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Abstract 

The complex terrain in mountainous regions makes it extremely difficult to accurately 

measure or model snowfall, which is a key component of the terrestrial water budget. This 

study addresses these challenges by using high-altitude frozen lakes as pressure-sensing 

surfaces to produce accurate observations of the water content of snowfall at a range of sites 

in the European Alps, western-central Himalayas, and central Rockies, which are subsequently 

used to test and constrain snowfall output from a 1.5 km resolution version of the 

atmosphere-only UK Met Office Unified Model (MetUM). The model resolution is on a similar 

scale to the size of the lakes, as well as sufficiently fine to represent the critical interactions 

between atmospheric flows and the complex orography that influences snowfall, and 

especially extremes. The snowfall output from the MetUM is additionally fine-tuned by 

adjusting the fall speed of snow particles so that it is best able to capture the observed 

snowfall amounts, especially for extreme events. The results presented here show that the 

MetUM is generally able to accurately simulate both the timing and amounts of the snowfall 

observations over mountainous regions. Moreover, the model is particularly good at 

representing extreme snowfall events, with our study also using model hydrometeor output 

to examine the microphysical conditions related to these conditions. Finally, we suggest that 

the model output can effectively be used as pseudo-observations and for the generation of 

high-resolution, long-term gridded snowfall products. 

Significance Statement 

Snowfall in mountainous regions is a vital source of freshwater, sustaining rivers that support 

both large populations and diverse ecosystems. However, the complex topography of these 

areas poses significant challenges for accurately measuring snowfall. This study tackles these 

difficulties by using high-altitude frozen lakes as natural pressure sensors to monitor snowfall 

water content across sites in the European Alps, the western-central Himalayas, and the 

central Rockies. These observations are used to constrain and refine snowfall simulations 

from a high-resolution version of the UK Met Office Unified Model. The results show that the 

model can accurately simulate both the timing and amounts of the snowfall observations and 

can effectively be used for the generation of long-term snowfall products.  
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1. Introduction

Snowfall occurring in mountainous regions during winter provides a crucial source of 

freshwater for rivers during spring and summer when it is released by melting, providing an 

essential resource for large populations and terrestrial ecosystems (Barnett et al. 2005; 

Pritchard et al. 2021; Wester et al. 2019; Immerzeel et al. 2019). Snowfall is also the principal 

source of mass for all the world’s mountain glaciers, another critical natural reservoir 

(Pritchard, 2019). However, despite its importance, the amount of falling and accumulated 

snow in such orographically complex regions remains one of the least observed, least 

understood, and most uncertain components of the terrestrial water budget (Pritchard 2021; 

Immerzeel et al. 2019). For example, uncertainties in the amount of snow and its spatio-

temporal distribution in mountainous regions leads to errors in hydrological models, resulting 

in flawed predictions of streamflow (Karki et al. 2017; Shannon et al. 2023; Tobin et al. 2012). 

This knowledge gap also limits our ability to predict the impacts of climate change on the 

amount and seasonality of streamflow, with snow amounts projected to decline in many 

mountainous regions throughout the twenty-first century due to warming (Immerzeel et al. 

2010; Pörtner et al. 2022; Hock et al. 2019; Pritchard 2019; Viviroli et al. 2011), with far-

reaching implications for water resources, food security, energy systems, and livelihoods 

(Wester et al. 2019; Wijngaard et al. 2017; Orr et al. 2022; Ghosh et al. 2023). Furthermore, 

it hinders our understanding of the occurrence of hydro-meteorological hazards including 

avalanches triggered by extreme snowfall events and flooding caused by the rapid melting of 

snow by warm extremes (Sun et al. 2024; Ortner et al. 2023), hence improving our 

understanding of snowfall in mountainous regions is an urgent scientific priority (Orr et al. 

2022; Sabin et al. 2020). 

Quantifying mountain snowfall is highly challenging for a number of reasons. For example, 

the typical remote location of mountains complicates the installation and maintenance of 

instruments to measure snowfall, resulting in sparse observational networks, especially at 

high altitudes (Ohara et al. 2011; Derin et al. 2016; Milly and Dunne 2002; Rasmussen et al. 

2012). This is especially problematic for High Mountain Asia (HMA), with the Global Historical 

Climatology Network (GHCN) database of station data (Menne et al. 2012) including only one 

long-running precipitation-monitoring station to represent 500,000 km2 of Asia’s Himalayan 

headwaters above 4000 m altitude, leading to significant snowfall-related uncertainties for 
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this region (Pritchard 2021). Such sparse networks of instruments are unable to represent the 

considerable small-scale spatio-temporal variability of snowfall (including extremes) that 

occurs in mountainous regions such as HMA, which are heavily influenced by a wide variety 

of local micro-meteorological conditions that are tied to their complex orography (Orr et al. 

2017; Archer and Fowler 2004; Bannister et al. 2019; Immerzeel et al. 2015; Bookhagen and 

Burbank 2010; Baudouin et al. 2020; Pritchard 2021; Roe 2005; Houze 2012). Finally, although 

various field-based techniques have been developed to measure snowfall, all have significant 

limitations that contribute to sizeable biases in estimating the snow water equivalent (SWE) 

of snowfall (Pritchard et al. 2021). In particular, the widely used heated pluviometers (also 

known as rain gauges), are prone to considerable wind-induced under-catch errors of 

snowfall, which can reach up to 78% in strong wind conditions (Goodison et al. 1998), and all 

observe a very small (metre scale) area of the landscape. 

Such gauge data has been widely used to develop gridded precipitation datasets, including 

daily products like the Asian Precipitation Highly Resolved Observational Data for Water 

Resource Evaluation (APHRODITE; Yatagai et al. 2012) dataset, which includes HMA, and the 

Alpine precipitation grid dataset (APGD; Isotta et al. 2014), which includes the European Alps. 

However, the application of these products in mountainous regions remains questionable due 

to the above concerns over the sparseness and quality of the snowfall data, as well as 

inadequacies in interpolation methods (Mishra et al. 2023). For example, these products 

typically systematically underestimate snowfall at high altitudes, in contrast to better 

agreement with snowfall observations in relatively low altitude areas where data are more 

widely available and of better quality (Currier et al. 2017; Gutmann et al. 2012; Hiemstra et 

al. 2006). Tested against streamflow measurements, monthly gridded global precipitation 

datasets including WorldClim Version 2 (based on GHCN gauge data), for example, were found 

to systematically underestimate precipitation in the mountain cryosphere by 50–100% (Beck 

et al. 2020), i.e., consistent with considerable wind-induced under-catch errors associated 

with pluviometers. Even in the relatively extensively monitored European Alps, WorldClim v2 

requires bias correction factors ranging from 1 to 1.5 (Pritchard 2021; Beck et al. 2020). 

Furthermore, satellite-based, gridded, precipitation datasets such as the Tropical Rainfall 

Measuring Mission (TRMM; Huffman et al. 2007) also struggle to represent snowfall over 

mountainous regions, particularly over glaciated areas (Yang et al. 2024; Andermann et al. 
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2011; Yin et al. 2008). Although, there has also been some success in using remote-sensing 

constrained snow reconstructions and streamflow observations to back-calculate the spatio-

temporal distribution of precipitation in mountainous locations (Pflug et al. 2022; Henn et al. 

2018). Consequently, snowfall estimates from the various gridded datasets available can 

differ substantially in both their climatological and extreme values, underscoring our limited 

understanding of snowfall amounts and its spatio-temporal distribution in mountainous 

regions (Bannister et al. 2019; Palazzi et al. 2013).  

Snowfall estimates from global reanalysis products like the European Center for Medium-

Range Weather Forecasts (ECMWF) Reanalysis Version 5 (ERA5; Hersbach et al. 2020) have 

also been used to analyse variability and trends in mountainous regions, including the 

European Alps (Monteiro and Morin 2023; Durand et al. 2009), the Rockies (Tarek et al. 2020), 

and HMA (Khanal et al. 2023; An et al. 2017; Madhura et al. 2015; Krishnan et al. 2019). 

However, global reanalysis datasets have a relatively coarse spatial resolution of 30-50 km, 

and their data assimilation systems often exclude in-situ observations in mountain regions 

(ECMWF 2021). Consequently, reanalysis products can struggle to capture the small-scale 

spatio-temporal variability of snowfall that characterises mountainous regions, especially 

extremes (Bannister et al. 2019; Khanal et al. 2023; Potter et al. 2023). One approach to tackle 

this issue has therefore been to dynamically downscale reanalysis datasets using a regional 

climate model (RCM) to generate high-resolution gridded precipitation products (Potter et al. 

