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Abstract. Projections of sea level change require ice sheet models that reconcile observations with ice flow dynamics to con-

strain poorly observed processes and parameters. We use the Ice-sheet and Sea-level System Model (ISSM) to construct a state

and parameter estimate of Ronne Ice Shelf and its drainage basin from 1992 to 2018. We assimilate time-varying observations

of surface velocity and elevation change to reconstruct dynamically consistent time-mean fields of basal friction coefficient and

ice rheology, as well as spatio-temporally varying sub-shelf basal melting rates. Relative to existing data assimilation methods,5

we reduce uncertainty-weighted root mean square error in elevation change and velocity by 21.2% and 43.6%, respectively.

Our inferred basal melt estimates capture spatio-temporal patterns driven by ocean currents at 5 km spatial resolution, and

match monthly amplitudes 36.7% closer to observations relative to existing estimates. Mass change in the upstream grounded

basin exhibits an excellent correlation with Gravity Recovery and Climate Experiment (GRACE) estimates (R= 0.75). This

dynamically consistent 26-year reconstruction of Ronne Ice Shelf establishes a prototype for state estimation across Antarctica10

and Greenland, enabling better-constrained ice sheet models and more credible sea level projections.

1 Introduction

Uncertainty in the dynamic behavior of the Antarctic Ice Sheet (AIS) remains a major limitation on projections of future sea

level change (Seroussi et al., 2020; Edwards et al., 2021; Fox-Kemper et al., 2021). Several key processes governing ice sheet

response to climate change operate at the ice-ocean interface, making it essential to understand and predict the evolution of15

floating ice shelves and their interactions with the ocean. Although these shelves do not directly contribute to sea level, they

buttress grounded ice and regulate its discharge across grounding lines. Sub-shelf basal melting and refreezing, or "basal melt",

modifies ice shelf thickness and geometry; this alters stress transmission and buttressing, with potentially rapid consequences

for grounded ice discharge (Pritchard et al., 2012; Gudmundsson et al., 2019). Accurately constraining basal melt is therefore

critical, particularly near grounding lines and shear margins, where changes in ice shelf thickness exert strong influence on20

upstream grounded ice dynamics (Goldberg et al., 2019).

Over the past three decades, multi-mission satellite and in situ observations have transformed our ability to monitor the cou-

pled ice-sheet/ice-shelf system. Laser altimetry resolves surface elevation change; synthetic aperture radar and image feature

tracking constrain ice velocity change; and gravimetry informs basin-scale mass change (Smith et al., 2020; Nilsson et al.,

2022; Gardner et al., 2024; Sasgen et al., 2019). Airborne surveys and in situ measurements provide complementary con-25

straints on ice thickness, subglacial topography, ice shelf cavity geometry, ocean properties, and basal melt (Morlighem, 2022;
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Vaňková and Nicholls, 2022; Cook et al., 2022; Anselin et al., 2025). Yet these records differ in spatial coverage, temporal

sampling, and uncertainty; furthermore, direct observations of the ice-ocean interface remain especially sparse beneath ice

shelves. Even when combined, these observations cannot uniquely identify processes driving changes in elevation, velocity,

and mass because those changes reflect overlapping effects, including ice advection, deformation, surface mass balance, firn30

evolution, and basal melt. Their joint interpretation therefore calls for a framework that can infer poorly-observed parameters

while constraining them using physically-consistent ice dynamics processes and measurements.

Data assimilation provides such a framework by combining observations with a physical model to estimate the evolving state

of a system and its uncertain parameters (Morlighem and Goldberg, 2023). Four-dimensional variational (4D-Var) methods

and Kalman filtering have long been used for time-dependent state and parameter estimation in meteorology and oceanography35

(Stammer et al., 2002; Errico, 1997; Wunsch and Heimbach, 2013; Forget et al., 2015). Within ice sheet modeling, inverse

methods have traditionally taken the form of time-independent, or snapshot, inversions, which use single-epoch or time-mean

surface velocity fields to infer basal friction or ice rheology (MacAyeal, 1989; Larour et al., 2012a; Morlighem et al., 2013).

Although these inversions can reproduce observed flow at the assimilation epoch, they neither constrain the transient evolution

of ice geometry and flow under past atmospheric and ocean forcing nor ensure consistency with observed rates of change;40

subsequent forward simulations may therefore exhibit artificial drift (Goldberg and Heimbach, 2013; Gillet-Chaulet, 2020;

Choi et al., 2023). By contrast, time-dependent state and parameter estimation seeks a dynamically consistent model trajectory

that minimizes misfit to observations throughout an assimilation interval while satisfying stress balance and mass conservation.

Building on the development of a time-dependent adjoint framework for marine ice sheet state estimation (Goldberg and

Heimbach, 2013), an early application assimilated ICESat altimetry over Northeast Greenland Ice Stream to jointly infer basal45

friction and surface mass balance (Larour et al., 2014b). Annually resolved surface elevation and velocity observations over

Smith, Pope, and Kohler glaciers were later assimilated to estimate an evolving state and spatially varying, time-mean param-

eters (Goldberg et al., 2015). Transiently calibrated ice state was subsequently used to initialize coupled ice-ocean simulations

(Goldberg and Holland, 2022). More recent applications have assimilated time-varying velocity records at Kjer Glacier and

in northwestern Greenland, improving agreement with observed evolution and yielding projections that differ materially from50

those based on snapshot initialization (Choi et al., 2023; Badgeley et al., 2025). At Thwaites Glacier, transient calibration

using both velocity and surface elevation has further demonstrated that observations selected for assimilation strongly affect

reconstructed evolution and projected mass loss (Goldberg et al., 2026). Beyond these predominantly adjoint-based varia-

tional applications, ensemble Kalman methods provide a complementary approach to joint state and parameter estimation

(Gillet-Chaulet, 2020; Choi et al., 2025). Together, these studies demonstrate the value of time-dependent assimilation. How-55

ever, existing applications have focused primarily on outlet glaciers; where ice shelves are represented, they have generally

prescribed basal melt rather than estimated it as a spatially and temporally varying model control.

