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Ice-rich permafrost thaws as a result of Arctic warming, and the land surface collapses to form characteristic thermokarst
landscapes. Thermokarst landscapes can bring instability to the permafrost layer, affecting regional geomorphology, hydrology,
and ecology and may further lead to permafrost degradation and greenhouse gas emissions. Field observations in permafrost
regions are often limited, while satellite imagery provides a valuable record of land surface dynamics. Currently, continuous
monitoring of regional-scale thermokarst landscape dynamics and disturbances remains a challenging task. In this study, we
combined the Theil–Sen estimator with the LandTrendr algorithm to create a process flow for monitoring thermokarst
landscape dynamics in Arctic permafrost region on the Google Earth Engine platform. A robust linear trend analysis of the
Landsat Tasseled Cap index time series based on the Theil–Sen estimator and Mann–Kendall test showed the overall trends in
greenness, wetness, and brightness in northern Alaska over the past 20 years. Six types of disturbances that occur in
thermokarst landscape were demonstrated and highlighted, including long-term processes (thermokarst lake expansion,
shoreline retreat, and river erosion) and short-term events (thermokarst lake drainage, wildfires, and abrupt vegetation
change). These disturbances are widespread throughout the Arctic permafrost region and represent hotspots of abrupt
permafrost thaw in a warming context, which would destabilize fragile thermokarst landscapes rich in soil organic carbon and
affect the ecological carbon balance. The cases we present provide a basis for understanding and quantifying specific
disturbance analyses that will facilitate the integration of thermokarst processes into climate models.

1. Introduction

The latest Arctic Monitoring and Assessment Program
report [1] shows that the Arctic is warming three times fas-
ter than the global average for the period 1979-2019. Rapid
Arctic warming is reducing the stability of near-surface per-
mafrost, as model simulations indicate that every 1°C
increase in temperature will result in the thawing of approx-
imately 4.0 million km2 of permafrost [2] and the release of
14 to 19 Pg C [3] as carbon dioxide (CO2) and methane
(CH4). Greenhouse gas emissions from thawing permafrost
will contribute to climate feedbacks [4, 5], reduce the per-
missible anthropogenic carbon budget to meet the Paris
Agreement targets [6], and cause socioeconomic losses in
the order of trillions of dollars [3, 7]. In the latest generation
of Earth system models, simulations of permafrost degrada-

tion and permafrost carbon-climate feedbacks remain highly
uncertain due to poor representations of permafrost distur-
bances and especially thermokarst processes [8, 9].

Thermokarst is the process of land surface subsidence,
collapse, and erosion due to rapid thawing of excess ground
ice in permafrost [10, 11]. The consequence of thermokarst
processes is the formation of three characteristic landscapes,
namely, lake, wetland, and hillslope thermokarst landscapes
[12]. These thermokarst landscapes, although covering only
20% of the northern permafrost region, contain approxi-
mately half of the subsurface organic carbon [12], as they
were formed following the degradation of the organic-rich
Yedoma deposits [13]. Thermokarst landscapes represent
major sources of permafrost instability, affecting regional
hydrologic and ecological conditions and potentially leading
to further permafrost degradation and greenhouse gas
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emissions [14]. Therefore, monitoring of disturbances in
thermokarst region is necessary to better estimate
landscape-scale climate change impacts.

Currently, many local-scale hydrologic, ecological, and
geomorphic disturbances remain unnoticed due to the
remoteness and vast size of the Arctic [15]. Satellite-based
monitoring strategies are becoming increasingly important
for understanding the disturbances and dynamics of ther-
mokarst landscapes, as the rapidly growing abundance and
quality of satellite imagery in contrast to the paucity of
ground-based data [16]. In the last decade, remote sensing
has been widely applied to monitor changes in permafrost
ecosystems, including surface temperature [17], seasonal
thaw depth [18], snow cover [19], topography [20], surface
and subsurface hydrology [21], and land cover [22]. Remote
sensing techniques have enabled the detection and quantifi-
cation of many disturbance processes, such as formation and
drainage of thermokarst lakes and wetlands [23], retrogres-
sive thaw slumps and active layer detachment slides on hill-
sides [24], thermal erosion trenches, thermokarst pits and
troughs associated with degraded ice wedges [25], perma-
frost degradation due to coastal and fluvial erosion [26,
27], and wildfires [28]. Continuous Landsat Earth observa-
tion data have enabled the research community to gain
insight into Arctic ecological and hydrological dynamics.
Dynamic analysis of thermokarst lakes in four continental-
scale transects indicates a 2.53% increase and 3.98% decrease
in thermokarst lake area, with a net loss of 1.44% from 1999
to 2014 [16]. Quantitative analysis of the greenness of the
Arctic tundra reveals that from 1985 to 2016, 37.3% of the
tundra zone showed greening and 4.7% showed browning
[29]. Vegetation growing on moist and nutrient-rich ther-
mokarst lake drainage basins is about 25% greener than
the peripheral areas [30] and may be an important contrib-
utor to Arctic greening [31].

