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Abstract. Understanding the controls on seasonal velocity change for tidewater glaciers may provide insight into long-term
retreat and acceleration. Leveraging recent high-resolution satellite data, we examine changes in surface elevation, velocity, and
terminus position for four glaciers in Central Western Greenland over 2015-2021. Our approach uses a simplified force balance
focused at the terminus and-to model the expected response in upstream velocity caused by the observed terminus changes. We

5 find that seasonal velocities are strongly controlled by terminus advance/retreat for two glaciers. Residuals between modeled

and observed velocities reveal - — oo — el el b b e L e
two distinct signals: summertime pulses coincident with peak runoff and wintertime speedup that-extends-extending several
kilometers inland of the terminus. We test-evaluate the sensitivity of eurresults—by-inehiding—terminus-driven velocity to
elevation change by incorporating observed seasonally varying surface topography and making-artifieial-modifications—such

10 ass sl applying controlled modifications to the profile, specifically uniform vertical shifts and

variations in surface slope. We find surface slope changes impact velocity response to terminus changes more than spatially
uniform changes in elevation. Increased surface slope amplifies velocity response to terminus changes. While simplified, our

model could be applied to other glaciers to assess the importance of terminus position change as a driver of seasonal velocity.

1 Introduction

15 The Greenland Ice Sheet (GrlIS) is currently the largest land ice contributor to present-day rising sea level (IPCC, 2022)
with an acceleration in mass loss over the past few decades targely-in part attributed to ice discharge through outlet glaciers
. This acceleration underscores the importance of comprehending the intricate mechanisms that govern glacier dynamics. De-
spite the prevalence of glacier acceleration in Greenland, there exists notable spatio-temporal variability in glacier velocity

20 change at a range of time scales (Moon et al., 2012, 2020; Black and Joughin, 2023). This is likely because glacier velocity
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is influenced by local conditions, like topography, and regionally by environmental factors. For example, runoff and ocean
thermal forcing can influence velocity by changing basal friction (Ultee et al., 2022), subaqueous melt rates (Holland et al.,
2008), and through terminus fluctuations (Howat et al., 2008; King et al., 2020; Wood et al., 2021).

Outlet glaciers in Greenland present seasonal velocity changes (Moon et al., 2015; Joughin et al., 2008; King et al., 2018),
but it is not clear what exact preeess-is-processes are involved. In part, this is because many of the processes that influence outlet
glacier velocity are synchronized, making it difficult to disentangle cause and effect. Some studies have suggested increased air
temperature leads to summertime melting and terminus retreat, which reduces ice contact with the bed and/or fjord walls and
increases net force at the calving cliff, both driving glacier acceleration (Howat et al., 2005; Joughin et al., 2012). Numerical
simulations also suggest a non-linear feedback between the rate of terminus change and ice discharge (Sergienko, 2022). Others
have indicated that glacier acceleration is due to seasonal changes in basal lubrication related to changes in the subglacial
hydrological system (Davison et al., 2020; Stevens et al., 2022; Werder et al., 2013; Andrews et al., 2014), which can cause
complex responses in glacier velocities as subglacial conduits grow more efficient (Bartholomew et al., 2010; Andrews et al.,
2014; Vijay et al., 2019).

Understanding seasonal drivers of glacier change may help researchers to understand longer term glacier changes. Moreover,
numerical simulations suggest that seasonal changes can induce systematic bias in mass loss estimates at the multi-decadal time
scale, compared to simulations that do not include seasonal forcing, because the magnitude of mass loss is higher during retreat
than mass gain for an equal amount of advance (Felikson et al., 2022; Robel et al., 2018). Thus, investigating the patterns of
glacier seasonality may be critical to unveiling the factors that control glacier dynamics into the future.