2023; Ménégoz et al. 2013; Wang et al. 2021; Norris et al. 2020; Bannister et al. 2019; 

Maussion et al. 2011). In such approaches, the RCMs are typically run at spatial resolutions of 

between 1 and 10 km to better represent the critical multi-scale interactions between 

atmospheric flows and complex / steep topographical features that influence snowfall, and 

especially extremes (Collier and Immerzeel 2015; Potter et al. 2018; Orr et al. 2017). However, 

comprehensive assessments of snowfall amounts simulated by RCMs in mountainous regions 

are currently lacking due to the aforementioned concerns over the sparseness and quality of 

snowfall measurements.  

These challenges highlight the urgent need for improved and targeted methodologies to 

accurately quantify snowfall in mountainous areas. To address this issue, Pritchard et al. 

(2021) developed an innovative method for measuring snowfall on mountain lakes during 

sustained freezing conditions, when the catchment is frozen, and no runoff enters the lake 

Accepted for publication in Monthly Weather Review. DOI 10.1175/MWR-D-25-0194.1.
Brought to you by NATURAL ENVIRONMENT RESEARCH COUNCIL | Unauthenticated | Downloaded 07/14/26 09:51 AM UTC



6 

(from either snowmelt or rain falling on the snowpack and refreezing). Under these no-runoff 

conditions, winter precipitation (snow, rain, ice or graupel, hereafter termed “snowfall” when 

referring to such observations) falling onto the lake surface produces an instantaneous 

change in water pressure which can be measured with high accuracy using a water-pressure 

sensor placed at the bottom of the lake. The pressure change corresponds directly to the 

water content of the precipitation averaged over the whole lake surface. This method is 

conceptually similar to a snow pillow but can be applied on the much larger spatial scale of 

lakes in the mountain landscape (hundreds of metres to kilometres), and therefore is 

particularly well suited to testing and constraining snowfall output from high-resolution RCMs 

which have grid cells on a similar scale (Pritchard et al. 2021).  

Another concern related to RCMs is, however, their uncertain representation of the 

microphysical properties of clouds and precipitation, especially snowfall (Morrison and 

Milbrandt 2015; Orr et al. 2017). Large-scale snowfall in RCMs is modelled using a 

parameterisation of ice-phase microphysics that governs the growth and fallout of ice and 

snow particles (Orr et al. 2017; Garvert et al. 2005; Alcott and Steenburgh 2013), and a long-

standing issue with ice-phase microphysics schemes is their high sensitivity to the choice of 

process rate parameter values (Chandra et al. 2020; Morrison and Milbrandt 2015). Many of 

these remain poorly understood and constrained due to limited in-situ snowfall observations 

(Lin et al. 1983; Schoenberg Ferrier 1994; Thompson et al. 2008; Milbrandt and Yau 2005; 

Morrison et al. 2009; Listowski and Lachlan-Cope 2017). For example, these schemes are 

particularly sensitive to the choice of parameter values controlling the fall speeds for ice and 

snow, which are highly uncertain (Morrison and Milbrandt 2015; Gumber et al. 2024). Better 

representation of ice and snow fall speeds in simulations are particularly important for 

improving the spatial distribution of snowfall (including precipitation lapse rates), as this 

controls how far they are advected downwind as they fall through the atmosphere before 

settling on the surface (Jensen et al. 2020; Sterzinger and Igel 2021; Colle and Zeng 2004). 

Recent advances in imaging technology have enabled studies to better report the fall speeds 

of frozen hydrometeor particles, suggesting that fall speed could be explored as a method for 

tuning the spatio-temporal representation of snowfall in RCMs (Vázquez-Martín et al. 2021; 

Garrett et al. 2012; Takasuka et al. 2024).     
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In this study, we aim to use new lake-based snowfall observations from six sites located in the 

western-central Himalayas, European Alps, and central Rockies to assess the representation 

of snowfall simulated by the ERA5-driven atmosphere-only UK Met Office Unified Model 

(MetUM) at a grid spacing of 1.5 km. These three target regions provide a wide range of 

orographic features and snowfall regimes against which to test our model. The snowfall 

output from the MetUM is additionally fine-tuned by adjusting the fall speed of snow particles 

so that it is best able to capture the observed snowfall amounts, especially for extreme 

events. We also compare snowfall characteristics from radars with those from the model, as 

these are useful for capturing a three-dimensional representation of precipitation. We 

subsequently use hydrometeor output from our model to examine the microphysical 

conditions related to extreme snowfall for the three study regions. 

2. Data, Model and Methods

a. Data

The six lake-based snowfall measurement sites used in this investigation include two sites in 

the Alps (Tomasee and Rofental), three in the western-central Himalayas (Ghepan, Hampta, 

and Mugu), and one in the central Rockies (Flowing Park) (Fig. 1). The Tomasee and Mugu 

lakes sit in alpine cirques, Rofental in a high alpine valley, Hampta on a mountain promontory 

and Flowing Park on a plateau. Ghepan sits in a relatively large and deeply incised glacierised 

trough surrounded by peaks 2000-4000 m higher than the valley floor. A summary of the 

details for each site is listed in Table 1. The length of the six lakes ranges from 0.30 to 2.3 km, 

with an average of 1.3 km, similar to the 1.5 km grid spacing of our MetUM model.   

Fig. 1: Maps showing MetUM model domains and orography (m; shading) at 1.5 km grid spacing for the (a) 
Alps, (b) west-central Himalayas, and (c) central Rockies, with the positions of the lake-based snowfall 
measurement sites indicated by red triangles. Note that the orography in each of the panels have different 
ranges. 
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In each case, we installed commercial, high-precision water-pressure sensors (with a nominal 

precision of 0.1% of full scale) on the lakebed, before the winter freeze-up. To achieve optimal 

measurement sensitivity, gauges were positioned in shallow water depths of 1–5 m and 

configured with a relatively narrow operating pressure of 1–10 bar. All six lakes froze over 

completely during the monitoring periods. The instruments continuously measured water 

pressure and temperature and were also equipped with breather tubes for natural ventilation 

(open to the air at the logger box) to correct for atmospheric pressure fluctuations. A ground-

level thermistor was also installed to record snow-base temperatures, allowing us to mark 

the onset of snowmelt runoff in the subsequent melt season / spring. Each logger was 

powered by a 12-V lead-acid battery. Data from each measurement site was collected for a 

single winter season, beginning when the associated lake catchment first freezes in early 

winter and ending when snow begins to thaw in spring, a period of around six months. The 

time series of water pressure signals from the various sites, sampled at 10-minute intervals, 

typically show decreasing lake levels over the winter season due to net drainage out of the 

lakes, punctuated by abrupt jumps in pressure on hourly to daily time scales associated with 

snowfall events (see Fig. S1). These pressure signals were processed to calculate the 

associated snowfall SWE at a temporal resolution of 3 hours (after Pritchard et al. 2021). 

Table 1: Overview of the six lake-based snowfall measurement sites, including their location, latitude and 
longitude of the pressure sensor location, altitude and size of the lakes, selected observation period, and 
the number of snowfall events recorded. 

Location of site 

Latitude (°) 

and 

longitude (°) 

Altitude (m), 

Effective Lake 

length (km)  

Observation 

period 

Number of 

snowfall 

events 

Tomasee, Alps 46.63, 8.67 2340, 0.30 
1 Jan to 20 

Mar 2019 
14 

Rofental, Alps 46.79, 10.81 2730, 0.36 
30 Oct 2023 to 

14 Feb 2024 
28 

Hampta, west-central 

Himalayas 
32.28, 77.34 4600, 0.33 

2 Nov 2021 to 

14 Mar 2022 
22 
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Ghepan, west-central 

Himalayas 
32.53, 77.22 4102, 2.26 

2 Nov 2021 to 

14 Mar 2022 24 

Mugu, central 

Himalayas 
29.68, 82.21 4089, 0.50 

13 Oct 2023 to 

15 Feb 2024 
5 

Flowing Park, central 

Rockies 

38.96, 

-108.11
3062, 0.90 

2 Nov 2023 to 

1 Apr 2024 
18 

Uncertainties in estimating snowfall SWE can also arise from several sources, including 

instrumental uncertainty in the pressure measurements, and in the magnitude of the lake-

drainage signal. In addition to these site-specific challenges, all locations were subject to a 

baseline measurement uncertainty arising from the precision limits of the pressure gauge. 

The relative instrumental uncertainty was determined from pressure measurements 

collected at constant water depth in a laboratory over a one-hour interval, following Pritchard 

et al. (2021). Because our pressure sensor automatically compensates for nonlinear sensitivity 

and temperature dependencies, we treat this instrumental uncertainty as constant. Drainage 

uncertainty arises from uncertainty in the linear fits to the pressure data before and after the 

snowfall event. These various sources of uncertainty were quantified from the pressure time 

series (such as in Fig. S1) and estimated at the end of each event as in Pritchard et al. (2021) 

(see Table S1).  

