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Abstract

Freeze-thaw cycles, hydrology, soil mixing, and permafrost degradation shape landscape patterns
in permafrost regions, forming unvegetated or sparsely vegetated landforms with varied topo-
graphy. These features, which we refer to as unvegetated thermokarst polygons, result from per-
mafrost thaw and may play a critical role in Arctic greenhouse gas (GHG) dynamics by unlock-
ing vast amounts of carbon stored in permafrost regions. However, their spatial extent remains
uncertain due to their variable size (~0.5-15 m) and the challenges of detecting them in hetero-
geneous landscapes such as polygonal tundra. This study assesses the extent of unvegetated ther-
mokarst polygons near Utqiagvik, Alaska, using imaging spectroscopy and lidar data with a 1 m
spatial resolution from the National Ecological Observing Network airborne observation platform
on the joint-basis of a linear spectral mixture analysis and lidar-based relief. Based on a confusion
matrix evaluating threshold models of our analysis against field-based results, the model that per-
formed with the greatest F1 score (0.63), with balanced precision (0.71) and recall (0.57), estim-
ated a 9.55% cover of unvegetated thermokarst polygons, or 380 000 m” total area of unvegetated
thermokarst polygons within the study extent. Ground truth data from 52 sites revealed that the
spectral mixture model correctly mapped ~81% of unvegetated thermokarst polygons. Our results
highlight the challenges and potential of detecting unvegetated thermokarst polygons in complex
Arctic landscapes with high-resolution remote sensing. Although these features currently cover a
small area in the study site, their relevance may grow with increased landscape changes and GHG
dynamics under warm conditions. Moreover, their extent could be greater in areas with more act-
ive permafrost degradation, emphasizing the need for detection methods to monitor these critical
landforms.

1. Introduction

Arctic regions have warmed nearly four times the global mean average temperature (Rantanen et al
2022). These regions are vital ecosystems, as they regulate climate via the carbon budget and energy bal-
ance (Oechel et al 1993, Kaplan et al 2003). Ecosystems within the Arctic consist of permafrost, a sub-
surface earth material such as soil and rock that remains at or below 0 °C for two or more consecutive
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years (Muller 1943, National Research Council 2014, Fiencke et al 2022). Permafrost soils comprise one
of the largest terrestrial reservoirs of carbon (C) and nitrogen (N), holding over half of all the estimated
soil organic matter (Hugelius et al 2014, Abbott and Jones 2015, Chowdhury et al 2015). As permafrost
thaws, soil organic carbon becomes vulnerable to decomposition, resulting in the emission of greenhouse
gases (GHGs), carbon dioxide (CO;), methane (CH,4), and nitrous oxide (N,O) by microbial activity
(Harden et al 2012, Yang et al 2018, Voigt et al 2020).

Permafrost thaw also has an impact on the topography of Arctic ecosystems, forming highly diverse
landscapes (Lachenbruch 1962, Hinkel et al 2003, Jones et al 2011, Liljedahl et al 2016). One of the most
prominent consequences of thaw is land surface subsidence, known as thermokarst, which generates dis-
tinctive landforms such as thermokarst lakes, polygons, bogs, and fens (Péwé 1954, Kokelj and Jorgenson
2013, Olefeldt et al 2016). Among these, thermokarst polygons are particularly important due to the high
carbon content in thermokarst regions and significant N,O emissions in unvegetated areas of the poly-
gons with active erosion layers (e.g. bare, collapsed, and cracked soil), which arise from limited plant
competition for inorganic N (Hashemi et al 2024). These unvegetated thermokarst polygons also emit
significant CO, emissions, likely caused by the lack of CO, uptake through photosynthesis, with ecosys-
tem respiration as the end result (Hashemi et al 2024). Given the role that permafrost landscapes serve
as a significant carbon and nitrogen reservoir and the heightened vulnerability to climate warming at
high northern latitudes, quantifying landscape features such as thermokarst polygons is likely crucial for
understanding carbon dynamics and their implications for global climate change.

Thermokarst-affected landscapes cover approximately ~20% of the Arctic and store approximately
50% of the region’s organic carbon, making them critical to Arctic carbon cycling (Jones et al 2011,
Olefeldt et al 2016). Thermokarst processes are driven by the melting of excess ice in the soil, which can
occur gradually through the deepening of the active layer or abruptly during rapid thaw events (Muller
1947, Péwé 1954, Van Everdingen 1998, Olefeldt ef al 2016). These processes influence macro-scale and
micro-scale topography, creating a mosaic of landforms that vary in hydrology, vegetation, and carbon
storage potential (Kokelj and Jorgenson 2013, Olefeldt et al 2016). Cryoturbation, the mixing and dis-
turbance of soil horizons due to frost action (Bryan 1946, Bockheim and Tarnocai 1998), further shapes
these landscapes, contributing to the formation of features such as frost boils, bare palsa surfaces, peat
circles, and unvegetated thermokarst areas (Peterson and Krantz 2008, Repo et al 2009, Marushchak et al
2011, Hashemi et al 2024). A distinctive feature of the landscape is polygonal tundra, which forms with
the development of ice wedges in some continuous permafrost regions as part of the freeze-thaw cycle
(Liljedahl et al 2016). Ice wedges form over a prolonged period (timescales from centuries to millennia),
giving rise to surface relief as they grow and develop (Leffingwell 1915, Liljedahl et al 2016). This devel-
opment creates unique polygonal patterns (Lachenbruch 1962, Liljedahl et al 2016).

