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Abstract: As the climate warms, the Arctic permafrost region has undergone widespread vegetation
changes, exhibiting overall greening trends but with spatial heterogeneity. This study investigates an
underexamined mechanism driving heterogeneous greening patterns, thermokarst lake drainage,
which creates drained lake basins (DLBs) that represent localized greening hotspots. Focusing on the
Yamal–Gydan region in Siberia, we detect 2712 lakes that have drained during the period of 2000–2020,
using Landsat time-series imagery and an automated change detection algorithm. Vegetation changes
in the DLBs and the entire study area were quantified through NDVI trend analysis. Additionally, a
machine learning model was employed to correlate NDVI trajectories in the DLBs with environmental
drivers. We find that DLBs provide ideal conditions for plant colonization, with greenness levels
reaching or exceeding those of the surrounding vegetation within about five years. The greening trend
in DLBs is 8.4 times the regional average, thus contributing disproportionately despite their small area
share. Number of years since lake drainage, annual soil temperature, latitude, air temperature trends,
and summer precipitation emerged as key factors influencing DLB greening. Our study highlights
lake drainage and subsequent vegetation growth as an important fine-scale process augmenting
regional greening signals. Quantifying these dynamics is critical for assessing climate impacts on
regional vegetation change.

Keywords: Arctic greening; drained lake basins; permafrost; Landsat; machine learning;
Yamal–Gydan tundra ecoregion

1. Introduction

In the context of ongoing global climate change, the Arctic region has emerged as a crit-
ical focal point for understanding the intricate interactions between climate dynamics and
ecosystem responses [1,2]. One notable phenomenon within this context is the contrasting
“browning” and “greening” of the Arctic landscape [3–5]. The Arctic tundra biome covers a
vast circumpolar area across the northern high latitudes. Remote sensing observations have
revealed extensive vegetation changes, with greening trends in most areas and browning in
some regions over recent decades [6,7]. Multiple factors likely drive these vegetation shifts,
including CO2 fertilization effects, longer growing seasons due to warming, and changes
in hydrology and soil conditions [8–10]. These drivers have sparked discussions on the
mechanisms responsible for the observed changes, as well as the potential implications
for regional and global biogeochemical cycles [11–14]. While the overall trend is towards
“greening”, there is significant spatial heterogeneity in the responses across different areas
and ecosystems [6,7,15–18]. Some regions exhibit particularly pronounced greening signals,
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beyond the rest of the Arctic, exemplified by the Yamal–Gydan tundra ecoregion [6,19].
The mechanisms producing these localized “hotspots” warrant further investigation.

In permafrost terrain, lake dynamics greatly shape the landscape and influence vege-
tation shifts, with lakes and drained lake basins (DLBs) covering more than one-fifth of the
circumpolar northern permafrost region [20–22]. Climate warming has led to widespread
permafrost thaw and destabilization of lake banks, resulting in extensive lake drainage
events that expose new habitats for plant colonization [23]. Recent research has brought
attention to a noticeable drying trend in regions abundant in Arctic lakes over the past two
decades [24,25]. This drying trend involves the expansion of land area, as lake drainage
surpasses the reduction of land area caused by the increasing numbers and sizes of lakes,
leading to a greater prevalence of DLBs across the landscape [26]. Therefore, the phe-
nomenon of lake drainage, as a potential factor influencing regional greening patterns,
holds significant value for in-depth analysis.

Lake drainage processes encompass both bottom drainage and lateral drainage modes,
triggered by mechanisms associated with the thawing of subsurface ice wedges and the
erosion of lake shores [27–29]. A combination of factors influences lake drainage, including
lake characteristics, climate, topography, anthropogenic disturbances, and the character-
istics of the surrounding permafrost [21,30,31]. Following drainage, tundra vegetation
takes root in the lake basin, benefiting from the favorable conditions of exposed DLBs,
characterized by warm, moist, and nutrient-rich sediments that facilitate rapid vegetation
expansion [23,32]. Vegetation establishment not only enhances carbon sequestration di-
rectly, but also mitigates soil erosion and helps stabilize surrounding permafrost [33,34].
Long-term fertilization experiments have demonstrated that nutrient release is a key mech-
anism driving biomass increase [35,36], potentially explaining the phenomenon observed
in the vegetation thriving within the DLBs in northern Alaska compared to the surrounding
areas [23]. Some localized field studies have provided valuable insights into vegetation
growth and succession patterns following lake drainage [32,37], but our current under-
standing of vegetation dynamics within widespread DLBs remains limited, and there is
also a lack of quantitative efforts to assess the contribution of this localized landscape
process to broader regional greening trends. Regarding the remote sensing, monitoring,
and quantitative analysis of vegetation growth dynamics in DLBs, the primary technical
challenges involve accurately identifying drained lakes and determining their specific
drainage years.