In parallel, observation-based approaches have produced Antarctic-wide estimates of ice shelf basal melt, ranging from

multiyear mean fields to multi-decadal quarterly reconstructions (Rignot et al., 2013; Adusumilli et al., 2020; Paolo et al.,

2023). These products diagnose basal melt kinematically through mass continuity, combining estimates of thickness change,60

surface mass balance, and horizontal ice flux divergence; time-varying reconstructions also largely assume time-invariant
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Figure 1. (a) Ice sheet velocity mosaic plotted over region of interest Ronne Ice Shelf (RIS) and surrounding drainage basin (Rignot et al.,

2017). (b) RIS water column thickness h with regional cardinal designations delineated in black/gray; ocean current flow of dense Ronne and

Berkner High Salinity Shelf Water (HSSW) inflows in red; buoyant Ice-Shelf Water (ISW) outflows in blue; observational melt measurement

sites shown in green (Vaňková and Nicholls, 2022).

ice velocity outside the Amundsen Sea Embayment (Adusumilli et al., 2020; Paolo et al., 2023). However, while invaluable

for characterizing spatial-temporal variability of basal melt, these inferred patterns are not constrained to reproduce coupled

evolution of geometry and flow across ice-sheet/ice-shelf systems within a prognostic ice dynamics model. No study has yet

demonstrated joint transient calibration of multiple physical parameters on a major Antarctic ice shelf that is consistent with65

physical laws as well as observational data.

To address this, we use the Ice-sheet and Sea-level System Model (ISSM) to construct a 26-year state and parameter estimate

of Ronne Ice Shelf (RIS) and its drainage basin spanning 1992-2018 (Fig. 1). We jointly assimilate time-varying observations

of surface velocity and elevation change to infer spatially varying, time-mean basal friction and ice rheology, together with a

spatially and temporally varying basal melt field. This approach yields, to our knowledge, the first multidecadal state estimate70

of a major Antarctic ice shelf in which basal melt is treated as a time-dependent model control. We evaluate the resulting

reconstruction against in situ basal melt observations (Vaňková and Nicholls, 2022) and basin-scale mass change estimates for

the upstream grounded ice sheet from the Gravity Recovery and Climate Experiment (GRACE) mission (Sasgen et al., 2019).
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2 Data and methods

2.1 State estimation75

State estimation is the process of combining observations with a numerical physical model over a finite time interval to infer

a system’s retrospective behavior. In practice, this smoothing problem is a massive, non-linear least-squares optimization.

The procedure generates a dynamically and kinematically self-consistent time-trajectory of a system whose residual misfits

between the underlying physical model and the observed data are ideally within prior expectations (Wunsch and Heimbach,

2007; Wunsch, 2019). Existing efforts such as the Estimating the Circulation and Climate of the Ocean (ECCO) consortium80

pioneered this modeling method in the oceanographic community, and has led to support for its usage in the cryosphere

community with this study (Wunsch and Heimbach, 2007; Forget et al., 2015). In our work, the model describes glacier flow

via a coupled system of stress balance and mass transport equations, along with boundary conditions and forcings at the ice-bed,

ice-atmosphere, and ice-ocean interfaces (Larour et al., 2014a). Formal representation of this problem is taken from existing

works (Stammer et al., 2002; Wunsch, 2019; Goldberg and Heimbach, 2013; Larour et al., 2016), and is adapted as follows:85

xt+1 =M(xt,qt,ut) for t= t0, ..., tf , (1)

yt = Etxt +nt. (2)

Here, xt is model glacier state at time t, describing state variables such as ice thickness and ice velocity; M is the nonlinear

glacier dynamics model (Larour et al., 2012b); qt denotes prescribed external forcings and boundary conditions such as surface

mass balance (SMB) in model space; ut denotes unknown "controls", which in this study comprises adjustments in the model90

physics parameters basal friction, ice rheology, and basal melt; yt is the observation vector, comprising available spatio-

temporal measurements such as surface velocity and elevation change data; Et maps state variables from model space to

observation space; i.e., this operator extracts state variables at discrete points in time and space where observations are available;

and nt is observational noise or error.
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Figure 2. State estimation optimization workflow. (a) Begin with first-guesses of model initial conditions x0 and model parameters in M.

(b) Forward model generates time trajectory state variables xi
t =M(x0,qt,u

i
t) for t= t0, ...tf . (c) Cost function Li is calculated from the

difference between predicted and observed state. (d) Convergence criteria are checked (i.e., ||∇Li||
||∇Li=0|| < 10−5), and if they are not yet met,

(e) the adjoint model is run to obtain a gradient of the cost with respect to the control parameters. (f) Optimal control adjustments determined

from the gradient are applied to parameters, before (g) iteration i+1 begins. Once convergence criteria are met, (h) optimal model parameters

and states are retrieved.

