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Abstract

Greenland glaciers have three primary seasonal ice flow patterns, or “types”: terminus
driven, runoff driven, and runoff adapting. To date, glacier types have been identified
by analyzing flow at a single location near the terminus; information at all other loca-
tions is discarded. Here, we use principal component (PC) / empirical orthogonal func-
tion (EOF) analysis to decompose multi-year time series of glacier speed, combined from
three satellite-derived products at four glaciers feeding Sermilik Fjord, Greenland. This
improves on single-point methods by yielding temporal patterns (PCs), which allow iden-
tification of glacier type, and associated spatial patterns (EOFs), which ensure the re-
sult reflects data at all locations on the glacier. We find that the leading mode is uni-
formly signed over the entire glacier domain, that this mode explains the majority of the
variance in speed, and therefore that glacier type can be inferred from the leading PC.
We find that Helheim Glacier was terminus-driven, Fenris Glacier and Midgard Glacier
were runoff-adapting, and Pourquoi-Pas Glacier was runoff-driven over 2016-2021. Our
classification agrees with previous work for Helheim and Midgard Glaciers, but differs

at the other two. At all but Fenris Glacier, the leading PC correlates significantly with
the speed pattern observed at the single point used in previous analyses. Thus, Fenris
Glacier has more complex flow patterns than single-point analysis can capture, and wider
spatial analysis techniques such as EOF/PC are required. We suggest that, due to its
low computational cost and inclusion in standard analysis packages, EOF /PC analysis
should be used for assessing glacier type.

Plain Language Summary

Glaciers change their flow speed throughout the year. Most glaciers move slowest
in winter and more quickly during summer, but subtle differences in the timing give us
clues as to what controls the speed of the glacier. Some glaciers respond to ocean con-
ditions (“terminus-driven”), others respond to ice melting at the top surface of the glacier
(“runoff-driven”), and still others adjust their water systems as the ice melts, respond-
ing to the same melt in a different way (“runoff-adapting”). We do not know the types
of all glaciers, nor what causes a glacier to be a certain type.

Previous work identified the types of a few dozen glaciers around Greenland by man-
ually examining ice flow at a single point on each glacier. Here, we take a wider approach
by mathematically extracting patterns in ice flow across the entire glacier, not just a sin-
gle point. We analyze four glaciers that flow into the same fjord in East Greenland. Our
results broadly agree with the previous simpler analyses, but differ at two glaciers and
identify possible “multi-type” glaciers. Thus, our method holds promise in the quest to
discover what controls the seasonal flow patterns of Greenland glaciers.

1 Introduction

Outlet glaciers around Greenland are responding to anthropogenic climate change
by retreating, thinning, flowing faster, and increasing their rate of ice discharge into the
ocean (Mankoff et al., 2019; King et al., 2020; Mouginot et al., 2019). It is essential that
the ice sheet modeling community be able to forecast these changes in aggregate so that
stakeholders can plan for sea-level rise and policy makers can enact mitigation measures
in the coming decades and centuries. Such forecasts require an understanding of the fac-
tors that drive past and ongoing changes in these glaciers so that these factors can be
accurately incorporated into ice sheet models. Over the past decade, it has come to light
that there is wide variability in the evolution of different Greenland glaciers, both over
the multi-year to decadal scale (e.g., Csathé et al., 2014; Bjerk et al., 2018; Mankof! et
al., 2019; King et al., 2020; Bevan et al., 2015) and at the sub-annual or seasonal scale
(e.g., Moon et al., 2014; Joughin et al., 2019). There is mounting evidence that sub-annual
behavior affects the long-term evolution of a glacier: models that resolve a seasonal cy-
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cle or include stochastic perturbations produce different results than models that do not
(Felikson et al., 2022; Mantelli et al., 2016). Unfortunately, sub-annual patterns of ice
flow variability differ from glacier to glacier (Moon et al., 2014; Vijay et al., 2019), and
glaciers with similar geometries and climatic forcings, even neighboring glaciers that ter-
minate in the same fjord, often show disparate sub-annual patterns (I. M. Howat et al.,
2010, 2010; Vijay et al., 2019; Davison et al., 2020). Overall, we do not yet understand
the factors and forcings that change seasonal ice dynamics well enough that these can
be accurately represented in ice-sheet models that make sea-level rise predictions.

The advent of accurate, spatially extensive, and temporally dense measurements
of ice velocity around the Greenland Ice Sheet (Joughin et al., 2010) facilitated the dis-
covery that different marine-terminating outlet glaciers around Greenland have differ-
ent seasonal cycles in their flow speed. Pioneering work by Moon et al. (2014) sorted these
seasonal flow patterns into three distinct glacier types. Seasonal speed variations of Type
1 glaciers are driven by the position of the terminus. This is because extended termi-
nus positions provide additional sidewall friction that slows ice flow within ~10 km of
the terminus (Moon et al., 2014; I. M. Howat et al., 2010). On Type 2 glaciers, seasonal
speed variations are highly correlated to the volume of meltwater runoff in its catchment;
annual maximum speeds thus generally occur at the peak of the melt season, in June or
July (Moon et al., 2014). Here, the simple conceptual model that basal water reduces
friction and speeds ice flow applies. Finally, seasonal speeds on Type 3 glaciers also re-
late to runoff volumes, but speeds reach their annual maxima in the early melt season,
decline by the peak of the melt season, and slowly rise over the autumn, winter, and early
spring (Moon et al., 2014). At Type 3 glaciers, the Iken and Bindschadler (1986) or Iken
and Bindschadler (1986) model, that the subglacial hydrologic system adapts to accom-
modate high runoff, applies. For these reasons, Type 1 glaciers are often referred to as
“terminus driven”, Type 2 as “runoff driven”, and Type 3 as “runoff adapting”.

Some Greenland glaciers have consistent types, while others can change types from
year to year (Moon et al., 2014; Vijay et al., 2019). For instance, a more intense melt
season can temporarily drive a normally runoff-driven glacier into runoff-adapting be-
havior for the year, as was observed by Vijay et al. (2021) during the high melt year 2019.
Type can vary not only in time but also in space: neighboring glaciers that terminate
into the same fjord can have different seasonal ice flow types, even despite having sim-
ilar climates, ocean boundary conditions, and basal or sidewall lithologies (Davison et
al., 2020).

In Greenland, glacier types have been analyzed island-wide (Moon et al., 2014; Vi-
jay et al., 2019, 2021), within a regional sector (Sakakibara & Sugiyama, 2019), or at fo-
cal glaciers (Lemos et al., 2018). These previous studies analyzed ice flow at specific po-
sitions along the centerline of each glacier, often located approximately one half-width
(a few kilometers) from the terminus, a benchmark set by Moon et al. (2014). Usually,
analyses of many glaciers study a single site at each glacier (Moon et al., 2014; Vijay et
al., 2019, 2021; Sakakibara & Sugiyama, 2019), while analyses that focus on a smaller
number of large glaciers study ice flow at two to eight points along a flowline. For in-
stance, at Zachariae Ice Stream, Lemos et al. (2018) studied three points within 30 km
of the terminus, while Ultee et al. (2021) studied 23 points at 1 km spacing on Helheim
Glacier, and six points within ~20 km of the terminus were analyzed at Jakobshavn Glacier
by Joughin et al. (2012, 2019), at Helheim and Kangerdlussuaq Glaciers by Kehrl et al.
(2017), and at three glaciers feeding Godthabsfjord by Davison et al. (2020). At all these
glaciers, the seasonal variations in ice flow were synchronous across all study points, with
more muted variability inland that was in phase with the variability nearer the termi-
nus. On Kangerlussuup Sermia, however, the inferred glacier type varied with analysis
location. In 2017, this glacier was runoff-adapting within ~10 km of its terminus, but
changed to runoff-driven at distances greater than ~15 km from its terminus (Vijay et
al., 2021). This points to a fundamental limitation of analyses at a small number of points
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Figure 1. (inset) Location of Sermilik Fjord in eastern Greenland. (main) Sermilik Fjord
contains four major outlet glaciers (labeled). The base map is a mosaic of Sentinel-2 images from
summer 2019 (MacGregor et al., 2020). The terminus positions from 1999-2019, color-coded by
year, are from PROMICE (Korsgaard, 2021).

near the terminus, as has largely been performed on large glaciers to date, and at sin-
gle points near the terminus, as has commonly been done in ice-sheet-wide studies of glacier

type.

