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Abstract

Extensive, detailed information on the spatial distribution of active layer thickness (ALT) in
northern Alaska and how it evolves over time could greatly aid efforts to assess the effects of climate
change on the region and also help to quantify greenhouse gas emissions generated due to
permafrost thaw. For this reason, we have been developing high-resolution maps of ALT

throughout northern Alaska. The maps are produced by upscaling from high-resolution swaths of
estimated ALT retrieved from airborne P-band synthetic aperture radar (SAR) images collected for
three different years. The upscaling was accomplished by using hundreds of thousands of randomly
selected samples from the SAR-derived swaths of ALT to train a machine learning regression
algorithm supported by numerous spatial data layers. In order to validate the maps, thousands of
randomly selected samples of SAR-derived ALT were excluded from the training in order to serve
as validation pixels; error performance calculations relative to these samples yielded
root-mean-square errors (RMSEs) of 7.5-9.1 cm, with bias errors of magnitude under 0.1 cm. The
maps were also compared to ALT measurements collected at a number of in situ test sites; error
performance relative to the site measurements yielded RMSEs of approximately 11-12 cm and bias
of 2.7-6.5 cm. These data are being used to investigate regional patterns and underlying physical

controls affecting permafrost degradation in the tundra biome.

1. Introduction

Active layer thickness (ALT) is defined as the annual
maximum thaw depth observed at the end of the
summer [1]. Detailed knowledge of the spatial and
temporal distribution of ALT throughout northern
Alaska is useful to assess the impacts of climate change
in the region, including any increases in greenhouse
gas emissions that might occur as a consequence
of permafrost degradation [2-5]. Many studies have
been conducted in order to collect detailed data on
ALT, sometimes over periods of many years [6-8].
The vastness and inaccessibility of northern Alaska,
however, have so far made it impossible to map ALT

© 2023 The Author(s). Published by IOP Publishing Ltd

and its temporal dynamics over extensive regions by
conventional means.

Current knowledge of the state of ALT in northern
Alaska has relied primarily on extrapolation from dir-
ect in situ ALT measurements made at many scattered
test sites. Although increasing numbers of these sites
are being established, they are necessarily located in
areas that frequently experience severe weather and
their development and maintenance are highly labor-
intensive. The difficulty of assembling and maintain-
ing in situ measurement sites in the face of harsh
and sometimes dangerous conditions of climate and
topography has limited the total number of in situ
sites and also resulted in existing sites tending to
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cluster along more easily accessible arteries such as the
Dalton Highway. Overall, the arrangement of in situ
measurement sites throughout northern Alaska is
thus unavoidably sparse, irregular, and potentially
unrepresentative.

The largest network of in situ ALT measurement
sites is the Circumpolar Active Layer Monitoring
(CALM) network [6, 7, 9-11], which maintains
dozens of long-term ALT measurement sites in north-
ern Alaska. Additional sets of test sites have been
maintained by the U.S. Geological Survey [12-14].
Numerous spot measurements of ALT have also been
collected using metal probing rods and ground penet-
rating radar [8]. Although all of these measurements
are extremely valuable in assessing the condition of
the permafrost at the locations where the measure-
ments are made, attempts to extrapolate from these
point samples over even moderate distances can be
difficult due to the spatial heterogeneity associated
with small scale variations in topography, soil prop-
erties, and vegetative land cover [15]. Studies have
extrapolated ALT by using lidar and high-resolution
normalized difference vegetation index (NDVI) data
to sense and account for this spatial heterogeneity
throughout spans of several kilometers, but not over
extensive regions [16].

In one previous study [17], piecewise linear
regression tree models were applied to produce a
state-wide map of estimated ALT based on numerous
in situ measurements and a large number of spatial
data layers, but only as a single snapshot and sub-
ject to the uncertain spatial extensibility of in situ
measurements.

Another approach capable of estimating ALT uses
spaceborne interferometric synthetic aperture radar
(InSAR) to sense surface deformations indicative
of permafrost thaw [18-20]. This approach yields
swaths of estimated relative surface deformation, but
independent information is needed to obtain values
of absolute surface deformation, and the relationship
between absolute surface deformation and ALT is not
unique. The ability to produce reliable estimates of
ALT using this technique can be negatively affected by
radar phase decorrelation and surface erosion; vari-
ations in soil properties throughout the active layer
can result in biased estimates of ALT [20].

Model-based methods have been used to develop
broader-based maps of ALT throughout Alaska. In
one carefully validated technique, soil process models
were developed with inputs from field observations
and several different types of satellite-based optical
sensing inputs [21]. This model-based approach was
used to successfully produce low resolution (~1km)
estimates of ALT for the entire state of Alaska, but it is
less able to capture the effects of small regional vari-
ations in ALT.

Given the limitations of existing approaches for
mapping ALT over broad regions, exploring new
methods for developing regional maps of ALT based
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on in situ and remote sensing measurements would be
beneficial. We therefore seek to develop a new tech-
nique for forming large-scale maps of ALT in north-
ern Alaska capable of delineating local (30 m) scale
spatial variations in ALT at regular time intervals.

In pursuit of this goal, we attempt to test the fol-
lowing hypothesis:

Swaths of estimated ALT derived from low
frequency (P-band) airborne polarimetric SAR
(PolSAR) can be upscaled over extensive regions of
northern Alaska to produce large-scale maps of ALT
of sufficient spatial resolution, temporal frequency,
and accuracy to yield useful insights into the spa-
tial and temporal dynamics of ALT throughout these
regions. This is done through the use of machine
learning with the support of numerous ancillary data
layers known to be related to ALT. We believe this
approach to be more flexible than reliance on a fixed
collection of relatively small and difficult-to-service
measurement sites. SAR flights can be directed to sur-
vey regions of interest more easily than constructing
in situ measurement sites throughout those regions,
and airborne SAR swaths can sense ground and sub-
surface conditions over far broader areas than is pos-
sible at any in sifu measurement site.

