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Abstract. Large-scale glacier evolution models are widely used to generate projections of glacier mass change at regional- to
global-scales. In model intercomparison projects, these projections come from multiple different models, allowing for the
uncertainties associated with different model structures to be assessed. However, these intercomparisons tend to ignore the
uncertainties associated with poorly constrained parameters. Therefore, these projections may miss important contributions
to uncertainty, but we lack estimates of the size of these uncertainties. To bridge this gap, we quantify parametric uncertainty
in projections of glacier volume change in Iceland under experiments from the glacier model intercomparison exercise,
GlacierMIP3. To do so, we perform experiments with a large-scale glacier evolution model, ‘GO-VA’, using an ensemble of
calibrated parameter sets, rather than with a single set of model parameters as was the case in GlacierMIP3. Our results show
that parametric uncertainty can be a major, and in some cases dominant, source of uncertainty in projections of glacier
volume change. We find that failing to account for parametric uncertainty reduces overall projection uncertainty by 7-91 %
across scenarios of global mean temperature change, with the largest reductions occurring for scenarios where climate
forcing uncertainty is highly constrained. Comparison with the GlacierMIP3 ensemble suggests that parametric uncertainty
is comparable to structural model uncertainty and, depending on the strength of the forcing, can even be larger. Taken
together, these findings highlight the importance of accounting for parametric uncertainty, alongside structural model

uncertainty, in model intercomparison projects to more comprehensively characterise projection uncertainty.

1 Introduction

Glaciers are losing mass globally in response to anthropogenic climate change (IPCC, 2021), with profound implications for
regional water availability (Immerzeel et al., 2020) and global mean sea level rise (Zemp et al., 2025). To understand how
these impacts might unfold, numerical models are used to make projections of future glacier mass changes. However, these
projections are subject to considerable uncertainty, arising in large part from the differences in model structure (structural
model uncertainty), poorly constrained model parameters (parametric uncertainty), and uncertainty in future climate forcing

(forcing uncertainty). To account for model structural and forcing uncertainty in projections, multi-model ensemble studies
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by the Glacier Modelling Intercomparison Project (GlacierMIP: Hock et al., 2019; Marzeion et al., 2020; Zekollari et al.,
2025) have simulated future glacier changes under different scenarios of emissions or climate change, using a range of
global climate models and glacier evolution models.

However, parametric uncertainty has not been explicitly accounted for in existing model intercomparison projects. In the
GlacierMIP ensemble, simulations from each model are derived from a fixed set of model parameter values (though
parameters may vary from glacier-to-glacier or region-to-region). The value of these parameters is obtained through
calibration, which is typically framed as an optimisation problem: this involves searching for the set of model parameters
which minimise the difference between simulations and observations. This classical optimisation approach to calibration is
widely used in glacier modelling (e.g. Huss and Hock, 2015; Maussion et al., 2019) and other fields, but has several critical
limitations: (i) multiple parameter sets may be equally consistent with observed data, within the observational error bounds;
(i) structural model deficiencies may be compensated for by varying parameters, giving improved agreement with
observations for the wrong reasons; and (iii) there are more model parameters than can be constrained by available
observations. These limitations lead to a substantial possibility of over-tuning, and thus an under-estimation of projection
uncertainties.

Calibration methods that incorporate parametric uncertainty have, to our knowledge, only been applied to one large-scale
glacier evolution model. Rounce et al. (2020b) used a Bayesian calibration method — where simulations are weighted based
on their agreement with glacier-specific mass balance observations (Shean et al., 2020) — to constrain the mass balance
component of the Python Glacier Evolution Model (PyGEM: Rounce et al., 2020a). The projection uncertainties resulting
from this calibration procedure are reported to be comparable to the structural model uncertainties in GlacierMIP2 (Felikson
et al., 2025). To improve the characterisation of model uncertainty in projections, there is a need to quantify parametric
uncertainty across additional large-scale glacier evolution models.

In this work, we use an alternative calibration method known as history matching (Craig et al., 1997). History matching is
simpler than Bayesian calibration, and particularly suitable for the initial exploration and assessment of parametric
uncertainty (Williamson et al., 2013). In this approach, regions of parameter space that produce simulations that are too far
from observations, given model and observational uncertainties, are ruled out. The remaining region, termed the “not-ruled-
out-yet” (NROY) space, contains parameter sets that are consistent with observations within a specified uncertainty
threshold. History matching is an established statistical methodology that has been used to calibrate models and quantify
parametric uncertainty across various fields (e.g. Williamson et al., 2017; Courvreux et al., 2021; Hourdin et al., 2023;
Raoult et al., 2024; Lecavalier and Tarasov, 2024).

In this study, we quantify parametric uncertainty in projections of glacier volume change in Iceland in the framework of
GlacierMIP3 (Zekollari et al., 2025). For this, we use the ‘GO-VA’ glacier model, which combines a modified version of the
Giesen and Oerlemans (2012) mass balance model (‘GO’) with volume-area scaling methods (‘VA’). The GO-VA model is
included in the GlacierMIP3 ensemble for Iceland, where it has seven free model parameters that were calibrated to match

glacier-specific mass balance observations. Here, we extend this work by performing an additional suite of simulations in
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which these seven model parameters are systematically perturbed. Using a history matching calibration approach, we
identify parameter sets that are deemed not-ruled-out-yet (NROY) based on observations of regional glacier mass change.
We continue to focus on the single region of Iceland as a tractable proof of concept.

Through our modelling framework, we aim to (1) demonstrate the utility of history matching to calibrate glacier mass
balance models for large-scale applications, and (2) quantify parametric uncertainty in an individual model from the
GlacierMIP3 ensemble and compare this with model structural and forcing uncertainties. The second aim is particularly
relevant, since the outputs from model intercomparison projects are used to inform climate impact assessments such as the
IPCC (2021). A clearer understanding of model uncertainties, and the factors that drive them, is therefore essential for

improving the credibility and robustness of these projections.

2 Methods
2.1 Glacier Evolution Model

We simulate the evolution of all glaciers in Iceland using a modified version of the mass balance model presented in Giesen
and Oerlemans (2012), which we couple to a volume-area scaling method based on the approach of Radic et al. (2008);
collectively referred to as the ‘GO-VA’ model. Several key model components relevant to this study are described below

(see original publications for more detailed descriptions).

2.1.1 Mass Balance

The annual climatic mass balance (B) of a glacier is computed as a function of mass gain from solid precipitation (Pyoy)
and mass loss from melt runoff:

B= f {Psnow + (1 — ) min (0; - pQ_er)} dt (1)

year
In Eq. (1), melt occurs whenever the surface energy flux Q,, is positive; division by the density division by the density of
water (p,,; 1000 kg m~) and latent heat of fusion (L¢; 3.34 x 10° J kg™') yields the melt rate. If the glacier surface is ice
covered, all meltwater will immediately runoff from the glacier. However, in the presence of a snowpack, a fraction r of
meltwater is allowed to refreeze, depending on the temperature in the subsurface layer of a glacier.

