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Abstract 

Differential interferometry of synthetic aperture radar (DInSAR) analysis can be used to generate high-

precision surface displacement maps in continuous permafrost environments, capturing isotropic 

surface subsidence and uplift associated with the seasonal freeze and thaw cycle. We generated 

seasonal displacement maps using DInSAR with ultrafine-beam Radarsat-2 images for summers 2013, 

2015 and 2019 at Cape Bounty, Melville Island, and examined them in combination with a land cover 

classification, meteorological data, topographic data, optical satellite imagery, and in situ measures of 

soil moisture, soil temperature and active layer thickness. Displacement magnitudes (estimated 

uncertainty ± 1 cm) of up to 10 cm per 48-day DInSAR stack were detected, but the vast majority of 

change was far smaller (up to 4 cm). Significant surface displacement was found to be most extensive 

and of the greatest magnitude in select low-lying, wet, and sloping areas. We speculate that 

precipitation may be the most important control on the extent of seasonal frost heave, as 2019 showed 

higher levels of surface displacement than 2013.  Despite both summers having similar thawing degree 

days, 2019 had double the cumulative rainfall by mid-August. Areas which showed significant 

displacement in multiple years were sparse but densely clustered in wet, low lying areas, on steep 

slopes or ridges, or close to the coast. Cumulative displacement across all three years was also 

examined: areas with large cumulative uplift were constrained to upland areas, and conversely areas 

showing large cumulative subsidence were constrained to low-lying areas; this may be due to 

contrasting ground ice concentrations and water availability associated with different sediment 

composition and frost susceptibility above and below the local marine limit (estimated at 70 m a.s.l.). 

DInSAR also captured the expansion of two medium-sized retrogressive thaw slumps (RTS), 

appearing to successfully map accumulation of slumped material at the foot of the RTS headwalls, and 

associated destabilization and subsidence upslope. 
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Chapter 1 

Introduction and background 

Landscapes in High Arctic environments are highly dynamic, with surface processes controlled by a 

seasonal freeze-thaw cycle, changes to ground ice conditions, and hydraulic effects. These processes 

range from small, isotropic vertical land surface settlement during thaw and subsequent uplift (or 

heave) during freeze-up, to large and relatively rapidly forming slope failures. Many of these 

processes, which have important implications for the environment and for northern infrastructure, are 

controlled by rainfall and the thermal regime and are intensifying with climate warming. This thesis 

employs remote sensing techniques to monitor these processes and examines them alongside 

environmental and meteorological variables for three summer seasons (2013, 2015, and 2019) at a 

study site in the Canadian High Arctic. This chapter provides background to the geomorphological 

processes referred to in the main chapter, and to the remote sensing techniques we used to monitor 

them. 

1.1: The active layer and ground ice 

The upper section of soil, typically less than a metre thick in High Arctic areas (Farquharson et al., 

2019), which seasonally thaws and freezes is known as the active layer.  Serving as a habitat for plants 

and microbes,  the active layer plays many important ecological functions (Vincent et al., 2017) and is 

most susceptible to changes in air temperature due to its location at the ground surface. Below the 

active layer is the permafrost table which marks the beginning of the region which remains frozen for 

the entire year. Mean annual soil temperature steadily increases with depth from that point due to 

increasing insulation from the soil above, and increasing geothermal heating from below, until it is no 

longer frozen at depth (Fig. 1.1). Note also that, due again to increasing insulation, as we go deeper 

into the ground, seasonal changes in air and surface temperatures have a diminishing effect on soil 

temperature; this continues until a certain point where the ground temperature becomes seasonally 
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invariant. The active layer thickness (ALT) has traditionally been approximated from thaw duration 

(𝑡) and thaw surface temperature (𝑇) via the Stefan equation: 

𝐴𝐿𝑇 =  √
2𝑇𝑘𝑡

𝐿
 

where 𝑘 is the thermal conductivity of the soil and 𝐿 the soil volumetric latent heat (Vincent et al., 

2017). In Canada, there is a wide variability of permafrost thickness and coverage.  At 60° N, 

permafrost is sporadic and only a few metres thick, whereas at latitudes above 70° N, the permafrost 

layer is continuous and may be hundreds of metres thick depending on latitude and local geological 

characteristics (Schaefer et al., 2012). 

 
Fig. 1.1: The ‘trumpet curve’ or ‘martini glass’: average minimum and maximum ground temperatures in the 

active layer, permafrost layer, and the non-cryotic layer at depth (adapted from French, 2007).  

 

This classification is simplified and neglects the fact that areas at the permafrost table may undergo 

freeze and thaw during some years but not in others.  This zone is referred to as the transient or 

transition layer. Large amounts of available water through melting ground ice in the active layer or 

infiltration of meteoric water, and a cold thermal condition ensures the transient layer is often ice-rich, 

and, since it forms a buffer between two thermal regimes, its position and structure has major 

(1.1) 
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implications for soil stability and frost heave (Shur et al., 2005). The depth of the transition layer may 

change either through thawing ground ice (reduction) or via infiltration and freezing of meteoric water 

(aggradation) (Hinkel et al., 2001). The transient layer demonstrates that, although an annual thaw and 

freeze-up is the principle timeframe on which subsurface processes occur, some freeze-thaw transitions 

occur with a periodicity of multiple years – pereletok – or even multiple decades (Shur et al. 2005). 

Moreover, even in areas of continuous permafrost, there are areas which remain unfrozen (where the 

winter frost does not extend all the way down to the permafrost table).  These unfrozen zones are 

referred to as taliks, and are often found below lakes, which provide thermal insulation (French, 2007).  

Although an increasing mean annual air temperature (MAAT) is having an impact on the distribution 

of permafrost, any change in average thaw depth happens relatively slowly. Osterkamp & Romanovsky 

(1999) found thaw rates at the permafrost table of around 0.1 m/year and approximately 1 cm/year at 

the permafrost base across their Alaskan study sites stretching from Valdez (61° N) to Prudhoe Bay 

(70° N). This indicates that time on the order of decades would be required to fully thaw multiple 

metres of permafrost. Long-term change to ALT and associated thaw settlement has also been 

modelled on decadal time scales based on future temperature and precipitation as predicted by climate 

models; for study plots in Eastern Chukotka, Russia, the model of Maslakov et al. (2019) predicted 

total thaw settlement during the 21st century of 50-130 % of current ALT, under a ‘positive’ climate 

change scenario or 300-500 % of ALT under a more extreme scenario. 

Water expands by around 10 percent upon freezing as its molecules assume a more ordered and less 

dense crystalline structure (Liu et al., 2010). When this expansion takes place in the ground, it faces a 

great deal of resistance in the form of downwards pressure from the surrounding frozen soil. Some of 

the remaining unfrozen water in the soil or water trapped at the base of the active layer aggregates into 

ice lenses which typically form and align normal to the ground surface (Ballantyne, 2018).  Moisture 

is drawn upwards from the permafrost base, via mechanisms such as capillary action and cryosuction 
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(Blanchard et al., 1990), which results from the free energy gradients established in wet soil during 

freeze/thaw. The magnitudes of these forces grow in increasingly cold conditions.  Laboratory 

experimentation has shown that these pressures typically increase by around 1 MPa per degree Celsius 

of temperature decrease (Ballantyne, 2018). Ice aggregation may also be caused by permafrost trapping 

moisture at the base of the active layer which freezes. Upwards expansion of these ice lenses through 

continual freezing processes can displace large volumes of soil upwards. This is what is known as frost 

heave (uplift) and is responsible for positive surface displacement.  

Negative displacement (subsidence) may be caused either by the thawing of the active layer or the 

underlying permafrost. The latter is more significant as it is associated with long-term change. In areas 

of poor drainage, the phase transition associated with thawing ice can increase pore water pressure 

(Yesuf et al., 2013), in turn weakening the load-bearing capacity of the ground and leading to 

subsidence (Wolfe et al., 2014). The magnitude of these isotropic elevation changes in Arctic 

permafrost environments is controlled by the ice content of the ground (French, 2007) and is typically 

on the order of a few centimeters per decade (Liu et al. 2010), but is site dependent. Surface energy 

flux, primarily controlled by air temperature throughout the summer is also important.  Bartsch et al. 

(2019) found a strong positive linear relationship between cumulative degree days of thaw and 

subsidence across both bare and vegetated plots at their study site on the Yamal Peninsula, Russia. 

Gruber (2019) also found point-measured fine-scale vertical surface movements synchronous with 

rainfall events, and speculated that water balance and lateral movement in the subsurface are important 

controls of heave and subsidence, pointing to these being complex ‘thermo-hydro-mechanical’ 

processes. In the field, vertical surface change has previously been measured via tilt-arms fitted with 

inclinometers (Gruber 2019; McFadden, 2019) or via differential GPS (DGPS) in combination with 

platform targets (Shiklomanov et al., 2013).  
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1.2: Thermokarst, active layer detachments, and retrogressive thaw slumps 

As well as these isotropic surface displacements, there are also more localized landscape features of 

permafrost environments associated with thawing of massive ice and permafrost; collectively these 

processes are known as thermokarst (Farquharson et al., 2016). Thermokarst areas are often 

characterised by hummocky ground (Morgenstern et al., 2013), and ponds which form during 

thermokarst expansion due to the collection of runoff in formed depressions, but may drain completely 

into the subsurface after extensive permafrost retreat (Yoshikawa & Hinzman, 2003). Water and snow 

filling in cracks which appear due to thermal contraction during freeze-up may freeze, forming ice 

wedges. Ice wedges are particularly susceptible to additional degradation associated with climate 

warming since they are often located close to the surface, just below the active layer (Kokelj & 

Jorgenson, 2013). The patterns of depressions associated with degrading ice wedges (often 

orthogonally or hexagonally) results in a distinct ice-wedge polygonal network; a clear example of the 

surface expression of ground ice processes characteristic to High Arctic environments (French, 2007). 

Retrogressive thaw slumps (RTSs) are features which develop when ablation of ground ice associated 

with thermal or erosion processes results in slope destabilisation (Burn & Lewkowicz, 1990), causing 

the surface to slump over a newly created slump headwall (Burn, 2000). Further degradation of the 

exposed ice in the headwall can cause the headwall to regress rapidly upslope (Lantz & Kokelj, 2008). 

Because of the large amount of material displaced, RTS development can have a large environmental 

impact on tundra landscapes, increasing sediment levels in adjacent streams (Kokelj et al., 2013) and 

increasing the availability of nutrient-rich soil available to vegetation (Lantz et al., 2009). Zwieback et 

al. (2018) showed that even within a single season, the timing and magnitude of mass wasting of 

retrogressive thaw slumps was largely heterogeneous and not singularly dependant on available 

energy, with the headwall movement at some sites more synchronous with large precipitation events 

rather than with large perturbations in air temperature. The transition to a ‘rain-dominated Arctic’ 

predicted by climate models (Bitanja & Andry, 2017) is likely to lead to an increased frequency and 
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severity of slope failure, both due to an increase soil moisture on slopes and a reduction in the snow 

insulating effect (Vincent et al., 2017). 

Active layer detachments (ALDs) are slope mass movements which are confined to the active layer, 

where the fully or partially thawed and saturated active layer detaches from the underlying permafrost 

and moves downslope (French, 2007). These can occur almost instantaneously or progressively over 

several days (Lewkowicz, 2007) and are likely triggered by high pore water pressure due to a rapid 

thaw of ice lenses at the base of the active layer during warm summers (Lewkowicz & Harris, 2005). 

These features are also significant to the hydrology of tundra landscapes as their formation can 

discharge large amounts of sediment and solutes into streams and rivers, increasing stream turbidity 

and altering water quality in the short and long term (Lamoureux & Lafrenière, 2009). Large amounts 

of vegetation can also be removed during these slope failures but subsequently recover in the newly 

exposed soil (Cannone et al., 2010), allowing spectral indices such as the normalized difference 

vegetation index (NDVI) to serve as a proxies to identify ALDs (Rudy et al., 2013) and to monitor the 

development of RTSs (Brooker et al., 2014). Further, material deposited into the toe of the ALD may 

alter the seasonal thaw depth in these areas, causing permafrost aggregation at the base of the active 

layer. 

1.3: Synthetic aperture radar (SAR) 

One way to remotely monitor the scale and spatial distribution of permafrost land displacements is by 

utilising data from satellite synthetic aperture radar (SAR). SAR sensors send out pulses of microwave 

radiation toward the Earth and record the backscatter signal while in motion (the difference in initial 

and final sensor positions is the synthetic aperture). The phase and intensity of that return signal is 

dependent on the elevation and composition of the ground where the radar pulse contacts the Earth. 

Incoming radiation may reflect off the ground in two ways: the first is specularly - where 

electromagnetic waves reflect off a surface at an angle equal to the incidence angle.  The second is 
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diffusely - where reflection occurs at multiple angles, including back towards the transmitter/receiver 

(i.e., backscatter). In areas of bare earth, this recorded backscatter will depend less on soil 

microstructure (as this structure is often on a scale less than one wavelength), but rather on the bulk 

soil properties (Woodhouse, 2005), namely soil moisture content (which controls the dielectric 

properties of the area) (Nolan & Fatland, 2003) and the surface roughness of the area (Oh & Hong, 

2007; Ulaby et al., 1978). The dielectric properties of the soil control the magnitude of the return signal, 

whereas the surface geometry (i.e., microtopography and land cover) will control the shape of the 

scattering pattern. Over relatively short periods of time, or in areas which remain relatively unchanged, 

one method which has been used to disentangle these two effects is to difference two SAR images 

from different epochs: i.e., any changes in backscatter intensity will principally be a result of changes 

in volumetric water content (VWC) (Yoshikawa & Hinzman, 2003). Areas of open water act as 

specular reflectors so return little backscatter signal, appearing as dark on SAR swaths (Floyd et al., 

2014). Winds across water surfaces will also affect the backscatter signal, and in fact, global wind 

speeds have been successfully retrieved from C-band SAR swaths over areas of ocean (Horstmann et 

al., 2003). SAR backscatter in the X-band has also been used to successfully estimate active layer 

thickness (ALT) beyond the 70 cm depth mark where the established method of using NDVI as a proxy 

for ALT becomes ineffective, enabled by surface characteristics (e.g. vegetation structure) and 

associated backscatter signals which typically differ between areas of differing ALT (Leibman et al., 

2015; Widhalm et al., 2017). 

1.4: Differential interferometry of synthetic aperture radar (DInSAR) 

 

Because the backscatter phase φ is recorded only as (0 ≤ φ ≤ 2π), phase unwrapping is required to 

ensure that the correct number of additional wavelengths (multiples of φ = 2π) are included to generate 

an accurate picture of the swath. A pair of unwrapped phase maps from two different passes are 

differenced to generate an interferogram and once wavelengths are converted to distances, allows for 
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the generation of an elevation model of the surface below. This technique is known as interferometric 

synthetic aperture radar, or InSAR, and was pioneered by Gabriel et al. (1989) in an agricultural setting 

(Imperial Valley, California). They captured surface uplift which they speculated was due to soil 

swelling associated with irrigation, and field boundaries allowed for delineation of different zones of 

surface movements. Differential InSAR (DInSAR), on the other hand, compares two such 

interferogram pairs, and by simulating and removing topographic phase via a DEM allows for the 

remote detection of surface deformations which occurred during the interval of the interferogram pairs, 

with sub-centimetre accuracy (Wolfe et al., 2014). Note that DInSAR does not actually provide 

information about vertical elevation changes at a fixed position, but rather, measures three-dimensional 

surface deformations across small areas (Kääb, 2008). Phase changes also only represent surface 

change along the vector connecting the ground and the satellite (line-of-sight, or LOS direction), not 

necessarily changes normal to the surface (Rudy et al., 2018). However, if SAR images taken on both 

ascending and descending satellite orbits are available, they may be combined to derive fully three-

dimensional displacement vectors, rather than the single directional displacement which is obtained by 

only using a swath from an ascending orbit (Fialko et al., 2001). 

Error in DInSAR may be assessed either by looking at the DInSAR-measured displacement at known 

stable points such as bedrock or stable trihedral corner reflectors (TCRs), or by comparing outputs for 

the same pixels as captured by different sensors, although this can be challenging to interpret in High 

Arctic environments due to highly variable snow and soil moisture conditions (Strozzi et al., 2018). 

To reduce overall noise in displacement maps, multiple interferograms can be stacked. This provides 

an overall rate of phase-change, and, with the assumption that the rate of surface change throughout 

that period is linear, can generate a higher quality map of displacement over long periods of time as 

compared to simply using a single interferogram pair (Wolfe et al., 2014). SAR also has the advantage 

of having a largely weather-independent backscatter signal (Waske & Braun, 2009), thereby assuring 

acquisition and removing one of the many potential sources of error during phase unwrapping. The 
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lack of vegetation taller than a few centimetres in High Arctic environments helps with coherence 

issues often associated with DInSAR. 