After applying a minimum threshold of 1 mm water equivalent (i.e., 1 kg m-2) for the total 

precipitation over each observed snowfall event, the resulting measurements at Mugu, 

Tomasee, Hampta, Flowing Park and Rofental have relatively small uncertainties, averaging 

4%, 5%, 6%, 7% and 9% of the event totals respectively, with somewhat greater uncertainty 

(18%) for Ghepan. These higher uncertainties at Ghepan can be attributed to the lake’s larger 

area and hence greater exposure to wind, which can generate swell and create transient air 

pressure anomalies, and a small number of snowfall events were also excluded due to 

contamination by water pressure signals from glacier calving events or avalanches (Pritchard 

et al. 2021). 

We also utilise gridded datasets of radar reflectivity over the Alps and central Rockies, which 

allows us to evaluate the spatial representation of snowfall in the MetUM model on regional 
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scales, i.e., in contrast to the localised lake-based measurements. In these datasets, moderate 

snowfall is typically associated with reflectivity values in the range of 10–30 dBZ, while higher 

reflectivity values of 30–40 dBZ may indicate more intense snowfall with larger aggregates. 

For the Alps, we use a dataset of maximum reflectivity composites produced from the 

European Operational Program for Exchange of Weather Radar Information (OPERA) network 

(Saltikoff et al. 2019). This dataset has a grid spacing of 2 km × 2 km and includes data from 

around 200 operational radars. For the central Rockies, we use a dataset of base reflectivity 

for the contiguous United States produced from Next Generation Weather Radar (NEXRAD) 

mosaics from the Iowa Environmental Mesonet (Iowa State University, 2024). This dataset 

has a grid spacing of 2 km × 2 km and is generated by combining information from over 130 

individual radars.  Note that one limitation of radar reflectivity datasets in complex terrain is 

that they are affected by beam blockage. In both datasets, i) reflectivity estimated from 

partially blocked sectors (up to 70%) are bias-corrected and retained in the composites, but 

prescribed reduced weighting compared with unblocked sectors, and ii) data from sectors 

with blockage percentages exceeding 70% are discarded and are not used for compositing. 

This procedure substantially enhances the azimuthal uniformity of reflectivity fields and, 

allows data from neighbouring radars to fill the gaps for sectors with >70% obstruction. 

Additionally, an equivalent gridded radar reflectivity dataset for the Himalayas is not publicly 

available.   

Finally, we assess snowfall-related systematic biases in ERA5 reanalysis, which is available 

from 1940 to present, by comparing with the lake-based snowfall observations and model 

simulations. It represents four cloud species (cloud liquid, rain, ice, and snow) that are 

described prognostically by the precipitation scheme (Hersbach et al. 2020). For this, we 

retrieved ERA5 3-hourly snowfall data on a 0.25° × 0.25° grid for the same periods as the lake-

based measurements. 

b. Atmospheric Model

We use version 13.0 of the kilometre-scale, regional configuration of the MetUM model.  The 

science configuration of the dynamics and physics schemes used by the model is the Regional 

Atmosphere and Land Version 3 (RAL3; (Bush et al. 2025)). This uses a dynamical core that 

solves non-hydrostatic, fully compressible mass and momentum equations applied to a deep 

atmosphere (Wood et al. 2014). A scale-aware, non-local, one-dimensional boundary-layer 

Accepted for publication in Monthly Weather Review. DOI 10.1175/MWR-D-25-0194.1.
Brought to you by NATURAL ENVIRONMENT RESEARCH COUNCIL | Unauthenticated | Downloaded 07/14/26 09:51 AM UTC



11 

scheme is employed to resolve turbulence-induced vertical mixing (Lock et al. 2000; Boutle et 

al. 2014). The radiation parameterisation used is the Edwards-Slingo scheme, which employs 

a flexible radiative transfer model that handles the radiative impact of cloud water, total ice, 

and snow (Edwards and Slingo 1996). Parameterized convection is switched off, as with a grid 

spacing of 1.5 km, the convection is resolved explicitly (Honnert et al. 2021). However, we 

note that a grid spacing of 1.5 km does not imply that the flow features over the lakes are 

fully resolved, as the effective resolution of the model is several times the grid spacing 

(Abdalla et al. 2013). Representation of the orography in the model is derived from the Shuttle 

Radar Topography Mission (SRTM) dataset at a grid spacing of 100 m (Farr et al. 2007).  

The physics schemes used also include a bimodal cloud fraction scheme (Van Weverberg et 

al. 2021) and the double-moment cloud microphysics scheme CASIM (Cloud AeroSol 

Interacting Microphysics; Field et al. 2023), which includes five different hydrometeor species 

(cloud liquid, rain, ice, snow, and graupel). The particle size distribution (PSD) for each 

hydrometeor species is modelled using a generalised gamma function with a fixed shape 

parameter. In the double-moment CASIM configuration, the hydrometeor mass / mixing ratio 

and number are sedimented separately using their respective weighted fall speeds enabling 

the smaller more numerous particles to get separated from the fewer larger particles. The 

terminal velocity 𝑉𝑥(𝐷) of a hydrometer species 𝑥 in CASIM is represented as: 

𝑉𝑥(𝐷) = 𝑎𝑥𝐷𝑏𝑥 (
𝜌𝑜

𝜌
)

𝑓𝑥

, (1) 

where 𝐷 is the particle diameter, 𝜌 and 𝜌𝑜 are the respective densities of air at the model 

level and the surface, and 𝑎𝑥, 𝑏𝑥 and 𝑓𝑥 are empirically derived parameters. For snow 

particles, these parameter values are prescribed as 𝑎𝑥 = 12, 𝑏𝑥 = 0.5, and 𝑓𝑥 = 0.5 (Field et al. 

2023). This configuration of the MetUM (that uses CASIM’s default parameter settings for the 

fall speed of snow particles) is labelled CTRL. 

The model is set up over three domains with grid spacings of 1.5 km, positioned over the Alps 

(comprising 650 × 650 grid points), west-central Himalayas (650 × 650 grid points) and the 

central Rockies (300 × 300 grid points) (see Fig. 1). These domains include 70 vertical levels 

between the surface and a model top at 40 km, with 16 levels within the lowest 1000 m of 

the atmosphere. The model simulations for each of the three domains consists of a series of 
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36 hourly forecasts, with outputs saved from T+12 to T+36 hours, and the initial 12 hours of 

the forecast discarded as spin-up (i.e., following the methodology of Orr et al. (2023)). Initial 

and boundary conditions for the three domains are provided by the global configuration of 

the MetUM at N768 resolution (equivalent to around 17 km grid spacing), which is initialised 

at its surface and lateral boundaries by ERA5 reanalysis data with a grid spacing of 0.5°. The 

global model uses the Global Atmosphere 6.0 (GA6.0) science configuration (Walters et al. 

2019). Note that we also exclude the influence of the relaxation zone along the domain 

margins, as the coarser resolution spins from 17 km to 1.5 km. Since the model outputs are 

compared with observations at central points within the domain, this approach ensures that 

any impact on the results is minimal and unlikely to be significant. 

The outputs for each domain are at 3-hourly temporal resolution and include accumulated 

snowfall, instantaneous maximum radar reflectivity produced from all hydrometeor types, 

instantaneous mixing ratios for each hydrometeor type on model levels, and instantaneous 

temperature on model levels.   

c. Methodology

Five model sensitivity experiments were designed to investigate the sensitivity of snowfall to 

key microphysical parameters, in addition to the default CTRL simulation (summarized in 

Table S2). Because liquid water formation is susceptible to microphysical processes governing 

the rate of ice crystal formation and growth due to the Wegener-Bergeron-Findeisen process 

(Price et al. 2025; and references therein), the first two sensitivity experiments perturb the 

cloud droplet size distribution (DSD) within CASIM to test the effects of droplet activation on 

the simulated cloud microphysics. In the experiment labelled i) DSD_MICROPHYS_1 we 

increased the prescribed droplet number concentration from 150 cm⁻³ to 550 cm⁻³ and 

slightly narrowed the fixed hydrometeor spectral widths, and in ii) DSD_MICROPHYS_2 we 

lowered the droplet number concentration from 150 cm⁻³ to 50 cm⁻³, while keeping all other 

model settings identical to CTRL. 

A further three sensitivity experiments use the improved understanding of the fall speeds of 

frozen hydrometeor particles (Vázquez-Martín et al. 2021; Garrett et al. 2012; Takasuka et al. 