To test this hypothesis, we extrapolate from long,
narrow swaths of POISAR-derived ALT that are collec-
ted and processed in an extensive airborne campaign
called the Arctic-Boreal Vulnerability Experiment
(ABoVE). ABoVE is a coordinated multi-disciplinary
research effort studying the dynamics of perma-
frost in Alaska and western Canada. As described in
[22], it is designed ‘to address the overarching sci-
ence question: How vulnerable or resilient are eco-
systems and society to environmental change in the
Arctic and boreal region (ABR) of western North
America?’

Extrapolation is achieved by drawing pools of
randomly selected samples from the PolSAR-derived
ALT swaths to train a regression expressing ALT
in terms of a large set of spatial data layers. The
trained regression is then applied throughout north-
ern Alaska to produce high-resolution (30 m) maps
of upscaled ALT in the ABoVE projection (i.e. a par-
ticular variant of Canada Albers Conical Equal Area
projection) for study years 2014, 2015, and 2017. The
resulting maps offer new insights into the vulnerab-
ility and resilience of Arctic and boreal ecosystems
to environmental change in western North America,
thereby helping to address a key science objective of
the ABoVE [23].

In the remainder of this paper, section 2 describes
the PoISAR imagery that provides the method’s
primary data source. Section 3 presents our upscaling
technique, while section 4 presents results obtained
using the new method. Section 5 addresses outstand-
ing limitations of the technique and other issues, fol-
lowed by section 6 that summarizes the results of the
study.
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2. Primary data source

The regression used in this method is trained based
on samples taken from swaths of estimated ALT
that are formed by processing swaths of P-band
(430 MHz, ~70cm) PolSAR imagery. The source
PolSAR imagery was collected during numerous
flights over 12 tracks within our North Alaska study
area, which consisted of the portion of Alaska north
of 64° latitude. The flights were conducted as part of
the Airborne Microwave Observatory of Subcanopy
and Subsurface (AirMOSS) NASA Interdisciplinary
Science program (2014 and 2015) and the ABoVE
program Foundational Flights (2017), programs that
have supported multiple aircraft deploying a vari-
ety of airborne sensors, including both P-band and
L-band polarimetric SARs. The trajectories of the
PolSAR tracks have been chosen to span landscape
environmental gradients and a diversity of permafrost
conditions and ALT levels, resulting in a data source
far more broadly representative than scattered in situ
test sites [1, 24].

P-band frequencies, in particular, are chosen for
their ability to penetrate through low to moder-
ate vegetation and topsoil to sense the depth to the
permafrost. As described in [22], polarimetric SARs
operating at P-band are sensitive to the geometrical
and material properties of vegetation, surface proper-
ties, and sub-surface soil/permafrost profiles. The use
of P-band provides enhanced sensitivity to the root
zone (10-40 cm) portions of the sub-surface profile
[25, 26], with sensing depths of as much as 65 cm pos-
sible under some circumstances. Although this is deep
enough to reach the permafrost table in most loca-
tions in northern Alaska, it is too shallow to reach
the permafrost in many areas south of the Brooks
Range.

The SAR flight lines used in this study are shown
in figure 1 as gray strips. Most of the flight paths
are located within the continuous permafrost zone,
where the aboveground vegetation, consisting mainly
of dwarf shrub and tussock/sedge/moss tundra, has
little effect on P-band radar backscatter [25]. The
flight paths cover a diverse array of land cover, topo-
graphy, soil properties, vegetation, and climate condi-
tions (within the confines of what the region offers),
as has been confirmed through histograms of data
layer values within the flight paths. Each swath of
PolSAR imagery collected is typically about 7-12 km
wide and 100 or more km long and contains lay-
ers for all four polarizations of backscatter signal.
Additionally, each flight path was flown twice in each
of 3years (2014, 2015, and 2017): once in mid-to-
late August and once in early October. This was done
in order to construct a two-element time-series, with
the August element generally capturing conditions
of maximum thaw (in some regions maximum thaw
occurs in early-mid September), and the October
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Figure 1. PolSAR flight lines for 2017 over northern Alaska,
shown as gray strips overlaid on NLCD landcover [27]. The
flight line names (shown in red) are as listed in table 1 of
[24].

element capturing conditions of partial freezing.
Additional details on the PolSAR data collection cam-
paign are provided in the supplementary materials;
the campaign is described more fully in [22].

SAR inversion processing was applied to each
PoISAR swath to retrieve estimated ALT as well as the
soil moisture profile and other soil properties [24].
Boxplots showing the range of PolSAR-derived ALT
values for various landcover types are shown for 2014
and 2015 in figure 19 of [1]. Plots (a) and (b) in
that figure show substantial variations in the range
of ALT values between the different landcover types.
Herbaceous wetlands and barren areas exhibit higher
values of retrieved ALT (as much as 55 cm) and relat-
ively less uncertainty, whereas sedge and scrub/shrub
locations have lower values of retrieved ALT with a
slightly broader range of uncertainty.

The SAR inversion algorithm is described in
detail in [1], with a very brief summary provided in
section 2.1 below.