Assuming that model parameters in M and initial conditions x0 are initialized sufficiently well via "snapshot inversion"95

(time-invariant inverse control method, see Larour et al. (2005); Morlighem et al. (2013)), the main goal of state estimation

is then to find optimal model parameter adjustments ut with uncertainty Qt, and model state xt with uncertainty Pt that is

consistent with observations yt with uncertainty Rt, such that overall model-data misfit is minimized. The function J that

measures this misfit is:

J =

tf∑

t=1

[yt −Etxt]
T R−1

t [yt −Etxt] . (3)100

Constraints are incorporated by appending them to J in the form of Lagrangian L:

L= J +

tf∑

t=1

uT
t Q−1ut −

tf−1∑

t=0

λt+1 [xt+1 −M(xt,qt,ut)] , (4)

where the first sum encourages minimal necessary control adjustments conditioned on uncertainty Qt, the second sum enforces

adherence to forward model physics constraints, and λt are the Lagrange multipliers, or adjoint variables. By setting the

derivatives of L with respect to ut, λt, and specifically xt to 0 (see Stammer et al. (2002) Eq. 4, Wunsch (2019) Eq. 6.3.18),105

we arrive at a system including the adjoint model equation:

∂L
∂xt

≡ λt =

[
∂M
∂xt

]T

λt+1 +

[
∂Et

∂xt

]T

R−1
t

[
yt −Etxt

]
. (5)

Terminal value λtf is assumed to be given by the second term on the right side of the above equation as λtf+1 is undefined.

This accumulates sensitivities of L with respect to all model states xt at all times. In this application, model parameters affect
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the cost function indirectly via model state (see Eq. 3). Desired cost gradients are derived as follows:110

∂L
∂ut

=

[
∂M
∂ut

]T

λt+1. (6)

These gradients indicate adjustments to control parameters ut such that cost function L is minimized. Unknown parameters

are then updated for subsequent forward run i+1 (Fig. 2f-g) as follows:

ui+1
t = ui

t −κ
∂L
∂ut

, (7)

where κ controls step size in the descent direction, and is determined via quasi-newton methods detailed in Sect. 2.3. Iterative115

forward-adjoint simulations continue until the cost function converges sufficiently (κ < 10−7, ||∇Li||
||∇L0|| < 10−5, or as a fallback,

i > 125). The final xt and ut represent optimal model state and parameter adjustments.

2.2 Forward and inverse model

Model M (Eq. 1) is evaluated in practice using the Ice-sheet and Sea-level System Model (ISSM). ISSM is a thermomechanical

finite-element ice flow model that implements conservation laws, constitutive material laws, and boundary conditions (Larour120

et al., 2012b). Model setup for each of the physical modules (stress balance, mass transport, thermal, and grounding line

migration) follows existing work (Schlegel et al., 2018). The stress balance module uses 2D Shelfy Stream Approximation

(SSA), as it is computationally efficient and sufficiently accurate for large, relatively thin ice sheets (MacAyeal, 1989).

Ice rheology B is based on Glen’s flow law, where Glen’s flow law exponent is 3; it is dependent on ice temperature, crystal

fabric alignment/structure, and large scale damage from rifts and crevasses (Glen and Perutz, 1955; Cuffey and Paterson, 2010).125

Basal friction α is implemented as the linear friction law equation: τb =−α2vb, where τb is the basal stress vector, vb is the

basal velocity vector, and α is the basal drag coefficient (Budd et al., 1979; Cuffey and Paterson, 2010). Rheology and friction

formulations are chosen due to their effectiveness as shown in previous studies (Morlighem et al., 2013; Schlegel et al., 2018;

Larour et al., 2012b; Seroussi et al., 2017).

The grounding line module assumes a perfect connection to the ocean with no hydrological flow. Relation N = g(ρiH +130

ρwzb) is used to approximate effective pressure of water at the glacier base, where g is gravity, H is ice thickness, ρi is ice

density, ρw is water density, and zb is bedrock elevation relative to sea level (Cuffey and Paterson, 2010). The grounding line

evolves assuming hydrostatic equilibrium and incorporates sub-element migration (Seroussi et al., 2014). The mass transport

module uses a depth-integrated mass conservation equation and reads: ∆H ≡ ∂H
∂t =−∇ · (Hv)+ ṁs − ṁ, where v is depth-

averaged velocity, H is ice thickness, ṁs is surface accumulation (in m yr−1 of ice equivalent), and ṁ is basal melt (in m135

yr−1 of ice equivalent). Bed elevation is from BedMachine Antarctica (Morlighem, 2022). Ice surface elevation, or the digital

elevation model (DEM), is taken from REMA (Howat et al., 2022). Ice thickness is initialized to be the surface-bed difference

on grounded ice, and derived from surface elevation alone assuming hydrostatic equilibrium on the ice shelf. Surface mass

balance (SMB) represents net change in ice mass from precipitation, evaporation, and melt at the ice surface. The Glacier

Energy and Mass Balance v1.3 (GEMB v1.3) model provides 5 km gridded monthly SMB values, from 1992-2024 (Gardner140

et al., 2023). GEMB v1.3 uses the same dynamical core as ISSM, minimizing representation error that may arise when using
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SMB products from other frameworks such as RACMO. Firn Air Content (FAC) is a correction that converts altimetric surface

elevation to ice-equivalent thickness, accounting for variable firn density due to uncompacted snow. GEMB v1.3 is used to

prescribe physically-consistent FAC at the same spatial and temporal resolutions as SMB.