Each component of the mass balance (1) is updated in each glacier elevation band (Sect. 2.2) at a daily time-step (dt = 24 h)
using precipitation (P) and air temperature (7T,) input data, which are distributed across each glacier using a linear
precipitation (y) and temperature (Tjq,s.) lapse rate (see Sect. 2.2). Precipitation is assumed to fall as snow whenever T, is
below a threshold temperature, Tg,,,,- The surface energy flux Q,, is expressed as the sum of contributions from incoming

solar radiation (first term below) and all other energy fluxes (second term):

Qn=~0- a)TSin,toa + Y (2)
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Here, Sy, toq 1s the magnitude of incoming solar radiation at the top of the atmosphere, which is determined from the latitude
of a glacier using standard geometrical methods (e.g. Molg et al., 2003). The fraction of S;, .o, that reaches the surface is
calculated by multiplying by the atmospheric transmissivity (t) parameter. The surface albedo (a) of a glacier controls the
fraction of solar radiation reflected at the glacier surface. The value of & depends on the surface cover type: after a snowfall
event, a is given the value for snow albedo (.., ), Which exponentially decreases to the value of (a;..) over time; for a
thin snowpack, is a function of firn albedo (@) and @;, (Oerlemans and Knap, 1998; Giesen and Oerlemans, 2012). The
melt contributions from all other energy fluxes (1) are combined into a bulk function of air temperature:

l,b _ {l/)min + Ty T, 2 Ttip (3)
lpmin Ta < Ttip

For air temperatures below the threshold temperature T, , the surface energy flux i takes the constant value Wpmn;
otherwise, ¥ increases linearly with T, at a rate given by c. Note that in Eq. (3), ¥ scales with the absolute air temperature T,
(in units of °C) rather than Ty relative to T, i.e., the first line of Eq. (3) is Ypmn + ¢T, rather than Y, + (T, — Teyp).
This is consistent with the formulation in Giesen and Oerlemans (2012), but means that 1 is discontinuous at the threshold
temperature Ty, . If both Ty, and T, are negative, and T = Ty, Y will decrease relative to Yy, . If Ty, and Ty, are

positive, an abrupt increase in ¥ will occur when T, exceeds Ty, .

2.1.2 Volume-Area Scaling

Geometry change is accounted for annually using volume-area scaling methods (Bahr et al., 1997). At the end of each mass

balance year, the annual volume change AV (t) is calculated as
Pice

w

AV (t) =——-A(t) - B(t) 4

where A(t) is the surface area at the start of the mass-balance year, B(t) is the annual mass-balance and p,, and p;., are the
densities of water and ice, respectively (Marzeion et al., 2012).
At a given year t, the glacier volume V (t) is updated to the next year as V(t + 1) = V(t) + AV(t), and the area is updated

using volume-area scaling (Bahr et al., 1997):

Alt+1) =

V(e+1) y
2 )

where 0 and y are empirical parameters which determine the relationship between the volume and area of a glacier. Values
of the scaling exponent y are typically fixed for different geometric classes of glaciers: 1.375 for valley glaciers and 1.25 for
ice caps (see Bahr et al., 2015). We estimate the value of the denominator 8 for each glacier individually using observations
of glacier volume and area (Sect. 2.2).

Following the approach from Radic et al. (2008), glacier geometry is updated by adding or removing area from the glacier

front, depending on the calculated annual area change. In years with negative mass balance, elevation bands are removed if
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annual area change exceeds the area in the lowest elevation band, to account for glacier retreat. For positive mass balance
years, area is first added to the lowest elevation band. If the updated area in this elevation band is more than 1.5 times larger
than the area of the elevation band immediately above, the area is capped at this threshold and any excess area is moved into
new elevation bands below the glacier front, accounting for glacier advance. Each newly added elevation band is
progressively larger than the one above to prevent rapid advance during sustained periods of positive mass balance (as in

Huss and Hock, 2015).

2.2 Experiment Design

Experiments were set up following the GlacierMIP3 protocol (Schuster et al., 2024; Zekollari et al., 2025), whereby glacier
equilibration is simulated under a range of constant climate change scenarios. In this section, we briefly describe this
experimental setup.

The Randolph Glacier Inventory (RGI) version 6.0, which is a global dataset of individual glacier outlines, provides the
starting point for the GlacierMIP3 experiments (RGI Consortium, 2017). The inventory is separated into 19 regions, and it is
a requirement for participating modelling groups to submit simulations for at least one complete RGI region. In this study,
the GlacierMIP3 experiments were carried out for the 568 individual glaciers in Iceland (RGI region 06, Figure 1). For each
glacier, the ice geometry was initialised using RGI hypsometry data and consensus volume estimates from Farinotti et al.
(2019), which were also used to obtain the volume-area scaling parameter (6) for each glacier.

The central coordinates for each glacier were extracted from the RGI. Climate model data used as model inputs are from the
nearest climate model grid cell to these central locations. To force the model for the calibration period (see Sect. 2.4),
monthly (2m) air temperature and precipitation data were obtained for the 1990-2020 period from the fifth global reanalysis
of the European Centre for Medium-Range Weather Forecasts, ERAS5 (Hersbach et al., 2020). Monthly air temperatures at
eight pressure levels between 500 and 1000 hPa were used to compute lapse rates following Huss and Hock (2015), resulting
in a spatially variable lapse rate ranging from — 6.2 to — 5.0 Kkm™! to transfer the temperatures from the ERAS grid to the

glacier level.
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Figure 1. Distribution of glaciers (white polygons) in Iceland. Outlines (red) correspond to glacier geometries in RGI v6.0 (RGI
Consortium, 2017).

Following the GlacierMIP3 protocol, we construct 5000-year climate forcings by randomly repeating years of climate model
data from selected 20-year periods (Schuster et al., 2024; Zekollari et al., 2025). Sixteen different 20-year periods were taken
from monthly temperature and precipitation simulations from five global climate models (GCMs) from the Coupled Model
Intercomparison Project Phase 6 (CMIP6: Eyring et al., 2016), provided by the Inter-Sectoral Impact Model Intercomparison
Project (ISIMIP3b). This includes four historical periods (1851-1870, 1901-1920, 1951-1970, 1995-2014), and four future
periods (2021-2040, 2041-2060, 2061-2080, 2081-2100) for each of three different Shared Socioeconomic Pathways
corresponding to low, medium and very high emissions (SSP1-2.6, SSP3-7.0 and SSP5-8.5, respectively). The data were
used to generate 80 series of 5000-year forcings, from the four historical periods and twelve future periods for each of the
five GCMs. Each of these climate forcings was individually bias-corrected over the full time-series (1850-2100) with fixed
additive (temperature) and multiplicative (precipitation) monthly biases, derived from a comparison with monthly ERAS
data for an overlapping reference period from 2000-2019. An example of the forcing experiments extracted from one GCM

(MRI-ESM2-0) is given in Fig. 2.
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Figure 2. (a) Example of GCM (MRI-ESM2-0) time series, which were used to construct (b) 5000-year shuffled time-series of the
climate in four historical periods (1851-1870, 1901-1920, 1951-1970, 1995-2014), and four future periods (2021-2040, 2041-2060,
2061-2080, 2081-2100) from the SSP1-2.6, SSP3-7.0 and SSP5-8.5 scenarios (see main text for a full description of these time-
series).