Ice-wedges contribute to the formation of polygonal terrain in which the polygons start as low-
centered polygons (LCPs), which are approximately 5-30 m in diameter, and eventually become high-
centered polygons (HCPs) that can develop into well-drained mounds that protrude above the water
table and become surrounded by troughs (Britton 1957, Péwé 1969, Billings and Peterson 1980, Liljedahl
etal 2016). The formation and life cycle of polygons is a highly debated topic (Shur et al 2025) in
which the development of LCPs is considered a critical landform for understanding the evolution of
polygonal landscapes (Shur et al 2025). The implication of polygons evolving from LCPs to HCPs can
impact carbon storage over time by potentially releasing carbon that has remained locked in thermokarst
regions (Olefeldt et al 2016). In recent years, increasing ice-wedge degradation has led to the expan-
sion of trough networks in some Arctic landscapes, altering hydraulic connectivity and carbon dynam-
ics (Liljedahl et al 2016, Kanevskiy et al 2017). In particular, unvegetated thermokarst polygons typically
found on HCPs (Hashemi et al 2024), which are the result of freeze-thaw cycles, ice wedge dynamics,
and hydrological interactions (Hashemi et al 2024), are less well understood. These features tend to pro-
trude above the water table and are sparsely vegetated with a large percentage cover of dark, organic-
rich, and peat-like soil due to degradation on HCPs caused by the destabilization of the coupled inter-
actions mentioned above (Hashemi et al 2024). Chamber studies focusing on unvegetated thermokarst
polygons have demonstrated their potential for emitting significant CO, and N,O emissions from these
features (Hashemi et al 2024).

Remote sensing has become a useful tool for monitoring thermokarst processes, particularly in
remote Arctic regions, where field access is challenging. Advances in both the platform and sensing tech-
nologies associated with aerial photography, airborne imaging, and satellite imagery have improved the
observation of permafrost dynamics and thermokarst features over decadal timescales, providing crit-
ical insights into dramatically changing Arctic landscapes (Jorgenson et al 2006, Kokelj and Jorgenson
2013, Olefeldt et al 2016, Nelson et al 2022). For instance, remote sensing has been used to map drained
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lake basins, which cover at least 50% of the Arctic Coastal Plain of Alaska, and to classify these basins
based on drainage timing, a key factor affecting a full range of environmental characteristics (Hinkel et al
2003). Similarly, the expansion of thermokarst lakes, vegetation landscape change, and the degradation of
ice wedges have been documented using time-series satellite and airborne imagery (Jones et al 2011, Lin
et al 2012, Liljedahl et al 2016, Kanevskiy et al 2017, Lara et al 2019, 2021). Other studies have also high-
lighted the role of infrastructure in destabilizing permafrost, as seen in the Prudhoe Bay Oilfield region,
where thermokarst features and ice-wedge degradation have expanded in built-up areas (Raynolds et al
2014, Kanevskiy et al 2022).

While much of the remote sensing research on thermokarst processes has focused on macrotopo-
graphic features—drained lake basins, hillslope thermokarst, and thermo-erosional gullies (Hinkel ef al
2003, Jones et al 2011, Kokelj and Jorgenson 2013, Liu et al 2014, Olefeldt et al 2016)—fewer studies
have investigated microtopographic features such as HCPs, LCPs, troughs, pits, and thermokarst poly-
gons (Jorgenson et al 2006, Lara et al 2015, Liljedahl et al 2016, Kanevskiy et al 2017, Abolt and Young
2020). Previous work on employing remote sensing techniques to map the microtopography of polygonal
terrain includes, but is not limited to, characterization of multiscale zonation in polygons via airborne-
derived DEM (Wainwright et al 2015). Researchers have used UAV and photogrammetric surveys to
delineate and characterize ice-wedge polygonal networks. This method allows for quantitative verific-
ation of extracted features across different spatial resolutions using high-resolution imagery (Lousada
et al 2018). Other approaches include automation with the introduction of machine learning applica-
tions, such as using deep learning convolutional neural networks, complemented with high-resolution
aerial imagery to characterize ice-wedge polygons at Pan-Arctic scales (Zhang et al 2018). The introduc-
tion of high spatial commercial satellite imagery has also been used in automation techniques, including
the development of automatic workflows to extract ice-wedge polygon troughs on sedge tundra and tus-
sock tundra (Witharana et al 2021). Convolutional neural networks have also been used in the mapping
of common polygon networks found in ice-wedge landscapes, consisting of target classes such as open
water, polygonal wetland, and upland terrain, by fusing together synthetic aperture radar data (SAR)
with ArcticDEM topographic data (Merchant et al 2024).