The inverse model is implemented within ISSM using the CoDiPack algorithmic differentiation library to automatically145

calculate the model adjoint for an arbitrary cost function (Eq. 3-6) and its associated control parameter adjustment gradients

(Eq. 7) (Larour et al., 2016; Morlighem et al., 2021; Sagebaum et al., 2017). These gradients capture sensitivity of model-data

misfit relative to each control parameter, and reduce model-data misfit over many (∼100) iterations.

2.3 Cost function

Cost function L (Eq. 4) is implemented in practice as a weighted sum of velocity misfit, elevation change misfit, and regular-150

ization terms intended to enforce spatial smoothness and prevent non-physical high frequency spatial oscillations in the control

fields. It takes the explicit form:

L=
1

2

∑

t

∫

S

γ1
(v− vobs)

2

σ2
vobs

+ γ2
(∆H −∆Hobs)

2

σ2
∆Hobs

+ γ3
∥∇ṁ∥2
σ2
ṁ

dS, (8)

where vt, vtobs, and σvtobs
denote modeled, observed, and uncertainty in surface velocity at time t, respectively; ∆Ht, ∆Ht

obs,

and σ∆Ht
obs

denote modeled, observed, and uncertainty in surface elevation change at time t, respectively; ||∇ṁ|| represents155

basal melt control gradient magnitude, used to regularize/penalize high frequency noise in the solution; and γ1−γ3 are weight-

ing parameters such that each term contributes comparably to total cost. Several caveats are to be noted in this optimization

routine. In order to assure each control (i.e., friction, ice rheology, and melt rate) contributes to cost function reduction equally

despite their large difference in scales, control adjustments are scaled relative to the magnitude of their uncertainties in the pro-

cess known as non-dimensionalization (on the order of σα ≈ 10, σB ≈ 108, and σṁ ≈ 1). These values are incorporated into L160

as baseline weights for γ1,γ2,γ3. To facilitate efficient optimization, the L-BFGS quasi-newton method is used to approximate

the Hessian (second derivative) of cost function L, which optimizes step size κ (Eq. 7) and the direction to descend down the

gradient, thus achieving faster convergence (Liu and Nocedal, 1989).

Uncertainty terms used in L and model initialization incorporate prior information into the algorithm through error propa-

gation. Observational uncertainty Rt is incorporated in L as σvt
obs

and σ∆Ht
obs

. Ice elevation change uncertainty (time-mean165

σ∆H , Fig. 3d) is processed from original dataset source providers, and accounts for assorted altimetric, tidal, atmospheric,

and cross-sensor errors (Nilsson et al., 2022; Paolo et al., 2023). Ice surface velocity uncertainty (σV , Fig. 3f) is derived from

dataset providers, with processing to remove outliers and add a formal error component accounting for spatio-temporal pro-

cessing discrepancies Gardner et al. (2024). Control parameter uncertainty Qt is incorporated in model initialization as σα as

well as σB , and in L as σṁ. Basal friction uncertainty (σα, Fig. 6d) is derived from surface height and velocity observational170

uncertainty propagated through a linearized version the initialization equation: σα = σv

(
ρigH||∇s||
2α(||v||+ϵv)

)1/2

−σv
(ρigH||∇s||)1/2

2||v||3/2 ,

assuming velocity uncertainty is small relative to bed uncertainty. Ice rheology uncertainty (σB in Fig. 6h) is derived from

modeled temperature uncertainty and estimated model representation error along grounding line/shear margins. Basal melt
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uncertainty (time invariant σṁ in Fig. 8b) is computed from variance of existing basal melt estimates. Model state uncertainty

Pt is not utilized in this implementation.175

2.4 Input data

This study is carried out on Ronne Ice Shelf (RIS) and its surrounding drainage basin, from 1992 to 2018. Boundaries are

defined using IMBIE (MEaSUREs Antarctic Boundaries for IPY 2007-2009 from Satellite Radar (NSIDC-0709)) (Zwally

et al., 2012). The ice front is static, and is forced to the 2007-2009 mean. Model mesh resolution varies from 2km near the

grounding line, 8km over the ice shelf, to 40km in the interior, resulting in a ∼41000 element mesh. Control parameters are180

limited to basal friction α, ice rheology B, and time-varying basal melt ṁ.

Table 1. Summary of model data inputs, constraints, and controls. Values are approximate and domain-averaged over the RIS basin.

Category Name (symbol) Time range Reference Typical range (units)

Observed states (y)
Ice surface velocity (v) 1992 - 2018 Gardner et al. (2024) [0, 1500] (m yr−1)

Elevation change (∆H) 1992 - 2018 Nilsson et al. (2022); Paolo et al. (2023) [-2, 2] (m yr−1)

Control parameters (u)

Basal friction (α) Time-invariant Morlighem et al. (2013) [102, 104] (Pa s m−1)

Ice rheology (B) Time-invariant Seroussi et al. (2013) [107, 108] (Pa s1/3)

Basal melt (ṁ) 1992 - 2018 Rignot et al. (2013) [-3, 3] (m yr−1)

Validation data

Basal melt (ṁV 22) 2016 - 2018 Vaňková and Nicholls (2022) [-1, 2] (m yr−1)

Basal melt (ṁP23) 1992 - 2020 Paolo et al. (2023) [-3, 3] (m yr−1)

Basal melt (ṁA20) 2010 - 2018 Adusumilli et al. (2020) [-3, 3] (m yr−1)

Mass change (∆M ) 2002 - 2022 Sasgen et al. (2019) [-5, 5] (Gt/yr)

First-guesses for each control parameter ut are estimated during model spin-up using snapshot inversions, which enables

better convergence during optimization. Key model inputs, constraints, and controls are listed in Table 1 and described below.

