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Abstract 

Arctic snow exerts a critical control on winter soil temperature and carbon exchange, however representation of 

its properties in Earth System Models (ESMs) remains simplified. In the Community Land Model v5.0 (CLM5.0), 15 

recent updates to snow compaction schemes have led to overly dense tundra snow, increasing snow thermal 

conductivity and conductive heat loss, producing a persistent cold-soil bias. Here we developed a Random Forest 

(RF) regression model to derive tundra bulk snow density from meteorological variables, trained on six winter 

seasons (Sep – May) of Arctic SVS2-Crocus (ASC) simulations constrained by in-situ observations from Trail 

Valley Creek (TVC), Northwest Territories, Canada. RF-derived snow densities capture the lower bulk densities 20 

of Arctic tundra snowpacks, which CLM5.0’s compaction scheme overestimates. Application of the RF-derived 

snow densities to CLM5.0 reduces snow thermal conductivity and enhances snowpack insulation, decreasing soil 

temperature RMSE by approximately 2 – 3 °C relative to field measurements (2017 – 2023) and increasing future 

winter soil temperature projections (2016 – 2100) by 4 – 7 °C under RCP4.5 and 8.5. Such increases in simulated 

soil temperature highlight the strong sensitivity of CLM5.0’s soil thermal regime to snow physical properties. The 25 

RF model reproduces ASC-simulated density evolution with a mean absolute error of 32 kg m-3 which falls within 

typical measurement error for volumetric snow density sampling in Arctic tundra (20 – 40) kg m-3 and matches 

field measurements more closely than default CLM5.0. Future bulk snow density predictions using the RF model 

driven by bias-corrected North American-Coordinated Regional Downscaling Experiment (NA-CORDEX) 

meteorology indicate bulk snow densities 200 – 450 kg m-3 lower than CLM5.0 and more consistent with tundra 30 

conditions. 

1 Introduction 

The Arctic is warming up to four times faster than the global average (Rantanen et al., 2022), risking the 

mobilisation of approximately 1700 GT carbon stored in permafrost systems and threatening to exacerbate the 

atmospheric carbon feedback (Miner et al., 2022). Arctic warming is particularly pronounced in winter, with 35 

temperatures estimated to warm by 4.8 °C by 2100 compared to 2.2 °C in the summer over the same period (Webb 

et al., 2016; Christensen et al., 2013). Snow is a key component of the Arctic system which directly influences 
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ground-atmosphere energy fluxes, soil temperature, and freeze-thaw state (Bigalke and Walsh, 2022; Mudryk et 

al., 2019; Mudryk et al., 2020; Cohen et al., 2015; Serreze et al., 2021; Trenberth, 1998). Thus, changes in Arctic 

snow properties due to a warming climate may drive shifts in wintertime soil temperature, with downstream 40 

implications to heterotrophic respiration and carbon release (CO2 and CH4) (Natali et al., 2019). Capturing 

evolving snowpack properties is vital for accurately modelling soil temperatures in Arctic tundra; however, Earth 

System Models (ESMs) remain limited in their representation of these processes (Rixen et al., 2022; Royer et al., 

2021). Accurate modelling of soil temperatures in ESMs is increasingly important for soil carbon flux projections 

as soil CO2 and CH4 emissions are highly sensitive to temperature change (Natali et al., 2019). In this study, we 45 

focus on the Community Land Model version 5.0 (CLM5.0), a widely used land surface model within the 

Community Earth System Model (CESM), where deficiencies in tundra snow representation produce systematic 

biases in winter soil temperatures. 

Poor representation of tundra snow in ESMs such as CLM5.0 results in an overestimation of thermal transfer 

between the atmosphere and Arctic soils. The update from CLM4.5 to CLM5.0 improved unrealistically low snow 50 

density over areas such as Antarctica and Greenland through better representation of firn and the transition from 

snow to ice (Lawrence et al., 2019). However, these updates, which focussed on improving surface mass balance 

over ice sheets, have had unintended consequences on simulated tundra snow where overly dense snow causes an 

overestimation in snowpack thermal conductivity. This overestimation produces a cold bias for simulated winter 

soil temperatures which propagate to future projections of winter carbon fluxes (Rutherford et al., 2025; Dutch et 55 

al., 2022; Damseaux et al., 2024). This deficiency reflects the absence of key snowpack processes that control 

tundra snow structure and thermal properties. Critically, the current snow schemes in ESMs, including CLM5.0 

fail to represent interactions between vertical temperature gradients and vapour transport which are vital to the 

creation of depth hoar, a key component of tundra snow. In tundra environments basal depth hoar forms early in 

winter under large temperature gradients between the ground and overlying snow (Bouvet et al., 2023). As the 60 

season progresses, snow accumulates and Arctic winds densify upper layers into wind slab (Sturm et al., 1995; 

Derksen et al., 2009; Derksen et al., 2014). However, basal depth hoar is sustained throughout the winter, giving 

tundra snow characteristically low bulk density and this contributes significantly to the high insulative capacity 

of the snowpack. Wind slab layers have a typically high thermal conductivity of 0.15 – 0.5 W m−1 K−1 while depth 

hoar show much lower values, 0.025 – 0.1 W m−1 K−1 (Domine et al., 2018). Consequently, these shallow and 65 

highly abundant low-density snowpacks associated with shrub tundra environments are critical to the control of 

soil temperatures in permafrost environments and need to be represented in ESMs. 