In light of this, our study focuses on the Yamal–Gydan tundra ecoregion [38], a repre-
sentative Arctic region that showcases significant regional greening trends and widespread
occurrences of lake drainage phenomena. Our goal is to evaluate the contribution of lake
drainage to regional greening trends and to reveal key environmental driving factors af-
fecting vegetation growth in DLBs, thereby improving our understanding of the diverse
drivers and heterogeneous responses underlying Arctic vegetation change. Specifically,
we leverage a widely used water-dynamics product [39], continuous Landsat time-series
imagery, and an advanced spectral segmentation-change detection algorithm [40] to detect
lake drainage events within the study area over the past 20 years (2000–2020), and identify
the corresponding drainage years for each lake. Subsequently, we conduct a quantitative
analysis of post-drainage vegetation dynamics and greening extent within the DLBs, uti-
lizing the vegetation index and relying on the spatiotemporal information of identified
drained lakes. By evaluating the contribution of vegetation changes in drained lake basins
to regional greening, we seek to shed light on the intricate nexus between lake drainage,
vegetation dynamics, and larger-scale greening phenomena. Furthermore, we employ
machine learning techniques to identify key factors influencing vegetation greening within
DLBs, including climate, topography, and soil parameters. This study provides novel
insights into vegetation responses and succession patterns following lake drainage, as well
as their connection to the broader greening of the Arctic tundra. Our findings contribute
valuable information for assessing how this process affects terrestrial carbon balance under
accelerated climate change.
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2. Study Area

The Yamal–Gydan tundra ecoregion is located in northwest Siberia, Russia, spanning
the Yamal Peninsula and Gydan Peninsula [38] (Figure 1). Situated east of the northern
Ural Mountains, the peninsulas are positioned at the ocean outlet of the Ob River delta
and the Yenisei River estuary. Additionally, the ecoregion encompasses several offshore
islands, all bordered by the Kara Sea, a marginal sea of the Arctic Ocean to the north. This
low-lying Arctic tundra plain encompasses an area of around 4.06 × 105 km2, known for
its unique ecological features and diverse landscapes. The landscape of the ecoregion
primarily consists of plains and plateaus, interspersed with a network of rivers and lakes.
Most of the lakes within the study area are the result of thermokarst processes triggered by
the thawing of ground ice. The term “thermokarst” refers to the subsidence process that
occurs when ice-rich permafrost thaws and the ground surface collapses [41]. Thermokarst
lakes often exhibit irregular shapes following the pattern of ice-wedge networks, reflecting
the distribution of ice-rich sediments. As these thawed sediments are pushed outward,
they are typically enclosed by elevated margins. Thermokarst lakes may enlarge over time
as the margins continue to slump. These lakes can also rapidly drain if permafrost thaw
creates openings in the bottom or sides [42].
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Marked by extremely cold winters and cool summers, the prevailing climate of the
Yamal–Gydan tundra ecoregion is characterized as a humid continental climate, with an
average annual precipitation of about 500 mm. Frost is nearly permanent on both Yamal
and Gydan, and the Gulf of Ob between the peninsulas remains frigid year-round. Despite
its harsh climate and challenging conditions, the Yamal–Gydan tundra ecoregion supports
a range of wildlife, including Arctic foxes, lemmings, and small herds of reindeer [43].
This ecoregion serves as a vital habitat for migratory birds and coastal sea mammals,
contributing to the region’s overall biodiversity. The landscape is composed of wet sedge,
moss tundra, abundant thermokarst lakes, and drained lake basins. According to the
Circumpolar Arctic Vegetation Map [44], the predominant vegetation types are tussock
sedge and moss tundra, with a mixture of low-shrub and erect dwarf-shrub tundra. Over
the past millennium, rapid peat accumulation has led to the formation of marshes and
boggy valleys, particularly in the northern part of the ecoregion. The vegetation showcases
a mosaic of lichen-moss-covered hummocks, shrub patches, open ground, and wetlands.
However, ongoing climate change is altering permafrost and thermokarst processes, with
complex impacts on hydrology, vegetation, and carbon cycling.
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3. Data and Methods

The data, methods, and processing workflow employed in this study are depicted in
Figure 2.
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3.1. Data
3.1.1. JRC Water Transition Map

Detecting lake changes in the Arctic region is challenging due to long-term freezing,
limited available data, and variable spectral characteristics of lake water influenced by
factors like chlorophyll concentration, permafrost dissolved organic matter, water depth,
and observation conditions. In this study, we utilized a state-of-the-art global surface water
product developed and released by the Joint Research Centre (JRC) of the European Com-
mission [39] to identify drained lakes within our study area. The JRC surface water product
plays a vital role in monitoring hydrological shifts, assessing water resource availability,
and investigating how land use and climate impact water resources and ecosystems.

The JRC dataset is publicly accessible through the Google Earth Engine (GEE) cloud
platform [45] and quantifies the global spatiotemporal distribution of water bodies at a 30 m
resolution, utilizing a comprehensive archive of Landsat satellite images and an automated
expert system. This dataset accurately geolocates water bodies such as lakes, rivers, and
wetlands and aggregates quantitative statistical indicators of water history at the pixel level,
enabling the identification of areas experiencing water loss or gain. The water transition
thematic map showcases shifts between permanent/seasonal water bodies and non-water
through the analysis of multi-year water occurrence patterns. Specifically, pixels marked as
“permanent water loss” represent the transition from lakes to DLBs. Rigorous validation
based on high-resolution satellite data confirms its accuracy, with omission and commission
rates below 5% and 1%, respectively [39].