First-guess basal ice shelf melt rate is obtained from Rignot et al. (2013) in meters per year. The basal melt parameterization

assumes vertical melting only. Seasonal variation is used as a proxy for uncertainty, which is derived from the standard deviation185

of the Paolo et al. (2023) melt rate time series. First-guess ice rheology (a parameterization of ice viscosity, ice fabric, and

damage) is derived from ice temperature computed from a thermal steady state model simulation on the grounded ice following

(Seroussi et al., 2013)). The three-dimensional higher-order (Blatter, 1995; Pattyn, 2003) thermal simulation uses geothermal

heat flux (Maule et al., 2005) and surface temperatures (van Wessem et al., 2018) to converge upon a temperature gradient.

Temperature is then depth-averaged, and ice rheology B is derived from it using the relation µ= (1−D)B

2ε̇
n−1
n

e

. Ice rheology is190

inferred on the ice shelf from time-mean ice velocity via snapshot inversion, following Larour et al. (2005). These simulations

are only used to set initial temperature/rheology, as temperature/rheology profiles of AIS on grounded ice are generally stable

over century time scales (Seroussi et al., 2013). First-guess friction is initialized according to Eq. 31 from Morlighem et al.
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(2013): α=
(

ρigH||∇s||
||vobs||+ϵv

)1/2

where ||∇s|| is bed slope, H is ice thickness, ||vobs|| is ice speed, and ϵv is set to 0.1 m yr−1. This

initialization speeds up optimization by setting basal friction equal to driving stress and assuming basal velocity is equal to195

observed surface velocity. First-guess friction and ice rheology are then refined using a series of snapshot inversions constrained

to observed ice velocity.

Observational constraints yt comprise ice surface velocities derived from Landsat/Sentinel data (Gardner et al., 2024; Rignot

et al., 2022) and ice elevation change derived from ERS1/2, Cryosat, and ICESat-1 (Paolo et al., 2023; Adusumilli et al., 2020).

Input forcings qt such as temperature and surface mass fluxes are based on other model (GEMB) estimates. Unknown model200

parameters include ice shelf geometry, time-varying basal melt, and freshwater mass fluxes across the grounding line. Table 1

lists typical ranges, units, and sources for each of the above fields.

3 Results and Discussion

3.1 State variables

Control adjustments result in corrections to ice velocity and elevation change state variables xt that can be compared against205

observations yt while considering observational uncertainty Rt. These changes are evaluated via unweighted and weighted

root mean square error (RMSE).

We improve average elevation change error RMSE∆H by 10.51%, reduced from RMSE∆H0
= 0.753 m yr−1 to RMSE∆Hf

=

0.674 m yr−1 (Fig. 3c-d). Unweighted improvement is visible on the shelf and is primarily attributable to basal melt adjust-

ments. Weighted RMSE∆Hσ−1 is improved by 21.2% (Fig. 3e). Weights on shear margins are zeroed to minimize interference210

from optimizing for an area where elevation change has known and un-capturable model-data discrepancies; weights on the

shelf are higher due to uncertainty in tidal corrections/altimetry from source data. Weighted improvement is seen on shear

margins near the grounding line and in the interior. Near shear margins on grounded ice, improvement is interpreted as trying

to match effects of unmodeled physical processes and due to ungrounding effects. In the interior, these elevation change im-

provements are interpreted as corrections for measurement error due to slope, and are primarily attributable to basal friction215

adjustments. Note that elevation differences of ∼0.5m are small relative to ice thickness H , which ranges from 100m on the

ice shelf to several kilometers in the interior. As a consequence, accurate representation of elevation change is less a necessity

for proper ice dynamics modeling and more an important observational constraint on control parameters. For specific observa-

tional locations on RIS, pre-optimized initial elevation change ∆Hini deviates beyond accepted uncertainty bounds σ∆Hobs , and

in some cases exhibits runaway behavior (Fig. 4a,e,f). Post-optimization modeled ∆H exhibits a smoother record of elevation220

change than observations would suggest, but still largely falls within uncertainty bounds. This smoothness is attributable to

model resolution limits/representation error, but could also indicate noisiness in the observational record due to actual high

frequency variations or measurement error.

We improve average velocity error RMSEv by 30.8%, reduced from RMSEv0 = 40.3 m yr−1 to RMSEvf = 27.9 m

yr−1 (Fig. 3g-h). Weighted RMSEvσ−1 is improved by 43.6% (Fig. 3j). Weights in the interior near the pole are zeroed out225
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Figure 3. (a) Mean observed Hobs in log-scaled meters, averaged over 1992-2018. (b) Elevation change uncertainty σ∆Hobs . (c) Initial

misfit ∆H0 −∆Hobs with RMSE∆H0
= 19.2m is optimized to (d) ∆Hf −∆Hobs with RMSE∆Hf

= 16.0m. (e) Improvement in

uncertainty-weighted misfit cost (||∆H0 −∆Hf ||σ−1
∆H ) is primarily on the shear margins and the interior, while misfit on the shelf has

been reduced to be on the order of elevation change uncertainty levels. (f) Mean observed Vobs in log-scaled meters per year, averaged

over 1992-2018. (g) Velocity uncertainty σvobs . (h) Initial misfit v0 − vobs with RMSEv0 = 30.5m yr−1 is optimized to (i) vf − vobs with

