan Island in 2020 (2.15 x 10¢ hm?) (Figure
7d). The areas of abrupt, gradual, and multiple disturbances were 1.21 x 105 hm? (51.93%),
9.96 x 10* hm? (42.75%), and 1.25 x 10* hm? (5.32%), respectively. Danzhou City had the
largest area of abrupt disturbance (1.83 x 10* hm?), followed by Qiongzhong County (1.62
x 10* hm?), Baisha County (1.17 x 10* hm?), and Chengmai County (1.02 x 10* hm?). The
areas of abrupt disturbances in these regions accounted for 46.63% of the total area of
abrupt disturbances. In descending order, the top five cities and counties in terms of areas
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of gradual disturbances were Danzhou City (1.33 x 10* hm?), Qiongzhong County (9.60 x
10% hm?), Baisha County (9.33 x 103 hm?), Qionghai City (7.74 x 10° hm?), and Wenchang
City (7.44 x 10° hm?), accounting for 47.62% of the total area of gradual disturbances. In
the case of multiple disturbances, Wenchang City hosted the largest area with 1.65 x 103
hm?, followed by Qiongzhong County (1.42 x 10° hm?) and Dongfang City (1.20 x 10° hm?),

which together accounted for 34.17% of the total area of multiple disturbances.
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Figure 7. Spatial distributions of forest disturbances on Hainan Island from 1990 to 2020: (a) abrupt
disturbances, (b) gradual disturbances, (c) multiple disturbances, and (d) areas of different disturb-
ance types at city and county levels.

3.2.2. Forest Disturbances in Different Terrain Areas

Forest disturbances on Hainan Island in the past 30 years occurred mainly in the area
below 600 m, and the area of disturbance varied greatly in different years (Figure 8a). In
the 1990s, the area of forest disturbances increased most in the area with elevation be-
tween 100 m and 200 m, while most other areas increased only slightly. In the first five
years of this century, the area of forest disturbances increased substantially, especially in
areas less than 200 m in elevation. In 2005, the disturbed forest areas at elevations of 0-50
m, 50-100 m, and 100-200 m were 1.05 x 104+ hm?2, 1.53 x 104 hm?, and 2.32 x 104 hm?, re-
spectively. These increased by 3.43, 3.82, and 3.18 times the forest disturbance area in the
early 1990s. After 2005, the area of forest disturbance began to decrease in most areas. By
the end of 2020, the total area of forest disturbance below 600 m was about 2.27 x 105 hm?,
accounting for 97.42% of the total area of forest disturbance on Hainan Island. The largest
area of forest disturbance was found an elevation of 100-200 m (7.52 x 10* hm?) and ac-
counted for 32.27% of the total forest disturbance area.

Forest disturbances on Hainan Island in the past 30 years were mainly distributed in
areas with slopes below 25°, with the area below 15° changing the most (Figure 8b). The
area of forest disturbance increased slowly in the 1990s, but increased significantly in the
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first five years of this century. The disturbed forest areas in the 0-5° and 5-15° regions
were 2.45 x 10* hm? and 3.04 x 10* hm?, respectively, which are about 3.60 and 3.00 times
higher than those in the early 1990s. After 2005, the area of forest disturbance decreased
in most areas. The total area of forest disturbance in areas with slopes less than 25° was
2.20 x 105 hm?, accounting for 94.42% of the total area of forest disturbance. The largest
forest disturbance area was found in areas with slopes between 5° and 15° (9.92 x 10* hm?),
which accounted for 42.58% of the total forest disturbance area.
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Figure 8. Areas of forest disturbance at different elevations and slopes on Hainan Island: (a) eleva-
tion and (b) slope.