3.1.2. Landsat Image Collection

This study utilizes a continuous time series of Landsat image collection to identify
lake drainage events across the entire study area. The Landsat satellites, operated by
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the United States Geological Survey (USGS), provide over five decades of continuous
Earth observation data, representing the most widely available medium- to high-spatial
resolution multispectral satellite observations. Landsat-5 and Landsat-7 offer observations
spanning seven spectral bands at a 30 m resolution since 1984, while Landsat-8 extends
the time series beyond 2013 with the same spatial resolution, enhanced 12-bit radiometric
resolution, and additional spectral bands. The first Landsat observation over the study area
dates back to 2000, and the JRC water transition map was updated until 2021, resulting in a
study timeframe of 2000–2020.

The Landsat Collection 2 dataset available on the GEE platform comprises surface
reflectance (SR) measurements captured by the TM, ETM+, and OLI sensors. These SR
data have undergone standardized preprocessing such as geometric correction, radiometric
calibration, and atmospheric correction, generating analysis-ready data adjusted for atmo-
spheric and terrain effects. The reprocessing, known as Landsat Collection 2, represents
the USGS’s second major effort to enhance Landsat image archives, demonstrating the
latest advancements in data processing and algorithm development. The GEE platform
seamlessly incorporates the complete Landsat archive, facilitating convenient access to
pre-processed petabyte-scale images for time-series analysis.

3.1.3. Auxiliary Data

We extracted climate, terrain, and soil variables from multiple data products to explore
potential environmental driving factors influencing vegetation greenness changes in DLBs.
Due to the limited availability of meteorological station data in our study area, we utilized
the widely recognized ERA5-Land monthly reanalysis dataset [46] for analysis, which
has a spatial resolution of 0.1◦ and a monthly temporal scale. ERA5-Land is a leading
global reanalysis dataset for land applications [46], showing strong global consistency
with MODIS satellite products in surface temperature [47]. This study extracted climate
variables from ERA5-Land data, including air temperature, soil temperature, precipitation,
evapotranspiration, and soil moisture. Specifically, air temperature was measured at a
height of two meters above the ground, while soil temperature represented the temperature
of the uppermost soil layer, converted from Kelvin to Celsius. Total precipitation included
both liquid rainfall and solid snowfall, and total evapotranspiration encompassed plant
transpiration, both measured in meters of water equivalent. For analysis purposes, the
sign of evapotranspiration was inverted. Soil moisture content was expressed in volume
percentage. Terrain variables, consisting of elevation and slope, were extracted from the
high-precision ArcticDEM mosaic product [48], with a maximum spatial resolution of 2 m.
Both ArcticDEM product and ERA5-Land reanalysis data were accessible from the GEE
cloud platform.

Soil attributes encompassed ground ice content, soil carbon and nitrogen content,
permafrost continuity, and distribution of Yedoma deposits, providing insight into char-
acteristics related to permafrost. Ground ice content was derived from the Circumpolar
Ground Ice Dataset [49], categorized into three levels based on volume percentage: low
(0–10%), medium (10–20%), and high (>20%). Soil carbon content was sourced from the
latest version of the Northern Circumpolar Soil Carbon Database (NCSCD v2) [50], rep-
resenting carbon content in the top 0–0.3 m of soil. Soil nitrogen content was sourced
from the northern hemisphere peatland dataset compiled by Hugelius et al. (2020) [51].
Permafrost continuity data originated from the latest release of the European Space Agency
GlobPermafrost map [52], classifying the study area into continuous permafrost (cover-
ing more than 90% of the area) and discontinuous permafrost (covering 50–90% of the
area). Distribution of Yedoma deposits, representing high-carbon and ice-rich permafrost
deposits, was obtained from the most recent data product by Strauss et al. (2021) [53].
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3.2. Method
3.2.1. Data Preprocessing

In this study, to obtain clean and analysis-ready images, we utilized an open-source
Python toolkit called the Earth Engine Landsat Collection Builder (ee-lcb; https://jdbcode.
github.io/EE-LCB/, accessed on 11 August 2023) to perform preprocessing of Landsat
images. The ee-lcb toolkit is deeply integrated with the GEE cloud platform and designed
specifically for preprocessing and analyzing extensive Landsat satellite image archives used
in geospatial research. Leveraging the parallel processing and computational optimiza-
tions of Earth Engine, the toolkit automates various common preprocessing workflows for
Landsat data. Specific processing steps include: (1) selecting images captured during the
growing season (June to September) within the study area to obtain vegetation NDVI with
phenological consistency [7]; (2) applying cloud and shadow masks to reduce noise inter-
ference; (3) aligning TM and ETM+ images with OLI data for harmonization; (4) calculating
remote sensing indices like NDVI and MNDWI to capture water and vegetation dynamics;
and (5) creating a collection composed of annual median composites to obtain more stable
and reliable land observations compared to the mean or maximum values [30]. We can
readily configure and construct optimized Landsat collections tailored to specific study
needs by building custom preprocessing chains with the flexible ee-lcb toolkit. Processed
multispectral data contribute to consistent trend detection and change monitoring over the
20-year mission duration.

