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Modelling ablation of glacier ice under a layer of mineral debris is increasingly important, because the extent of supraglacial debris is expanding worldwide due to glacier recession. Physically based models have been developed, but the uncertainty in predictions is not yet well constrained. A new one-dimensional model of debris-covered ice ablation that is based on the Simultaneous Heat and Water transfer model is introduced here. SHAW-Glacier is a physically based, vertically integrated, fully coupled, water and energy balance model, which includes the advection of heat by rainwater and lateral flow. SHAW-Glacier was applied to North Changri Nup, a high elevation alpine glacier in the monsoon-dominated Central Himalaya. Simulations were compared with observed debris temperature profiles, snow depth, and ablation stake measurements for debris 0.03–0.41 m thick, in a 2500 m2 study area. Prediction uncertainty was estimated in a Monte Carlo analysis. SHAW-Glacier simulated the characteristic pattern of decreasing ablation with increasing debris thickness. However, the observations of ablation did not follow the characteristic pattern; annual ablation was highest where the debris was thickest. Recursive partitioning revealed a substantial, non-linear sensitivity to the snow threshold air temperature, suggesting a sensitivity to the duration of snow cover. Photographs showed patches of snow persisting through the ablation season, and the observational data were consistent with uneven persistence of snow patches. The analyses indicate that patchy snow cover in the ablation season can overwhelm the sensitivity of sub-debris ablation to debris thickness. Patchy snow cover may be an unquantified source of uncertainty in predictions of sub-debris ablation.
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1 INTRODUCTION
Glacier meltwater is an important resource in densely populated areas such as the Himalayan foothills (Immerzeel et al., 2020). Meltwater is used in hydro-electricity and agricultural production, and it can be particularly important during prolonged periods without rain (Pritchard, 2019). Melting of alpine glaciers can also give rise to hazards affecting mountain communities, including mass movement events and flooding (Quincey et al., 2005; Dussaillant et al., 2010; Hewitt, 2014; Ragettli et al., 2016; Williams and Koppes, 2019; Molden et al., 2022), and glacier meltwater is contributing to global sea level rise (Hock et al., 2019). Models of glacier melt are used to make predictions that help resource managers evaluate and plan for the risks associated with glacier change. However, predictions are inherently uncertain. An accurate assessment of the uncertainty in predictions can be key to the success of management decisions (Lutz et al., 2014; Koppes et al., 2015; Ragettli et al., 2015; Marzeion et al., 2020).
Rock debris is found on the surface of an estimated 44% of the glaciers on Earth (Herreid and Pellicciotti, 2020); 4.4% to more than 30% of the glacier surface area in some regions has been found to be completely covered by a layer of unconsolidated material (Sasaki et al., 2016; Scherler et al., 2018). Both theory and observations indicate that the thickness and extent of supraglacial debris cover is increasing as glaciers recede (Bhambri et al., 2011), yet the role of debris has rarely been included in regional glacier melt models. Supraglacial debris can enhance or reduce melt rates (Rounce et al., 2021): observations have shown that ablation decreases exponentially as debris thickness increases beyond a few centimetres, in a relation that is known as the ‘Østrem Curve’. Furthermore, unlike snow and bare ice surfaces, the temperature of supraglacial debris can rise above 0°C. Therefore, traditional glacier surface ablation models are not immediately transferable to debris-covered glaciers.
Both empirical and physically based models have been developed and applied to predict sub-debris glacier melt (e.g. Giese et al., 2020; Winter-Billington et al., 2020). A challenge with empirical models is that parameter values estimated for specific sites or periods may not be applicable under different geographic or climatic conditions. Physically based models should be more robust for application to a range of geographical contexts and under scenarios of climatic change. Major challenges in applying physically based models pertain to the typically limited availability of detailed meteorological data to drive surface mass and energy fluxes, as well as uncertainty regarding hydraulic and thermal properties of the debris layer. When applying predictive models, it is important to understand the sensitivity of model predictions to these sources of uncertainty.
The acquisition of data for physically based modelling at regional scale can require substantial resources; simplifying the representation of physical processes can reduce both the data load and computational expense. Predictions of glacier volume and area made by Giesen and Oerlemans (2013) with a simplified energy balance model were found to have the smallest uncertainties by comparison with five empirical models in a global glacier mass balance model intercomparison (Hock et al., 2019). Such simplifications can be robust for debris-free glaciers because, although the global population of glaciers remains undersampled (Mernild et al., 2013), the processes of surface ablation have been observed, and parameter uncertainty evaluated, at a relatively wide range of sites and scales (e.g. Dadić et al., 2013; Fitzpatrick et al., 2017; Marzeion et al., 2020). Fewer studies have been conducted on debris-covered glaciers; uncertainty introduced by neglecting some mass and energy fluxes in simplified models, or by using assumed parameter values, has not been assessed at a wide range of sites. To advance this area of research, the International Association of Cryospheric Sciences Working Group on Debris-Covered Glaciers has led the Debris-Covered Glacier Model Intercomparison Project, the results of which are currently in preparation. Analyses of process based, point scale models of sub-debris ablation in a range of geographies will also contribute to the aim of accurately quantifying the uncertainty in regional scale predictions of glacier ablation.
Existing physically based models of sub-debris glacier melt simulate surface energy exchanges and conductive heat fluxes through the debris layer and in a layer of ice below the debris. Table 1 presents a compilation of physically based models reported in peer-reviewed literature that were developed to predict melt on debris-covered glaciers. To our knowledge, only one model computes full energy and water balances in the debris-glacier column. That model includes heat advection by the percolation of rain or meltwater, but heat advection was deemed to be negligible in the one study in which the model was introduced and applied (Giese et al., 2020). While existing models that neglect vertical heat advection have been found to perform reasonably well at individual sites when supported by local weather data, there is evidence that processes associated with monsoon precipitation contribute to sub-debris ablation at some sites, and could affect the sensitivity of ablation to debris thickness (Winter-Billington et al., 2020).
TABLE 1 | Physically based models that have been applied to predict ablation of glacier ice under a debris layer. At a minimum, the models listed compute vertical heat conduction through the debris layer. Additional processes involved in melting of glacier ice under a debris layer that are represented in each model have been summarised under the heading Innovations. Groups of models having the same physical representations are listed against a number from 1 to 15, in order of increasing physical completeness. In each of the 15 groups, studies in which the models were applied are listed chronologically by the date of publication. Some of the models were named by their authors, in which case their name is given in bold font under the heading Models.
[image: Table 1]This paper introduces a new physically based model for predicting sub-debris ice melt that aims to provide the most complete set of process representations to date. The model is based on the Simultaneous Heat and Water (SHAW) transport model for predicting the water and energy balances of soils affected by processes of freeze/thaw, snow cover and/or vegetation at a point-scale (Flerchinger, 1987). SHAW has been widely validated at sites around the world (e.g. Flerchinger et al., 1996; Wang et al., 2010; Flerchinger et al., 2012; Li et al., 2012; Sun et al., 2016; Langford et al., 2020) and is maintained by the United States Department of Agriculture (USDA). SHAW is capable of predicting variables including the depth of soil freezing, latent heat fluxes associated with the phase change of water, snow accumulation and evolution, soil and ice temperatures, and the advection of heat by unfrozen water.
A new version of SHAW, SHAW-Glacier, was developed for this study. It incorporates all of the processes represented within the original model. In addition, SHAW-Glacier simulates energy and moisture fluxes within solid glacier ice, as well as lateral water transport above a solid ice surface and in a porous surface layer of ice.
The specific aims of this study were to 1) demonstrate the extended functionality of SHAW-Glacier using on-site input data from the debris-covered glacier North Changri Nup, 2) assess the sensitivity of predicted sub-debris ablation to uncertainty in the physical parameters, 3) quantify uncertainty in the predictions of sub-debris ablation and debris temperatures, and 4) enhance understanding of sub-debris ablation on North Changri Nup using simulations of the physical processes from SHAW-Glacier.