Currently, the overestimation of bulk snow density in ESMs directly affects heat transfer through the snowpack, 

as effective thermal conductivity (Keff) increases with density. As such, understanding Keff is critical to assessing 

the role of snow in the cryosphere in light of a changing climate (Calonne et al., 2011). The parameterisation of 70 

Keff in models often considers only the conduction through ice and air within the snow and omits other factors 

such as phase change effects, vapour diffusion and air convection within pores (Calonne et al., 2011). 

Relationships between snow density and Keff have been proposed by several studies and show Keff increasing as a 

function of density (Calonne et al., 2011; Sturm et al., 1997; Fourteau et al., 2021). Sturm et al. (1997) introduces 

a scheme that considers lower density snow types such as depth hoar and when applied in CLM5.0 significantly 75 

impacts projected future carbon emissions from Arctic soils (Rutherford et al., 2025). While the Sturm scheme 
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accounts for cold biases in winter soil temperature, it does so because the Keff parameterisation counteracts the 

effect of overly dense snow. However, this does not address the underlying issue of overly dense snow caused by 

omission of depth hoar formation in simulated seasonal snow in CLM5.0 as identified by Damseaux et al. (2024) 

and Dutch et al. (2022). An alternative approach is therefore needed to derive bulk snow density that captures the 80 

physical processes driving tundra snowpack evolution without relying on CLM5.0’s compaction scheme. 

The representation of tundra snow processes in ESMs remains simplified, due to complex and nonlinear 

interactions between meteorology, topography, and vegetation (Wang et al., 2023). These simplifications highlight 

the need for alternative approaches that can capture the complex, nonlinear controls on snow density without 

relying solely on simplified physical parameterisations. Random forest (RF) regression models can both capture 85 

complex non-linear relationships more effectively than linear models and incorporate a broad range of predictor 

variables which can include categoric information such as topographic features and vegetation cover. Such RF 

approaches have shown to be promising tools for the estimation of snow depth from predictor inputs such as 

topographic position, satellite brightness temperature, geographic location, elevation and land cover fraction 

(Revuelto et al., 2020; Meloche et al., 2022; Yang et al., 2020). Further, RF scores well alongside other machine 90 

learning (ML) approaches for predicting snow density and snow water equivalent (SWE) from site specific 

variables, including elevation, slope, and aspect, as well as meteorological information such as near-surface air 

temperature and wind speed (Goodarzi et al., 2024; Kanda and Fletcher, 2025). Despite known limitations, RF 

modelling offers a promising approach for bulk snow density prediction which builds on the statistical approach 

developed by Meløysund et al. (2007) using meteorological predictors. 95 

While several studies deploy RF algorithms for snow depth estimation (Revuelto et al., 2020; Meloche et al., 

2022; Gunn et al., 2025), applications to snow density remain limited in number. Notably, Prasad et al. (2024) 

explored several machine learning methods including RF to emulate the physically based snow model 

‘SnowModel’ with applications to snow density predictions on sea ice. In contrast, our study focused on snow 

density prediction for terrestrial tundra (Thompson et al., 2016), which play a critical role in regulating soil 100 

temperatures which influence permafrost stability and carbon release (Zhang, 2005). Tundra snowpacks are 

characterised by thick wind slab layers and low density depth hoar which greatly influences the insulation of soils 

(Sturm et al., 2001; Domine et al., 2015). By contrast, snow on sea ice is generally thinner than terrestrial tundra 

due to wind compaction and redistribution, and is characterised by higher density depth hoar layers (Sturm et al., 

2002). Consequently, RF models developed for sea-ice snowpacks may not adequately represent the density 105 

evolution and thermal impacts of tundra snow. Capturing tundra snowpack characteristics is therefore important 

for improving land-atmosphere simulations in a rapidly changing Arctic. 

Training a RF requires a sufficiently large training dataset to allow the model to robustly learn relationships 

between meteorological drivers and bulk snow density (Breiman, 2001). However, in-situ measurements of Arctic 

tundra snow properties are very sparse in location and continuity (Stuefer et al., 2025), as field campaigns are 110 

often conducted at or near peak SWE (Apr – May). An alternative data source is therefore required for season 

long bulk snow density data for training a RF model. Arctic SVS2-Crocus (ASC) is a multi-physics ensemble 

version of the Crocus snowpack model embedded within the Soil, Vegetation, and Snow model version 2, with 

Arctic-specific parameterisations of wind-induced compaction, basal vegetation effects, and thermal conductivity 

implementation to improve the simulation of snow density profiles at tundra sites (Vionnet et al., 2025; Woolley 115 
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et al., 2024). The 120-member ensemble framework provides a diverse set of physically plausible density 

realisations which span a range of processes representations. When evaluated over 32 years (1991 – 2023) at Trail 

Valley Creek, NWT, Canada, ASC demonstrated improved simulation of snow density profiles relative to the 

default model configuration. ASC reduced RMSE in wind slab by 41% and produced more physically 

representative profiles of low-density basal layers overlying high density surface layers (Woolley et al., 2024). 120 

Given its performance at TVC and its ability to generate physically plausible season-long bulk snow density 

simulations, ASC outputs complement sparse field observations for training a RF model at this site. While a RF 

model trained on ASC may inherit model-specific biases, the physically constrained ensemble framework offers 

a practical solution to expanding a RF training dataset given the sparsity of observational data. 