2024) to investigate the sensitivity of snowfall / SWE on the ground simulated by the MetUM 

to the parameter values for the fall speed of snow particles used by CASIM (Eqn. 1), i.e., how 
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this affects the sedimentation dynamics of falling snow. Published values of snow terminal 

velocities (Vázquez-Martín et al. 2021; Khvorostyanov and Curry 2002; Kuhn and Gultepe 

2016) indicate that fall speed variability allows for a range of fall speed factors (FSF) 𝑎𝑥 

between 4 and 16, with the other existing exponent values as in Field et al. (2023), i.e., 

encompassing the full spectrum of observed fall speed values. This variability in values is 

detected because frozen clouds contain an assortment of crystal types, ranging from the 

smallest snow spheres (𝐷 ~ 0.06 mm) to the larger needles, columns, and graupel particles (𝐷 

~ 3 mm), with their terminal velocities varying from 0.06 to 1.6 ms-1 (Vázquez-Martín et al. 

2021; Kajikawa 1973). Therefore, to examine how this variability influences the sedimentation 

dynamics of falling snow, experiments FSF_MICROPHYS_3, FSF_MICROPHYS_4, and 

FSF_MICROPHYS_5 reduce the value of 𝑎𝑥 in the CASIM microphysics scheme from 12 to 10, 

8 and 4, respectively, while keeping all other model settings identical to CTRL. This effectively 

generates slower fall speeds of snow particles compared to CTRL, which should result in them 

being advected further downwind in EXP and affecting the distribution of accumulation (Colle 

and Zeng 2004; Sterzinger and Igel 2021).  

All test configurations were used to simulate an extreme snowfall event that occurred at 

Tomasee from 21 UTC 12 Jan 2019 to 23 UTC 14 Jan 2019, and the results compared with the 

available lake-based observations (Fig. S2). The results show that the experiments that 

modified the snow FSF have a much stronger influence on total snowfall than the experiments 

modifying DSD. For example, a moderate reduction in fall speed (as in FSF_MICROPHYS_4) 

improves model-observation agreement, whereas excessive reduction (as in 

FSF_MICROPHYS_5) leads to severe underestimation. These sensitivity tests identified 

FSF_MICROPHYS_4 (i.e., 𝑎𝑥 = 8) as the configuration that showed the best agreement with 

the observed snowfall amounts (Fig. S2). Hereafter, this configuration is referred to as EXP, 

and together with CTRL, is selected as the focus of the analysis in the results section.   

The CTRL and EXP models are subsequently ran for the same period as the available 

observations (see Table 1). Modelled snowfall values are subsequently used to create a time 

series of 3-hourly accumulated SWE for each site. Since it’s uncertain that the lake is well 

aligned within a single model grid cell, these values are computed by linearly interpolating 

model output from the four surrounding grid points, ensuring that the model values better 

represent the local snowfall characteristics averaged across a larger region. The modelled 
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snowfall output is then post-processed to remove small events using the same threshold 

applied to observations. Finally, the observed snowfall time series is used to identify and 

select snowfall events in the model, determining the onset, duration, and event-accumulated 

SWE for each event at each of the six sites. This allows for a direct event-by-event comparison 

of snow fall events between the observations and simulated snowfall events. A similar time-

series of snowfall SWE is produced for ERA5 data at each site, with the data retrieved using 

the nearest-neighbour approach. The CTRL, EXP, and ERA5 times-series are subsequently 

compared with the lake-based time-series.     

We qualitatively compare radar-observed and model-derived reflectivity contours to identify 

model biases in the regional representation of precipitation over the Alps and the central 

Rockies. For the Alps, this is done by comparing values of maximum radar reflectivity from 

the OPERA RADAR dataset against model-derived values for two winter case studies (18 UTC 

12 Jan 2019 and 18 UTC 01 Dec 2023). For the central Rockies, we compare values of base 

reflectivity against the Iowa Environmental Mesonet dataset against model-derived values for 

two winter cases (12 UTC 02 Feb 2024 and 12 UTC 16 Nov 2023). All four case studies 

consisted of heavy snowfall across the Alps and central Rockies, respectively. However, it is 

important to note that model-derived radar reflectivity can exhibit relatively large biases 

because this approach requires making assumptions about the hydrometeor properties 

(Heymsfield et al. 2023). In particular, since model-based reflectivity estimates are derived 

from a higher moment of the assumed PSD, they are highly dependent on the scattering 

characteristics of the hydrometeors, which are difficult to ascertain from either surface or 

airborne measurements (Westbrook et al. 2006). For example, the model-derived snowfall 

reflectivity is the integral over the size distribution of the fourth power of the snow particle 

diameter, making it highly sensitive to assumptions about poorly constrained microphysical 

details such as in-cloud crystal size, orientation, habit, and density (Kou et al. 2023; 

Miltenberger et al. 2018). Note that radar-observed and model-based reflectivity values 

below 0 dBZ are not considered as these correspond to weak radar echoes mainly caused by 

background noise / clutter rather than actual precipitation.  

Finally, we also examine instantaneous hydrometeor mixing ratios calculated by the MetUM 

to investigate the microphysical conditions related to extreme snowfall for each of the three 

regions studied. We focus on three such events on 18 UTC 13 Jan 2019, 18 UTC 04 Jan 2022, 
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and 06 UTC 02 Feb 2024, respectively over the Alps, western-central Himalayas and the 

central Rockies.  

3. Results

a. Precipitation

Figure 2 compares the measured total snowfall amounts for all the individual events observed 

at the six sites with corresponding estimates from the CTRL and EXP simulations. The number 

of events used from each site is given in Table 1, with a combined number of 111 events 

examined over all six sites (with Supplementary Table S1 giving the actual measured amounts 

and uncertainties for each of them). The measurements show that the total snowfall amounts 

of the observed events varies from 1 kg m-2 (i.e., the detection threshold) to up to 200 kg m-

2, i.e., capturing a range of snowfall amounts from small events to large events. Comparison 

of the simulated values with the measured snowfall values for Tomasee, Rofental, Ghepan 

and Hampta (Fig. 2a, b, c, d) shows a small systematic overestimation in the 10 to 200 kg m-2 

range, although the bias is reduced for EXP compared to CTRL, quite evidently over Tomasee. 

This is therefore consistent with the EXP simulation reducing the intensity of snowfall over 

some sites by redistributing more of it further downstream (see Fig. S3). The comparison of 

measured and simulated values for low snowfall events (<20 kg m-2) at Ghepan and Hampta 

tends to be rather scattered. By contrast, the simulated snowfall amounts at Flowing Park 

(Fig. 2f) tend to underestimate the measured values for smaller events. 
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Fig. 2: Scatterplots of observed versus modelled snowfall totals (kg m⁻²) for all events at (a) Tomasee, (b) 
Rofental, (c) Ghepan, (d) Hampta, (e) Mugu, and (f) Flowing Park. The modelled outputs are from the CTRL 
(black) and EXP (red) simulations. Equivalent snowfall totals from ERA5 are also shown (cyan). Event 
durations are estimated from the observed lake water pressure data at a temporal resolution of 10 mins 
and are represented by the size of the filled circles, with the range of durations varying by location, 
indicated by the smallest and largest circles for each site. The number of snowfall events for each location 
is listed in Table 1.  Events are identified only if total snowfall amount exceeds 1 kg m-2 for each event. The 
dashed lines represent lines of best fit. 

To further investigate the comparison of the simulated and measured snowfall values, Fig. 3 

compares histograms of 3-hourly snowfall accumulation from the measured snowfall 

amounts observed for the six sites with the values from the CTRL and EXP simulations. Figure 

3 aligns with the results shown in Fig. 2, confirming that the EXP simulation generally results 

in a reduction in extreme snowfall amounts compared to CTRL (without any noticeable 

change in the onset and end times of events between CTRL and EXP), and a better agreement 

with measured values, especially for Tomasee, Ghepan, Hampta and Mugu (Fig. 3a,c,d,e). 

Although the results for Ghepan and Hampta show that both CTRL and EXP tend to 

overestimate higher snowfall amounts, the results are comparatively better for EXP. Figure 3 

also confirms that for Rofental (Fig. 3b), both CTRL and EXP distributions slightly 

underestimate the right-hand side of the measured distribution, although EXP yields slightly 

higher snowfall amounts on the tail end and agrees well with the observed values. It is further 

noted from Figs. 2 and 3 that Tomasee, Rofental, Ghepan and Hampta received more snowfall 

than other sites, sometimes in excess of 100 kg m-2 for each event, with their 3-hourly 

accumulations in the 10-20 kg m-2 range. 
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Fig. 3: Histograms of observed and modelled 3-hourly accumulated snowfall (kg m⁻²) for all events at (a) 
Tomasee, (b) Rofental, (c) Ghepan, (d) Hampta, (e) Mugu, and (f) Flowing Park. The modelled outputs are 
from the CTRL (black) and EXP (red) simulations. Equivalent snowfall totals from ERA5 are also shown 
(cyan). 