This manuscript begins with a description of the original SHAW model and its development for application to debris-covered glaciers. Details of the study site and observational data are presented in Section 3. Section 4 outlines the approaches used to test the numerical stability of SHAW-Glacier. Procedures applied to evaluate the sensitivity of predicted ablation to physical parameters, calculate prediction uncertainty, and assess simulations of physical processes made using SHAW-Glacier are outlined in Section 5. Section 6 begins with metrics used to determine a numerically stable model configuration. The simulations of sub-debris ablation are then included with results of the sensitivity and uncertainty analyses, and a selection of output variables with corresponding observations are presented. Section 7 considers the functionality of SHAW-Glacier, and draws insight from the simulations and observations of ablation on North Changri Nup. Section 8 summarises implications of the findings in the context of regional glacier ablation modelling, and finally, suggests new research directions indicated by the findings.
This is the first of a two-part series introducing SHAW-Glacier with its application to North Changri Nup. Part 1 is focused on the overall functionality of SHAW-Glacier with respect to the prediction of sub-debris ablation, and the uncertainty in predicted ablation introduced by the uncertainty in the physical parameter values. The second part of this work will apply SHAW-Glacier to North Changri Nup to explore the influence of patchy snow cover on the variability of sub-debris ablation, with an analysis of heat and water balances simulated under scenarios of wind redistribution (manuscript currently in preparation).
2 THE SIMULTANEOUS HEAT AND WATER MODEL
The Simultaneous Heat and Water model, SHAW, is an integrated, one-dimensional surface-subsurface model that was designed to simulate periodically snow-covered and/or frozen soil, with or without vegetation, including permafrost. The energy and water balances are fully coupled, and the atmospheric and sub-surface mass and energy fluxes are fully integrated in the surface mass and energy balance calculations. The physics underlying SHAW and the mathematical representation of the physics are detailed by Flerchinger (1987). For a complete outline of the physics without the mathematical detail, readers are directed to the technical document Flerchinger (2017a) and user manual Flerchinger (2017b).
Since the release of the open-source code, SHAW has been used in applied and academic settings, and it has been validated in studies of continental, maritime, arid and alpine climates in North America, the Tibetan Plateau, North-Central and North-East Asia and western Scandinavia, as well as waste management landfill and laboratory studies. A full list of the publications that report the development, validation and application of SHAW is maintained by the USDA (USDA, 2020).
2.1 Key Features of the Original SHAW Model
SHAW uses meteorological data to simulate the energy, water and solute balances in a 1 m2 column of soil. The column is divided into a maximum of 100 layers. Each layer is assigned a thickness and a set of physical parameter values. The physical parameters represent the characteristics of porous sediment, interstitial air, water and ice, vegetation and vegetation residue if they are present, and snow. The parameters assigned to each layer are fixed within a single run of the model. Computations occur at nodes located at the centre of each layer.
The upper boundary of the simulation is defined by continuous time series of meteorological data. Rain and snow amounts are calculated on the basis of total precipitation, air temperature and relative humidity. The lower boundary is a time series of the moisture content and temperature at the bottom-most node in the simulation profile. The lower boundary for temperature can optionally be estimated by the model as a function of the annual average temperature of the profile at that depth, which is input by the user. The lower boundary condition for soil moisture can optionally be defined as a unit gradient (i.e. gravity flow) beyond the boundary. The initial and final conditions are defined by the moisture content and temperature set by the user for every node in the vertical dimension.
Heat flow within the soil is computed using the solution to the energy balance equation with terms for phase transition for freezing water, advective heat transfer by liquid, and latent heat transfer by vapour. The equation is expressed as:
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where Cs and Td are the volumetric heat capacity (J kg−1 °C−1) and the temperature (°C) of the soil, ρi is the density of ice (kg m−3), θi is the volumetric ice content (m3 m−3), ks is the soil thermal conductivity (W m−1 °C−1), z is the positive downward depth from the soil surface, ρl is the density of water (kg m−3), cl is the specific heat capacity of water (J kg−1 °C−1), ql is the liquid water flux (m s−1), qv is the water vapour flux (kg m−2 s−1), and ρv is the vapour density (kg m−3) within the soil. The volumetric heat capacity is computed from the sum of the volumetric heat capacities of the soil constituents, i.e., soil minerals, organic matter, water, ice, and air. SHAW uses the De Vries (1963) approach for computing thermal conductivity.
Water transfer within the soil is solved using the mixed form of the Richards equation with terms for soil freezing, matric-potential-based water flow, vapour transport, and lateral flow exiting the soil column:
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where K is the unsaturated hydraulic conductivity (m s−1), ψ is the soil matric potential (m), qlat is the lateral water flow exiting the soil column (m3 m−3 s−1), and U is a source/sink term for water flux (m3 m−3 s−1) that may include lateral inflow and/or root water extraction. Lateral flow exiting the soil column is considered only under saturated conditions (i.e., ψ ≥ 0) and is computed from the slope of the ground surface and the lateral saturated conductivity, KL (m s−1). Unsaturated conductivity within SHAW is reduced linearly with ice content and assumed to be zero when available porosity falls below 0.13 m3 m−3. SHAW provides the option of selecting alternative formulations of the water release curve, but the Campbell equation was used in this study:
[image: image]
where θs is saturated water content (m3 m−3), ψe is air entry matric potential (cm), and b is a pore-size distribution parameter.
As presented in Table 2, SHAW predicts state, flux, and storage terms at the end of every time step of, optionally, 1 hour to 24 h, and at every node. The flux equations are solved in the form of finite differences by an iterative Newton-Raphson technique, with a maximum of 11 iterations per time step. In the case that the equations cannot be solved within the error tolerance, the time step is halved, and the computations are reinitiated within sub-time steps. Time steps are halved for a maximum of 128 sub-time steps per hourly time step.
TABLE 2 | SHAW-Glacier input data requirements and outputs. Optional outputs relating to vegetation and solute transport are not listed.
[image: Table 2]2.2 New Representations in SHAW-Glacier
SHAW-Glacier uses the soil layers in SHAW as the basis for the representation of supraglacial debris in SHAW-Glacier. The debris layers are stacked upon one or more layers that have been assigned parameter values representing the characteristics of solid ice (Figure 1). SHAW-Glacier simulates heat transfer at the debris surface, and above and below a debris-ice interface, including an advective heat flux associated with the percolation of liquid water through pore spaces, latent heat exchanges associated with glacier melt and refreezing, and energy transfer between solid glacier ice layers. Lateral flow is calculated during both infiltration and redistribution, so that the lateral flow of water that encounters a barrier, such as a less permeable layer or solid ice, is simulated. Thus, it accounts for downslope lateral flow in a saturated layer perched above the debris-ice interface, and in a porous surface layer of ice.
[image: Figure 1]FIGURE 1 | A schematic of the simulation domain and process representations in SHAW and SHAW-Glacier. Labels ns, nv, nd and ng are the number of snow, vegetation, debris and glacier ice layers, respectively. Vegetation layers are included under SHAW-Glacier to indicate the model’s functionality, but are not used in this study and therefore, are not included in the detail. Dotted lines in the stacks indicate layers that are time dependent while solid lines represent layers that are constant within a model run. The pie charts show the constituents of the layers; stippling indicates constituents that are time dependent while solid areas are constant. The portions allocated to each constituent in the schematic are for example only.
There are 293 physical parameters in SHAW-Glacier. A user is required to define the value of 28 of those parameters, 30 if snow cover is present upon initialisation. An additional 48 parameters can be user-defined if the simulation is to include plants, plant residue and solute transport. Constants can be changed in the Fortran source code if necessary. There is a complete list of the physical parameters in SHAW in an Appendix to the Technical Document (Flerchinger, 2017a) and of the user-defined parameters in the User’s Manual (Flerchinger, 2017b).