Previous efforts have classified glaeier-seasonal velocity variations into types based on the observed timing of velocity change
and their correlation to runoff and terminus change (Moon et al., 2014; Vijay et al., 2019, 2021). This classification enhances our
understanding of the-factors-that-drive-what drives these seasonal variations. Three categories have been generally described in
Moon et al. (2014): type-1 has positive correlation of glacier velocity to glacier terminus retreat; type-2 has positive correlation
of glacier velocity to summer runoff, and; type-3 shows glacier velocity that slows in late summer and speeds up in winter.
As noted in these studies, these velocity patterns connect to multiple underlying processes, and the types are used to describe
patterns rather than to assign a single process. In a subsequent study, Vijay et al. (2019) empleyed-used high temporal resolution
velocity data, terminus changes, and radar-backscatter intensity values to classify 45 glaciers into the same three types. Vijay
et al. (2021) extended their pfeﬂeus—aﬂﬂlyﬂs—tefﬂeefﬂp&s&WZZI glaciers across the-entirety-of-Greenlandbut-their
sGreenland, focusing on type-2 and type-3 behaviors. Solgaard
et al. (2022) combined beth-velocity and runoff data --and-empleyed-using a machine-learning approach to classify glaciers
throughout Greenland —Fheir-findings revealed-and discussed how subglacial drainage development, runoff volume, ocean

interaction, and local conditions can produce similar seasonal patternsas-these-initially-identified- by Moon-et-al- (2044 Finally;
jointly control seasonal flow for man

. They also noted that multiple processes (e.g., terminus position and runof laciers.

Poinar (2023) applied principal component analysis to decompose the-seasonality-of-glaciers-glacier seasonality in Sermilik
Fjord from a statistical perspective—Fhey-classtfied-four-glaciersin-Sermittk Fjord-by-, quantifying the prevalence of multiple
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(zZhang et al., 2023), velocity (Gardner et al., 2023), and surface elevation change observations for four glaciers in Green-

land. We interpret these observations with an analytical model of velocity response to terminus position change (Joughin et al.,

2 Study region

We investigate four glaciers in central-west Greenland (Figure 1): Sermeq Avannarleq (AVA), Sermeq Kujalleg (KUJ), Kangiler-
nata Sermia (KAN), and Eqip Sermia (EQP) over the time period 2015-2021. This time span is speci cally chosen to take
advantage of the increased sample frequency available in both velocity and terminus position data due to the launch of Sentinel-
1/2 in April 2014, which offers full year coverage of velocity data. We choose these 4 glaciers because we want to understand
how our simple model might aid interpretation of seasonal velocity change for glaciers that have been extensively studied in
the past. These glaciers are selected because they weargrounded ; 2) exhibit regular seasonal changes in both terminus
position and velocity with minimal long-term variations over our study period (Catania et al., 2018; Fried et al., 2018) and;

3) exhibit a range of sub-seasonal behavior in both the terminus and velocrty vanﬁh&l&yesuk—thesefet#@aererslmery
For example, althe
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four glaciers advance in winter and retreat in summer and yet their seasonal velocity behavior differs over time and space.
EQP and KUJ speed up during summertime terminus retreat while AVA and KAN slow down during summertime terminus
retreat (Fried et al., 2018). In addition, AVA, KUJ, KAN, and EQP are located close to one another, suggesting that they likely

fects, such as geometry that impact their dynamic behaviors. For instance, EQP's steep slope results in higher glacier velocities
and more frequent calving events (LUthi et al., 2016; Kneib-Walter et al., 2023), whereas the shallow sills of AVA and KUJ
contribute to their remarkable stability over the past century (An et al., 2018).

These glaciers have been studied extensively by previous authors. All glaciers have been relatively stable (they have not
retreated more than the amplitude of seasonal uctuations) since 2015 (Table 1). All four glaciers have experienced terminus
retreat over the more extensive satellite era; AVA 0.64 km, KUJ 1.80 km, KAN 2.65 km, and EQP 2.54 km from 1999 to
2016(Catania et al., 2018). Studies of calving style for these glaciers indicate that they all primarily calve via serac failure due
to undercutting related to terminus melt (Kneib-Walter et al., 2021; Bézu and Bartholomaus, 2024; Goliber and Catania, 2024),
although KUJ has been reported to have a mix of serac failure and buoyant exure calving styles (Bézu and Bartholomaus,
2024). This suggests that AVA, KAN, and EQP arell-grounded and that KUJ may approach oatation at times or in smaller
regions of the terminus. This is consistent with an earlier study nding that these four glaciers experience terminus change that
is predominantly driven by changes in subglacial runoff (Fried et al., 2018). Additional details on each glacier can be found in
Table 1.

