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Abstract: Western Alaska’s Yukon-Kuskokwim Delta (YKD) spans nearly 67,200 km2 and is among
the largest and most productive coastal wetland ecosystems in the pan-Arctic. Permafrost currently
forms extensive elevated plateaus on abandoned floodplain deposits of the outer delta, but is
vulnerable to disturbance from rising air temperatures, inland storm surges, and salt-kill of vegetation.
As pan-Arctic air and ground temperatures rise, accurate baseline maps of permafrost extent are
critical for a variety of applications including long-term monitoring, understanding the scale and pace
of permafrost degradation processes, and estimating resultant greenhouse gas dynamics. This study
assesses novel, high-resolution techniques to map permafrost distribution using LiDAR and IKONOS
imagery, in tandem with field-based parameterization and validation. With LiDAR, use of a simple
elevation threshold provided a permafrost map with 94.9% overall accuracy; this approach was
possible due to the extremely flat coastal plain of the YKD. The addition of high spatial-resolution
IKONOS satellite data yielded similar results, but did not increase model performance. The methods
and the results of this study enhance high-resolution permafrost mapping efforts in tundra regions
in general and deltaic landscapes in particular, and provide a baseline for remote monitoring of
permafrost distribution on the YKD.
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1. Introduction

Permafrost, or perennially frozen ground, is an important landscape feature for much of the
Arctic and sub-Arctic regions of the world. An estimated 22–23% of land in the Northern Hemisphere,
and 81% of Alaska, contains permafrost [1–3]. As global temperatures rise, landscapes underlain by
permafrost are experiencing significant changes that have far reaching implications for geomorphology,
hydrological processes, ecosystem services, and global carbon cycling [4–8].

Due to the widespread extent of permafrost around the globe, mapping at several scales is needed
to fully understand permafrost landscapes [9]. With increasing air and ground temperatures across
the Arctic, monitoring permafrost degradation (e.g., thermokarst) is important for understanding
processes at both the local and the larger regional and global scales. Since nearly half of Alaska lies
within the zones of isolated permafrost (>0–10% permafrost landcover), sporadic permafrost (10–50%),
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or discontinuous permafrost (50–90%), large areas are at risk of being affected by permafrost thaw
in the future [2]. This is especially true on the Yukon-Kuskokwim Delta (YKD), which is near the
southern limit of permafrost in Alaska.

Prognostic models such as those from Pastick et al. [10] and Jafarov et al. [11] are in general
agreement, projecting declines of 16–24% and 22%, respectively in Alaskan near-surface permafrost
extent by 2100. These projections are also comparable to the 21–24% reduction expected in Canada [12].
Even under moderate emissions scenarios, such as the Intergovernmental Panel on Climate Change’s
(IPCC) Representative Concentration Pathway (RCP) 4.5, permafrost is expected to retreat from the
present-day discontinuous zone (including the YKD) by 2100 [13]. Under extreme scenarios modeled
with RCP 8.5, sustainable permafrost will likely only be found in the Canadian Archipelago, Russian
Arctic Coast, and east Siberian uplands by 2100 [13]. This projected retreat has implications for global
carbon cycling, and underlines the critical need to advance techniques for mapping permafrost extent.

Mapping permafrost landscapes is inherently difficult, because permafrost itself is a thermal state
of the subsurface, not a physical terrain [14]. However, proxies such as vegetation cover, regional air
temperatures, topographic anomalies, and geomorphic landforms are useful for mapping permafrost
extent [15]. Because many permafrost landscapes are logistically challenging to access, the use of remote
sensing in permafrost analysis has increased dramatically in recent years [15,16]. Recent literature
reviews provide useful overviews on the current state of permafrost remote sensing techniques [15–17].

Mapping permafrost extent usually incorporates some sort of process-based model to interpret
where permafrost is present or absent. Such models are diverse in purpose, application, and complexity,
but most of them rely on modeling ground thermal conditions using heat-transfer theory [9].
These methods model energy exchange among the atmosphere, snow, vegetation, active-layer soils,
and permafrost. Though generally accurate in determining permafrost presence at regional to global
scales, these models require many inputs that are only available at coarse spatial resolutions and
are thus inadequate for distinguishing permafrost on spatially variable, discontinuous permafrost
landscapes such as the YKD.

Here we present high spatial-resolution datasets suitable to the permafrost of the YKD: specifically,
Light Detection And Ranging (LiDAR) and IKONOS satellite imagery. Repeat LiDAR has been shown
to be useful in tracking thermokarst processes and landscape change in permafrost-rich areas [8,18–20],
but to date there has not been an application of LiDAR to map permafrost extent explicitly. As previous
studies overlook the YKD, the lack of a high-resolution permafrost map hinders landscape change
analyses and the ability to assess the impacts of climate change to permafrost in this region of high
biological productivity, critical wildlife habitats, and subsistence-based human economy.

The objectives of the study were to: (1) collect field data for parameterizing and validating the
mapping algorithms; and (2) assess the viability of LiDAR and high spatial resolution spectral imagery
(IKONOS) for mapping permafrost distribution on the YKD.

Study Area

The YKD of Alaska is one of the largest and most important coastal wetland regions in the
pan-Arctic. Located in western Alaska, USA, the YKD provides nearly 67,200 km2 of habitat for
migratory geese and waterbirds and is one of the most biologically productive areas of the arctic
tundra biome [5,21]. YKD ecosystems help sustain one of the largest indigenous human populations in
the Arctic. Living in 56 villages, roughly 23,000 Yup’ik and Cup’ik people rely heavily on subsistence
resources [22,23]. As temperatures and sea levels rise in the Arctic, uncertainty in the stability of
coastlines and permafrost may drive landscape change on a region-wide scale, affecting the livelihoods
of local communities as well as the habitats of several species of conservation concern [24].