2.1. SAR inversion processing for retrieving ALT
and other soil properties from PolSAR

The central component of the method consists of
a forward model of radar backscattering from arc-
tic soil defined in terms of the soil’s physical and
electrical properties, and the transmitting radar’s
signal and geometric parameters. Only horizontal
(HH) and vertical (VV) co-polarized radar backscat-
ter components were modeled; cross-polarized backs-
catter signals were not used because the calibration
accuracy of the cross-polarized radar backscatter was
uncertain.

The forward model incorporates a three-layer soil
dielectric model ([1], figure 3) including Layer 1: a
surface active layer, Layer 2: a subsurface active layer,
and Layer 3: the permafrost layer. Layer 1 is assumed
to be fully thawed in August but frozen in October;
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Layer 2 is assumed to be fully thawed and satur-
ated with water throughout the time series; Layer
3 is permanently frozen. The total depth to perma-
frost (i.e. the total thickness of Layers 1 and 2) is
assumed constant for the duration of the time series,
because the upward freezing front extending from the
upper permafrost layer has been found to be gen-
erally stable between late August and early October
[26]. because Layer 2 is fully saturated, its water con-
tent, and so dielectric constant, depends solely on the
soil porosity, which is constant. because Layer 3 is
permanently frozen, its dielectric constant is a small
known constant. Thus seven independent variables
drive the forward model: Layer 1 dielectric constant
and depth for August and October, Layer 2 dielec-
tric constant and depth, and surface soil roughness.
Based on these variables, the forward model calcu-
lates HH and VV radar backscatter for August and
October.

The forward model is incorporated into an inver-
sion technique [1] that estimates six independent
variables, i.e. all but Layer 2 depth, through iter-
ative use of simulated annealing optimization to
minimize differences between the forward-model’s
radar backscatter predictions and the radar backs-
catter measurements for August and October. The
remaining independent variable, Layer 2 depth,
that is, ALT, is then found through an innovative
process [1], the largest possible depth-assisted time-
series approach, that resolves ambiguities to yield a
final estimate of ALT. This inversion processing was
applied to each pixel in the PolSAR swath, result-
ing in extensive and representative swaths of estim-
ated ALT at 30 m resolution from which thou-
sands of training and validation ALT samples can be
extracted.

As noted in [1], the retrieved ALT values are gen-
erally underestimated for the sites where the in situ
AIT is larger than the P-band sensing depth, with a
retrieval bias ranging from —0.05m to —0.24m as
validated against the in situ ALT measurements collec-
ted at CALM sites. For the sites where the in situ ALT is
smaller than 0.55 m, the retrieval errors are generally
less than 0.1 m.

The mean ALT uncertainty of the PolSAR-derived
swaths for the 3 years ranges from 11.4 to 12.1 cm; the
root-mean-square error (RMSE) relative to CALM
sites lying within the PolSAR swaths for the 3 years
ranges from 11.9 to 14.2 cm (if the largest few CALM
ALTs that are larger than approximately 65 cm,
and beyond the sensing depth of P-band PolSAR,
are dropped, the range of RMSEs becomes 11.2—
13.0 cm). Understanding the errors and uncertain-
ties associated with the PolSAR ALT retrievals is of
key importance for this study as the retrievals are
used to train and evaluate our upscaling algorithm.
Therefore, it is expected that any errors associated
with our results will be similar to those in the POISAR-
based retrievals.

J Whitcomb et al

Collect and separate pixels from PolSAR
swaths into training pool/validation pool

Use stratified sampling to select PolSAR training pixels,
validation pixels

Extract data layer values for training sample locations to
form a set of training samples (X)
Run Random Forests to construct RF regression model to
predict ALT based on X
Apply RF regression model to estimate ALT for all pixels
within region of interest to form trial map of predicted ALT

Completed
all trial runs?

no

Calculate average of

trial maps across all

trials, overall error
statistics

|

Figure 2. Block diagram of processing used to generate
maps of RF-estimated ALT.

3. Methodology

The upscaling technique proposed in this paper for
producing large scale maps of ALT from swaths of
PolSAR-derived ALT is based on a technique ori-
ginally developed in [28] to upscale soil moisture
from sets of individual in situ measurements to field
scale maps of soil moisture. The method relies on
repeated runs of the Random Forests (RF) ensemble
decision tree algorithm [29]. Random Forests was
selected as the core machine learning tool in our
method because it is capable of efficiently delivering
highly accurate results compared to other machine
learning algorithms even for very large datasets [30],
and has exhibited good results with similar problems
previously [31]. As noted in [32], it is well suited to
estimation and mapping applications such as this one,
easily handles a large number of input variables, and
does not require the specification of a large number of
input parameters as do some other algorithms such as
support vector machines.

3.1. Overall regression approach
In each regression run, RF is used to construct a
regression model expressing ALT as a nonlinear func-
tion of 36 or more independent spatial variables or
model predictors.

A block diagram of the regression algorithm is
shown in figure 2. Details of the processing are
provided in the supplementary materials.

3.2. Independent variable spatial data layers
Independent variables for the regression were selec-
ted to represent vegetation, topographic features, and
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microclimatic features affecting ALT development
[33—40]. They are taken from publicly available spa-
tial datasets that offer coverage for our entire north-
ern Alaska region of interest. They include National
Land Cover Dataset (NLCD) land cover; elevation,
slope, aspect, and potential incident radiation; soil
organic carbon (SOC), bulk density, clay fraction
and sand fraction; thaw degree days (TDD) and (for
some runs) freeze degree days (FDD); (for some
runs) mean seasonal temperatures; summer monthly
NDVI; and proximity to water. Details on these data
layers used in the regression are provided in the sup-
plementary materials.