3 Data

We use velocity time series data generated using auto-RIFT (Gardner et al., 2018) and provided by the NASA MEaSUREs
ITS_LIVE project (Gardner et al., 2023). ITS_LIVE combines velocity products derived from Landsat-8, Sentinel-1, and

Sentinel-2 and produces velocity data with a spatial resolution of 240 m. The number of velocity observations per month
ranges from 18 to 19 for the four glaciers (Table 1). For each glacier, we use six owlines across the glacier from Felikson et al.
(2021) to extract velocities at six points along each owline (red and blue points in Figure 1). We then average these velocities

across all owlines at each cross section to produce mean (across- ow) velocity time series from downstream to upstream for

is formed by the con uence of two upstream tributaries, and we focus on the main tributaries with higher velocities on the
western side. Blue points in Figure 1 are used to test the model sensitivity to distance from the terminus as described in the

series, as the original dateaswere noisy. To compensate for the phase shift introduced by the rolling average, we shifted the
time series back by 20 days. The rolling average was used only for visualization; all statistical analyses, including correlations
and residuals, were conducted without it. To ensure the quality of the ITS_LIVE velocity data, we Iter out measurements with

dt greater than 45 days, whedt represents the interval between two scenes used to obtain glacier velocities. In addition to
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Figure 1. Glacier and data locations. Glaciers examined in this study include Sermeq Avannarleq (AVA), Sermeq Kujalleq (KUJ), Kangiler-

nata Sermia (KAN), and Eqip Sermia (EQP). The terminus traces in 2018 from AutoTerm are coletetigay of year. The red points
show the locations where ITS_LIVE velocities were extracted for the model comparison in the results section. Blue points are the locations
where we tested the sensitivity of the location of the velocity observation to the results. Blue and red points mark the locations for velocities

shown in Supplemental Figures S2-S7.

ITS_LIVE velocity data, we also extract along- ow velocity pro les from monthly velocity mosaics provided by the Greenland

Ice Sheet Mapping Project (GrIMP) (Joughin, 2023) with a spatial resolution of 30 m. These along- ow pro les are exclusively
used to examine the spatial pattern of velocity changes over seasons (Figure 9), while all velocity time series observations are
sourced from ITS_LIVE velocity data.

Terminus position data come from AutoTerm (Zhang et al., 2023), a machine learning pipeline that automatically produces
terminus traces with an average sampling frequency of 10 per month since 2014. We derive a time series of terminus change
by calculating the sequential area changes between termini, accumulating these over time, and then normalizing this by a static
glacier width of 6 km for AVA, 5 km for KUJ, 4 km for KAN, and 3 km for EQFhe area-basedetricsaccountfor both
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Glacier Name KUJ EQP KAN AVA
Glacier Width (km) 5 3 4 6
Glacier Frontal Depth (m) 421 134 403 399
Average velocityover the study period (mlyr) 3699 579 15581560 188 1i781177 170 19651906 33:
Terminus observations per month 14 11 13 14
Velocity observations per month 18 19 19 19
Velocity Uncertainty (mlyr) 124 109 108 99
Terminus Uncertainty (%) 23 16 13 17
Model Velocity Uncertainty (mlyr) 62 50 45 9
Distance of the Glacier Terminus to the Sampling Location (km) 15.04 2.0.2 3.4.04 1.7.0.1
Glacier retreat rate over the study period (mlyr) 10 24 11 10
Seasonal Terminus Change (metersn) 400 217 370 138
Seasonal Velocity Change (mlyr) 853 359 404 862
Seasonal Simulated Velocity Change (mlyr) 809 331 260 65
Upper Limit of Stress Coupling-ength (km) 20 10 N/A N/A
Average Mis t between Simulated and Observed Velocity 5.0% 6.20% 14.2% 63.1%

The uncertainties for ITS_LIVE, AutoTerm data, and simulated velocity from the terminus-driven model are represented as
shaded areas in our time series gures (Figures 2 to 5) and we present the average uncertainties in Table 1.