With the growing archive of earth observation data and
increased computational processing power, studies of local-
scale disturbances in permafrost regions have shifted from sin-
gle, widely spaced observations to continuous dynamic moni-
toring [15, 16, 23, 32]. These studies are mainly based on
continuous Landsat time series data and trend analysis is per-
formed using the Theil–Sen estimator and multispectral indices
(MSI) such as Landsat Tasseled Cap (TC) index. The Theil–Sen
estimator provides robust calculations of linear trends that
reflect the overall trend pixel-by-pixel over the entire study
period. However, for rapid or abrupt processes, such as thermo-
karst lake drainage events, linear trends do not reflect the onset
and duration of disturbances and may lead to erroneous inter-
pretations. To further improve the understanding and quantifi-
cation of disturbances in thermokarst regions, we introduced
the LandTrendr (Landsat-based detection of Trends in Distur-
bance and Recovery) temporal segmentation and change detec-
tion algorithm [33, 34] into permafrost disturbance studies. The
LandTrendr algorithm was originally developed specifically for
forestry applications, but it takes full advantage of the high-
frequency multitemporal analysis capabilities of the Landsat
archive and thus has also been successfully applied to distur-
bance detection on cropland [35], impervious surface [36],
and waterlogged areas [37].

In this study, we used Landsat time-series data to contin-
uously monitor disturbances over approximately 76,000 km2

of permafrost regions in northern Alaska for the period 2000
to 2020. The Theil–Sen estimator and the LandTrendr algo-
rithm were combined to assess surface changes in the north-
ern Alaska permafrost region and to help understand and
quantify thermokarst landscape dynamics. Furthermore, we
identified and highlighted six types of key disturbances
detected at different temporal and spatial scales, including
thermokarst lake expansion and drainage, fluvial erosion,
coastline retreat, wildfire, and abrupt vegetation change.
These disturbances were chosen because they are prevalent
in Arctic thermokarst landscapes and are associated with
abrupt permafrost thaw, which may help explore nonlinear
transitions in the permafrost carbon feedback. All analyses
were conducted based on annual image composites (2000-
2020) generated by the Google Earth Engine (GEE) cloud
computing platform [38].

2. Materials and Methods

2.1. Study Area. Northern Alaska (Figure 1) was chosen as
the study area for two reasons: (1) it is scattered with tens
of thousands of lakes and is typical of lake thermokarst land-
scapes [12]. (2) It has the highest carbon storage of the entire
Alaska which means the occurrence of disturbances will
have a greater impact on permafrost carbon release [39].
The total study area is approximately 76,000 km2, with a lat-
itude of 69° N–71° N and a longitude of 145° W–163° W.
Along the coastline to the inland, the topography of the
study area gradually rises, forming a three-stage terrace
(Figure 1). The entire study area can be divided into three
subregions: the northernmost coastal plain is the first ter-
race, with elevations of less than 10m; the foreland basin is
the second terrace, with elevations of 10 to 50m; and the
southernmost terrace is the foothill of the Brooks Range,
with elevations greater than 50m.

2.2. Satellite Data. The Landsat image archive has the advan-
tages of free access, continuous observation, and relatively
high spatial and temporal resolution. The Landsat image
archive is unique in that it has the advantage of high spatial
resolution compared to MODIS and a much longer span of
record compared to Sentinel-2. A total of 4,592 available
Level-2 Landsat surface reflectance (SR) products were
searched between June and September, of which 2,088
scenes met the cloud coverage filtering criteria (below
50%). Image availability in the study area has improved over
time, with the number of available image tiles increasing
from a minimum of 28 in 2003 to a maximum of 149 in
2019 (Figure 2). It is noted that Landsat-5 data acquisition
in Alaska encountered limited mission and data relay prob-
lems during 2000-2005 [40]. In addition, Landsat-7 imagery
has been affected by a scan line corrector failure (SLC-off)
since 2003. For years, with limited image availability and
poor data quality, the annual composite images may have
gaps and be susceptible to clouds and shadows. To make
the trend analysis less affected by data availability, we ensure
the overall consistency of image quality by median
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composite and use the robust Theil–Sen regression method
with the Mann–Kendall test to demonstrate long-term
trends in the study area.

2.3. Method. To detect thermokarst landscape disturbances
from Landsat images, the processing chain consists of sev-
eral steps that can be grouped into image preprocessing, cre-
ation of annual image composites, trend analysis,
disturbance detection, and validation (Figure 3).