To identify drained lakes within the study area, building upon existing research [30],
we utilized the object-based lake analysis method available on the GEE platform to process
the JRC water transition map. Unlike pixel-based statistical methods, the object-based lake
analysis approach enables counting, attribute extraction, and filtering of drained lakes.
Lake objects are created based on the pixel connectivity of the JRC water extent map, each
with a unique identifier. Using GEE’s zonal statistics capabilities, we calculated the area of
each lake object, overlaid water loss pixels, and computed the drainage proportion. We
finally filtered out lakes with an area smaller than 1 hectare (0.01 square kilometers) or a
drainage proportion less than 50%, and these threshold values were established based on
existing research [23,30,54]. Smaller water bodies tend to have greater relative variability
in their surface area in response to seasonal and annual water level changes. For example,
a small pond may completely dry up during drought periods but then reappear after
heavy rainfall. This dynamic makes it challenging to definitively identify lake drainage
versus temporary water level fluctuations in small lakes [30]. Additionally, lakes with
a low drainage proportion are more likely to represent water level fluctuations rather
than lake drainage. By filtering out lakes below 1 hectare in size and with less than 50%
drainage, we reduce false positives in drained lake identification from temporary water
body shrinkage or minor natural variations. For reference, the JRC product provided the
following pixel-based accuracy metrics: 65.5% (±11.4%) for producer’s accuracy and 49.8%
(±19.3%) for user’s accuracy [39].

After obtaining the location and year information of lake drainage events, we pro-
cessed auxiliary data to acquire climate, terrain, and soil attributes for the DLBs. Among
these factors, changes in terrain and soil attributes occur slowly and lack regularly updated
data products, leading us to extract them solely based on spatial regions. For climate
variables, we applied a temporal shift according to the lake drainage year to capture the
annual climate changes following lake drainage. We computed the annual means, summer
(June to August) means, and Theil–Sen trend slope values for climate variables over the
period of 2000–2020 within the DLBs.

3.2.2. LandTrendr Algorithm

Drawing from successful experiences in previous studies, we employed the Landsat-
based Detection of Trends in Disturbance and Recovery (LandTrendr) algorithm [40] to
detect the drainage years for each drained lake. The LandTrendr algorithm utilizes dense
time series of Landsat satellite images to capture the temporal variations of various land
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cover categories, making it a widely adopted tool across diverse fields including ecology,
forestry, agriculture, and environmental monitoring [55,56]. The LandTrendr algorithm
employs spectral temporal segmentation, iteratively fitting linear segments to pixel-level
spectral trajectory data to capture both long-term trends and abrupt disturbance events.
The key steps of the algorithm involve: (1) removal of transient spikes in the spectral-
time series; (2) identification of potential breakpoints using a bias estimation from simple
linear regressions; (3) pruning unnecessary breakpoints based on trajectory segment angles;
(4) selection of the optimal path passing through breakpoints using multiple fitting rules;
(5) creation of a continuous simplified trajectory model based on the maximum segment
count parameter; and (6) selection of the model with the best fitting performance [40].

Leveraging the rich temporal information provided by the Landsat 16-day revisit cycle,
LandTrendr divides the reflectance time series into shorter continuous linear segments
delineated by breakpoints. By optimizing the vertex positions, interpretable segmented
features of the complete time series are formed, enabling the quantification of disturbance
timing and magnitude. LandTrendr surpasses simple two-date change comparisons by
utilizing the full Landsat archive to generate a comprehensive description of surface
dynamics crucial for change detection. Regarding the detection of lake drainage events,
the LandTrendr algorithm’s key advantage is its ability to differentiate continuous land
cover changes from short-term disturbances, effectively reducing false positives [30,57]. To
assess the accuracy of the detected lake drainage year using the LandTrendr algorithm, we
utilized the complementary TimeSync tool [58] for visual interpretation.

3.2.3. Greening Trend Analysis

This study employs the Theil–Sen estimator [59,60], a commonly used robust non-
parametric regression method in remote sensing, to analyze the regional greening trend.
Unlike traditional least squares regression, Theil–Sen calculates the slopes of all possible
pairs of data points and then calculates the median of these slopes, providing a more
accurate representation of trends while being less sensitive to outliers. For Arctic greening
analysis, the Theil–Sen estimator can quantify the rates of increase in vegetation indices like
NDVI derived from satellite data [6,19]. It reduces distortions from noise and extremities
like distorted values from residual snow/ice cover. Its resistance to outlier data enables
characterization of underlying changes despite high interannual variability in the Arctic.
The Theil–Sen slope provides a statistically robust metric of trend magnitude over time.
Combined with estimates of trend significance testing, such as the Mann-Kendall test [61],
it offers a reliable tool for remote sensing studies of vegetation change in the noisy, outlier-
prone conditions of high northern latitudes. For example, Miles and Esau (2016) [62]
employed the Theil–Sen estimator to analyze NDVI trends in northern West Siberia from
2000 to 2014, revealing the spatial heterogeneity of greening and browning.