This study assesses the capacity of RF predicted bulk snow densities to improve snow thermal conductivity 125 

parameterisation and soil temperature simulations in CLM5.0. Firstly, an RF model is developed to capture 

patterns in seasonal bulk snow density as simulated by ASC, and RF predictions are compared against default 

CLM5.0 bulk snow density outputs and field measurements taken at TVC during peak SWE (April – May). The 

RF bulk snow density predictions are then inserted to CLM5.0 and tested in present-day conditions (2017 – 2023) 

and simulated soil temperatures are compared with field measurements at 10 cm and 2 m depth.  Finally, future 130 

bulk snow density estimates (2016 – 2100) produced by the RF model are compared with those of default CLM5.0 

and are applied to future simulations to assess the impact of bulk snow density on future soil temperatures under 

Representative Concentration Pathways (RCP) 4.5 and 8.5. 

2 Methodology 

2.1 Study site 135 

TVC is a research watershed located approximately 50km north of Inuvik, NWT, Canada, in the tundra-taiga 

ecotone with vegetation consisting mainly of low shrubs, lichens, grasses and mosses (Marsh et al., 2010; King et 

al., 2018). Snow cover in the TVC watershed varies spatially due to topography, wind re-distribution and 

vegetation cover (Pomeroy et al., 1993; Derksen et al., 2014; King et al., 2018; Wilcox et al., 2019). In-situ 

measurements at TVC from 2015 – 2019 show that topographic drift sites accumulate deeper and more variable 140 

snow (mean  stdev, 98  70 cm) whereas tundra and open tundra sites are characterised by shallower, lower 

density snowpacks (38cm  16, 46  12 cm) (Walker and Marsh, 2021). Shrub and tussock tundra dominate the 

TVC landscape, with tussock tundra covering approximately 37% of the study area and shrub tundra classes 

together accounting for nearly half of the landscape (Grünberg et al., 2020).  

TVC has a comparatively rich dataset of meteorological and snow measurements, comprising near-continuous 145 

annual measurements of bulk snow density, snow depth and snow water equivalent (SWE) having been taken at 

TVC since 1991 at or around peak SWE (April-May) (Tutton et al., 2025). In addition, hourly gap-filled 

meteorological variables (1991 – 2023) were obtained from TVC’s main meteorological station (Tutton et al., 

2025). The combination of multi-decadal, near continuous meteorological and snow property measurements 

makes TVC well suited for training and evaluating a RF model for bulk snow density prediction. This study 150 

leveraged meteorological measurements from TVC used in conjunction with Arctic SVS2-Crocus (ASC, Woolley 

et al., 2025; Vionnet et al., 2025) bulk snow density simulations to train the RF model. 
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2.2 Random forest model development 

The RF model was trained using bulk snow density data from six winter seasons (2001/02, 2006/07, 2007/08, 

2012/13, 2014/15, 2016/17) simulated by ASC. These seasons, which span 1 Sep – 1 May, were selected based 155 

on the high agreement between ASC simulated density and depth to their associated snow course measurements, 

ensuring that the training framework was supplied with simulations underpinned by in-situ measurements. To 

identify these high-performing seasons, ASC-simulated and measured density–depth pairs from 29 available 

seasons (1991–2023) were analysed (Appendix B, 6.2). For each selected season, the ASC ensemble member 

(n=120) most closely matching the snow course measurement was chosen to represent the bulk snow density time-160 

series for that season. The selected bulk snow density datapoints were then paired with corresponding measured 

meteorological variables, resulting in a training dataset of 1453 samples (6 snow seasons spanning 1 Sep – 1 May). 

The MATLAB RF regression function TreeBagger was used to build the RF model using a training:testing data 

split of 80:20. Cross-validation and hyperparameter tuning were performed using random partitioning 

(cvpartition), which may introduce temporal dependence leading to overestimation of model skill (Roberts et al., 165 

2017), therefore, model performance was primarily assessed using an independent test period (2017 – 2023). The 

inclusion of additional seasons beyond the six selected yielded minimal improvement in RMSE supporting the 

chosen training configuration; the chosen density time series data were then paired with meteorological variables. 

A set of meteorological features were used to train and test the RF model, and their relative importance for 

predicting bulk snow density was evaluated. The candidate meteorological features included shortwave radiation 170 

(SW, W m-2), incoming longwave radiation (LW, W m-2), snowfall rate (Sf, kg m-2 s-1), rainfall rate (Rf, kg m-2 s-

1), air temperature (Ta, K), relative humidity (Rh, %), wind speed (Ua, m s-1) and surface air pressure (Ps, Pa). For 

this study, only minimal feature engineering was undertaken, with two new input features being created: 

precipitation rate (pr, kg m-2 s-1) calculated from combining Sf and Rf, and cumulative snowfall (mm) from the 

cumulative sum of Sf, converted to millimetres. Feature importance analysis was then applied to identify the 175 

combination of meteorological features resulting in the lowest model RMSE, resulting in the selection of SW, Sf, 

Ta and cumulative snowfall. Sf was retained despite a comparatively low importance score to test model sensitivity 

to snowfall patterns; particularly large snowfall events and the onset of the snow-covered season. 