These studies present both the successes and challenges of quantifying and detecting microtopo-
graphy in polygonal Arctic ecosystems. Challenges for mapping polygons include the geoecological com-
plexity of permafrost landscapes, which includes highly heterogeneous vegetation and landforms (Kokel;
and Jorgenson 2013, Nelson et al 2022). Furthermore, collecting satellite remote sensing data in high-
latitude ecosystems, such as the Arctic Coastal Plain of Alaska, is temporally limited by these regions’
long, severe, and dark winters (Stow et al 2004). Optical remote sensing data can only feasibly be collec-
ted during short, often cloudy summers, and most available datasets lack the meter-to-submeter spatial
resolution required to map microtopography (Kokelj and Jorgenson 2013, Nelson et al 2022). As a result,
the extent and location of smaller-scale features such as unvegetated thermokarst polygons investigated
in this study remain poorly quantified. Current estimates of thermokarst-affected landforms (20% of
the northern permafrost region) do not explicitly include unvegetated thermokarst polygons (Olefeldt
etal 2016).

This study quantifies the extent of unvegetated thermokarst polygons within the Barrow
Environmental Observatory (BEO) near the city of Utqiagvik (formerly Barrow), Alaska. Specifically,
analyses sought to detect HCPs with active erosion layers that might result in collapsing unvegetated
thermokarst polygons given their significant emissions in CO, and N,O (Hashemi er al 2024). To
approach this problem, we use a novel technique of fusing together 1 m-resolution hyperspectral ima-
ging and lidar acquired by the National Ecological Observatory Network (NEON) airborne observation
platform (AOP). We delineate the location and percent cover of unvegetated thermokarst polygons using
endmember (EM) fractions from a spectral mixture model fraction and lidar-based relief. Additionally,
we incorporate vegetation community data to explore landscape patterns associated with unvegetated
thermokarst polygons and examine their potential development to drained lake basins within the study
area.

2. Materials and methods

2.1. Study site

The study site (figure 1) is in the BEO (71.28°N, 156.61°W), located approximately 6 km southeast of
Utqiagvik, consisting of well-developed HCPs and LCPs tundra (Zona et al 2009, Davidson et al 2016a).
The landscapes found here stand out for their characteristic patterns, consisting of drained lake basins
and highly heterogeneous vegetation reflecting variation in microtopography (Zona et al 2009, Villarreal
etal 2012, Arndt et al 2019). This area has been set aside for research and is protected by the Ukpeagvik
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Figure 1. An overview of the study area showing the location of Utqiagvik in Alaska, represented by the gray star (source:
www.census.gov/) via QGIS. True color RGB satellite image collected by RapidEye (© 2018 Planet Labs); the study area extent

is highlighted by the yellow box (left). Unvegetated thermokarst polygons in the BEO (right), landforms vary in size and vegeta-
tion cover.

Inupiat Corporation. The region’s climate is characterized by short summers and long winters (NOAA
National Centers for Environmental Information 2023).

The vegetation within the BEO is predominantly wet-graminoid-moss communities (Raynolds et al
2005, Lara et al 2015, Davidson et al 2016a). Due to the high heterogeneity within our study site, flora
varies depending on several factors, such as soil moisture (Brown et al 1980, Villarreal et al 2012). For
instance, HCPs often consist of moss lichens, with species such as Polytrichum and Carex graminoid
tundra (Villarreal et al 2012, Davidson et al 2016a). Carex aquatilis and Eriophorum russeolum domin-
ate the rims of HCPs (Villarreal et al 2012, Davidson et al 2016a). Sphagnum mosses, Carex, Luzula, Poa,
Dupontia, and Eriophorum are common in LCPs and polygon troughs (Villarreal et al 2012, Davidson
et al 2016a). Soils are classified as gelisols, with reworked glaciomarine sediments of the Pleistocene age
as the parent material (Black 1964, Brown et al 1980, Bockheim et al 1999).

2.2. Remote sensing data products

Imaging spectroscopy was used to map small (submeter-to-meter scale) unvegetated thermokarst poly-
gons. A conceptual approach was developed to identify these features based on two criteria: (1) local
topographic relief and (2) lack of photosynthetic vegetation. It was assumed that areas meeting both
criteria might be probable sites of unvegetated thermokarst polygons. During validation of these fea-
tures in the field, features were classified as unvegetated thermokarst polygons if the feature consisted of
>8 inches in diameter of dark, barren soil with little to no vegetation, and were located in HCPs or soil
mounds, along with the presence of collapsing signs such as cracks and eroding soil.

Airborne lidar and imaging spectroscopy data collected by the NEON AOP over the Utgiagvik
NEON (BARR) site were used for this study. NEON AOP data are collected at flight altitudes of approx-
imately 1000 m and flight speeds of roughly 50 ms~!. Imaging spectroscopy data were collected with
an approximately 100 ms integration time and one milliradian instantaneous field of view, resulting
in approximately 1 m ground sampling distance. More details and flight reports can be found at www.
neonscience.org/data-collection/daily-flight-reports. This analysis used flight lines collected on July 11th,
2018, with a 40.71°solar elevation and partly cloudy atmospheric conditions. Partly cloudy atmospheric
conditions can lead to difficulty in interpreting reflectance values if not accounted for due to clouds’
high reflectivity and wide variability in absorptivity across wavelengths. The NEON AOP data used in
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our study are an atmospherically corrected product, including many QA and ancillary rasters. NEON
AOP accounts for partly cloudy conditions using the atmospheric and topographic correction algorithm.