Here, we explore the hypothesis that seasonal flow type inferred across an entire
glacier trunk may differ from the type inferred from a single point. We focus on four glaciers
that terminate in Sermilik Fjord, Southeast Greenland, shown in Figure 1; we use Kanger-
lussuup Glacier, in central western Greenland, as an additional test case. We use em-
pirical orthogonal function (EOF) / principal component (PC) analysis to extract tem-
poral patterns that are coherent in space across the trunks of four glaciers that termi-
nate in Sermilik Fjord, Southeast Greenland. We infer glacier type from these tempo-
ral patterns. Our application of PC/EOF analysis has two advantages: we do not dis-
card information from points off the centerline, and the analysis returns multiple modes
of variability, which allows us to infer and quantify the prevalence of multiple glacier types
at a single glacier.

To date, the application of EOF / PC analysis within glaciology has been some-
what limited: only Mair (2002); Campbell et al. (2017); Ashmore et al. (2021) have used
this technique to interpret glacier flow. Campbell et al. (2017) analyzed the modeled rates
of change of ice-surface elevation and speed on Byrd Glacier, Antarctica, over 800-year
runs of an ice-flow model. Ashmore et al. (2021) inferred the contributions of terminus
position and runoff forcing on a 2.5 x 4 km area of the main trunk of Jakobshavn Is-
brae, approximately 8 km from the terminus. Mair (2002) achieved a similar result on
a 0.6 x 1 km reach of Haut Glacier d’Arolla, Switzerland. Here, we run a similar EOF
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Table 1. Velocity datasets used

Glacier Velocity datasets used Coverage
threshold
Helheim (A) MEaSUREs Greenland Ice Velocity: Selected Glacier Site 0.85

Velocity Maps from Optical Images (Howat, 2020)
(B) MEaSURESs Greenland Monthly Ice Sheet Velocity Mosaics
from SAR and Landsat (Joughin, 2021)

Fenris (B) MEaSURESs Greenland Monthly Ice Sheet Velocity Mosaics 0.5
from SAR and Landsat (Joughin, 2021)
Midgard (B) MEaSURESs Greenland Monthly Ice Sheet Velocity Mosaics 0.95

from SAR and Landsat (Joughin, 2021)
(C) MEaSURES Selected Glacier Site Velocity Maps from
InSAR, TerraSAR-X / TanDEM-X (Joughin et al., 2021)

Pourquoi Pas (B) MEaSURESs Greenland Monthly Ice Sheet Velocity Mosaics 0.8
from SAR and Landsat (Joughin, 2021)
(C) MEaSURES Selected Glacier Site Velocity Maps from
InSAR, TerraSAR-X / TanDEM-X (Joughin et al., 2021)

Kangerlussuup (B) MEaSUREs Greenland Monthly Ice Sheet Velocity Mosaics 0.95
from SAR and Landsat (Joughin, 2021)

/ PC analysis of ice speed as Mair (2002); Ashmore et al. (2021), but do so over full-glacier
analysis domains sized 150-350 km?.

2 Methods
2.1 Datasets Used
2.1.1 Glacier velocity data

We use velocity data from three different sources, listed in Table 1 and plotted in
Figure 2. These datasets are a 100-m resolution velocity product derived from Landsat-
8 and ASTER images created through the Greenland Ice Sheet Mapping Program (GrIMP)
within the NASA MEaSURESs program (Howat, 2020); a 200-m resolution ice-sheet-wide
monthly-average velocity product generated from SAR and Landsat images (Joughin,
2021; Joughin et al., 2010, 2018), and a 100-m resolution product generated for specific
glaciers from InSAR from image pairs acquired by the TerraSAR-X and TanDEM-X satel-
lites (Joughin et al., 2021, 2010). The spatial resolution of these datasets vary from 100
to 200 meters; we interpolate all observations onto a common 600 x 600 m grid specific
to each glacier. We discard directional (velocity) information, retaining only speed. The
temporal spacing varies in time and is driven jointly by the interval of the velocity prod-
uct (8-30 days) and our selection of scenes based on the completeness of spatial cover-
age. Across all glaciers we analyzed, the average temporal spacing was 34 days.

The quality and availability of each dataset varies glacier by glacier. We experi-
mented with using different combinations of available datasets across each glacier. We
ultimately selected datasets that had good coverage over 2016-2021, had a low error-to-
magnitude flow speed ratio, and gave coherent EOF / PC results. The velocity datasets
used in the analyses are listed in Table 1. We also required each scene to have a min-
imum threshold of coverage over our study area; this threshold varies by glacier, from
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Figure 2. Velocity datasets used in this analysis (Howat, 2020; Joughin, 2021; Joughin et al.,
2021). Speeds at specific points near the terminus of each glacier (green stars on Figures 5-8)
are shown in color, with error bars. For each glacier, we used specific scenes, which are circled in
black.

50% to 95%, as shown in Table 1. Scenes that meet this criterion are circled in black in
Figure 2.

2.1.2 Runoff data

We use runoff data from MERRA-2 (Rienecker et al., 2011) over 2015-2021. We
extract these data at the point on each glacier analyzed by Vijay et al. (2019). The MERRA-
2 data have 1-hour resolution; we smooth them over 14 days using a pseudo-Gaussian
filter.

2.1.3 Terminus position data

Where available, we use pre-existing terminus position datasets for each glacier.
For Helheim Glacier, we use the TermPicks dataset (Goliber et al., 2022), which aver-
ages 3-day resolution and extends through June 2020. For Midgard and Pourquoi Pas
Glaciers, the resolution and extent of TermPicks are insufficient (140-day resolution through
March 2019); this was also true of Fenris Glacier (40-day resolution through June 2019).
Therefore, for these three glaciers, we generated our own terminus position dataset us-
ing the Google Earth Engine Digitisation Tool (GEEDIT) software (Lea, 2018). We dig-
itized the terminus position along the glacier centerline when it was visible in all avail-
able Landsat 8 and Sentinel 2 images acquired over 2015-2021 with j50% scene cloud cov-
erage. These three new terminus datasets each average 6-day resolution and extend through
October 2021. For Kangerdlussuup Glacier, we also use TermPicks (Goliber et al., 2022),
which averages 19-day resolution and extends through February 2020.
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Figure 3. Schematic of the EOF/PC analysis process. We begin with a stack of n maps of ice
speed for a given glacier, all with the same footprint (I X m pixels in x-y space; yellow at left).
At each pixel, we remove any trend in the 1 X n timeseries, then normalize it (cyan at center).
Finally, we use MATLAB’s pca function to decompose the map-based timeseries into n modes,
shown in bold colors at right, each with an empirical orthogonal function (EOF) that shows the
spatial patterns (sized | x m) and a principal component (PC) that gives the mode’s correspond-
ing pattern in time (sized n x 1). The modes are sorted from largest (mode 1) to smallest (mode

n) amount of variance explained in the normalized, detrended dataset.

2.2 EOF/PC Decomposition

Empirical orthogonal function (EOF) / principal component (PC) analysis reduces
a dataset of many variables — in our case, observations of ice flow speed at thousands of
points — into one of only a handful of variables that capture the essence of the original
data (Lorenz, 1956; Wilks, 2019). These new variables, or modes of variability, are lin-
ear combinations of the original variables and are orthogonal to all other modes. Each
mode has a spatial component (EOF) that pairs one-to-one with its temporal variabil-
ity (PC), and the modes are sorted according to the amount of variance they explain.
The leading modes (highest variance explained) often, but are not mathematically re-
quired to, represent a distinct phenomenon that gives rise to a unique spatio-temporal
pattern. For example, the Arctic Oscillation is the first mode of the wintertime sea-level
pressure field in the northern hemisphere (Lorenz, 1951; Thompson & Wallace, 1998),
and the first mode of ice flow speed in a specific area of Jakobshavn Isbrae captures the
effects of seasonal stress changes at the glacier terminus (Ashmore et al., 2021).