2.3 Future meteorological forcing data 

The NA-CORDEX (North American Coordinated Regional Climate Downscaling Experiment) is a multi-model 180 

ensemble of dynamically downscaled regional climate projections covering North America, providing high-

resolution meteorological forcing data under multiple RCP scenarios. The NA-CORDEX ensemble was bias 

adjusted to match the statistical characteristics of in-situ meteorological measurements from TVC (Tutton et al., 

2025; Cannon, 2018; Cannon et al., 2022). The NA-CORDEX meteorological time series includes incoming 

shortwave and longwave radiation, precipitation, humidity, wind speed, air pressure, minimum and maximum air 185 

temperature and was generated from 33 GCM-RCM combinations under climate scenarios RCP 4.5 and 8.5. This 

bias-adjusted data was used to generate future projections of bulk snow density using the RF, and to drive future 

CLM5.0 simulations (2016 – 2100) as described in Rutherford et al. (2025). Since RF models are constrained by 

their training distribution, it was necessary to assess the distributional overlap between NA-CORDEX and the RF 

training data prior to generating future projections. 190 
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2.4 Uncertainty assessment 

Predictions using RFs are most reliable in regions of predictor space that are well-sampled during training and 

become increasingly uncertain where the feature space differs considerably (Hateffard et al., 2024; Meyer and 

Pebesma, 2021). The Jensen Shannon Divergence (JSD) metric (Lin, 1991; Briët and Harremoës, 2009) was 

chosen to quantify divergence between the training meteorology and NA-CORDEX future meteorology. JSD 195 

(Equation 1) is a symmetrised and smoothed version of the Kullback-Leiber divergence (Joyce, 2011; Kullback, 

1951) (Equation 2) and measures the similarity between two probability distributions (PDFs), in our case the RF 

training meteorology and NA-CORDEX projections. PDFs were generated using two-dimensional kernel density 

estimates for two of the most influential feature variables, cumulative snowfall and air temperature, and JSD 

calculated as follows: 200 

JSD(𝑃 ∥ 𝑄) =
1

2
[𝐷KL(𝑃 ∥ 𝑀) + 𝐷KL(𝑄 ∥ 𝑀)]        (1) 

𝐷KL(𝑃 ∥ 𝑀) =∑ 𝑃𝑖log2⁡(
𝑃𝑖

𝑀𝑖
)

𝑖
          (2) 

where 𝑃 and 𝑄 are the normalised PDFs of the training and projected meteorology, 𝑀 =
1

2
(𝑃 + 𝑄) is their average 

distribution and 𝐷𝐾𝐿 denotes the Kullback-Leiber divergence. Higher JSD values indicate greater divergence 

between the two datasets (1 = perfect divergence), which suggests that a higher proportion of the NA-CORDEX 205 

data lie outside the bounds of the RF training data. Whereas lower JSD values indicate closer alignment between 

the two datasets (0 = perfect alignment) and suggest that the RF model is still operating within an interpolative 

regime. As a result, the JSD metric infers a degree of uncertainty for future predictions of bulk snow density where 

confidence in the model’s predictive accuracy decreases the further that future meteorological conditions diverge 

from those in the training data. 210 

2.5 Data insertion to CLM5.0 

RF-derived snow bulk densities were inserted into CLM5.0 directly through the SoilThermProp subroutine of 

SoilTemperatureMod.F90 source file, part of the soil and snow temperature solver in the CLM5.0 timestep. In its 

default settings SoilThermProp calculates the snow bulk density (Equation 3) and snow thermal conductivity 

(Equation 4) (a full guide to variable symbols is shown in Table ). In this study, the internally calculated bulk 215 

snow density was replaced with RF-derived bulk snow density. 

𝜌𝑐,𝑗 =
𝑚ice,𝑐,𝑗+𝑚liq,𝑐,𝑗

𝑓sno∙d𝑧𝑐,𝑗
          (3) 

𝑘𝑐,𝑗 = 𝑘air + (7.75 × 10−5𝜌𝑐,𝑗 + 1.105 × 10−6𝜌𝑐,𝑗
2)(𝑘ice − 𝑘air)     (4) 

where 𝑐 is the number of snow layers in column 𝑗, 𝜌𝑐,𝑗 is bulk snow density computed from the fractions of ice 

𝑚ice and liquid 𝑚liq components, snow layer thickness d𝑧𝑐,𝑗 and the fraction of the ground covered by snow 𝑓sno. 220 

The thermal conductivity of each snow layer 𝑘𝑐,𝑗 is computed from 𝜌𝑐,𝑗 and the thermal conductivities of ice (𝑘ice) 

and air (𝑘air) as per Jordan (1991). In addition to the default configuration of CLM5.0, two data insertion 

approaches were undertaken: 
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Table 1 - RF bulk snow density insertion methods to CLM5.0 225 

Configuration name Description 

Default Representing the standard CLM5.0 configuration with no changes to the 

SoilTemperatureMod 

𝜌ML-derived Keff Replaces bulk snow density used in the default calculation of 𝑘𝑐,𝑗 with bulk snow 

density derived from machine learning as follows:  

𝑘𝑐,𝑗 = 𝑘air + (7.75 × 10−5𝜌ML + 1.105 × 10−6𝜌ML
2)(𝑘ice − 𝑘air)  (5) 

𝜌ML-derived Keff + 

snow layer scaling 

Aims to maintain mass consistency in the snowpack by rescaling the modelled snow 

layers by the difference between default density and RF-density: 

d𝑧𝑐,𝑗 = d𝑧𝑐,𝑗
𝜌𝑐,𝑗

𝜌ML
        (6) 

This approach also independently replaced the state variable for bulk snow density: 

𝜌𝑐,𝑗 = 𝜌ML        (7) 

which ensured that CLM5.0 snow physics routines outside of the Keff parameterisation 

accessed the RF-derived bulk density rather than the default. 