ALT can also be substantially affected by sur-
face water balance. Surface water balance (the ratio
of evapotranspiration to precipitation, ET/P) is con-
trolled by such climate factors as the fraction of pre-
cipitation falling as snow (e.g. a higher fraction of
snow reduces ET/P) and by vegetation [41]. The cli-
mate effects are captured through our use of August
and October TDD (in some cases augmented by
August and October FDD as well as winter and
spring mean seasonal temperatures), which are calcu-
lated from daily temperature data, whereas vegetation
effects are accounted for through our use of NLCD
land cover and 4 months of NDVL

3.3. Validation approach

During the course of each RF regression trial run,
Random Forests calculates a ranking of the relative
importance of the various spatial variable data lay-
ers indicating which data layers it relied on most
heavily in generating regression results. The ranking
offers insight into which characteristics most affect
the estimation of ALT. Layer importances (i.e. based
on Random Forests’s Gini impurity index values)
were averaged across all trial runs used to obtain each
final map of RF-estimated ALT.

The initial accuracy assessment for the final maps
of RF-estimated ALT for each year was based on
validation pixels collected across all #,y, trial runs.
It consisted of comparing the PolSAR-derived value
of ALT at each validation pixel location to the RF-
estimated value of ALT in the final map at that loc-
ation. The results of the comparison were quantified
in error performance statistics including RMSE, bias,
and unbiased RMSE (ubRMSE) as follows:

RMSE,, = \/l\lf, Z (zre (i) — zea (i))* (1)

biasy, = Ni Z (2zre (1) — zya1 (7)) (2)

i
1

UbRMSE,q = \/ (RMSE,q1)* — (bias,a)®  (3)
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in which z,, (i) is the value of the ith validation pixel
and zgg(i) is the value of the pixel at that same loca-
tion in the final map of RF-estimated ALT. The com-
putation was repeated for all 3 years considered in the
study.

To provide an independent accuracy assessment
of the maps for each year, CALM site in situ ALT
measurement values were compared to RF-estimated
values at the site level using error statistics analog-
ous to those just described. The processing and use
of CALM site measurements in the validation of our
RF-predicted maps of ALT is discussed in the supple-
mentary materials.

The maps were also compared to a small number
of individual ALT samples provided by researchers in
the field [12—-14].

Finally, maps of RF-estimated ALT for 2014 were
compared to an Alaska-wide map of estimated ALT
provided in Pastick et al [17] (hereafter referred to as
the ‘Pastick map’). The Pastick map incorporated data
from multiple years up to 2013, rather than address-
ing a specific year. The Pastick map was developed
based on a piecewise linear regression to upscale
from in situ ALT measurements using spatial data
layers including topographic, land cover, Landsat
imagery, Landsat-derived indices, and climate
variables.

Other measures used to assess the characterist-
ics of the RF-estimated ALT values produced by this
method include boxplots and histograms.

4, Results

4.1. Maps of RF-predicted ALT
Final maps of RF-estimated ALT are shown in figure 3.

As the maps show, the pattern in RF-predicted
ALT is generally shallower on the Alaskan North Slope
and deeper in more southerly locations, including
patches in and near the Seward Peninsula and a swath
over the Brooks Range. Temporal variations in RF-
predicted ALT are also evident; throughout the North
Alaska coverage area, RF-predicted ALTs increase
between 2014 and 2015, then decrease between 2015
and 2017. On the North Slope, this results in an over-
all drop in mean estimated ALT of about 0.4 cm; in
the more southerly locations, where the decrease is
much smaller, it results in an overall increase in mean
estimated ALT of about 1.3 cm. These variations in
RF-predicted ALT are consistent with changes that
can be observed in histogram plots of August TDD
for the two regions, as shown in the supplementary
materials.

A small pattern of seemingly deep estimated ALT
near Prudhoe Bay and the Sag River delta appears
to have become slightly less prominent, although in
very-near coastal regions such as this there are con-
cerns about the possibility of estimation errors res-
ulting from the effects of seawater intrusion, a factor
that was not explicitly included when developing
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Figure 3. Maps of RF-estimated ALT for 2014, 2015, and 2017.
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Figure 4. The (a) mean and (b) standard deviation of RF-estimated ALT across 2014, 2015, and 2017.

the retrieval algorithm that formed our swaths of
PolSAR-derived ALT (based on the simulation res-
ults in figure 4(b) of [1], for example, the retrieval
algorithm sets the ratio of imaginary to real parts of
the complex dielectric constant to 0.15, an assump-
tion that may be less reliable in the presence of
seawater).

The mean and (unbiased) standard deviation of
RE-predicted ALT calculated across all 3 years in the
study period are shown in figure 4. The map of mean
RF-predicted ALT shows that the deepest predicted
values occur near Prudhoe Bay and the Sag River
delta, in patches on and near the Seward Peninsula,
and in a swath over the Brooks Range. The average
value of RF-predicted ALT across all valid pixels in
the 3 year mean map is 44.4 cm. The map of stand-
ard deviations of RF-predicted ALT indicates that the
greatest inter-annual variability exists on the North
Slope between Barrow and Deadhorse as well as on
and near the Seward Peninsula.