Both imaging spectroscopy and lidar data are distributed on 1 m pixel grids. Four tiles of orthorec-
tified surface reflectance (DP3.30006.001) and lidar (DP3.30024.001) digital surface model (DSM) were
compiled into mosaics for our study, covering the central area of the BEO (NW: 156.62 W, 71.28 N; NE:
156.57 W, 71.28 N; SW: 156.62 W, 71.26 N; SE: 156.57 W, 71.26 N). The orthorectified surface reflect-
ance product has a 5 nm spectral resolution in over 420 bands from 380 to 2500 nm, all of which were
included in our study. The lidar data are distributed and acquired at a minimum density of 4 lidar shots
per square meter in non-overlap areas. NEON AOP lidar returns are full waveforms, from which up to
5 points per shot may be discretized. Imaging spectroscopy and lidar data were used as-is without addi-
tional correction for bidirectional reflectance distribution function effects.

In addition, our study incorporated barrow area information database (BAID) wetlands map data
products (Tweedie et al 2016) to determine the main vegetation communities within our study extent
and Hinkel et al’s (2003) age of drained lake basins map data to better understand the ecological con-
ditions of the unvegetated thermokarst polygons located during the field validation. Both of these data
products were used as is, and maps were made using ArcGIS Pro 3.0.3 Copyright ©2022 Esri Inc. By
overlaying the coordinates from our field validation surveys to the BAID wetlands map and Hinkel et al’s
(2003) age of drained lake basins map.

2.3. SMA mixture analysis

Given the polygonized tundra’s high fine-scale spatial heterogeneity, mixed pixels dominate Arctic tundra
landscapes even at 1 m spatial resolution (Nelson et al 2022). Hence, we mapped sparsely vegetated ther-
mokarst polygons with unvegetated surfaces for this study using linear SMA (Adams et al 1986, Gillespie
1990, Smith et al 1990). SMA treats the reflectance measurement at each pixel as a linear combination of
spectral EM materials plus misfit. For more background on using SMA for landscape analysis, see Adams
and Gillespie (2006).

Local EMs were manually selected from the spectral feature space of our reflectance mosaic, follow-
ing Boardman (1995). The Boardman (1995) technique is used to help identify and map materials based
on their spectral signatures. In this method, dimensionality analysis and noise whitening process, using
the minimum noise fraction transform process, is applied to the imagery (Boardman 1995). We applied
this approach to select the local EMs from our reflecting mosaic using ENVI® classic V.5.6.3. ENVI® is
a registered trademark of NV5 Global, Inc. Consistent with previous compilations of airborne (Sousa
& Small 2019, Sousa et al 2022) and satellite imaging spectroscopy (Sousa and Small 2023), the spectral
feature space for this analysis was bounded by soil and non-photosynthetic vegetation substrates such as
senescent plant material, dwarf shrub branches, and litter (S), illuminated photosynthetic vegetation (V),
and dark targets, such as shadow and water (D). The reflectance mosaic was then unmixed using S, V,
and D EMs as the basis of a linear mixture model with a unit sum constraint = 1 (figure 2) (Settle and
Drake 1993).

The unmixing procedure was followed by layer stacking the unmixed reflectance mosaic with the
overlapping lidar mosaic, combining both the lidar band and the raster bands from the unmixed image
into a single file for classification of unvegetated thermokarst polygons. Potential sites hosting unveget-
ated thermokarst polygons were manually selected on the basis of elevation (lidar) and the unmixed
mapped S pixels via 2D scatter plots by selecting the lidar band and the S band from the layer stacked
unmixed image. Regions in the point cloud space of the 2D scatter plot that contained the highest fre-
quency of S EM and lidar band throughout the study scene were selected and exported as regions of
interests (ROIs). These ROIs were then classified as unvegetated thermokarst polygons within the study
scene. All data imaging analyses were performed using ENVI® classic V.5.6.3. ENVI® is a registered
trademark of NV5 Global, Inc.

2.4. Field surveys

Field validation data were collected during the summer field seasons of 2022, 2023, and 2025. Surveys
began in late June, coinciding with the latter stages of snowmelt when the unvegetated thermokarst poly-
gons were most easily identifiable, and continued through mid-August.

Based on the unmixing analysis (figure 2), the study area was divided into six clusters, which were
stratified by the SMA results from the unmixed layer stacked image detecting probable unvegetated ther-
mokarst polygons. Four of the six clusters (C1, C2, C4, and C5, see figure 3) were accessible by foot and
selected for field-based validation during the 2022 and 2023 field surveys; an additional two clusters near
C1 were included in the 2025 field survey (Cla and C1b, figure 2) to collect additional field validation
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Lidar DSM (m)
Value
>6.14

Figure 2. (A) DSM of the extent of the study site using NEON AOP Lidar (product: DP3.30024.001). (B) Spectral mixture ana-
lysis of the study area was created using NEON AOP hyperspectral reflectance (product: DP3.30006.001). The colors represent
endmembers used in our analysis: red pixels are associated with soil substrates or non-photosynthetically active materials (S),
blue pixels are associated with dark targets such as shadows or water (D), and green pixels are associated with photosynthetically
active materials such as vegetation (V). Zoomed-in areas are representative of the clusters C1, C2, C4, and C5 visited for field
validation during the surveys in 2022 and 2023. Clusters Cla and C1b are the additional clusters validated during the 2025 field
survey.

data. The remaining clusters were excluded due to logistical constraints such as rugged terrain and lim-
ited access by foot.