This study focuses on the western portion of the YKD between the village of Chevak and Hazen
Bay (Figure 1). This region of the YKD is extremely flat; previous elevation profiles have shown
topographic gradients of as little as 0.5 m over 7.5 km distance [24]. The flat topography makes the
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YKD highly vulnerable to eustatic sea-level rise and inland storm surges, which have been known to
flood up to 37 km inland [25].
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(dashed line), and the approximate distribution of the Lowland Moist Graminoid Shrub Meadow 
(LMGSM) ecotype (green) that is associated with permafrost plateaus [5]. 

This landscape is at the southern extent of permafrost in Alaska, and lies in the sporadic to 
isolated permafrost zone [2]. The mean annual air temperature (MAAT) 200 km east of the study area 
at Bethel, AK is −1.2 °C (1923–present), making the region warm for supporting permafrost [26,27]. 
The instrumental record at Bethel shows a warming trend that will likely result in MAAT above 0 °C 
in the future (Figure 2). Under these climatic conditions, the permafrost is considered ecosystem-
protected permafrost, meaning the insulative cover of vegetation and organic matter is critical for 
permafrost stability under otherwise incompatible air temperatures and is unlikely to re-form after 
disturbance [28].  

Permafrost occurrence in the study area is tied to the gradual elevation ramp from the coast 
inland; the landscape progresses from coastal mudflats to active floodplains (flood frequently), then 
to inactive floodplains (flood occasionally), and finally to abandoned floodplains (rarely flood) [29]. 
Permafrost in the area is restricted to abandoned floodplains, as interactions from storms and tides 
prohibit permafrost formation closer to the coast [24,25]. Permafrost manifests as plateaus on the 
landscape, because segregated ice in the soil raises the ground surface 1–2 m relative to younger 
floodplain deposits [24]. Previous work estimates permafrost thickness of roughly 10-m based on 
plateau height, with poorly developed cryostructures limited to pore ice and lenticular ice [24,29]. 
Because of this elevation difference, permafrost plateaus have better drainage and support vegetation 

Figure 1. Study Area located on the Yukon-Kuskokwim Delta (YKD) in western Alaska, USA. Depicted
are the extent of the 2007 IKONOS data (solid line), the extent of the 2009 LiDAR data (dashed line),
and the approximate distribution of the Lowland Moist Graminoid Shrub Meadow (LMGSM) ecotype
(green) that is associated with permafrost plateaus [5].

This landscape is at the southern extent of permafrost in Alaska, and lies in the sporadic to isolated
permafrost zone [2]. The mean annual air temperature (MAAT) 200 km east of the study area at Bethel,
AK is −1.2 ◦C (1923–present), making the region warm for supporting permafrost [26,27]. The instrumental
record at Bethel shows a warming trend that will likely result in MAAT above 0 ◦C in the future (Figure 2).
Under these climatic conditions, the permafrost is considered ecosystem-protected permafrost, meaning
the insulative cover of vegetation and organic matter is critical for permafrost stability under otherwise
incompatible air temperatures and is unlikely to re-form after disturbance [28].

Permafrost occurrence in the study area is tied to the gradual elevation ramp from the coast inland;
the landscape progresses from coastal mudflats to active floodplains (flood frequently), then to inactive
floodplains (flood occasionally), and finally to abandoned floodplains (rarely flood) [29]. Permafrost in
the area is restricted to abandoned floodplains, as interactions from storms and tides prohibit permafrost
formation closer to the coast [24,25]. Permafrost manifests as plateaus on the landscape, because segregated
ice in the soil raises the ground surface 1–2 m relative to younger floodplain deposits [24]. Previous work
estimates permafrost thickness of roughly 10-m based on plateau height, with poorly developed
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cryostructures limited to pore ice and lenticular ice [24,29]. Because of this elevation difference, permafrost
plateaus have better drainage and support vegetation that is less tolerant to saltwater inundation
such as dwarf shrubs (e.g., Betula nana, Rhododendron subarcticum, Empetrum nigrum, Salix fuscescens),
mosses (e.g., Sphagnum, Dicranum), and lichens (e.g., Cladonia, Cladina) [5,24]. The lichen- and moss-rich
vegetation has insulative properties conducive to formation and protection of permafrost, where low
thermal conductivity in the summer insulates underlying permafrost from warmer air temperatures,
but higher thermal conductivity in the winter allows for heat loss from the ground [30]. The surrounding
lowlands are mostly sedge meadows dominated by hydrophytic species such as Carex aquatilis, C. rariflora,
C. lyngbyei, Eriophorum scheuchzeri, and Comarum palustre; these species can be locally common on degrading
permafrost and are bioindicators of recent thermokarst (Figure 3).
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Figure 2. Temperature trend for Bethel, Alaska (200 km east of study area). Linear regression shows
a warming trend of Mean Annual Air Temperatures (MAAT): β̂1 = 0.009 (p = 0.0941), Adjusted R2 = 0.020.
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Figure 3. Conceptual model of permafrost plateau morphology, vegetation, permafrost thickness,
and thermokarst processes. The Lowland Moist Graminoid Shrub meadow (LMGSM) ecotype is
associated with the permafrost plateaus, which are surrounded by other, wetter coastal meadow
ecotypes. There is typically an abrupt transition from coastal meadow to plateau on the seaward margin,
and a gradual transition between ecotypes on the landward margin. Thick organic accumulations on
the permafrost plateaus help to insulate underlying permafrost during summer. Indicators of various
stages of permafrost degradation are highlighted with grey boxes.
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2. Materials and Methods