RMSEvf = 25.5m yr−1. (j) Improvement in uncertainty-weighted misfit cost (||v0−vf ||σ−1
v ) is primarily on the shelf, and worsens slightly

in areas throughout the domain.

due to lack of coverage, slow ice, and consequent high uncertainty in velocity measurement; weights in western RIS and

calving front are high due to large uncertainty in source data. Improvement is seen on the ice shelf, both in free-floating

areas as well as the central region where ice rises and tenuously grounded ice, which is primarily attributable to ice rheology

adjustments. Note that optimized velocities v tend towards time-mean mosaic vmos, and does not vary in time as much as vobs

would suggest. We attribute this discrepancy to measurement error, as ice velocity on RIS should not vary so quickly over230

multi-year/decadal timescales, and v still falls roughly within uncertainty bounds σvobs . For specific observational locations

on RIS, pre-optimized initial velocity vini deviates beyond accepted uncertainty bounds σvobs significantly, and in many cases

exhibits runaway behavior (Fig. 5a,b,c,f,i). Post-optimization modeled v exhibits a more static velocity record than time-varying

observations vobs would suggest, but again modeled v largely falls roughly within σvobs . Similar to modeled elevation changes,

we attribute these velocity patterns to model limits/representation error, though these patterns could also indicate variations or235

measurement error in the observational record beyond provided uncertainties.

3.2 Time-mean parameter estimates α and B

Control adjustments to time-invariant basal friction α and ice rheology B reveal spatial patterns that reflect both physical

processes and observational constraints (Fig. 6). Basal friction is adjusted by a median of 3.2% across the grounded ice,
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Figure 4. Elevation change ∆H from 1992-2018 for locations R02-R15 and Site5a on RIS, relative to time-mean H (a-j). Optimized

elevation change ∆H (red) are compared against initial pre-optimized elevation change ∆Hini (solid gray) and elevation change observations

∆Hobs (blue); σ∆Hobs uncertainty bound envelope shaded in light blue (Paolo et al., 2023; Nilsson et al., 2022).

indicating sufficient initialization with modest corrections contributing to overall misfit improvement. Spatial patterns of larger240

adjustments correlate with areas of high surface slope, low mesh resolution, and low surface velocity in more mountainous

interior regions. Adjustments near the grounding line are minimal, supporting that the initialization procedure based on driving

stress balance provides reasonable first-guess friction in these dynamically important and more heavily constrained regions
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Figure 5. Velocity time series from 1992-2018 for locations R02-R15 and Site5a on RIS (a-j). Optimized velocities v (red) are compared

against first-guess velocity vini (solid gray), time-varying velocities vobs (solid blue) and time-mean velocity mosaics vmos (dashed blue);

σvobs uncertainty bound envelopes shaded in light blue (Gardner et al., 2024).

(Morlighem et al., 2013). Additional changes are made in the tributary glaciers feeding RIS. Together, these adjustments

compensate for a combination of potential issues, including topographic representation errors, altimetry measurement error due245

to slope, unresolved bed roughness features, and insufficient velocity constraints in slow-flowing regions. These corrections are

primarily correcting for geometric errors rather than mis-characterization of the basal hydrology, for which basal friction is a

proxy. This conjecture is made with the assumption that time-invariant basal friction is sufficient to parameterize hydrological
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processes in Antarctica due to seasonal stability of subglacial channels; only in Greenland is it potentially worthwhile to include

time-varying basal friction so as to capture seasonal meltwater-intrusion-driven hydrological patterns (Dow et al., 2022).250

Ice rheology is adjusted by a median of 3.7% across the domain, and by 16.5% on the ice shelf, indicating sufficient

initialization on the grounded ice, but improvements to be desired on the ice shelf. Decreases in ice rheology are high along

shear margins on the shelf where damage processes due to shear stress or deformational heating may soften ice. Additional

decreases on the shelf imply a weakening of the ice through refreezing of soft, nearly melted ice, as supported by regional basal

melt trends seen in Sect. 10. Increases on the shelf show where more rigid plates of ice form within the ice stream, primarily255

around ice rises in the southern/central and along the western/eastern margins of the shelf. Additional increases in ice rheology

are found along the shear margins on the grounded ice, which correspond to a slow-down in ice flow feeding perpendicular to

the shelf, though these adjustments may be less geophysical and more compensating for the representative limitations of the

model. Along grounded RIS tributaries, small adjustments are made along areas of ice flow, but the majority of ice rheology in

the interior is otherwise unadjusted. Given prior uncertainty conditioned on temperature, velocity, and elevation change, more260

adjustments are made than expected over shear margins. We attribute this discrepancy to a lack of knowledge and constraints

in the interior as well as sub-surface conditions. Overall, adjustments correspond to areas of high shear, deformational heating,

and large-scale damage accumulation; these processes were not captured via temperature-initialized/inversion-based values set

in Sect. 2.4.

Figure 6. (a) Initial basal friction α0, (b) final basal friction αf , and (c) control adjustment difference αf−α0. Positive adjustments represent

increases in final values relative to initial values. (d) Time-invariant uncertainty σα. (e) Initial ice rheology B0, (f) final ice rheology Bf , and

(g) control adjustment difference Bf−B0. Positive adjustments represent increases in final values relative to initial values. (h) Time-invariant

uncertainty σB .
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3.3 Time-varying parameter estimate ṁ265

Time-varying control adjustments to basal melt are shown in Fig. 7. Melt rate adjustments are largest in the first year (up to

± 5 m yr−1 in 1992), which we attribute to transient initialization shock and sparse observational constraints. Subsequent

years show monthly seasonal changes (on average ± 2 m yr−1) relative to their initial values. Adjustments are made relative

to time-mean melt rates from Rignot et al. (2013).