As with SHAW, the maximum number of layers within SHAW-Glacier is 100. The thickness of each debris and glacier ice layer is user-defined, and each layer can be assigned a different thickness. A minimum of two debris or soil layers overlaying the glacier layers is required; the extent of glacier ice below the bottom layer is assumed to be unlimited.
Equations (1)–(3) for heat and water flow through a laterally homogeneous, porous medium are assumed applicable to the glacier layers with slight modifications. The mineral bulk density, ρb (kg m−3), is set to a value from 0.0 (translating to a porosity of 1.0) to 0.1 (i.e. ice with rock mineral content). To maintain the glacier ice layers, a user-defined minimum ice content, θi, min, is specified. As the glacier ice melts, and the ice content of an ice layer falls below θi, min, the ice content is reset to θi, min, and an equivalent amount of water is added to θl to maintain the water balance in the layer. In so doing, it is assumed that the surface of the glacier recedes downward, and the glacier ice beneath the lower boundary is moved upward into the simulation domain.
A maximum water holding capacity, θl, max, is defined for the glacier layers. A low value assigned to θl, max minimises the quantity of liquid water that can be stored in the glacier ice layers despite low values of KS and KL. Within the glacier layers, the value of K(i,t) is independent of changes in θi(i,t). When θl(i,t) ≥ θl, max, K(i,t) is set to KS, and lateral flow from the layer is allowed.
Ablation of the glacier ice, [image: image] (mm w.e.), is computed by summing the ice added to each layer to maintain θi, min and the liquid water fluxes exiting the simulated domain:
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where ql(NS) and ql(ind) are the liquid water fluxes exiting the bottom and entering the top of the glacier, NS is the total number of debris and ice layers in the simulated profile, ind is an index indicating the first solid ice layer, and Δz(i) is the thickness of ice layer i. Occasionally, ablation of the glacier can be negative as liquid water, ql(ind), enters the top of layer ind and has the opportunity to freeze, adding to the total ice and water content of the ice layers.
Meltwater that is generated at ice layer ind becomes a source of moisture to be drawn into the debris by capillary action. Meltwater that does not soak into the debris is allowed to exit layer ind laterally, as computed by ql, when the water content exceeds θl, max. Refreezing of meltwater can occur in both debris and ice layers, and is included in the water and energy balances.
A weathering crust at the top of the glacier ice can be simulated by setting the water release curve parameters for layer ind to values that are appropriate for a porous material. To the best of the authors’ knowledge, there have been no reports of a weathering crust below a layer of debris, and theoretically, without direct shortwave radiation penetrating below the ice surface, a weathering crust is unlikely to form. However, melt water channels may form under a debris layer, and this feature of SHAW-Glacier may facilitate future studies into the effect of the formation of runnels on sub-debris melt.
In the original SHAW model, the mineral density, ρm (kg m−3), mineral specific heat, cm (J kg−1), and mineral thermal conductivity, km (W m−1 °C−1), for the sand and rock fractions of the soil are constants that are approximately equal to the average for quartz. In SHAW-Glacier, they take user-defined values, which allows the user to evaluate the sensitivity of sub-debris melt to the values of those parameters–e.g. to explore the effect of geology on ablation rates. An option has also been included for the outputs of the energy balance to be calculated by transfer mechanism. The conductive and advective heat fluxes are calculated as the net thermal energy transferred between layers with a reference temperature of 0°C, to allow non-conductive heat sources to be evaluated.
Finally, the maximum number of sub-hourly time steps has been increased from 128 to 512 to assist in numerical convergence. SHAW-Glacier is sensitive to initial and terminal boundary conditions and to the spatial and temporal discretisation scheme, which is discussed below.
2.3 Input Requirements
The input data required to drive SHAW and SHAW-Glacier are the same. Daily or hourly meteorological input data are required to define the upper boundary of a simulation. The input variables are air temperature, relative humidity, wind speed, incoming solar radiation and precipitation. The user can specify rainfall and snowfall amounts separately; alternatively, if only total precipitation data are available, SHAW-Glacier can partition total precipitation into rain and snow amounts based on air temperature and relative humidity.
Albedo of the dry debris surface is an input parameter, αd. SHAW-Glacier calculates the effective surface albedo, α, at every time step to account for wetting of the debris, cloud cover, accumulation of snow, and for the evolution of snow as it ages and melts. Thus, reflected and net shortwave radiation are outputs that are computed.
Initial and terminal thermal and hydraulic boundary conditions must be defined by the user. Observational data can be used to initialise SHAW-Glacier, or in the case that observational data are not available, the simulation can be buffered with a spin-up period to simulate realistic initial profiles of temperature and moisture. The length of the spin-up period required for a given simulation depends on the particular configuration and how well the conditions used to initialise the spin-up reflect reality. The terminal conditions are required to be defined in the input files so that SHAW-Glacier can estimate the temperature and moisture content of the lower boundary if the time series that defines the lower boundary is incomplete.
3 FIELD SITE AND DATA
3.1 North Changri Nup Glacier
North Changri Nup glacier is a debris-covered alpine valley glacier in the Dudh Koshi basin, Nepal, in the Randolph Glacier Inventory v6.0 (RGI6) region 15, South Asia East (GLIMS ID G086808E28006N and RGI 6.0 ID RGI60–15.03734). North Changri Nup is one of a number of glaciers flowing from the Sagarmatha/Mt Everest massif. The massif has been estimated to be rising at an average of 2 mm yr−1 due to tectonic uplift (Liang et al., 2013) and eroding at up to 4 mm yr−1 (Godard et al., 2014). With plentiful granitic and metamorphic sediment supplied by erosive processes of mass movement from the valley walls (Nakawo et al., 1986), many of the glaciers in the region are debris-covered.
North Changri Nup has an approximate length of 4 km and surface area of 2.7 km2 (Vincent et al., 2016), of which approximately 50%, in the ablation zone, is covered by debris (Herreid and Pellicciotti, 2020). The location of North Changri Nup is illustrated in Figure 2.
[image: Figure 2]FIGURE 2 | Map of the study area. The acronyms WCN, NCN and KG stand for West Changri Nup, North Changri Nup and Khumbu Glacier. The sites where observational data were collected are numbered. The light blue and dark blue polygons are the outlines of the debris-free and debris-covered parts of the glaciers, respectively. The background image is a true colour composite of a Sentinel-2 Product level 1C image that was taken on 27 January 2021.
3.2 Meteorological Input Data
All observational data used in this study were collected within the framework of the global glacier observatory GLACIOCLIM (https://glacioclim.osug.fr/). An automatic weather station, NCN-AWS, was installed in November 2014 and was operational until February 2017 (Figure 3A). The AWS was installed on the debris, at 27.9925° latitude, 86.7799° longitude, 5470 m a.s.l., close to the upper extent of the debris-covered area. Data from the 2016 hydrological year were used, defined as 28 November 2015 to 28 November 2016. A Campbell Scientific CR 1000 datalogger system was installed on the AWS; details of the sensors are listed in Supplementary Table S1. Data from a second AWS that was located on West Changri Nup, WCN-AWS, were used to fill gaps and to correct errors in the data from NCN-AWS. The locations of the two AWS are illustrated in Figure 2, and corrections made to the input data are included in Supplementary Table S1. The data used for the simulations of ablation on North Changri Nup are presented in Figure 4.
[image: Figure 3]FIGURE 3 | (A) NCN-AWS. The photograph shows the relative positions of the sonic ranger and other meteorological instruments, the tilt in the tripod supporting the sonic ranger, and patchy snow cover. (B) One ablation stake in the “stake farm”, showing the natural debris surface. Note the elevated patch of debris around the stake, and patchy snow cover. The photographs were taken on 10 November 2016.