2.3 Ensemble Design

All experiments were performed using a perturbed-parameter ensemble containing seven model parameters, which are
summarised in Table 1. These include the five parameters described as ‘tuneable’ in Giesen and Oerlemans (2012),
alongside the precipitation correction factor (p) and the phase partitioning temperature (T, ). In Giesen and Oerlemans
(2012), p is derived from winter balance profiles, and T,,,, is fixed; here, all seven parameters are varied within the
ensemble. These parameters can be broadly categorised based on their influence on the different mass balance components:
temperature-dependent heat fluxes (Yin, Trip, €), net shortwave radiative fluxes (¢, 7) and accumulation (p, Tgpow )-

For the parameters described as tuneable by Giesen and Oerlemans (2012), i.e., Yumin, Ttip, €, Ajce, T, parameter ranges were
determined from an iterative procedure: we used the ‘global’ values in Giesen and Oerlemans (2012) as the starting point,
and expanded the ranges in successive iterations until we observed a decline in agreement between the model and
observations during the calibration period at the edges of the parameter ranges. This approach ensures that the uncalibrated
ensemble comprehensively samples parameter space, without omitting regions that the calibration might identify as plausible
(Sect. 2.4).

For the other two parameters, precipitation correction factor (p) and phase partitioning threshold temperature (Tg;,,, ), ranges
were derived from the literature. For the precipitation correction factor parameter, we chose a lower bound of 0.5
(corresponding to a halving of the precipitation) because of the suspected positive ERAS bias in Iceland (Compagno et al.,
2022), while the upper limit of 2.5 is in line with values used in previous studies (e.g. Huss and Hock, 2015; Zekollari et al.,
2024). We use a range of — 1 °C to + 3 °C for the precipitation phase partitioning threshold temperature, which is in line with
previous large-scale modelling studies ranging from -1 °C (Huss and Hock, 2015) to + 3 °C (Marzeion et al., 2012).

7
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Table 1. Descriptions, ranges and units for the seven model parameters included in the ensemble design.

Description Parameter Min Max Units
Ice albedo Qice 0.15 0.55 -
Atmospheric transmissivity T 0.3 0.7 -
Temperature-dependent flux sensitivity to c 5 55 Wm?2K-!

temperature change

Minimum value of temperature-dependent Ymin -55 -15 Wm?
fluxes
Threshold temperature for the temperature- Ttip -15 4 °C

dependent fluxes
Precipitation correction factor p 0.5 25 -

Precipitation phase partitioning threshold
temperature

190
The ensemble of parameter sets was generated using Latin hypercube sampling of the underlying parameter space. Latin
hypercube sampling is an efficient sampling method that partitions parameter ranges into equal probability bins, then
randomly draws a sample from each of these bins (see for instance McKay et al., 1979). Here, a sample size of 250 is used,
which provides good coverage of parameter space whilst remaining computationally feasible. This sample size is larger than

195 the ‘rule of thumb’ of 10 times the input dimensions (Loeppky et al., 2009) because we found this number resulted in
inadequate sampling of certain areas of parameter space. A total of 20,000 projections (250 ensemble members x 80 climate
forcings) were therefore generated. Owing to the simple volume-area scaling approach used in this study, and our focus on a
single region, computational time remained manageable even with the long simulations, which amounted to 10% model years
for each individual glacier.

200 A small fraction of ensemble members produced glacier volume changes that were unphysical: either growing unrealistically
large or failing to reach steady-state conditions by the end of the simulation period. These simulations were therefore
excluded from the ensemble. We applied a data quality filter requiring at least 98% of regional glacier volume to be
successfully simulated, which reduced the ensemble size by 0.8%. Remaining ensemble members were upscaled so that the
initial regional glacier volume matched consensus estimates from Farinotti et al. (2019), assuming that any missing glaciers

205 follow the same volume change trajectory as those successfully simulated.
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2.4 Ensemble Calibration

For the calibration, the 250-member perturbed-parameter ensemble is used to simulate all glaciers from 1990 to 2019,
including a 10-year spin up period (1990-1999). Glacier geometry was fixed during this period to limit the uncertainty
introduced from the volume-area scaling methods (as in Huss and Hock, 2015; Rounce et al., 2020a).

We use two different methods to calibrate the ensemble. In the first, referred to as the ‘tuning’ procedure and used for the
GlacierMIP3 GO projections, a single ‘optimal’ parameter set (x*) is selected from the ensemble for each individual glacier

which minimises the absolute error between simulated and observed glacier mass balance:

*

x* = argmin| zj —f]-(x)| (5)

where fj(x) and z; are the simulated and observed mass balance, respectively, for each individual glacier j. The glacier-
specific mass balance observations are from January 2000 to December 2019 (Hugonnet et al., 2021); we compare the mean
mass balance over this 20-year period to reduce observational uncertainties.

The second calibration procedure is history matching (Craig et al., 1997), where regions of the parameter space are ruled out
if they are inconsistent with observations, given observational and model uncertainties. To implement this approach, each
parameter set is uniformly applied across all glaciers and annual glacier mass changes are calculated. For each ensemble
member, mass changes are then summed across all glaciers, and averaged over four five-year periods between 2000 and
2019. The modelled regional glacier mass changes are then compared with regional mass change observations at the same
temporal resolution (also from Huggonet et al., 2021). Comparisons were made at the regional scale, rather than for
individual glaciers, to avoid over-tuning of parameters and to minimise the need for judgements about model error (see
below, and Discussion). Five-year means were used because the uncertainties in regional mass change observations are
smaller than the glacier-specific mass balance observations.

In more detail, for each ensemble member, we quantify the difference between simulated and observed regional mass

balance using the implausibility metric, which is given by

fix) — z

/022 + afz

where f;(x) and z; are the modelled and observed mean regional mass changes for each 5-year period denoted by the

Li(x) = (6)

subscript i. The denominator is the total model error, comprised of observational uncertainty (o,) and model error (o).
Observational uncertainties are provided by Hugonnet et al. (2021). The model error term, often described in terms of model

discrepancy variance (afz), represents our tolerance to error (e.g. Williamson et al., 2013). Not including g would represent
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an implicit assumption that our model could, at its best parameter values, reproduce observations perfectly. Following
Edwards et al., (2019), we define our model error as a multiple of observational uncertainty, and set g equal to five times
o0,. The implications of this choice are discussed in Appendix A.

The implausibility metric is calculated for each of the 5-year periods over the calibration period using Eq. (6). Here, we
consider the maximum implausibility value, and define a threshold so that if max (I;(x)) > a, x is deemed to be
implausible and removed from the ensemble; otherwise, it is deemed ‘not-ruled-out-yet’ (NROY) and retained. A value of 3
is typically used for a when calibrating with one observation (Williamson et al., 2015; Edwards et al., 2019), based on
Pukelsheim’s (1994) 3-sigma rule that at least 95 % of the probability density for any unimodal distribution will be
contained within 3 standard deviations of the mean. Since multiple observations were used in this study, applying the single-
observation threshold would underestimate the overall error rate: with four tests, the probability of falsely rejecting at least
one plausible input rises to ~19 %, compared with 5 % for a single observation. Following methods described in Gladstone

et al. (2012), we therefore derived a new value of a = 5.91 to account for the multiple observations.