2.1. Fieldwork

Field data were collected 8–17 July 2016 to support mapping analysis and validation. Transects
running perpendicular to the boundary of permafrost plateaus were established subjectively according
to topographic breaks, vegetation, presence of storm indicators (e.g., driftwood), and evidence of
thermokarst (e.g., thermokarst pits, moats, thermo-erosional gullies). Nine transects were sampled,
with transect lengths ranging from 50 to 130 m (Figure 1). Thaw depths were measured along each
transect every 1 m over permafrost and 5 m over non-permafrost using a 1.25 m thaw probe and
a Delorme PN-60 GPS (±5 m horizontal accuracy) (Figure 4). In addition to frost presence/absence,
the dominant plant species were recorded, and each sample point was assigned to an ecotype [5,29].
When possible, the thickness of seasonal frost and/or permafrost was measured by breaking through
frozen ground along the plateau margins. Since sampling was conducted in mid-July, seasonal frost was
likely encountered in addition to the permafrost along these margins. However, the relative elevations
and distinctive vegetation create a clear binomial characterization of permafrost presence/absence on
the plateaus. These transects helped describe the boundary conditions between permafrost plateaus
and the surrounding floodplain deposits, which were useful for both parameterization and validation
of the permafrost mapping. For validation, 333 GPS points and thaw-depth measurements were
collected opportunistically along the coast-inland gradient, separate from those collected along the
transects. These validation points were later categorized as binary permafrost/non-permafrost for use
in validating the map products.
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near the Tutakoke River, YKD. The thaw-depth transects (bold numbers) are shown in red, and the
field validation points are shown in blue.
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The transect data were then analyzed by ecotype and elevation. Similar ecotypes were grouped
together to ensure a minimum sample size of at least 10 observations per ecotype. The ecotypes
analyzed included: Lowland Moist Graminoid Shrub Meadow (LMGSM), Lowland Wet Graminoid
Shrub Meadow (LWGSM), Lowland Wet Sedge Meadow (LWSM), Lowland Wet Sedge-Shrub Meadow
(LWSSM), Riverine Moist Graminoid Shrub Meadow (RMGSM), Thermokarst Pits (TP), Water (W),
and Wrack Lines (WL) from previous storm surges. The W class encompassed channels, lakes, and ponds
created by deltaic processes, and the TP class encompassed small ponds on top of the permafrost plateaus
created from permafrost degradation. The average elevation and the percentage of sample points with
permafrost were then calculated for each ecotype. Locations probed where frost was encountered were
also tested for differences in percent frozen ground by ecotype with an Analysis of Variance (ANOVA)
and a Dunnett-modified Tukey-Kramer (DTK) test [31]. Elevations above mean sea level (a.m.s.l.) were
similarly analyzed by ecotype.

2.2. LiDAR Mapping

A LiDAR mission flown between 27 June and 2 July 2009 by Kodiak Mapping, Inc. (Palmer, AK,
USA) was the base dataset used for this mapping [32]. When processing the LiDAR data, only the last
returns were considered to create a DEM with 1 m horizontal resolution and 0.05 m vertical resolution.

The DEM was subsequently adjusted to elevation a.m.s.l. with a three step process that: (1) determined
the mean sea level for the area based on an in situ tide gauge; (2) compared the water level with ground
control networks from 1997 and 2010; and (3) calculated the offset for the 2009 LiDAR DEM. Mean sea level
was calculated from a HOBO Data Logger tide gauge (Onset Computer Corporation; Bourne, MA, USA)
deployed from 28 July 2009 to 30 November 2010. The tide gauge was found to be consistent with most of
the 2010 ground control information, but was ultimately tied to the 1997 control network for consistency
with 15 years of previous analyses and publications [24,29]. The tide-corrected LiDAR elevations were
0.98 m lower than the NGVD88 vertical datum based on the GEOID96 model in which the LiDAR data
were originally processed.

Using the corrected LiDAR dataset, elevations of the permafrost plateau margins were extracted
at the points sampled along the transects in the field. This was performed through photo-interpretation
of the transitions from permafrost plateau to coastal meadows using high-resolution imagery. To map
permafrost extent in the LiDAR swath, a threshold was selected based upon mean elevation of the
boundaries + 1 standard deviation (SD). Other thresholds were considered, but were discarded after
visual interpretation of preliminary results. This threshold was then used to create a binary mask of
areas with permafrost (elevations above the threshold) and areas without permafrost (elevations below
the threshold). This map was subsequently validated using the 333 GPS points collected in the field
that fell within the LiDAR swath (Figure 4).

The relationship between elevation and permafrost occurrence was also analyzed using logistic
regression by assessing whether or not permafrost was encountered at each thaw-depth sample point
along the transects (not just those on the boundaries of the plateaus). Elevations were extracted from
the LiDAR DEM at each thaw-depth sample point and modeled against the presence or absence of
permafrost at each point. The resulting model was used to predict the probability of permafrost
occurrence in 0.1 m elevation bins that spanned all observed elevations. This resulted in a permafrost
probability map that quantifies the uncertainty of whether or not permafrost is present.