4.2. Importance of data layers in the generation of
RF results

The relative importances of the various predictor
variable data layers listed in table 2 of the supplement-
ary materials to the results of each Random Forests
run are automatically calculated based on the run’s
Gini impurity index values. The importances are then
averaged across 10 trial runs for 2014, 2015, and 2017,
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and plotted in figure 5. Only the 12 most import-
ant layers for each year are shown. As the plot indic-
ates, the relative order and importance of the pre-
dictors are largely consistent across the three different
years. The most important layers affecting estimated
ALT were SOC, particularly from the second horizon
(denoted as Carbon2 in figure 5 at 5-15cm depth
[42]), slope, and elevation. Further discussion of the
data layer importances is provided in the supplement-
ary materials.

4.3. Accuracy of upscaling relative to
PolSAR-derived ALT pixels
Error performance statistics for the final RF-
estimated maps of ALT relative to set-aside PolSAR-
derived validation samples are shown in the left-hand
columns of table 1. As the table shows, RMSE values
relative to these samples run from approximately 7.5
to 9.1 cm. These values constitute about 20% of the
overall 25-65 cm range of measurable ALT values.
Additionally, to provide a better sense as to
whether our results are overfitted, error statistics
relative to the PolSAR-derived training data pixels
are shown in the right-hand columns of table 1.
Perhaps expectedly, the error performance relative
to the training pixels is similar to, but slightly bet-
ter than, that relative to the validation samples. This
confirms that Random Forests is not overfitting the
data.
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Figure 5. The relative importances of the various predictor
variable data layers in generating the results of RF runs for
2014 (green), 2015 (red), and 2017 (blue). The data layers
used in the study are as listed in table 2 of the
supplementary materials. Integer suffixes for the various
soil properties layers denote horizon number; for example,
Carbon2 denotes the SOC for horizon 2 (i.e. 5-15cm
depth).

4.4. Accuracy of upscaling relative to CALM in situ

measurements

CALM in situ measurement locations and plots
of RF-predicted ALT versus CALM-measured ALT
are shown in figure 6. The standard deviation of
each site’s CALM measurements, calculated across all
in situ measurement locations included in the site
mask, is shown as horizontal error bars. The error
range of each site’s RF-estimated value of ALT, cal-
culated as the RMS combination of uncertainty in
PolSAR-derived ALT swath values and standard devi-
ation of RF-estimated ALT values within the site
mask, is shown as vertical error bars. The latter are
only included, however, for the case of CALM sites
overlying a swath of PolSAR-derived ALT, because
the uncertainty in PolSAR-derived ALT swath val-
ues is only available within the swaths. These bars
are included to offer the reader a general sense for
how large the overall errors tend to run. For compar-
ison, the figure also includes plots of PoISAR-derived
ALT relative to CALM-measured ALT for CALM sites
overlying a swath.

For the case of CALM sites lying within a swath
of PolSAR-derived ALT, figures 6(b) through (d) can
be compared to figures 6(e) through (g) to show that
the values of RF-predicted ALT for each CALM site
are generally similar to the corresponding values of
PolSAR-derived ALT, and within a range of uncer-
tainty dominated by that of the PolSAR-derived ALT.
The error statistics for the RF-predicted cases are
slightly improved relative to those of the PolSAR-
derived cases. Although all six plots exhibit signific-
ant negative biases relative to the CALM measure-
ments, the higher RF-predicted results show some-
what of an upward trend with increasing CALM
values.

J Whitcomb et al

Table 2 presents summary error performance stat-
istics for the final RF-estimated maps of ALT relative
to the in situ measurements of at least 23 CALM sites.

Values of RF-estimated ALT at the CALM sites
exhibit RMS errors relative to the CALM in situ meas-
urements that are comparable to the uncertainties
of the ALT values in the PolSAR-derived swaths. A
strong negative bias relative to the in situ CALM
measurements is also evident in table 2. These may
have been enlarged somewhat by the fact that in situ
ALT measurements at three CALM sites (Deadhorse,
Franklin Bluff, and Council Grid) are at or beyond
the range of ALTs capable of being sensed through
inversion of P-band PolSAR (these sites are visible
as the three rightmost points in figure 6 parts (c),
(d), (f), and (g)). Even for these very large values
of CALM-measured ALT, however, the plots show
that the corresponding values of RF-predicted ALT
trend upwards as the value of CALM-measured ALT
increases.

Boxplots comparing the range of CALM-
measured values to the range of RF-estimated ALT
values at the CALM sites within our northern Alaska
coverage region are shown in figure 7. As expected,
the plots show that RF-predicted maps are unable to
capture the upper range of values measured at the
CALM site locations, which is a problem stemming
from the PolSAR-derived ALT.

Although the year-over-year changes in both
CALM-measured and RF-predicted ALT are small,
it can be seen that the median value of the CALM-
measured ALT increases for every year included in
the study, whereas the median value of RE-predicted
ALT dips slightly in 2015, then rises to its largest
value in 2017. In this regard, the RF-predicted results
diverge from the CALM measurement results within
the limited 3 year sampling period of this study. The
inter-annual variations are small, however, and our
CALM data, collected at only a few dozen irregularly-
dispersed sites, may not be entirely representative of
temporal trends throughout the North Alaska cover-
age region that factor into the formation of the RF-
predicted maps.

Averaged over all included CALM sites for the
3 years of the study, the mean CALM-measured ALT,
at about 51.1 cm, was about 4.8 cm deeper than the
mean RF-predicted ALT.