DInSAR and has been shown to effectively estimate landscape change associated with permafrost in 

both alpine (Callegari et al., 2015; Chen et al., 2017), and high latitude contexts (Rudy et al., 2018; 

Strozzi et al., 2019; Bartsch et al., 2019). It has also been used in built environments, for example to 

analyse the mechanism of slope failure in open pit mines (Carlà et al., 2018).  Wolfe et al. (2014) 

examined DInSAR stacks derived from RadarSat-2 images alongside detailed geological and zoning 

maps in Yellowknife, Northwest Territories to identify areas of the city most susceptible to long-term 

subsidence. InSAR-derived subsidence values have also shown promise as inputs to long-term active 

layer thickness modelling across large areas (Liu et al., 2012) while Hu et al. (2019) used InSAR to 

monitor the development of slope failures including RTSs. 

The choice of radar sensor and radar band (Table 1.1) should be made to best support the application, 

based on the associated resolution, frequency, and incidence angle. Short et al. (2011) compared the 

efficacy of TerraSAR-X, ALOS-PALSAR and Radarsat-2 data for monitoring terrain changes in a 

continuous permafrost environment, determining that X-band is the most suited for monitoring 

retrogressive thaw slump development due to its high spatial resolution, but L-band as most suitable 

for monitoring long-term permafrost instability due to its high signal-to-noise ratio throughout longer 

interferogram stacks. To increase the temporal resolution of InSAR analyses in order to improve the 

estimation of permafrost-related deformation in northern Quebec, Eppler et al., (2015) successfully 

combined InSAR stacks from multiple sensors across C- and X-bands. Combining stacks composed 

of data with similar incidence angles was found to increase stack cross-correlation and improve overall 

displacement estimation. Bartsch et al. (2019) also used both C- and X-band sensors for InSAR in an 

Arctic tundra environment and found good agreement in derived displacement values between the two, 
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showing that radar penetration depth is not necessarily of concern when conducting InSAR analyses 

in tundra environments.   

Table 1.1: Radar bands, wavelengths, and example sensors 

Band Wavelength 

(cm) 

Frequency 

Range (GHz) 

Example SAR Sensor 

X 2.5 – 3.8 8.0 – 12.0 TerraSAR-X, Cosmo-SkyMed 

C 3.8 – 7.5 4.0 – 8.0 ERS-2, Radarsat-2, Seninel-1a/b,  

S 7.5 – 15.0 2.0 – 4.0  

L 15.0 – 30.0 1.0 – 2.0 ALOS 

 

1.5: Motivation for research - the need to monitor and predict permafrost landscape change 

Ground ice processes are a major threat to the stability of paved infrastructure, causing settling and 

frost-cracking (Fortier et al., 2011). These processes are amplified by the highly thermally absorbent 

nature of many construction materials (Wang et al., 2013). Further, the camber of roads and airstrips, 

as well as neighboring drainage ditches, can affect snow accumulation, thereby altering the thermal 

regime of the area and intensifying ground ice degradation (Cheng, 2005). For many communities 

across Inuit Nunangat which are not otherwise connected by road or rail, their livelihoods are 

dependent on a functioning airstrip (Doré et al., 2016). Arrays of sensors along airstrips can detect 

change, and heat management technologies such as thermosyphons can be used to regulate heat flow 

at the ground-air interface, but effective prediction of future permafrost disturbances at the planning 

stage of public works development is likely more cost-effective and increasingly necessary for risk 

management. Additionally, climate warming may make temporary ice roads in the north unstable due 

to insufficient ice thickness or snow cover (Instanes et al., 2016).  

Permafrost degradation can also pose a threat to the water security of northern communities. For one, 

increased levels of surface vegetation associated with a longer thaw period can increase the capacity 

of, and infiltration rates through the active layer, thereby reducing surface runoff and the volume of 

available water (Wrona et al., 2016). Lakes, which were historically isolated by the permafrost table, 

may also drain, on occasion abruptly, under degradation (Medeiros et al., 2017). Permafrost thaw is 
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also a danger to water quality.  Disturbances from thaw lead to increased turbidity as previously frozen 

lake shorelines and stream channels undergo erosion (Evengard et al., 2011), and active layer 

detachments caused by ground ice thaw may further increase suspended sediment availability in High 

Arctic watersheds (Lamoureux & Lafrenière, 2009). These issues are compounded by increasing 

populations in many Arctic communities and broader climate impacts on water availability, putting 

further stress on water resources. Thawing permafrost can also expose the carcasses of animals infected 

with diseases such as anthrax, which can lead to the release of spores through flooding and soil 

disturbance (Revich et al., 2012), in turn infecting the local human population via meat products or 

insect vectors. Several high-profile anthrax outbreaks have occurred in recent years in Northern Siberia 

(Ezhova et al., 2019) and are thought to be intensified by permafrost thaw and runoff effects. Frozen 

ground also impedes carbon decomposition in the subsurface, leading to vast stores of carbon being 

formed - an estimated total pool of approximately 2000 Pg (20 billion tonnes) of carbon is stored in 

the ground at high latitudes (Koven et al. 2011). The release of this carbon into the atmosphere which 

results from thawing permafrost in itself exacerbates global warming (Zimov et al., 2006), which in 

turn further intensifies permafrost thaw and causes further carbon release in a reinforcing feedback 

loop.  

To better understand these processes, it is critical that we establish reliable and effective methods to 

not only detect and monitor permafrost degradation, but also to predict which areas are most 

susceptible to surface deformation.  Without such methods, infrastructure can become unusable, water 

supplies can become unsustainable, and environmental change related to carbon release from melting 

permafrost will be poorly understood, while continuing to intensify. 
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1.6: Research objectives 

The principle aim of this research was to monitor the extent and magnitude of vertical surface 

movement associated with subsidence and frost heave via repeat-pass DInSAR within our study site 

at the Cape Bounty Arctic Watershed Observatory (CBAWO), Melville Island, Nunavut during the 

summers of 2013, 2015 and 2019. With the aim of understanding both seasonal and secular processes 

at the CBAWO, and of informing the choice of input parameters to future susceptibility models, we 

examined the resulting DInSAR maps in relation to: (i) local environmental and topographic variables; 

(ii) meteorological and soil conditions in each year; and (iii) the timing and intensity of thaw conditions 

in each summer. Six Radarsat-2 SAR images were acquired for summer 2019 for DInSAR processing 

- joining available images with similar dates collected during each of 2013 and 2015. The other field 

data used was a combination of long-term soil and meteorological records from instruments distributed 

around the CBAWO, as well as additional in situ soil moisture and active layer thickness measurements 

recorded during July-August 2019. Displacement maps were also examined alongside optical satellite 

images and a pre-existing land-cover classification of the CBAWO (Hung & Treitz, 2020).   

This thesis consists of one manuscript (Chapter 2), which speaks to these objectives. The chapter also 

investigates potential differences in the prevalence and magnitude of displacement occurrence inside 

and outside previously mapped landscape disturbances and inspects DInSAR-measured displacement 

at several regions of interest including several active RTSs and areas showing prominent ice wedge 

degradation. Chapter 3 summarizes the findings which emerged from this research, addresses some of 

the challenges encountered during the project, and makes recommendations for future research. 
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Chapter 2 

Seasonal ground surface change detected by DInSAR at Cape Bounty, Melville 

Island, Nunavut 

2.1: Background & Objectives 

Approximately one-fifth of the global land area is underlain with permafrost (Osterkamp et al., 2000), 

a layer of ground – which lies below a seasonally freezing and thawing active layer – and which 

remains frozen continuously for a minimum of two years (French, 2007). The Canadian Arctic 

Archipelago (CAA) is one such environment. Repeated freezing and thawing of the active layer along 

with subsurface ice loss can lead to distinctive geomorphological processes such as large-magnitude 

localized surface subsidence, landslide-like active layer detachments (ALDs) (Lewkowicz, 2007), and 

rapidly-forming mass-movement events known as retrogressive thaw slumps (RTSs) (Burn, 2000). 

Collectively, processes associated with the melting of massive ice are described as thermokarst. In 

addition to this, more widespread, ‘isotropic’ subsidence occurs seasonally due to thaw consolidation 

in areas of continuous permafrost, typically with smaller magnitudes (Shiklomanov et al., 2013). 

Correspondingly, freeze-up in the fall can cause surface uplift or frost heave due to the expansion of 

water undergoing a phase transition (Liu et al., 2010) and through the upwards expansion of excess 

ice. Specifically, if high water availability exists at depth, ice lenses can form by meteoric water 

infiltrating soil and being trapped at the active layer - permafrost layer transition zone (Ballantyne, 

2018).  

Ground ice content (Hauck et al., 2011; O’Neill et al., 2019), soil moisture (Lewkowicz & Harris, 

2005) and soil composition (Liu et al., 2010) are the main predictors of an area’s susceptibility to these 

disturbances. The local surface energy flux, controlled by air temperature (Antonova et al., 2018), 

snow cover (Fortier & Allard, 2005) and microtopography (Otto et al., 2012) is also important as it 

controls active layer thaw penetration in any given season (Bartsch et al., 2019). Vegetation cover can 

also affect surface deformation, as dense vegetation and related soil litter will have an insulating effect, 
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reducing the impact of spring thaw and fall freeze-up on active layer thickness (ALT) (Raynolds & 

Walker, 2008).  

Recent research has shown that rapid heave events are synchronous with precipitation events 

suggesting that water balance and possibly lateral water movement in the subsurface are factors 

involved in these processes, pointing to a ‘thermo-hydro-mechanical’ system far more complex than 

previously thought (Gruber, 2019). Further, processes on several different time frames are at play and 

interacting with each other; while the main freeze-up and thaw sequence occurs annually, freeze-thaw 

transitions at the transient layer – between the active layer and permafrost table -  may occur with a 

periodicity of multiple years, or multiple decades (Shur et al., 2005).  

These processes not only have implications for the carbon and hydrological balance in this region 

(Lamoureux & Lafrenière, 2009), but make engineering works, particularly the construction and 

maintenance of roads and air strips – infrastructure essential to remote Northern communities – 

challenging to design and often more expensive (Nelson et al., 2001) as surficial disturbances can 

cause built materials to buckle and crack. Further, an estimated 2000 Pg (20 billion tonnes) of carbon 

is currently stored in the ground at high latitudes (Koven et al., 2011), where permafrost currently 

impedes its decomposition in the subsurface and into the atmosphere. Hence, carbon release from 

thawing permafrost as mean annual air temperature (MAAT) rises is likely to be substantial and 

contribute to global warming (Schuur et al., 2015; Zimov et al., 2006), which, in turn exacerbates the 

problem of thawing permafrost. This intensification of permafrost thaw during the past two decades 

has been observed in the Canadian Arctic (O’Neill et al., 2019). It is therefore of great utility and 

importance to be able to effectively monitor and predict surface displacement resulting from 

permafrost degradation to assist with planning of engineering work and with carbon budgeting in 

Arctic ecosystems. 
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Vertical deformation in permafrost environments has previously been measured at fine scale using 

instruments such as heave sleeves (Romanovsky et al., 2008) and tilt arms (Gruber et al., 2019). These, 

though, only yield point measurements, which can be particularly difficult to interpret in highly 

heterogeneous areas, and suffer from measurement errors associated with thermal expansion and 

contraction of the instruments themselves. Remote sensing and surveying methods have also been 

used, namely differential global positioning systems (DGPS) (Little et al., 2003; Shiklomanov et al., 

2013), light detection and ranging (LiDAR) (Avian et al., 2009), and structure from motion (SfM) 

photogrammetric techniques (Kääb et al., 2014).  

Another method is to utilize differential interferometry of synthetic aperture radar (DInSAR), which 

can generate surface displacement maps by converting phase differences in SAR backscatter signals 

taken on two different dates, to line-of-sight (LOS) displacement along the vector connecting the 

ground to the sensor (Gabriel et al., 1989). A weather-independent backscatter signal, and the large 

coverage and high spatial resolution of SAR swaths gives DInSAR the potential to quickly and reliably 

map surface change over large areas. Major changes in soil moisture due to snowmelt can make 

DInSAR challenging in High Arctic environments, causing incoherence in InSAR pairs (Strozzi et al., 

2018). Conversely, low levels of vegetation make tundra environments fertile ground for DInSAR, 

reducing the potential for loss of coherence due to complex radar-vegetation interactions (Khalil & ul-

Haque, 2018). DInSAR has previously been used to map permafrost-related surface displacement in 

high latitude (Wang & Li, 1999; Short et al., 2011; Rudy et al., 2018; Bartsch et al., 2019), high altitude 

(Callegari et al., 2015, Chen et al, 2017), and built environments (Wolfe et al., 2014; LeBlanc et al., 

2015).  

This research examines repeat-pass DInSAR with ultrafine beam C-band (λ = 5.5 cm) Radarsat-2 data 

to generate surface displacement maps with sub-centimetre precision for the late summer seasons of 

2013, 2015 and 2019 at the Cape Bounty Arctic Watershed Observatory (CBAWO), Melville Island, 
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Nunavut. The displacement maps are interpreted alongside optical satellite imagery, a systematic 

mapping of land cover (Hung & Treitz, 2020), and field ALT and soil moisture measurements to 

address two main objectives:  (1) to describe the land cover and topographic characteristics of those 

areas which display surface displacement in one or multiple years; and (2) to relate inter-annual 

variation in displacement distribution and magnitude to changing meteorological and soil conditions. 

This is done with the aim of: (i) improving the understanding of both seasonal and secular processes 

occurring at the CBAWO; and (ii) informing the input variables to future permafrost disturbance 

susceptibility models, which may be scaled up to the region and wider North American Arctic. 

2.2: Study Site & Land Cover Classification 

Fieldwork was completed at the CBAWO located on the southern coast of Melville Island, Nunavut, 

Canada (74° 55’ N, 109° 35’ W), 425 km west from Resolute Bay (Qausuittuq) (Fig. 2.1). The site 

features gently sloping topography and a paired watershed system with two large lakes (West Lake and 

East Lake, unofficial names). The area is underlain with continuous permafrost, with a typical ALT of 

0.5 - 1 m with vegetation rarely growing more than a few centimeters tall and primarily composed of 

prostrate dwarf shrub tundra (Atkinson & Treitz, 2012). Melting temperatures typically persist from 

June through August (Lamoureux & Lafrenière, 2018), with an average July air temperature of 4.0 °C. 

24-hour daylight persists from late April to mid-August. The area is geomorphologically active 

featuring 100+ large ALDs which occurred during an unusually warm summer in 2007 (Lamoureux 

& Lafrenière, 2009), and several active RTSs. This site has been intensively studied since 2003, 

ensuring long-established weather, hydrological, soil and geomorphological observations and records 

are available. 
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Fig. 2.1: Location of the Cape Bounty Arctic Watershed Observatory (CBAWO), Melville Island, on the border of 

Nunavut (yellow) and the Northwest Territories (NWT) in the Canadian Arctic Archipelago. 

 

Ground penetrating radar (GPR) has revealed highly variable ground ice composition at the CBAWO, 

even within localized areas (Paquette et al., 2020). A high resolution (1.6 m) land cover classification 

has been produced for the CBAWO, based on topography-derived indices, multi-spectral satellite 

imagery, and multi-year field observations (Hung & Treitz, 2020). In addition to identifying areas of 

water and snow, the classification divides the landscape into four main land cover types: polar (semi) 

desert (35.1 %), mesic tundra (27.1 %), wet sedge (14.6 %), and bare ground (23.3 %) (Fig. 2.2). In 

areas of polar (semi) desert – found mostly in upland areas - vegetation can only be found in the moist, 

nutrient-rich depressions around the edges of polygons, which increases the ease at which polygon 

features can be delineated on the landscape. In contrast, areas classified as mesic tundra and wet sedge 

are characterized by a high abundance of graminoids and bryophytes, with wet sedge areas generally 

having higher phytomass and soil moisture content (Collingwood et al., 2014). The final class – bare 

earth – is generally characterized either by completely barren ground lacking any sort of vegetation or 

by areas of exposed bedrock, gravel or frost shattered rock (felsenmeer) (Fig. 2.3). 
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Fig. 2.2: Land cover types at the CBAWO: BR = bare ground, PD = polar (semi) desert, MT = mesic tundra, WS = 

wet sedge. Also marked are soil temperature/moisture loggers (UPT = Upper ptarmigan, UGS = Upper goose , 

MX = Muskox, PLA = Plateau A) (black) and sites of in situ soil moisture and active layer thickness (ALT) 

measurements aligning with acquisition dates, July/August 2019 (red). Land cover classification source:  Hung & 

Treitz. (2020). Coordinates in WGS84, UTM Zone 12X. 