EOF/PC analysis is useful for datasets where each observation has a high degree
of correlation to other observations. This includes many map-based datasets, including
sea-level pressure (e.g., Lorenz, 1956; Smoliak & Wallace, 2015), rainfall (e.g., Mishra
et al., 2012), and a plethora of other meteorological and geophysical variables. In our
case of ice flow speed, each observation within a pixel sized <1 km? indeed varies little
from the value in the next pixel.

As described in Section 2.1.1, we use multiple velocity datasets for each glacier, but
we select only scenes that exceed a minimum threshold of coverage (Table 1). Next, we
detrend the observations at each pixel using an ordinary least squares fit, then normal-
ize each observation by the mean speed at that pixel over the observation interval. Then,
we perform EOF / PC analysis using the MATLAB function pca and the alternating
least squares algorithm, option ‘als’, to fill pixels that lack observations. We restore
the mean velocity magnitudes to the EOF's (spatial patterns) by multiplying each pixel
(loading) by its mean speed over time. Finally, we scale each PC (temporal pattern) so
that its maximum value (score) is 1, then apply the inverse of this scale to all loadings
in the corresponding EOF. We run the analysis over each glacier separately. Figure 3
shows our workflow.



213 For a stack of n scenes, where n is the length of our time series, with each scene

214 sized Ixm pixels in x-y space, EOF / PC analysis returns n modes of variability. Each
215 mode comprises an EOF, which is sized [ X m in x-y space and gives the spatial pat-
216 tern of variability; a PC, which is sized nx1 and shows the strength of the correspond-
217 ing spatial pattern over time; and an eigenvalue, which gives the amount of variance in
218 the dataset explained by that mode. Each point in the PC corresponds directly to the
219 timestamp of each velocity scene. In our case, the length of the time series n is much shorter
220 than the number of pixels in each scene (for example, on Helheim Glacier, n = 72, [ =
21 351, m = 281, and I x m = 98,631), which limits the number of modes returned to n.
2 In other cases with very long time series or small spatial footprints (n > I x m), EOF
223 / PC analysis would return more modes (I x m).
224 All modes are orthogonal to all other modes. This makes EOF / PC analysis well
25 suited to the glacier type problem, since the forcings are also largely orthogonal: time
226 variations in terminus position, for instance, are never directly obtainable from time vari-
227 ations in runoff volumes or the capacity of the subglacial hydrologic system. Thus, dif-
28 ferent modes of glacier speed should correlate to these different forcings. One mode may
229 significantly correlate to more than one forcing, and one forcing may correlate to more
230 than one mode, but the degree of correlation will differ.
231 Although most velocity datasets we used come with measurement errors, we do not
23 incorporate these values into our analysis. Penalizing errors, which in our case are of-
233 ten largest at the same locations over time, tends to return single modes that contain
234 very high amounts of the variance. In our case, we found leading modes that explained
235 >99% of the variance when we penalized observations by the raw error value, and sim-
236 ilar results when we penalized by the error value normalized by the mean local speed.
237 This result is less useful because it returns one dominant pattern that magnifies the con-
238 tribution of the many points far upglacier, minimizes that of the fewer points near the
239 terminus, and fails to separate any distinct patterns of variability that may be present
240 in space and/or time. On the marine-terminating glaciers we analyze, the most signif-
on icant annual variations in speed occur near the terminus; an ideal analysis will incorpo-
212 rate these variations at least as prominently, if not more prominently, than data at up-
213 glacier locations that are more steady in time. Overall, since measurement errors tend
244 to be largest near the terminus, we did not use measurement errors in our EOF / PCA
25 analysis. We did consider the magnitude of the errors when selecting which datasets to
246 use for each glacier (Section 2.1.1 and Figure 2).
247 2.3 Identification of Seasonal Cycles in PCs
28 We fit a curve with four free parameters to each PC time series:

27t 27t
249 PC—a0+a1t+a2(T)+a3(T) (1)
250
251 Here, the principal component value is PC, time (in days) is ¢, and the annual period
252 (365.25 days) is T. An ordinary least-squares regression returns coefficients ag, ai, as,
253 and a3. Because we detrend each time series before performing EOF/PC analysis, a; is
254 always zero. From as and a3, we derive the timing of the mean annual maximum and
255 minimum glacier speed for each mode and for each time interval. We perform a one-sided
256 t-test for significance of correlation between each PC and the fitted annual cycle y:

e (2) o (2) o

258
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p= S (3)

where 7 is the correlation coefficient between the PC and the annual cycle y, each of which
has n observations in time. Finally, we calculate the p value using the Student’s t cu-
mulative distribution function in Matlab, tcdf, and interpret it as significant when p <
0.05.

2.4 Correlation analysis of PCs and terminus position

For all glaciers, we detrend the terminus position dataset within the analysis pe-
riod, then linearly interpolate the terminus position onto the observation dates of the
PC, and finally calculate the correlation coefficient and performed a one-sided t-test for
significance of correlation between each PC and the terminus position, as above. Note
that a negative correlation is expected between terminus position, which is longer when
the glacier front extends farther into the fjord, and glacier speed, which should decrease
with a longer glacier that exerts more sidewall buttressing onto the ice. Thus, we accept
significance only when the correlation coefficient is negative.

2.5 Identification of glacier type

We classify glaciers whose leading PCs had significant anti-correlation to terminus
position as terminus-driven. For runoff-driven glaciers, we require significant correlation
between the PC and a seasonal cycle with peak speed occurring during the peak melt
season, which we define as June through August. For runoff-adapting glaciers, we require
significant correlation with peak speed before peak melt, which we define as March through
May. If any glacier lacks significant (p < 0.05) correlation across all three possibilities,
we leave it unclassified.

3 Results

For all glaciers we studied, we find that the leading-order mode for all glaciers has
uniformly signed variability over the entire domain, and that this mode explains the ma-
jority of the variance in ice flow speed. This amount ranged from 70% of the variance
(Fenris and Pourquoi Pas Glaciers) to 95% of the variance (Helheim Glacier). At all glaciers,
the first EOF was uniformly signed across all or nearly all of the domain, indicating that
the majority (70-95%) of the seasonal and inter-annual variance of ice flow at any point
occurs in sync with other points. The only exception to this observation was at two glaciers
with significant calving front retreat over the analysis period. At these glaciers (Midgard
and Pourquoi Pas), the first EOF had the opposite sign in the small area of calving front
variability than in the rest of the domain.

EOF /PC analysis forces random or otherwise non-coherent variability into higher-
order modes. This variability can be due to random errors, grid artifacts, or other spe-
cific circumstances that interfere with image correlation, such as cloudiness or water at
the surface (Poinar & Andrews, 2021). We found such features in modes 3 and higher
(Midgard and Fenris Glaciers), mode 5 and higher (Helheim Glacier) or mode 8 and higher
(Pourquoi Pas Glacier). On Midgard and Fenris Glaciers, this accounted for 7-10% of
the variance, while on Helheim and Pourquoi Pas Glaciers, it accounted for <1% of the
variance.

The results of our classification and their comparison to previous work are sum-
marized in Table 2.
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Table 2. Summary of glacier type classification. References are M for Moon et al. (2014), V1
for Vijay et al. (2019), and V2 for Vijay et al. (2021). The variable ¢ denotes correlation coeffi-
cient, N denotes the number of velocity scenes, p denotes p-value, and v' and x symbols denote

significance or lack of significance, respectively.