Our maps of RF-estimated ALT were also com-
pared to independent ALT measurements provided
by researchers in the field [12—14]. Most of the inde-
pendent ALT measurements were in the southern-
most forested reaches of the coverage area and thus
were either in areas where the RF-estimated ALT
maps are masked out or were found to exceed 65 cm,
i.e. outside of the scope of the study defined from the
characteristic P-band sensing depth. Only five inde-
pendent measurements for 2015 were found to be
usable. When those were compared to values taken
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Table 1. Error performance statistics for RF-estimated maps of ALT relative to PolSAR-derived ALT samples. Error statistics in the
left-hand columns are relative to the PolSAR-derived validation samples; error statistics in the right-hand columns are relative to the

PolSAR-derived training samples. All values are in centimeters.

Year Relative to Validation Relative to Training

RMSE Bias ubRMSE RMSE Bias ubRMSE
2014 7.45 —0.01 7.45 7.27 0.0 7.27
2015 8.50 —0.04 8.50 8.35 0.0 8.35
2017 9.12 —0.03 9.12 9.01 0.0 9.01

sites (red plus signs). Subplots (b), (c), and (d): RF-predicted ALT
respectively. Horizontal error bars indicate the standard deviation

CALM-measured ALT for 2014, 2015 and 2017, respectively.
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Figure 6. Plots of RF-predicted ALT relative to CALM in situ measured ALT. Map (a): locations of CALM in situ measurement

bars (only calculated for CALM sites over PolSAR swaths) indicate an RMS combination of the uncertainty of the PoISAR pixels
and the standard deviation of the RF-predicted pixels within the site mask. Subplots (e), (f), and (g): PolSAR-derived ALT versus

versus CALM measured ALT for 2014, 2015, and 2017,
of CALM measurements within the site mask. Vertical error

Table 2. Error performance statistics for RF-estimated maps of
ALT relative to in situ measurements collected at 23 CALM sites.
All values are in centimeters.

Year RMSE Bias ubRMSE
2014 11.82 —2.71 11.51
2015 11.39 —5.16 10.16
2017 12.07 —6.51 10.17

from the 2015 RF-predicted ALT map for the same
locations, the mean measurement value was found to
exceed the mean RF-predicted value by 9.2 cm.

4.5. Histograms of ALT values throughout the
North Alaska study area
Histograms of RF-estimated ALT throughout the
study region are shown in figure 8.

The histograms for both 2015 and 2017 exhibit
a bulge on the high end of the distribution indic-
ating that these years each had stronger representa-
tion for deeper ALT values than 2014. The plots for
2017 show greater representation of shallow ALT val-
ues and deep ALT values, with a slight dip in the dis-
tribution of mid-range ALT values. Comparing this
distribution to the spatial pattern of ALT seen in
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Figure 7. Boxplots showing the range of CALM-measured values taken within our northern Alaska coverage region compared to
the range of RF-predicted values taken at the same CALM site locations. Each boxplot extends from the Q1 to Q3 quartile values
of the data, with a line at the median. The whiskers extend from the edges of the box to show the range of the data, but no further

than 1.5 % (Q3 — Q1) from the edges of the box [43].

Probability Density Function
)
o
&
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Year Max Mean Median Min Mode Stddev
2014 60.89 43.71 43.45 2877 44.33 3.40
2015 63.52 44.90 44.45 27.88 44.45 3.94
2017 63.52 44.61 44.07 29.64 41.02 4.15

Figure 8. Histograms of RF predicted ALT for 2014, 2015,
and 2017.

figure 3, it seems plausible that the peak at the lower
end of the distribution is a consequence of the extens-
ive areas of relatively shallow values of ALT seen on
the North Slope in 2017, whereas the peak at the
upper end of the distribution reflects the deeper val-
ues of ALT seen over the Brooks Range and in patches
on and near the Seward Peninsula. Overall, the dis-
tribution of RF-predicted ALT seems to have shif-
ted towards deeper values between 2014 and 2015,
then partially retreated between 2015 and 2017. This
is consistent with thermal variations apparent in
histograms of TDD and mean seasonal temperat-
ure, which show TDD/temperature running low in
2014, then much higher in 2015, then backing off
slightly in 2017. Histograms of TDD and mean sea-
sonal temperature are included in the supplementary
materials.

The effect of the Brooks Range on the overall stat-
istics of our RF-predicted ALT is discussed in the sup-
plementary materials.

4.6. Comparison with Pastick map of estimated
ALT

Our maps of RF-estimated ALT were also compared
to a pre-existing map of ALT in Alaska, namely, the
map of ALT presented as figure 3(c) in [17] (referred
to as the ‘Pastick map.). This map was based on
inventory data collected up to 2013. The portion
of the map overlapping our coverage area is shown
in figure 9(a), but with the color mapping set to
match that used to present our RF-predicted results.
Numerous pixels in the Pastick map are assigned a
value of 101, which denotes a value of ALT greater
than 1 m. A probability density function histogram
for the Pastick map is shown in figure 9(b). The range
of the plot does not extend to 101 so as to not dis-
tort the vertical scale of the distribution; water and
forested areas are excluded such that the histogram
only represents pixels containing valid data in the RF-
predicted maps. A histogram for the RF-predicted
ALT from 2014 (i.e. the closest year to when the
Pastick map data were collected) is also included in
the plot for comparison.

The geographic patterns of ALT in the Pastick
map are similar to those in the 2014 RF-predicted
map, with both maps similarly affected by, particu-
larly, topographic spatial variations, in most places.
However, the Pastick map predicts values of ALT to
be deeper than those in the RF-predicted maps in and
south of the Brooks Range. There are also many places
where the Pastick map shows shallower ALT values
than those of the RF-predicted map. The histogram
of the Pastick map also displays a broader distribu-
tion than that of the RF-predicted ALT map, which
is to be expected because the predicted ALT range
of the RF product is set by the P-band radar sensing
depth [1].