 

 

 

 

 
Fig. 2.3: Examples of land cover classes along a moisture gradient: polar (semi) desert (left), mesic tundra 

(centre), and wet sedge (right). Boots for scale. 
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2.3: Data & Methods 

2.3.1: Optical Satellite Data 

Multispectral WorldView images of the study site were acquired on August 12, 2015 and August 4, 

2019 (Table 2.1). The 2015 image is cloud free and the 2019 image has minimal cloud cover (6 %) 

mostly constrained to the far north-east corner of the study area. Orthorectification of the 2019 image 

was done within the geometric function suite within ArcMap (Version 10.7.1;  ESRI, 2019) using the 

rational polynomial coefficient .rpb file which is provided with the image product. The quality of the 

orthorectification procedure was tested by comparing the known position of six ground control targets 

to their coordinates in a georeferenced scene (Appendix B); an average positional error of 1.61 m was 

found. The 2015 image was then resampled to a 1.24 m resolution using the nearest neighbour method 

to match the 2019 image, and co-registered to the orthorectified 2019 image in ArcMap. 

Table 2.1: Attributes of optical imagery acquired 

Date / Time (CDT) Sensor Spectral Bands Spatial resolution  Cloud cover  

2015-08-12 13:14 WorldView-2 8 1.84 m 0 % 

2019-08-04 13:48 WorldView 3 8 1.24 m 6 % 

 

Next, an absolute radiometric correction was carried out for each band to convert pixel values (DN) to 

top of atmosphere reflectance (𝜌𝑇𝑂𝐴). This represents the reflectance off the Earth that would be 

‘observed’ just above the atmosphere based on local conditions. This was derived via: 

𝜌𝑇𝑂𝐴 =
𝐿 𝑑2𝜋

𝐸 𝑐𝑜𝑠𝜃𝑠
 

where d is the Earth-Sun distance (see Kuester, 2016 for calculation), E is the average solar spectral 

irradiance (values in Kuester, 2016), and L is the radiance in W sr−1 m−2 of each pixel, which is 

calculated from the pixel values DN via: 

(2.1) 
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𝐿 = 𝐷𝑁 ∗ 𝐺𝐴𝐼𝑁 ∗ 
𝑎𝑏𝑠𝑐𝑎𝑙𝑓𝑎𝑐𝑡𝑜𝑟

𝑒𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒𝑏𝑎𝑛𝑑𝑤𝑖𝑑𝑡ℎ
+ 𝑂𝐹𝐹𝑆𝐸𝑇 

Gain and offset calibration adjustment factors are provided and regularly updated by DigitalGlobe. 

Effective bandwidth and abscalfactor can be found in the metadata file accompanying each swath. 

TOA adjustments were calculated and applied to all bands using the raster calculator tool in ArcMap. 

2.3.2: Pond Detection via the Kauth-Thomas Method 

Changes in ponding may be indicative of thermokarst development and degrading ice wedges 

(Liljedahl et al., 2016), so we might expect some accordance between areas where there is substantial 

difference in pond coverage between years and those where DInSAR captures displacement. To 

delineate areas of standing water, a linear combination of the TOA reflectance values of all eight bands 

of WorldView imagery with band coefficients from Yarbrough et al. (2014) (Table 2.2) was constructed 

via the Kauth-Thomas method (Kauth & Thomas, 1976) for 2015 and 2019. This method has 

previously been used in Arctic environments to assist in classifying thermokarst ponds and in locating 

and monitoring retrogressive thaw slumps (Fraser et al., 2014). To set a threshold for the transformed 

pixel value above which will be classed as water, known points of water are identified from the true 

colour image of the area, and the Kauth-Thomas wetness values for those points extracted. The 

threshold 𝐾𝑇0 was set at three standard deviations below the mean pixel value as this did the best job 

of classifying standing water and ponding when both dates were examined. Within a 0.33 km2 area in 

the northwest corner of the CBAWO (i.e., close to WestMet) which demonstrates evidence of 

thermokarst development, shapefiles outlining ponds for each year were constructed using the raster 

to polygon tool in ArcMap around areas that lay above the wetness threshold 𝐾𝑇0 (Fig. 2.4).   

Table 2.2: Kauth-Thomas transform coefficients to derive the wetness index from WorldView imagery (from 

Yarbrough et al., 2014) 

Band Coastal Blue Green Yellow Red Red Edge NIR1 NIR2 

λ (nm) 400-450 450-510 510-580 585-625 630-690 705-745 770-895 860-1040 

Coefficients -0.27095 -0.31571 -0.31726 -0.24254 -0.25646 -0.09655 -0.74253 0.20243 

(2.2) 
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Fig. 2.4: Detecting ponds: (A) True-colour image of heavily thermokarsted area with water points used for 

threshold estimates in blue; (B) the resulting Kauth-Thomas transformation showing wet areas as bright; and (C) 

the areas identified as ponds (outlined magenta) after application of threshold values 

 

2.3.3: Topographic Wetness Index (TWI) 

High soil moisture conditions increase an area’s susceptibility to disturbance, especially via terrain 

destabilization on slopes due to higher soil porewater pressure (Kokelj et al., 2015) and can lead to 

ALDs (Lewkowicz & Harris, 2005). High water availability, delivered to the base of the active layer 

via runoff and infiltration, may also increase the magnitude of frost heave through added ice volume 

(Romanovsky et al. 2008), which will be captured as uplift in the DInSAR. The TWI is based on the 

effects of local topography on flow direction and runoff accumulation, and was calculated via 

(Sørensen et al., 2006): 

𝑇𝑊𝐼 = ln (
𝛼

𝑡𝑎𝑛 𝛽
) 

where 𝛼 is a scaled flow accumulation found by multiplying the flow accumulation by the digital 

elevation model (DEM) pixel size, and 𝛽 is the local slope in radians. Flow direction, flow 

accumulation, slope, and finally TWI were calculated in Whitebox GAT (Lindsay, 2016) based on a 1 

(2.3) 
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m-resolution DEM of the CBAWO derived from a summer 2012 WorldView-2 stereopair 

(Collingwood et al., 2014). The study area was segmented into zones of low, medium and high TWI 

based on 33rd and 66th percentiles of TWI. 

2.3.4: Active Layer Thickness and Soil Moisture Measurement 

Soil moisture aids our interpretation of the DInSAR output not only because radar backscatter is highly 

dependent on soil moisture (Shoshany et al., 2000) but also because it contributes to surface energy 

flux and active layer development (Crosson et al., 2002), so is likely to contribute to an area’s 

susceptibility to displacement. Similarly, ALT measurements taken at different times and in different 

conditions reveal the extent of thaw development in a given season. ALT and soil moisture were 

measured at 33 sites around the CBAWO in 2019 on July 9 and repeated on August 2, to align with 

SAR acquisition dates (Fig. 2.3, Table 2.4, Appendix E). Five measurements (four measurements each 

5 m away from a central point measurement) were taken at each site, and averaged. ALT was measured 

by pushing a metal probe to resistance; and soil moisture (volumetric water content) was measured in 

the upper 5 cm using a portable Delta-T ThetaProbe soil moisture meter. ALT measurements within 

the bare earth class were discarded as it was challenging to differentiate between resistance from 

subsurface rocks and the permafrost table while probing. In addition, soil temperature and moisture 

data were recorded at a 5 cm depth via Decagon em50  loggers equipped with 5TM 

moisture/temperature/conductivity sensors available for polar (semi) desert (Plateau, 2015-19), mesic 

tundra (Upper goose and Upper ptarmigan, 2013-19), and wet sedge (Muskox, 2015) site (Table 2.5, 

Fig. 2.2). 

2.3.5: Meteorological Data 

Shielded air temperature and precipitation were recorded at the WestMet station, located in an upland 

area of the CBAWO at approximately 90 m a.s.l. Daily temperature and precipitation averages were 

calculated for summers 2013, 2015 and 2019. In 2019, meteorological data from the CBAWO was 
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unavailable after August 11; as a replacement, temperature readings from the Environment and Climate 

Change Canada weather station at Mould Bay, Prince Patrick Island (76° 14’ N, 119° 39’ W) - which 

is highly correlated to conditions at Cape Bounty (Roberts et al., 2017) – was used. 

 

2.3.6: SAR Imagery & Meteorological Data 

Six Radarsat-2 ultrafine beam C-band (λ = 5.5cm) SAR images were acquired for the 2019 season. 

All were captured at approximately 19:14 local time, with an incidence angle of 33° and HH-

polarization from a right-looking, ascending orbit. Radar wavelengths within the C-band have been 

shown to work well for differential interferometry at high latitudes (Eppler et al., 2015), and experience 

significantly less ionospheric refraction than the L-band signal (Sandwell et al., 2008), which may 

result in a higher signal-to-noise ratio. Scenes with larger incidence angles have been chosen here to 

maximize the microtopographic detail and surface deformation detectable by the sensor, and are of the 

same beam modes and orbits as images used in previous studies at the CBAWO in 2013 and 2015 

(Rudy et al., 2018). The temporal coverage is designed to align with the summer field season and is 

chosen to minimize loss of coherence from snowmelt in the spring (May-June) and fresh snowfall in 

the fall (late September). The images are delivered in single-look complex (SLC) format, with an 

approximate spatial resolution of 4 m, and contain information about the magnitude and phase of the 

return radar signal for each pixel. 

Multi-looking is a technique used to de-speckle SAR images (Moreira, 1991); 2 x 3 multi-look 

intensity (MLI) images were generated from the SLC swaths in GAMMA software v.20191209 

(Werner et al., 2002). Multi-temporal adaptive filtering was then used to de-speckle the MLI images 

further. A 5x5 Frost filter (Frost et al., 1982, Sun et al., 2019) was applied to generate an adaptive 

spatial mean estimate to be used as the input to the multi-temporal filter (Fig. 2.5). The Frost filter 

works by varying its tuning factor based on local statistics when averaging to yield a filtered MLI with 
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reduced speckle, while preserving the edges of landscape features. Frost filters with window sizes of 

5 x 5 and 7 x 7 pixels were both generated, but ultimately a 5 x 5 filter was selected as it yielded the 

best balance of de-speckle and the preservation of features such as stream and lake edges. These filtered 

MLIs act as a supplementary impression of the landscape and, alongside the optical satellite imagery, 

assist with the interpretation of how the DInSAR output relates to landscape features. 

 

Fig. 2.5: SAR image (August 2, 2019) filtering with the adaptive Frost filter. Original MLI showing the outflow 

from East Lake (A), the 5x5 frost filter applied to the same area (B), which is used as the spatial mean estimate 

input to the adaptive temporal filter (C).  

 

2.3.7: DInSAR Processing  

Differential interferometry with Radarsat-2 images processed in GAMMA v.20191209 software was 

used to generate summer season displacement maps for 2013, 2015 and 2019 (Fig. 2.6). ArcticDEM 

tiles (2 m resolution) (Porter et al., 2018) were downloaded for use in the topographic correction during 

DInSAR processing as they provided full coverage across the SAR swath, while GDAL Warp was 

used to mosaic these tiles together. Perpendicular baselines were calculated using the 2 x 3 MLIs and 

examined, and the image of July 16, 2013 was chosen as the reference image. A simulated SAR image 

was created based on the DEM and the reference image co-registered to it. Offsets were calculated and 

the remaining MLI images resampled and co-registered to the reference image, with look-up tables 

also being generated. Interferogram pairs for every available pair of dates were generated – including 

a baseline refinement stage – and adaptively filtered using a minimum cost flow (MCF) algorithm. An 

adaptive and weighted interpolation procedure was applied to the interferograms to remove any small 
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patches of incoherence. An interpolation search radius of 6 pixels was input, and 20 pixels within that 

window set as the minimum number of pixels required for the interpolation. Areas of incoherence in 

interferograms can be useful in informing the interpretation of displacement maps – especially when 

identifying areas of snow (Kumar & Venkataraman, 2011) – so the interpolation parameters were set 

such that all larger areas of incoherence were preserved.   

Each interferogram pair was visually inspected and high-quality pairs were used to create 48-day 

summer stacks for each year (Table 2.3), and the phases were unwrapped. GAMMA employs a 

weighted stacking procedure, calculating the stacked phase rate (radians/year) from: 

𝜑𝑟𝑎𝑡𝑒 =
∑ ∆𝑡𝑗𝜑𝑗

𝑁
𝑗

∆𝑡𝑗
2  

where j is each interferometric pair, ∆𝑡 is the temporal baseline of the pair, and 𝜑 the phase difference 

within the pair. Generally, all phases should be unwrapped with reference to a point with known 

displacement or to a point which is not expected to be displaced.  The selection of this point is 

important as all displacements on the map are not absolute, but rather relative to the motion of this 

‘stable’ point (Liu et al. 2010). A known area of exposed bedrock (EPSG:3612: 541577, 8313180), 

previously used in DInSAR processing of this area (Rudy et al., 2018), was chosen as the reference 

point. Finally, displacement maps were generated which convert the stacked phase changes into 

vertical displacement via: 

∆𝑧 =  
𝜆

4𝜋 cos 𝜃
φ 

where 𝜆 is the radar wavelength (here 5.5 cm), 𝜃 the incidence angle (here 33°) of the incoming radar 

beam, and φ the calculated phase difference. The output has units (m/year) so a scale factor is applied 

equal to the fraction of a year that the stack dates represent, to yield an absolute displacement value in 

metres. The vertical displacement maps are calculated from LOS maps assuming that all motion 

(2.4) 

(2.5) 
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happens perpendicular to ground surface. The displacement maps were then geocoded back from 

Doppler radar coordinates to UTM with a spatial resolution of approximately 5.5 m.  

Noise and atmospheric effects both introduce error to the DInSAR output. This error was estimated by 

extracting the measured vertical change at a number of known stable points around the CBAWO, 

namely areas of bare rock or felsenmeer, which should in principle show zero vertical change (Liu et 

al., 2010). Average absolute displacements at those points across the three years was approximately 1 

cm. This value is consistent with estimated DInSAR error in high latitude environments (Rudy et al., 

2018; Strozzi et al., 2018), so throughout interpretation of the outputs, any net vertical change of <±1 

cm will be considered to be within the measurement error and described as ‘stable’.  

Table 2.3: Interferometric pairs selected for stacking  

Year Stack Dates Pairs Used Temporal Baseline 

(days) 

2013 Jul 16 – Sep 2 Jul 16 – Aug 9 

Aug 9 – Sep 2 

24.00 

24.00 

2015 Jul 30 – Sep 16 Jul 30 – Aug 23 

Aug 23 – Sep 16 

24.00 

24.00 

2019 Jul 9 – Aug 26 

 

Jul 9 – Aug 2 

Aug 2 – Sep 26 

24.00 

24.00 

2019 Aug 2 – Sep 19 Aug 2 – Aug 26 

Aug 26 – Sep 19 

24.00 

24.00 

 

2.3.8: Derivation of Multi-Year DInSAR Rasters 

Since high quality interferometric pairs spanning multiple years were unavailable, two DInSAR-

derived rasters were generated to examine multi-year change: (i) the cumulative change (summed) 

displacement from the 2013, 2015 and 2019 (late season) stacks was calculated for each pixel using 

the raster calculator in ArcMap; and (ii) the 2013, 2015 and 2019 DInSAR displacement maps were 

used to generate zonal maps showing pixels which displayed significant net displacement (> 2.5 cm) 

in zero, one, two, or all three of the DInSAR maps using reclassification in combination with the raster 

calculator tool in ArcMap. 
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Fig. 2.6: DInSAR workflow used to generate displacement maps from single-look complex SAR images, with 

corresponding GAMMA programs listed on the right hand side where appropriate. 
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2.4: Results and Discussion 

2.4.1: Meteorological and soil conditions 

Table 2.4: Average measured active layer thickness and soil moisture by land cover class, summer 2019 

 Mean Active Layer Thickness 

 (cm) 

Mean Volumetric Water Content  (VWC) 

(m3/m3) 

Land cover Class Jul 9 Aug 2 Change Jul 9 Aug 2 Change 

Bare Earth/Felsenmeer - - - 0.187 0.133 ˗ 27.8 % 

Mesic Tundra 47.4 62.0 + 30.6 % 0.339 0.443 + 30.6 % 

Polar (Semi) Desert 60.4 73.2 + 21.3 % 0.207 0.315 + 52.0 % 

Wet Sedge 44.5 56.7 + 27.4 % 0.612 0.738 + 19.0 % 

 

Based on in situ measurements (see methods section) taken on August 2, sites situated in wet sedge 

meadows had the shallowest average ALT (56.7 cm) and the highest soil moisture content (0.738 

m3/m3), whereas polar (semi) desert sites had the deepest average ALT (73.2 cm). Bare earth sites had 

the lowest average VWC (0.133 m3/m3). Across all sites, ALT increased by 46 % in the 24-day period 

between July 9 and August 2.  