[image: Figure 4]FIGURE 4 | Meteorological data used in the modelling study. The dotted lines are hourly values and the solid black lines are daily average values. These data were collected from instruments installed 2 m above the debris surface at NCN-AWS. The background colours indicate the season, as defined by Government of Nepal (2021): white is winter, pink is monsoon, and blue is both pre-monsoon and post-monsoon.
3.3 Glaciological Ablation Data
Point surface mass balance was measured at ten ablation stakes that were installed in an approximately 2500 m2 area around NCN-AWS (Supplementary Figure S1). This “stake farm” was established on 29 November 2014 to observe sub-debris ablation as a function of debris thickness under controlled conditions. The natural debris layer was around 0.08–0.10 m thick, gently undulating, with randomly distributed boulders across the surface. To install each stake, a 2 m diameter patch of debris was excavated and a 4 m long bamboo pole was drilled into the ice at the centre of the patch. Debris of the desired thickness was distributed evenly in the patch around the stake, using naturally occurring material taken from nearby. A photograph of one of the stakes is presented in Figure 3B. The first year of data are described in Vincent et al. (2016). Repeat measurements of the emergence of the stakes were made on 28 November 2015, 1 May 2016 and 10 November 2016. The coordinates, elevation and debris thickness at each stake are listed in Table 3.
TABLE 3 | The locations of ablation stakes installed around NCN-AWS, and point surface mass balance measurements for the period 28 November 2015 to 10 November 2016.
[image: Table 3]3.4 Observed Debris Temperature
From November 2015, the temperature of the debris layer was recorded at two sites approximately 2 m from NCN-AWS. Two pits were dug into the debris layer, Pit 1 and Pit 2. Thermistors were inserted into the walls of the pits, distributed in profile with as little disturbance to the fabric of the sediments as possible, and the pits were back-filled. The debris in Pit 1 had a thickness, h, of 0.10 m and the thermistors were installed at depths, d, of 0.01, 0.05 and 0.10 m. Pit 2 was 0.08 m thick and thermistors were installed at d = 0.01 m and d = 0.08 m. The thermistor model was TCA PT100, which has an uncertainty of 0.1°C.
3.5 Physical Parameter Values
The physical parameters that allow SHAW-Glacier to simulate solid ice layers were assigned constant values and excluded from the sensitivity and uncertainty analysis. The mineral bulk density, ρb (kg m−3), was set to zero, θi, min to 0.92 m3 m−3 and θl, max to 0.05 m3 m−3. The remaining terms in Eq. (3), ψe and b, were assigned values of -0.01 cm and 1.5, respectively, to minimise accumulation of water in the ice. The hydraulic conductivity of the ice layers was fixed at a value of 0 cm h−1 to preclude vertical transfer of liquid water between the ice layers.
Physical parameters that were well constrained were also excluded from the analyses of sensitivity and uncertainty: measured values of latitude and elevation were used for the site of each ablation stake, while the solar noon hour, estimated from the time zone, was held constant at 12:30. Slope (10%) and aspect (160°) were estimated using the data from the HMA 8 m DEM (Shean, 2017).
A feasible range of values was required for each of the remaining 18 parameters to test the ability of SHAW-Glacier to predict melt given the best available information, and to calculate prediction uncertainty. On-site measurements were not available for any of the parameters, but three measurements from neighbouring glaciers were considered to be applicable to North Changri Nup. Additional observational data were compiled from published studies to define the range that each remaining parameter could reasonably take. The parameters that were varied and the range of values used in the uncertainty analysis are presented in Table 4. The provenance of the values used to define a feasible range for each parameter is detailed in the Supplementary Material, and references for the values obtained from published studies are provided in Supplementary Table S2.
TABLE 4 | The parameters in SHAW-Glacier that were included in the sensitivity and uncertainty analysis. The minima and maxima correspond to ±10% of measured values and the lower and upper quartiles of values compiled from published studies. The provenance of the values is expanded upon in the Supplementary Material.
[image: Table 4]4 MODEL STABILITY AND CONFIGURATION
4.1 Boundary Conditions
Observations of the temperature of the debris in Pit 1 were used to set the initial and terminal thermal conditions. Nodes corresponding to measurement depths were assigned the temperatures recorded in Pit 1 at the dates and times of initialisation and termination. The topmost node of the profile was assigned a temperature that was calculated as the 2-week average of the air temperature recorded at NCN-AWS, and the bottom-most node was assigned a temperature of −3°C, from the data published in Miles et al. (2018). The temperature at the intervening nodes was linearly interpolated between those values.
No data were available with which to define the initial or terminal moisture content of the debris, so assumed values were used. The debris nodes were set to 0.3 m3 m−3, and the glacier ice nodes to 0.92 m3 m−3 to represent solid glacier ice with a density of 0.92 relative to water. Moisture at the lower boundary was estimated by SHAW-Glacier.
The simulation was buffered with periods of dynamic equilibrium spin-up and spin-down (Lamontagne-Hallé et al., 2020) to ensure the predictions would not be biased by the assumed boundary conditions. Tests for numerical stability, detailed in the following section, were used to determine an appropriate spin-up period.
4.2 Determination of a Stable Discretisation Scheme
The stability of SHAW-Glacier was evaluated by performing 100-years runs with different initial thermal conditions and otherwise identical inputs. The 2016 meteorological data from NCN-AWS were looped 100 times to create the input time series. The model configuration was deemed to be stable if the 100-years time series of annual glacier ice mass loss that were predicted using different initial conditions converged to a unique solution, within a reasonable margin of error. Three initial conditions were tested, as follows:
1) Observational: 2-week mean air temperature for the node at the upper boundary, observed debris temperatures at the nodes corresponding to observation depths, and −3°C at the lower boundary, interpolated linearly to intervening nodes.
2) Isothermal: 3°C at every node from the upper to lower boundaries.
3) Observational debris and isothermal ice: 2-week mean air temperature for the node at the upper boundary, observed debris temperatures at the nodes corresponding to observation depths, interpolated to intervening debris nodes, and −3°C at every glacier ice node.
Following standard practice, the time step, Δt, depth interval, L, the maximum number of iterations at each sub-time step, I, and error tolerance, η, were adjusted to identify stable configurations. A total of 144 100-yr simulations were performed, testing every combination of the initial conditions and configuration parameters.
The first 25 years and last 1 year of each run were discarded to account for spin-up and spin-down. The remaining 74 years of predicted annual glacier ice loss of each simulation, [image: image], were used to evaluate stability. A configuration was deemed to be numerically stable if the standard deviation, s, of [image: image] predicted in three simulations with different initial conditions but the same configuration parameters (222 values in total) was ≤5 mm w. e. The criteria that were used to select a single configuration to use in the study of North Changri Nup were the magnitude of s and the annual water balance error, ϵ, and the stability of [image: image], s and ϵ.
The configuration parameter values that were tested are listed in Supplementary Table S3. The simulated profiles were assigned a total thickness of 50 m, and the depth intervals, L, in the top 1 m of the profile were varied among the tests. The coarsest values of L that were tested, 0.01 and 0.02 m, were distributed evenly. Then, in order to test the effect of L = 0.02 m when the thickness of the debris layer was not divisible by 2, an additional combination was tested in which the topmost layer was assigned a value of L = 0.01 m and the remaining layers in the top 1 m of the profile were assigned L = 0.02 m; this configuration is called ‘L = 0.01 and 0.02 m’ in the analysis below. The remaining 49 m of the profile were divided into layers of increasing thickness with increasing depth, and were the same in every simulation.