 

The edited SoilTemperatureMod.F90, which included the RF-derived bulk snow densities, replaced the default 

source file before building the CLM5.0 model case. CLM5.0 error metrics for the conservation of mass in snow 

(ERRH2OSNO) and liquid water (ERRH2O) are consistently 1x10-15 mm or below across the three approaches – 

default, 𝜌ML-derived Keff and 𝜌ML-derived Keff + snow layer scaling – indicating that the modifications made do 230 

not disrupt the water mass balance in the model. The RF-CLM5.0 soil temperature simulations were validated 

against in-situ 10cm soil temperature measurements at TVC from Boike et al. (2023). Additionally, 2 m soil 

temperature measurements were obtained from an unpublished dataset using calibrated HOBO thermistor sensors 

(±0.25 °C accuracy; J. Boike, pers. comm., 2026). 

2.6 CLM5.0 setup and parameter sensitivity 235 

The CLM5.0 setup, except for changes to the SoilTemperatureMod.F90 is as described in Rutherford et al. (2025) 

and the same NA-CORDEX ensemble is used as driving meteorology. A range of parameter values for Ψmin, Q10 

and ch4q10 were used to capture physically plausible parameter variability as per Rutherford et al. (2025). The 

parameter range spanned an upper carbon response of -20 (Ψmin), 1.5 (Q10) and 1.33 (ch4q10) and a lower carbon 

response of -2 (Ψmin) 7.5 (Q10) and 4 (ch4q10). These combinations of Ψmin, Q10 and ch4q10 are applied to each 240 

of the three approaches taken to represent bulk snow density and the associated thermal conductivity: ‘default’, 

‘𝜌ML-derived Keff’ and ‘𝜌ML-derived Keff + snow layer scaling’. A resulting total of 198 experiments were 

undertaken, 66 for each of the three approaches and simulations performed over the 2016 – 2100 period to assess 

the impacts of each approach on future projections of soil temperature. Future CLM5.0 simulations focus on the 

winter season when snow is on the ground (i.e. the snow-covered non-growing season) and we define this period 245 

as the time when all CLM5.0 ensemble members (RCP 4.5 n=6, RCP 8.5 n=27) agree that SWE is > 5 mm as 

outlined by Krinner et al. (2018), filtering bulk snow density and soil temperature simulations by these constraints.  
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3 Results  

3.1 Performance of the random forest bulk snow density model 

 250 

Figure 1 - Meteorological inputs and validation plots for prediction of bulk snow density from meteorology using a random 

forest regression model over 6 winter seasons 2017 – 2023 (September – 1 May. Rows 1 – 4 show the measured meteorological 

data features for each year which include shortwave radiation (SW, W m-2), air temperature (Ta, K), snowfall rate (Sf, kg m-2 

s-1), and cumulative snowfall (mm). Row 5 shows bulk snow density predictions from the random forest model (black) compared 

against ASC bulk snow density ensemble mean (n=120) (blue).  255 

RF predictions tended to underestimate ASC simulated snow density with an average difference of 59 kg m-3
 by 

the end of the snow season (nominally 1 May) (Figure 1). Six years of measured meteorological data for winter 

seasons 1 September to 1 May 2017 – 2023 were used to test the RF model and assess conformity of RF predictions 

to ASC simulations (Figure 1). The timing and rate of bulk snow density increase at the start of snow accumulation 

in RF predictions aligns well with ASC simulations, except in 2018/19 where ASC simulations show a rapid 260 

increase in bulk snow density to 195 kg m-3 which can be attributed to a small snowfall event ~50 days since 1st 

September. Both RF and ASC show low bulk snow density (0 – 100 kg m-3) soon after snow onset (day 0 – 50) 

which rapidly increased during accumulation before stabilising later in the season (day 100 – 250) around 250 – 

300 kg m-3. The RF model simulates ASC bulk snow density with an average MAE of 32 kg m-3 across the 2017 

– 2023 winter seasons, with the best predictive ability occurring during early accumulation. The timing of bulk 265 

snow density increases in the RF predictions were strongly dependent on accumulation of snowfall and this is 

reflected in its feature importance score which is the highest of all chosen features. 
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Figure 2 – Median bulk snow density over winter seasons 2017–2023 from RF predictions (black), ASC (blue), and CLM5.0 270 
(red). ASC and CLM5.0 lines represent the ensemble mean (n = 120, n = 33) with the 2017–2023 seasonal median shown. 

Shaded regions show the interannual minimum–maximum range across the six seasons. The purple boxplot shows measured 

annual mean bulk snow densities from field campaigns at Trail Valley Creek (n = 5, 23 March – 24 April, no campaign in 

2019/20). The x-axis origin corresponds to the earliest CLM5.0 ensemble mean snow-on date (11 October), with all years 

contributing data from day 0 onwards; the period shown reflects consistent snow-on conditions across all ensemble members 275 
(SWE > 5 mm). Inset: RF predictions versus ASC daily bulk snow density (2017 – 2023). 