2.5 Sensitivity Analysis

To assess the relationship between the model parameters and model outputs, we fit a LOcally WEighted Scatterplot
Smoothing (LOWESS) model to each parameter-output combination, returning the median fit and 17-83 % uncertainty
range. Each local regression is based on 80 % of the data, with multiple resampling fits performed to ensure the stability of
the median trends and two robust iterations applied to down-weight the influence of outliers (Bourn, 2021). To assess these
relationships over the calibration period, we compute the mean annual mass balance, as well as the total daily accumulation,
temperature-dependent flux, and shortwave radiative flux for each individual glacier. These values are averaged over the
calibration period for each glacier, and then averaged across all glaciers (area-weighted) for each ensemble member. This

aggregation allows us to relate regionally-averaged glacier behaviour and model parameter values.

3. Results
3.1. Ensemble Behaviour over the Calibration Period

In this section, we describe the output of the mass balance model over the calibration period (2000 to 2019) using the full

(Sect. 3.1.1) and calibrated (Sect. 3.1.2) ensembles.

3.1.1. Full Ensemble

Relationships between the seven perturbed mass balance model parameters and outputs over the calibration period are shown
in Fig. 3 for the full 250-member ensemble. Over the calibration period, the mean regional mass balance B (Figure 3a-g)

values range from —7.8 to 3.2 m w.e, with a median value of —1.6 m w.e. The parameter controlling the sensitivity of the

10
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temperature-dependent fluxes to temperature change (temperature-dependent flux gradient, c) is the primary control on the
annual mass balance over the calibration period (Figure 3b), with increasing values of ¢ generally resulting in more negative
mass balance values. This is to be expected because higher ¢ increases the temperature-dependent flux gain (once the air
temperature is above the threshold T;;;,). Simulations with lower values of ¢ (5 Wm™2K~1) produce mass balance values
with a median (17-83% range) of -0.3 (-1.4, 0.2) m w.e, whereas higher values of ¢ (45 Wm™2K~1) reduce this to -3.8 (-4.8,
-3.2) m w.e. All intervals presented are 17-83% ranges, also described as ‘likely’ (IPCC, 2021), unless otherwise indicated.
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Figure 3. Sensitivity of model outputs to input parameters over the calibration period (2000-2019) from simulations using the
uncalibrated ensemble (i.e., all 250 parameter sets). Different rows correspond to different mass balance components as follows:
annual mass balance (B, m w. e) (first row), temperature-dependent heat fluxes (1, Wm~2K~1) (second row), short-wave radiative
fluxes (Q,,,, Wm=2K~1) (third row) and accumulation (Py,,,,,, mm d~1) (fourth row). Columns correspond to model parameters as
labelled. For each parameter-output relationship, the solid curve indicates the LOWESS median fit and shaded area indicates the
17-83% uncertainty range (defined as the ‘likely’ range).

The other model parameters have a less dominant effect on B, though do show discernible impacts on individual mass
balance components (Figure 3h-ab). Consistent with physical expectations, the temperature-dependent flux (i) are most
sensitive to ¢, though this is also sensitive to the minimum value of the temperature-dependent flux (Y,,;,,) (Figure 3i). The
short-wave radiative flux (Qgy, ) is most sensitive to the atmospheric transmissivity (7) parameter, with an increasing

influence at higher values (Figure 3r). Higher values of the ice albedo (@;..) lead to lower values of Qg,,, but the effect is

11
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less significant than the atmospheric transmissivity (t) parameter (Figure 30). Accumulation (P, ) has a strong linear
dependence on the precipitation correction factor (p) parameter, with the median increasing by 5.3 mm d~* over the range of
p values. The dominance of this parameter is further reflected in the near-uniform uncertainty across its range (Figure 3aa).

However, some expected relationships are not seen in the ensemble. For instance, the threshold temperature below which ¢
is equal to Yy, is defined by the parameter Ty, yet this shows no clear relationship with ¥ (Figure 31). Similarly, the
threshold temperature for precipitation phase partitioning (Ts;,,, ) has minimal impact on accumulation (Py,,,,) (Figure 3ab).
The limited influence of these threshold temperatures, as well as the significant impact of ¢ and p, reflects the dominance of
winter accumulation and summer ablation as modelled mass balance processes over the calibration period. Given the distinct
seasonality of modelled snowfall, the influence of the ice albedo (a;..) parameter is restricted to the summer months, when
snowpack depth reduces or disappears entirely (Sect. 2.1.1). The value of a;, therefore has a less significant impact than the

atmospheric transmissivity (t) parameter, which is unaffected by model processes (Figure 30).

3.1.2 Calibrated Ensembles

The ensemble is constrained using the two calibration approaches described in Sect. 2.4. To investigate the distribution of
the calibrated parameter sets within the 7-dimensional parameter space, we examine two-dimensional density plots (Figure
4). In more detail, for each pairwise combination of the seven parameters, we visualise how the calibrated values are
distributed across their pre-defined ranges.

For the tuning calibration procedure, in which an optimal parameter set is selected for each individual glacier, 93 unique
parameter sets (of the 250) were selected as providing the best match with glacier-specific mass balance observations, across
all 568 glaciers. Of these parameter sets, low values of the temperature-dependent flux gradient ¢ generally produced the
best matches with glacier-specific mass balance observations, regardless of the values of the other parameters (Figure 4a,
second row of the right triangle, where highest densities, i.e. more yellow, are seen at low ¢ values). We also find that the
tuning calibration method predominantly selects high values of the ice albedo («;..), although a wider spread remains across
the ensemble compared to c. This pattern suggests that a;., plays an important role for some individual glaciers, despite only
having a limited influence on regional mean mass balance (Sect 3.1.1). For the other model parameters, calibrated values
span widely across the pre-defined ranges, but there are some localised high-density clusters, indicating that groups of
glaciers favour similar parameter combinations.

After performing our history matching calibration, which selects an ensemble of NROY regional-scale parameter sets, a
broader region of parameter space is preserved (Figure 4b, lower left triangle). Of the full ensemble, 58% are ruled out
through calibration, leaving 105 NROY parameter sets. The intersection of parameter sets retained by both calibration
procedures— defined as the union space—is only 16 ensemble members (~6 %), indicating that relatively few parameter sets
overlap between glacier-specific and regional-scale constraints. Despite this limited overlap, a similar dependence on ¢ can

be observed in NROY parameter space. In particular, varying ¢ with other model parameters rules out regions of parameter

12



320

325

https://doi.org/10.5194/egusphere-2026-2069
Preprint. Discussion started: 8 May 2026
(© Author(s) 2026. CC BY 4.0 License.