A plot of Pastick-estimated ALT versus CALM-
measured ALT is presented in the supplementary
materials.
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Figure 9. Pastick-predicted ALT. (a) Map of ALT presented in Pastick et al [17] but shown with the same color scale applied as that
used for our RF-predicted map results. (b) Probability density function histograms for the Pastick map of ALT (with water and
forested areas excluded) and the RF-predicted map of ALT for 2014.
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Figure 10. Differences between RF-predicted ALT for 2014 and Pastick-predicted ALT. (a) Map of the difference between our
RF-predicted ALT and Pastick-predicted ALT (values exceeding 65 cm excluded, all excluded or masked pixels shown as black),
and (b) histogram of values in the map of differences between RF-predicted ALT and Pastick-predicted ALT, with mean and

standard deviation (stdv) given in the upper right.

A difference map was generated between our RF-
predicted map for 2014 (closest year to data in the
Pastick map) and the Pastick map, as is shown in
figure 10(a). Pixels with values of ALT exceeding
65cm were eliminated from the Pastick map prior
to forming a difference raster because those values
are beyond the range of ALTs that can be measured
using PolSAR (and thus beyond the range of values
in our RF-predicted maps). The resulting difference
map and a histogram of the ALT difference values
from the map are shown in figures 10(a) and (b),
respectively.

The difference map shows differences in the range
of +/—25 cm between the Pastick and RF-predicted
maps, as well as numerous gaps south of the Brooks
Range resulting from the decision to exclude pixels
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for which the Pastick map value exceeds 65 cm. This
is expected because the process used to develop the
RF-predicted map is substantially different from that
used to develop the Pastick map. The RF maps
were trained based on swaths of PolSAR-derived
ALT rather than in situ ALT measurements, and our
decision tree regression approach differed from that
implemented in [17]. Additionally, the RF map was
calculated based on a different set of independent
variable data layers from those used to produce the
Pastick map. This may partly reflect the fact that
the Pastick map and our maps sought to realize
different goals, with [17] developing a single state-
wide map of ALT based on data collected over mul-
tiple years up to the time of that study, whereas we
sought to develop a method for spatially extrapolating
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airborne SAR-based ALT retrievals over northern
Alaska independently for each year included in our
study. The Pastick map relied on late-season Landsat
images, four Landsat-derived vegetation index lay-
ers, six infrared Landsat-derived index layers, and
seven decadal average seasonal and annual weather
variables based on climate data from the Scenarios
Network for Alaska and Arctic Planning (SNAP).
TDD and FDD thermal layers, monthly NDVI lay-
ers, soil data layers, and proximity to water were
not used in [17]. Also, the land cover types masked
out of the RF-predicted maps (i.e. open water and
forested areas) differ from those masked out of the
Pastick map (open water, barren land, perennial ice/s-
now, cultivated, and developed land covers, all per the
NLCD).

Statistics accompanying the histogram of the dif-
ference map indicate a standard deviation of almost
11 cm around a mean of about —3.8 cm.

5. Discussion

5.1. Choice of data layers
Some considerations involved in our selection of data
layers to include in the regression are discussed in the
supplementary materials.

5.2. Observations from maps of RF-estimated ALT
One experiment carried out was evaluating the RF
regression model trained based on PolSAR data col-
lected in 2015 to generate RF-predicted results for all
three study years. This was done in order to determine
how much year-to-year differences in PolSAR flight
trajectories might be contributing to the apparent
temporal variations in RF-estimated ALT. The result-
ing sequence of maps did not exhibit a clear temporal
trend.

In some locations, the maps can highlight the
effect on ALT of local spatial variations in certain data
layers. In one example of this on the North Slope,
low elevation areas of mixed sedge and emergent wet-
land near Barrow have shallower RF-estimated ALTs,
while similar areas near Deadhorse have deeper RF-
predicted ALTS, as can be seen in figure 11.

Although the difference in ALTs may be partly
explained by the fact that Barrow is about 1 degree
of latitude farther north than Deadhorse, the differ-
ence in mean annual temperature between the two
sites is small (<1 °C). Nonetheless, the wide river-
/drainage corridors around Deadhorse exhibit sub-
stantially larger values of ALT than those in the rel-
atively flat Barrow area. The boxplots in figure 11(c)
show the dependence of ALT on slope, with ALT
becoming shallower with increasing slope for lower
values of slope and deeper with increasing slope
for higher values of slope. A contributing factor to
the behavior for higher values of slope may be the
fact that the Deadhorse corridors are surrounded by
slightly steeper areas, which may channel subsurface
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water flow towards them thereby resulting in greater
groundwater flow and less freezing; this effect may be
minimal for lower values of slope.

ALT could also be influenced by differences in the
characteristics of surficial deposits (e.g. young mar-
ine [peat, pebbly silty sand] versus old fluvial depos-
its [peat, silt, sand, gravel]), differences that could be
reflected in the organic carbon and sand data lay-
ers. Boxplots for the fraction of organic carbon in
the second (i.e. 5-15 cm depth) horizon, figure 11(d),
show Barrow with higher overall values of organic
carbon than Deadhorse. Also, the plots for both sites
exhibit a distinct negative dependence of ALT on
organic carbon, although the trend is less pronounced
for Barrow. This relation between organic carbon
and ALT perhaps reflects the slower decomposition
of organic matter, and so increased fraction of soil
carbon, in the coldest regions with the smallest val-
ues of ALT. Boxplots for the fraction of sand in the
second horizon, figure 11(e), show a positive depend-
ence of ALT on sand fraction in the case of Deadhorse,
but no clear trend in the case of Barrow. The posit-
ive dependence for the Deadhorse location may result
from a likely increase in hydraulic conductivity, with
corresponding increase in subsurface water flow, that
accompany increasing sand fraction; as mentioned
above, such increases in water flow may slow/reduce
freezing. The relatively static variation of ALT with
sand fraction for the Barrow location may indicate
that the far larger values of organic carbon fraction
present at Barrow are sufficient to dominate the effect
of soil composition on permafrost formation.