2.3.1. Image Processing. Annual composite images (2000-
2020) were generated by filtering all archived Landsat
images available on the GEE platform for cloud coverage

below 50% and acquisition months of June through Septem-
ber. Given the spectral differences between the Landsat-5
Thematic Mapper (TM), Landsat-7 Enhanced Thematic
Mapper Plus (ETM+), and Landsat-8 Operational Land
Imager (OLI) sensors, a statistical conversion function [41]
was used to calibrate the spectral reflectance of the OLI data
to reconcile it with that of the TM and ETM+. After obtain-
ing the filtered Landsat time series dataset, noisy observa-
tions such as clouds, snow, and shadows were masked
based on the quality assessment (pixel_qa) band of the
Landsat SR product [42]. For data gaps due to lack of suit-
able observations and Landsat-7 SLC-off, we used unobs-
cured portions of images from adjacent years to fill these
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Figure 1: Overview of the study area. (a) Soil carbon map of Alaska derived from the Northern Circumpolar Soil Carbon Database
(NCSCDv2) product [36], with study area outlined in red. (b) Schematic locations of the six examples of disturbances analyzed in this
study, including (A) thermokarst lake expansion, (B1) complete and (B2) partial drainage of thermokarst lakes, (C) coastal erosion, (D)
river dynamics, (E) wildfire and abrupt vegetation change located in (F1) postfire areas, and (F2) thermokarst lake drainage basins. The
satellite image from Google Earth is shown above the right panel, with three subregions distinguished by color: coastal plain (red),
foreland basin (green), and foothill (blue).
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Figure 2: Number of available Landsat scenes for each year in the study area.
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gaps for complete coverage. We then used the median
reducer to reduce the Landsat image collections to annual
spectral-temporal image composites (2000-2020).

Based on the six common spectral bands of OLI, ETM+
and TM (blue, green, red, NIR, SWIR1, and SWIR2), we cal-

culated six MSI for each pixel that reflect various surface
characteristics such as vegetation status, soil moisture, and
surface brightness, including three tasseled cap components
[43, 44], normalized difference vegetation index (NDVI)
[45], normalized different moisture index (NDMI) [46],
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Figure 3: Schematic representation of image preprocessing, creation of annual image composites, trend analysis, long/short duration
disturbance detection, and result validation.
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and automatic water extraction index (AWEI) [47]. The six
MSI are calculated as shown in equations (1) to (6). Among
the three tasseled cap indices, tasseled cap greenness (TCG)
reflects the vegetation spectral information; tasseled cap wet-
ness (TCW) reflects the moisture information of the feature;
and tasseled cap brightness (TCB) reflects soil spectral infor-
mation [43, 44].

TCG = −0:1603∙B − 0:2819∙G − 0:4934∙R + 0:794∙NIR
− 0:0002∙SWIR1 − 0:1446∙SWIR2,

ð1Þ

TCW= 0:0315∙B + 0:2021∙G + 0:3102∙R + 0:1594∙NIR
− 0:6806∙SWIR1 − 0:6109∙SWIR2,

ð2Þ
TCB = 0:2043∙B + 0:4158∙G + 0:5524∙R + 0:5741∙NIR

+ 0:3124∙SWIR1 + 0:2303∙SWIR2,
ð3Þ

NDVI =
NIR − Rð Þ
NIR + Rð Þ , ð4Þ

NDMI =
NIR − SWIR1ð Þ
NIR + SWIR1ð Þ , ð5Þ

AWEInsh = 4∙ G − SWIR1ð Þ − 0:25∙NIR + 2:75∙SWIR2ð Þ:
ð6Þ

Among them, B, G, R, NIR, SWIR1, and SWIR2 repre-
sent the blue, green, red, near-infrared, short-wave infrared
1, and short-wave infrared 2 bands of the Landsat images,
respectively. We use AWEInsh because the study area is flat,
where the subscript “nsh” indicates that the index is suitable
for situations where shadows are not a major issue [47].

2.3.2. Theil–Sen Estimator. After obtaining the annual image
composites and calculating the MSI, the Theil–Sen estimator
and the LandTrendr algorithm were used for the trend anal-
ysis. The Theil–Sen estimator is a robust nonparametric
regression method that calculates all pairwise slopes for a
given MSI through time in pixel units and returns the
median slope [48]. Compared with least squares regression,
the Theil–Sen regression is insensitive to outliers and is
therefore widely used in remote sensing image time series
analysis [15, 32]. The slope and intercept of each MSI and
each pixel, calculated from the Theil–Sen estimator, can
reflect the overall trends in water, vegetation, soil moisture,
and albedo in the study area.