Helheim Glacier Fenris Glacier Midgard Glacier Pourquoi-Pas
Glacier
Previous Terminus-driven Terminus-driven ~ Runoff-adapting  Terminus-driven

classification in 2009-2010 and in 2015-2017 (V1) in 2011-2019 in 2015-2017 (V1)

2015-2017 (M, V1) (M, V1, V2)
Runoff-driven
in 2013 and 2009 (M)

This work’s Primarily terminus- Runoff-adapting ~ Runoff-adapting Runoff-driven
classification driven (p < 107%) (p = 0.002) (p < 107°) (p < 1078%)
(2016—-2021) Secondarily runoff-

driven (p < 1073)

Agreement? v X v X
Correlation c=0.58, N =72 c=0.05,N=58 ¢=055N=56 ¢=0.69,N =64
of PC with p <1077 p=0.3 p<107° p<1079
single point v X v v

3.1 Helheim Glacier
3.1.1 Leading mode (95%): terminus-driven and runoff-driven

Figure 4 shows the first two modes of the decomposition of ice speed on Helheim
Glacier. The first mode explains 95% of the variance in ice flow that occurred at 72 im-
age pair midpoints (observation times) between February 2016 and May 2021. The first
EOF (Figure 4a) reaches up to 9 km/yr on the lower main trunk of the glacier and de-
cays to <1 km/yr in the margins and upper reaches of the domain. On the southern branch
of the glacier, the EOF reaches a maximum of 4 km/yr. The first mode encompasses both
the time-mean flow speed at each point (the EOF) and its variability (the PC).

Figure 4c shows the first PC, which ranges from a minimum of 0.82 to a maximum
of 1. Thus, the minimum detrended ice flow speed observed at any location is 0.82 times
the value of the EOF (loading) there, within 5% (since the first mode explains 95% of
the variance); and similarly for the maximum. In the center of the lower glacier (green
star on Figure 4a), these inferred minimum and maximum speeds are respectively 7.0 km/yr
and 8.5 km/yr. These compare well to the detrended observations at this point, with min-
imum 6.8 km/yr (within 3% of the first-mode-only value) and maximum 8.9 km/yr (within

5%).

We infer glacier type from the leading-order PC (Figure 4c). This PC significantly
anti-correlates with the detrended TermPicks terminus position (magenta; p < 10~%)
and significantly correlates with the MERRA-2 runoff on the lower glacier (black; p <
10~2), both shown in Figure 4e. It also significantly correlates with a fitted annual cy-
cle that reaches a maximum speed in mid-August (p = 0.005), shown in Figure 4c (dashed
line). Because the correlation between the PC and the terminus position is strongest,
we infer primarily Type 1 (terminus-driven) behavior for Helheim Glacier. We infer sec-
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Figure 4. EOF/PC decomposition for the detrended speed of Helheim Glacier for observa-
tions at 72 times over the period 2016-2021. (a) First EOF, which pairs with the first PC to
explain 95% of the variance in the entire dataset. Green star shows the location of the speed data
plotted in panel e. (b) Second EOF, which pairs with the second PC to explain 1% of the vari-
ance in speed. (c) First PC (points with spline fit) and a fitted annual cycle (dotted line) that
peaks in mid August. (d) Second PC (points with spline fit) and a fitted annual cycle (dotted
line) that peaks in mid July. (e) Detrended timeseries of speed at the locations of the green star
(green), detrended terminus position (pink) from TermPicks (Goliber et al., 2022), and runoff at
the green star from MERRA-2 (black) (Rienecker et al., 2011).

ondary runoff control because of the next-highest correlation with runoff and a seasonal
cycle that peaks during summer.

The first PC correlates significantly (p < 10~7) with the detrended flow speed at
a point on the lower glacier studied by Vijay et al. (2019), shown in green in Figure 4e.
From this agreement, we conclude that ice flow on Helheim can reliably be classified by
analyzing data at that single point, as previous analyses have done. However, our EOF /PC
analysis yields further insight: the terminus position correlates more highly with the speed
at the single point (p < 107!%) than it does with the first PC (p < 107%, as stated
above), while the runoff timeseries correlates more highly with the first PC (p < 1073,
also above) than with the single-point time series (p = 0.02). This implies that runoff
drives ice flow variability over the entire glacier, rather than just at a single point, whereas
the influence of the terminus is more limited to points near the terminus.

3.1.2 Second mode (1%): Runoff-driven with spatial differences

The second mode explains 1% of the variance in flow speed over 2016-2021. The
second EOF (Figure 4b) separates the glacier margins, especially those in the lowermost
10 km (dark red), from the rest of the analysis domain. The southern margin so defined
is wider (~2 km) than the northern margin (~1 km). Up to 8 km/yr of ice flow vari-
ability occurs in the second mode; these dynamic areas are positively signed (red) and
are within 2 km of the terminus, which roughly encompasses the range of terminus vari-
ability over this time period (Goliber et al., 2022; Cheng et al., 2021). Farther upglacier,
the margins remain positively signed but contain less variability — e.g., 200-500 m/yr
fifteen kilometers from the terminus. Along the centerline of the glacier, however, the
first EOF represents <1 km/yr of variability and is negative (blue), indicating that in
this mode, the centerline and margins have opposing variability.
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Figure 5. EOF/PC decomposition for the detrended speed of Fenris Glacier for observations
at 58 times over the period 2015-2021. (a) First EOF, which pairs with the first PC to explain
70% of the variance in the entire dataset. Green star shows the location of the speed data plotted
in panel e. (b) Second EOF, which pairs with the second PC to explain 13% of the variance in
speed. (c¢) First PC (points with spline fit) and a fitted annual cycle (dotted line) that peaks

in mid May. (d) Second PC (points with spline fit) and a fitted annual cycle (dotted line) that
peaks in mid May. (e) Detrended timeseries of speed at the locations of the green star (green),
detrended terminus position (pink) identified using GEEDIT (Lea, 2018), and runoff at the green
star from MERRA-2 (black) (Rienecker et al., 2011).

The second PC (Figure 4d), like the first PC, significantly correlates with the runoff
time series (p = 0.01) and has a significant annual cycle (p = 0.008) that peaks in mid-
July; this is consistent with a runoff-driven glacier. The second PC does not correlate
significantly with terminus position (p = 0.1) or with ice flow at the Vijay et al. (2019)
green star location (p = 0.2). The similar phasing to the first PC, which peaks in mid-
August, suggests that the second mode primarily modifies the spatial pattern of the first
mode: the true seasonal cycle in speed along the centerline is well represented by the first
mode, but in the margins, and especially in the margins within 10 km of the terminus,
the the seasonal cycle is a few hundred meters per year lower in magnitude than shown
by the first mode alone, and lags the first PC by about one month.

3.2 Fenris Glacier
3.2.1 Leading mode (70%): Runoff-adapting

Figure ba shows the first EOF for Fenris Glacier from October 2015 through May
2021. The first mode explains 70% of the variance in ice flow over this period. The EOF
is highest-magnitude in the glacier trunk, where it explains >2 km/yr. Near the Vijay
et al. (2019) point 5 km inland from the terminus (green star), the magnitude of the first
EOF is 3.3 km/yr, which is comparable to the local mean annual flow speed, ~5 km/yr,
and its interannual variability, ~3 km/year. The magnitude of the EOF decays in the
margins, in the upper tributaries (>40 km from the terminus), and in the area imme-
diately (<5 km) adjacent to the terminus, which was ice-covered until it experienced rapid
retreat beginning in 2018 (Korsgaard, 2021).

The first PC (Figure 5¢) significantly correlates with an annual cycle with a max-
imum speed in mid-May (p = 0.0004). It does not significantly correlate with termi-
nus position (p = 0.4, Figure 5e), but it does with the runoff record (p = 0.02), al-
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beit less well than with the early-season cycle. These findings are consistent with Fen-
ris Glacier behaving as a runoff-adapting glacier over 2016—2021.

The first PC does not significantly correlate with the speed at the point studied
by Vijay et al. (2019), shown in green in Figure 5e (p = 0.3). This indicates that the
first mode includes significant variability at places other than the near-terminus area.
Fenris Glacier is the only glacier in our study whose first PC did not significantly cor-
relate to the speed at the Vijay et al. (2019) analysis point.