RF predictions were then compared to density measurements taken around the timing of peak SWE (23 March – 

24 April) for five snow seasons between 2017 – 2023 (no campaign in 2019/20). Median RF predictions of bulk 

snow density (245 kg m-3) were closer to field measurements (230 kg m-3) than ASC (287 kg m-3) and default 

CLM5.0 simulations (348 kg m-3). The RF model generally predicted lower bulk snow densities than both ASC 280 

and CLM5.0 throughout the winter. Median RF values were, on average, 21 kg m-3 lower than ASC simulations 

and 175 kg m-3 lower than CLM5.0 simulations (Figure 2). Overall, the RF model reproduced both the magnitude 

and seasonal evolution of ASC bulk snow density, outperforming CLM5.0. However, RF predictions diverged 

from ASC simulations at 150 days post snow onset with the average difference increasing from 15 kg m-3 (day 1 

– 150) to 34 kg m-3 (day 150 – 204). 285 
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Figure 3 - Time series of 10 cm and 2 m median soil temperature driven by an ensemble of NA-CORDEX meteorologies (2016 

– 2023) under RCP 4.5 (a, n = 6) and RCP 8.5 (b, n = 27). Default CLM5.0 (red) is compared with two bulk snow density data 

insertion approaches: 𝜌ML-derived Keff (cyan) and 𝜌ML-derived Keff + snow layer scaling (magenta), evaluated against in-situ 

soil temperature measurements (green) at TVC  from Boike et al. (2023). Grey shading indicates the snow-free period. 290 

Simulated soil temperatures were evaluated against field measurements during winter (SWE > 5 mm) and 𝜌ML 

approaches improved RMSE by approximately 2 – 3 C (2016 – 2023) at both depths (10 cm and 2 m); 𝜌ML-

derived Keff approach provided the best overall agreement with the observations (Figure 3). Default CLM5.0 

exhibited a persistent cold bias at 10 cm, with median winter soil temperatures of −10.5°C versus −5.8°C observed 

(bias = −4.7°C). Both 𝜌ML approaches substantially reduced this bias: 𝜌ML-derived Keff yielded −6.6°C (bias = –295 

0.8) and⁡𝜌ML -derived Keff + snow layer scaling −4.4°C (+1.4°C).  

The cold bias propagated to 2 m (default: −9.3°C; observed: −4.0°C; bias = −5.3°C), where 𝜌ML -derived Keff and 

𝜌ML -derived Keff + snow layer scaling again reduced the bias, yielding −4.7°C (–0.7°C) and −2.7°C (+1.3°C) 

respectively. The snow layer scaling approach increased mean snow depth by ~10 cm (2017–2023) causing a 

warm overestimation in winter soil temperatures relative to observations. All configurations also lagged spring 300 

soil warming, with observed 10 cm temperatures reaching 0°C approximately 10–24 days earlier than simulated 

values in four of six winters.  
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3.2 RF training data vs NA-CORDEX meteorology 

 

Figure 4 - Random forest training data (black dots) versus future NA-CORDEX (red dots) for air temperature and cumulative 305 
snowfall in 20-year time windows 2015-2095 for 1 September to 1 May (a – d) and 1 September to 1 January (e – h). Panel 

(i) is a quantification the difference in probability distribution between training and NA-CORDEX datasets using Jensen-

Shannon Divergence (JSD, ‘o’), 0 indicates perfect alignment and 1 indicates perfect divergence. 

Analysis of the divergence between the training and NA-CORDEX meteorological datasets indicates a decrease 

in confidence with increasing projection timescale. NA-CORDEX projections show that average daily winter air 310 

temperatures increase from -13 to -7 °C between 2015 and the end of the century, whereas average accumulated 

snowfall remains similar (59 – 62 mm). Early winter season (1 Sep – 1 Jan) training data exhibited greater 

distributional similarity to NA-CORDEX than full season data (1 Sep – 1 May) by an average JSD value of 0.07 

(2015 – 2095). JSD increased from 2015 onwards at a rate of 0.0018 yr-1 (1 Sep – 1 Jan) – 0.0021 yr-1 (1 Sep – 1 

May). Relative to the 2015 – 2035 baseline, JSD increased by approximately 110% (1 Sep – 1 Jan) and 190 % (1 315 

Sep – 1 May) by 2095 in the full and late season timescales, indicating a distributional shift and a reduction in the 

representativeness of the RF training data under future climate conditions. 
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3.3 Future bulk snow density predictions and comparison with CLM5.0 

 320 

Figure 5 – Median bulk snow density (a) and Keff (b) across the 2016 – 2100 period for RF-predicted (black) and default 

CLM5.0 (red), derived from the NA-CORDEX ensemble mean. Shaded areas represent inter-annual range across 2016 – 2100. 

The inset shows the relationship between bulk snow density and Keff following Jordan (1991), with default CLM5.0 (red) and 

RF-predicted density superimposed. The x-axis is referenced to the earliest CLM5.0 ensemble mean snow-on-date (Oct 11th) 

with all years contributing data from day 0 onwards. 325 

Winter season RF predictions (2016 – 2100) showed gradual increases in bulk snow density over time, stabilising 

at ~200 – 250 kg m-3, which is consistent with seasonal TVC field measurements (average 236 kg m-3, 1991 – 

2023) (Figure 5). Median RF predicted bulk snow densities were up to 450 kg m-3 lower than CLM5.0 simulated 

bulk snow densities from 2016 – 2100, with the difference reducing to approximately 100 kg m-3 by the end of 

the season. CLM5.0 simulations also displayed a higher variability, with a range of 266 – 674 kg m-3 compared 330 

with a range of 50 – 265 kg m-3 for RF predictions. Both RF and CLM5.0 show a reduction in variability beyond 

~50 days post snow-on, however, RF predictions plateau in the upper bound in contrast to the broader range 

exhibited by CLM5.0. CLM5.0 produced unrealistically high snow densities at the start of the winter season (~350 