2.3.3. LandTrendr Algorithm. The LandTrendr is a temporal
segmentation and change detection algorithm that extracts
spectral trajectories of land surface changes from annual
Landsat time-series stacks and fits a point-to-point multiseg-
ment regression [34]. The Landtrendr algorithm first deter-
mines a trajectory model with maximum complexity by
removing spikes, identifying potential vertices, and fitting
the trajectory. This trajectory model then undergoes iterative

simplification, where a series of control parameters are used
to reduce overfitting due to arbitrary segmentation and to
filter out noise-induced variation. The LandTrendr algo-
rithm has the advantage of capturing both short-time abrupt
changes and smoothing long-time gradual changes, and
thus, the detected changes are not simply a comparison of
two time periods, but a continuous process at different spa-
tial and temporal scales. The LandTrendr algorithm does not
include stripe filling processing for Landsat 7 SLC-off
images, which may seriously affect the detection of distur-
bance signals, while the image preprocessing step incorpo-
rated in this study can improve the accuracy of the
disturbance detection.

2.3.4. Disturbance Detection. The output of the Theil–Sen
estimator is the slope and intercept values for each pixel
based on the MSI trajectories calculated for the period
2000–2020. The main output of the LandTrendr algorithm,
in addition to the fitted trajectories, includes a disturbance
timing map showing the year in which the detected distur-
bance occurred, a disturbance magnitude map, and a map
of the duration of events in years. Six types of disturbances
or processes were identified and highlighted in the study
area, namely, thermokarst lake expansion and drainage, flu-
vial erosion, coastline retreat, wildfires and abrupt vegetation
change. Of these, thermokarst lake expansion, fluvial ero-
sion, and coastline retreat are long-duration processes, while
thermokarst lake drainage, wildfires and abrupt vegetation
change are short-duration events. The Theil–Sen estimator
was able to fit long-duration processes well, but could not
accurately fit the loss–recovery process of vegetation or
water bodies over a short period of time, nor could the year
in which the disturbance occurred be determined [15]. In
contrast, the LandTrendr algorithm was able to accurately
detect sharp changes that occur over a year or years, but is
less effective for slow-onset changes, which are often masked
by noise in the disturbance magnitude map [37, 49]. There-
fore, a combination of these two methods was used to detect
and quantify disturbances in northern Alaska thermokarst
region over the past 20 years.

2.3.5. Validation. For the trend analysis and disturbance
detection results of the Theil–Sen estimator and LandTrendr
algorithm, we used the accompanying Mann–Kendall test
[50] and TimeSync tool [51] for validation. Unlike the infor-
mation presented by the Theil–Sen trend slope, the Mann–
Kendall statistical test for trend does not assess the magnitude
of the change, but rather whether the trend of the data change
is statistically significant. The Mann–Kendall test has been
used for significance assessment in many Theil–Sen slope
based trend analysis studies [23, 50, 52]. In this study, we fil-
tered out the nonsignificant trends in the slopes calculated
by the Theil–Sen estimator using a threshold of P value 0.05.

The TimeSync tool is recommended by the authors of
the LandTrendr algorithm for accuracy evaluation and is a
Landsat image-based time series visualization and data col-
lection tool that accurately detects subtle disturbances [51].
TimeSync tool provides us with image sequences and spec-
tral trajectories of the area of interest (i.e., disturbed plot
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and its neighbors), thus allowing simultaneous validation of
the pixel-scale boundaries of the disturbance and the year in
which the disturbance occurred. The accuracy evaluation of
the LandTrendr algorithm varies depending on the applica-
tion target and the object of study, with some focusing on
the accuracy of pixel recognition and others on the accuracy
of disturbance year recognition. The pixel-scale accuracy
assessment of thermokarst lake dynamics in northern Alaska
by the TimeSync visual interpretation tool showed an overall
accuracy of 0.95 for lake dynamics detection, 0.92 for user
accuracy, and 0.82 for producer accuracy [53]. The accuracy
of disturbance detection for lake drainage and subsequent
vegetation growth evaluated by the TimeSync tool showed
that the LandTrendr algorithm was able to accurately iden-
tify the year in which the disturbance occurred and locate
the adjacent year of the disturbance even in the presence of
data gaps and noise [30].

3. Results

3.1. Regional Scale Changes. The time series changes of six
MSI across the study area were analyzed based on the trend
slopes obtained from the Theil–Sen estimator (Figures 4 and
5). The six MSI (AWEI, NDVI, NDMI, TCW, TCG, and
TCB) represent a range of surface physical attributes such
as vegetation, water, soil moisture, and albedo, whose vari-
ability reflects changes at multiple scales ranging from local
disturbances to regional processes.