During the surveys, fifty-two sites were visited across the clusters. These sites were chosen based on
the classification from the unmixing analysis detecting unvegetated thermokarst polygons mentioned in
section 2.3 on an aggregate pixel basis (e.g. the black pixels shown in figure 3, panel B).

An image and coordinates were recorded at each site using Global Positioning System (GPS) to
retrieve position via a navigation app (Gaia GPS) as a form of validation of the black pixels mapping
unvegetated thermokarst polygons. Differential GPS (dGPS) static surveys were collected at forty-six of
the fifty-two sites across two field campaigns: the summer of 2022 and the summer of 2025. A Trimble
5700/R7 Campaign Kit (Trimble Inc., Westminster, CO, USA) was used during the 2022 field survey for
a total of fifteen sites. A STONEX S900A GNSS Receiver was used during the 2025 field survey for a
total of thirty-one sites. The dGPS data from 2022 were collected at a logging interval of 1.0 s for a min-
imum of fifteen minutes and up to forty-four minutes. GPS data from the BARO base station, down-
loaded during the occupational times of dGPS surveys, served as the known reference point to solve
the locations sampled during field validation surveys. The dGPS data from 2025 were collected at a log-
ging interval of 1.0 s and were used as is without processing to a base station, with an accuracy of ~1 m
roughly.

The spectral signatures from the NEON AOP dataset, used in our unmixing workflow, were tied
to site locations and are included in the supplementary material. Spectral signatures in the field were
obtained from unvegetated thermokarst polygons and misclassified sites during 2023 for a total of 19
sites using a handheld Spectra Vista Corporation (SVC) Spectroradiometer HR-512i (SVC, Poughkeepsie,
NY, USA). The instrument measures reflectance at a wavelength range of 350-1035 nm at a spectral res-
olution of <3.2 nm full width at half maximum @ 700 nm and a total of 512 bands.

2.5. Decision rules

To estimate the surface composition in the scene, we visually inspected S, V, and D bands from the
unmixed classified image, masking out infrastructure-related pixels under three thresholds: conservat-
ive (90%), intermediate (70%), and liberal (50%). The rationale for each threshold was chosen based
on field checks conducted during the field surveys of the study area. Selecting thresholds from a con-
servative (90%) to liberal (50%) estimate enabled investigation of a representative spectrum of possible
outcomes that could be compared to the ground truth data. The liberal thresholds for each band were
chosen based on visual inspections to determine peak pixel frequency for each EM band via histogram
distributions. The same approach was taken for the conservative and intermediate thresholds, in which
the frequency of materials decreased as our thresholds became conservative. A full table showing all the
possible threshold combinations along with surface composition for each EM and histograms is provided
in the supplementary materials.
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Figure 3. (A) Zoomed-in locations of clusters (C1, C2, C4, C5) of DSM, (B) SDV image, black pixels represent unvegetated ther-
mokarst polygons and (C) threshold image applying the liberal threshold for soil the substrate band and liberal threshold for the
lidar band, white pixels detecting probable unvegetated thermokarst polygons (S = 50%, lidar = 5 m).

To quantify unvegetated thermokarst polygons detected by the unmixing analysis within the study
area and to evaluate model performance of the field-based results, a joint probability analysis was con-
ducted by fusing together the lidar band and the S band from the layer stacked unmixed image. The
fusion of hyperspectral data and lidar has been previously used in classification studies to increase the
accuracy of feature identification in remote sensing images (Qian et al 2023, Chen et al 2024), making it
an appropriate approach for quantifying unvegetated thermokarst polygons. In the joint probability ana-
lysis, all possible combinations of the three thresholds presented earlier: conservative (90%), intermediate
(70%), and liberal (50%) for the S band, and in addition conservative (>7.0 m), intermediate (>6.0 m),
and liberal (>5.0 m) for the lidar band were explored. Water-related and infrastructure-related pixels
were masked out in the joint probability analysis to improve the detection performance of unvegetated
thermokarst polygons. This resulted in a total of nine decision rules, demonstrating all possible combin-
ations of thresholds for the S and lidar band.

A threshold image was produced for each decision rule from the joint probability analysis to compile
a confusion matrix that was used to evaluate the performance of the unmixing classification against the
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Table 1. Confusion matrix analysis of predicted classification vs. Field verification.

F Tenorio et al

Applied True False False True

Decision rule threshold positive  positive  negative negative Precision Recall  F1 score
Liberal soil with Soil: 50% 24 10 18 0 0.71 0.57 0.63
liberal lidar Lidar: >5.0 m

Intermediate soil Soil: 70% 19 10 23 0 0.66 0.45 0.54
with liberal lidar Lidar: >5.0 m

Conservative soil Soil: 90% 13 4 29 6 0.76 0.31 0.44
with liberal lidar Lidar: >5.0 m

Liberal soil with Soil: 50% 2 0 40 10 1 0.05 0.09

conservative lidar

Lidar: >7.0 m

field-based results. Table 1 shows a summary of the models that had the best performance: liberal soil
(50%) and liberal lidar (>5.0 m), intermediate soil (70%) and liberal lidar (>5.0 m); model that had
average performance: conservative soil (90%) and liberal lidar (>5.0 m); and model that had poor per-
formance: liberal soil (50%) and conservative lidar (>7.0 m). A complete set of all nine decision rules of
the confusion matrix is shown in the supplementary material. A threshold image overlayed with coordin-
ates from the 52 sites validated for the field-based results for each possible decision rule is included in
the supplementary materials. The joint probability analysis and related threshold images were computed
using ENVI® classic V.5.6.3. ENVI® is a registered trademark of NV5 Global, Inc. The final threshold
images provided in the supplementary showing the location of the 52 sites from the field survey were
generated using ArcGIS Pro 3.0.3 Copyright ©2022 Esri Inc. All rights reserved.