EGUsphere®

space (second column of lower triangle of figure 4); low values of ¢ are ruled out when combined with high values of the

precipitation correction factor (p) and the precipitation phase partitioning temperature (T, ), and high values of ¢ are ruled

out with high values of the atmospheric transmissivity (7) parameter.
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Figure 4. Density of calibrated parameter values (a) tuned for each glacier individually (n=93) (upper right plots in the green-blue
colourmap) and (b) not-ruled-out-yet from history matching (n=105) (lower left plots in the black-red colourmap). Scales on the

right and left axis correspond to the upper right and lower left triangle, respectively.

This interdependence among parameters leads to competing controls on the mass balance. To illustrate this, we inspect the

relationship between NROY parameter sets and the mass balance model outputs by fitting a LOWESS model to each

parameter-output combination (Sect. 2.5; Figure 4). Many patterns from the full ensemble are preserved, such as the

dominant control of ¢ on mass balance, but some notable differences emerge due to compensating effects between model

13



330

335

340

https://doi.org/10.5194/egusphere-2026-2069
Preprint. Discussion started: 8 May 2026 G
© Author(s) 2026. CC BY 4.0 License. E U Sp here

parameters. In particular, in order to satisfy the mass balance constraint, high values of parameters that control ablation must
be compensated by high values of parameters that control accumulation. This produces weakly counter-intuitive responses in
the regional mean mass balance, with higher values of p and T,,,, resulting in decreasing mass balance values (Figure 5f,
Sg). These compensatory relationships produce strongly counter-intuitive responses in the individual mass balance
components. Lower values of ¢ generally lead to less accumulation (Py,,,,) (Figure 5w), when we would expect the opposite
to be true, and increasing values of 7 result in lower values of the temperature-dependent fluxes () (Figure 5k), even though
7 does not directly influence 1P within the model.
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Figure 5. Same as Figure 3, but only considering not-ruled-out-yet (NROY) ensemble members from history matching. Note the
different y-axis scales compared to Figure 3.

3.2. Projections of Steady-State Volume

In this section, we show projections of glacier volume change in Iceland under the experiments from GlacierMIP3. Sect.
3.2.1 presents projections generated using parameter values tuned for each glacier individually, which constitute the GO
model contribution to GlacierMIP3. In Sect. 3.2.2, we present projections generated using the full (uncalibrated) and NROY
(not-ruled-out-yet) ensemble. Note that relative volume changes are directly comparable to relative mass changes (as

presented in GlacierMIP3; Zekollari et al., 2025), assuming a constant ice density.
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3.2.1. Tuned Projections

Figure 6 shows the projected glacier volume evolution over the 5000-year simulation period for all GlacierMIP3 forcings.
All simulations reach an approximately constant volume, or steady state (as defined by Zekollari et al., 2025), within the first
300 years. Glacier response timescales are typically faster in experiments with higher warming, due to the evolution towards
the same ice-free state for small glaciers, which occurs faster at higher temperatures. After reaching steady-state conditions,
the projected volume change (as a percentage of initial volume) ranges from an increase of 15 % to a total loss of ice volume
(-100 %). Of the 80 simulations (4 periods x 5 climate models x 4 scenarios), only two produce a volume increase; both of
which were forced by IPSL-CM6A-LR under the 1851-1870 (+ 8 %) and 1901-1920 (+ 15 %) historical periods (Figure 6a,
6¢). For the later historical periods, all simulations produce volume losses, with projected steady-state volumes of 86 (83-96)
% and 68 (58-75) % for the 1951-1970 and 1995-2014 periods, respectively (Figure 6i, 6m).

All simulations forced with climate data for future periods project median volume losses greater than 40 % (i.e. steady-state
volumes below 60%). For the SSP1-2.6 scenario, projected volume changes show little variation between the different time
periods, with the multi-GCM median varying by less than 4 % (Figure 6, second column), because this low emissions
scenario does not vary much through time (Figure 2). However, there is a substantial spread among projections from
different GCMs, with maximum differences in relative volume losses exceeding 70 % (Figure 6n). This is largely
attributable to UKESM1-0-LL, which has a high equilibrium climate sensitivity (Meehl et al., 2020) that produces
substantially higher volume losses than the other GCM members and dominates the ensemble spread. Simulations forced
with climate from the near-term 2021-2040 period show minimal dependence on emissions scenario, with projected steady-
state ice volumes of 57 (22-62) %, 59 (25-66) % and 53 (18-60) % under the SSP1-2.6, SSP3-7.0 and SSP5-8.5 scenarios,
respectively (Figure 6f, 6g, 6h). Differences between scenarios increase over time: for the 2081-2100 period, projected
steady-state volumes range from 56 (31-71) % for the SSP1.2-6 scenario (Figure 6h) to 3 (0-18) % for the SSP5.8-5 scenario
(Figure 6p).
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Figure 6. Evolution of glacier volume (as percentage of initial volume) over the 5000-year simulation period for all forcing
experiments, generated using the tuned ensemble. Each panel presents simulations forced with climatic conditions from five
GCMs (as indicated in the legend), extracted from four historical periods (first column) (1851-1870, 1901-1920, 1951-1970, 1995-
2014) and four future periods (2021-2040, 2041-2060, 2061-2080, 2081-2100) under the SSP1-2.6 (second column), SSP3-7.0 (third
column) and SSP5-8.5 (fourth column) scenarios. The multi-GCM median and likely range for each experiment are presented on
panels as dashed lines, as well as text in upper left corner.
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3.2.2. Ensemble Projections

Figure 7 shows the regional glacier volume projections from the full (grey shading) and NROY (coloured shading)
ensembles for each of the GlacierMIP3 experiments (scenario-period combination). For comparison, we also present the
tuned projections (pink dashed line and shading).

The full ensemble forced with early historical climates, 1851-1870 and 1901-20, produces steady-state ice volumes of 111
(83-153) % and 109 (82-150) % respectively. These are reduced to 107 (88-132) % and 103 (84-131) % in the NROY
ensemble (Figure 7a, 7e): i.e. history matching primarily removes high steady-state volumes, though many remaining NROY
ensemble members project an increase in ice volume. Compared with the tuned projections, which generally show a slight
decrease in ice volume for these early historical periods, the NROY ensemble produces median steady-state ice volumes 14
% and 8 % higher, and 83" percentiles 29 % and 28 % higher, for the 1851-1870 and 1901-1920 experiments, respectively.
For the two later historical periods, the probability density functions of the NROY ensemble projections are noticeably
narrower than that of the full ensemble (Figure 7i, 7m), reflecting the increased influence of calibration for more recent
climate forcings. For the 1951-1970 and 1995-2014 periods, the NROY projections show median relative ice losses of 3 %
and 22 %, and a 17-83 % uncertainty range of 27 % and 29 %, respectively.