3.2.4. Machine Learning Model

To quantify the influence of potential environmental drivers on vegetation greenness
within DLBs, we developed a Histogram-based Gradient Boosting Regression Tree (HG-
BRT) model [24,63] that relates vegetation greenness to landscape features and climate
variables. We employed the Normalized Difference Vegetation Index (NDVI) as a measure
of vegetation greenness due to its broad correlation with tundra plant productivity and
above-ground biomass. The HGBRT method is an interpretable approach for determining
variable importance, and such ensemble methods often yield better models with lower
bias and variance compared to single-tree methods. To address multicollinearity among
explanatory variables, we calculated the Variance Inflation Factor (VIF) [64] for all variables
and removed those with VIF values greater than 5.

We utilized the Python Scikit-learn library to train the HGBRT regression model and
determined the optimal model hyperparameters through grid searching and ten-fold cross-
validation (Table 1). We used the root mean squared error (RMSE) and the coefficient of
determination (R2) to measure the accuracy of the regression model. During iterative model
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training, we utilized the SHAP library to compute Shapley values [65], which quantify the
relative importance of each explanatory variable. Shapley values, rooted in game theory,
allocate a model’s prediction to its features based on their marginal contributions. These
values consider feature interdependencies and interactions, offering consistent and logically
sound attributions. For comparison, we normalized the importance values of each variable.
Finally, we retained the top 10 variables with the greatest impact on vegetation greenness
for analysis.

Table 1. Optimal model hyperparameters for the HGBRT regression model.

Parameter Value Description

learning_rate 0.1 Rate of weight adjustment in boosting
max_depth 40 Max depth of individual trees

min_samples_leaf 5 Minimum samples in a leaf node
l2_regularization 0.1 L2 regularization for leaf weights

max_bins 60 Maximum number of bins for grouping
max_iter 800 Maximum boosting iterations during training

4. Results
4.1. Analysis of the Detected Lake Drainage Events

In the Yamal–Gydan tundra ecoregion, a total of 2721 drained lakes were detected
between 2000 and 2020, with their spatial distribution shown in Figure 3. These drained lakes
were categorized based on their initial area as small (1–10 hectares), medium (10–100 hectares),
and large (>100 hectares), accounting for 58%, 38%, and 4% of the total count, respectively.
The cumulative area of these drained lakes is 621 km2, accounting for 1.62% of the total water
body area within the study area, and 0.15% of the total study area. The spatial density of
drained lakes in this region is around 6.7 × 10−3 km−2, significantly higher than the density
reported for the northern Alaskan permafrost region (~1.2 × 10−3 km−2) [30], indicating
more intense thermokarst disturbances.

Remote Sens. 2023, 15, x FOR PEER REVIEW 8 of 21 
 

 

cross-validation (Table 1). We used the root mean squared error (RMSE) and the coeffi-
cient of determination (R2) to measure the accuracy of the regression model. During iter-
ative model training, we utilized the SHAP library to compute Shapley values [65], which 
quantify the relative importance of each explanatory variable. Shapley values, rooted in 
game theory, allocate a model’s prediction to its features based on their marginal contri-
butions. These values consider feature interdependencies and interactions, offering con-
sistent and logically sound attributions. For comparison, we normalized the importance 
values of each variable. Finally, we retained the top 10 variables with the greatest impact 
on vegetation greenness for analysis. 

Table 1. Optimal model hyperparameters for the HGBRT regression model. 

Parameter Value Description 
learning_rate 0.1 Rate of weight adjustment in boosting 
max_depth 40 Max depth of individual trees 

min_samples_leaf 5 Minimum samples in a leaf node 
l2_regularization 0.1 L2 regularization for leaf weights 

max_bins 60 Maximum number of bins for grouping 
max_iter 800 Maximum boosting iterations during training 

4. Results 
4.1. Analysis of the Detected Lake Drainage Events 

In the Yamal–Gydan tundra ecoregion, a total of 2721 drained lakes were detected 
between 2000 and 2020, with their spatial distribution shown in Figure 3. These drained 
lakes were categorized based on their initial area as small (1–10 hectares), medium (10–
100 hectares), and large (>100 hectares), accounting for 58%, 38%, and 4% of the total 
count, respectively. The cumulative area of these drained lakes is 621 km2, accounting for 
1.62% of the total water body area within the study area, and 0.15% of the total study area. 
The spatial density of drained lakes in this region is around 6.7 × 10−3 km−2, significantly 
higher than the density reported for the northern Alaskan permafrost region (~1.2 × 10−3 
km−2) [30], indicating more intense thermokarst disturbances. 

 
Figure 3. Distribution map of drained lakes detected in the Yamal–Gydan tundra ecoregion. Figure 3. Distribution map of drained lakes detected in the Yamal–Gydan tundra ecoregion.