Figure 4 uses Taylor diagrams to provide a concise statistical summary of the differences 

between the simulated and observed snowfall, which show correlation, normalised standard 

deviation, and root mean square error (RMSE). The results show that the standard deviation 

for EXP is closer to a value of one at Tomasee, Rofental, Mugu and Flowing Park compared to 

CTRL (Fig. 4a,b,e,f), i.e., indicating that EXP is characterised by greater precision in snowfall 

variability at these sites. However, the results also show that the correlation for EXP 

compared to CTRL is slightly higher for Tomasee, similar for Rofental, Ghepan, and Hampta, 

and lower for Mugu and Flowing Park.  Over Ghepan, both model versions perform similarly 

(Fig. 4c). In terms of RMSE, the results for EXP and CTRL are similar for Rofental, Ghepan, 

Hampta, and Flowing Park, with only Tomasee showing a reduction in RMSE in EXP compared 

to CTRL.  
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Fig. 4: Taylor diagrams of observed versus modelled snowfall at (a) Tomasee, (b) Rofental, (c) Ghepan, (d) 
Hampta, (e) Mugu, and (f) Flowing Park. The modelled outputs are from the CTRL (black) and EXP (red) 
simulations. Equivalent snowfall results from ERA5 are also shown (cyan). Radial distance indicates the 
normalised standard deviation (variability), azimuthal sectors represent the correlation coefficient, and 
concentric dashed contours centred on OBS denote the root mean square error (RMSE; kg m-2). 

Figure 5 shows the upper-tail percentiles (80th - 100th) of cumulative snowfall (kg m⁻²) for 

observed and modelled snowfall events, along with the associated bias (kg m⁻²), aggregated 

across all the sites. Across percentile thresholds from the 80th to the upper extreme values, 

consistent differences emerge between EXP and CTRL. EXP exhibits an improvement to the 

distribution of high-tail events (Fig. 5a), with snowfall amounts more closely aligned with 

observations across most percentile thresholds (Fig. 5b), and lower bias than CTRL (Fig. 5c). 

In contrast, CTRL shows a slightly higher correlation (see Fig. S4b), but it tends to overestimate 

snowfall extremes, particularly at higher percentiles. 

Fig. 5: (a) Comparison of density functions of observed and modelled snowfall (b) Upper-tail percentiles 
(80th - 100th) of cumulative snowfall (kg m⁻²) for observed and modelled snowfall events (c) Upper-tail bias 
between observed and modelled snowfall events. Modelled outputs are from the CTRL (black) and EXP 
(red) simulations. Equivalent snowfall from ERA5 is also shown (cyan). 

Figure 6 compares the timeseries of measured snowfall amounts at Tomasee, Hampta, and 

Flowing Park (i.e., representing each of the three target regions) with estimates from the CTRL 

and EXP simulations. Throughout the winter seasons, all sites experienced multiple snowfall 

events, typically lasting from a few hours to a few days. The results show that the simulations 

are able to capture the timing of the beginning and cessation of the snowfall events accurately 

with the overall onset bias for both CTRL and EXP ranging from -6 to 3 h, and RMSE value of 
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8.16 h. However, CTRL again typically tends to overestimate the snowfall amounts for 

moderate-to-large events, while this bias is reduced in EXP.  

At Tomasee (Fig. 6a,b) the timeseries includes a notable extreme event from 13-15 Jan, which 

is associated with large quantities of snowfall along the northern slopes of the Alps occurring 

in response to the forced uplift of strong moisture-laden north-westerly winds, with values of 

simulated integrated vapour transport reaching up to 350 kg m s-1 (not shown). During this 

event, the snowfall amount simulated in CTRL reached a peak value of 16 kg m-2 in a 3-hour 

period, which is reduced to 12 kg m-2 over this period in EXP, in better agreement with the 

observations. Moreover, analysis of the event total for this period shows that the snowfall 

amount is reduced by 19% for EXP (136.4 kg m-2) compared to CTRL (169.2 kg m-2), aligning 

more closely with the observed amount of 125.6 kg m-2. 
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Fig. 6: Time series of observed and modelled (a,c,e) 3-hourly and (b,d,f) seasonal cumulative snowfall (kg 
m-2) at (a,b) Tomasee, (c,d) Hampta and (e,f) Flowing Park. The modelled outputs are from the CTRL (black)
and EXP (red) simulations. The results for Tomasee are for the period 01 Jan 2019 to 20 Mar 2019, Hampta
for 02 Nov 2021 to 14 Mar 2022, and Flowing Park for 02 Nov 2023 to 01 Apr 2024. Equivalent snowfall
totals from ERA5 are also shown (cyan).

At Tomasee, such longer duration events (~3 days) accounted for over 34% of the total 

received snowfall for the season examined, i.e., making a substantial contribution to the 

seasonal total. By contrast, the other smaller / short-duration events – the shortest only 

around 3 hours in duration – observed at Tomasee were mainly driven by localised 

microphysical processes with the dynamics driven typically by either westerlies or southerlies 

(not shown). Even during these cases, for example the events in March, the snowfall amounts 

show a reduction in EXP compared to CTRL, and a better match with observations. This is also 

consistent with EXP typically reducing snowfall accumulation at certain sites and 

redistributing more of it further downstream. For example, EXP redistributed more of the 

snowfall further downstream over the Alps compared to CTRL for the period from 00 UTC 13 

Jan 2019 to 23 UTC 15 Jan 2019 (Fig. S3a), which resulted in EXP values reducing over Tomasee 

and closer to the observed values (Fig. 6b). By contrast, Rofental experienced a net increase 

in snowfall in EXP relative to CTRL for the period from 00 UTC 30 Oct 2023 to 23 UTC 31 Oct 

2023, which also moved the EXP values closer to the observed values compared to CTRL (not 

shown). 

At Hampta (Figs. 6c,d), the timeseries again shows a similar reduction in snowfall amount in 

EXP compared to CTRL. Here, the EXP and CTRL simulations underestimate the observed 

cumulative seasonal totals by 16% and 6%, respectively. The timeseries for Hampta includes 

a number of extreme events in January, associated with large quantities of snowfall along the 

western slopes of the Himalayas (not shown). These events together contributed around 350 
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kg m-2 of snowfall, accounting for nearly 50% of the cumulative seasonal total. These extreme 

snowfall events are in response to the forced uplift of strong moisture-laden north-westerly 

winds associated with a deep cyclonic system (not shown). This synoptic setup is a 

characteristic feature of western disturbances, the dominant winter weather systems 

influencing the western Himalayas (Dimri et al. 2015; Hunt et al. 2025; Bharati et al. 2025). 

At Flowing Park (Figs. 6e,f), the timeseries shows that the majority of its snowfall came from 

a number of major events in February and March (44% of the total events in the two months 

combined), which accounted for 46% of the cumulative seasonal total. These results show 

only a marginal difference between the CTRL and EXP simulations, with both underestimating 

the seasonal snowfall amounts by 20% and 25%, respectively. However, while cumulative 

snowfall is a useful diagnostic of seasonal accumulation because it integrates snowfall over 

several months, it can amplify intensity errors. For example, the big snowfall event between 

24 Dec 2021 and 13 Jan 2022 over Hampta (Fig. 6d) is overestimated in CTRL relative to EXP 

with the errors persisting over the remainder of the winter season. As a result, snowfall 

accumulation in CTRL may appear closer to observations for compensating reasons, even 

though extremes are better captured in EXP.  

In addition, we also examined aggregated results for all 111 snowfall events over the six sites 

(Fig. S4 and Fig. 5a) that, in general, agree with the results from the individual sites that EXP 

modestly improves snowfall relative to CTRL. In particular, they show that for all events 

combined, that (i) EXP has a better representation of the upper tail of the snowfall 

distribution, consistent with it improving the representation of extreme events, (ii) the overall 

snowfall bias for EXP is 2.62 kg m-2, which is lower than the bias of 3.65 kg m-2 for CTRL  (Fig. 

S4a), and (iii) the RMSE value for EXP is 15.16 kg m-2, which is lower than 15.94 kg m-2  for 

CTRL – although both are less than 1% of the total snowfall amount. 

Figs. 2-6 and Fig. S4 also show that ERA5 systematically underestimates snowfall amounts at 

all sites. For example, the cumulative seasonal snowfall amount from ERA5 at Tomasee, 

Hampta and Flowing Park is underestimated by 33%, 37% and 46%, respectively (Fig. 6). 