3.2.2 Second mode (13%): Interannual variability and terminus—trunk
differences

The second mode contains 13% of the variance in the flow of Fenris Glacier. Fig-
ure 5b shows this EOF, which contains a near-terminus dipole — the high-magnitude (~2 km/yr),
positively-signed southernmost 2 km of the glacier and the lower-magnitude (<500 m/yr)
negatively signed areas in the trunk ~2-20 km from the terminus. The dipole coincides
with the location of terminus retreat over 2018-2019 (Figure 5d). At the terminus, the
magnitude of the second EOF reaches its maximum of 2 km/yr; at the Vijay et al. (2019)
analysis point 5 km inland from the terminus (green star), the magnitude is -400 m/yr.
Especially at the terminus, this is a significant fraction of the mean annual flow speed
(~5 km/year) and its annual and interannual variability (~3 km/year).

The second PC (Figure 5¢) shows a steady change over 2016-2017, then near-zero
magnitude over 2019-2021. Recall that we detrended the speeds at each pixel before per-
forming EOF/PC analysis; thus, the analysis is blind to the 2016-2020 speedup of the
glacier. Thus, the 2016-2017 trend in the PC reflects an additional speedup of the main
trunk (2-20 km upstream of the terminus) totaling up to 800 m/yr over that period, along-
side a substantial ~4 km/yr slowdown near the terminus, beyond what is captured by
the first mode alone. Said another way, the first mode overestimates the speedup near
the terminus over 20162017, and the second mode corrects for that. The near-zero val-
ues over 2019-2021, on the other hand, show that the first mode explains much of the
variance over that period.

Over the full interval 2015-2021, the second PC shows no significant annual cycle
(p = 0.06), correlation with runoff volumes (p = 0.1), or terminus position (p = 0.2).
The second PC correlates significantly with ice flow at the Vijay et al. (2019) point (p <
107°); recall that the first PC did not.

3.3 Midgard (Franche Comté) Glacier

This glacier, located at 66.48°N, 36.72°W, takes various names: most commonly
Midgard Glacier (Moon et al., 2014; Mouginot et al., 2019), but also Franche Comté Glacier
(Bjork et al., 2015; Goliber et al., 2022; Vijay et al., 2019) or Midgard North (Walsh et
al., 2012; Williams, n.d.). This glacier extended 10 km farther down its fjord as recently
as 2002, but since has retreated rapidly and split into two glaciers around 2012. We use
the name Midgard Glacier to refer to the larger, more northwestern of the two termini
that share this fjord.

3.3.1 Leading mode (85%): Runoff-adapting

Figure 6a shows the first EOF for Midgard Glacier over October 2015 through May
2021. The first mode explains 85% of the variance in ice flow over this period. The EOF
is highest-magnitude in the glacier trunk within ~3 km of the terminus, where it reaches
7 km/yr. For comparison, the local mean annual flow speed there ranges from ~4-7 km/year
and has variability of 0.5-1 km/year over our study interval. The magnitude of the EOF
decays upstream, toward the margins, and in the five tributaries. This EOF is positive
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Figure 6. EOF/PC decomposition for the detrended speed of Midgard Glacier for observa-
tions at 56 times over the period 2015-2021. (a) First EOF, which pairs with the first PC to
explain 85% of the variance in the entire dataset. Green star shows the location of the speed data
plotted in panel e. (b) Second EOF, which pairs with the second PC to explain 6% of the vari-
ance in speed. (c) First PC (points with spline fit) and a fitted annual cycle (dotted line) that
peaks on in mid March. (d) Second PC (points with spline fit) and a fitted annual cycle (dotted
line) that peaks in mid July. (e) Detrended timeseries of speed at the locations of the green star
(green), detrended terminus position (pink) identified using GEEDIT ((Lea, 2018), and runoff at
the green star from MERRA-2 (black) (Rienecker et al., 2011).

everywhere except the immediate terminus area, where the calving front has fluctuated
over the analysis period.

The first PC (Figure 6¢) significantly correlates with an annual cycle with a max-
imum speed in mid March (p < 107?) and with the runoff record (p < 10~3). The first
PC correlates positively with terminus position; recall that a negative correlation is ex-
pected if terminus position drove the flow speed. From these results, we conclude that
Midgard Glacier was runoff-adapting over 2016-2021.

The first PC significantly correlates with the speed at the point studied by Vijay
et al. (2019), shown in green in Figure 6e (p < 107°), suggesting that classifications us-
ing that point alone are reliable.

3.3.2 Second mode (6%): Runoff-driven

The second mode contains 6% of the variance in the flow of Midgard Glacier. Its
EOF, shown in Figure 6b, consists of a dipole that separates the near-terminus area (;2
km/yr) from the main trunk of the glacier (<400 m/yr). The inflection point of the dipole
stands ~2 km inland of the farthest retreat point of the calving front, suggesting that
this is a real zone of terminal influence, rather than an artifact of calving front retreat
over the study period, as on Fenris Glacier. The second EOF also separates the four north-
ern and eastern tributaries (positively signed) from the main trunk and the westernmost
tributary (negatively signed). Finally, the easternmost tributary of the glacier appears
more strongly in the second EOF (160 m/yr) than in the first EOF (<50 m/yr), sug-
gesting that the second mode best represents glacier flow here.

The second PC (Figure 6d) shows a strong seasonal cycle with a peak in mid July
(p < 1078). It significantly correlates to the runoff time series (p < 10~%) but not to
the terminus position (p = 0.07). The second PC is not significantly related to ice flow
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Figure 7. EOF/PC decomposition for the detrended speed of Pourquoi Pas Glacier for ob-
servations at 64 times over the period 2015-2021. (a) First EOF, which pairs with the first PC
to explain 71% of the variance in the entire dataset. Green star shows the location of the speed
data plotted in panel e. (b) Second EOF, which pairs with the second PC to explain 10% of the
variance in speed. (¢) First PC (points with spline fit) and a fitted annual cycle (dotted line)
that peaks in mid July. (d) Second PC (points with spline fit) and a fitted annual cycle (dotted
line) that peaks in mid July. (e) Detrended timeseries of speed at the locations of the green star
(green), detrended terminus position (pink) identified using GEEDIT (Lea, 2018), and runoff at
the green star from MERRA-2 (black) (Rienecker et al., 2011).

at the Vijay et al. (2019) location (p = 0.3). This suggests that in the immediate ter-
minus area, runoff control is a highly secondary influence on ice flow (6% of the variance),
while in the easternmost tributary it is a primary influence.

3.4 Pourquoi-Pas (East Midgard) Glacier

This glacier, located at 66.46°N, 36.65°W, separated from Midgard Glacier in 2012
(Korsgaard, 2021). Tt is significantly smaller and less well studied than the other glaciers
in the fjord, and many databases omit its name (Bjork et al., 2015; Mouginot et al., 2019)
or refer to it as Midgard South (Williams, n.d.) or Midgard Glacier (Goliber et al., 2022;
Vijay et al., 2019; Walsh et al., 2012), as it lies directly upfjord of the reach that Midgard
used to occupy before its split. The northwestern tributary is significantly larger and we
term it Midgard Glacier (Section 3.3). For this eastern tributary, we adopt the name for
its upstream branch used thirty years ago by an English mountaineering expedition: Pourquoi
Pas Glacier (Gregson, 1995).

Upon separating from Midgard Glacier, the immediate terminus area of Pourquoi
Pas Glacier slowed significantly, to less than half its previous speed. The terminus area
retained a seasonal cycle with the same phasing as before, but lower magnitude.

3.4.1 Leading mode (71%): Runoff-driven

Pourquoi Pas Glacier is unusual in that its fastest-moving ice is upstream, ~20 km
from the terminus, where the speed reaches 200 m/yr. A second local rapid area sits ~10 km
from the terminus, where the ice moves 140 m/yr. Ice within 1 km of the terminus moves
only ~80 m/yr. Each of these local maxima are separated by slower-moving ice, as low
as 60 m/yr. The first EOF over October 2015 through May 2021 (Figure 7a) captures
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the upstream-most and the mid-trunk maxima, but not the maximum near the termi-
nus.