Remote Sens. 2023, 15, 4561 9 of 20

These drained lakes exhibit a clear spatial clustering pattern, concentrated in the
southern part of the study area between latitudes 66◦N and 68◦N (Figure 4A), potentially
related to the increased discontinuity of permafrost due to climate warming. The presence
of these clusters represents hotspots of localized permafrost degradation and regional
greening. Visual interpretation aided by the TimeSync tool indicates that the LandTrendr
algorithm successfully captured the primary drainage years of most drained lakes, with
an overall accuracy of 78.1%. Due to consecutive years of poor image quality, the exact
drainage years of 596 lakes were difficult to determine, with small lakes accounting for
nearly 70% of them. There was a slight upward trend in the frequency of lake drainage
events over time (slope of 3.9), but it was not statistically significant (p = 0.15) (Figure 4B).
The high occurrence of lake drainage events in 2013 and 2016, numbering 218 and 351
respectively, indicates potential triggers associated with extensive hydrological changes.
We have tested the correlation between the annual number of drained lakes (Figure 4B) and
climate parameters such as temperature and precipitation and found no significant strong
correlations. This is because lake drainage event is a complex phenomenon that is difficult
to explain with individual climate variables [54]. The annual drainage frequency for small,
medium, and large lakes is 58.1 ± 40.9 (mean ± standard deviation), 43.1 ± 24.4, and
5.1 ± 2.6, respectively. The spatial and temporal information of these drained lakes serves
as the foundation for analyzing the heterogeneity of tundra vegetation growth within DLBs
in subsequent analyses.
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4.2. Analysis of Vegetation Dynamics in Drained Lake Basins

After lake drainage, tundra vegetation takes root in the basin area, progressively
covering the original lake extent and initiating a process of vegetation succession. Given that
drained lakes may not appear in all subsequent images, we employed statistical methods to
analyze the year-to-year NDVI trends in drained lake basins. Figure 5 displays the statistical
trends of vegetation greenness index (NDVI) over time for DLBs and the surrounding areas.
The time on the x-axis has been adjusted according to the year of lake drainage, with the
drainage year as the reference point (zero). Before lake drainage, the NDVI value within
the lake extent was 0.11 (25th–75th percentile range: −0.03–0.26), possibly having been
influenced by aquatic vegetation. In the lake drainage year, NDVI values in the basin
area rise rapidly to 0.32 (0.23–0.45), representing a transition from water to bare ground.
Within the first 5 years following drainage events, vegetation grew rapidly with a mean
annual NDVI change of +0.09 (0.07–0.11). As the vegetation cover reached its maximum,
the increase in NDVI in the basin area slowed down and stabilized at 0.64 (0.57–0.69).
This phase of change was dominated by vegetation succession, transitioning from sedges
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to perennial herbaceous plants and dwarf shrubs [32]. Constrained by environmental
conditions, the vegetation within DLBs will not evolve into forest ecosystems, but rather
stabilize its productivity as the ecosystem matures [23,66]. For comparison, the NDVI of the
surrounding areas stabilized at 0.58 (0.53–0.63). Therefore, at steady state, the vegetation
within DLBs exhibited higher greenness compared to the surrounding areas, confirming
previous research findings.
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facilitate comparison of medians over time, a notched median is displayed, with the width of the
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We calculated the annual difference in NDVI values between DLBs and the surround-
ing vegetation (Figure 6). Based on the mean and error bars, within 4–6 years after lake
drainage, DLBs reached the same level of greenness as the surrounding vegetation, with
an NDVI difference of 0 ± 0.12. Over time, vegetation within the drained basin may
become more luxuriant than the surrounding areas, with the NDVI difference stabilizing at
0.05 ± 0.10. This temporal trend aligns with previously reported patterns [23], suggesting
a universal rule governing vegetation growth and succession in thermokarst DLBs.
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It is worth noting that no statistically significant effects of nearby rivers on the NDVI
of DLBs were observed in this study area, and the NDVI differences between the post-
stabilization DLBs and surrounding vegetation were smaller than those found in the
permafrost region of northern Alaska [23]. There exists considerable spatial heterogeneity
in the dynamics of vegetation growth within DLBs. In satellite images, this can be clearly
observed by the landscape boundaries surrounding the basin extent, where certain basin
areas exhibit noticeably higher vegetation coverage and productivity compared to the
surrounding regions (Figure 7).
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Figure 7. Satellite imagery shows that after lake draining, vegetation within certain drained lake
basins exhibits notably higher greenness compared to the surrounding areas.