3.3. Temporal Characteristics of Forest Disturbance

The areas of both abrupt and gradual disturbances showed a turning point around
2005: there was a general increase before 2005, and then a gradual decrease (Figure 9).
Compared with the areas of abrupt disturbances, the areas of gradual disturbances in-
creased more significantly before 2005 (Figure 9a) However, the magnitude of the de-
crease after 2005 was just the opposite, with gradual disturbances decreasing more rap-
idly. The year with the largest area of abrupt disturbances was 2005, with an area of 1.25
x10* hm? and a 10.33% share of the total area of abrupt disturbances. The other years with
large areas of abrupt disturbances were 2004, 2006, 2001, and 1996, with areas of 7.35 x 103
hm?, 7.27 x 105 hm?, 6.43 x 10® hm? and 6.31 x 103 hm?, respectively. The total area of dis-
turbances in these five years accounted for 32.94% of the total area of all abrupt disturb-
ances. The largest area of gradual disturbances was found in 2006 (1.51 x 10* hm?), which
accounted for 15.16% of the total area of gradual disturbances. This was followed by 2007
(1.06 x 10* hm?), 2005 (9.55 x 10% hm?), 2004 (8.86 x 10> hm?), and 2003 (6.45 x 10° hm?). The
total area of disturbance in these five years accounted for 50.76% of the total area of all
gradual disturbances.
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Figure 9. Interannual variation characteristics of forest disturbance: (a) abrupt and gradual disturb-
ances, and (b) multiple disturbances.

The average annual area of multiple disturbances on Hainan Island was 293.76 hm? in
1990-2000, the lowest in the three decades(Figure 9b). From 2001 to 2010, the average annual
disturbance area was 533.04 hm?, which was a significant increase compared to 1990-2000.
During this period, the disturbance area peaked between 2005 and 2007. The total area of
multiple disturbances in these three years was 2744.00 hm? accounting for 51.48% of the
total area of multiple disturbances in 2001-2010. The average annual disturbance area from
2010 to 2017 was 569.30 hm?, which was slightly larger than the average disturbance area
from 2001 to 2010. The disturbances mainly occurred in 2015 and 2016, and accounted for
44.03% of the area of multiple disturbances (3.98 x 10° hm?) after 2010.

4. Discussion
4.1. Data and Algorithms for Forest Disturbance Monitoring

Satellite image quality is an important factor in forest disturbance monitoring. Land-
sat imagery has been used extensively for forest disturbance monitoring with the Land-
Trendr algorithm [11,52-54] because it has a long-term observation history [2]. However,
the long-term monitoring of forest disturbances in the tropics with Landsat alone remains
challenging due to frequent cloud cover [55]. In this study, both Landsat 5/7/8 and Senti-
nel-2 imagery was used to generate annual time series for forest disturbance monitoring.
Although Sentinel-2 has only been in use since 2015, it effectively complements data from
recent years. The results showed that the maximum revisit interval decreased to approxi-
mately seven days when Landsat 8 and Sentinel-2A/B were integrated [55]. The increasing
amount of imagery data in recent years can provide more dynamic details and thus reduce
the error in forest disturbance monitoring [56,57].

Although the LandTrendr algorithm has been used extensively to monitor forest dis-
turbances, multiple disturbances are rarely observed [11,12,14,58]. In fact, forests are
prone to multiple disturbances over a period of up to 30 years, especially in tropical re-
gions where there are large numbers of fast-growing forests, such as eucalyptus. In this
study, we successfully improved the LandTrendr algorithm to monitor multiple forest
disturbances. As shown in Figure 10. ., multiple disturbances can be accurately identified
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using the time series trajectory fitted by the Land Trendr algorithm and verified with historical
satellite imagery. The annual time series of the composite vegetation index shows that the
NBR dropped to its lowest levels in 1995, 2007, and 2016 due to deforestation (Figure 10 c-e).
The dates of the disturbances captured by LandTrendr’s fitted time series trajectory were 1996,
2007, and 2016, respectively. Thumbnails of the historical images (Figure 10e) showed that
disturbances occurred in 1996, 2006, and 2015, respectively. The comparison shows that the
monitoring results differ by one year for two disturbances, which can be explained by the
image composition method. Due to the relative scarcity of cloud-free imagery in the tropics,
annual mosaic images was composited from satellite imagery from the previous year and the
current year. Therefore, there is a one-year time shift of the NBR minimum value, which af-
fects the fitting results of the LandTrendr algorithm.

1 9°IO'N 20"'0'N

18°0'N

Ic))

—e— NBR — Fitted

00 1990 1995 2000 2005 2010 2015 2020

Figure 10. Schematic diagram of multiple forest disturbance monitoring: (a) map of multiple forest
disturbances on Hainan Island, (b) zoom view of multiple forest disturbances along the coast of
Wenchang City, (c) very high-resolution Google Earth satellite image of a typical disturbance area
(110.97255° E, 19.85249° N), (d) corresponding annual NBR time series and fitted LandTrendr tra-
jectory, and (e) thumbnails of historical satellite images.