Based on long-term logger data from soil stations (Fig. 2.2), 2013 saw an early onset of frozen soil 

conditions (Fig. 2.7) and an extended ‘zero-curtain’ period (where soil temperatures fluctuate closely 

around freezing for several days or longer while latent heat transfer occurs) (Outcalt et al., 1990), 

which would imply higher levels of unfrozen water in the active layer at freeze-up creating a large 

distributed latent heat effect (Romanovsky & Osterkamp, 2000). The onset of soil thawing conditions 

also came later in 2013 as compared to 2015 (June 5 and May 12 respectively). Soil temperature and 

moisture data for 2019 was unavailable for dates after August 10, so did not capture the freeze-up 

period. Loggers also captured an average 20.1 % increase in soil moisture content in mesic tundra sites 

on comparable dates between 2015 and 2019. 
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Table 2.5: Average soil moisture (m3/m3) at 5 cm depth at four logger stations (Upper ptarmigan, Upper goose, 

Muskox, Plateau A), 7-day mean leading up to listed acquisition date 

  2013  2015  2019 

Sensor UTM Coord 

Zone 12X 

Jul 16 Aug 9 Sep 2  Jul 30 Aug 23 Sep 16  Aug 2 

U. ptarmigan 541046, 8315277 0.240 0.223 0.182  0.211 0.213 0.192  0.241 

U. goose 541458, 8314854 0.265 0.266 0.175  0.251 0.281 0.215  0.316 

Muskox 541598, 8313830 - - -  0.592 0.594 0.359  0.427 

Plateau A 542079, 8313106 - - -  - 0.230 0.138  0.267 

 

 

Fig. 2.7: Soil temperature at 5 cm depth, Upper ptarmigan station, 2013 and 2015. Note the early onset of frozen 

ground conditions and long zero-curtain period (dashed lines) of the 2013 season compared to 2015. 

 

2.4.2: Early vs Late Season Displacement (2019) 

For summer 2019, the SAR acquisition dates allowed for the creation of two 48-day displacement 

maps; an early season stack (July 9 – August 26) and a late season stack (August 2 – September 19) 

(Fig. 2.8). Radarsat-2 acquisitions were also made on May 22 and June 15 but interferograms 

involving those early season SLCs had insufficient coherence due to spring snowmelt. Vertical 

displacement greater than 5 cm was detected in both the early and late season stacks, with a maximum 

change of -11.3 cm in the late stack. Mean displacement across all pixels was -1.04 cm in the early 

stack and -0.31 cm in the late stack, both with a standard deviation of 1.3 cm. As expected, the late 
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season map captured freeze-up into September, displaying higher levels of surface uplift, as compared 

to the early season (11.4 % of total area vs. 5.5 %, excluding bodies of water) (Fig. 2.9). Almost all of 

this early season uplift was located around streams and in streambeds; albeit these changeable areas 

are most susceptible to phase unwrapping errors.  Although some of the captured positive surface 

displacement may be due to aggregation of sedimentary materials in streambeds, we consider it likely 

that a large portion of this uplift is due to phase unwrapping errors emerging from the MCF algorithm 

not properly resolving residuals across the boundaries between these areas which are highly susceptible 

to change and the surrounding more stable areas.  

Conversely, thaw settlement was captured in the early stack, with 43 % of total land area displaying 

subsidence, as compared to 27.4 % in the late stack. Areas of net subsidence captured in the late season 

stack may have an excess contribution from August thaw settlement reduced by September frost heave, 

or may be due to thaw settlement occurring after the initial freeze-up associated with hydraulic 

processes in the subsurface (Gruber 2019). Generally, the magnitude of thaw settlement is larger than 

that of surface uplift, indicating that between early July and mid-September, average overall net 

vertical displacement across the scene is negative. There is also a higher percentage of the scene below 

the coherence threshold in the early season stack as compared to the later stack (7.3 % versus 3.4 % of 

the study area, respectively). This change may relate to changes in snow cover between dates, 

especially in incised stream channels, but likely underestimates the change in snow cover away from 

streams as additional incoherence will be introduced in the late season due to increased soil moisture 

and standing water as a result of this snowmelt and high precipitation levels during late summer 2019 

(Strozzi et al., 2018).  
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Fig. 2.8: Early (left) and late season (right) displacement maps, summer 2019.  The late season map captures frost 

heave into mid-September. Coordinates in WGS84, UTM Zone 12X. 

 

 

 

Fig. 2.9: Early (left) and late season (right) vertical displacement histograms for 2019. 
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2.4.3: Inter-annual Displacement Map Comparisons (2013, 2015, 2019) 

Displacement maps for the late summers of 2013 (Jul 16 – Sep 2), 2015 (Jul 30 – Sep 16), and 2019 

(Aug 2 – Sep 19) (Fig 2.10) were compared and examined alongside meteorological and soil 

conditions. The 2013 and 2015 displacement maps for the same dates were analysed by Rudy et al. 

(2018). Across the CBAWO, significant vertical ground displacement was most widespread in 2019 

(42.4 % of area showing either subsidence or uplift, excluding water bodies) and 2013 (36.8 %), and 

less evident in 2015 (21.4 %) (Fig. 2.11). Summer air temperature is likely a principal control of the 

magnitude and extent of subsidence and heave in any given summer (Bartsch et al, 2019). Here, air 

temperature conditions across a season were characterized using thawing degree day (TDD) totals, 

calculated annually as the sum of daily average temperatures for all days with a daily average above 0 

°C (Boyd, 1976). Similarly, freezing degree days (FDD) were calculated for each season, but since the 

displacement maps will only capture heave associated within the stack date range, FDD is only 

calculated during the interval of the stack (i.e., stack FDD (SFDD)) (Fig. 2.12).  Summers 2013 and 

2019 were similar in terms of both TDD (228 °C and 255.9 °C, respectively) and SFDD (46.6 °C and 

55.9 °C, respectively), whereas summer 2015 was much warmer (TDD = 352.9 °C), with a late onset 

of freezing conditions in mid-September leading to SFDD of 20.1 °C. It can be assumed that the 

majority of large surface displacement associated with the relatively warm conditions in 2015 would 

have occurred in July where most TDDs are accumulated, before the first acquisition date, and 

consequently was not captured, while the late onset of frost ensured low levels of detectable uplift in 

the late season.  
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Fig. 2.10: Late-season surface displacement DInSAR outputs for summers 2013, 2015, and 2019.  Note that 2013 

and 2015 stacks are similar to Rudy et al. (2018) but with a higher threshold interpolation. Areas of insufficient 

coherence are indicated in black. Coordinates are in WGS84, UTM Zone 12X. 
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Fig. 2.11: Histograms showing percentage area of each displacement class for late summer 2013, 2015 and 2019 

DInSAR maps. Areas of insufficient coherence are indicated as black. 

 

Air temperature conditions were also reflected in the soil temperature at 5 cm depth, with 2013 being 

characterized by an early onset of frozen ground conditions (August 7) and a long zero-curtain period 

as compared to 2015 (Fig. 2.7).  In addition, summer 2015 was extremely dry, with just 28 mm of 

cumulative precipitation falling by August 7. In comparison, by the same date, the value was 42 mm 

in 2013 and 82 mm in 2019 (Fig. 2.12). The extremely wet conditions in 2019 were caused by several 

large and persistent rainfall events throughout the summer, causing the ground to become saturated; 

soil moisture was an average of 13.4 % and 20.1 % higher in 2019 compared to 2013 and 2015 

respectively (Table 2.5). The zero-curtain period of 2013 was also long, suggesting a high water 

content in the active layer (Rudy et al., 2018), which would increase the potential for ice formation 

and heave in late 2013. Taken together, this would imply that both air temperature throughout the 

summer and summer precipitation are both important predictors of the levels of displacement occurring 

in a given year (Fig. 2.13).  
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Fig. 2.12: The CBAWO weather data summary from WestMet station (Fig. 2.1).  Cumulative rainfall at the 

CBAWO (left) and summer mean daily air temperature for 2013, 2015 and 2019 (right). DInSAR stack periods 

shaded in blue. Dashed temperature data for 2019 is from Mould Bay weather station. TDD: thaw degree days, 

SFDD: freezing degree days within stack date interval. Precipitation data after August 10, 2019 is unavailable. 

  

Fig. 2.13: Cumulative precipitation (May  1 – August 7) (left axis), mean absolute vertical displacement (black 

line, right axis), and total TDD (dashed line, right axis, scaled) for 2013, 2015 and 2019 late summer stacks.  

 

This examination only describes the seasonal picture; but there are also likely longer-term processes 

affecting changes year-to-year. As an example, examination of optical satellite imagery of the 

CBAWO from 2003 to 2019 (unpublished) shows a notable decline in snow cover in late July or early 

August during this period. This change will likely impact the water availability and thermal regime of 

some areas normally fed by late-season snowmelt (Stieglitz et al., 2003); and the reduced insulation 



46 

 

effect by summer snowpack can lead to both a longer thaw duration and a greater potential for 

subsidence and cooling along with potential aggregation of permafrost during winter. Despite the large 

variation in measured displacement between these three years, none were outliers in long term TDD 

records for the CBAWO (Fig 2.14); assuming these processes are controlled primarily by air 

temperature (Antonova, 2018), years predating 2013 could have seen much larger levels of surface 

displacement. In fact, this was observed in the warm summer of 2007, during which deep ALTs were 

measured and several large active layer detachment slides occurred at the CBAWO (Lamoureux & 

Lafrenière, 2009). 

  

Fig 2.14: Annual thawing degree days (TDD) at the CBAWO, 2003-19. 2011 was the warmest year on record since 

1949 at Mould Bay, and by extension at Cape Bounty. Red dots indicate years where DInSAR data were collected. 

 

2.4.4: Displacement Maps in Relation to Environmental and Topographic Variables 

Next, three variables (land cover type, topographic wetness index, slope) were examined in relation to 

the three seasonal displacement maps in order to identify the extent and magnitude of areas susceptible 

to large vertical displacements. 
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2.4.4.1: Land cover type 

Vegetation cover has been used as an indicator of geomorphic stability in Arctic study sites 

(Farquharson et al., 2016) given that vegetation may be removed in the development of ALDs and 

RTSs, and recover in the period after stabilization. The percentage of pixels which showed vertical 

displacement (> 1 cm) and larger displacements (> 2.5 cm) was calculated for each land-cover type 

for each year with substantial differences observed across land-cover types (Table 2.6). Across all 

years, wet sedge was by far the land cover type with the most displacement, with 3.1 %, 2.0 % and 7.1 

% of this class area displaying large displacements (>±2.5 cm)  in the 2013, 2015 and 2019 stacks 

respectively. In contrast, only 2.4 % of polar (semi) desert land cover was displaced (>±2.5 cm) in 

2019. Additionally, a one-way ANOVA using a sample of 10,000 random pixels showed significant 

differences in absolute displacement between land cover types for all three stacks (p < 0.05), however, 

the significance of each pair-wise comparison between land cover types varied from year-to-year (Fig. 

2.15). 

 
Fig 2.15: Boxplots of absolute vertical displacement by land-cover type for 2013, 2015 and 2019 stacks.  

Differences between vegetation types may be even greater in reality, as DInSAR is likely to 

underestimate displacement in saturated soil conditions. Radar penetration depth is strongly dependant 

on soil water content (Nolan & Fatland, 2003), so DInSAR-measured displacement may be capturing 

some of the seasonal water level change between acquisition dates rather than true ground surface 

movement (Rudy et al., 2018). Moreover, McFadden (2019) detected mm-scale displacement due to 
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water table changes in the active layer. Further, the smoothing effect of the adaptive filter used in 

processing may ‘share’ phase change in one pixel with neighbouring areas of incoherence, thus 

diminishing the overall displacement signal in those areas (Short et al., 2013). Vegetation type is 

constrained by soil water content at the CBAWO (Atkinson & Treitz, 2012) and average VWC at wet 

sedge sites exceeded 0.6 m3/m3 (essentially saturated) around the acquisition dates in 2019; meaning 

that wet sedge sites are likely highly susceptible to these particular underestimations and that the 

differences between displacement magnitudes in wet sedge areas compared to drier land cover classes 

is likely even higher than presented here. 

Table 2.6: Prevalence of significant disturbances across land cover classes (excluding areas of incoherence) 

 Area Showing Vertical Displacement  

of >1 cm (%) 

 Area Showing Vertical Displacement  

of >2.5 cm (%) 

 Bare  

ground 

Mesic  

tundra 

Polar 

(semi) 

desert 

Wet  

sedge 

 Bare ground Mesic 

tundra 

Polar 

(semi) 

desert 

Wet 

sedge 

  2013 28.8 36.3 26.2 44.4  0.9 1.3 0.5 3.1 

2015 19.5 18.0 14.5 39.4  0.2 0.2 0.1 2.0 

2019 39.1 33.8 35.6 47.5  3.9 2.1 2.4 7.1 

 

2.4.4.2. Topographic Wetness Index  

Soil moisture varies greatly by vegetation type (Atkinson & Treitz, 2012), so it is useful to investigate 

how TWI varies by vegetation type. Via a one-way ANOVA using 60,000 randomly-sampled pixels, 

TWI was found to vary significantly between the four land cover types (F= 0.864,  p < 0.001), although 

an examination by the Tukey HSD method showed that any difference in TWI between polar (semi) 

desert and bare ground (p = 0.61) and between mesic tundra and wet sedge (p = 0.10) was insignificant. 

Therefore, TWI cannot be considered reliable for discriminating between vegetation types at the 

CBAWO, so it is worth investigating TWI as a stand-alone variable. 

The percentage of the area within areas of low, medium, and high TWI displaying moderate and large 

amounts of vertical displacement was calculated (Table 2.7). One-way ANOVA of 10,000 randomly 
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sampled pixels indicated that absolute displacement did not vary significantly by TWI zone in 2013 (F 

= 2.16, p = 0.115) but did in 2015 (F = 5.07, p = 0.006) and 2019 (F = 22.12, p<0.001). The lowest 

levels of absolute displacement were in areas of moderate TWI, suggesting displacement is more likely 

to occur both in well-drained upland areas and low-lying (wet) areas around streams. 

Table 2.7: Prevalence of significant disturbances across topographic wetness index (excluding areas of incoherence) 

 Pixels Showing Vertical Displacement of 

>1 cm (%) 

Pixels Showing Vertical Displacement of 

>2.5 cm (%) 

 Low TWI Med TWI High TWI Low TWI Med TWI High TWI 

 2013 Jul 16 – Sep 2 33.1 30.2 33.4 3.2 2.2 2.6 

2015 Jul 30 – Sep 16 21.6 19.1 20.6 1.1 1.0 1.2 

2019 Aug 2 – Sep 19 42.3 40.4 37.4 7.2 6.8 6.2 

       

low, medium and high TWIs are bound by 33% and 66% percentiles of TWI (4.77 and 6.72 respectively) 

 

4.4.4.3. Slope 

A similar analysis was conducted for slope, using the raster generated as in intermediate step in the 

TWI generation (see Appendix G). In 2013, no significant differences were found in the extent (Table 

2.8) or the magnitude of displacements (Fig. 2.16, ANOVA: F = 0.428, p = 0.733) between zones 

representing low, medium, high, and very high slope gradients (based on 25th, 50th, 75th percentiles). 

In contrast, in 2019, only 4 % of gently sloping (< 2°) areas demonstrated displacement >±2.5 cm, 

compared to 19.8 % on steep slopes (> 8°). Mean absolute displacement was 37 % higher in steep areas 

than in gently sloping areas. These particularly large differences associated with slope in 2019 may be 

due to widespread ground saturation compared to the other years, leading to high susceptibility for 

slope failure in steep areas (Lewkowicz & Harris, 2005). 
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Fig. 2.16: Boxplots of absolute vertical displacement (m) across low, medium, high and very high slopes, based on 

quartiles, for 2013, 2015 and 2019.  

Table 2.8: Prevalence of significant disturbances across slope. 