4.3. Quantifying the Contribution to the Regional Greening Trend

To quantify the contribution of vegetation changes in DLBs to the overall regional
greening trend, we calculated the Theil–Sen slope values for NDVI trends from 2000 to
2020 (Figure 8). At the ecoregion scale, the NDVI trend slopes exhibit an approximately
normal distribution (Figure 8B), with a mean and standard deviation of 2.8 ± 2.7 (×10−3).
Therefore, regions in the study area showing greening and browning trends account for
approximately 85% and 15%, respectively, indicating an overall positive greening trend. The
spatial distribution of the NDVI trend (Figure 8A) reveals stronger greening clusters in the
southern part of the study area, between latitudes 66◦N and 68◦N, which is also where the
concentrated drained thermokarst lakes are situated. The NDVI trend slopes within DLBs
are 23.6 ± 7.3 (×10−3), indicating that the greening trend in DLBs is approximately 8.4 times
higher than the regional average. From 2000 to 2020, the average NDVI value for the entire
study region witnessed an increase of approximately 0.056. In contrast, within DLBs, the
NDVI value experienced a more substantial rise of about 0.472, aligning with the trend
depicted in Figure 6. Despite the fact that the area of lakes drained over the past 20 years
constitutes only 0.15% of the total study area, their contribution to the regional greening
trend totals 1.25%. This quantitative result demonstrates that, although the localized
DLB areas are relatively small, their rapid internal vegetation growth disproportionately
contributes to enhancing the overall regional greening trend.
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We analyzed the spatial patterns of trends in soil temperature, air temperature, precip-
itation, and evapotranspiration obtained from ERA5-Land reanalysis data (Figure 9). The
results indicate that both soil temperature and air temperature exhibit notable warming
trends, with the warming rate increasing from the southwest to the northeast of the study
area. The trends in evapotranspiration and precipitation were normally distributed, with
means ± standard deviations of 1.1 ± 0.5 and 4.1 ± 1.2 mm/year, respectively. The overall
trend in the study area suggests a moistening pattern, with the center of increased precip-
itation located in the central and southwestern parts of the Gydan Peninsula. However,
these climate parameter trends do not align with the hotspots of regional greening trend.
This spatial disparity suggests that the heterogeneous greening patterns cannot be fully
explained by regional warming and moistening alone.
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4.4. Identifying Key Environmental Drivers Influencing DLBs Vegetation

We developed an HGBRT model to relate the post-drainage NDVI trajectories within
DLBs to various environmental variables. The best-performing model achieved an RMSE of
0.07 and an R2 of 0.78 on the test dataset, indicating a reliable prediction of NDVI changes in
DLBs based on environmental conditions. We used Shapley values for feature-importance
analysis and found that the top 10 factors influencing vegetation greenness in DLBs, in
descending order of importance, are the years since lake drainage, annual soil temperature,
latitude, slope of air temperature, summer precipitation, slope of evaporation, elevation,
slope of precipitation, soil carbon content, and slope of soil temperature (Figure 10). The
years since lake drainage emerged as the most critical driving factor, aligning with the
observed trend of increasing vegetation greenness over time in DLBs, consistent with
existing findings.
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The dependence plots (Figure 11) indicate that an increase in the annual soil tempera-
ture (ranging from −2 ◦C to 4 ◦C) contributes almost linearly to the increased vegetation
greenness in DLBs. When the annual mean soil temperature is below 1 ◦C, vegetation
greenness is suppressed, as indicated by negative Shapley values. Latitude and elevation
reflect the spatial heterogeneity of vegetation types. As elevation descends from the south-
ern interior to the northern coastal areas, vegetation transitions from shrub tundra to wet
meadow tundra, resulting in lower productivity and greenness. The trend slope of air
temperature, representing the rate of warming, has an overall positive impact on vegetation
greenness in DLBs, though its effect is somewhat scattered. Additionally, an increase in
summer precipitation positively contributes to vegetation greenness in DLBs by providing
essential moisture for actively growing vegetation. When summer precipitation is less
than 60 mm, vegetation greenness is suppressed, as shown by negative Shapley values.
However, when summer precipitation exceeds 80 mm, its influence on vegetation greenness
becomes more variable. These findings reveal how the vegetation dynamics in DLBs are
influenced by patterns of vegetation growth and succession, regional climatic conditions
and trends, as well as the combined control of local vegetation and hydrological conditions.
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5. Discussion and Conclusions

In the Arctic permafrost region, lakes and drained lake basin systems cover nearly 20%
of the area, and their hydrological dynamics play a significant role in driving landscape
and ecosystem changes [21,22]. Continued warming of the Arctic climate leads to increased
soil temperatures and active layer expansion in permafrost areas, accelerating permafrost
degradation and the development of thermokarst landscapes [67–69]. Consequently, this
climatic shift intensifies the occurrence of thermokarst lake drainage events. Upon the
drainage of these lakes, the exposed basin areas provide a fresh surface for a sequence of
geomorphic, hydrological, and ecological transformations to unfold [70]. The moisture-
laden and nutrient-rich sediments create favorable substrates, allowing pioneer plant
species to take root and rapidly spread across the newly exposed lakebed sediments.
The pioneer species typically include sedges and graminoids, known for their deep root
systems and sensitivity to soil nutrient gradients, setting the foundation for subsequent
stages of vegetation succession [32,71,72]. The trajectory of vegetation succession varies
based on the unique species compositions of different basins and the specific conditions
prevailing at distinct sites [34]. Importantly, these DLBs emerge as ecological focal points,
affording essential habitats for a range of organisms, including terrestrial and aquatic
flora, benthic communities, planktonic organisms, microorganisms, fish, and birds [21,73].
After vegetation cover is established in drained lake basins, local residents may engage
in domestic reindeer grazing, which could potentially lead to the disruption of tundra
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vegetation [74]. Therefore, it is imperative to implement targeted conservation efforts in
these ecological hotspots.