3.1.1. Greening. As the trend slopes of the vegetation indices
TCG and NDVI indicate (Table 1; Figure 4), northern
Alaska shows a clear trend towards greening over the last
two decades. For the overall region, the calculated decadal
slope change for TCG is 0:13 ± 0:10, compared to 0:04 ±
0:04 for NDVI (Table 1). The fitted trajectories show an
average increase in NDVI of 0.07 and TCG of 0.25 from
2000 to 2020. Differences between subregions further reveal
the diversity of local greening trends (Table 1; Figure 5),
with the first terrace (coastal plain) showing the least
increase in greening, the second terrace (foreland basin)
being close to the regional average, and the third terrace
(foothill) showing the strongest greening trend. The coastal
plain has the highest latitude and lowest mean temperature
and is dominated by perennial herbaceous and woody wet-
land vegetation that is influenced by the water table at or
near the surface over extensive periods of time. The foreland
basin is characterized by an abundance of lakes in the tundra
that are wrapped by surrounding wetlands, and the exten-
sion of the wetland is grassland-lichen-moss. The foothill
area is dominated by dwarf shrubs and grasslands with
lichen and moss. The differences in vegetation composition
between these three terraces are also reflected in the inter-
cept values (Figure 4), with plants growing in the foothill
zone being relatively lusher, taller, and, therefore, greener.
Thus, the greening trend in northern Alaska may be due to
the invasion of taller species.

3.1.2. Wetting. The statistics of decadal trend slopes reveal
that TCW and NDMI have shown an overall upward trend

over the past 20 years, while AWEI has changed very little
(Figure 5). This is because AWEI is sensitive only to water,
NDMI is sensitive to changes in soil and vegetation mois-
ture, and the sensitivity of TCW is between these factors.
The wetting trend reflected by NDMI is somewhat similar
to the greening trend reflected by the TCG. In summary,
northern Alaska has generally exhibited a wetting trend over
the past 20 years, but this trend has been driven primarily by
vegetation changes rather than lake dynamics. The intercept
of TCW shows that the northern coastal areas are the wet-
test, while the surface is generally drier in the foothill area.
Spatially, the wetting trend correlates well with the observed
increase in greenness. The foreland basin and hillslope ther-
mokarst regions exhibit the most significant wetting trends,
with rates of change in both TCW and NDMI approaching
0.03 per decade. The mean trend slope of the foothill is close
to the regional mean and has the smallest variance, indicat-
ing the overall homogeneity of wetting in this region. The
coastal plain has the smallest mean trend slope but the larg-
est variance, which may be due to the thermokarst lake
expansion and drainage events that have occurred.

3.1.3. Brightening. TCB exhibits a weak positive trend over
the majority of the study area between 2000 and 2020, but
with a very large spatial variation compared to other MSI,
resulting in a significantly greater variance than the mean
values in the decadal trend slope statistics (Table 1). The
intercept of TCB decreases from inland to the coast
(Figure 4), with higher brightness values in areas with lush
plants or steep terrain such as the foothill and hillslope ther-
mokarst regions. Changes in brightness or albedo are mainly
influenced by vegetation type, coverage, and soil moisture.
Of the three subregions, the TCB at the foreland basin and
foothill are close to the regional mean, and the coastal plain
shows the least significant change. It is noteworthy that an
area in the southeastern part of the study area experienced
a substantial change in brightness due to a wildfire.

3.2. Detection of Local Disturbances. With a spatial resolu-
tion of 30m, Landsat time series data provide excellent
detection of local-scale disturbances and changes in features
associated with these disturbances. In this section, six typical
disturbances detected in northern Alaska thermokarst
region are highlighted, including thermokarst lake expan-
sion and drainage, river dynamics, coastal erosion, wildfires,
and abrupt vegetation change (Figure 1). All detected dis-
turbed plots were examined with the TimeSync tool [51].

3.2.1. Thermokarst Lake Expansion. The expansion of ther-
mokarst lakes is a typical process in permafrost landscapes
involving thermal and mechanical erosion of shore bluffs
containing ice-rich permafrost [54], and it has been
observed in most of the thermokarst lakes of all three ter-
races. Unlike abrupt drainage, thermokarst lake expansion
is a very slow process, with typical expansion rates ranging
from tens of centimeters to a few meters per year [55]. In
the RGB composite map of tasseled cap index trend slopes
(TCB–TCG–TCW) derived from the Theil–Sen regression,
the typical thermokarst lake expansion area is shown as a
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blue ring around the lake (Figure 6(a)). There are also a few
cases where lakes expand mainly in one direction due to
wind, topography, an adjacent lake, or other impact factors.
The lake (Figure 6) is located in the foreland basin, sur-
rounded by a single vegetation type, flat terrain, and no adja-
cent lakes, and its expansion rate is approximately 1–3m per
year. During lake expansion, the surface cover underwent a
transition from vegetated tundra surface to water, as evi-