 Pixels Showing Vertical 

 Displacement of  >1 cm (%) 

Pixels Showing Vertical  

Displacement of  >2.5 cm (%) 

 Slope  

<2° 

Slope 

2° - 5° 

Slope 

5° - 8° 

Slope 

>8° 

Slope  

<2° 

Slope 

2° - 5° 

Slope 

5° - 8° 

Slope 

>8°  

 2013 Jul 16 – Sep 2 31.4 32.3 33.2 32.5 2.4 2.8 3.0 3.1 

2015 Jul 30 – Sep 16 16.7 20.2 21.9 28.9 0.8 1.0 1.3 2.3 

2019 Aug 2 – Sep 19 29.6 34.9 44.8 70.3 4.1 5.3 7.6 19.8 

 slope brackets listed are approximate but represent slope 25, 50, 75 percentiles 

 

In the absence of more extensive field data and DInSAR stacks for more than three seasons, it is 

difficult to make conclusions that go beyond these general characterizations, but it would seem that 

areas at the CBAWO which are most susceptible to late-season surface displacement are steeply 

sloping areas with high moisture content, lying in areas classified as wet sedge. Positive displacement 

is enhanced during wet seasons, and during seasons with early onset of thaw and associated high FDD 

throughout late August and into September. 

 

2.4.5: Surface Displacement Related to Landscape Features 

Previous DInSAR displacement maps generated at the CBAWO (2013 and 2015) detected some signs 

of uplift in the compression zone at the base of 2007 ALDs (Rudy et al., 2018). This may be due to the 

DInSAR capturing the growth of syngenetic permafrost associated with the material deposited in the 
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initial ALD slide and associated solifluction (Verpaelst et al., 2017). There was some evidence of uplift 

in some of the detachment compression zones in the 2019 displacement map, but not in all. Although, 

via a two-sample t-test comparing a random 2500 pixel sample inside previously mapped disturbances 

(Rudy et al., 2013) (Fig 2.2) to the same number of pixels outside (but within 200 m) of the 

disturbances, we found that, in all three late summer stacks, average displacement values were very 

significantly higher inside the disturbed areas (summary in Table 2.9). Since many of these areas are 

now stable, the higher levels of subsidence inside these features may be due to bare earth where 

vegetation was once disturbed, leading to different active layer and thawing conditions as compared 

to the areas immediately surrounding. Further field observations would be required to identify slope 

failures which are still active, and to test the effectiveness of DInSAR in monitoring their expansion 

and recovery. Processes associated with permafrost growth due to the deposits in the ALD toe may be 

slow, thereby failing to give a displacement signal in a single 48-day stack. 

Table 2.9: Mean displacement and absolute displacement inside and outside former landscape disturbances, and 

accompanying t-test results.  

 Using displacement values Using absolute displacement values 

Late 

Summer 

Stack 

Mean 

Outside 

(cm) 

Mean 

Inside 

(cm) 

 

 

T-test 

Mean 

Outside 

(cm) 

Mean 

Inside 

(cm) 

 

 

T-test 

2013 -0.06 -0.35 t = -12.79, p < 0.001 0.79 0.85 t = 3.14, p = 0.002 

2015 -0.12 -0.29 t = -7.27, p < 0.001 0.57 0.63 t = 4.14, p < 0.001 

2019 -0.42 -0.85 t= -14.95, p < 0.001 0.83 1.02 t = 9.27, p < 0.001 

 

RTS development has been monitored previously using InSAR techniques (Hu et al., 2019). These 

slumps form when the ablation of massive ground ice causes the overlying soil material to fall and be 

removed as a liquefied slurry in the slump floor, forming a characteristic steep headwall scarp (Burn 

& Lewkowicz, 1990). Once formed, thawing of the newly exposed ice can cause the headwall to retreat 

upslope on the order of meters per year (Burn, 2000; Lantz & Kokelj, 2008). In one area just north of 

the CBAWO (EPSG:3612, 544000, 8318245), the late season 2019 DInSAR stack not only captured 

unstable ground behind the slump headwall of two active medium-sized RTSs – which may be 
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indicative of thawing ground ice – but also the accumulation of material at the base of the headwall 

within the slump floor (Fig. 2.17). No other major expression of displacement was observed in the 

surrounding area, and all displacement was coincident and within the RTS limits. This demonstrates 

that DInSAR may have the potential to assist other techniques such as photogrammetry and light 

detection and ranging (LiDAR) (Ramage et al., 2017) to estimate material loss in RTSs via an area-to-

volume calculation; but field measurements of the slumps would be required for verification of 

slumping as captured by DInSAR. 

In one mesic area TX-40 (WGS1984 UTM Zone 12N: 541462, 8312529), significant ice wedge 

degradation has been observed over several years, and a well-depressed ice wedge polygonal network 

is visible from high-resolution UAV imagery collected on August 2019 (Fig. 2.18, see Appendix F for 

details); the deepest depression was found to be approximately 0.8 m below the surrounding area using 

a laser level and stadia rod. The majority of the area is classified as mesic tundra, but is extremely wet, 

especially in the depressions. These thermokarst features are typical of areas with high ground ice 

content (French, 2007), and the 2013, early 2019 and late 2019 summer DInSAR stacks characterized 

this area as extremely active, with both uplift and subsidence being detected at the site. High levels of 

incoherence, co-incident with the most expressive polygons in all but the 2015 stack point to the 

potential challenge of monitoring similar landscape features with DInSAR, where it is likely water will 

accumulate, increasing the potential for incoherence in InSAR pairs. 
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Fig. 2.17: DInSAR captures development around two RTS features near WGS84, UTM Zone 12X : 544000, 

8318245. (A) 2019 WorldView true colour composite image of the area, (B) DInSAR output with RTS headwalls 

highlighted in white (C) Image taken at RTS (white arrow) during summer 2019 (S.F. Lamoureux) The slump 

headwall is up to 2 m tall.  

 

 

Fig. 2.18: UAV-derived orthophoto of area showing ice wedge degradation around UTM 541462, 8312529 taken 

on the evening of August 4, 2019 (a) and DInSAR displacement maps for the same area for 2013 (b), 2015 (c|), 

2019 early season (d) and 2019 late season (e). Coordinates are in WGS84, UTM Zone 12X. 
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2.4.6: Ponding as an indicator of surface change  

By using change detection between 2015 and 2019 of areas representing ponding at a site close to 

WestMet (see methods section 2.3.2), areas which saw a gain or loss of standing water during that time 

period were identified (black polygons, Fig. 2.19). In many areas which showed changes in ponding 

between 2015 and 2019significant subsidence was captured during the summers of 2015 and 2019. 

This, in addition to the ice wedge polygons which appear to be deepening and expanding in the imagery 

between 2015 and 2019, may point to thermokarst development in these areas directly. However, via 

a two sample t-test comparing points inside and outside areas of pond change within this area (Area 

A, Fig. 2.19, Table 2.10), significant differences in subsidence inside and away from these changing 

areas were only found for the 2013 and 2015 stacks, and even then the differences were marginal (p = 

0.04 for both 2013 and 2015). Additionally, 2019 was an extraordinarily wet summer and 2015 

precipitation levels were below average (Fig. 2.12), so it is difficult to determine to what extent the 

pond expansion is simply a result of increased water availability and ponding conditions following 

precipitation events. This explanation is further supported by WorldView images acquired following 

rainfall events at the CBAWO. Persistent accumulation of standing water will change the thermal 

regime of an area, lowering the albedo, accelerating subsurface thaw (Yoshikawa & Hinzman, 2003), 

which will further intensify thermokarst development. This suggests that even if areas of changing 

ponding do not relate to thermokarst directly, those areas where standing water was identified in 

multiple years are highly susceptible to surface change and may become hotspots of displacement in 

future years. Again, these wetter areas often cause incoherence in InSAR pairs, which would hamper 

analysis of displacement. 
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Fig. 2.19: Areas of detected loss or gain of standing water between Aug 12, 2015 and Aug 4, 2019 (black polygons) 

overlaid on seasonal displacement maps for Jul 30 – Sep 16, 2015 (left) and Aug 2 – Sep 19, 2019 (right). Extent 

corresponds to area A in Fig. 2.20. 

 

Table 2.10: Mean displacement and absolute displacement inside and outside areas where ponds were lost or 

gained between 2015 and 2019 

 Using positive and negative displacement values Using absolute displacement values 

Late 

Summer 

Stack 

Mean 

Outside 

(cm) 

Mean 

Inside 

(cm) 

 

 

t-test 

Mean 

Outside 

(cm) 

Mean 

Inside 

(cm) 

 

 

t-test 

2013 -0.27 -0.45 t = -2.01, p = 0.04 0.77 0.84 t = 1.25, p = 0.21 

2015 -0.26 -0.43 t = -2.10, p = 0.04 0.62 0.69 t = 1.28 p = 0 .20 

2019 0.27 0.03 t= -2.85, p = 0.01 0.70 0.79 t = -0.26, p = 0.70 

 

2.4.7: Multi-year examination of displacement maps 

InSAR pairs with temporal baselines of sufficient length to span from one summer to another (e.g. 

2015-19) were generated but had insufficient coherence to provide meaningful insight into long-term 

change. Consequently, two metrics of multi-year change are developed to provide insight into longer-

term processes at the CBAWO: frequency of displacement and cumulative seasonal displacement. 

Although not providing absolute surface change from year-to-year (Liu et al., 2010; Strozzi et al., 

2018), this analysis helps to identify the characteristics of those areas which are likely to change, or to 

change significantly over multiple years. 

2.4.7.1: Assessing frequency of displacement 

The resultant frequency raster (Fig. 2.20) indicates that the vast majority of pixels which showed 

significant net vertical displacement at any point, only did so in a single year (Table 2.11), while areas 
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that indicated change during two or three seasons are sparse (~ 1 % of CBAWO) but are clustered in 

a number of highly localized locations (Fig. 2.20). The locations were mostly in low-lying areas, either 

close to streams (Fig. 2.20 regions of interest (ROI) 3, 4, 8, 10, 11, 12 and 15), in coastal areas (ROIs 

6, 7, 10, 14, 16, 17), or on steep slopes or ridges (ROIs 5 and 13). In ROI 2, high displacement 

frequencies are coincident with patterned ground indicative of thermokarst development (French, 

2007) (Fig. 2.20). Another area, ROI 9, was the only major displacement cluster at the CBAWO to 

show significant uplift in one year and significant subsidence in another. ROI 9 (EPSG:3612 540198, 

8313117) is characterized by saturated ground to the point of accumulating standing water, and wet 

sedge cover. It is possible that the wet conditions and water availability from an upslope snowbank 

has led to thaw consolidation and ice aggregation at the base of the active layer during the study period. 

Table 2.11: Percentage of pixels where significant uplift, significant subsidence or both were captured by DInSAR 

at any time during the summer seasons of 2013, 2015 and 2019 

Net vertical subsidence  

(> 2.5 cm) (%) 

 Net vertical uplift  

(> 2.5 cm) (%) 

Subsidence one 

year, uplift in 

another (%) 

No change >±2.5 cm 

observed (%) 

1 

season 

2 

seasons 

3 

seasons 

 1 

season 

2 

seasons 

3 

seasons 

6.18 0.89  0.06   1.93  0.02  < 0.01  0.06 % 90.87 % 

 

To more concretely identify the landscape characteristics that are associated with areas displaying 

frequent significant displacement, four numerical variables (Kauth-Thomas derived wetness, 

topographic wetness index, slope (see Appendix G), and elevation) and one categorical variable (land-

cover type) were examined with relation to the frequency raster. A sample of 1000 random points 

within each frequency class was generated in ArcMap, and the value of all five variables extracted at 

each point (Fig. 2.21).  One-way ANOVA analyses were used to test for significant differences 

between the frequency zones for each variable (Table 2.12). All variables showed significant 

differences between zones except for TWI (F = 0.94, p = 0.423). Areas with high-frequency 

displacement are far more likely to be found in low-lying areas (< 50 m) and on steep slopes. 
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Table 2.12: Statistical tests: identifying characteristics of areas of frequent change 

   Mean Value in Each Frequency Zone 

Variable Stat. Test Test Result 0 1 2 3 

Wetness (Spectral) ANOVA F = 7.98, p < 0.001 * -1.23 -1.28 -1.34 -1.29 

Wetness (TWI) ANOVA F = 0.94, p = 0.423 6.10 6.02 6.21 6.08 

Slope ANOVA F = 39.5, p < 0.001 * 5.80 8.78 8.10 9.72 

Elevation ANOVA F = 525.0, p < 0.001 * 64.15 48.81 23.76 18.42 

Land cover class Chi-Squared  χ2 = 570.8, p < 0.001 * N/A N/A N/A N/A 

  * indicates significant test statistic 

 

There are large differences in the land cover make up of areas which displayed >2.5 cm displacement 

in multiple seasons as compared to those areas which did not show displacement in any year. As an 

example, despite constituting only 14 % of the area of the CBAWO, areas classified as wet sedge made 

up 57 % of areas which showed significant displacement in all three seasons and 36 % of those areas 

changing in two seasons (Figure 2.22). The distribution of pixels which were displaced in one or fewer 

seasons across land-cover types was approximately representative of the CBAWO as a whole. This 

again indicates that wet sedge is the most dynamic land cover type at the study site. Alternatively, the 

moisture-dependence of SAR backscatter 𝜎0 (Shoshany et al., 2000) could also be used to identify 

especially wet areas susceptible to disturbance. In certain areas at the CBAWO, 𝜎0 values along a 

transect would show a noticeable decline when intersecting with detected areas of subsidence (Fig. 

2.23). Further research would be required to establish such a link more concretely. The relatively 

course spatial resolution of the SAR images in comparison to the size of the displacement clusters may 

be problematic given it would be challenging to create transects that would extract enough points 

within displacement clusters to be properly analyzed. 
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Fig. 2.20: (top) Frequency of significant displacement with numbered regions of interest (ROIs). High contrast 

panchromatic 2019 image (2a) showing patterned ground and displacement (2b) at ROI 2. Displacement in 

proximity to outflow of West Lake (ROI 15a,b). High-frequency displacement associated with the ridgetop close to 

the coast, shown with 10 m contours (ROI 13). Coordinates are in WGS84, UTM Zone 12X. 
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Fig. 2.21: Boxplots showing characteristics of areas disturbed in zero, one, two, or all three seasons: (a) elevation; 

(b) slope; (c) topographic wetness index; and (d) Kauth-Thomas wetness index. 

 

 

 

 

Fig. 2.22: Land cover make up of each frequency zone as compared to the composition of the CBAWO as a whole. 

As an example, despite making up only 14 % of total area at the CBAWO, 57 % of the areas which displayed >2.5 

cm displacement in all three seasons were found within areas of wet sedge. 
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Fig. 2.23: One example of SAR backscatter σ0 (August 2, 2019) decreasing significantly across a 300 m transect 

(yellow) drawn through an area of significant subsidence detected in the late summer 2019 stack (red area), likely 

due to higher water content in this area. 

 

These analyses portray a landscape where persistently active areas are highly localized and share 

similar characteristics: i.e., wet, low-lying and sloping. Ground ice content at depth has been found to 

be highly variable around the CBAWO (Paquette et al., 2020) which may explain the highly 

fragmented spatial distribution of significant displacement distributed throughout the CBAWO. The 

sparsity of areas changing in multiple seasons and the apparent unpredictability of displacement may 

indicate that reliable hazard susceptibility models may be challenging to develop for similar 

environments, although more extensive field data, and more than three seasonal DInSAR stacks would 

likely be required to test the efficacy of such models. 

2.4.7.2: Multi-year cumulative displacement 

Due to the periodic nature of ground displacement expected due to the seasonal thaw and freeze cycle 

(French, 2007), the cumulative values do not represent the absolute change in elevation from 2013 to 

2019, but do indicate which areas may be the most active during these three seasons. The results 

indicate broad partitioning of the CBAWO landscape with large cumulative uplift constrained to 
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upland areas and on slopes, and large cumulative subsidence in low-lying areas. As in the assessment 

of displacement frequency, significant uplift and subsidence are almost mutually exclusive (only 0.06 

% of the CBAWO displayed both in the study years). This upland/lowland divide could reflect the 

Holocene marine limit (Fig 2.24), which has been estimated at 35 – 90 m a.s.l. (Lajeunesse & Hanson, 

2008) and 45 – 90 m a.s.l. (England et al., 2009) for southern Melville Island. Higher levels of 

subsidence in low-lying areas may be associated with thermokarst development due to more abundant 

segregation of ice in fine grained marine sediments (O’Neill et al., 2019). The upland areas with large 

magnitude cumulative uplift map closely to an abundance of mud ejections systematically mapped at 

the CBAWO in 2012-13 (Holloway et al., 2016). These ejections of slurry from the subsurface are 

hypothesized to be closely associated with high pore water pressure, which may imply poor drainage, 

and as a consequence cause ice growth during freeze-up, which may increase the potential for detecting 

uplift in these upland areas. Additionally, large amounts of cumulative uplift were detected on north-

northwest slopes. These areas, associated with low potential incoming solar radiation (PISR), have 

previously been speculated to accumulate shallow ice (Rudy et al. 2017). 
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Fig. 2.24: Cumulative vertical displacement during the late season stacks for 2013, 2015, and 2019 with contours 

of a low (50 m) and high (80 m) estimate of the local Holocene marine limit. Coordinates are in WGS84, UTM 

Zone 12X. 