The first mode explains 71% of the variance in ice flow over this period. The EOF
(Figure 7a) is positive everywhere except within a few hundred meters of the terminus.
It is highest-magnitude 10-15 km upstream of the terminus, where it explains 300 m/yr,
which is greater than the local mean annual flow speed (~200 m/yr). Near the Vijay et
al. (2019) analysis point ~1 km inland from the terminus, the magnitude of the first EOF
is 130 m/yr, also greater than the local mean annual flow speed, 70 m/yr. This implies
a significant contribution from higher-order modes near the terminus.

The leading PC (Figure 7¢) significantly correlates with an annual cycle peaking
in mid-July (p < 107'2) and with the runoff record (p < 107°), both shown in Fig-
ure Te. It does not significantly correlate to terminus position (p = 0.3). This implies
that Pourquoi Pas Glacier was runoff-driven over 2016—2021. This PC significantly cor-
relates with the speed at the point studied by Vijay et al. (2019), shown in green in Fig-
ure 7e (p < 107Y), indicating that a single-point analysis would be sufficient for clas-
sifying this glacier.

3.4.2 Second mode (10%): Interannual variability

Like the first PC, the second PC (Figure 7d) also implies runoff-driven behavior.
It correlates significantly with an annual cycle peaking in mid-July (p < 107%) and with
the runoff record (p=0.04), but not with terminus position (p = 0.4). The mid-summer
phasing of the annual cycle fit is nearly identical to that of PC 1. However, PC 2 has
periods of relative quiescence (2017, 2019-2021) interspersed with years with strong sea-
sonal cycles (2015-2016, 2018). This suggests that the second mode tends to intensify
(where the EOF is positive) or mute (where it is negative) the seasonal patterns of the
first mode, but that this occurs intermittently from year to year.

Pourquoi Pas Glacier has a section on its main trunk, between 2-10 km from its
terminus, that slows substantially over September through April, then reactivates each
spring. Thus, the seasonal cycle in this reach is stronger than that of the ice around it.
This appears in the second EOF as a relatively uniform stretch of approximately -30 m/yr
across this reach. The second PC adds (winter) or subtracts (summer) this 30 m/yr from
the speed of the first mode, with which it is antiphased. The second EOF is also high-
magnitude in the uppermost reaches of the glacier, where it is negatively signed and thus
adds (winter) or subtracts (summer) up to 1 km/yr from the first mode. Near the ter-
minus, the second EOF is positive at 100 m/yr, and adds in phase with the first mode.
Note that the second PC shows that these patterns apply primarily in 2015-2016 and
2018, while in other years, the influence of the second mode is negligible.

3.5 Comparison to Analysis at a Single Point

Significant correlation between a PC and a detrended single-point speed indicates
that our classification of glacier type should agree with that done by analyzing the sin-
gle point, i.e. the classifications of Moon et al. (2014). A lack of significant correlation
implies that flow over the entire glacier is more complex than what is observable at a sin-
gle point, and in these cases we might expect our classifications to differ.

As described in the above sections, we found significant correlation between the first
PC and the detrended ice flow speed at the near-terminus points for Helheim, Midgard,
and Pourquoi-Pas Glaciers, but not at Fenris Glacier. Separately, our classification of
Helheim as terminus-driven and Midgard as runoff-adapting agrees with previous anal-
yses (Moon et al., 2014; Vijay et al., 2019, 2021), while our classification of Fenris as runoff-
adapting over 20162021 disagrees with its previous classification as terminus-driven over
2015-2017 (Vijay et al., 2019). Finally, our assessment of Pourquoi-Pas Glacier as runoff-
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Figure 8. EOF/PC decomposition for the detrended speed of Kangerdlussuup Glacier, west-
ern Greenland, for observations at 42 times over the period 2014-2021. (a) First EOF, which
pairs with the first PC to explain 95% of the variance in the entire dataset. Green star shows the
location of the speed data plotted in panel e. (b) Second EOF, which pairs with the second PC
to explain 2% of the variance in speed. (c) First PC (points with spline fit) and a fitted annual
cycle (dotted line) that peaks in mid February. (d) Second PC (points with spline fit) and a fit-
ted annual cycle (dotted line) that peaks in mid July. (e) Detrended timeseries of speed at the
locations of the green and cyan stars (colored respectively), detrended terminus position (pink)
from TermPicks (Goliber et al., 2022), and runoff at the green star from MERRA-2 (black)
(Rienecker et al., 2011).

driven over 2016-2021 is also at odds with the classification of terminus-driven in 2015—
2017 by Vijay et al. (2019).

A fundamental difference in technique likely explains these discrepancies. Our anal-
ysis parallels that of Moon et al. (2014) in that we first detrend the speed at each pixel
before analyzing the seasonal patterns. Vijay et al. (2019, 2021), however, left trends in-
tact. Comparison of the Moon et al. (2014) and Vijay et al. (2019) analyses shows that
they agree on the type of 60% (7 of 11) of glaciers and disagree on 40% (4 of 11). Vijay
et al. (2019) classified Fenris and Pourquoi Pas Glaciers based on their long-term trends
of increasing ice speed, which was coincident with the retreat of their termini. This likely
accounts for the difference with our classification, which is based solely on seasonal cy-
cles.

3.5.1 Test at Kangerlussuup Sermia, western Greenland

Vijay et al. (2021) identified Kangerlussuup Sermia (71.45°N, 51.36°W) as having
variable type along flow: it was runoff-adapting near its terminus, but changed to runoff-
driven near a bend ~12 km from its terminus. We test our method’s ability to detect
this spatial change in type by performing our analysis on Kangerlussuup Sermia, which
is located in western Greenland ~30 km south of Rink Glacier. Figure 8 shows our re-
sults over 2016-2021. Near the terminus, the first mode accounts for almost 2 km/year
of ice flow; by ~15 km from the terminus, it drops to ~1 km/year and continues to de-
cline inland (Figure 8a). The first PC (Figure 8c) correlates significantly with an annual
cycle with peak speed in March (p < 1078), but not with terminus position (p = 0.2)
or runoff data itself (p = 0.4). This is consistent with a runoff-adapting glacier. This
runoff-adapting mode explains 95% of the variance in speed.
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540 Figure 8b shows the second EOF at Kangerlussuup Sermia over 2016-2021. It is
sa1 a dipole with a hinge point at the bend ~12 km from the terminus. Upstream of the hinge

542 and in the glacier margins, the EOF is positive, reaching almost 200 m/yr. Downstream,
543 the pattern is weaker and negative, -100 m/yr. The magnitude of the second-order pat-
544 tern is an order of magnitude smaller than the first-order pattern, even in the upper glacier.
545 The second PC (Figure 8d) correlates significantly (p = 0.008) to the ice flow speed
546 near the hinge point (cyan star in Figure 8b). The second PC peaks in mid July (p <

547 10~°) and significantly correlates to runoff (p < 1073), but not to terminus position

548 (p = 0.4), as shown in Figure 8e. Therefore, this mode is consistent with runoff-control.
549 The second mode explains 2% of the variance in flow speed across the full domain, but

550 approximately 10% of the variance upstream of the hinge point ~12 km from the ter-

551 minus.

552 This test on Kangerlussuup Sermia demonstrates the validity of what Vijay et al.

553 (2021) hypothesized: that ice flow is runoff-adapting in the lower glacier and runoff-driven
554 farther upstream. Our EOF/PC analysis shows that the vast majority (95%) of the vari-
555 ance in ice flow speed over 2015-2021 on the entire glacier, however, is due to runoff-adapting
556 behavior. Only 2% overall shows runoff-driven behavior.