We generate surface elevation data through a novel fusion of ICESat-2 data with DigitalGlobe high-resolution digital ele-
vation models (DEMs), termed “DG-1S2-DEM” producing four DEMs per year from Fall 2018. The algorithms that generate

as supplementary elevation data in locations where the DG-1S2-DEMs do not extend to the most advanced terminus position
found in AutoTerm. To determine ice thickness, we subtract surface elevation data from bed elevation data from BedMachineV5
(Morlighem et al., 2022), which assimilates sea oor bathymetry and ice thickness data through a mass conservation approach
(Morlighem et al., 2017). BedMachine is an estimate of the bed topography, not a measurement and carries a spatial resolutior
of 150 m and uncertainties of60 m for AVA, 70 m for KUJ, 20 m for KAN, and 90 m for EQP. These low uncertainties
result because each of these glaciers have radar-determined bed elevation data tolkthiof the current terminus position

(Catania et al., 2018). For both of these data sets we extract the elevation pro les along each owline individually.
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4  Terminus-Driven model

Force balance methods can be used to understand the dynamic evolution of glaciers by examining the balance of stresses ¢
them (van der Veen et al., 2011; Carnahan et al., 2022). However, the force balance method requires a second-order derivativ
of surface velocity data, which can result in large uncertainties when using satellite products. Therefore, we adopt a different
approach that employs a modi ed force balance termed the “terminus-driven model” described by Joughin et al. (2012).
This model explicitly considers the in uence of dynamic changes at the glacier terminus on upstream velocity. By using
the terminus-driven model and near daily velocity data, we are able to isolate the contribution of terminus variations to the
observed variations in the velocity time series. The terminus-driven model is a 1-D model along the ow direction, assuming
ice mélange-free conditions, a constant glacier geometry over time, and a grounded glacier. The terminus-driven model rst
quantify the driving stress {) at the points where we simulate velocity, expressed as

o= oH e M
where ; is the density of ice (910 kg/#), g is the gravitational acceleration (9.81 R)/sH is ice thicknessh is ice surface
elevation,x is the distance along the owline with the direction from downstream to upstream. The driving stress is only
calculated at the points where we simulate velocity. Secondly, the terminus-driven model examines an additional force at the
water-terminating calving face, determined by the height above the fjord surface at the calving front and the density of seawater.
The difference between these two forces at the terminus is expressed as

1 1
FzéigHz éWg(H h)? (2

where , is the density of seawater (1028 kgmHere, we calF the “frontal force” following the naming convention found

in Joughin et al. (2012), although it has unitsNsEm. The force balance at the terminus requires the frontal force to be
balanced upstream by the longitudinal stress, which redistributes much of the frontal force to the glacier upstream. We term
the longitudinal stress in the upstream region that originates from the frontal fore€>3, which pulls/opposes the glacier

and enhances/reduces the original driving stress (g.¢., r (X)). X is the distance between terminus and the point where

we simulate velocity.

The integration of ¢ (X ) along the owline equal$ and is assumed to linearly decrease upstream of the terminus to zero

fx)=2- 1 X ®)
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free calving face, consequently in uencing the frontal for€€).(These changes in the frontal force, subsequently, lead to
modi cations in the enhanced driving stresg ¢ ¢ (X)) in the upstream region. Thus, the calculatiorFoand ¢ (X ) over
time requires elevation data along the pro le.

In the laminar ow model or the shallow ice approximation, when basal sliding is zero, the surface velocity has a linear
relationship with the cube of driving stress£ 3):

V= %AH 3 (4)

whereA is a constant from Glen's ow law (van der Veen, 2013) avids surface velocity. Such a linear relationship also
applies when the driving stress is mainly balanced by lateral drag (van der Veen, 2013):

1. 4 3.4
V=ZA = W 5
>A 0 ®)

whereW is half of the glacier width. Based on the above two models and following the method designed by Joughin et al.
(2012), we assume a linear relationship between velocity and the cube of the enhanced driving;strgséX ). Finally, the
predicted velocity from terminus changes is thus given by:

VXit) - g+ f(X)
Vo dt Fo

(6)

whereVy is a reference velocity at the same location as velocity observationsggigdthe g (X)) corresponding to the
reference velocity. Following Joughin et al. (2012), for each year, we use the minimum velocity observation as the reference
velocity and calculateg, based on the terminus position nearest the date of the reference velocity. Using Eqn. 6, we simulate
velocity observations at both the blue and red points in Figure 1 using corresponding geometry pro les along each owline.
Then, we average the simulated velocity across all the owlines at each cross-section to produce mean velocity time series in
a manner consistent with the observed velocity.