– 650 kg m-3), exceeding values typical of established wind slab layering (~350 – 450 kg m-3). As a consequence 

of the lower snow densities, Keff resulting from RF snow densities was 0.19 W m-1 K-1 lower on average than 335 

default CLM5.0, by contrast CLM5.0 snowpacks maintained high Keff (> 0.3 W m-1 K-1). 
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Figure 6 - Future CLM5.0 projections of median winter 10 cm and 2  m soil temperature driven by an ensemble of NA-CORDEX 

meteorologies (2016 – 2100) under RCP 4.5 (a, c, n = 6) and RCP 8.5 (b, d, n = 27). Default CLM5.0 (red) is compared with 340 
CLM5.0 driven by RF predicted snow densities under two approaches 𝜌ML-derived Keff (cyan) and 𝜌ML-derived Keff + snow 

layer scaling (magenta). The shaded areas reflect uncertainty due to both climate forcing (NA-CORDEX) and model parameter 

sensitivity Ψₘᵢₙ, Q₁₀ and Q₁₀CH₄. 

Direct insertion of RF-predicted snow densities into CLM5.0 consistently raised simulated winter soil 

temperatures by approximately 5 – 7 C at 10 cm depth under RCP4.5 and 4 – 5 C under RCP8.5 from 2016 – 345 

2100, compared to default CLM5.0 (Figure 6, a, b). Across both RCP scenarios, the 𝜌ML-derived Keff + snow layer 

scaling approach consistently produced the warmest soil temperatures (2016 – 2100 mean: -3.5 to -4.0 C), 

followed by the 𝜌ML-derived Keff approach (-5.0 to -5.3 C), while the default configuration remained substantially 

colder (-9 to -10 C). This thermal offset propagated to 2 m depth, where 𝜌ML approaches simulated mean winter 

soil temperatures of -2 to -0.7 °C compared with -6 to -4 °C under the default, with 2 m temperatures under RCP 350 

8.5 reaching 0 °C by approximately 2080 – 2100, a threshold not approached under the default CLM5.0 

configuration. 

Initial soil temperatures in 2016 were 4 – 5 C lower under RCP4.5 than RCP8.5 across all configurations, and 

between 2016 – 2100 interannual variability was greater under RCP4.5 (median ± 15 C) than under RCP8.5 

(median ± 10 C). Default CLM5.0 diverges from the two 𝜌ML approaches in both magnitude and trajectory. 355 

Default CLM5.0 begins with a colder baseline temperature but warms at a faster rate, whereas 𝜌ML approaches 

begin warmer but warm more slowly. For example, under RCP8.5, linear fits over 2016 – 2100 indicate a more 

rapid increase in winter soil temperatures in CLM5.0 default (0.1 C yr-1) than either of the two 𝜌ML approaches 

(0.06 C yr-1
 and 0.03 C yr-1). In contrast to the default run, soil temperatures under both 𝜌ML approaches increased 

from their baseline temperature until approximately 2060 where they stabilised at -4 to -5 C through 2100. Soil 360 

temperature differences between the two 𝜌ML approaches under RCP8.5 persisted until ~2080, after which soil 

temperatures converged. 
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4 Discussion 

4.1 Random forest model development 

The performance of the RF model suggests that it can successfully emulate Arctic tundra bulk snow density 365 

evolution as represented by ASC, establishing it as a viable tool for integration into a process-based model such 

as CLM5.0. The RF model achieves an RMSE of 32 kg m-3 across six validation years, which falls within reported 

measurement errors of  ± 20 – 40 kg m-3 for traditional volumetric sampling of tundra snow density (Conger and 

McClung, 2009; Proksch et al., 2016). Evaluation of RF model performance on six winters of unseen meteorology 

suggests an RF model can generalise well the complex seasonally non-linear relationships linking meteorological 370 

features to tundra bulk snow density. Although itself not physically based, the RF model shows a strong ability to 

reproduce seasonal bulk snow density learned from physically based ASC simulations. In particular, the RF model 

captures the gradual increase in bulk snow density over time during early winter (Sturm et al., 1995) and avoids 

unrealistically high densities seen in CLM5.0 outputs which are not physically consistent with observed snowpack 

evolution (Zhao et al., 2023; Che et al., 2025). Instead, the RF model reproduces slower densification trajectories 375 

seen in ASC simulations and stabilises around ~200 – 250 kg m-3, which is consistent with field measurements. 

This performance stems from ASC simulations which better represent tundra snowpack bulk density compared to 

the default version of SVS2-Crocus but critically does not explicitly simulate vapour transport processes 

responsible for depth hoar. These vapour transport processes remain highly uncertain in snow and earth system 

modelling due to the complexity of representing them numerically (Brondex et al., 2023; Domine et al., 2019; 380 

Woolley et al., 2024). While the RF performs well compared to CLM5.0, it fundamentally inherits limitations 

inherent of ASC. 

Divergence between the RF training dataset and the NA-CORDEX ensemble highlights a key limitation of default 

RF algorithms: the inability to predict outside of the training range (Kanda and Fletcher, 2025). Standard RFs are 

constrained by piecewise constant predictions which reduce the reliability of future bulk snow density predictions 385 

under climate conditions not represented in the training data. While the JSD analysis indicates an increasing shift 

between training and testing domain, it does not fully characterise the specific combinations of predictor features. 

Further work could investigate multivariate similarity metrics to better constrain model performance on uncertain 

climate conditions. Additionally, hybrid model-based variants such as mobForest (Garge et al., 2013) fit linear 

models within leaf nodes which allow predictions to follow local trends rather than being anchored to the mean 390 

of training samples within each leaf. Such approaches could be used to improve the robustness of RF-based bulk 

snow density projections under novel future conditions.  