Figure 7. Modeled time-varying basal melt ṁ for RIS, 1992-2018.

Figure 8. (a) Mean basal melt ṁ for 2008. (b) Time-invariant uncertainty σṁ. (c) Difference between Adusumilli et al. (2020) and our melt

rates (ṁA21 − ṁ) over 2010-2018. (d) Difference between Adusumilli et al. (2020) and our melt rates (ṁA20 − ṁ). (e) Difference between

Paolo et al. (2023) and our melt rates (ṁP23 − ṁ). Positive adjustments represent increases relative to estimates from (Rignot et al., 2013).

For comparison, we evaluate the 2008 time-mean of our melt rates ṁ against values from Rignot et al. (2013) (ṁR13),270

Adusumilli et al. (2020) (ṁA20), Paolo et al. (2023) (ṁP23), and point observations from (Vaňková and Nicholls, 2022)

(ṁV 22). ṁR13 is a 2007-2009 mean melt rate used to initialize our model. ṁA20 is a 2010-2018 mean melt rate. ṁP23 is a

quarterly time series from 1992-2018, derived from corrections made to satellite altimetry records of RIS (Paolo et al., 2023).

ṁV 22 are monthly-averaged 2016-2018 observations at limited locations on RIS. Comparing ṁ against these others in Fig.
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8 shows that differences ṁ− ṁA20 (Fig. 8c) and ṁ− ṁR13 (Fig. 8d) are within 3 sigma uncertainty ranges (Fig. 8b); we275

attribute larger differences in ṁ− ṁP23 (Fig. 8e) more so to the large relative amplitude of ṁP23 relative to observations in

ṁV 22 rather than to errors in our estimate ṁ.

Figure 9. Basal melt ṁ from 1992-2018 for locations R02-R15 and Site5a on RIS in frames (a-j), respectively. Reference velocity field for

RIS is plotted on the left. Our optimized rates (red) are compared against first-guess time-mean Rignot et al. (2013) (ṁini ≡ ṁR13, solid

gray), time-varying Paolo et al. (2023) (ṁP23, dashed gray), and observations Vaňková and Nicholls (2022) (ṁV 22, blue).
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Fig. 9 compares ṁ against ṁP23, ṁR13, and ṁV 22 over time at 10 observational locations. Our model ṁ better matches

observed seasonal amplitudes from ṁV 22 36.7% more closely than ṁP23. Across these sites, ṁ and ṁP23 share similar

seasonal phase, but differ in mean and amplitude. Inaccuracy is attributable to the chosen spatio-temporal resolution on the shelf280

(5 km, monthly), which by design is incapable of capturing higher frequency trends. Overestimation of the melt rate amplitude

is also attributable to uncertainties and potential bias in the ice shelf altimetry corrections derived from Paolo et al. (2023).

Additionally, the prescribed static calving front may partially explain misfit in modeled trends at nearby locations R02, R14,

and R15. Further discrepancies may be explained by differences in melt rate parameterizations chosen by different instruments

versus models including ours. These limitations highlight the need for further observations in general to constrain these errors.285

Nevertheless, the overall improvements demonstrates the strength of jointly inferring basal melt within a physically-consistent

ice flow model over diagnosing it kinematically from altimetry alone, resulting in a melt rate estimate more consistent with

observations.

Figure 10. Regionally averaged median basal melt, in meters/year. (a) Planview schematic of RIS overlaid with corresponding cardinal

regions and ocean currents. (b) Flowline schematic of ice-ocean interface, showing dominant mode of ocean driven melting/refreezing

under the RIS (Jacobs et al., 1992). Circumpolar Dense Water (CDW)/High Salinity Shelf Water (HSSW) causes the highest melting at the

grounding line, after which ice shelf refreezing occurs mid-shelf as buoyant subglacial discharge and melt water travels out of the shelf

cavity, which is then followed by additional ice shelf mass loss/frontal ablation at the calving front due to surface heat before currents are

discharged as Ice Shelf Water (ISW).
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Changes to the 26-year basal melt time series ṁ provide insight into regional trends, which exhibit strong spatial-temporal

patterns consistent with ocean induced melting and refreezing due to ocean current changes. This supports the hypothesis that290

ocean–ice interactions are a key driver of basal mass balance in the region (Nicholls et al., 2009). We observe high melt rates in

the southern regions where warm High Salinity Shelf Water (HSSW) flows into the shelf cavity along the ocean bed to induce

melting at the grounding line. As the buoyant freshwater flux from melt and subglacial discharge combines with HSSW to

become Ice-Shelf Water (ISW) outflows, it flows up along the base of the ice shelf, where lower basal melt and refreezing in

the central regions is observed (Fig. 10). Spatial patterns associated with Ronne HSSW flow (from north to south, and from295

west to east) are also highlighted in Fig. 10, where more melt is seen in the southwestern sector, followed by less melt in

the south and southeastern sectors. Basal melt in the northeastern, eastern, and southeastern sectors is bolstered by inflows of

Berkner HSSW along the relatively shallower bed in these areas. Refreezing is supported by virtue of negative adjustments to

ice rheology (see Fig. 6g) in these central regions as newly refrozen ice is still close to its melting point, and is thus weaker

than initial rheology B0 (derived from depth averaged temperature of the ice column) would suggest. Northern regions differ300

in patterns that can again be explained by ocean currents underlying the ice shelf. In northern regions, melting at the calving

front and proximity to warm surface waters induce greater melting rates. High melt is observed in the NE region due to the lack

of ISW outflow, contrasted with lower melt rates in the north/north-west regions which we attribute to the presence of such