3. Results

Unvegetated polygons classified using the liberal soil and liberal lidar (LSLL) decision rule (F1 score 0.63
and recall 0.57, table 1) in the joint probability analysis most closely matched the field validation sur-
vey. From field classification, forty-two of the fifty-two sites hosting unvegetated thermokarst polygons
were correctly classified (~81% mapping success rate). Using these thresholds, the total predicted cover
of unvegetated thermokarst polygons over the study area was 9.55% or 380 000 m? total area over the
study site (table 2).

The confusion matrix (table 1, figure 4) of the field classification vs. predicted model classifica-
tion for each decision rule in the joint probability analysis indicates that the models with combina-
tions of LSLL, (ISLL—intermediate soil, liberal lidar) had the best model performance in terms of bal-
anced precision and recall with F1 scores of approximately 0.63 and 0.54 respectively. The model such
as (CSLL—conservative soil, liberal lidar), had moderate model performance with an F1 score of 0.44.
On the weaker model performance end, the (LSCL—Iliberal soil, conservative lidar) had a low F1 score
of 0.09. This indicates that a combination of the models with at least one liberal threshold was suitable
for detecting unvegetated thermokarst polygons, and a sensitivity to lidar thresholds, for example, overly
strict elevation thresholds resulted in lower precision model detection of unvegetated thermokarst poly-
gons, and vice versa, with overly strict S band thresholds resulting in poor feature classification. A full
table showing the complete set of values shown in figure 4 of the confusion matrix is provided in the
supplementary.

From estimates of the liberal thresholds to determine individual band material frequency of S, V,
and D from the spectrally unmixed image, we determined that one of the primary landscape properties
relates to dark targets, likely associated with water (27.82%), followed by S-EM (26.53%). The frequency
of pixels associated with V-EM is 18.5% (table 3, supplementary).

A classification of the vegetation types is shown in figure 5 based on the BAID high-resolution wet-
lands map (Tweedie et al 2016) shows graminoids and lichens dominated the vegetation near unve-
getated thermokarst polygons. Patterns in vegetation near the unvegetated thermokarst polygons can
be indicative of the environmental conditions of these features, such as the dominance of lichens on
the edges of HCPs, which reflect drier soil moisture conditions. The spectral profiles of unvegetated
thermokarst polygon features and nearby vegetation are shown in the supplementary material. These
unvegetated thermokarst polygon features were generally at a higher elevation than the surrounding
landscape, typically situated in areas with a maximum altitude of 8 m. Based on the NEON AOP lidar
product, the mean elevation at which these features were detected was 6 m (with ranges from 4.1 m to
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Table 2. Joint probability thresholds for estimating unvegetated thermokarst polygons EM abundances.

Study area extent = 4 km* or 4000 000 m?

Applied threshold Percent of pixels in image (% of study area) Mapped area (m?) Precision
Soil: 50% 9.55% 380 000 0.71
Lidar: >5.0 m

Soil: 70% 1.32% 50 000 0.66
Lidar: >5.0 m

Soil: 90% 0.06% 2000 0.76
Lidar: >5.0 m

Soil: 50% 0.09% 4000 1

Lidar: >7.0 m

the percentage or area covered in m? for the main decision rules from table 1 based on the joint-probability analysis.

LSLL (F1 = 0.63)

ISLL (F1 = 0.54)

CSLL (F1 = 0.44) 13 29
LSIL (F1 = 0.36)

ISIL (F1 =0.34)

Decision Rule

CSIL (F1=0.17)

LSCL (F1 = 0.09)

ISCL (F1 = 0.05)

6

CSCL (F1 = 0.00)

TP ™ FP FN

Outcome

negative, FP—false positive, FN—false negative.

Normalized Confusion Matrix by Decision Rule

Normalized
(0—1 scale)
1.00
B

0.50
I 0.25
0.00

Figure 4. Heatmap of full confusion matrix (including all decision rules) of predicted classification vs. field verification. Decision
rules are ranked from highest (top) to lowest F1 score (bottom). Key: CSCL—conservative soil and conservative lidar, CSIL—
conservative soil and intermediate lidar, CSLL—conservative soil and liberal lidar, ISCL—intermediate soil and conservative
lidar, ISIL—intermediate soil and intermediate lidar, ISLL—intermediate soil and liberal lidar, LSCL—Iliberal soil and conservat-
ive lidar, LSIL—liberal soil and intermediate lidar, LSLL—liberal soil and liberal lidar. For outcome: TP—true positive, TN—true