denced by the trend slope changes of six MSI
(Figure 6(b)). In the lake expansion area, the water-
sensitive TCW and AWEI exhibit a strong positive trend,
while the moisture-sensitive NDMI only shows a weak pos-
itive trend. The TCB index shows a strong negative trend
due to the much lower albedo of the water body compared
to that of the tundra. Moreover, the loss of vegetation causes
TCG to show a strong negative trend. In the tundra
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Figure 4: Regional overview of the decadal trend slopes and trend intercepts for six indices (TCG, TCW, TCB, NDVI, AWEI, and NDMI)
derived using the Theil–Sen regression. Only significant trend slopes (P < 0:05) are shown, as determined using the Mann–Kendall test.
Gray areas in the left column indicate no significant changes.
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surrounding the lake, all trend slopes demonstrate a spatially
consistent pattern, with values close to zero.

3.2.2. Thermokarst Lake Drainage Events. A number of fac-
tors may influence the occurrence of thermokarst lake drain-
age events, including lake depth and density, lake vegetation,
distance from shore and river, elevation, topography, and
precipitation [56]. From the detected thermokarst lake
drainage events, two examples were selected to represent
complete drainage (Figure 7) and partial, progressive drain-
age (Figure 8). Remote sensing images show that a thermo-
karst lake (~1.5 km2) located in the foothill area was
completely drained between 2010 and 2011, and the surface
changed from water to bare lake bed and then to gradual
vegetation cover (Figures 7(a)–7(c)). Because TCW shows
a negative trend while TCB and TCG show a positive trend,
the thermokarst lake drainage event appears bright yellow in

the RGB composite (TCB–TCG–TCW) map of the slopes of
the tasseled cap indices derived from the Theil-Sen regres-
sion (Figure 7(d)). However, for each specific lake drainage
event, the Theil-Sen regression only represents rough linear
changes in the overall trend and cannot be used to detect the
year of thermokarst lake drainage event (Figures 7(g)–7(i)).
In contrast, the segmented trajectory of the LandTrendr
algorithm provides a better fit and accurately detects the
year, magnitude, and duration of the disturbance. Figure 8
shows a lake that has undergone several drainage events
since 2014 and remains only partially dried. The Land-
Trendr algorithm shows pixel-level detection capability
beyond the level of visual interpretation, accurately detecting
the year in which drainage occurred at the edge of the lake.

3.2.3. Coastal Erosion. Arctic coasts are some of the fastest
changing coasts on Earth. Since the early 2000s, erosion
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Table 1: Statistics of decadal trend slopes (mean and standard deviations) for six MSI over the study area and three subregions.

Study area and subregions
NDVI NDMI AWEI TCG TCW TCB

Mean Std Mean Std Mean Std Mean Std Mean Std Mean Std

Northern Alaska 0.041 0.039 0.029 0.046 -0.001 0.071 0.132 0.099 0.026 0.123 0.023 0.186

Coastal plain 0.036 0.055 0.013 0.068 -0.001 0.086 0.091 0.097 0.014 0.147 0.004 0.268

Foreland basin 0.044 0.038 0.034 0.043 0.002 0.073 0.134 0.099 0.031 0.130 0.029 0.171

Foothill 0.041 0.027 0.032 0.028 -0.004 0.058 0.152 0.092 0.025 0.098 0.027 0.142
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rates along the Arctic permafrost coastlines have more than
doubled compared to the second half of the 20th century
[57], contributing to the transformation of thermokarst
lakes into lagoons [58]. Northern Alaska has an extensive
and varied coastline, along which coastal erosion, marine
flooding, and river deltas can be commonly found. Here,
the most representative coastal erosion phenomenon was
selected for the analysis. The sample is located north of Lake
Narukluk (Figure 9). It is the most severe area of coastal ero-
sion, with an annual erosion rate of approximately 10–30m.
The spatial extent of the inundation zone is highly variable
due to the very flat topography, with only slight undulations.
The northwestern coastline of the study area retreated signif-
icantly less than the northeastern coastline, probably due to
the lagoons acting as effective barriers that prevented
typhoon surges from eroding and scouring the coast [59].
In the RGB composite map of the TC trend slopes, the
coastal erosion zone is shown in blue because the positive
trend slope of the TCW index is the dominant feature. Dur-
ing the transition from tundra to seawater, the water index
increases, while the vegetation and brightness indices show
decreasing trends, which is consistent with the process of
lake expansion. Compared with the linear fitting results of
the Theil–Sen regression, the trajectories fitted by the Land-
Trendr algorithm were divided into multiple segments that
can more accurately represent the transition process from
tundra to seawater. Figure 9(d) demonstrates that this tran-
sition process began in approximately 2004 and ended in
2010, after which the values of the indices stabilized.