Finally, the LiDAR workflow was validated using the 333 field observations. Confusion matrices were
calculated for each mapping threshold in order to quantify mapping accuracies for each threshold [33].
The producer’s accuracy in the confusion matrix is defined as the number of observations mapped
correctly divided by the total number of field observations in that class, and is the converse of the error of
omission. The user’s accuracy is defined as the number of observations mapped correctly divided by
the total number of observations mapped as that class, and is the converse of the error of commission.
k̂, a statistic that describes how well the model performed in relation to what would be expected by
chance, was also calculated for each map.
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2.3. Spectral Integration

To augment the LiDAR analysis, an IKONOS image from 27 August 2007 was incorporated
with the LiDAR data into a Random Trees (RT) classifier. The raw IKONOS Digital Numbers (DNs)
were resampled to match the 1 m LiDAR grid and orientation using a nearest-neighbor resampling
technique. The multispectral IKONOS bands (red, green, blue, and near infrared) were then stacked
with the LiDAR data as input into the RT classification. The RT classifier available in the ArcGIS
software suite [34] is similar to a Random Forest classification method [35], and creates a series of
decision trees based upon random subsets of variables, and classifies the image based on the most
frequent tree output. To compare to the LiDAR methods, the RT classification was trained using the
thaw-depth sample points along the transects, which were buffered by 0.5 m to satisfy the geometry
requirements of the ArcGIS tool. The RT algorithm was capped at the default 50 trees, with each
having a maximum depth of 30 decisions. A separate RT classification was also conducted using the
IKONOS and LiDAR data, but was trained using manually delineated polygons that expanded the
training beyond the inactive and abandoned floodplain deposits, and incorporated a water class (which
was not considered permafrost for validation purposes). These training polygons, selected through
photo-interpretation of the 2007 IKONOS scene, encompassed homogenous areas of water, permafrost,
and non-permafrost sampled across the coast-inland gradient. The second RT classification also used
the default tree number and depth. The integrated classification methods were both validated using
the 333 GPS points collected in the field.

3. Results

3.1. Transect Profiles

A total of 493 thaw depths were measured over 677 m of transect running across the permafrost
plateau margins. In all, 29 distinct transitions from permafrost plateau to coastal meadow were
observed along the transects, 27 of which were within the LiDAR swath. The average elevation of
these boundaries extracted from the LiDAR DEM was 2.3 m a.m.s.l., with a SD of 0.2 m. Minimum
and maximum boundary elevations were 2.0 m and 2.8 m a.m.s.l., respectively.

Frozen ground was encountered at 68.9% of the sample sites (not adjusting for potential seasonal
frost) (Table 1). When analyzed by ecotype, permafrost was rarely encountered in the RMGSM, LWSSM,
and LWGSM ecotypes; and no permafrost was encountered in the Water class (Figure 5). An ANOVA
revealed that there were significant differences in mean thaw depths among the various ecotypes
(α = 0.05; df = 6, n = 333; F = 33.36; p ≤ 0.0001). The subsequent pairwise DTK test found that the
LWSM was statistically different from the LWGSM, the RMGSM, and the TP at a 95% confidence level.

The mean elevation at sample points within the LiDAR swath was 2.43 m a.m.s.l. These elevations
were also analyzed by ecotype (Figure 6). The ANOVA conducted on elevations also found significant
differences among ecotypes (α = 0.05; df = 7, n = 424; F = 23.99; p ≤ 0.0001). The subsequent DTK
test found the LMGSM statistically different from every other ecotype except the TP and the WL;
the RMGSM statistically different from the TP, the LWSSM, and the LWGSM; and the TP statistically
different from the LWSM, the RMGSM, and the LWGSM.

Table 1. Percent of sample sites with frozen ground by ecotype.

Ecotype Acronym n Percent Frozen Ground

Water W 7 0.0%
Lowland Wet Graminoid Sedge Meadow LWGSM 35 5.7%

Lowland Wet Sedge-Shrub Meadow LWSSM 60 10.0%
Riverine Moist Graminoid Shrub Meadow RMGSM 23 21.7%

Lowland Wet Sedge Meadow LWSM 40 40.0%
Thermokarst Pit TP 21 85.7%

Lowland Moist Graminoid Shrub Meadow LMGSM 292 94.9%
Wrack Line WL 15 100.0%

Total 493 68.9%
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whiskers indicate outliers.

Frost thickness measurements (bottom of frost depth–top of frost depth) were collected for 19 of
the sample points (3.9%), which all occurred along the permafrost margins, where frozen ground was
thin enough to break through while probing. The average thickness of frozen ground at these points
was 26.1 cm (15.7 cm SD), with a maximum thickness of 62.0 cm and a minimum thickness of 3.0 cm.
The average depth at the bottom of these frost measurements was 86.6 cm.

Further probing found that permafrost was still present under most shallow ponds and
thermokarst pits on the plateaus (85.7% permafrost occurrence), including those with substantial
cover of recently established wetland plants indicative of advanced stages of thermokarst. Areas with
driftwood and storm wrack along the margins of the plateaus were generally underlain by permafrost
as well. In general, frost depth and vegetation varied predictably by ecotype and elevation (Figure 7).
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was encountered in the top 1.25 m (dashed red line).

3.2. LiDAR Mapping

Several thresholds for the LiDAR mapping method were explored, but the threshold yielding the
highest mapping accuracy was 2.5 m a.m.s.l. (mean + 1 SD) (Figure 8). Validation from the 333 GPS
points within the LiDAR swath showed that the resultant LiDAR map achieved 94.9% total accuracy
in mapping permafrost occurrence (Table 2). The model was 98.9% accurate in mapping areas without
permafrost, but only 80.3% accurate in mapping areas with permafrost. The map had 84% better
agreement than would be expected by chance alone (k̂ = 0.84).
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Figure 8. High-resolution map of permafrost distribution created using the 2.5 m a.m.s.l. (mean + 1 SD)
threshold for the entire 2009 LiDAR swath. The insets show more detail in areas of relative high elevation
(left) and areas of relative low elevation (right). Transitions between the mudflat and active floodplain
deposit (i), and active and inactive floodplain deposits (ii) are also shown.
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Table 2. LiDAR model accuracy for mapping permafrost using the 2.5 m a.m.s.l. (mean + 1 SD)
threshold. Producer’s accuracy is defined as the number of correctly mapped observations in a class
(bolded) divided by the total number of field observations in that class (column total). User’s accuracy
is defined as the number of correctly mapped observations in a class divided by the total number
of observations mapped as that class (row total). Overall accuracy is defined as the sum of correctly
classified observations divided by the total number of observations.