Under future climate conditions, the NROY ensemble projections indicate that, irrespective of the climate forcing, a
reduction in ice volume of at least 15 % is likely. For the 2081-2100 period, simulations forced with climate derived from
SSP1-2.6 (Figure 7n) generally produce the smallest volume losses of all scenarios, with a median steady-state volume of 70
%; this is 14 % higher than the median of the tuned projections. However, many simulations in the NROY ensemble project
very large volume losses, resulting in a bimodal distribution. As a result, the 17 percentile volume is much smaller for the
NROY ensemble (2%) than for the tuned projections (32%). For the forcings using SSP3-7.0 (Figure 70) and SSP5-8.5
(Figure 7p), most simulations produce large volume losses. The distributions are skewed because only large glaciers can

support non-zero steady state, and even then, only under a limited set of forcing and parameter combinations.
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Figure 7. Projected steady-state ice volume for all GlacierMIP3 experiments generated using the full (grey shading) and NROY

400 (coloured shading) ensembles. The pink dashed line and shading represents the median and likely range for the tuned projections
(Figure 6). Each panel presents projections from one experiment, forced with climatic conditions from four historical periods (first
column: 1851-1870, 1901-1920, 1951-1970, 1995-2014) and four future periods (2021-2040, 2041-2060, 2061-2080, 2081-2100) under
the SSP1-2.6 (second column), SSP3-7.0 (third column) and SSP5-8.5 (fourth column) scenarios. The median and likely range for
the NROY ensemble projections are indicated as text in the upper-right corner of each panel.

405 3.3. Sensitivity to Temperature Change

Each of the GlacierMIP3 forcings corresponds to a change in the global mean temperature relative to the pre-industrial
period (Sect. 2.2). Figure 8 shows glacier volume projections from the tuned and NROY ensembles aggregated into discrete

global mean temperature change scenarios, ranging from 0 °C to 7 °C at 1 °C intervals.
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Figure 8. Projections of steady-state volume generated using our not-ruled-out-yet (NROY, blue) and tuned (orange) ensemble,
aggregated into different global mean temperature change (AGMT) scenarios relative to the pre-industrial period. For each bar,
the bold line represents the median, the darker shading indicates the interquartile range, and the lighter shading shows the likely
range. The number above each bar denotes the total number of regional glacier volume projections aggregated within a given
temperature change scenario. The 7 °C scenario is not shown (n=1).

As expected, the projected steady-state volume depends strongly on the applied global mean temperature change scenario,
but the central estimates differ between the two ensembles. For temperature changes up to 5 °C, the median is systematically
lower from the tuned ensemble than the NROY ensemble projections. Under historical climate conditions (predominantly
binned to 0 °C), the tuned ensemble produces median volume loss relative to present-day (—8 %), whereas the median of the
NROY ensemble shows a slight increase in volume under this scenario (+ 2 %). For all other temperature change scenarios,
both ensembles project volume losses, but the magnitude differs substantially. The largest discrepancies occur under the 3 °C
and 4 °C scenarios, where the tuned ensemble projects median volume losses that are 15 % and 16 % higher, respectively,
than those of the NROY ensemble. Only under scenarios exceeding 5 °C of warming are absolute differences between the
two ensembles negligible, since median relative volume losses exceed 99 %.

For the tuned ensemble, differences between GCMs (hereafter forcing uncertainty) are the sole contributor to projection

uncertainty (compared with the NROY ensemble, which includes both forcing and parametric uncertainties). The largest
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likely range occurs under the 3 °C scenario, where the projected steady-state volume ranges from 1 to 43 % (outer limits of
the ‘likely’ range). Part of this uncertainty reflects differences in the global mean temperature change simulated by different
GCMs: for instance, in the 3 °C binned scenario, the simulated global mean temperature changes range from 2.6 °C to
3.4 °C. This variability is further amplified at the regional-scale, as local temperatures deviate from the global mean and
simulated precipitation differs across GCMs.

The spread of the NROY ensemble projections reflects both forcing and parametric uncertainty, and — given the common
climate forcings — the difference between the tuned and NROY ensembles can be interpreted as the influence of parametric
uncertainty. As with the tuned ensemble, we find that the likely range of our NROY ensemble projections is largest under the
3 °C scenario. Here, the lower limit of the likely range is equal to that of the tuned ensemble (<1 % of present-day volume),
but the upper limit produces steady-state volumes which are 18 % higher, reaching 61 % of present-day volume. For all
scenarios exceeding 3 °C, the NROY ensemble produces a much larger range of steady state volumes: the lower limit of the
likely range is approximately equal to the tuned projections, but the upper limit is markedly higher. The largest absolute
difference in projection uncertainty occurs under the 4 °C scenario, where the 83™ percentile of the glacier volume
projections increases by 28 % between the tuned and NROY ensemble projections (upper bound of ~48 % vs. 37 % of
present-day volume). The largest relative difference, however, is observed under the 5 °C scenario: all members of the tuned
ensemble project near-total volume losses (<1 % of present-day ice volume), whereas the NROY ensemble produces some
simulations in which ice remains at stabilization, resulting in an uncertainty range that is an order of magnitude larger. Large
relative differences also occur under low warming scenarios, where the likely range of the NROY ensemble spans 34 % of
present-day volume under a 0 °C scenario — more than double the tuned ensemble’s range of 17 %. Similarly, under the 1 °C
scenario, the likely range of the NROY ensemble projections is 29 % of present-day volume, compared to 11 % from the

tuned projections.

3.4. Sensitivity to Individual Model Parameters

To further investigate the drivers of uncertainty within the ensemble projections, we analyse the sensitivity of projected
glacier volume change in the 0 °C, 2 °C and 4 °C binned scenarios to individual model parameters by fitting a LOWESS
model to each parameter-projection relationship (Sect. 2.5).

Figure 9 shows the relationship between model parameters and glacier volume projections generated using the full
(uncalibrated) ensemble. Across all temperature change scenarios, projected glacier volume shows a significant dependence
on the temperature-dependent flux slope (c), with increasing values of ¢ generally producing higher volume losses (Figure 9,
second column). This is consistent with patterns observed in calibration (see Sect. 3.1, Figure 3), where ¢ exerted a strong
control on regional mean mass balance (Sect. 3.1, Figure 3). However, here the precipitation correction factor (p) and the
precipitation phase partitioning temperature (Ts,,,,) also have a strong influence (Figure 9, sixth column). This differs from

the calibration period, during which p and Ty,,,,, had minimal impact on the regional mass balance. The increasing influence
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of the p and Ty, largely reflect the differences in precipitation under the same temperature change scenario, thereby
increasing the importance of parameters that directly control accumulation.
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Figure 9. Relationship between model parameters and projected steady-state glacier volume (V) as percentage of initial volume
under + 0 °C (a-g, first row), + 2 °C (h-n, second row) and + 4 °C (o-u, third row) temperature change scenarios, generated using
the full perturbed-parameter ensemble. The LOWESS median fit (bold line) and likely range (shaded region) are presented for
each parameter-projection relationship. Note the different y-axis ranges for each row.