5 SENSITIVITY AND UNCERTAINTY ANALYSIS
All data processing and analyses were performed using the R programming language, in RStudio. The packages that were used in addition to base R are listed at the end of the manuscript.
5.1 Monte Carlo Analysis for Physical Parameters
A Monte-Carlo approach was used to assess the sensitivity of predictions of ablation to uncertainty in the physical parameter values, and to estimate parameter uncertainty in [image: image] with different debris thicknesses. SHAW-Glacier was run n times for each value of h using a different set of parameters for every run. The parameter values were selected at random from the predefined ranges in Table 4 using the runif function in base R.
For h = 0.03 m and h = 0.41 m, n was set to 10,000. A smaller number of model runs might have been adequate; for example, Machguth et al. (2008) used n = 5,000 in a Monte Carlo evaluation of the mass balance of Morteratsch Glacier. Machguth et al. (2008) found that the standard deviation of the predictions, and the standard deviation of the standard deviations, stabilised after only 1,000 model runs, and therefore, deemed n = 5, 000 to be robust. In the current study, n was set to 10,000 for the highest and lowest values of h to thoroughly sample the parameter space, and n = 2,000 for 0.03 m [image: image] 0.41 m, to minimise computational expense.
5.2 Recursive Partitioning Based on Predicted Ablation
Recursive partitioning was used to explore modes in the distribution of [image: image] with respect to the distribution of values assigned to the physical parameters. Also known as regression tree analysis, recursive partitioning has been used to address a range of problems in hydrology and glaciology. For example, McGrath et al. (2018) used a recursive partitioning algorithm to model snow distribution on two Alaskan glaciers, where interactions between the terrain parameters that were used as proxies for deposition and redistribution, such as curvature and aspect, produced clusters in the response. Additional examples can be found in Elder et al. (1998), Panday et al. (2011), Bulley et al. (2013), Biddle (2015), McMahon and Moore (2017) and Trubilowicz and Moore (2017).
The recursive partitioning analysis was performed using the rpart function in the rpart R package (Therneau and Atkinson, 2019). To avoid overfitting the models, the partition trees were pruned with the complexity parameter set to 0.1. Values of annual ablation simulated for the Monte Carlo analysis were grouped according to the results of the recursive partitioning analysis. Prediction uncertainty, Uh,b, was estimated as the difference between the 10th and 90th percentiles of the n values of [image: image] on each branch, b, of the partition trees, nested in each value of h.
5.3 Interpretation of Debris Temperature Observations
Observed temperature at d = 0.01 m in Pits 1 and 2, T0.01,1 and T0.01,2, respectively, was used to infer the presence of snow cover. Positive values of T0.01 and/or distinct diel fluctuations were assumed to indicate an absence of snow, while T0.01 ≤ 0°C coupled with muted diel fluctuations was assumed to indicate the presence of snow.
Snow depth, hs, was calculated using changes in surface height recorded by the sonic ranger at the site of NCN-AWS. It can be seen in Figure 3A that a tilt had developed in the tripod supporting the sonic ranger after the equipment was serviced in May 2016. The tilt would have made the apparent snow depth greater than the true snow depth. The tilt must have developed after 26 July 2016 because there was no net change in hs before that date. Therefore, the values of hs from 01 May to 26 July were taken to be accurate. The magnitude of values of hs from 26 July were disregarded; however, the timing and direction of changes after 26 July were consistent with Ta and P* (Figure 4) and were used to inform the analysis.
An additional 2,000 Monte Carlo simulations were conducted for h = 0.08 m and h = 0.10 m, representing the pits in which thermistors were installed. Predicted snow depth, [image: image], was compared with Td and hs to aid interpretation of sources of uncertainty in predicted ablation. Recursive partitioning of [image: image] was performed on these model runs, and the corresponding time series of simulated debris temperature, [image: image], were subset on the basis of the grouping of [image: image].
A routine was tested in which the parameter for the maximum air temperature at which precipitation can fall as snow, Tp, was varied monthly on the basis of hs. However, agreement between [image: image] and hs was not improved, and those results are not discussed further.
The sensitivity of [image: image] to uncertainty in the parameter values was assessed by comparing the observed and simulated time series. The bottom-most thermistors were installed at the interface of the debris and ice, giving T0.10,1 and T0.08,2. SHAW-Glacier is structured as a stack of layers with the predictions calculated at the depth of vertically-centred nodes. Therefore, [image: image] and [image: image] were estimated by linearly interpolating between the values predicted for the two adjacent nodes, where the two adjacent nodes represented the bottom-most debris layer and top-most ice layer.
Uncertainties were estimated for [image: image] using the following formula:
[image: image]
where [image: image] and [image: image] are the 10th and 90th percentiles of [image: image] at depth in the debris layer, d (m), one of the two pits, p, and time step, t, and n is the number of time steps in the series.
Representative examples of the heat and water budgets simulated for h = 0.08 m and h = 0.10 m were used to explore sensitivity in the predicted fluxes. The examples were taken from model runs that produced the median value of [image: image] in the subsets of the Monte Carlo simulations, grouped according to the results of the recursive partitioning analysis, that most accurately reproduced Td.
6 RESULTS
6.1 Numerical Stability, Model Configuration and Performance
The numerical stability of SHAW-Glacier was sensitive to all of the configuration parameters that were tested. Numerical stability generally increased with an increase in L, an increase in the maximum number of iterations at each time step, I, and a decrease in the error tolerance, η. The distribution of [image: image] and error terms for each model configuration are plotted in Supplementary Figure S2.
Simulations using values of L < 0.01 m consistently suffered fatal non-convergence and were deemed to be unstable. Values of s calculated for [image: image] predicted using L = 0.01 m and η = 1 x 10–4 did not meet the criteria for stability with respect to the initial conditions or with respect to I. The range of values of [image: image] predicted using L = 0.01 m was reduced by decreasing the error tolerance to 1 x 10–5, but the distribution of [image: image] remained unstable with respect to I. Therefore, all configurations with L = 0.01 m were also deemed to be unstable.
Using the coarser vertical discretisation schemes, L = 0.02 m and L = 0.01 and 0.02 m, in combination with the relaxed error tolerance of η = 1 x 10–4, the distribution of values of [image: image] did not stabilise with respect to I. In contrast, both of the coarser vertical discretisation schemes met the criteria for stability with respect to the initial conditions using η = 1 x 10–5, for all values of I. In both cases, the values of s were lowest with I = 11, but stabilised across higher values of I. The water balance error, ϵ, was highest with I = 11, and lowest with I = 100. Therefore, the configurations with I = 100 were deemed to be most accurate.
Diagnostic statistics for the two stable configurations are presented in Supplementary Table S4. Configuration 1, with L = 0.02 m, was used for profiles where h was a multiple of 0.02, and Configuration 2, with L = 0.01 and 0.02 m, was used for profiles where h was not a multiple of 0.02. It is notable that, although both configurations met the criteria for numerical stability, they produced significantly different values of [image: image]. The mean values of [image: image] differed by approximately 3%, and the water balance error accounted for only approximately 1% of that.
In the stable 100-yr runs with different initial conditions, [image: image] converged within 5 years of initialisation and did not diverge approaching termination. Therefore, the simulations of ablation at North Changri Nup were run for 7 years, with the 2016 input data looped seven times. The outputs for the sixth year were extracted as independent predictions for 2016, and the outputs for the remaining years were discarded.