Field Data

Absent Present Row Total User’s Accuracy

Mapped Absent 259 14 273 94.9%
Present 3 57 60 95.0%

Column Total 262 71 333 -
Producer’s accuracy 98.9% 80.3% - -

Overall Accuracy - - - 94.9%

The logistic regression found that elevation was a highly significant indicator of near-surface
permafrost in the region (z = 9.056, p ≤ 0.0001), such that there was a higher likelihood of encountering
near-surface permafrost at high elevations, and lower likelihood of encountering near-surface
permafrost at low elevations. Predicted probability of occurrence was high at elevations greater than
2.5 m a.m.s.l., and low at elevations less than 2 m a.m.s.l. Areas between 2 and 2.5 m a.m.s.l. had a mix
of permafrost and non-permafrost, resulting in probabilities of occurrence ~0.5. These uncertainties and
probabilities are apparent in a logistic regression (Figure 9), as well as spatially when the probabilities
are mapped from the 2009 LiDAR swath (Figure 10). When a 0.90 probability (2.55 m a.m.s.l.) was
selected as a threshold for mapping, the binary map (permafrost/non-permafrost) produced showed
slightly lower accuracy but was still comparable to the 2.5 m a.m.s.l. (mean + 1 SD) threshold (Table 3).
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Figure 9. Probability of near-surface permafrost as predicted by 0.1 m elevation bins. The plus signs
show permafrost observations (1 = permafrost, 0 = non-permafrost) plotted by elevation; permafrost
only occurs at the top of the plot (probability = 1), and absence of permafrost only occurs at the bottom
(probability = 0) because of the binomial nature of sampling.
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Figure 10. Map of the predicted near-surface permafrost probability calculated by 0.1 m elevation
bins for the entire 2009 LiDAR swath. The insets show more detail in areas of relative high elevation
(left) and areas of relative low elevation (right). Transitions between the mudflat and active floodplain
deposit (i), and active and inactive floodplain deposits (ii) are also shown.

Table 3. LiDAR model accuracy based upon 333 GPS points taken in the field for a 0.9 predicted
probability threshold.

Field Data

Absent Present Row Total User’s Accuracy

Mapped Absent 259 15 274 94.5%
Present 3 56 59 94.9%

Column Total 262 71 333 -
Producer’s accuracy 98.9% 78.9% - -

Overall Accuracy - - - 94.6%

3.3. Spectral Integration

When the IKONOS imagery was integrated with the LiDAR data in a RT classification using the
same training and validation as the logistic regression, overall accuracy of the resultant permafrost
map dropped to 89.5%, with only a 73% better agreement than would be expected by chance alone
(k̂ = 0.73) (Table 4).

Table 4. Model accuracy of integrated Regression Tree (RT) classification trained with thaw-depth
sample points along transects (same training as logistic regression).

Field Data

Absent Present Row Total User’s Accuracy

Mapped Absent 229 2 274 99.1%
Present 33 69 59 67.6%

Column Total 262 71 333 -
Producer’s accuracy 87.4% 97.2% - -

Overall Accuracy - - - 89.5%

However, when the RT classification was trained using a more extensive training set created from
visual interpretation of the landscape, the model resulted in a 94.3% overall accuracy, with a 82% better
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agreement than would be expected by chance alone (k̂ = 0.82) (Table 5). The second RT classification
resulted in a landcover map with cleaner boundaries and classes compared to the first RT classification
(Figures 11 and 12).
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along transects (same training as logistic regression). The insets show more detail in areas of relative
high elevation (left) and areas of relative low elevation (right). Transitions between the mudflat and
active floodplain deposit (i), and active and inactive floodplain deposits (ii) are also shown.
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Figure 12. Permafrost map from the integrated RT classification trained with visual interpretation of
the landscape (larger training set than the logistic regression). The insets show more detail in areas of
relative high elevation (left) and areas of relative low elevation (right). Transitions between the mudflat
and active floodplain deposit (i), and active and inactive floodplain deposits (ii) are also shown.
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Table 5. Model accuracy of integrated RT classification trained with visual interpretation of the landscape
(larger training set than the logistic regression).

Field Data

Absent Present Row Total User’s Accuracy

Mapped Absent 258 15 274 94.5%
Present 4 56 59 93.3%

Column Total 262 71 333 -
Producer’s accuracy 98.5% 79.8% - -

Overall Accuracy - - - 94.3%

4. Discussion

4.1. Landscape Characteristics

Because permafrost occurrence was so closely linked to elevated plateaus, the YKD study site is
well suited to mapping permafrost based solely on high resolution elevation datasets (e.g., LiDAR).
Other landscape features, such as river levees and ice-shoved ridges, can also create topography, but are
easily identified based upon other geomorphic and geographic characteristics. This fundamental
relationship between permafrost occurrence and surface elevation explains why high-resolution LiDAR
performed well in mapping permafrost distribution. The average elevation of the plateaus reported
by Jorgenson and Ely [24]—2.84 m a.m.s.l.—is broadly consistent with the elevations we found for
plateau margins (2.5 m a.m.s.l.). Theoretically, the average elevation of permafrost boundaries should
be slightly lower than the average elevation of the plateaus. In this case, the maximum boundary
elevation calculated (2.82 m a.m.s.l.) corresponds well with the mean elevation cited by Jorgenson and
Ely [24].