Different patterns emerge when we inspect the relationship between model parameters and projections in the NROY
ensemble (Figure 10). In general, the model output is less sensitive to model parameters than in the full ensemble (note the
smaller y-axis ranges), because history matching typically excludes the extremes of the parameter ranges. Under the 0 °C
scenario, relationships are characterised by large uncertainties, reflecting the absence of dominant parameters. As in the
uncalibrated ensemble, we find that the precipitation correction factor p exerts a strong control on the NROY projections
under the 2 °C and 4 °C scenarios, with lower values generally resulting in greater volume losses (Figure 10m & 10t). A
strong relationship between ¢ and projected ice volume is also observed under these warming scenarios (Figure 101 & 10p).
However, this relationship is counter-intuitive, since decreasing values of ¢ generally lead to greater volume losses, despite it
corresponding to higher values of the temperature-dependent flux. Given the calibrated values of ¢ and p are correlated
(Sect. 3.1.2), this reflects the dominance of parameters that directly affect accumulation in controlling projected volume
change. Consistent with this picture, we also find that Tg,,,, has a significant impact on projected ice volume, and this
increases under higher warming scenarios (Figure 10u). Similarly, the parameter determining the threshold temperature for
the temperature-dependent fluxes (T;;,) has a stronger influence under higher warming scenarios (Figure 101 & 10s). Certain
parameters, including ice albedo (a;.) and atmospheric transmissivity (7), have a limited impact on projected glacier

volume across all temperature change scenarios.
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Figure 10. Same as Figure 9, but projections of steady-state glacier volume (V,,) generated using the NROY ensemble. Note the
different y-axis range for each row.

3.5. Comparison to the GlacierMIP3 Ensemble

To assess the relative size of model structural uncertainty and parametric uncertainty in projections of regional glacier
volume change, we compare projections generated using the NROY ensemble with those from the GlacierMIP3 multi-model
ensemble (MME) (Zekollari et al., 2025) for Iceland. Figure 11 shows the projected steady-state volume from the two
ensembles as a function of global mean temperature change (as described in Sect. 3.4).

Across all temperature change scenarios, the GlacierMIP3 MME produces lower median steady-state volumes than the
NROY ensemble. Under the 0 °C scenario, however, the MME yields a higher upper bound than the NROY ensemble. Here,
the NROY ensemble projections lie within the uncertainty range of the MME projections, with a likely range of 84—125 %
and 62—-140 % for the NROY ensemble and GlacierMIP3 MME, respectively. Under the 1 °C and 2 °C scenarios, the spread
of glacier volume projections produced by the two ensembles is similar, but the likely range of the MME is shifted towards
lower steady-state ice volumes. In general, the MME projections become more constrained at higher warming levels as

ensemble members converge towards strong volume losses.
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Figure 11. Projections of glacier volume change in Iceland relative to present-day generated using the not-ruled-out-yet ensemble
(NROY, blue) and the GlacierMIP3 multi-model ensemble (GlacierMIP3 MME, green) under different scenarios of global mean
temperature change (AGMT) relative to the pre-industrial period. For each bar, the bold line represents the median, the darker
shading indicates the interquartile range, and the lighter shading shows the likely range. The number above each bar denotes the
total number of regional-scale simulations aggregated within a given temperature change scenario. + 7 °C scenario not shown
(n=6). Note different y-axis range compared to Figure 8.

For all temperature change scenarios exceeding 2 °C of warming, the range of glacier volume projections produced by the
NROY ensemble exceeds that of the GlacierMIP3 MME. While the lower limits of the likely range from both ensembles
converge towards near-total volume losses, differences arise primarily in the upper limits of the likely ranges. For these
scenarios, the MME projections are increasingly skewed towards low steady-state volumes, whereas the NROY ensemble
retains a broader range of potential ice volumes. The largest absolute difference in the likely range occurs under a 3
°C scenario, where the NROY ensemble projects a likely range of 2—77 % compared to 1-39 % from the MME. The largest
relative difference, however, is found under the 5 °C scenario, where the MME projections are almost entirely concentrated
at a total loss of ice volume (83" percentile: 2 %), whereas the NROY ensemble projects a likely range of 0-21 %. Under a 6

°C scenario, all members of both the MME and NROY ensembles produce very low steady state volumes (<1 % of present-
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day volume). At this warming level, projected steady-state volumes show little sensitivity to the ensemble construction,

indicating that temperature forcing dominates over differences associated with structural or parametric uncertainty.

4 Discussion

In this study, we produced projections of glacier volume change for Iceland under the GlacierMIP3 constant climate
scenarios using a large perturbed-parameter ensemble of the large-scale glacier evolution model GO-VA. We used two
different calibration methods to constrain the ensemble: a traditional by-glacier tuning approach, and a history matching
procedure that accounts for parametric uncertainty. Our results show that failing to account for parametric uncertainty can
reduce the overall uncertainty in projections by 7-91 %. The size of this reduction depends on the climate forcing: for
scenarios with high forcing uncertainty, parametric uncertainty plays a more minor role. However, for temperature change
scenarios for which forcings are more narrowly constrained, parametric uncertainty plays a significant, or dominant, role.
This is particularly relevant for the case study region, Iceland, where forcing uncertainties are large (Marzeion et al., 2020).
In regions where forcing uncertainty is smaller, parametric uncertainty would likely dominate across a broader range of
scenarios. Comparison with the GlacierMIP3 ensemble suggests that parametric uncertainty can be as large as, or even be
larger than, the uncertainty arising from differences between models. This highlights the importance of considering both
structural and parametric uncertainty to fully quantify model uncertainty in projections.

Our paper is one of the first to apply formal uncertainty quantification methods to the calibration of glacier models for large-
scale applications. In a previous effort, Rounce et al. (2020a) used a Bayesian inverse model and glacier-specific mass
balance observations for calibration, allowing model parameters to vary between glaciers. In our history matching
calibration, we used regional-scale mass balance observations for the observational constraint to calibrate fixed parameter
sets for every glacier in Iceland (though this fixed set is perturbed). In this procedure, errors in mass balance at the individual
glacier-scale cancel out at a regional scale. One consequence, as in any calibration using aggregated quantities, is that some
ensemble members pass calibration by simulating some glaciers with positive mass balance and others with negative (see
Huss and Hock, 2015). This can introduce biases into simulations; in particular, the volume loss of a glacier with negative
mass balance during calibration is limited to its initial volume, but there is no limit on how much a glacier with positive mass
during calibration can grow (Rounce et al., 2020a). Consequently, regional glacier volume simulations may exhibit a positive
bias in total volume change, since large growth experienced by some glaciers (i.e. those with positive mass balance during
calibration) cannot be offset by equivalent volume losses elsewhere. This likely explains the systematic positive difference
between our projections from history matching compared with those from tuning. This result is consistent with earlier studies
(Huss and Hock, 2015; Rounce et al., 2020a), which found that regional-scale calibration tends to produce smaller volume
losses than calibration at a glacier-scale.

In theory, this could be addressed by performing the history matching calibration at a glacier-scale, rather than regional-

scale, using glacier-specific mass balance observations (see Rounce et al., 2020a). However, there are a number of
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disadvantages to this approach. One is the additional complexity of considering the aggregation of uncertainties from the
glacier to regional scale: treatment of parametric uncertainty as either spatially independent (varying by glacier) or spatially
correlated (shared across glaciers, whether fully or partially) requires strong judgements and can substantially affect the
degree of uncertainty in projections.