4.2. Forest Disturbances on Hainan Island and Its Drivers

Our results show that the forest area of Hainan Island disturbed in the past 30 years
is equivalent to 10.84% of the total forest area in 2020, with an average annual disturbance
rate of 0.35%. The forest disturbance rate is lower than the 16.73% (0.64% per year) ob-
served along the China-Laos border in 1991-2016 [27], and much lower than the 45%
(3.46% per year) found along the Cambodia—Vietnam border in 2000-2012. Our results
show that the forest area of Hainan Island disturbed in the past 30 years is equivalent to
10.84% of the total forest area in 2020, with an average annual disturbance rate of 0.35%.
The forest disturbance rate is lower than the 16.73% (0.64% per year) observed along the
China-Laos border in 1991-2016 [56], and much lower than the 45% (3.46% per year)
found along the Cambodia-Vietnam border in 2000-2012. As a well-known global biodi-
versity hotspot, Hainan Island possesses many nature reserves, forest parks, and scenic
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areas from the local to the national level [59], and these effectively reduce human-induced
forest disturbance. In addition, Hainan Province began to strengthen its forest protection
and restoration in 1980, and logging of natural forests was completely banned in 1994,
greatly improving forest cover [37].

The abrupt disturbances were mainly concentrated in the central and northwestern
regions of Hainan Island, and they peaked around 2005. There are three main reasons for
this spatiotemporal distribution. First, the development of the natural rubber industry.
Rubber plantations have been established on Hainan Island since the 1950s, and it now
host the second largest area of rubber plantations in China [60]. The first-generation rub-
ber plantations continued to plant rubber trees (thus becoming second-generation rubber
plantations) after they were cut down between the 1970s and 1990s. After 2000, the early
second-generation rubber plantations were gradually deforested, and the planting of rub-
ber trees continued. In particular, the rapid rise in rubber prices since 2003 promoted the
rapid growth of rubber plantations [61]. According to the Statistical Yearbook of Hainan
Island, the area of rubber plantations increased from 3.69 x 105 hm? in 1990 to 5.19 x 10°
hm? in 2020 [39]. Rubber trees are arbor that are more than 20 m high, and the felling of
rubber trees causes abrupt disturbances. Previous studies have shown that rubber plan-
tations were distributed in all cities and counties on Hainan Island, but were more con-
centrated in the central, northwestern, and central-northern regions [35,36,51]. Second, the
boom of pulp and paper forests, such as eucalyptus, since the 1990s. In 1992, Hainan Prov-
ince began to promote the industrial cultivation of eucalyptus at the policy level, and the
area of eucalyptus plantations increased significantly [62]. It was estimated that the area
of eucalyptus plantations on Hainan Island was about 2 x 105 hm?, mainly distributed in
the northeast, northwest, and southwest regions [62]. The establishment of eucalyptus
plantations and the harvesting of mature eucalyptus trees were most likely to cause ab-
rupt disturbances [63]. Third, the expansion of orchards in the southern and southwestern
regions. The southern regions, such as Sanya City and Linshui County, are among the true
tropical regions with abundant sunlight and a warm climate all year round. The tropical
fruits grown here can be marketed earlier and have higher yields [64,65]. Therefore, the
first- and second-generation rubber plantations, and even some tropical forests in the
southern region, have been gradually converted into tropical orchards, producing fruits
such as mangoes, lychees, and longan, which have a forest character. According to the
Hainan Island Statistical Yearbook, the area of orchards increased from 4.76 x 10* hm? in
1993 to 1.78 x 10° hm? in 2020 [39].