Vegetation growth in DLBs contributes to lowering surface albedo and providing
insulation to permafrost, effectively slowing down the expansion of taliks at the bottom and
potentially promoting permafrost aggradation [23,42,75]. Thermokarst lakes are important
sources of methane emissions, but as vegetation thrives in DLBs and permafrost refreezes,
carbon fluxes in these areas can be reduced by one to three orders of magnitude compared
to existing lakes [76–78]. Arctic warming accelerates the degradation of permafrost and
microbial decomposition, while also promoting the growth of tundra vegetation and the
expansion of shrubs. This widespread greening trend is believed to be linked to rising
summer temperatures, annual soil temperature, and summer soil humidity [6,34]. The
observed greening events in the DLBs can be embedded in the overall greening trend of
the study area over time and space, although they may not necessarily drive it [7]. The net
effects of these feedback processes formed by these intricate mechanisms remain uncertain,
with thermokarst lake drainage and post-drainage vegetation succession playing a role that
cannot be ignored within this complex interplay.

By leveraging remote sensing techniques, this study demonstrates that localized
thermokarst lake drainage and subsequent vegetation growth in DLBs represent important
mechanisms driving the heterogeneous greening patterns across the Arctic tundra biome.
Drainage transforms lakes into disturbed hotspots favorable for rapid colonization by
productive pioneer vegetation [32,79]. Despite their small spatial coverage, quantification
of rapid post-drainage greening trends in DLBs reveals that they provide a disproportionate
boost to the overall regional greening trend. Although the contribution of lake drainage
identified within this study area to the broader regional greening trends is relatively mod-
est, it is necessary to extend the scope of research to encompass diverse Arctic regions.
Spatial clustering of lake drainage events in the southern part of the study area creates
concentrated greening, likely related to accelerated permafrost thaw. In the future, with
further intensification of Arctic warming and permafrost thawing, it will be essential to
model the impact of more widespread thermokarst lake drainage on greening trends over
longer timescales. Within about 4–6 years after draining, vegetation growth and succession
in the nutrient-rich sediments of drained basins lead to greenness levels matching or ex-
ceeding surrounding tundra. In addition to the post-drainage time factor, soil warming
and increased precipitation have also been identified as key factors driving this localized
greening. The observed temporal patterns of vegetation greenness changes in DLBs are
similar to those from a recent remote sensing survey conducted in northern Alaska [23].
However, the magnitudes of greening and the identified driving factors differ, highlight-
ing the diversity of environmental controls and vegetation responses underlying Arctic
greening phenomena [7,34]. This study provides a quantitative assessment of the impact of
hydrological changes in thermokarst landscape processes on Arctic greening, expanding
our understanding of the relationships between localized processes and regional responses.

In summary, our innovative remote sensing approach utilizes long-term satellite data
to detect thousands of lake drainage events spanning decades and quantifies the post-
drainage vegetation dynamics of DLBs. This approach has been applied to several typical
thermokarst lake regions [23,30,54], providing insights into regional thermokarst processes
that are unattainable solely through field studies. While our study primarily relies on
remote sensing data, we do recognize the importance of on-site validation, especially for
parameters like permafrost and soil characteristics. Future studies could aim to establish a
stronger link between on-site observations and remotely sensed data in the circumpolar
region, and improve predictions of the climate impacts and carbon cycle feedbacks in
thawing permafrost ecosystems by integrating fine-scale thermokarst processes and DLB
dynamics into Earth system models [78,80,81]. It is worth noting that the NDVI metric
we utilized, while often corresponding well with the vegetation’s biophysical characteris-
tics, can also be influenced by factors such as atmospheric and surface conditions, plant
phenology, and the resolution of remote sensing imagery [82,83]. Given that DLB areas
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are typically low-lying, their NDVI might be underestimated due to waterlogging [84].
Moreover, the complex nonlinear statistical relationship between vegetation indices and
biomass prevents direct estimation of vegetation biomass [7,85]. Further research is re-
quired to monitor how rapidly thawing ecosystems accumulate biomass, in order to assess
the extent to which vegetation growth in drained lake basins will offset the carbon released
from thawing permafrost [86,87]. This research contributes to the broader understanding
of Arctic ecosystem responses to climate change and enhances our ability to assess the
intricate feedback mechanisms that shape the region’s environmental dynamics. By ex-
ploring the role of lake drainage in the context of Arctic greening, we contribute to the
ongoing discussion surrounding the drivers and consequences of vegetation change in
this rapidly transforming landscape. This integrative understanding helps disentangle
the complex web of factors underlying localized greening phenomena. Future research
should incorporate historical imagery from long-term ecological monitoring, flux towers,
high-resolution images, and novel remote sensing data [88–90] to gain more insights into
the dynamics of vegetation in DLBs.
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