6.8 m based on estimates calculated using the summarize elevation tool on ArcGIS Pro 3.0.3 Copyright
©2022 Esri Inc.). Approximately 97% of the unvegetated thermokarst polygons identified by this study
were outside of the medium-age (50-300 yr) and old (300-2000 yr) drained lake basins (as classified by
Hinkel et al 2003), indicating that unvegetated thermokarst polygons are likely to form in areas outside
of drained thaw lakes and the timing of their formation in these areas can occur from anywhere between

50 and 2000 yrs after drainage.
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Landform

A Site detected
as unvegetated
thermokarst
polygon and
field validated
as such

@ site detected
as unvegetated
thermokarst
polygon but
lacking
landform during
field validation

' b =¥
Habitat Type
= Seasonally flooded wet graminoid tundra |:] Saturated moist graminoid tundra D Moss-lichen saturated dry dwarf shrub graminoid tundra

[ | Seasonally flooded graminocid tundra - Flooded aquatic graminoid tundra [ Permanently flooded pond

- Estuarine subtidal unconsolidated bottom subtidal lagoon, creek, or delta

Figure 5. BAID wetlands map of the dominant vegetation types within the study extent (Tweedie et al 2016) overlaid with ground
truth data collected throughout the field validation surveys (2022, 2023, 2025). Pink triangles (42 sites) show the location of fea-
tures mapped as unvegetated thermokarst polygons by the unmixing analysis (figure 3) and validated as such in the field whereas
purple circles (10 sites) show the location of features mapped as unvegetated thermokarst polygons, but landform was lacking
during the field validation surveys. Reproduced with permission from Tweedie ef al (2016). Map data ©2016 barrow area inform-
ation database (BAID).

4. Discussion

The main objective in our study is to detect and provide estimates of unvegetated thermokarst polygons
on Alaska’s Arctic Coastal Plain using NEON AOP on the joint basis of imaging spectroscopy and lidar
products at 1 m spatial resolution via SMA. These estimates consider microtographic landforms to con-
tribute to estimates of thermokarst-affected land cover in Arctic regions. The LSLL threshold combin-
ation for soil and lidar from the confusion matrix evaluating threshold models of our analysis against
field-based results had the greatest F1 score (0.63), along with balanced precision (0.71) and recall
(0.57). Based on the results evaluating our remote sensing analyses against the field validation data, we
estimate a 9.55% cover of unvegetated thermokarst polygons, or 380 000 m? total area of unvegetated
thermokarst polygons within the study extent. Ground truth data from 52 sites revealed that the spectral
mixture model correctly mapped ~81% of unvegetated thermokarst polygons in the study area.
Incorporating microtopographic landforms (e.g. unvegetated thermokarst polygons) into the land-
cover characterization of polygonized tundra and thermokarst-affected landscape on Alaska’s Arctic
Coastal Plain helps to refine land cover estimates, providing insight into permafrost destabilization and
associated impacts on wildlife, infrastructure, and hydrological processes. Quantifying and detecting
unvegetated thermokarst polygons can help identify the potential relevance of such land features and
processes for the larger regional GHG budget from high-latitude ecosystems, particularly given the vast
amount of carbon stored in thermokarst regions (Olefeldt et al 2016). Chamber flux studies on GHG
emissions from thermokarst polygons in the BEO (Hashemi et al 2024) found that unvegetated ther-
mokarst polygons were estimated to emit mean flux rates of 28 mg N,O—N ha~! h™!, adjusted for fea-
ture coverage of 1.5% of unvegetated thermokarst polygons based on UAV imagery over a limited area of
their study region. Our estimates over a 4 km? area of the BEO places unvegetated thermokarst poly-
gons at 9.5% coverage. Based on our estimates of unvegetated thermokarst polygons land cover, this
brings mean N,O emissions from these features to 178 mg N,O-N ha~! h™! and CO, emissions to 36 g
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CO, ha™! h™! at the landscape scale. Upscaling N,O emissions based on adjusted estimates of feature
coverage, based on our results, indicates that emissions are six times larger than previously estimated
(Hashemi et al 2024) and closer to airborne eddy covariance estimates for the North Slope of Alaska
at 3.8 (2.2-4.7) mg N,O m~2 d=! (Wilkerson et al 2019). Given the global warming potential of N,O,
which is 273 times that of CO, over a 100 yr time horizon (Forster et al 2021), our findings highlight
the potential these features have to contribute to biogeochemical cycling. Regional coverage of unveget-
ated thermokarst polygons across thermokarst-affected landscapes remains uncertain, emphasizing the
need for detection methods of these features in Arctic ecosystems.

The higher elevation of these unvegetated thermokarst polygon features is consistent with ground
heave processes lifting the soil above the average elevation levels, likely connected to ice-wedge forma-
tion, melting, and polygon development (Liljedahl et al 2016). During the expansion of ice-wedges, the
ground heaves, which influences the formation of HCPs (Liljedahl et al 2016), which is a key character-
istic of the unvegetated thermokarst polygons mapped in our study. Interestingly, we found that these
unvegetated thermokarst polygons were outside drained lake basins, likely because their formation occurs
in higher elevation areas and follows the development of HCPs. The lack of vegetation in these features
is probable in HCPs due to favorable conditions for frost heave action, and they are more exposed to
wind abrasion, similar to peat palsas reported in Finland (Seppild 2003).