While our field-based assessments of permafrost occurrence were made using a 1.25 m thaw probe,
it is unlikely that permafrost was present at sample points that lacked frozen ground within 1.25 m of
the surface during our fieldwork in mid-July. The mean depth of the bottom of frost (86.6 cm) also
corroborates the unlikelihood of permafrost deeper than 1.25 m. Previous studies [5,24,29] measured
thaw depths to 2.5 m in the Tutakoke River area, and consistently found no permafrost. It is likely
that seasonal frost was encountered at the margins of the permafrost plateaus during fieldwork,
but the mischaracterization of permafrost/non-permafrost arising from encountering seasonal frost
was unlikely to occur in the center of plateaus because surface elevation and vegetation characteristics
alone offer strong lines of evidence for permafrost occurrence. Furthermore, since thaw probing
occurred at the same time, the relative thermal regimes among ecotypes is preserved, and many
ecotypes did not contain permafrost.

The YKD climate, latitude, physiography, and vegetation cover make local surface elevation an
excellent indicator of permafrost conditions. Other arctic deltas, such as the Lena Delta or the Mackenzie
Delta, lie further north where colder climates result in continuous climate-driven permafrost distribution,
even along the coast [28]. Other areas of sporadic to isolated permafrost found in Interior Alaska and
across the Arctic have similar climates, but landscapes generally are not as flat and do not have interaction
with coastal processes. The relationship between elevation, permafrost, and vegetation (i.e., permafrost
creates topography, which supports distinct vegetation, which in turn protects permafrost) is by no means
unique to the YKD, but makes it possible to identify permafrost with a higher degree of accuracy than is
possible in landscapes with complex topography.

Permafrost identification on the YKD was highly accurate because of the unique topographical
and vegetative characteristics of the plateaus. However, the relative abundance of permafrost on the
delta is also an important factor to consider when mapping. As Panda et al. [36] note, the success
of permafrost mapping is generally “higher when a larger part of the study area is underlain by
permafrost: regardless of the technique used, the accuracy drops as the extent of permafrost becomes
limited.” Because the YKD mostly holds isolated to sporadic permafrost, precisely mapping permafrost
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extent is an inherently difficult task, but important given the vulnerability of the permafrost in the
region to rising air temperatures and coastal flooding.

Where permafrost is present on the delta, it is found at relatively shallow depths. This is due to
the highly insulative properties of vegetation and soils on the plateaus. For example, abundant mosses
and lichens performing this service exemplify the concept of ecosystem-protected permafrost [28,37].
Vegetation cover, such as the Sphagnum peat and lichen present on the plateaus, provides an insulative
layer that has low thermal conductivity in the summer, but higher thermal conductivity in the winter.
This seasonal contrast in thermal conductivity allows for heat exchange from the ground in the winter,
but prevents penetration of heat from the atmosphere in the summer [30]. Soil hydrology also plays
an important role, since non-saturated soils provide better insulation than the wet soils found in the
coastal meadows. On the flat delta, soil moisture is related to elevation, which can be seen in the
mean elevation of each ecotype sampled during fieldwork (Figure 6). The analysis of thaw depths
by ecotype shows that even subtle differences in soil moisture and vegetation type can lead to large
differences in thaw depth. For example, the difference between the mean thaw depth in the LMGSM
and the LWGSM ecotypes was 0.5 m.

The direct and indirect impacts of saltwater flooding contribute to thermo-erosional processes
and can initiate thermokarst [24,25,38]. Thus, the discovery that the shallowest average thaw depths
occurred beneath storm wrack came as a surprise, since wrack lines tend to occur at plateau margins
and were originally assumed to indicate areas at high risk of permafrost degradation. Though some
thaw depths measurements under the WL group likely reflected seasonal frost rather than the
permafrost table (in particular the 0.3 m thaw depth observed), the majority of sample sites under
the WL had hard frozen soil, rather than the more easily penetrated soil indicative of seasonal frost
with relatively high unfrozen water contents. The persistence of the permafrost may be due to the
high albedo of the driftwood and herbaceous litter, which protects the permafrost by reflecting more
solar radiation.

Not only is the permafrost shallow on the YKD, it is also likely thin. Areas of the YKD that
currently have permafrost are relatively young compared to more stable permafrost on the North Slope,
and in Interior Alaska and other colder, continental climatic zones across the pan-Arctic. The dynamic
processes of the Yukon and Kuskokwim Rivers prevent permafrost formation on the landscape due to
lateral movement of river channels and continuous deposition of sediment on active floodplains.

The mouth of the Yukon River flowed south into the Gulf of Alaska during the late Pliocene,
and swung northward to its current location from glacial damming during the Pleistocene [39].
This movement, along with the movement in the Kuskokwim River’s channel, indicates long-term
existence of deltaic sediments in the broader delta region. The modern lobe of the Yukon River, however,
is relatively young, and is estimated to have formed ~2500 years ago, constraining when permafrost in the
region would have formed [40]. Jorgenson and Ely [24] suggest that this permafrost is transient in nature,
and that formation may have started during the Little Ice Age (as late as 250–700 years ago), based on
Dupré’s [40] estimated permafrost thickness of 2–3 m, and Jorgenson and Ely’s [24] estimate of 10 m.

4.2. LiDAR Mapping

The majority of the error from using the 2.5 m a.m.s.l. threshold to map permafrost with LiDAR
came from the relatively low (80.3%) producer’s accuracy of mapping permafrost. The much higher
producer’s accuracy of mapping areas without permafrost (98.9%), shows the threshold did well in
mapping areas without permafrost. Likewise, the high user’s accuracies show that few areas without
permafrost were mapped as permafrost, meaning that overall there were few errors of commission,
and most of the error in the analysis came from omission of permafrost. This likely came from omitting
smaller patches of permafrost on the inactive floodplain deposits (lower in elevation), such as the
low-lying permafrost near Transect 7 (Figure 4), and lower elevations of the abandoned floodplain
deposits. Since this is the type of permafrost that is most vulnerable to disappearing in the near future,
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an argument could be made to select a less conservative threshold (and decrease the user’s accuracy)
in order to capture patches of permafrost at lower elevations.