 

2.5: Conclusions 

We have demonstrated that DInSAR stacks using Radarsat-2 data can effectively map vertical surface 

change in a High Arctic environment, capturing surface subsidence associated with thaw in the early 

summer, and uplift, associated with frost heave in the late season. Displacement maps across a 48-day 

period were generated for late summer 2013, 2015 and 2019 and an additional early season stack was 

generated for July-August 2019. Displacements of up to 10 cm were detected, but the vast majority of 

pixels displayed far smaller displacements (±2 cm) per 48-day stack. Summer 2019, characterized by 

moderate TDD but extremely high cumulative precipitation (82 mm) and correspondingly wet soil 

moisture conditions showed both the most extensive (42.4 % of total area displaying >±1 cm change) 
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and the highest magnitude average displacement (0.91 cm). Correspondingly, 2015, characterized by 

low cumulative precipitation (28 mm), but an early onset of thaw conditions and high TDD, was 

relatively inactive (21.4 % area displaced, mean displacement of 0.55 cm). This points to the 

importance of precipitation and soil condition in processes which result in surface displacement in any 

given summer, although the late onset of freezing conditions in 2015 at the end of the stack interval 

meant that only a small fraction of potential frost heave in this year would have been captured by 

DInSAR; hence, additional stacks would be required to examine this relationship more thoroughly.  

As expected, DInSAR captured less uplift – associated with frost heave – in the early (July 9 – August 

26) stack compared to the later stack (August 2 – September 19) (5.5 % of total area showing >1 cm 

uplift versus 11.4 %). Areas which displayed large absolute displacement (>2.5 cm) in all three seasons 

were sparse (approximately 0.06 % of study area), but highly localized around streams, on steep slopes 

and ridges, and in coastal areas; indicating a landscape with highly variable isotropic displacement 

which may make it challenging to predict via susceptibility modelling, but with a number of highly 

active hotspots. When all three years are taken together, large cumulative subsidence was exclusive to 

low-lying areas, and large cumulative uplift was found exclusively in upland areas. This 

upland/lowland transition occurred through 50 – 80 m a.s.l., which is consistent with previous 

estimates of the Holocene marine limit in southern Melville Island, so may be associated with differing 

sedimentary depositions, each with different associated frost susceptibilities and depths of ice 

formation. Mean surface displacement magnitude was found to be significantly greater within 

previously mapped landscape disturbances such as ALDs across all years (-0.50 cm) as compared to 

outside the disturbed areas (- 0.20 cm). DInSAR also appeared to capture the accumulation of material 

at the base of the headwalls of two active medium-sized RTSs, as well as the associated instability of 

the surface upslope.  
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Overall, this research has taken a multi-faceted approach to demonstrate the utility of DInSAR in 

monitoring landscape change in a High Arctic environment. More frequent SAR acquisitions though, 

giving the potential for higher-frequency InSAR pairs with fewer data gaps between seasons, will be 

required to: (i) more extensively examine surface displacement in relation to environmental and 

topographic variables; and (ii) to understand long-term landscape change and to the timing of 

displacement each summer with relation to the onset and intensity of thawing and freezing conditions. 
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Chapter 3 

Conclusions and suggestions for future work 

DInSAR 48-day displacement maps were generated at the CBAWO for August-September 2013, 2015 

and 2019 using C-band Radarsat-2 SAR data. Additionally, a July-August stack was generated for 

2019. Displacement was found to vary spatially depending on environmental and topographic factors, 

and temporally depending on meteorological and soil conditions. The following conclusions have 

emerged from this research: 

1. For 2019, DInSAR was able to capture a substantial difference in surface displacement between 

a primarily subsidence-dominated early-summer stack and a comparatively frost-heave 

dominated late-summer stack. In the early stack, 5.5 % of the CBAWO displayed uplift as 

compared to 11.4 % in the later stack; and subsidence coverage in the early stack was 45.0 % 

in the early season, and 27.4 % in the late season. 

2. It appears that summer precipitation and soil water content is the primary control over the extent 

and magnitude of vertical surface change at the CBAWO. Summers 2013 and 2019 had similar 

thawing degree days, but 2019 had double the cumulative rainfall in July-August and wetter 

soil conditions, and displayed larger magnitude and more widespread surface displacement 

across the study site. 

3. Areas characterized within the wet sedge cover type showed the largest and most extensive 

displacement in all three summers. Further, areas which showed a high frequency of change 

were most abundant in wet sedge areas. Land cover type is closely tied to water availability at 

the CBAWO and the Kauth-Thomas method was found to be more effective at identifying wet 

areas which were susceptible to displacement than a topographic wetness index. 

4. Wet areas, areas on steep slopes, areas close to streams, and coastal lowland areas were most 

likely to show large displacement in multiple seasons. For the most part, subsidence and heave 
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are mutually exclusive in this area, with only 0.06 % of the landscape displaying both processes 

during the three years studied. 

5. A strong distinction between upland and lowland areas was found when cumulative 

displacement across the three late-season stacks was generated. Large cumulative uplift was 

constrained to upland areas (> 50 m asl) and cumulative subsidence constrained to low-lying 

areas. This upland-lowland distinction may be due to different subsurface sedimentary 

composition above and below the Holocene marine limit and associated with ground ice 

concentration. 

The number of available and usable interferometric pairs available for use in this study (8 pairs spread 

across 3 different years) was limited due to the short snow-free window each summer required for 

DInSAR coherence, and also to the limited acquisition years that were made available to the project. 

Although we could draw insightful conclusions about individual summers, it is challenging to interpret 

the results in the context of the many different temporal scales of processes occurring in this landscape. 

For example, the displacement stack for July 30 – Sept 16, 2015 may have been too late in the season 

to capture subsidence processes due to the early onset of thawing conditions that year (Bartsch et al., 

2019). The lack of images for intermediate years, and the low coherence in the 2015-2019 pairs also 

meant that absolute surface change over the long term could not be reliably calculated, which would 

be most useful to know for geotechnical or biogeochemical applications in the future. It is therefore 

difficult to determine to what extent the displacement observed is simply part of a seasonal freeze/thaw 

component or a long-term land-surface deformation. Of course, it is likely that both processes are 

occurring simultaneously, which makes regular SAR acquisitions especially useful. New opportunities 

will emerge from the recent launch of the Radarsat Constellation Mission (RCM) – which features 

three SAR sensor platforms working along repeat orbits passing over the Canadian North.  This new 

capacity has the potential to allow for high resolution SAR acquisitions on an 8-day repeat cycle, and 

the resulting shorter-temporal baseline pairs across a season will be much more informative about the 
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timing and extent of subsidence and uplift throughout the season. SAR data from several different 

satellites could also be combined, which has been shown to work effectively (e.g., Bartsch et al., 2019, 

Rouyet et al., 2019), which would yield even more interferometric pairs. The use of multiple sensors 

would also allow for better estimation of errors associated with the DInSAR process, which is currently 

based on examining the DInSAR output at a number of points which are thought to be stable. More 

time should also be dedicated to understanding the potential for phase unwrapping errors in this 

landscape, especially in and around streams, which show large changes during a single season as 

accumulated snow melts. 

Based on almost two decades of available optical satellite imagery at the CBAWO, summer residual 

snow cover appears to have decreased since 2003. In addition to utilizing summer precipitation records, 

it might be insightful to formally relate changes in snow cover via image processing and change 

detection - and the associated changes to water availability - to changes in spatial patterns of frost-

heave related displacement over several years. It would also be interesting to relate texture of optical 

or SAR imagery, to displacement maps, as certain textural characteristics (e.g., those associated with 

hummocky or patterned ground) may indicate thermokarst development. This approach was attempted, 

but instabilities between years in the chosen textural metrics when different sensors are used will 

require careful scrutiny (see Appendix A). Surface roughness measurements from field methods such 

as the Saleh chain method (Saleh, 1993) or a pin profiler (Trudel et al., 2010) could also be introduced 

as further metrics of landscape disturbance. Again, these metrics were investigated, but it was 

challenging to determine reliable correspondence between these ground-based metrics and satellite 

image-derived texture (see Appendix C).  

Despite some practical issues with battery capacity (due to cool temperatures) and compass errors 

specific to the high latitude, the field campaign in 2019 showed the relative ease at which UAV 

missions can be planned and flown over large areas. With repeat flights over multiple years, structure 
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from motion, as identified in Arenson et al. (2016), could be used to generate extremely high resolution 

digital surface models, which could be compared from year-to year or even within a particular season 

to estimate deformation rates. This would require a carefully planned surveying procedure at each site 

coupled with ground control points (GCPs). This could also be combined with a number of in situ soil 

temperature and moisture loggers to track surface dynamics related to changing soil moisture 

conditions, or repeat ground penetrating radar transects to measure ground ice concentration and detect 

changes to the permafrost table over time. Altogether, this multi-faceted approach may be what is 

required to fully understand the timing of these processes which may be controlled by both thermal 

and hydraulic factors (Gruber, 2019), but the highly variable nature of ground ice conditions at the 

CBAWO and the highly variable seasonal displacement patterns identified by this research may make 

this kind of analysis challenging to up-scale to a broader region of the Arctic. 
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Appendix A: Determining if comparisons between Worldview-2 and 

Worldview-3 images are valid for a first-order texture metric 

The ability to compare texture metrics across a multi-year time series is not only useful to track 

any textural changes on the ground which may result from permafrost disturbances, but also to 

investigate how texture may change within developing features such as active layer detachments 

(ALDs). This appendix uses pseudo-invariant features (PIFs) to assess the stability of a first-order 

texture metric (standard deviation of residual) using the panchromatic band of two optical sensors 

(Worldview-2 and Worldview-3) across four different years (Table A.1).  

Table A.1: Summary of optical images used in the study 

Date/Time 

(CDT) 

Solar Zenith 

Angle (°) 

Sensor Band Wavelength 

Range (nm) 

Resolution 

(m) 

2015-08-12 15:14:02 59.9 WorldView-2 Panchromatic 450 - 800 0.46 

2016-07-28 16:12:12 56.4 WorldView-2 Panchromatic 450 - 800 0.46 

2018-08-02 16:44:10 58.2 WorldView-3 Panchromatic 450 - 800 0.31 

2019-08-04 15:48:50 57.8 WorldView-3 Panchromatic 450 - 800 0.31 

 

Geometric and Radiometric Corrections 

To ensure that ground features are properly aligned between optical images, an orthorectification 

process was conducted. This was performed within the Geometric Function tool in ArcMap 

(Version 10.7.1;  ESRI, 2019) using the rational polynomial coefficient (RPC) .rpb file supplied 

with the image data, and a 1m resolution DEM of Cape Bounty (Collingwood et al., 2014). During 

export, all images were resampled using the nearest neighbour method to 0.46m – the resolution 

of the WorldView-2 panchromatic band (450 – 850 nm). This method does not alter the reflectance 

properties of the data. The corrected 2019 image aligned best (within 1 pixel) with the existing 

land cover classification raster (Hung & Treitz, 2020), so the other three images were registered 

to the 2019 image using the Georeferencing tool in ArcMap and 25 tie points distributed 
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approximately evenly across the scene. The quality of the geometric correction was assessed by 

extracting the apparent positions of six known GCPs from each of the WorldView images and 

calculating the geometric error as the distance between these positions and the GPS-measured (± 

0.55m) coordinates (see Appendix B for details of the GCPs). The average positioning error among 

images was found to be 1.77 m (Table A1.2). This is comparable to the 1.6 m pixel size of the land 

cover classification raster used for the initial georeferencing, so the orthorectification was deemed 

successful. The pixel values of the georeferenced images were converted to top-of-atmosphere 

(TOA) reflectance (𝜌𝑇𝑂𝐴) values using the method described in Section 2.3.1, with the calculations 

being applied using the raster calculator tool in ArcMap. This includes corrections for the sensor 

parameters: gain, offset, and effective bandwidth, as well as solar angle and earth-sun distance. 

Table A.2: Quality assessment of geometric corrections made to WorldView images 

Image Average error relative to 

GCPs after corrections (m) 

2015 WV-2 1.86 

2016 WV-2 1.95 

2018 WV-3 1.67 

2019 WV-3 1.61 

Mean 1.77 

 

Normalization 

A normalization procedure is necessary to ensure that similar, unchanging objects show the same 

reflectance value from year to year. This was completed using the PIF method (Schott et al., 1988). 

By generating regressions on inter-annual reflectance values within small, unchanging areas – the 

PIFs (e.g., deep water and dry bare ground / rock outcrop) – we derive linear normalization 

parameters (Table A.3) which are applied to each image to normalize them relative to a reference 

image (i.e. 2016). Mean reflectance values were extracted for each PIF using the Zonal Statistics 

tool in ArcMap. 
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Davranche et al. (2009) demonstrate the importance of selecting PIFs that cover a wide range of 

brightness values, so both bright and dark PIFs were selected using a visual approach.  Zhou et al. 

(2016) used a normalized difference water index (NDWI) for thresholding to assist PIF selection, 

but this method was not suited to this analysis given only a single (panchromatic) band was used. 

Dark PIFs were selected from areas of deep ocean. Highly variable sea ice conditions meant it was 

necessary to draw new dark PIFs for each pair of images. Bright PIFs identical to those used in a 

previous study at Cape Bounty (Freemantle, 2019) were used – although these now contained more 

pixels due to the higher resolution imagery used for this analysis. Regressions were developed 

using both the original PIFs (average pixel sample size 757) and smaller subsets (average pixel 

sample size 16) (Table A.3) – linear relationships between years were stronger when larger PIFs 

were used, which was supported by Yang & Lo (2000), and so the larger PIFs were used in the 

subsequent normalization. 

These normalization parameters were applied to the 2015, 2018, and 2019 images using the Raster 

Calculator tool in ArcMap, and the newly transformed (mean) reflectance values were once again 

extracted to assess the success of the normalization procedure (Fig. A.1). Across light PIFs, the 

average inter-annual range of reflectance values was 0.027 after normalization, compared to 0.156 

prior to normalization, a reduction of some 83%. A perfect normalization would result in zero 

variation between years for all PIFs, but since the same transformations were applied to all PIFs, 

this is difficult to achieve: i.e., any error is a result of error in the regressions, which is a reflection 

of the true invariance of the pseudo-invariant features. For example, if the satellite data were 

acquired after a period of rainfall then the PIFs may show lower reflectance compared to other 

years because of an increased surface/soil moisture. 
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Table A.3: Normalization parameters for WorldView images from the PIF method relative to the 2016 base 

image 

 Avg. PIF Size = 16 pix Avg. PIF Size = 757 pix 

Image  Slope Intercept R2 Slope Intercept R2 

2015 WV-2 1.030 0.052 0.982 1.028 0.001 0.985 

2018 WV-3 1.560 -0.003 0.902 1.581 0.005 0.919 

2019 WV-3 0.564 0.001 0.920 0.564 0.051 0.935 

 

 
Fig. A.1: Effectiveness of the pseudo-invariant features (PIFs) normalization method. Inter-annual 

reflectance range decreased by 83% as a result of normalization. Only bright PIFs shown in figure. 

 

Derivation of a First-Order Roughness Metric 

The standard deviation of residuals (SDres) (Grohmann et al., 2011) is a first-order measure of 

surficial variation, found by applying a rolling-window standard deviation across a raster 

containing the difference between an image and the same image but filtered. A 5x5 pixel low-pass 

filter (mean) is used for this process using the focal statistics tool in ArcMap, and differencing 

done using raster calculator. In the context of optical images, areas with higher SDres values 

represent those containing features that are more heterogeneous, leading to higher spectral 

variation. A summary of the workflow for preprocessing is outlined in Fig. A.2. 
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Fig. A.2: Schematic of pre-processing steps: geometric and radiometric correction, normalization procedure. 

 

 

Fig. A.3: Workflow for deriving the standard deviation of residual texture raster: Original image (A) and 5x5 

low-pass filtered version (B) are differenced to yield (C), onto which a 5 x 5 rolling standard deviation is 

applied to yield (D). 
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Results and Discussion 

SDres values were extracted using the zonal statistics tool in ArcMap, and the mean calculated 

within each PIF. In theory, since the PIFs should remain unchanged between years, and the images 

have been normalized, the inter-annual variation in first-order roughness within the PIFs should 

not exceed the error associated with the normalization procedure.  