This example demonstrates how our method can
be a useful tool for investigating how local variations
in various spatial variables affect the value of ALT.
Within a given locality, data layers whose spatial pat-
terns are similar to those in the map of RE-predicted
ALT can be identified as possible contributors to spa-
tial variations in ALT for that locality. Boxplots of
predicted ALT versus each of these independent vari-
ables can reveal how changes in the value of that vari-
able influence the value of ALT, potentially increas-
ing insight into the physical processes driving local
changes in ALT.

5.3. Limitations of our approach
Several outstanding performance issues are subjects
of our ongoing work.

One of the most important factors is the lim-
ited penetration depth of P-band PolSAR in arctic
soils, which restricts achievable PolSAR-derived ALT
estimates to no more than about 65 cm. The PolSAR-
derived swaths of ALT used as training data in the
RF regression are thus unable to capture ALT val-
ues exceeding this depth. Because RF cannot gener-
ate regression estimates beyond the range of the avail-
able training data, our method is unable to repres-
ent values of ALT exceeding 65 cm. Although this is
deep enough for most locations in northern Alaska
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Figure 11. Detail of RF-estimated ALT for small areas in the vicinity of Deadhorse and Barrow. (a) RF-estimated ALT on the
North Slope overlaid with slope images covering Deadhorse and Barrow, (b) histogram of RF ALT for the two areas, (c) Boxplots
of mean RF-predicted ALT grouped by slope value, (d) boxplots of mean RF-predicted ALT grouped by C2 value, where C2 is the
organic carbon value in the second horizon (i.e. 5-15 cm depth), (e) boxplots of mean RF-predicted ALT grouped by Sand2 value,
where Sand2 is the sand value in the second horizon. For parts (c) through (e), each boxplot extends from the Q1 to Q3 quartile
values of the data, with a line at the median. The whiskers extend from the edges of the box to show the range of the data, but no
further than 1.5 % (Q3 — Q1) from the edges of the box. Outliers are plotted as black circles [43].

(as substantiated, for example, in figure 2 of [17]),
it is too shallow for many areas south of the Brooks
Range. Some solutions to address the issue include
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future development of lower-frequency radars, radar
systems with lower system noise floor to allow more
sensitivity to faint signals scattered from subsurface
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layers, and/or addition of other observation modalit-
ies such as InSAR. Several future tasks aimed at mit-
igating the problem are proposed in section 6.

Also, because RF forms its decision trees by min-
imizing the mean squared error across all training
samples, its regression models tend to favor the most
common values of ALT; this reduces the likelihood of
predicting very low or very high values of ALT. As pre-
viously mentioned, stratified sampling of the training
data as described in section 3.1 partially compensates
for this effect.

The RF predictions can only be as accurate as the
PolSAR-derived ALT data used for model training,
which bounds the error performance achievable using
our method. This is evident, for example, in the error
statistics reported in section 4.4. These constraints
also limit our ability to detect inter-annual variability
and longer-term climate trends given that we might
expect this level of ALT variability to be 2-3 cm and
well within our noise floor. Therefore, our approach
is expected to be more robust in detecting regional
ALT spatial patterns, which cover a larger distribu-
tional range.

6. Conclusions

We have developed a method of upscaling ALT from
swaths of high-resolution P-band PolSAR-derived
ALT. The method has been shown capable of pro-
ducing maps of estimated ALT with values of up to
about 65 cm over an extensive region in northern
Alaska. Error analysis of the maps evaluated relat-
ive to the values of a large number of set-aside val-
idation pixels yields RMSEs of no more than 9.1 cm
(i.e. about 23% of the full (~25-65cm) range of
ALT values retrievable using P-band PolSAR) and
bias errors of magnitude less than 0.1 cm. Error ana-
lysis relative to in situ ALT measurements available
from the CALM network leads to RMSEs of less than
12.1 cm and bias errors of magnitude no more than
about 6.5 cm (i.e. about 29% and 16%, respectively,
of the full (~31-73 cm) range of ALT values measured
at all CALM sites included in the study).

Thus, the upscaling does a reasonably good job of
predicting PolSAR-derived ALT values but is unable
to capture the full range of CALM in situ measure-
ments. Our maps exhibit minimal bias and high levels
of accuracy comparable to the PolSAR-derived ALT
retrievals [1] used for model training, and relative
to more comprehensive ALT retrievals derived from
combined L-band InSAR/P-band PolSAR retrievals
over Alaska [44].

In summary, our maps provide estimated ALT at
30 m resolution for a succession of years through-
out the northern half of Alaska in the Canada Albers
Conical Equal Area projection. The maps offer a new
source of insights into the influence of climate, land
cover, and terrain factors affecting active layer devel-
opment and permafrost stability in the Arctic.
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6.1. Future work under consideration

Some options for future work that could help to fur-
ther the goals of this project are considered in the sup-
plementary materials.
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