It should also be noted that the validation points were collected subjectively in the field
(i.e., not systematically, stratified, etc.), so they may not accurately represent the distribution of permafrost
on the landscape. This may have affected the estimates of mapping accuracy. However, the percent of the
landscape described as permafrost from the validation points (21.3%) is similar to other estimates from
the literature [2,5], and not unrealistic of the landscape.

Looking at the LiDAR-derived permafrost probability map, the presence of permafrost is highly
probable at higher elevations and improbable at low elevations, but the mid-elevations have high
uncertainties. These areas of high uncertainty were mostly along the margins of the plateaus, where both
elevation and predicted probability abruptly change. Thus, viewing the probability at a given location in
a spatial context with nearby landscape characteristics could improve map quality and utility for long-term
monitoring. For example, an area that shows an intermediate predicted probability of permafrost, but is
located on an active floodplain, would likely not be permafrost in actuality. More likely, the higher
predicted probability of permafrost in that area is driven by the elevation from a river levee, especially
if it is close to river or tidal gut. Therefore, incorporating ancillary landscape maps into the analysis
may improve mapping efforts. Errors of commission in areas known not to have permafrost could be
reduced by limiting the LiDAR mapping by ecosection or ecodistrict (higher order hierarchical mapping
delineations that Jorgenson [29] defines by geomorphology, soil texture, permafrost, and physiography).
This type of contextual analysis was not explored here, but would be useful for future mapping efforts.
High-resolution soil moisture datasets such as NASA’s Airborne Microwave Observatory of Subcanopy
and Subsurface (AirMOSS) would also be useful in distinguishing relatively moist permafrost plateaus
from drier, sandy levee deposits or wet areas on the landscape that should lack permafrost.

4.3. Spectral Integration

The IKONOS imagery was incorporated into the analysis in an effort to exploit the contrast
in vegetative characteristics between the permafrost plateaus and surrounding coastal meadows.
However, the RT classifications explored did not increase mapping accuracy in comparison to the methods
that used LiDAR data alone. In the case that used the same training as the logistic regression, the overall
mapping accuracy actually decreased moderately (by 5.4%). This was likely because the training data
collected in the field were tailored to the plateau margins in the ambiguous elevations between 2.0 and
2.5 m a.m.s.l. on the inactive and abandoned floodplain deposits, and not with the intention of training
a classification for the whole landscape. Thus, the second RT classification was run with a larger training
dataset created from visual interpretation of the landscape. To reduce the ambiguity among land classes,
the second RT classification also identified water features as a separate class.

The second RT classification performed better than the first RT classification both visually and
statistically. Notably, the first RT classification erroneously identified transitions between floodplain
deposits as having permafrost, as seen by the distinct north-south trending bands in the classified
image (Figure 11i,ii), whereas the second RT classification did not. The second classification also created
smoother and cleaner divisions than the first RT classification. However, the second RT classification
still did not perform better than the LiDAR analysis alone. A possible explanation may be the spectral
resolution of the IKONOS imagery. Though the IKONOS data have a high-spatial resolution, they have
relatively low spectral resolution with only four bands. The nuances between the permafrost plateaus
and the surrounding coastal meadows would be better distinguished from longer spectral wavelengths,
which would identify vegetative differences better than the visible spectrum. Newer sensors such as
WorldView 2 or 3 (eight-band spectral resolution) would likely perform better, but there are no data
contemporary to the 2007 LiDAR that have both high spectral- and spatial-resolution. The integrated
classifications may further be improved by larger forests or deeper trees, which would both increase
processing time. Similarly, classification methods other than the RT classification may increase accuracy,
but were not explored in this paper.
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4.4. Paths for Regional Scale Mapping

Though LiDAR data have been used in multi-temporal studies of permafrost degradation [8,18–20],
we are unaware of previous efforts using LiDAR to map permafrost distribution explicitly. This analysis
shows that, given the right permafrost conditions and landscape characteristics, LiDAR can be used to
map permafrost extent with great precision. Frequently, ground ice in permafrost becomes the main
driver of topography on an otherwise flat landscape, and it is precisely these landscapes in which this
mapping technique works well.

Relatively flat landscapes with ice-rich permafrost can be mapped using elevation as a proxy for
ice accretion and thus permafrost presence [41]. Possibilities include collapse-scar bogs, peat plateaus,
wetland systems with palsas, and coastal plains in warmer parts of the Arctic, where accretion of
ground ice creates identifiable topographic features. Other than the YKD, large parts of western
Siberia, western Canada, northern Sweden, and Interior Alaska have the potential for this type of
elevation-based mapping. This method is particularly useful in regions with sporadic to isolated
permafrost, though its utility tends to decrease with increasing permafrost cover. As the Arctic warms,
LiDAR may also become useful over other arctic deltas that currently have temperatures indicative of
climate-driven permafrost, but may shift to ecosystem-driven or ecosystem-protected thermal regimes
in the future [28].

However, there are limitations to using LiDAR to map permafrost extensively. First and foremost
is finding areas suitable to elevation-based mapping (i.e., very flat landscapes). Here we have shown
LiDAR works on the coastal plain of the YKD, but further inland, topography begins to influence
permafrost mapping. Nevertheless, the YKD coastal plain accounts for approximately 14,600 km2,
or 21.7% of the landscape as mapped by Jorgenson and Roth [5], making this technique applicable to
a relatively large region. Secondly, the cost of LiDAR acquisition and processing may be prohibitive.
Current rates for LiDAR flights are expensive, even assuming a fairly large area covered with low
point density. Furthermore, processing time for DEM creation and geolocation are costly, both in
time and data storage. These drawbacks are both a function of the scale of mapping, which is
an important consideration when using LiDAR. The relatively small spatial extent of this analysis
lent itself well to LiDAR, but expanding the scope to a regional scale is, unfortunately, unrealistic at
present. However, current and planned LiDAR flights will soon expand landscape coverage in the
region by ten times or more [42,43].