6.2 Sensitivity of Predicted Ablation to Model Parameters
The values of annual ablation predicted in the Monte Carlo simulations followed a multi-modal distribution for every value of h. The recursive partitioning analysis indicated that Tp was the most significant parameter determining branches at both first and second order. The structure of the partition trees was similar among the values of h; the recursive partition tree for h = 0.03 m is presented in Figure 5 (equivalent plots for h = 0.06–0.41 m have been included in Supplementary Figures S3–S11). The first order partition values of Tp that were calculated for each value of h, T1p, ranged from 0.03°C to 0.10°C, with apparently random variation around a mean of 0.06°C. The second order values, T2p, ranged from 0.42°C to 0.62°C, with a mean of 0.53°C (Table 5). At third order, the percent gravel in the debris layer, g, was a significant parameter in addition to Tp for h > 0.03 m. However, the reduction in recursive partitioning error terms was consistently an order of magnitude greater with first order partitioning than it was at higher orders.
[image: Figure 5]FIGURE 5 | Recursive partition tree of annual ablation predicted in the Monte Carlo simulations with debris thickness of 0.03 m. The median values of [image: image], and the number of predictions in each cluster, n, are printed together as a leaf at the end of the branches of the tree. The partitioning parameters and partition values are printed below the branches. Colours and labels identify clusters of parameter sets that were used in further analysis; numbers indicate the order of a branch, and letters indicate the relative direction of a limb.
TABLE 5 | The first and second order partitioning values fitted for the values of h used in the Monte Carlo simulations of ablation at the sites of the ablation stakes and debris pits.
[image: Table 5]Grouping the values of [image: image] on the basis of the values used to partition branches 1b, 2a and 2b, [image: image], resolved the multimodal predictions into three approximately normally distributed clusters (Figure 6A-I). Higher values of Tp corresponded with lower values of [image: image] and a decrease in the range of [image: image] overall.
[image: Figure 6]FIGURE 6 | Left column: Histograms of predicted annual ablation in 2016, [image: image], made in 10,000 (h = 0.03 m and h = 0.41 m) and 2,000 (h = 0.06 m to h = 0.33 m) Monte Carlo simulations. Right column: cumulative time series of daily ablation, [image: image], simulated in the Monte Carlo analysis. The data were subset using partition values calculated in recursive partition analysis, represented by colours. The background colours in the second column indicate the season, as defined by Government of Nepal (2021): white is winter, pink is monsoon, and blue is both pre- and post-monsoon.
The characteristic inverse sensitivity of [image: image] to h was clearly represented in the predictions. Annual ablation of up to 2,500 mm w.e. was simulated using h = 0.03 m, while no more than 500 mm w.e. was simulated using h = 0.41 m. In some of the model runs with h = 0.03 m, ablation occurred as early as January; with increasing values of h, ablation was simulated to begin later in the year and to cease earlier (Figure 6J–R). A temporary abatement of ablation, which was simulated to have occurred near the beginning of July in all of the model runs, lasted longer with increasing values of h. Still more markedly, the duration of this mid-season event tended to be greater in the simulations on branch 2a, followed by branches 2b and 1b.
6.3 Uncertainty in Predictions Associated With Uncertainty in the Parameter Values
Absolute uncertainties were negatively correlated with h (Figure 7). Relative uncertainties increased linearly with debris thickness, from 16% to 40% on branch 2a, 16% to 33% on branch 2b, and 17% to 31% on branch 1b (Supplementary Figure S12). It can be seen in Figure 7 that the difference between the median values on branches 2a and 1b was greater than the range of values on each branch. Therefore, the uncertainty due solely to Tp was greater than the uncertainty due to all of the other parameters, combined.
[image: Figure 7]FIGURE 7 | Predicted (blue, branch 2a, red, branch 2b, and purple, branch 1b) and observed (black) sub-debris glacier ice ablation for the 2016 hydrological year, plotted against debris thickness. The coloured symbols and lines represent the median values, and the coloured ribbons represent uncertainty bounds based on the 10th and 90th percentiles around the medians.
6.4 Characteristics of the Østrem Curve at North Changri Nup
Annual ablation predicted using SHAW-Glacier followed the characteristic pattern of decreasing magnitude and sensitivity with increasing debris thickness (Figure 7). However, while [image: image] was of similar magnitude to observed A for values of h from 0.03 to 0.14 m, the observed values did not conform to the limits of uncertainties calculated for a single branch of the regression trees–i.e., a consistent value of the Tp parameter. Further, the four observations for values of h from 0.18 to 0.41 m consistently plotted outside the uncertainty bounds for predicted ablation, and tended to increase with increasing debris thickness, contrary to the concept of an Østrem Curve as predicted by SHAW-Glacier.
6.5 Simulated and Observed Snow Cover
The sensors that recorded T0.01,1, T0.01,2 and hs were located within meters of one another; however, the inferred time series of snow cover were not in agreement. Accumulation occurred simultaneously at the three sites, but complete ablation tended to be asynchronous. Periods with distinct snow cover characteristics, and accumulation events, are labelled P1 - P3 and E1 - E4, respectively, in Figure 8. Table 6 shows that the number of days of snow cover at each site differed during those events. Photographs, such as those presented in Figure 3, showed that snow was distributed in patches in the vicinity of NCN-AWS at the end of the ablation season. The inferred time series were consistent with patchy snow cover.
[image: Figure 8]FIGURE 8 | (A) Observed air temperature (B) and (C) observed debris temperature at 0.01 m depth in Pits 1 and 2. Grey lines are hourly data and black lines are daily averages. (D) Daily snow depth from the sonic ranger at NCN-AWS (black), and predicted using SHAW-Glacier (blue). Events that are discussed in the text are highlighted with stippling and labelled E1 - E4; labels P1 - P3 refer to periods with distinct snow cover characteristics. The background colours indicate the seasons, as defined by Government of Nepal (2021): white is winter, pink is monsoon, blue is both pre- and post-monsoon.
TABLE 6 | The number of days of snow cover, during selected events, at the sites of the sonic ranger (hs), Pit 1 (T0.01,1) and Pit 2 (T0.01,2). The events E1 - E4 are highlighted in Figure 8.
[image: Table 6]Snow depths predicted using SHAW-Glacier are plotted in Figure 8D. In periods P1 and P3, a positive change in [image: image] coincided, exactly or closely, with a positive change in hs in all cases but one, and only one of the accumulation events that was simulated was entirely absent from the observational records (that which occurred in December 2015). The magnitude of the change in hs was closely matched by [image: image] in 6 of 10 accumulation events during P1. Furthermore, complete ablation of snow cover at the sites of the pits between E3 and E4 was accurately simulated. However, nine accumulation events were simulated during P2, a period over which the observations consistently indicated persistent snow-free conditions. Furthermore, the over-prediction of snow depth on 26 and 27 July, of 97 mm, is a lower limit for the actual difference between the true and simulated snow depths, because the true snow depth may have been less than hs, due to the tilted sensor, but could not have been greater.
6.6 Sensitivity of Predicted Debris Temperature to Model Parameters
The recursive partition trees for the Monte Carlo simulations with h = 0.08 m and h = 0.10 m had the same structure as the partition trees for the sites of the ablation stakes; the parameter Tp was the most significant at both first and second orders, and g was significant at third order (Supplementary Figure S13, S14). The time series of [image: image] on branch 2a (Tp ≥ 0.49°C) were used to calculate the uncertainty in [image: image]. Uncertainties calculated for predicted debris temperature at each depth in the debris layer ranged from 0.40°C to 0.69°C (Supplementary Table S5).
The time series of Td,1 and [image: image], grouped according to the corresponding partition tree for [image: image], are plotted in Figure 9 (see Supplementary Figure S15 for an equivalent graph for Pit 2). In general, the simulations accurately reproduced the seasonal signal: high magnitude diel fluctuations in winter, ranging from −20°C to [image: image] 20°C, a steady increase in daily minima and maxima through the pre-monsoon period, reduced maxima coupled with a lower limit of 0°C at the start of the monsoon, and a gradual return to high magnitude diel fluctuations the following winter. The simulations also reproduced, approximately, the magnitude of attenuation of the diel range of Td with increasing depth in the debris layer.