A more critical and general point is the risk of over-tuning. While the larger uncertainties in our regional history matching
calibration might at first suggest that projections derived from tuning are more reliable or useful, such tuning typically
compensates for structural deficiencies in models and errors in climate forcing. In other words, parameters can be tuned to
improve agreement with glacier-specific mass balance observations over the calibration period, but this does not necessarily
imply that the underlying mass balance processes are more accurately represented. For example, a model forced with
systematically overestimated temperatures over the calibration period would require a low value of temperature sensitivity
parameters to reproduce the observed mass balance. This parameter choice would then lead to an underestimation of glacier
sensitivity to further warming. As such, tuning may lead to the right answer for the wrong reason. Physical model parameters
should have the same physical meaning for every glacier, so tuning them individually underestimates the inherent model
uncertainties that should be incorporated into projections.

Our sensitivity analysis provides further insight into these issues. We found that the parameter controlling the sensitivity of
temperature-dependent fluxes to temperature change (c) exerts the dominant influence on mass balance during the
calibration period, and subsequently on calibrated parameter space. While the other model parameters had a limited impact
on mass balance compared to c, they were essential for constraining parameter space: only through co-variation with ¢ could
significant regions of parameter space be ruled out as plausible matches with regional mass balance observations. These
interactions reflect the trade-off between the processes of accumulation and ablation, or competing processes of ablation,
depending on the process each parameter controls. As a result, while different parameter combinations may yield similar
mass balance values over the calibration period, they imply contrasting process representations (e.g. Schuster et al., 2023).
This underscores a key limitation with the calibration of large-scale glacier evolution models: the model parameters are non-
identifiable, i.e. the number of model parameters exceeds the information available in the calibration data. It has been argued
that the most effective strategy for addressing non-identifiability is to increase the parameter-specific information available
in the calibration data (Gelman et al., 2014). Recent studies have shown that sub-annual mass balance observations can
indeed help differentiate between winter and summer mass balance processes, enabling a more effective calibration of
parameters controlling accumulation and ablation (Schuster et al., 2023; Phelps et al., 2025). However, these studies have
focused on the calibration of temperature-index models. These simple models may absorb structural deficiencies through
parameter tuning, i.e., improved calibration can reduce apparent parametric uncertainty without necessarily improving
process representation. Importantly, more complex mass balance models with more meaningful parameters may be more
amenable to constraint through improved observations. Thus, increasing model complexity can, in some cases, decrease
parametric uncertainty provided the calibration data are sufficiently informative. The seven model parameters perturbed in

this study can be broadly categorised based on their influence on key mass balance processes: temperature-dependent fluxes,
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shortwave radiative fluxes, and accumulation. Consequently, observations that directly capture these individual processes
might provide more targeted constraints on the associated parameters.

Currently, such data are only available for a limited number of glaciers, meaning that existing studies investigating the
advantages of incorporating additional calibration data have generally been restricted to small-scale applications (7-95
glaciers). The temporal resolution of geodetic mass balance observations, which remain the primary source of calibration
data for large-scale studies (e.g. Hugonnet et al., 2021), are limited by density assumptions when converting elevation
change to mass change, which introduces large uncertainties over shorter timescales (Huss, 2013). Nevertheless, recent
efforts to improve the temporal resolution of geodetic data through geostatistical modelling (Dussaillant et al., 2025) and
machine learning (Sjursen et al., 2025) approaches represent promising advances towards improving the calibration data
available for future large-scale modelling studies.

Alternatively, dimensionality reduction has been proposed as an approach to handle the non-identifiability problem (e.g.
Zolles et al., 2019), also known as pre-calibration or screening. This involves fixing non-sensitive, or less sensitive,
parameters to constant values to reduce the parameter space. Our analysis indicates that the parameters controlling the
threshold temperatures for the temperature-dependent fluxes (T;,) and precipitation phase partitioning (Tsp,,, ) have a
limited impact on mass balance processes over the calibration period, so these parameters might have been considered
candidates for fixing. However, our results caution against this approach, since we find T¢;;, and Ty, play a prominent role
in controlling uncertainty in the glacier volume projections, especially under warming scenarios. Furthermore, because the
calibration assumes static glacier geometry (i.e. constant area), certain parameters may appear less important than they would
under conditions of evolving geometry (Rounce et al., 2020b; Aguayo et al., 2024; Schuster et al., 2023). Taken together,
these findings highlight the risks of prematurely excluding parameters based on their relative lack of influence during the
calibration period: sensitivity analysis should be performed not only under present-day conditions, but also for projected
changes (e.g. Wieder et al., 2019), and always by perturbing all parameters at once.

Finally, we note the magnitude of parametric uncertainty may be influenced by our chosen parameter ranges and model
error, as in any ensemble calibration. Parameter ranges were guided by literature and a decreasing success in reproducing
observations, but alternative choices might be made. We defined model error as a multiple of observational uncertainty
following Edwards et al. (2019) (see also for example Gladstone et al., 2012; Coulon et al., 2025). To test the sensitivity of
this assumption, we show results for alternative multiplicative factors (Williamson et al., 2013; Coulon et al., 2024):

differences in the median and likely ranges are small (Appendix A).

5 Conclusions

In this paper, we have presented projections of glacier volume change in Iceland from the GO-VA model in the framework
of GlacierMIP3. We compared projections generated using two calibration approaches: a traditional tuning-by-glacier

strategy and a history matching procedure. For the latter, we constructed an ensemble of parameter sets that were consistent
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with regional mass balance observations, thus enabling an assessment of parametric uncertainty in projections. Our results
showed that parametric uncertainty can be a major, and in some cases dominant, source of uncertainty in projections of
glacier volume change. We found that failing to account for parametric uncertainty reduces total projection uncertainty by 7—
91 % across scenarios of global mean temperature change, with the largest reductions occurring for scenarios where forcing
uncertainty is highly constrained. Through comparison with the GlacierMIP3 ensemble, parametric uncertainty is shown to
be comparable to structural model uncertainty and, depending on the strength of the forcing, can even produce larger
projection uncertainties. Taken together, these findings demonstrate the importance of accounting for parametric uncertainty,
alongside structural uncertainty, to more comprehensively characterise projection uncertainty in model intercomparison

projects.

2 Appendices
Appendix A: Model Discrepancy Variance

Figure Al shows the effect of using higher (10x) and lower (2x) multiples of observational uncertainty for the model error
term than the default value (5x) in the history matching calibration (Sect. 2.4), illustrated using the NROY ensemble
projections as a function of binned temperature scenarios (Sect. 3.3). The larger value represents a greater tolerance for
model error, while the smaller value represents a greater expectation for the model to reproduce observations under the best

parameter values. Differences in the median and likely ranges are small.
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Figure Al. Steady-state volume projections in the NROY ensemble as a function of global mean temperature change for three
different model error terms in the implausibility metric. Numbers above bars denote the number of regional simulations

aggregated into each binned temperature change scenario.
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