Repeat-pass LiDAR over areas that have already been sampled introduces another level of analysis.
One advantage of LiDAR is the ability for 3-dimensional analysis. With repeat-pass LiDAR over the
permafrost plateaus, a volumetric analysis of landscape change is possible, which has a myriad of
applications. Tracking of thermokarst pit development, subsidence of plateaus, improved scaling of
the potential carbon emissions from permafrost thaw, and redistribution of driftwood are a few of the
possibilities that repeat-pass LiDAR offers in addition to tracking lateral movement of the permafrost
plateau margins. Currently, there is increased interest in flying LiDAR on the YKD, especially along
rivers and the coast where many communities face increased risk of flooding.

Other means of creating high-resolution elevation datasets also show promise for mapping
permafrost in the region. Some techniques, such as high-resolution IfSAR (Interferometric-SAR) or
space-borne laser altimeter systems still lack the spatial resolution necessary to provide adequate
mapping, but high resolution Structure-from-Motion (SfM) processing may not share these problems.
Since SfM relies on spectral datasets, collection costs are low compared to LiDAR campaigns. The fact
that SfM processing only creates a digital surface model as opposed to a digital elevation model
(roughly equivalent to the first return of a LiDAR collect, rather than the last return) is mitigated by
the very low structure of the tundra vegetation canopy on the YKD. In other areas where shrub or
tree cover demand elevation rather than surface models, SfM becomes a poor substitute for LiDAR,
but the SfM technique has potential for many arctic tundra landscapes. The stereo-derived surface
models from the recently released ArcticDEM still do not have the vertical resolution needed to map
permafrost plateaus, which may be because the ArcticDEM creates a composite model from many
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scenes [44]. However, SfM or stereo-processing of a single image pair could result in better vertical
resolution, which warrants further research.

4.5. Broader Impacts

This research, though implemented at a small scale, has both regional and global implications.
As the Arctic warms, the stability of the permafrost on the YKD is vulnerable to rising air temperatures.
At the same time, projected increases in storm frequency and intensity coupled with reduced sea-ice
concentrations and snow cover will likely result in increased storm surge severity [45,46]. Because of
the susceptibility of the permafrost to these disturbances, the permafrost plateaus are the vanguard
of landscape change in the region. The permafrost in the region may likely be gone by the end of
the century, and potentially much sooner [10,24]. In this way, geomorphic indicators on the plateaus
reflect the larger scale changes occurring around the Arctic.

Degradation of these plateaus will have lasting impacts on the communities that rely on them.
The permafrost plateaus are a major landscape feature that provide important ecosystem services to
humans and wildlife alike. For instance, berries such as Rubus chamaemorus (cloudberry), R. arcticus
(nagoonberry), and Empetrum nigrum (crowberry) are concentrated on the plateaus and are a staple
in the native diet. The Rubus species, in particular, only grow on the permafrost plateaus, which has
major implications for future subsistence gathering. Bird species of conservation concern, such as the
Bristle-thighed Curlew (Numenius tahitiensis), also rely on berries and use the permafrost plateaus
as crucial habitat [47]. Furthermore, many traditionally used sites and cultural resources are located
on the permafrost plateaus. Burial sites, sod houses, and ancient villages were originally built on
the plateaus because of the drier and higher ground. Today, many YKD communities are observing
subsidence and disappearance of ancient village sites and other cultural resources [23]. Thus, mapping
permafrost extent at high resolution is important to tracking degradation processes, and is important
for local community planning, land management, and conservation of the highly productive wildlife
habitats on the YKD.

Methods explored in this study lay the groundwork for region-wide mapping, and show that
successful permafrost maps can be made using only high-resolution elevation datasets. The success of
these methods is closely linked to the topography created by segregated ice in the soil on an otherwise
flat terrain. These methods can only work given favorable permafrost conditions, and are thus not
universal. However, these techniques are widely applicable to the flat YKD, and can easily be modified
to map sporadic and discontinuous permafrost in other areas where permafrost development produces
topographic breaks in otherwise flat landscapes.

5. Conclusions

This analysis explored a novel approach to mapping permafrost distribution on the YKD in
western Alaska. We have shown that high-resolution LiDAR data, in tandem with field measurements,
is successful in mapping permafrost distribution on the YKD. A simple elevation threshold was
very successful in mapping permafrost extent based upon elevation boundaries of the LMGSM
ecotype observed in the field. This method resulted in 94.9% total accuracy in mapping the landscape,
and an 80.3% producer’s accuracy in mapping permafrost. A probability map of permafrost extent
was also created using a logistic regression based upon thaw-depth transects collected in the field.
Integrating high spatial-resolution IKONOS data in RT classifications did not perform better than using
the LiDAR alone, but were comparable (94.3% overall accuracy) or only slightly worse (89.5% overall
accuracy). Despite these shortcomings, higher spectral-resolution data may increase model accuracy.

The LiDAR workflow is viable for mapping permafrost in the region, and has great promise
for detecting even small-scale changes in the morphology of the plateaus through time with repeat
coverage. Overall, this analysis demonstrates the viability of applying LiDAR and spectral datasets
to mapping high-resolution permafrost distribution on the YKD, where otherwise conventional
permafrost mapping techniques would be insufficient. Conclusions from this study will hopefully
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inform the permafrost mapping community about the viability of LiDAR for mapping permafrost in
certain contexts, as well as provide baseline permafrost maps in an understudied region. These baseline
maps are essential reference datasets for monitoring permafrost and future change on the YKD.
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