We varystresscouplinglengths . for each glacier and choose the one that produces the lowest mean difference between

observations and simulated velocity (Table S1). The mean difference is determined by:

!
A abgViede Vg
vishe

(N 6) 100% (7

n m

where 6 is the total number of velocity points on the same cross sectioN asdhe total number of time steps in the entire

allow us to test the sensitivity of the velocity position to the results.

We also calculate the velocity residual by subtracting the simulated velocity with xed geometry from the observed velocity.
The velocity residual refers to the portion of the velocity that is not associated to terminus changes but is affected by other
factors, such as runoff. We then plot residuals overlapping with runoff for ease of comparison (Figures 2-5). We assign the
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uncertainty of the terminus change (Zhang et al., 2023) as the erPOmmeqn 3, and propagate this error to obtain the un-
certainty in the simulated velocifijat inti

we leverage the new time-varying DG-IS2-DEM and penod|cally update the eIevatlon pro les each quarter from Fall 2018,
maintaining pro le xed within each quarter. We produce a simulated velocity for all glaciers with and without time-varying
surface elevatiom-erderto evaluate the impact of seasonally-varying surface elevation change on velocity. For the xed ge-
ometry simulations, we choose a time step from DG-1S2-DEM with an extent that aligns best with the position of the terminus
when it is most advanced. This provides the most complete elevation pro le across the terminus region. For EQP, KAN, and
AVA we choose the October 2019 DG-IS2-DEM and for KUJ, we use the April 2019 DG-1S2-DEM time step. To further
investigate the impact of changing elevation on the simulation results, we consider only KUJ as an example and conduct two
experiments using arti cially modi ed surface elevation; 1) we shift the entire elevation pro le vertically by-20 m and; 2)

we alter the surface slope by2% within the 2 km-frontal region.

5 Results

Our comparative analysis of model outputs runoff data, and velocity observations reveals that the seasonal velocity variations

5.1 Comparison between velocity simulation and observations

We compare the simulated velocity time series with velocities from satellite observations to determine whether seasonal ve-
locity variations are in uenced primarily by terminus change, co-in uenced by subglacial hydrological system, or entirely

independent of terminus change. We nd that ﬁe@eﬁyebsewatien&rewet#deseﬁbedawheterminus—driven mode_la__fter
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cates that both EQP and KUJ have type-1 velocity behavior. This is supported by the coincident timing of the end of terminus
retreat and the peak summertime velocity (vertical black lines in Figures 2 and 3), even in instances when retreat continues
beyond the end of the melt season (Figure 2). This is also supported by the pgeckfférence between the simulated and
observed velocities over all years, which are 5.0% for KUJ and 6.2% for EQP (Table S1), with correlations of 0.73 and 0.67,
respectively (Figure 6) anéw-smallresiduals (Figures 2 and 3). Theessceuplinglengths  chosen based on minimizing

the difference between observed and modeled velocity are EQP = 10 km, KUJ = 20 km, KAN = 25 km, and AVA =25 km
(Table S1). However, KAN and AVAs seasonal velocities are not primarily driven by terminus variation, so we do not consider
the estimation oftresssouplingtength.  valid for these glaciers.