Gradual disturbances are relatively scattered, found mainly in the northwestern and
eastern coastal inland platform areas, and these peaked around 2006. These disturbances
were mostly caused by selective logging (e.g., pulp and paper forests) and severe natural
disasters, such as typhoons and droughts [66,67]. Hainan Island lies in the path of ty-
phoons and is therefore frequently hit by typhoons or tropical cyclones of varying inten-
sity. From 1950 to 2019, there were 96 typhoons on Hainan Island, of which 67% landed
on the east coast and northeast region [68,69]. Drought is another important disturbance
factor. Hainan Island has distinct dry and rainy seasons, of which the rainy season from
May to October accounts for more than 80% of annual rainfall [67]. In addition, the spatial
heterogeneity of rainfall is large. The average annual rainfall in the driest western region
is only about 941 mm, while the highest values in the central and eastern regions can be
as high as 2388 mm [67]. The gradual disturbances that peaked around 2006 can be ex-
plained by two extreme natural disasters. First, the island experienced severe drought
from the second half of 2004 to the first half of 2005, and then was hit by the destructive
Typhoon Damrey in September 2005, the most severe since 1973 [70,71]. The monthly rain-
fall according to Climate Hazards Group InfraRed Precipitation with Station (CHIRPS)
data for the entire island from September 2004 to June 2005 was well below the 40-year
average monthly precipitation, with the largest deviation of about 90% occurring in Octo-
ber 2004 (precipitation <50 mm, Figure 11(a,b). Second, the subsequent Typhoon Damrey
in September 2005 destroyed 50.9% of mature rubber plantations at a damage level of 3
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and caused a total economic loss of USD 300 million to the Hainan State Farm Bureau
rubber farming industry [66].

There are many cases of multiple disturbance throughout the island, but the distri-
bution is relatively dense in the northeastern part of Wenchang City and the southern part
of Dongfang City, peaking around 2005 and 2015. These disturbances were mostly caused
by the repeated harvesting of pulp and paper forests. We overlaid the map and found that
the multiple disturbance patches concentrated in the northeastern part of Wenchang were
mainly located on the Daodong Forest Farm. On the one hand, the forest disturbances are
due to historical logging of artificial forests, and on the other hand, they are influenced by
typhoon disasters. For example, Super Typhoon Rammasun, one of the only three cate-
gory 5 super typhoons recorded in the South China Sea, landed at peak intensity at the
northeastern part of Wenchang City in 2014, hit the Daodong Forest Farm head-on, and
caused destructive damage to about 7000 hectares of coastal protection forests [72,73]. The
dense distribution of multiple disturbance patches in the southern part of Dongfang City
is mainly due to the large area of eucalyptus forests.
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Figure 11. Monthly rainfall in 2004-2005 and its deviations from the 40-year average monthly rain-
fall on Hainan Island: (a) 2004 and (b) 2005. Results were analyzed using data from the Climate
Hazards Group InfraRed Precipitation with Station (CHIRPS) on the GEE platform. (PPay: average
precipitation 1981-2021, PPar: current year rainfall, PPaciation: precipitation deviation).

5. Conclusions

In this study, we monitored forest disturbances on Hainan Island from 1987 to 2020
based on the Landsat and Sentinel-2 long time series datasets and the LandTrendr algo-
rithm on the GEE platform.

We proposed a new LandTrendr algorithm that can better overcome the influence of
cloudy and rainy weather as well as the complex landscape in tropical areas, and that can
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accurately identify abrupt disturbances, gradual disturbances, and multiple disturbances,
with an R? ranging from 0.83 to 0.92. The analysis of the forest disturbance characteristics of
Hainan Island shows that the forest disturbance on Hainan Island is relatively light, with an
average annual disturbance ratio of only 0.35%. The forest disturbance is mainly in the cen-
tral, northern, and northwestern regions. With regard to terrain, forest disturbances are con-
centrated at medium elevations and in areas with gentle topography, and few large forest
disturbances occur at high elevations. In addition, forest disturbances were most frequent
between 2000 and 2010, with the largest disturbance in 2005 caused by a combination of
human-induced factors, such as the expansion of rubber, eucalyptus, and tropical fruit plan-
tations, as well as natural disasters, such as Typhoon Damrey and drought.

Due to the large spatial heterogeneity of precipitation on Hainan Island, the NBR
index of early planted eucalyptus trees fluctuates widely. In this study, the LandTrendr
algorithm may not have been able to monitor the multiple disturbances caused by the
rotational cycle of fast-growing forests such as eucalyptus, which may have led to an un-
derestimation of the multi-turbulence area. Follow-up studies will attempt to further im-
prove this algorithm to enhance the accuracy of multiple disturbance area extraction.
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