However, significant differences in roughness were found between pixel values derived from the 

two sensors (Fig. A.4). A metric, the inter-sensor ratio (ISR), was calculated to quantify this inter-

sensor variation and is derived as follows: 

𝐼𝑆𝑅 =  
𝑃𝐼𝐹̅̅ ̅̅

2̅015 + 𝑃𝐼𝐹̅̅ ̅̅
2̅016

𝑃𝐼𝐹̅̅ ̅̅
2̅018 + 𝑃𝐼𝐹̅̅ ̅̅

2̅019

 

where 𝑃𝐼𝐹̅̅ ̅̅
�̅�𝑒𝑎𝑟 is the mean pixel value within all 22 PIFs in a given year.  

If no significant difference existed in roughness or brightness values between sensors, then ISR 

would be approximately one.  ISR for TOA reflectance values was indeed found to be close to one 

(1.03), indicating insignificant differences between sensors, and provides further evidence of the 

success of the PIF normalization procedure. ISR for spectral roughness, however, was found to be 

0.37, indicating a large disparity between pixel values derived from the two different sensors. 

 

(A.1) 
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Fig. A.4: A large discrepancy exists in first-order roughness between years using WorldView-2 images (2015 

& 2016) and WorldView-3 (2018 & 2019) images. Figure shows values for a subset of the light PIFs, nearest 

neighbour resampling. 

 

 

Instability in the roughness metric is evidently due to the differing sensor characteristics. Which 

sensor characteristic, though, remains unclear, as gain, offset, and effective bandwidth were all 

included in the radiometric calibration stage of pre-processing. The variation may also be the 

consequence of some aspect of the resampling process. 

Alternative Resampling Method 

To test this, the complete process was repeated as above but using a bilinear interpolation method 

during the initial resampling process. This method assigns to each resampled pixel a weighted 

average of the four pixel values surrounding it, with the weightings determined by the proximity 

of the resampled pixel’s centres to the original neighbouring pixels. Once values were extracted 

from the PIFs, the use of the bilinear interpolation method was found to reduce the disparity 

between sensors somewhat, but minimally, with ISR=0.49 for spectral roughness compared to 

ISR=0.37 when using the nearest neighbour method (Table A.4). The choice of resampling method 

is therefore one factor that contributes to the instability of the roughness metric. 
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Table A.4: Mean and standard deviation of inter-sensor ratio (ISR) within PIFs, TOA reflectance and SDres 

roughness 

 Normalized TOA reflectance Roughness: SDres 

Resampling method  Mean ISR SD ISR Mean ISR SD ISR 

Nearest neighbour 1.03 0.13 0.37 0.08 

Bilinear interpolation 0.99 0.11 0.49 0.13 

 

Conclusion 

Substantial care must be taken when working with a time series of texture metrics that are derived 

from different sensors. Even after resampling the images to a uniform cell size, applying a 

geometric correction, performing an absolute radiometric correction, and carrying out a successful 

normalization method, substantial variation existed in first-order roughness across years within 

PIFs. This variation was controlled to some extent by the choice of resampling method at the 

rectification stage, but the bulk of the disparity is likely due to differing sensor characteristics or 

differing environmental conditions between image acquisition dates. 

 Further consideration should be given to this problem: more specifically to understanding the root 

cause of these inter-sensor variations. The ability to accurately track roughness and texture changes 

across a time series may be a useful tool for monitoring the development of features such as ALDs 

and therefore has great utility within the field of periglacial geomorphology and to hazard 

monitoring. 
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Appendix B: Ground control points used for orthorectification of WorldView 

imagery 

GCP locations were collected with a Trimble® Geo XT GPS unit with external antenna in June, 

2012 (Rudy, 2016), with 1000 points per location being collected. Each GCP was marked with a 

1.0 X 0.5 m white cloth marker for visibility in WorldView images. The six GCPs listed below in 

Table B.1 - which represent a subset of the GCPs collected in the original publication – were the 

only ones clearly and unambiguously visible in all four WorldView images used in analysis. 

Table B.1: Ground Control Points (GCPs) Used in Orthorectification of Optical Satellite Imagery 

GCP Name Northing 

(m) 

Easting 

(m) 

Elevation    

(m, ASL) 

Horizonal 

Precision (m) 

Vertical 

Precision (m) 

CR-extra-2-1 8313819.175 542021.175 71.6 0.5 0.7 

CR-extra-3-1 8314963.777 544345.253 71.4 0.5 0.7 

CR-C 8315256.952 541849.289 73.5 0.6 0.7 

CR-NW 8316203.414 539656.966 81.5 0.5 0.7 

CR-extra-4-1 8316113.131 542358.514 82.5 0.6 0.7 

CR-NE 8316613.476 543874.898 117.8 0.6 0.7 
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Appendix C: Scale-dependence of surface roughness metrics: a comparison of 

surface roughness derived from field and remote sensing data 

Introduction 

Surface roughness metrics measured by two field techniques (Saleh chain method and a 0.92 m 

pin profiler) were compared to first- and second-order texture metrics derived from high spatial 

resolution satellite optical and synthetic aperture radar (SAR) data, as well as 2 cm resolution 

digital surface models (DSMs) derived from unmanned aerial vehicle (UAV) image data. 

Semivariogram range estimates were used as an additional metric for deriving surface roughness 

from remote sensing data. This allows for the examination of surface roughness on spatial scales 

ranging from sub-centimeter to multiple metres. Few significant relationships were found between 

any of the field metrics and the remote sensing metrics, which demonstrated that the upscaling of 

field-measured surface roughness from satellite imagery proves to be a significant challenge and 

that the choice of measurement technique should be carefully considered. 

 

Field Methods 

Chain Method 

The chain method (Saleh, 1993) provides an approximation of the variance in the microrelief along 

a transect. As a flexible chain is fitted to the microtopography of progressively rougher surfaces, 

the ratio of length of the fitted chain to the original chain length will decrease. From this, we derive 

the Saleh roughness factor SRF which is defined as: 

𝑆𝑅𝐹 = 100 ∗ (1 −
𝑥𝑚

𝑥0
) (C.1) 
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where xm is the measured horizontal length of the fitted chain, and x0 is the original chain length. 

A perfectly flat surface would therefore have SRF = 0 

At each site (n = 47), a 14.1 m long chain consisting of 1.5 cm metal links was fitted to the ground 

along a transect oriented to the satellite look direction (251° azimuth) and the straight line end-to-

end distance (x axis) of the now fitted chain was measured using a tape measure. This was repeated 

along the perpendicular direction (161° azimuth). The measured straight-line distance was not 

necessarily horizontal; the tape measure was placed a hand’s height above the chain during 

measurement rather than at ground level to avoid obstacles such as large stones, ensuring that it 

was pulled in a straight line. This means that the line of measurement follows the general slope 

between chain end points, meaning the calculated SRF describes only microrelief and not the wider 

relief along the transect. 

 
Fig C.1: The chain method. The undulating fitted chain and the guiding tape measure in an area of mesic 

tundra (left) and in an area of bedrock/felsenmeer (right). Chain links are 1.5 cm. 

 

Pin Profiler 

As a second metric of fine-scale surface roughness, a 0.92 m pin or needle profiler (184 pins with 

0.5 cm spacing) (Fig. C.2) was used to capture microtopography at each plot. The profiler’s ‘feet’ 
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were inserted into the ground and leveled with a spirit level. The lever holding the pins up was 

released allowing the pins to fall through pre-drilled holes onto the ground, conforming to the 

profile of the local microrelief (Fig. C.3). An image of the settled pins was then taken using a 

digital camera fixed on the end of a 70 cm long arm extending out from the profile center. The 

pins, which were sufficiently light so as not to create indentations in the ground surface upon 

release have tops covered with red tape to provide visual contrast against the white backboard to 

assist with processing of each profile image. The pin profiler has the advantage over, for example, 

a laser profilometer in that it more accurately measures microrelief whereas a laser profilometer 

can reflect off dry vegetation and misrepresent the true profile (Oh & Hong, 2007).  

 

Fig C.2: Characteristics of the pin profiler: (A) spirit level; (B) screw feet; (C) 184 pins spaced every 5mm 

with red tape covering the tips; (D) digital camera attached to (E) 70cm long camera arm perpendicular to 

the backboard. Pins are dropped by releasing the bungee cord (F) which holds up the release flap (G). 
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Fig C.3: Two examples of pin profile images (inverted) and their respective QuiP profiles in a relatively flat 

area of polar (semi) desert (left) and a hummocky area of wet sedge (right).  

 

Six consecutive profiles were taken along two orthogonal transects sharing the same bearings and 

center point as those used for the chain method. This yielded a total of twelve profile images for 

each plot along two 5.52 m perpendicular transects – ensuring sampling across a distance 

equivalent to a minimum of two pixels of U4-beam SAR data and derivatives in each direction. 

Profile heights and statistics were extracted from the .jpeg images using the Quick Profiler (QuiP) 

(Trudel et al., 2010). The software applies a lens correction and the software automatically extracts 

the relative heights of each profile pin based on the image geometry that is manually entered by 

the user. Longer overall profile lengths are expected to yield larger and more accurate derived root 

mean square heights (hRMS) and correlation lengths (L) (Oh & Kay, 1998), so the software was 

used to merge each set of 6 profiles into a single 5.5 m profile from which hRMS and  L were 

calculated. An analysis of variance was used to test for differences in field roughness between 

vegetation classes. Significant differences were found for the chain method (p < 0.001), but not 

for the pin profiler method; i.e., hRMS (p = 0.104) and correlation length (p = 0.396) (Fig C.4). 

However, this may be attributed to the longer chain transect capturing more of the landscape 

variability than the shorter pin profiler transects. 
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Fig C.4: Boxplots showing variability of the three field-measured roughness metrics. Significant differences 

between vegetation classes were found only for the chain method. BR bare earth; MT mesic tundra; PD polar 

(semi) desert; WS wet sedge. 

 

A new variable, 𝑍𝑠, is introduced to combine pin profile-derived L and hRMS into a single variable 

i.e., 𝑍𝑠 = ℎ𝑅𝑀𝑆
2 /𝐿 (Zribi & Dechambre, 2002) - this is designed to reduce the weight of correlation 

length, which is known to be challenging to measure accurately (Baghdadi et al., 2000, 

Collingwood et al., 2014). Pearson product moment correlations were calculated to test for 

significant correlations between chain and pin profiler measurements (Table C.1). Significant 

relationships were found between chain SRF and both Zs and hRMS when all sites are considered. 

 

Table C.1: Pearson product moment correlations (p-values) for relationships between chain and pin profile 

roughness metrics, all transects treated as independent. (Note: Saleh Roughness Factor (SRF)) 

 Variables of Correlation Test 

Veg. Class Chain SRF – Pin Zs Chain SRF – Pin hRMS Chain SRF – Pin L 

MT (n=20) 0.480 (0.032) 0.423 (0.063) -0.021 (0.929) 

PD (n=24) 0.266 (0.208) 0.227 (0.2851) -0.089 (0.678) 

WS (n=20) -0.187 (0.428) -0.010 (0.967) 0.264 (0.260) 

All (n = 64) 0.406 (0.001) 0.352 (0.003) -0.007 (0.954) 
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On the homogeneity of study plots 

Although study plots were selected based on their apparent land cover and textural homogeneity 

as identified from satellite imagery and from field observations, it was found that the field-

measured roughness showed large variation between measurement directions. If the local 

microtopography was perfectly isotropic then we would expect a perfect linear fit between the two 

measurement directions for each of the roughness metrics. However, lower coefficients of 

determination were found: R2 = 0.63 and R2 = 0.60 for the chain roughness and pin profile Zs 

metrics respectively (Fig. C.5). 

 

These results are consistent with expectations at some of the plots where measurement of the local 

microtopography will capture the depressions of striped patterned ground on sloping terrain 

(French, 2007) or the boundary of an ice-wedge polygon in one direction but not the other. 

Alternatively, a large part of the variation between measurement directions may be as a result of 

measurement error. Unwanted variation in the ‘y-direction’ when fitting the chain will shorten it 

and give the appearance of a rougher surface. This problem could be minimized by using a bicycle 

chain instead, which only flexes in one direction. Minimal measurement error is associated with 

the pin profiler, however some error may be introduced when the individual profiles are being 

stitched together in QuiP if the start position of one transect does not align up perfectly with the 

end of the next. This suggests that a single roughness profile may not be representative of any 

given study plot, and that an average of measurements taken along different directions may be a 

better metric of plot-wise surface roughness.  
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Fig C.5: Heterogeneity of study sites. Relationships between 161° and 251° profiles for the two ground 

roughness metrics: chain Saleh roughness factor (SRF) (A) and pin profile Zs (B). Linear best fit shown with 

95% confidence shaded. 

Comparison of Field Roughness Metrics to Remote Sensing  

Two remote sensing products for the study site are examined in this section: (i) a 0.31m resolution 

top-of-atmosphere (TOA) reflectance image derived from a panchromatic WorldView-3 image 

acquired on August 4, 2019; and (ii) a despeckled Radarsat-2 U4-beam MLI image acquired on 

August 2, 2019. See Chapter 2 for details. 

 

Zonal Statistics Approach 

A 60 m transect was drawn through the centre of each study plot (n = 33) in the satellite look 

direction (251° bearing) using the Create Features tool in ArcMap (Version 10.7.1;  ESRI, 2019), 

around which 10 m buffers were constructed, creating a 600 m2 area within which zonal statistics 

were calculated from: (i) the TOA scene; (ii) a first-order texture metric derived from the TOA 

scene; and (iii) the filtered MLI image. Pixel range and standard deviation were calculated for each 

of the three products as these are two metrics of pixel variation in the scene which might relate to 

variation in microtopography, hence yielding six roughness parameters. Statistics for site TX-15 

were discarded due to cloud cover in the WorldView image. 
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Pearson-product moment correlations were calculated in R and used to test for relationships 

between these zonal statistics and the field-measured roughness values (Table C.2). Significant 

correlations were found between chain SRF and texture metrics derived from the WorldView-2 

scene. All other correlations were not significant (p>0.05). This suggests that the potential of 

remote sensing products and first-order texture derivatives for scaling up ground-measured 

roughness values is extremely limited; i.e., the resolution of the satellite imagery is too coarse to 

capture the same level of microtopographic detail as the field methods (Morris et al., 2008). 

 

Table C.2: Pearson product moment correlations (p values) for relationships between field roughness metrics 

and zonal statistics from remote sensing products (n = 32). Significant correlations are in bold. 

 WorldView-2, 2019 Panchromatic Radarsat-2 

 TOA TOA 1st Order Texture Aug 2 MLI 

 Range Std Dev Range Std Dev Range Std Dev 

Chain SRF -0.504 (0.003) -0.305 (0.085) -0.431 (0.012) -0.437 (0.011) 0.151 (0.394) 0.072 (0.688) 

Pin Zs -0.074 (0.684) -0.021 (0.907) -0.107 (0.552) -0.188 (0.294) -0.092 (0.605) -0.149 (0.400) 

 

A different approach - semivariograms 

In one dimension, the semivariance (γ) for a given lag (h) is calculated by: 

 

𝛾(ℎ) =
∑ {𝑧(𝑥𝑖) − 𝑧(𝑥𝑖 + ℎ)}2𝑛

𝑖=1

2𝑛
 

where z is the value of the variable of interest at point x, and n is the number of pairs of 

measurements taken at each lag distance (Meisel & Turner 1998). Semivariance as a function of 

lag can be plotted in a semivariogram (Fig. C.6). Several models are available to fit a curve to the 

semivariogram. For this research, the spherical model is employed, using the gstat package in R. 

The range of the semivariogram - where the fitted model becomes asymptotic to the sill – was the 

(C.2) 
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metric of surface roughness used, and this is considered analogous to the correlation length of the 

pin profiles.  

 

 

Fig C.6: Sample semivariogram fit showing the definition of the range, sill, and nugget (spherical model). 

 

Optical and Synthetic Aperture Radar Satellite Imagery 

To examine possible differences in semivariogram range within different land cover types, forty 

130 m-long transects were drawn within each vegetation class, all at a 161° bearing. Transect 

positions had good coverage across the study area and were positioned such that they remained 

entirely within a single land-cover class (Hung & Treitz, 2020). Semivariograms were fitted using 

extracted pixel values from along each transect using the spherical model and the range calculated 

and only fits that converged were included in the analysis. For each remote sensing product, a one-

way analysis of variance (ANOVA) was used to test for significant differences between vegetation 

classes (Table C.3). No significant differences were found, suggesting that examining 

semivariogram range is not an effective method for discriminating between land cover types in 

this environment or that the image resolution in unsuited to distinguishing between land cover 

types, 
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Table C.3: Semivariogram range (m) along plot transects for several different products, by vegetation class.  