557 4 Discussion

558 4.1 Benefits of EOF Analysis over Single-Point Analysis

550 Across all five glaciers we analyzed, the first mode captured a large majority of the
560 variance in flow speed (70-95%, depending on the glacier) and was uniformly signed over
561 nearly all of the domain for every glacier. This means that the inferred type is applica-
562 ble over the entire domain, rather than just at the single, near-terminus point analyzed
563 in previous studies. Helheim Glacier (Section 3.1) highlights this advantage, where the

564 single-point flow speed correlates strongly with terminus position (p < 10716); yet the

565 leading mode, which explains 95% of the variance in flow over the entire glacier, shows

566 that both the terminus (p < 10~*) and runoff volume (p < 10~3) influence the speed

567 domain-wide (Figure 4). The reduced correlation with terminus position underscores the
568 fact that the first mode incorporates variability across the entire glacier domain, which
569 extends nearly 50 km inland into regions that are unlikely to feel the influence of the ter-
570 minus. Conversely, the single-point flow speed correlates much less, but still significantly,
571 with runoff volume (p = 0.02), causing previous analyses to pass over runoff control in

572 favor of terminus control (Vijay et al., 2019). In fact, runoff control is a strong secondary
573 influence on flow speed over the entire Helheim Glacier domain (72 = 0.15, compared

574 to 2 = 0.22 for terminus position).

575 On Fenris Glacier, classification of the first PC yields runoff-adapting behavior (p <
576 1073, Section 3.2) with no hint of terminus control (p = 0.4), yet classification by the

577 detrended speed at the single point near the terminus shows strong terminus control (p <
578 10713, Figure 5e). The first PC (Figure 5¢) significantly correlates to the single-point

579 speed (p=0.046), but it shows much higher interannual variability with a less clear sea-

580 sonal cycle (p < 1073, peaking in May) than does the terminus position (p < 1077,
581 peaking in September). As with Helheim Glacier, these observations imply that the flow

582 variability farther from the terminus figures prominently in the first mode; single-point

583 analyses miss this contribution.

584 Here we speculate reasons why the flow over the whole Fenris Glacier domain dif-
585 fers so much from flow at the single, near-terminus point. Fenris Glacier flows through

586 a deep trough that reaches ~800 m below sea level near its terminus, allowing a strong
587 marine influence and keeping the terminus lightly grounded since at least 2016 (Williams,
588 n.d.). This should aid channelization in the subglacial environment, promoting runoff-

589 adapting ice flow, as well as making ice flow more sensitive to terminus position (Kehrl
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et al., 2017). Farther upstream, ~25 km from the terminus, ice thickness reaches 1500 m
yet with a steep surface gradient (~0.04), which should still allow channel formation and
thus runoff-adapting behavior (Dow et al., 2014, 2015). At this distance, the effect of vari-
ations in terminus position on ice speed should decay greatly (I. Howat et al., 2005; Kehrl
et al., 2017). Thus, we hypothesize that the first PC captures glacier-wide behavior, which
tends to be runoff-adapting, rather than exclusively near-terminus behavior, as studied

by Vijay et al. (2019), which is more strongly terminus-driven.

4.1.1 Utility for dual-type glaciers

On Kangerlussuup Sermia, our results show that the glacier is primarily runoff-adapting
(95% of the variance in flow speed; Figure 8a, 8c), while the upper glacier (>12 km from
the terminus) shows runoff-driven behavior. The runoff-driven mode only explains ~10%
of the variance in the upper glacier, and 2% over the full domain (Figure 8b, 8d). This
agrees with the Vijay et al. (2021) classification as runoff-adapting based on two points
<10 km from the terminus, with runoff-driven behavior noted >15 km from the termi-
nus. Our method delineates the transition point ~12 km from the terminus (Figure 8b)
and also quantifies the strength of each type. This is a marked improvement over the
previous, more qualitative analysis.

Our classification of Helheim Glacier as primarily terminus-driven and secondar-
ily runoff-driven also likely points back to the advantage that EOF/PC analysis captures
behavior across the entire domain, including the upper glacier where runoff control is more
likely due to thicker ice and lower surface slopes that inhibit channelization (Dow et al.,
2014, 2015). If this hypothesis that Helheim is a dual-type glacier holds, then Helheim
differs from Kangerlussuup Sermia, where the two types appear in two different modes.
In that case, Helheim would demonstrate that EOF / PC analysis does not always sep-
arate types into modes, and an additional step, such as independent component anal-
ysis (ICA), may be required to yield such separation.

4.1.2 Role of higher-order modes

EOF/PC decomposition of three years of glacier speed data in a 2.5 x 4 km area
on Jakobshavn Isbree by Ashmore et al. (2021) revealed similar results as we find here:
a strong first mode (98%) followed by higher-order modes with coherent spatial and tem-
poral patterns. However, Ashmore et al. (2021) discovered that modes 2 and 3 were paired:
their PCs were highly correlated to one another, their EOFs were similar but shifted in
space, and their eigenvalues had comparable values, in contrast to the eigenvalues of other
modes, which followed a smooth exponential decline. We find something similar at Midgard
Glacier: the eigenvalues of modes 2 and 3 have comparable values, rather than decline
approximately exponentially as they do for the other glaciers we studied (Figure S1). Thus,
we scrutinize modes 2 and 3 on Midgard Glacier to investigate the possibility of quasi-
conjugate pairing as observed by Ashmore et al. (2021). Modes 2-3 for all glaciers ap-
pear in Figures S2-S6; those for Midgard Glacier are in Figure S4.

The second and third PCs on Midgard Glacier have no strong relationship to one
another. The second PC shows a clear annual cycle peaking in mid-July (p < 107%),
while the third PC shows no annual cycle (p = 0.2) or correlation with runoff (p = 0.3)
or terminus position (p = 0.3). The second and third PCs also do not significantly cor-
relate to one another (p = 0.5), in contrast with Ashmore et al. (2021). The second and
third EOFs are more similar to each other than the PCs are, but their fundamental de-
scriptions differ greatly. While the second EOF is primarily a dipole with an inflection
point ~2 km from the terminus and secondarily separates the main trunk (negatively
signed) from the eastern tributaries (positively signed), the third EOF separates the main
trunk (negatively signed) from its immediate margins and only the easternmost of the
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tributaries (positively signed). This, too, is in contrast with Ashmore et al. (2021), who
uncovered much more comparable EOFs than we find here.

Thus, we discard the hypothesis of quasi-conjugate pairing among these modes on
our glaciers, even though this was observed on another glacier (Ashmore et al., 2021).
We speculate that their smaller study area allowed their analysis to observe a traveling
wave over their domain in consecutive modes, whereas our domains are too large to cap-
ture such a phenomenon. While traveling waves likely do occur on the Sermilik Fjord
glaciers — e.g., from perturbations at the terminus or as the subglacial hydrologic sys-
tem develops over a melt season — it is likely that analysis on a finer spatial scale would
be required to observe these using EOF / PC tools.

4.2 Comparison to Previous Studies of Glacier Type
4.2.1 Helheim Glacier

At Helheim Glacier, Moon et al. (2014) observed both terminus control and runoff
control in different years over 2009-2013 and, in some years, were unable to classify it
at all. Vijay et al. (2019) interpreted Helheim as terminus-driven over 2015-2017. Our
conclusion of terminus control over 2016-2021, with second-order runoff control, agrees
well with these previous analyses. This is in contrast to Ultee et al. (2021), who concluded
that on seasonal timescales, Helheim was primarily runoff-driven, and Bevan et al. (2015),
who also found a link between runoff and seasonal surface elevation change.

If there is some runoff control at Helheim Glacier, this suggests that the subglacial
hydrologic system remains inefficient through the melt season. Recent studies using sub-
glacial modeling (Poinar et al., 2019; Sommers et al., 2022) and direct observations of
plumes (Melton et al., 2022; Everett et al., 2016), however, suggest a seasonally chan-
nelized subglacial environment on the lower reach of Helheim Glacier. These conclusions
are not necessarily inconsistent. Our analysis captures behavior across the entire domain,
including the upper glacier where runoff-driven behavior is more likely, as discussed in
Section 4.1.