[image: Figure 9]FIGURE 9 | Observed debris temperature, Td, at depths d = 0.01, 0.05 and 0.10 m in Pit 1 (stipped black line). Monte Carlo simulations of the same (n = 2,000) have been grouped to second order, with the colour blue used for branch 2a, red for branch 2b and purple for branch 1b.
The simulations on branch 2a of [image: image] and [image: image] correspond to the time series of [image: image] plotted in Figure 8D. It can be seen that [image: image] reflects [image: image]: when snow cover was simulated to be present, [image: image] was negative, and the amplitude of diel fluctuations was reduced. The accuracy of [image: image] affected agreement between [image: image] and Td. For example, snow-free conditions were accurately simulated at the beginning of January and the beginning of March, and the range of [image: image] encompassed Td, at all depths in both pits, on those occasions. When [image: image] was positive but no snow was observed, [image: image] underpredicted the range of values in Td, and when hs was positive but [image: image] was not, [image: image] overpredicted the range of values observed in Td.
Grouping the predictions on the basis of [image: image] most noticeably affected the range of temperatures predicted at the start of event E2, period P3. The constant isothermal condition of Td during E2 was reproduced in [image: image] on branches 2a and 2b, but not on branch 1b, because no snow cover was simulated using the values of Tp on branch 1b. The length of E2 was accurately reproduced in the simulations on branch 2a, reflecting a correspondence between the inferred and simulated presence of snow. Snow was predicted at the onset of E4 given all values of Tp, i.e. on all three branches of the partition tree, and all of the simulations accurately reproduced the return to constant isothermal conditions at that time.
6.7 Ablation Represented in the Simulated Heat and Water Budgets
The simulated heat and water budgets corresponding with the predicted snow cover plotted in Figure 8 have been included in the Supplementary Figures S16, S17. Simulated glacier ice ablation began in June and ended in September for both h = 0.08 m and h = 0.10 m. Through June and July, the magnitude of [image: image] steadily increased, mirroring the magnitude of the ground heat flux, QG. Ablation ceased when snow cover was simulated; the magnitude of the energy fluxes at the debris surface was minor at those times. Suppression of [image: image] during accumulation events was simulated to have occurred ten times over the ablation season. The most prominent event, corresponding with E2, was reflected as a change in storage of moisture in the snow pack, ΔSs, of more than 15 mm w. e. and a 4 week hiatus of [image: image].
Simulated ice ablation occurred only after the snowpack was fully melted. During the pre-monsoon period, snow meltwater, S, was removed by runoff, R, and percolation into the debris, where it contributed to the ground moisture storage term, ΔSg. There was no change in storage of moisture in the debris layer during E2; R closely mirrored S, suggesting the debris had reached field capacity. Once the snowpack had been removed, Sg was reduced by evaporation, and positive values of [image: image] were simulated from the following day.
7 DISCUSSION
7.1 The Functionality and Performance of SHAW-Glacier
To the authors’ knowledge, SHAW-Glacier is the most complete physical representation of glacier ice ablation under a layer of rock debris. SHAW-Glacier is open-source. A graphical user interface can be used for simple studies, and template input files are available if greater control of the configuration and inputs is required. In this study, the compiled Fortran code was called by scripts written in the R programming language, and run on the terminal through RStudio. On an Apple Macbook Air laptop computer, the length of time to complete a 7 year simulation at hourly resolution varied from 20 s to more than five minutes, depending on the number of outputs being written to file. Manipulating the output comma separated text files was straightforward using functions in base R. Nineteen physical parameters were included in the Monte Carlo analysis, which produced 34,000 water balance and 4,000 temperature profile output files. Using R to open and reformat the 38,000 output files in RStudio, on a system with 2TB RAM, took approximately 14 days.
SHAW-Glacier is sensitive to the configuration of the simulation domain and computation parameters. The frequency of non-convergences was higher when one or more layers was completely frozen. When sediments are near 0°C, small changes in the moisture content and temperature can have an especially large impact on the energy and water balances, because of the interrelated effects of phase changes, latent heat fluxes, permeability and hydraulic conductivity, moisture transport and content. Numerically representing those processes in adjacent saturated and unsaturated layers due to infiltration and percolation of liquid water, freezing and thawing, is a known challenge (Zhang et al., 2010; Lamontagne-Hallé et al., 2020). Non-convergence issues in the current analysis were resolved by increasing the number of computational iterations and decreasing the error tolerance. The configuration required for numerical stability of SHAW-Glacier is likely to vary with the conditions of the study site, such as the meteorological volatility and frequency of sub-surface phase changes, meaning that the flexibility of the discretisation scheme and computing time will vary among studies.
A minimum of two debris layers is required to run SHAW-Glacier. At the current study site, the minimum debris thickness that could be simulated was 0.03 m, because layers assigned values of L < 0.02 m compromised numerical stability. Therefore, it was not possible to evaluate the sensitivity of ablation to debris thinner than 0.03 m at North Changri Nup, nor whether fine debris enhanced ablation rates, i.e. the rising limb of the Østrem Curve. However, it has been estimated that, globally, the median thickness of supraglacial debris cover is 0.15 m (Rounce et al., 2021), meaning that SHAW-Glacier should be functional at the majority of sites world-wide.
SHAW-Glacier successfully modelled the inverse relationship between ablation and debris thickness that defines the falling limb of the Østrem Curve, and the response of [image: image] to variation of the physical parameters was consistent with the underlying physical relations. Clustering of [image: image] according to the values of Tp was unanticipated, but was also consistent with the underlying physical relations and with the characteristics of the meteorological data (expanded below).
Simulated snow cover could not be validated because the snow cover around NCN-AWS was uneven (discussed below); however, the simulation of debris temperatures showed that SHAW-Glacier accurately represented snow-free and snow-covered conditions (Figure 9). The simulations captured observed diel variation of Td and its attenuation with depth during snow-free conditions. Periods in which snow cover was simulated were identifiable using [image: image] by the same criteria for identifying snow cover on the basis of T0.01, and the time series of Td and [image: image] were in fair agreement when snow cover was both observed and predicted. The simulation of the effects of spatially variable snow distribution and patchy snow cover is the focus of Part 2 of this study.
The option to include vegetation could be useful in future studies of debris-covered glaciers that have been colonised by plants. For example, communities of trees are established on a lobe of the terminus of Miage Glacier in the Italian Alps (Pelfini et al., 2012). In addition, Satopanth bamak in the Garhwal Himalaya, India, is sparsely vegetated in the lower ablation zone (Singh et al., 2019), first colonisers have been observed on the debris cover of Lirung glacier, Nepal (Kraaijenbrink et al., 2018), and established vegetation has been observed on the terminus of Malaspina Glacier in Alaska (Truffer, 2021). To the best of our knowledge, the impact of plants on sub-debris ablation has not been evaluated, and SHAW-Glacier could be used for this purpose.
7.2 Prediction Uncertainty due to Uncertainty in the Physical Parameter Values
The values of ablation predicted in the Monte Carlo simulations varied by a factor of two to three for each value of h. Uncertainty in the value of Tp contributed more to total uncertainty than all of the remaining parameters, combined, signifying the decisive sensitivity of sub-debris ablation to snow cover.
The non-linear sensitivity of [image: image] to Tp reflects the monsoon climate and a relation between the occurrence of precipitation and air temperature in 2016: the most intense precipitation events occurred with Ta between −0.25°C and 0.5°C, and within that subset, the most intense events occurred with Ta between −0.2°C and 0.1°C. Therefore, values of Tp corresponding to the first and second order partitioning values determined whether notable snow cover was simulated.