3.2.4. River Dynamics. A variety of fluvial processes has been
observed in the study area, including river erosion, accumu-
lation and movement of sandbars, and changes in river mor-
phology. Figure 10 shows an example of how a section of the
Colville River has changed over the last 20 years, presenting
both the effects of river erosion and sandy gravel accumula-
tion. In the RGB composite map of tasseled cap trend slopes,
the blue color along both sides of the river represents the
transition from tundra to water under the effects of river
scouring and the orange color in the center of the river rep-
resents the transition from water to sandbar due to sediment
accumulation. Based on the transects of trend slopes
(Figure 10(d)), the erosion and sedimentary zones of the
river can be clearly identified, as well as rivers and river-
banks that have not changed significantly. In addition, the
fitted temporal profiles (Figures 10(e) and 10(f)) illustrate
that TCW and TCB show significant decreasing and increas-
ing trends in the sandbar deposition zone, respectively, while
the opposite but weaker trend is observed in the river ero-
sion zone.

3.2.5. Wildfire Events. Under the influence of climate change,
wildfires are occurring with unprecedented frequency in the
Arctic [60]. Wildfires may greatly accelerate thermokarst
processes, propel thermokarst landscape reorganization,
and exacerbate regional carbon release [61]. Between 2000
and 2020, in the southeastern part of the study area, signifi-
cant changes in brightness and vegetation indices were
detected in the area near the Anaktuvuk River, indicating
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Figure 8: (a–d) Landsat color-infrared images (NIR-R-G) of a thermokarst lake drainage event in the years 2014, 2015, 2016, and 2020. (e
and f) Year and magnitude of disturbances detected by the LandTrendr algorithm for the thermokarst lake drainage event.

10 Journal of Remote Sensing



the occurrence of wildfire events. It was found from the dis-
turbance maps developed by the LandTrendr (Figure 11)
that the fires occurred between 2007 and 2008. Magnitude
of disturbance (Figure 11(e)) shows the uneven distribution
of fire intensity, with a weaker fire in wetlands around lakes
and more intense in shrub tundra. Most areas did not regain
their prefire vegetation levels until five years later
(Figure 11(f)). Severe burning removed vegetation and over-
lying soil organic matter, and this loss of insulation layer
resulted in higher ground temperatures, increased active
layer thickness, and accelerated development of the thermo-
karst landscapes.

3.2.6. Abrupt Vegetation Changes. Vegetation cover plays an
important role in protecting permafrost from degradation
[61]. The Theil-Sen slopes captured the overall regional
greening trend, while the LandTrendr detection showed that
greening hotspots were primarily located in the thermokarst
lake drainage basins and postfire areas. Here, we found that
the abrupt vegetation changes in northern Alaska were pri-
marily due to vegetation loss and recovery from wildfire
(Figure 11) and rapid vegetation growth following thermo-
karst lake drainage (Figure 12).

In the fire area, rapid vegetation loss and recovery was
observed, with NDVI trajectories fitted by the LandTrendr
showing roughly four stages of change (Figure 11(g)). Before
the fire in 2007, vegetation in the absence of disturbance
remained stable. The vegetation index declined sharply after
the fire but started to recover rapidly in the following year
until it reached a steady state again. It is noteworthy that
the region reached higher levels of greenness after 2013 than
before the fires. Similar trends can be seen in the trajectories

of other MSI. In the thermokarst lake drainage basin, NDVI
trends fitted by the LandTrendr algorithm (Figure 12)
showed that tundra vegetation invaded the lake basin and
grew luxuriantly over time after the lake was completely
drained in 2014. It was also noted that the vegetation grew
more luxuriantly in the drained lake basin than the sur-
rounding area (Figure 12). This may be due to the relatively
moist and nutrient-rich sediments on the lake bottom that
favor the development of highly productive plant communi-
ties [30]. In addition, the exposed lake bed was colonized by
plants, which helped to stabilize the permafrost and acceler-
ate soil recovery [30].