An alternative explanation for our dual-type finding over 2016-2021 is that the type
may vary from year to year. Indeed, Moon et al. (2014) found terminus control in 2009
and 2010, runoff control in 2009 and 2013, and was not able to classify its behavior in
2011 or 2012. During these time periods, the lowermost 5 km of Helheim Glacier was
near flotation (Kehrl et al., 2017), which should make its velocity more sensitive to both
terminus position and basal water volumes (Ultee et al., 2021). After 2015, the lower glacier
was more consistently grounded (Roberts, 2018); this is the time period that both we
and Vijay et al. (2019) study.

4.2.2 Fenris Glacier

Vijay et al. (2019) classified Fenris Glacier as terminus-driven in 2015-2017. Over
that period, speeds on the glacier steadily increased (Figure 2). They declined briefly
each autumn (Figure 5e) but reached a new peak near the beginning of each melt sea-
son. During the 2019 melt season, the terminus retreated continuously ~3 km upfjord
to its shortest position in the observational record to date (Goliber et al., 2022), which
may explain its apparent terminus-driven behavior, and lack of runoff-adapting behav-
ior, that year. Indeed, if the long-term trend is retained in the terminus and single-point
speed time series, there is significant correlation that suggests terminus control over the
long term; this is the nature of the Vijay et al. (2019) analysis. However, when the long-
term trend is removed, as we do here, what remains is runoff-adapting behavior on the
seasonal scale.
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Alternately, the discrepancy in type could be due to the different time interval if
Fenris changed its type sometime between 2017 and 2021, or because Fenris as a whole
behaves as runoff-adapting, while the point analyzed by Vijay et al. (2019) responds to
terminus position more strongly than points around it. If the latter is true, this points
to the necessity of pan-spatial analyses, such as EOF/PC analysis, to capture the full
behavior of the glacier.

4.2.3 Midgard Glacier

Vijay et al. (2019, 2021) classified Midgard Glacier as runoff-adapting over 2015
2019. Our analysis over 2016-2021 agrees. Over these periods, the speed of Midgard Glacier
did not substantially change; in fact, it decreased slightly. The terminus did retreat sig-
nificantly while still showing a strong seasonal cycle. Thus, for this glacier, results from
our analysis that isolates seasonal signals should and do agree with those from the Vijay
et al. (2019, 2021) method that includes any long-term trends.

4.2.4 Pourquot Pas Glacier

Vijay et al. (2019) classified Pourquoi Pas Glacier as terminus-driven over 2015-
2017, in contrast with our conclusion of runoff-driven. Similarly to Fenris Glacier, they
reached this classification by correlating the long-term trends in velocity and terminus
position. (Long-term trends in runoff were, predictably, much smaller.) The Vijay et al.
(2019) data show no strong seasonal cycle in terminus position on Pourquoi Pas Glacier
over 2015-2017, but rather a longer-term retreat that began in 2016 and coincided with
a speedup. As on Fenris Glacier, when the long-term trends in velocity and terminus po-
sition are removed, the controlling seasonal pattern of ice flow emerges, here as runoff-
controlled.

4.3 Potential controls on glacier type

There are currently multiple hypotheses regarding what controls the seasonal flow
type of a glacier. These are largely sortable as “geometric” (e.g., Davison et al., 2020)
and “geographic” (e.g., Vijay et al., 2021).

Davison et al. (2020) make the case that larger outlet glaciers, which tend to be
more lightly grounded than smaller glaciers, should be more likely to be terminus-driven.
This hypothesis is supported by other studies of large outlet glaciers (e.g., I. Howat et
al., 2005; Kehrl et al., 2017) and is also consistent with our results: Helheim Glacier, which
has an annual flux of ~29 Gton/yr (Mankoff et al., 2019) shows terminus control, while
Midgard Glacier (~3.2 Gton/yr), Fenris Glacier (~2.6 Gton/yr), and Pourquoi Pas Glacier
(too small to be analyzed by Mankoff et al., 2019) do not. The moderately-sized Fen-
ris and Midgard Glaciers are both runoff-adapting, while the smaller Pourquoi Pas Glacier
is runoff-driven. These three glaciers have similar surface slopes (I. M. Howat et al., 2014;
I. Howat et al., 2022), which should imply that the runoff-driven Pourquoi Pas has thicker
ice that is more of a hindrance to channelization than the other two glaciers (Dow et al.,
2014, 2015). However, ice thickness at Pourquoi Pas Glacier rarely exceeds ~100 m (Morlighem,
2021), while it locally exceeds 1000 m in the center of the Fenris and Midgard Glacier
troughs. This discrepancy may be due to inaccurate bed information for Pourquoi Pas
Glacier: the data there were derived from kriging and interpolation, while for Fenris and
Midgard Glaciers, the more accurate mass conservation method was used (Morlighem,
2021; Morlighem et al., 2017). For a speed of 200 m/yr (Figure 2), ice temperature -10°C,
and a typical local surface slope of 0.04, Glen’s Flow Law suggests an ice thickness of
~1000 m near the terminus of Pourquoi Pas Glacier. This would be comparable to that
of Fenris and Midgard Glaciers, which have a different type. Overall, the geometric ar-
gument, that glacier size and shape is predictive of its type, performs imperfectly in Ser-
milik Fjord because of Pourquoi Pas Glacier.
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735 Vijay et al. (2021) noticed a geographic trend of runoff-driven glaciers in the north

736 (Z 78°N latitude) and runoff-adapting glaciers in the south (< 72°N latitude). This,

737 too, is imperfect; some 20% of northern glaciers in the (Vijay et al., 2021)study were runoff-

738 adapting, and a similar percent of southern glaciers were runoff-driven. Furthermore, Sakakibara
739 and Sugiyama (2019) noted runoff-adapting behavior in at least 7 of the 10 glaciers they

740 studied in Prudhoe Land (~ 78°N latitude), which is inconsistent with the broad Vijay

7a1 et al. (2021) hypothesis. As in other studies, the strength of runoff-control versus runofi-
42 adapting signal varied between even neighboring glaciers studied by Sakakibara and Sugiyama
743 (2019). We find the same effect in Sermilik Fjord: four glaciers within a 100 km span,

744 touching the same fjord ocean boundary condition, show all three types of seasonal ice

75 flow. While there may be a suggestion of an east-west gradient in glacier type, it is weak,
746 especially as Midgard Glacier (runoff-adapting) and Pourquoi Pas Glacier (runoff-driven)
a7 have termini ~3 km apart and were tributaries of a common glacier as recently as 2011
748 (Korsgaard, 2021). However, our study of four nearby glaciers is inadequate to test the
749 island-scale hypothesis of Vijay et al. (2021); thus, we only submit a lack of evidence in
750 favor of the geographic hypothesis, not a rejection of it.

751 5 Conclusion

752 Our use of EOF / PC analysis to decompose glacier flow type uncovers all three

753 types in Sermilik Fjord: ice flow in Helheim Glacier is primarily terminus-driven, ice flow
75 in Fenris and Midgard Glaciers is runoff-adapting, and ice flow in Pourquoi Pas Glacier
755 is runoff-driven. We also find that Helheim and Midgard Glaciers have secondary runoff-
756 driven types, and that Kangerdlussuup Sermia in western Greenland has two types that
757 are separate in space. We find evidence that glacier geometry, including the ice flux mag-
758 nitude, ice thickness, and surface slope, is predictive of its flow type, as previously hy-

750 pothesized, but the fit is imperfect across Sermilik Fjord.

760 Our primary types differ slightly from previous work because we isolate seasonal

761 patterns, unlike Vijay et al. (2019, 2021), and because we consider ice flow across large

762 glacier domains (150-350 km?) that allow contributions from the mid-trunk, sidewalls,

763 and upper tributaries, unlike previous work that exclusively analyzed the near-terminus

764 area. With today’s widely available and spatially comprehensive datasets for ice flow speed
765 across hundreds of glaciers in Greenland, Antarctica, and mountain environments world-
766 wide, the typical inclusion of EOF / PC tools in standard analysis packages, and the rel-
767 atively fast run-time of these algorithms, we suggest the use of wider spatial analysis tools,
768 such as EOF / PC analysis, for assessment of glacier flow type.
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