Additionally, the estimated RMSE value for all 111 snowfall events across all the six sites is 

17.26 kg m-2, which is higher than both the estimates for EXP and CTRL (Fig. S4). Moreover, 

the corresponding overall biases for ERA5 is -6.75 kg m-2, which again is much higher than the 

model estimates (Fig. S4). Finally, ERA5 snowfall shows a significant negative bias in the 
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upper-tail percentile range indicating poor performance in capturing both magnitude and 

distribution of snowfall extremes (Fig. 5). The comparatively poor performance of ERA5 

snowfall is likely partly linked to its relatively coarse 0.25° resolution and consequent 

increased smoothing of its orography over the three target regions (see Fig. 10), which can 

lead to a more even distribution of precipitation compared to reality due to reduced 

orographic effects (Webster et al. 2008; Gilbert et al. 2025). Additionally, convection is also 

parameterised in ERA5, which could impact moisture partitioning yielding lower snowfall 

totals than the MetUM simulations that explicitly resolve convection at 1.5 km resolution 

(Taszarek et al. 2021; Gilbert et al. 2025; Orr et al. 2017). 

b. Radar Reflectivity

Figure 7 compares the observed maximum radar reflectivity composite with the maximum 

column reflectivity (dBZ) from both the CTRL and EXP simulations for the two snowfall events 

over the Alps. The event on 18 UTC 12 Jan 2019 involves north-westerly flow colliding with 

the Alps, resulting in heavy snowfall extending over much of its northern flank. For this event, 

the radar observations show significant spatial variability in maximum reflectivity over the 

north-western sector of the Alps (i.e., between 6-11°E), characterised by regions of intense 

reflectivity (> 30 dBZ) mixed with less intense areas (20-30 dBZ). Both the CTRL and EXP 

simulations capture the broader spatial pattern of the observed maximum radar reflectivity 

but miss some of the regions of higher values, as well as overestimating values in the 0 to 10 

dBZ range along the southern flank of the snowfall region. Additionally, although the results 

from the CTRL and EXP simulations are generally similar, the observed maximum reflectivity 

values are slightly better represented by EXP compared to CTRL in some regions, such as over 

the northern sector of the Alps (10-14°E, 48-50°N). The second event on 18 UTC 01 Dec 2023 

involves northerly flow colliding with the Alps, resulting in heavy snowfall extending over its 

northern sector. Here, the observations show maximum radar reflectivity values between 20-

30 dBZ over much of the Alps, which is broadly captured by the CTRL and EXP simulations. 

However, the CTRL and EXP simulations again show comparatively little differences and also 

show patchy regions of intense reflectivity (> 30 dBZ) over the north-western sector of the 

Alps that are not apparent in the observations, as well as overestimating values over the 

southern sector of the Alps. 
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Fig. 7: Comparison of observed and modelled maximum radar reflectivity (dBZ; shading) for the Alps on (a-
c) 18 UTC 12 Jan 2019 and (d-f) 18 UTC 01 Dec 2023. The modelled outputs are from the CTRL and EXP
simulations. Also shown are the model orography (m; contours).

Figure 8 extends this analysis by showing histograms comparing simulated and observed 

reflectivity for the two case studies. For the 12 Jan 2019 case (Fig. 8a), examination of the 

results shows that both simulations tend to overestimate reflectivity in the 0 to 8 dBZ range, 

which could be linked to small liquid droplets / frozen hydrometeors going undetected in 

observations. The results also show that model radar reflectivity values are underestimated 

in the 27-40 dBZ range, which is due to the model’s underestimating extreme rainfall (Fig. 

S5b). This limitation is illustrated in Fig. S5b, where rain reflectivity reaches up to 42 dBZ, 

indicative of giant raindrops, contributing significantly to the upper end of the overall 

reflectivity distribution. Nevertheless, both simulations reasonably capture the 8–25 dBZ 

range, suggesting better model performance in representing moderately intense snowfall / 

rainfall (Fig. 8a, S5b). Similar to the results in Fig. 7, there are only marginal differences 

between the CTRL and EXP simulations, although the EXP shows a slight improvement in the 

higher reflectivity tail of the distribution. The results for the 01 Dec 2023 case (Fig. 8b) are 

generally similar to the 12 Jan 2019 case, suggesting again that the simulations tend to 

overestimate the frequency of occurrence in the 0-8 dBZ. However, unlike the earlier case, 
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the model underestimates reflectivity in the 10-20 dBZ range, while better representing 

higher values between 25-40 dBZ.  

Fig. 8: Comparison of histograms of observed and modelled maximum radar reflectivity (dBZ) for the Alps 
on (a) 18 UTC 12 Jan 2019 and (b) 18 UTC 01 Dec 2023. The modelled outputs are from the CTRL and EXP 
simulations. 

It is noted that there are small but meaningful differences evident in the histograms shown 

in Fig. 8. In both cases, the EXP curve is shifted slightly to the right, more noticeably in Fig. 8b, 

which is associated with flow that has already traversed the Alps and transported moisture 

downwind. This suggests that residual moisture in EXP, advected farther downwind than in 

CTRL, may contribute to the formation of larger precipitation particles and / or new ice 

crystals prior to settling on the surface. Further support for this interpretation is provided in 

Fig. S3, which shows the spatial shift in snowfall for two distinct events over the Alps. In EXP, 

some downwind regions experience a net increase in snowfall, consistent with areas of high 

reflectivity downwind (Fig. 7f), demonstrating that model grid cells are affected differently in 

EXP relative to CTRL based on their positions relative to the terrain. Finally, a similar analysis 

was also conducted over the central Rockies using base reflectivity composites, with results 

similarly aligned to those over the Alps (Fig. S6). 

c. Microphysical development of snowfall extremes

Use of a model to produce estimates of snowfall amounts also has the advantage of using its 

other outputs to examine the physical processes that lead to extremes, providing a better 

understanding of the microphysical mechanisms driven by dynamics. This includes 

investigation of the microphysical development of snowfall extremes and the roles played by 
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localised forcings on the timing and intensity of precipitation. To explore this, Fig. 9 shows 

latitude / longitude height transects of the mixing ratios for the different hydrometeor species 

simulated by EXP, which are associated with extreme snowfall events occurring at Tomasee, 

Hampta, and Flowing Park (see Fig. 6). 

Fig. 9: Latitude-height transects of modelled hydrometeor mixing ratios (g kg-1) through (a) Tomasee at 18 
UTC 13 Jan 2019, (c) Hampta at 18 UTC 04 Jan 2022, and (e) Longitude-height transect of modelled 
hydrometeor mixing ratios (g kg-1) through Flowing Park at 06 UTC 02 Feb 2024. The outputs are from the 
EXP simulation, and includes snow, graupel, liquid cloud, rain, and ice hydrometeors. Note that snow (filled 
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contours) and liquid cloud (dotted contours) have the same colormap. The brown shaded area represents 
the orography and the lake-based snowfall measurement sites are indicated by the yellow triangles. The 
grey lines indicate modelled temperature isotherms (°C). Panels (b,d,f) show the associated vertical profiles 
of hydrometeor mixing ratios (g kg-1) from CTRL (solid lines) and EXP (dashed lines) simulations, averaged 
over a 1° × 1° region centred over each of the lake-based snowfall locations. Note that in panels (a,c,e) the 
vertical axis is above mean sea level (AMSL), while in panels (b,d,f) it is above ground level (AGL). 

The event shown for Tomasee at 18 UTC 13 Jan 2019 occurs in response to the forced uplift 

of strong moisture-laden north-westerly winds, which elevates the lower warm layers into 

the subfreezing regions aloft (Fig. 9a). The vertical transects show that this uplift at first 

promotes ice / snow formation through heterogeneous nucleation within subfreezing layers 

spanning 2-8 km above mean sea level (AMSL), where temperature values extend down to -

40°C. Above these layers, the cloud tops positioned between 8-10 km AMSL exhibit even 

colder conditions, with temperatures below -40 °C, favouring ice formation mainly via 

homogeneous nucleation. In the mid-level cloud region (4-8 km AMSL), the co-existence of 

small snow particles and supercooled liquid droplets enables growth of these particles 

through droplet evaporation within the -2 to -28°C temperature range, resulting in higher 

snow mixing ratios. Within the same altitude band, supercooled droplets may also collide and 

freeze onto frozen particles, facilitating the localized production of graupel. In the 

bottommost 3 km AMSL, which is relatively warm, both the liquid droplets and snow particles 

are efficiently converted to rain on the windward side of the system through a combination 

of cloud auto conversion and snow melting. Overall, the vertical structure reflects 

predominantly cold-rain processes throughout much of the atmospheric column, 

transitioning to warm-rain microphysics only in the lowest layers. 