4. Discussion and Conclusion

In this study, we combined the Theil–Sen estimator and the
LandTrendr algorithm to detect and analyze landscape
dynamics in a thermokarst lake area of approximately
76,000 km2 in northern Alaska. Compared to existing studies
on trend analysis and disturbance detection based on Land-
sat time series images, this study demonstrates the comple-
mentary advantages of the Theil–Sen estimator, which
provides detection of long-term disturbances, and the Land-
Trendr algorithm, which provides specific timing, magni-
tude, and duration of short-term disturbances. For
relatively slow processes such as localized erosion occurring
near lakes, rivers, and shorelines, the LandTrendr algorithm
may provide detection results with errors due to image qual-
ity, whereas the noise-resistant Theil-Sen estimator provides
robust, median-unbiased results. For abrupt events such as
thermokarst lake drainage and wildfires, the Theil–Sen esti-
mator can only provide a rough fit, while the LandTrendr
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algorithm can determine the timing and course of the event.
Robust linear trend analyses of several MSI (tasseled cap
indices, NDVI, NDMI, and AWEI) showed a significant
greening trend and weaker wetting and brightening trends
in northern Alaska during the last 20 years. Differences in
greenness, wetness, and brightness trends were observed in
different subregions and were related to coastal distance,
vegetation type, topography, and climatic conditions. In
addition, we analyzed six typical disturbances prevalent in
the thermokarst region, including thermokarst lake expan-
sion and drainage, shoreline retreat, river erosion, wildfire,
and abrupt vegetation change. Among them, wildfire, shore-
line retreat, and river erosion lead to a decrease in perma-

frost stability and trigger further development of the
thermokarst landscape, promoting thermokarst lake expan-
sion and drainage [16, 57, 58, 62]. During the formation
and expansion of thermokarst lakes, anaerobic microorgan-
isms at the bottom of the lake decompose thawed soil
organic matter, releasing methane bubbles into the atmo-
sphere and exacerbating climate change [14]. Lake drainage
occurs as a result of overtopping of the lake shore or melting
of the ice wedge, creating a lateral or bottom drainage chan-
nel [55]. Following thermokarst lake drainage, the organic-
rich lake bed sediments are exposed and refreeze and are
subsequently covered by vegetation. This process will con-
tribute to the recovery of permafrost, stabilize soil carbon,
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and partially offset the release of carbon from thawing per-
mafrost due to the biomass accumulated by vegetation [30,
31]. Overall, these disturbances represent important anoma-
lies in the permafrost region and provide valuable informa-
tion for regional studies of geomorphology, hydrology,
ecology, and carbon balance, as well as for the selection of
field sites for costly fieldwork and validation activities.

Abrupt thawing occurs in less than 20% of the perma-
frost region, yet may increase carbon release from perma-
frost soil by about 50% [12]. Permafrost degradation in
existing models is usually modeled as a top-down gradual
process, ignoring the nonlinear abrupt thawing process
caused by disturbances, thus largely underestimating the
carbon emissions from permafrost degradation [63]. The
current research community has limited knowledge of the
expansion and drainage processes of thermokarst lakes and
the dynamics of vegetation after lake drainage [14]. The
remote sensing monitoring approach demonstrated in this
study will help to obtain observations and parameters for
modeling thermokarst processes, and its superiority has
been demonstrated in monitoring thermokarst lake drainage
[53] and vegetation dynamics [30]. This study presents
regional-scale analysis based on Landsat time-series imag-
ery, but our approach is highly automated and scalable and
can be applied to other regions and remote sensing data

sources as needed. For example, the detection of landscape
disturbances of thermokarst lakes across the circum-Arctic
region will reveal spatial heterogeneity in thermokarst lake
dynamics, allowing for deeper mechanistic analysis. Quanti-
fying the vegetation dynamics of drainage lake basins in the
Arctic will help explain key issues in Arctic greening and
carbon cycle studies.

It should be noted that much work remains to be done to
improve the accuracy of detection of complex permafrost
disturbances, including improving the robustness of trend
analysis algorithms and combining multisource remote
sensing data to improve the availability of image data. The
Theil-Sen estimator can accurately respond to changes in
vegetation and moisture in a region but is also susceptible
to high-frequency changes when detecting long-term distur-
bances. Despite powerful temporal segmentation and change
detection capabilities, LandTrendr’s detection may have
extra errors for the first and last year of the study period
[64], which is a common problem with many time series
analysis methods. In addition, when disturbances occur in
years with missing data, the LandTrendr detects distur-
bances a year later than they actually are, thereby reducing
the number of disturbances in years with gaps and increas-
ing the number of disturbances in subsequent years [65].
The continuity and availability of Landsat imagery is a key
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factor to consider for the analysis of specific disturbance
events prior to the launch of the Landsat-8 satellite in
2013. In contrast, with the launch of Landsat-9 satellite in
2021, the temporal density of Landsat Earth observation
data increases, which is expected to reveal more details of
the disturbance process [66]. In addition, the Copernicus
Sentinel-2 mission provides comparable multispectral data
with higher spatial and temporal resolution, which is
expected to further improve the observation density and
monitoring capabilities in high-latitude permafrost regions
as its image archive continues to accumulate [67].
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