Ranges of predicted ablation, accounting for uncertainty, did not consistently overlap with observed ablation, indicating that at least one important process was not accurately represented by the parameter values, the structure of the model and/or input data. The uncertainties that were calculated for ̂Td did not account for the observations during periods that the simulation of snow cover was inaccurate. Giese et al. (2020) reported a similar finding: simulations made using the physically based model ISBA-DEB on West Changri Nup were inaccurate when snow cover was not accurately reproduced. In the current study there was evidence that the snow cover had accumulated or ablated unevenly, due to processes that cannot be represented in a 1-dimensional simulation (discussed further below). Neglecting uncertainty relating to uneven deposition or ablation of snow can account for underestimation of the uncertainty in debris temperatures, and may account for the observations of ablation; this hypothesis will be explored in the second part of this study.
Previous research has suggested that sources of uncertainty in predicted sub-debris ablation include properties such as mineral thermal conductivity (e.g. Bocchiola et al., 2015; Evatt et al., 2015), albedo (e.g. Fujita and Sakai, 2014), porosity (e.g. Juen et al., 2013) and surface roughness (e.g. Rounce et al., 2015; Miles et al., 2017; Giese et al., 2020). However, the relative importance of these characteristics is not consistent among studies. In addition to the sensitivity of [image: image] to Tp, the recursive partitioning analysis revealed sensitivity to g, the percent gravel in the diamict, for h > 0.03 m (Supplementary Figures S3-S11). The value of g affects the rate of heat transmission by influencing the bulk thermal and hydrological properties of the debris layer. The sensitivity of [image: image] to g varied depending on the values of the remaining parameters. These results suggest that interactions between processes can produce variability in the sensitivity of sub-debris ablation to debris properties.
7.3 The Sensitivity of Sub-debris Ablation to Snow and Implications of Patchy Snow Cover
The observational data used in this study were unusual, in that ablation was not inversely related to debris thickness (Figure 7). That can be explained by the presence of patchy snow cover during the ablation season. Photographs, as well as the snow depth and debris temperature data, show that there were periods throughout the year when snow was distributed in patches with length scales on the order of centimetres to meters. With some patches of debris covered by snow and others exposed, ablation amounts would be closely related to the duration of the snow, and if patchiness were persistent or frequent, the sensitivity of ablation to debris thickness could be entirely confounded.
Wind redistribution is a feasible mechanism for the development of patchy snow cover at the study site. Patchy snow cover can also form by differential melting and sublimation, but it is deemed unlikely that heat sources varied considerably within the 2500 m2 study area because differences in surface slope, aspect and shading were minor (Supplementary Figure S1). Conversely, micro-topographic features and light winds, which were in evidence, are adequate to cause snow scour and redeposition (Radok, 1977; Dadić et al., 2010). Furthermore, the method used to control the thickness of the debris around each ablation stake produced micro-relief related inversely to debris thickness. That might explain why the sensitivity of observed ablation to debris thickness had the appearance of having been offset systematically. Patches of debris required to be thinner than the naturally occurring debris field were excavated, and thus, depressed relative to the surrounding surface. Patches where the debris was required to be thicker than the natural debris were built up, and thus, elevated relative to the surrounding surface. It is feasible that preferential wind scour occurred where the debris was thick, and preferential deposition where it was thin, producing patches of snow with depths related inversely to debris thickness.
Most glacier melt models operate with grid resolutions of tens to hundreds of meters, and do not simulate sub-grid variability of snow distribution. The results of this study suggest that the variability of snow cover had a stronger influence on ablation than variations in debris thickness. Therefore, development of patchy snow cover during the ablation season could be a source of error in predicted ablation that has not previously been recognized.
Patchy snow cover could be significant over a substantial area. Glacier surface ablation is affected by snow cover during seasonal transitions, around the snowline, and across the ablation zone of summer-accumulation type glaciers. Over 30% of all glaciers outside the polar regions (Braithwaite, 2002) and more than half in High Mountain Asia (HMA) are summer-accumulation type (Ageta and Higuchi, 1984; Sakai et al., 2015). Some proportion of the 10% of glaciers in HMA that are debris-covered (Scherler et al., 2018) lies within the summer-accumulation region. Uneven ablation of fresh snow in the ablation zone could occur routinely on glaciers in that area.
Glaciers in the Sagarmatha/Everest region have all lost mass in the past century. However, projections of the rate of glacier mass loss in the region vary (Sherpa et al., 2017). Summer-accumulation type debris-free glaciers have been found to be more sensitive to air temperature than winter-accumulation type glaciers, because air temperature affects the accumulation and duration of snow during the ablation season (Fujita, 2008; Sakai et al., 2015). In the current study, simulated precipitation phase was more sensitive to Ta during summer, when Ta fluctuated around Tp, than winter, when Ta rarely rose above Tp. It can thus be inferred that [image: image] was sensitive to Ta beyond the contribution of Ta to the turbulent heat and longwave radiative fluxes, suggesting that heightened sensitivity to air temperature is also a characteristic of summer-accumulation type debris-covered glaciers. Improved estimation of uncertainties due to the threshold temperature for partitioning rain and snow, as well as uneven ablation of snow cover, could help to constrain projections of glacier change in the Sagarmatha/Everest region and elsewhere.
8 CONCLUSION
This paper has introduced a new physically based model of sub-debris ablation, SHAW-Glacier, which is based on the Simultaneous Heat and Water transport model (SHAW). To the authors’ knowledge, SHAW-Glacier is the most comprehensive physical representation of the processes of sub-debris ablation that has been reported to date, including transfer of rain, meltwater and vapour through the snow-debris-ice column, advection of heat by water, heat fluxes associated with processes of freezing and thawing in the debris, and lateral flow of water through the debris layers and a porous surface layer of ice. The comprehensive representation of physical processes makes SHAW-Glacier useful for evaluating the sensitivity and uncertainty of sub-debris ablation to physical parameters and interactions among them.
In this study, the sensitivity and uncertainty of sub-debris ablation associated with debris thickness and physical parameter values were evaluated by applying SHAW-Glacier to the debris-covered glacier North Changri Nup. Nineteen parameters were varied in a Monte Carlo analysis, and predicted ablation followed the characteristic Østrem Curve. Uncertainties calculated within groups based on the parameter for the maximum air temperature at which precipitation falls as snow increased from 16% to 40% as debris thickness increased from 0.03 m to 0.41 m.
Recursive partitioning revealed that predicted sub-debris ablation was most sensitive to snow cover associated with monsoon precipitation during the ablation season, which has not been previously reported. Indeed, the sensitivity of predicted ablation to snow cover exceeded its sensitivity to debris thickness. Observations of ablation on North Changri Nup, which were unlike any that have been published to date, had no apparent sensitivity to debris thickness. Observed snow cover was patchy during the ablation season, which could have confounded the signal of the sensitivity of ablation to debris thickness by effectively altering the length of the ablation season among the ablation stakes.
Patchy snow cover develops through the redistribution of snow by wind, which is not routinely represented in glacier-melt models at the sub-grid scale. Wind redistribution of snow and patchy snow cover could be sources of uncertainty in regional predictions of ablation, particularly those that encompass high elevation debris-covered glaciers in the monsoon-influenced climate regions of High Mountain Asia.
Further studies to improve understanding of the processes and effects of wind redistribution of snow on sub-debris ablation will be important to constrain the uncertainty introduced to predictions by patchy snow cover. The second part of this study will begin to address that by quantifying the uncertainty introduced to ablation predicted using SHAW-Glacier given scenarios of wind redistribution. In addition, analyses to estimate the geographic extent affected by patchy snow cover during the ablation season, estimate the uncertainty introduced to glacier- and regional-scale predictions of sub-debris ablation by patchy ablation season snow cover, and evaluate the sensitivity of sub-debris ablation to changes in air temperature and precipitation at sites where patchy snow cover occurs, would also be useful to improve projections of debris-covered glacier change.
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