At Hampta, the event shown occurs at 18 UTC 04 Jan 2022 in response to the orographic uplift 

of strong westerly winds (not shown). This shows contiguous snow bands (Fig. 9c), and a 

broadly similar hydrometeor distribution to the Tomasee case. However, in this case the 

mixing ratios are shifted upwards by approximately 2 km, reflecting the influence of high 

orographic elevations of the west-central Himalayas. The orographically induced stratus cloud 

at Hampta enhances snowfall through the seeder–feeder mechanism: snow crystals 

originating from the upper-level stratus cloud (the seeder, located between 6–14 km AMSL), 

act as additional nuclei for the lower mixed-phase cloud (the feeder, located between 2–8 km 

AMSL). This interaction leads to increased snowfall at the surface (Gilbert et al. 2025; 

Fernández-González et al. 2015; Ramelli et al. 2021). It is also apparent that this event is 
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associated with a higher preponderance of supercooled droplets positioned between the 

subfreezing 3-8 km AMSL, yielding more snow as a result of droplet evaporation and vapor 

transport. Increased spatial coverage of liquid and snow mass within this altitude range also 

contributes to localized enhancements in graupel mixing ratios via riming and aggregation. 

The ensuing heavier and denser graupel (compared to snow) further aids the build-up of 

precipitation at this site. Finally, the results indicate rain activity via a combination of liquid 

cloud auto-converting to rain and the melting of frozen particles as they descend through the 

warmer atmospheric layers between 2-4 km AMSL. Notably, rain can also be seen falling from 

liquid-bearing mixed-phase clouds at temperatures as cold as −27°C between 4-8 km AMSL, 

suggesting that supercooled warm-rain processes could be important. 

At Flowing Park, the event shown on 06 UTC 02 Feb 2024 is triggered by the forced uplift of 

strong southerly winds (not shown). The results show an enhanced spatial extent and 

concentration of liquid droplets predominantly between 2-6 km AMSL, which supports 

increased snow production in this altitude band (Fig. 9e) and are broadly consistent with the 

Hampta case study. Notably, the enhanced graupel production region between 5–9 km AMSL 

and around -108.5° coincides with a localised zone of elevated liquid mixing ratios, extending 

into colder temperatures dropping down to -36°C. This co-location likely promotes riming and 

aggregation processes conducive to graupel formation. 

The right-hand side panels of Fig. 9 show the corresponding vertical profiles of hydrometeor 

mixing ratios at the same time as their latitude / longitude-height transects. In general, the 

figures show significant amounts of snow and ice extending to higher altitudes, also 

confirming with the results in the left panels. A decrease in ice mixing ratios is often 

accompanied by a corresponding increase in snow mixing ratios, suggesting the growth and 

transformation of ice crystals into snow through deposition and aggregation processes. There 

is a noticeable presence of supercooled liquid droplets at all the three sites, extending up to 

10 km above ground level (AGL), which enhances conditions conducive to the growth of snow 

in the freezing layers. At Tomasee and Flowing Park (Fig. 9b,f), a sharp decline in liquid cloud 

water mass coincides with a runaway increase in rainwater mass in the lowest 2 km AGL, 

underscoring the significance of some warm rain microphysical activity in the otherwise cold 

cloud system. Additionally, the melting of snow and graupel may also have contributed to 

some rain, as indicated by the gradual downward gradients in their respective mass profiles 
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below their peak altitudes. However, the higher elevation of these regions would limit 

evaporative and melt losses of the frozen hydrometeors, allowing most frozen hydrometeors 

to reach the surface intact. 

Since, EXP (dashed lines) is characterized by slower-falling snow crystals, particles spend more 

time aloft, particularly between 3-7 km resulting in higher snow mixing ratios relative to CTRL 

(solid lines). This has an impact on the partitioning between ice and snow, leading to a 

reduced vapor sink to the ice phase (e.g., over Hampta and Flowing Park), and in some cases, 

slightly enhanced liquid cloud. Notably, layers with increased ice / snow and supercooled 

liquid water in EXP relative to CTRL- such as 3–5 km over Tomasee and 4–8 km over Flowing 

Park - promote riming, which in turn leads to higher graupel mixing ratios compared to CTRL. 

Near the surface, rain decreases slightly, likely due to reduced downward mass flux of frozen 

hydrometeors into warmer layers. 

d. Snowfall maps

Finally, the ability of the high-resolution 1.5 km model to produce detailed estimates of 

snowfall amounts over the three target regions is examined in Fig. 10, which shows maps of 

the seasonal accumulated snowfall from the EXP simulation for a single winter season. 

Additionally, results from the relatively coarse resolution 0.25° ERA5 dataset are also included 

so that they can be contrasted.  

Accepted for publication in Monthly Weather Review. DOI 10.1175/MWR-D-25-0194.1.
Brought to you by NATURAL ENVIRONMENT RESEARCH COUNCIL | Unauthenticated | Downloaded 07/14/26 09:51 AM UTC



29 

Fig. 10: Comparison of modelled and ERA5 total seasonal accumulated snowfall (kg m-2) for the winter 
period of 2023-2024 for the (a,b) Alps and (e,f) central Rockies, and 2021-2022 for the (c-d) west-central 
Himalayas. The modelled outputs are from the EXP simulations.  Also shown are the model orography (m; 
contours). Note that the snowfall for each region has a different scale. 

The model-based snowfall maps show a large amount of heterogeneity in snowfall amounts, 

including pronounced localised ‘hot spots’, reflecting the complexity of the orography in these 

regions. In the Alps, the total accumulated snowfall peaks along its predominantly east-west 

oriented ridge, reaching values in excess of 1600 kg m-2, while minimum values are mainly 
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found over the low-lying valley floors (Fig. 10a). The results for the western-central Himalayas 

show snowfall values in excess of 800 kg m-2 along its southern slopes (above 3500 m), 

particularly around Manali (31-33°N, 76-78°E), which is nestled within the Himalayan Pir 

Panjal range, and surrounded by particularly sharp orography (Fig. 10c). In the central Rockies, 

areas of intense snowfall are more localised around high-elevation regions to the east (Fig. 

10e). By contrast, the snowfall maps based on ERA5 have a much more homogenous 

distribution due to reduced orographic effects (Webster et al. 2008; Gilbert et al. 2025), as 

well as considerably reduced snowfall amounts compared to EXP, i.e., consistent with Figs. 2-

6. For example, the peak value in the Alps from ERA5 is less than 1000 kg m-2, so considerably

less than the EXP based estimate of 1600 kg m-2 (Fig. 10a,b). 

Fig. 11: Histograms of modelled and ERA5 total seasonal accumulated snowfall (kg m-2) for the winter 
period of 2023-2024 for the (a) Alps and (c) central Rockies, and 2021-2022 for the (b) west-central 
Himalayas. The modelled outputs are from the EXP simulations upscaled to the ERA5 resolution of 0.25°. 

Even when EXP is upscaled to match the ERA5 resolution of 0.25°, the histograms of modelled 

and ERA5 total seasonal accumulated snowfall in Fig. 11 demonstrate that ERA5 fails to 

capture key snowfall hotspots, showing reduced amounts, particularly along the tail end of 

the snowfall distribution.  

4. Discussion and Conclusions

Comprehensive assessments of snowfall amounts in mountainous regions are currently 

lacking due to concerns over the sparseness and quality of snowfall measurements. These 

measurements are crucial for establishing baseline records and for effectively testing and 

constraining snowfall outputs simulated by RCMs. To address this knowledge gap, this study 

used unique lake-based snowfall observations in topographically complex regions in the Alps, 

west-central Himalayas and central Rockies to constrain and fine-tune the representation of 

snowfall in the kilometre-scale regional configuration of the MetUM model (i.e., grid cells on 

a similar scale to the size of the lakes).  
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The results show that the simulations can reasonably capture the timing of the beginning and 

cessation of the snowfall events as well as measured snowfall totals, particularly for extreme 

events (Figs. 2-6). The overall onset bias across sites ranges between -6 and 3 h with an RMSE 

of 8.16 h. In terms of the snowfall amounts, EXP has an overall bias of 2.62 kg m-2 compared 

to 3.65 kg m-2 and -6.75 kg m-2 for CTRL and ERA5, respectively (Fig. S4). The good performance 

of the MetUM model was achieved by reducing the snow terminal fall speed in the Cloud 

Aerosol Interacting Microphysics (CASIM) scheme to tune / adjust modelled snowfall to better 

match the observations. Here, the reduction in fall speed resulted in a lowering of peak 

snowfall amounts during extremes (Figs. 2-6), as well as a redistribution of snowfall further 

downstream (see Fig. S3).  

Results from this present work are broadly consistent with suggestions from Lim and Hong 

(2005), Molthan et al. (2016), and Orr et al. (2017) that simulations of precipitation extremes 

are sensitive to the sedimentation properties of frozen hydrometeors. Additionally, the 

improvement in snowfall intensities from this work conforms with the general conclusions 

from previous research by Maussion et al. (2011), Orr et al. (2017), and Collier and Immerzeel 

(2015) that RCMs tend to apportion both liquid and solid precipitation well.  It is further noted 

that the key processes driving snowfall extremes at these high-elevation supersites are 

predominantly cold-rain microphysical mechanisms, transitioning to warm-rain processes 

only in the lowest layers (Fig. 9). Notably, seeder-feeder type cloud interaction could be a 

typical mechanism for increased surface snowfall in the west-central Himalayan region (Fig. 