ISW outflows. Additionally, inter-annual trends can be observed in the regional melt rates as well. Lower melting is observed

during the cold winters of years like 1996, 2004, and 2013, and may be related to the El Niño–Southern Oscillation (ENSO).305

3.4 Mass change comparison

Figure 11. (a) Mass change on the grounded RIS domain relative to the 2004-2010 mean for GRACE-GFZ (blue) and our model (red) from

2002-2018, in Gigatons (Gt). (b) Detrended mass changes for GRACE-GFZ (blue) and our model (red) show high correlation (RGFZ =

0.75).
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Our model produces mass change estimates that can be validated against GRACE mass change solutions, which were explic-

itly excluded as constraints for this study. We integrate GRACE solutions from the German Research Centre for Geosciences’s

(GFZ) RL06 v5 monthly gridded land mass change data (GRACE-GFZ) over RIS’s grounded ice and compare it against our

total modeled mass change, from 2002-2018 (Fig. 11) (Sasgen et al., 2019). The GRACE-GFZ solution is specifically chosen310

for comparison over GRACE-JPL and GRACE-CSR solutions due to GFZ’s specific handling of ice mass change over Antarc-

tica and Greenland (Dahle et al., 2025). Signal leakage due to differences in model and mascon boundaries is not quantified,

as these values are for intercomparison only and not to be taken as actual estimates of mass change.

We find general agreement between the model and GRACE-based mass change estimates. In particular, the detrended mass

changes are highly correlated (RGFZ = 0.75), underscoring the model’s excellent representation of dynamic mass transport on315

interannual timescales. We attribute part of the discrepancy in secular trends to uncertainty in the glacial isostatic adjustment

(GIA) correction applied to the GRACE-GFZ solution. This correction is based on a radially symmetric, one-dimensional Earth

viscosity structure and primarily represents the solid Earth response to glacial-cycle loading (Dahle et al., 2025; Richard Peltier

et al., 2018). Regional variations in three-dimensional Earth structure and uncertainties in historical ice loading may therefore

not be fully represented in the applied GIA correction. Accounting for these effects could modify the GRACE-derived secular320

trend. Part of the discrepancy may also arise from limitations of our forward model and state estimation. In particular, we

prescribe a static calving front during a period when RIS increased in area by 736 km2 yr−1 (0.22% yr−1) from 2011 to 2019.

The associated changes in ice shelf extent and mass could have altered buttressing and promoted upstream accumulation of

grounded ice that is not captured by the model (Andreasen et al., 2023). Although matching the secular trend remains difficult

and seasonal variations remain uncertain, the comparison nevertheless provides an independent validation of the model’s self-325

consistent reconstruction of interannual mass change across the RIS basin from 2002 to 2018.

4 Conclusions

We present a 26-year state and parameter estimate of Ronne Ice Shelf and its drainage basin, jointly inferring basal friction and

ice rheology alongside time-varying basal melt by assimilating surface velocity and elevation change observations. Optimiza-

tion reduces uncertainty-weighted root mean squared error for elevation change and velocity by 21.2% and 43.6%, respectively.330

Detrended mass change in the upstream grounded basin correlates excellently with independent GRACE estimates (R= 0.75),

providing cross-validation of basin-scale inter-annual mass change variability.

Geophysical insights are given by adjustments to inferred parameter fields. Basal friction adjustments are concentrated in

steep, poorly resolved parts of the low velocity interior, where it is least constrained and may compensate for topographic and

slope-related errors. Ice rheology adjustments are largest along shear margins and across the shelf, highlighting limitations of335

temperature-based initialization where fabric, damage, and unresolved stresses alter effective rheology. Basal melt adjustments

exhibit characteristic patterns consistent with sub-shelf ocean circulation: enhanced melting near the grounding line, refreezing

as buoyant meltwater ascends beneath the shelf, and renewed melting toward the calving front due to surface processes and

heating. At sites with in situ measurements, inferred seasonal melt-rate amplitude (0.86 m yr−1) is substantially closer to the
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observed amplitude (0.41 m yr−1) than that of existing estimates from Paolo et al. (2023) (2.03 m yr−1). Unlike the existing340

estimates, our reconstructed melt history is estimated jointly with basal friction and ice rheology and constrained to reproduce

the coupled evolution of geometry and flow across RIS and its drainage basin.

The estimate nevertheless remains non-unique, and residual misfit indicates that more observations are needed to disentangle

parameter effects and constrain variability over shorter timescales. Model development may entail increasing basal melt spatial

resolution 2.5km, integrating dynamic calving fronts, and interactive treatments of ice-ocean, ice-atmosphere, and ice-bed345

processes. More specifically, future treatments may integrate ice-ocean interactions via coupling with ocean models like ECCO,

ice-atmosphere interactions via energy balance models like GEMB, direct integration of satellite observations from ICESat-2,

dynamic calving front forcings, and crevasse/damage mapping via emerging datasets from satellites like NISAR. Additional

future work would involve expanding coverage into the Amundsen Sea embayment, West Antarctica, and beyond. Overall, the

state estimation framework demonstrated here can yield dynamically consistent, data-constrained representations of present-350

day ice dynamics, improve initial conditions for prognostic simulations, and strengthen the rigor of future sea level projections.
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