For AVA and KAN, we nd that simulated velocities differ substantially from the observed velocities suggesting that the
terminus-driven model is insuf cient to explain the observed velocities and that velocity change is not primarily driven by
terminus uctuations. For AVA, we nd a poor correlation between observed and simulated vel&nﬁo 36; Figure 6) and
residuals are just slightly smaller than the velocity observations them

explain—37%oftheobservedrelocitychange. For KAN, the simulated and observed velocities are out of phase but of similar

magnitude, producing small residuals (Figure 4) but a poor correld®e8;350.36(Figure 6). Although our simulation results

indicate no signi cant correlation between seasonal-scale glacier velocity changes and terminus variations at KAN, Kane et al.
(2020) found a large, full-thickness calving event induced speed up in the frontal region of KAN on an hourly time-scale.

5.2 Non-terminus velocity processes

Although the terminus-driven model adequately resolves the majority of seasonal velocity variability for KUJ and EQP, the
velocity residuals reveal additional sub-seasonal velocity changes that are not related to terminus change. One such signal i
an additional pulse in velocity (acceleration and deceleration) that occurs near the middle of the melt season for all glaciers

only become apparent in the velocny re5|duals, which further validates the effectiveness of our method in decomposmg the
coupled seasonal velocity variations of glaciers. We nd that these mid-summer residual speed ups account for i30%¢ than

of the observed summertime velocity signal across all glaciers, with KAN and AVA exhibiting a higher percentage (91% and
86% respectively) than EQP and KUJ (84% and 82% respectively). We typically observe a lag time between the peak of the
velocity residual followed by the peak of summer runoff (Figures 2-5). We conduct cross correlation analysis between the
velocity residual and runoff to assess the time lag between the two and quantify the maximum correlation coef cient, thereby
investigating the extent to which velocity is in uenced by runoff. These lag times differ among glaciers, measuring 24 days for
KUJ, 22 days for EQP, 47 days for KAN, and 51 days for AVA. The maximum correlation coef cients are 0.49 for KUJ, 0.73
for EQP, 0.67 for KAN, and 0.67 for AVA (Figure 7).

onset of the melt season in the following year, and early melt season accelerations with the annual maximum velocity reached

10
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tainty. (b) Surface elevation from ICESat-2 data fusion. The dynamic elevation change is calculated by subtracting elevation change due to
surface mass balance from total elevation change. (c) Observed and simulated velocity. Light blue and pink shading show the uncertainties of
observations and simulations, respectively. (d) Velocity residual between observed and simulated velocity, along with the daily runoff from

glacier retreat. The orange dashed lines in (c) marks the two periods in Figure 9a and b,respectively.

in the middle of the melt season (Figures 4 an

is-consistentwith-theclassi-ecationet-Vijay-etal(2021) The terminus-driven model does not capture wintertime acceleration

because across all glaciers the terminus is advancing in winter. For KAN, the model predicts slight deceleration in winter

(Figure 4). For AVA thereismsigeieant—seaseﬂaﬁtymhe simulated velocitykewbeeausehesealeef—seaser?raﬂermmus
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Figure 3. Time series for KUJ. The gure follows the same design as Figure 2. The orange dashed lines in (c) marks the two periods in

Figure 9c and d,respectively.

region-Forreferencethe-averaged seasonal range in terminus positiob4i$:138 meters for AVA, while EQP i224-217
meters, KAN is396370meters, and KUJ i¢17400meters.

5.3 Experiments with seasonally varying surface elevation

We investigate the in uence of changing surface topography by comparing the velocity simulated using a xed geometry
against the velocity simulated using a seasonally varying surface elevation from 2018-2022. We nd minimal differences
between these results for all glaciers (black versus red lines in Figures 2-5). Using KUJ as an example, the results from two
analytical experiments involving arti cially modi ed elevation pro les suggest that terminus-driven velocities are relatively

insensitive to spatially uniform along- ow changes in surface elevation. In contrast, they show a high sensitivity to changes in

12
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Figure 4. The full record of KAN. The gure follows the same design as Figure 2. The orange dashed lines in (c) marks the two periods in

Figure 9e and f,respectively.

6 Discussion

Using observations with high temporal resolution and a terminus-driven model to simulate velocity variations resulting solely
from terminus change, we investigate the controls on sub-seasonal velocity changes for four GrlS outlet glaciers and nd that
in all cases, glacier velocity responds to multiple compounding processes. The seasonal velocity changes of two glaciers (KUJ