  Semivariogram Range:  

Mean and (Std Dev) [m] 

 

Product Texture Metric 

Applied 

Mesic 

Tundra 

Polar 

(semi) 

Desert 

Wet  

Sedge 

ANOVA 

2019-08-04 WV-3 None 13.6 (9.1) 14.1 (11.1) 16.8 (13.7) F(2,114) = 0.864,  p = 0.424 

2019-08-04 WV-3 SDres (5x5) 6.4 (3.2) 8.4 ( 5.7) 8.4 (7.2) F(2,119) = 1.551, p = 0.216 

2019-08-04 WV-3 Mean (5x5) 17.6 (13.9) 19.8 (17.7) 18.2 (13.2) F(2,110) = 0.233, p = 0.801 

2019-08-02 RS-2 None 20.8 (4.6) 24.8 (9.1) 25.6 (13.9) F(2,25) = 0.467,  p = 0.632 

 

UAV-derived Digital Surface Models (DSMs) 

Next, we compare semivariogram range derived from high resolution DSMs to field roughness 

measurements. Three parallel 15 m-long transects spaced 5 m apart and oriented in the look-

direction of the SAR acquisitions (251 ° bearing) were drawn through the centre of each plot’s 

DSM using the shapefile editing tool in ArcMap. DSMs were photogrammetrically derived from 

UAV imagery captured during the 2019 field season. See Appendix F for details of DSM 

generation. Elevation values were extracted along each transect and the semivariogram range 

derived in R, and the ranges were averaged for each plot. Average semivariogram ranges were then 

examined against the field roughness metrics for each plot (n = 21) (Fig C.7). The relationships 

were found to be insignificant via the Pearson product moment correlation test and linear models 

failed to provide good fits. Since the semivariogram range and pin profile correlation length 

quantify similar things, this is an indicator that: (i) one or both of the roughness indices are more 

sensitive to scale than expected; or (ii) that semivariance derived from UAV DSMs is unsuitable 

for measuring surface roughness. 
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Fig C.7: Relationships between average semivariogram ranges of the UAV digital surface model-derived 

texture metric and the field-measured roughness for each study site. BR bare ground; MT mesic tundra; PD 

polar (semi) desert; WS wet sedge. 

 

Conclusion 

Ultimately, this analysis emphasizes the importance of scale in any assessment of 

microtopography, not only in quantifying surface roughness but also in assessing the homogeneity 

of sites. The relationships between field-measured roughness and remote-sensing derived texture 

were tenuous at best, suggesting that the roughness metric chosen to describe a study plot should 

be carefully considered and evaluated. Tests to reliably connect field roughness metrics to texture 

derived from high resolution DSMs via a zonal statistics and a transect semivariance approach also 

proved unsuccessful. Meanwhile, semivariance-based metrics derived from both optical and SAR 

satellite imagery were unable to discriminate between land cover types, but the Saleh roughness 

factor did find significant differences between vegetation classes. In-situ ground roughness 

measured via the chain method might therefore have the potential to serve as inputs to any future 

land cover classification algorithm in a similar environment. 
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Appendix D: Field surface roughness measurements, summer 2019 

Table D.1 lists all field-measured surface roughness measurements recorded at the Cape Bounty 

Arctic Watershed Observatory (CBAWO) during the 2019 summer field campaign. The chain 

method was employed at 47 sites between June 28th and August 10th, and the pin profiler used at 

34 sites during the same period. Details of the measurement methods and definitions of chain Saleh 

roughness factor (SRF), pin profiler hRMS, and pin profiler correlation length (L) are provided in 

Appendix C. Pin profile values marked with an asterisk * are those where profile statistics were 

calculated from a transect of five images rather than the standard six, because of missing data. 

Table D.1: Field-measured surface roughness measurements, summer 2019 

 
UTM Coordinates 

(WGS84, Zone 12X) 
 

Chain Saleh 

roughness factor 

(SRF) 

Pin Profiler 

hRMS (cm) 

Pin Profiler 

Correlation Length 

L, (cm) 

Site Easting Northing Veg Class 161° 252° 161° 251° 161° 251° 

TX-01 540456 8313040 MT 3.89 6.37 1.98 2.36 41.0 36.5 

TX-02 540811 8313610 WS 4.81 7.50 2.98 5.73 63.5 214.0 

TX-03 540606 8313840 MT 3.68 5.02 2.31 3.54 34.0 43.5 

TX-04 540018 8312944 WS 3.40 6.02 4.14 4.07 50.0 30.0 

TX-05 540410 8314225 PD 4.53 5.38 2.76 1.98 56.0 12.0 

TX-06 540131 8314110 PD 2.97 2.05 5.29 1.97 50.0 28.0 

TX-07 540962 8314348 WS 7.78 7.64 3.25 5.32 33.0 47.0 

TX-08 541823 8313470 BR 8.56 12.10 3.33 4.37 34.0 30.5 

TX-09 540972 8314522 WS 7.50 6.51 2.41 3.11 36.5 35.0 

TX-10 542068 8313100 PD 4.32 5.31 1.04 0.87* 31.5 13.5* 

TX-11 539264 8313540 MT 5.87 4.67 3.53 3.17 39.5 39.5 

TX-12 541830 8314142 WS 7.43 4.74 4.75 4.22 45.5 33.0 

TX-13 540392 8314670 MT 7.43 8.70 2.58 3.02 35.0 20.0 

TX-14 539160 8313141 WS 6.37 7.64 2.05 2.29 17.5 29.0 

TX-15 539227 8314172 PD 4.18 4.25 3.31* 3.74 40.5* 56.5 

TX-16 541158 8315135 PD 2.97 2.76 2.76 1.38 47.0 20.5 

TX-17 542086 8314730 BR 5.02 8.14 1.89 1.99 34.5 50.0 

TX-18 542422 8314490 MT 4.74 5.24 2.10 1.46 29.5 26.0 

TX-19 542673 8314090 PD 5.17 3.96 1.47 1.69 24.0 62.5 
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TX-20 542864 8313785 WS 6.79 6.37 2.95 3.79 17.0 53.5 

TX-21 541342 8315524 PD 7.15 6.02 4.65 5.50 54.5 114.5 

TX-22 538285 8313099 WS 5.24 5.52 2.58 4.23 42.8 38.0 

TX-23 538517 8313780 PD 4.81 3.96 3.77 2.50 50.5 52.5 

TX-24 541308 8315780 PD 2.83 3.11 3.04 2.41 111.5 154.0 

TX-25 539780 8315760 MT 4.74 4.81 1.84 2.03 15.0 23.0 

TX-26 541051 8315904 PD 3.75 5.73 2.77 1.96 82.0 26.0 

TX-27 539898 8316340 WS 6.58 6.94 1.93 3.41 8.0 44.5 

TX-28 542078 8316260 MT 6.37 6.02 1.66 4.49 18.5 99.5 

TX-33 541325 8313453 PD 4.39 4.88 1.24 1.99 15.5 45.5 

TX-34 540500 8314072 PD 2.83 3.33 1.88 0.72 31.5 7.0 

TX-35 538818 8313234 MT 4.39 5.02 2.14 2.38 23.0 52.5 

TX-36 540060 8313921 MT 7.57 9.34 2.53 2.16 21.5 55.5 

TX-37 540192 8314435 WS 7.22 8.63 2.29 3.70 73.5 121.0 

TX-38 540649 8313297 MT 8.42 7.86 5.32 6.30 23.5 26.5 

TX-39 541878 8312360 MT 3.82 6.16 - - - - 

TX-40 541462 8312529 WS 6.30 6.65 - - - - 

TX-41 541346 8314320 BR 13.38 9.06 - - - - 

TX-42 540772 8315218 PD 4.10 3.68 - - - - 

TX-43 541718 8315059 MT 6.09 6.09 - - - - 

TX-44 540814 8314939 PD 3.82 3.33 - - - - 

TX-45 541231 8313885 MT 7.64 6.30 - - - - 

TX-46 540195 8316228 PD 5.87 5.94 - - - - 

TX-47 540075 8316277 MT 13.59 14.30 - - - - 

TX-48 540103 8315434 MT 10.62 8.49 - - - - 

TX-49 540047 8314906 PD 4.32 4.67 - - - - 

TX-50 540552 8314931 WS 5.80 6.86 - - - - 

TX-51 540677 8313708 MT 3.33 5.02 - - - - 
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Appendix E: Soil moisture and active layer thickness data 

Table E.1 lists all volumetric soil moisture and active layer thickness (ALT) measurements 

collected at the CBAWO during summer of 2019. Each value represents the average of 5 

measurements: a central point (coordinate listed in Table E.1) and four additional points, one in 

each cardinal direction, 5 metres from the central point. Volumetric water content was measured 

using a Delta-T ThetaProbe soil moisture sensor, which carries a 1% accuracy rate according to 

the manufacturer. ALT was measured by pushing a 1.5 m metal probe to the point of contact with 

the permafrost table and reading the depth from marks spaced 1cm along the length of the probe. 

Table E.1: In situ soil moisture and active layer thickness measurements, summer 2019 

 UTM Coords. 

(WGS84, Zone 12X) 

 Soil Moisture 

 (VWC) (m3/m3) 

  

Active Layer Thickness (m) 

Site Easting Northing Veg Class Jul 9, 2019 Aug 2, 2019  Jul 9, 2019 Aug 2, 2019 

TX-01 540456 8313040 MT 0.43 0.38  0.34 0.72 

TX-02 540811 8313610 WS 0.64 0.58  0.59 0.71 

TX-03 540606 8313840 MT 0.34 0.39  0.45 0.63 

TX-04 540018 8312944 WS 0.98 0.81  0.35 0.39 

TX-05 540410 8314225 PD 0.20 0.21  0.74 0.72 

TX-06 540131 8314110 PD 0.24 0.31  0.64 0.76 

TX-07 540962 8314348 WS 0.40 0.28  0.43 0.58 

TX-08 541823 8313470 BR 0.21 0.14  0.57 0.51 

TX-09 540972 8314522 WS 0.77 0.81  0.50 0.64 

TX-10 542068 8313100 PD 0.17 0.41  0.65 0.84 

TX-11 539264 8313540 MT 0.21 0.25  0.52 0.67 

TX-12 541830 8314142 WS 0.67 0.91  0.36 0.38 

TX-13 540392 8314670 MT 0.48 0.64  0.50 0.49 

TX-14 539160 8313141 WS 0.28 0.77  0.36 0.46 

TX-15 539227 8314172 PD 0.17 0.33  0.51 0.76 

TX-16 541158 8315135 PD 0.19 0.25  0.50 0.78 

TX-17 542086 8314730 BR 0.17 0.13  0.53 0.49 

TX-18 542422 8314490 MT 0.29 0.55  0.50 0.55 

TX-19 542673 8314090 PD 0.22 0.35  0.54 0.70 
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TX-20 542864 8313785 WS 0.54 0.66  0.50 0.67 

TX-21 541342 8315524 PD 0.42 0.47  0.66 0.77 

TX-22 538285 8313099 WS 0.41 0.89  0.41 0.64 

TX-23 538517 8313780 PD 0.14 0.31  0.55 0.69 

TX-24 541308 8315780 PD 0.14 0.20  0.58 0.58 

TX-25 539780 8315760 MT 0.34 0.39  0.51 0.58 

TX-26 541051 8315904 PD 0.22 0.37  0.59 0.73 

TX-27 539898 8316340 WS 0.66 0.95  0.48 0.59 

TX-28 542078 8316260 MT 0.31 0.45  0.49 0.55 

TX-33 541325 8313453 PD 0.18 0.35  0.61 0.68 

TX-34 540500 8314072 PD 0.20 0.23  0.67 0.78 

TX-35 538818 8313234 MT 0.15 0.44  0.44 0.62 

TX-36 540060 8313921 MT 0.50 0.51  0.52 0.77 

TX-40 540192 8314435 WS 0.78 0.63  0.47 0.61 
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Appendix F: UAV flights and digital surface models (DSMs) 

Images from unmanned aerial vehicles (UAVs) in combination with GCPs can bridge the gap between 

ground-based measurements and satellite imagery, which has limited resolution (Lucieer et al., 2014). 

These data and have been used to generate high precision digital surface models (DSMs) from low-altitude 

aerial imagery (Harwin & Lucieer, 2012; Lucieer et al., 2014) and for estimating the volume of displaced 

materials in retrogressive thaw slumps (van der Sluijs et al., 2018).  

Low-altitude aerial image data were collected by a DJI Phantom 3 quadcopter UAV at 16 sites around the 

CBAWO (Table F.1) in order to generate extremely high-resolution DSMs. The UAV was flown manually 

and at an altitude of 20 m along pre-calculated flight lines which were designed to ensure good ground 

coverage. The proximity of the CBAWO to the Magnetic North Pole means that the internal UAV 

navigation algorithms are unstable and deployment requires manual operation which can be particularly 

challenging in windy conditions, leading to small data gaps in many of the scenes. A typical flight would 

capture approximately 150 three-band DNG (digital negative) format images of resolution 960 x 720 

pixels, all at nadir. Nine GCPs arranged in an 80 m x 80 m grid with associated GPS measurements (with 

Garmin GPSMAP 60CSx) were laid down within the plot prior to each flight to assist with georeferencing. 

Photogrammetric processing was completed in Metashape (Version 1.6.0; Agisoft, St Petersburg, Russia, 

2019). 

Photographs were aligned with the high accuracy setting. The dense cloud was built with high quality and 

mild depth-filtering settings. At this stage the GCPs (9/ha, position measured for 60 seconds using Garmin 

GPSmap 60CSx unit) were added and the cameras were re-aligned. A height-field mesh is built using the 

dense cloud as its input, with high quality depth maps. Next, texture is built using the mosaic blending 

mode, and with hole filling enabled. Finally, the DSM is generated using the mesh as input, projected to 

WGS 1984 UTM Zone 12. Finished DSMs had an average spatial resolution of approximately 1.7 cm 
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(Fig. F.1). Small processing artifacts (mostly linear discontinuities) were present in many of the finished 

DSMs and were subsequently masked out of further analysis. Orthomosaics were also generated as the 

final step in the processing sequence but differing illuminations between sites as a result of different solar 

angles and cloud conditions and the unavailability of reference solar radiance values for calibration meant 

that the orthomosaics were unsuited for textural analysis.  

 

Fig. F.1: Digital surface model showing elevation at site TX16 (a) and the corresponding true colour orthomosaic (b). 

Each image covers an area of approximately 1 ha. 

 

Table F.1: Photogrammetric attributes of digital surface models 

Site First image 

Date/Time (CST) 

No. of 

images 

Tie 

Points 

Dense Cloud 

Points 

Model faces DSM Resolution  

(cm / pix) 

TX-01 2019-07-05 12:04 141 75,391 60,386,390 11,985,631 1.72 

TX-02 2019-07-04 11:07 152 57,661 44,893,787 8,876,503 2.14 

TX-03 2019-07-05 17:20 134 87,946 61,943,881 12,227,557 1.73 

TX-04 2019-07-05 10:51 106 68,571 45,476,184 9,007,994 1.90 

TX-05 2019-07-19 12:28 97 79,427 60,307,335 11,830,383 0.88 

TX-07 2019-07-17 10:17 198 144,727 90,708,762 17,983,785 1.39 

TX-08 2019-08-07 19:38 200 122,948 89,268,316 17,715,965 1.40 

TX-09 2019-07-17 11:04 279 122,534 74,113,381 14,670,315 1.73 

TX-10 2019-08-08 14:53 157 156,757 92,961,229 18,415,862 1.42 

TX-12 2019-07-18 15:41 135 132,349 77,421,676 15,384,114 1.40 

TX-16 2019-07-18 12:05 189 108,945 18,933,001 3,718,947 3.15 

TX-22 2019-07-04 14:18 171 72,721 51,875,916 10,247,523 2.05 

TX-23 2019-07-04 15:36 120 49,127 39,554,961 7,819,989 2.19 
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TX-33 2019-07-19 17:49 149 91,549 69,680,979 13,779,679 1.57 

TX-37 2019-08-08 11:49 140 159,039 94,541,198 18,775,689 1.58 

TX-40 2019-08-04 21:55 132 103,915 70,328,774 13,959,637 1.39 
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Appendix G: Map of slope, Cape Bounty 

Local slope (degrees) was derived from a digital elevation model in Whitebox GAT (Lindsay, 2016) which 

was itself derive from a summer 2012 WorldView-2 stereopair by Collingwood et al., (2014). Calculated 

slope values are shown in Fig. G.1. 

 

 
Fig. G.1: Calculated local topographic slope at Cape Bounty. 
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