9c), consistent with field studies from other parts of the world (Purdy et al. 2005; Hill et al. 

1981). 

Precipitation estimates over mountainous regions differ widely between the range of 

available gridded datasets (e.g., APHRODITE, TRMM, global reanalyses), which also tend to 

systematically underestimate extreme snowfall events (Bannister et al. 2019, Palazzi et al. 

2013). As a result, there is a lack of consensus / confidence in snowfall estimates from these 

products in regions like High Mountain Asia / west-central Himalayas (Ji and Yuan 2020; Sun 

et al. 2024). In this study, the EXP simulation estimated much larger snowfall amounts 

compared to ERA5 (Figs. 2-6 and 10-11), which align more closely with the observed lake-

based snowfall amounts. We argue that the above uncertainty in existing gridded 

precipitation datasets can be overcome by considering the MetUM output as pseudo-
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observations, and using the tuned model setup to generate long-term, high-resolution 

snowfall outputs that can effectively be used to increase snowfall records of extreme events 

in orographically complex regions that are poorly observed and understood. Moreover, 

machine learning and statistical models, which inherently perform best with sufficient 

training data, could then be trained on these model-generated records to produce quick 

emulation maps of snow variables in poorly observed and understood mountain locations 

(Girona-Mata et al. 2025). 

Moreover, the outputs / pseudo-observations from the MetUM are particularly suitable for 

use in impact studies to assess the hydrological and socio-economic implications of current 

water availability across large, mountain-fed hydro-economies. High-resolution outputs can 

be used to force glacier, snowpack, and hydro-economic models to predict future changes in 

water resources in each mountain region where it could be utilized for much needed 

improvements to hydro-climatic services (Widmann et al. 2019). In the first instance, the 

snowfall maps (Fig. 10) presented in this study provide valuable insights into snowfall 

distribution and can enhance predictions of snow-related hazards in these regions (Acharya 

et al. 2023). This is crucial because snowfall patterns indicate that extreme weather events 

play a significant role in determining seasonal snowfall totals (Figs. 2-6), a finding consistent 

with previous studies by Regmi and Bookhagen (2022) and Wulf et al. (2010). Therefore, an 

understanding of the timing of the beginning and cessation of snowfall extremes will be the 

key to estimating the magnitude and timing of drainage and river flows originating from these 

regions. This foreknowledge is essential for assessing the downstream impacts on populations 

that rely on mountain water resources, particularly in the face of potential water shocks. 

While this study highlights a generally strong agreement between model results and 

observations, particularly for snowfall extremes, some potential areas for improvement are 

also identified. We show that although modelled reflectivity broadly agrees with the observed 

maximum radar reflectivity, it doesn’t fully capture the greater variability seen in the 

observations (Figs. 7-8). However, although snowfall rate and reflectivity are physically linked, 

they are not directly comparable quantities, and discrepancies in reflectivity do not 

necessarily imply deficiencies in simulated snowfall accumulation. For example, small 

variations in the size and number concentration of ice or snow, produced through primary 

nucleation or secondary ice generation, can substantially affect reflectivity attributes (Field et 
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al. 2023, Gergely and Garrett 2016). This is particularly evident from Fig. S5b, which highlights 

the sensitivity of overall reflectivity to individual hydrometeor phase distributions, strongly 

dependent on particle size. These findings are valuable for modellers incorporating updates 

such as more detailed crystal specifications and improved reflectivity formulations, consistent 

with suggestions by Molthan et al. (2016) and Vázquez-Martín et al. (2021).  

Mismatches between the observed and modelled snowfall events could also be affected by 

wind redistribution of snow that, along with direct precipitation, is captured by the 

observations but is not represented by the MetUM. Although the study lakes are large enough 

to be unaffected by erosion and deposition on the scale of snow drifts (unlike snow pillows, 

scales, pluviometers, etc.), if wind speeds are high enough and the snowpack sufficiently 

weakly consolidated, then locally low-lying lakes like Tomasee could tend to collect additional 

snow that was eroded and transported from mountain slopes at higher altitudes (Stigter et 

al. 2018). However, over the whole winter, the cumulative observed snowfall amount at 

Tomasee is slightly lower than the simulated amounts (Fig. 6b), which is the opposite sign 

expected if wind driven deposition was making an important contribution here. Conversely, 

for locally elevated plateau/promontory lakes like Flowing Park and Hampta, they could 

potentially lose eroded snow to the surrounding lower ground. However, over the whole 

winter, the cumulative observed snowfall amounts at Flowing Park and Hampta are slightly 

higher than the simulated amounts (Fig. 6d,f), which is the opposite sign expected if wind 

driven erosion were important for these lakes. However, to properly investigate the influence 

of wind driven effects, future work could examine excluding high-wind events from model-

observation comparisons. Additionally, it is also likely that model-observation mismatches 

could be related to the representation of convection-inducing localized diurnal mountain-

valley winds, especially for low intensity events. Adequate representation of these winds in 

RCMs is a long-standing issue, with several previous studies highlighting the difficulty of 

representing them in the Himalayas (Potter et al. 2018; Shrestha and Deshar 2014; Sato 2013; 

Bhatt and Nakamura 2006; Norris et al. 2017). 

The relative scarcity of lake-based sites also remains a limitation - it will therefore be 

beneficial to have more of such sites to better understand / validate the spatial attributes of 

snowfall from the MetUM. Efforts are underway to increase the density of lake-based sites, 

and along with additional years of data from existing probes should enable a more 
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comprehensive assessment in a future study. However, despite their limited number, these 

measurements represent high-quality, well-calibrated observations, which makes them 

particularly valuable for model evaluation. For example, the total lake area sampled (~5.1 

km²; see Table 1) is on the order of 10⁸ times larger than a typical point-scale pluviometer 

aperture (~0.03 m²), and as such, the recorded signal, effectively integrates snowfall over an 

area equivalent to a very large number of point-scale gauges operating simultaneously. This 

spatial integration reduces susceptibility to localized measurement errors and supports the 

use of these observations as a reliable basis for model evaluation.  

To support further model assessment / improvement, future work could also perhaps focus 

on complementing the expanded set of lake-based observations with bias-corrected SWE 

estimates from gauges and snow pillows. For example, a range of bias-reduction approaches 

have been developed for these instruments, including design modifications, such as 

aerodynamically shaped gauge bodies that reduce airflow disturbance around the collection 

funnel and wind shields that lower wind speeds at the orifice. In addition, meteorology-based 

correction functions and machine learning algorithms have also been developed to improve 

the fidelity of SWE estimates from both gauges and snow-pillows (Herbet et al. 2025; Yang et 

al. 2025; Cauteruccio et al. 2024; Segovia-Cardozo et al. 2023; Hongyi et al. 2023). However, 

the effectiveness of these approaches, in particular, the use of machine learning methods 

depends heavily on the continuous availability of reliable ground truth information for 

benchmarking / training, which is often scarce. Furthermore, the correction procedures 

developed for one region are generally not transferable to other regions with different 

geographical and climatic settings, limiting the analyses of mountain-range scale shifts in 

snowfall patterns.  

Finally, future work could potentially use observed aerosol fields to work out the droplet 

number concentrations used by the CASIM cloud microphysics scheme in the MetUM (Field 

et al. 2023). Deriving droplet numbers through aerosol activation impacts forecasts, especially 

in terms of the timing, location, and intensity of rainfall or snowfall events (Proske et al. 2024; 

Gumber et al. 2022; Gumber and Ghosh 2022a,b). Since aerosols influence the rate at which 

clouds transition into precipitation - either slowing down or accelerating the process - 

understanding their impact could lead to more precise predictions of extreme weather 

events.  Related to this idea would be to examine the ability of the high-resolution regional 
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version of the MetUM with interactive aerosols (Price et al. 2025) to simulate snowfall over 

mountainous regions.  

Data availability 

The OPERA radar composites are available from https://portail-api.meteofrance.fr/web/en/. 

The Next Generation Weather Radar (NEXRAD) mosaics are available from 

https://mesonet.agron.iastate.edu/docs/nexrad_mosaic/. ERA5 data are available via the 

Copernicus Climate Data Store https://doi.org/10.24381/cds.adbb2d47 (Hersbach et al. 

2023). The snowfall amounts for the 111 events across all six lake-based sites used in this 

study are shown in Table S1. Model data generated or analysed during this study are included 

in this published article [and its supplementary information files].  
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