Compared to S, D, and V EMs, unvegetated thermokarst polygons represented a lower frequency of
pixel abundances of landscape material. The high pixel abundance of dark targets, likely linked to water,
aligns with the wetland polygonal tundra characteristics of the study site located in a continuous perma-
frost zone. The higher frequency of pixels associated with dark targets likely confounded our selection
of S materials within the unmixing analysis. This demonstrates the high spatial heterogeneity within the
study site. In such areas, unvegetated thermokarst polygons may develop at different rates compared to
Arctic areas in discontinuous permafrost zones, where warming and thermokarst development rates vary
(Olefeldt et al 2021).

Previous work on detecting polygonal terrain, such as ice-wedges, using machine learning and deep
learning techniques provides helpful insights into how these tools can be used with remote sensing tech-
niques to enhance their capabilities. Zhang et al (2018) had an overall classification accuracy of 79%
employing these methods to delineate ice wedge polygons in Northern Alaska. Witharana et al (2021)
mapping of ice wedge polygons through using high spatial resolution commercial satellite imagery on
sedge tundra had classification accuracies of correctness of 0.99, and on tussock tundra classification
accuracies reporting correctness of 0.87. The study by Lousada et al (2018) using UAV and photogram-
metric surveys found that mapping of ice wedge polygonal networks using remotely sensed images of
very high resolution provides adequate support to classification and characterization of this type of ter-
rain (Lousada et al 2018).

The ground-truth mapping success of ~81% in our study highlights both the potential and the chal-
lenges of detecting unvegetated thermokarst polygons using imaging spectroscopy. A potential source
of uncertainty in our analysis could be the misalignment in georeferencing between the remote sens-
ing data and the field validation data. Even at the 1 m spatial resolution provided by the NEON AOP-
derived datasets used in our analysis, the complexity of detecting the pure spectral signatures of physical
properties of an ecosystem, such as soil in our case, is complex, as mixed pixels are likely to dominate
in Arctic regions due to high heterogeneity even (Nelson et al 2022). As we observed in our study, SMA
is a powerful tool for classifying materials, even in some of the most challenging ecosystems for applica-
tions of remote sensing techniques, such as polygonized tundra.

4.1. Limitations and future directions
An important aspect of our study is the use of remote sensing to understand surficial processes, partic-
ularly unvegetated thermokarst polygons. Limited studies within the Arctic Coastal Plain of Alaska have
deployed optical remote sensing to study microtopography—primarily focusing on ice wedges and poly-
gon development (Liljedahl ef al 2016, Abolt and Young 2020). Our work presents a feasible approach
for detecting and monitoring such landforms. By utilizing airborne imaging spectroscopy at a 1 m spa-
tial resolution, we offer a detailed and effective method for observing these features. Our mapping efforts
used data collected from one day of flights (11 July 2018) from the NEON AOP database. This imposes
potential seasonal variability, in particular, vegetation phenology. Multi-temporal data collected through-
out different periods (e.g. during the peak season and the fall period prior to snow) could refine poly-
gon detection in future iterations and help develop the baselines for future investigation of the develop-
ment of these features over temporal scales.

Future directions to detect unvegetated thermokarst polygons via optical remote sensing include a
multi-platform approach with the available technology, such as leveraging drone-based measurements
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at finer spatial and spectral resolutions supplemented by hand-held spectroscopy to validate coarser
products, such as satellite-borne. A combination of multi-scale measurements, as Nelson et al (2022)
suggested for optimizing optical remote sensing in the Arctic, may be insightful to determine the extent
of unvegetated thermokarst polygons, particularly in regions where airborne-derived imaging spectro-
scopy is lacking. Drone-based lidar could help improve sub-meter resolution and multispectral satellite
imagery, such as Sentinel-2, for broader coverage of Arctic regions. The Polar Geospatial Center offers
50 cm DSM (ArcticDEM) data products throughout the Arctic that could be used in conjunction with
multispectral Maxar’s WorldView-2 satellite imagery at the meter scale for providing estimates in areas
outside of NEON AOP flight domains. The fusion of SAR and topographic data to map polygonal ter-
rain can be helpful, as demonstrated by Merchant et al (2024). Employing machine learning technolo-
gies such as convolutional neural networks, deep learning, and object-based classification also provides
potential avenues for mapping microtographic features in Arctic landscapes such as ice wedge polygons
(Zhang et al 2018, Witharana et al 2021, Merchant et al 2024). Additionally, laboratory measurements
may supplement this, and novel platform techniques, such as tower-mounted observations (Nelson et al
2022), may provide key insights regarding the extent and processes associated with unvegetated ther-
mokarst polygons.

It is important to identify the development of these features and their potential increase in coverage
following increased temperatures and improve future predictions of thermokarst processes. This is critical
to determine their role in the GHG budget from the Arctic. To leverage the characterization of land-
scapes via SMA, it may be helpful to use local and global EMs, including polar regions, to contribute to
the accuracy of mapping efforts (Sousa et al 2022). Upscaling this approach provides a valuable oppor-
tunity to quantify unvegetated thermokarst polygon development across permafrost zones. Such efforts
could also provide deeper insights into how different tundra types respond to global warming and its
associated impacts on the carbon budget. This may help answer questions associated with spatiotemporal
landscape patterns and provide insights into the overall status of an ecosystem and its functioning.
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