Despite divergence in training vs NA-CORDEX, the JSD analysis shows confidence in future RF predictions is 

highest in the early winter (1 Sep – 1 Jan), a period where snow has an important influence on soil temperatures 

(Rixen et al., 2022) and subsequent soil carbon emissions (Mavrovic et al., 2023; Rutherford et al., 2025; Schimel 395 

et al., 2006). Early winter is a critical period for soil carbon release as, during the early freeze-up and zero-curtain 

periods, soils remain relatively warm and moist, creating favourable conditions for release of CH4 (Zona et al., 

2016; Mastepanov et al., 2013) and CO2 (Natali et al., 2019). Default parameterisations of CLM5.0 produces 

overly dense snow, particularly in this early winter period, which exacerbate cold soil temperature bias compared 

with later in the winter. Underestimation of early winter respiration is a known limitation of ESMs (Commane et 400 

al., 2017), and overestimation of snow density by the default configuration of CLM5.0 likely contributes to 
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supressed soil temperatures and carbon fluxes in this period. By contrast, the RF predictions more realistically 

represent bulk snow density in early winter, improving simulation of snowpack evolution and therefore regulation 

of soil–atmosphere carbon exchange. 

RF bulk snow density predictions are consistently lower than those simulated by CLM5.0 and more closely 405 

aligned to late winter field measurements, making them a more appropriate estimation of bulk snow density 

evolution in contemporary tundra environments. Improvements to the default CLM5.0 snow module, particularly 

a new wind-dependent fresh snow density function from van Kampenhout et al. (2017) with the primary aim of 

better simulating snow density over ice sheets, has unintentionally increased bulk snow density over most of the 

Arctic tundra compared to CLM4.5 (Lawrence et al., 2019; Damseaux et al., 2024). As snow density is 410 

intrinsically linked to Keff (Calonne et al., 2011), unrealistically high densities exaggerate heat transfer through 

Arctic snowpacks to the underlying soil. Dutch et al. (2024) estimated that CLM5.0 overestimates Keff in tundra 

by a factor of 3 in tundra conditions, while in this study, differences between RF Keff predictions and CLM5.0 Keff 

reach up to a factor of 5. Such overestimates of Keff indicate that the default parameterisation of CLM5.0 simulates 

Keff indicative of harder, denser snow such as wind slab, whereas Sturm et al. (1995) highlighted notable influence 415 

of low density snow types such as depth hoar on Keff in tundra snow. Consequently, the RF predicts bulk snow 

density and Keff values that are more representative of tundra snowpack conditions. Overall, the RF model provides 

more realistic estimates of tundra bulk snow density than the default configuration of CLM5.0 and demonstrates 

potential for reducing cold soil biases in future projections of soil temperature. 

Despite the improvements in bulk snow density offered by the RF model, a key limitation is its training on a single 420 

site, meaning its transferability to different Arctic sites and local meteorological conditions remains uncertain. 

While the longer-term goal is a pan-Arctic parameterisation for snow density; this paper represents a proof of 

concept at a single site, and future work should aim to extend the framework to additional sites to develop a more 

spatially explicit model. Candidate sites for extending the spatial capabilities of the model could include but are 

not limited to Imnavait Creek and Upper Kuparuk, Alaska (Stuefer et al., 2020), Sodankyla, Finland (Essery et 425 

al., 2016), Bylot island, Canada (Domine et al., 2021), Cambridge Bay, Canada (Levasseur et al., 2021) which 

have rich history of snow and meteorological measurements, and span a range of tundra snow climate regimes.  

4.2 Insertion of RF bulk snow density to CLM5.0  

Our integration to CLM5.0 aligns with growing evidence that hybrid modelling, combining machine learning with 

physically based models, outperforms standalone models when applied to snow related variables (Zhao et al., 430 

2026). Recent studies have demonstrated the potential of hybrid modelling frameworks that integrate physically-

based snow models with machine learning to improve prediction accuracy. For example, Pomarol Moya et al. 

(2026) combined outputs from the Crocus snow model with machine learning algorithms and found that RF 

outperformed neural network and long short term memory methods in applications with limited observational 

data. Resulting from our integration of RF bulk density to CLM5.0, we recommend the 𝜌ML-derived Keff approach 435 

for reducing soil temperature RMSE and inherent soil temperature bias in default CLM5.0 winter soil temperature 

simulations. The 𝜌ML-derived Keff + snow layer scaling approach is a useful sensitivity test of physically consistent 

snowpack adjustments but is not recommended as the rescaling deepens the snowpack, increasing its insulative 

capacity (Slater et al., 2017; Schimel et al., 2004) and soils become overly warm relative to observations. Results 

suggest that improving snow thermal properties alone can improve model performance, however, achieving fully 440 
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consistent snowpack representation will require a more integrated treatment of snow structure and evolution 

within CLM5.0.  

Default CLM5.0 captures summer soil temperatures well but exhibits cold biases in winter, misrepresenting key 

freeze-thaw dynamics and the winter impact on overall Arctic carbon budgets (Natali et al., 2019). Default 

CLM5.0 underrepresents delayed freeze-up in early winter, whereas the 𝜌ML approaches are consistent with a 445 

more realistic representation of early winter freeze-up dynamics. This is key, as early winter soil temperatures 

exert a strong control over the timing and magnitude of wintertime carbon emissions (Fahnestock et al., 1999; 

Zona et al., 2016). Further, a slower-than-observed increase in soil temperature during the melt period suggests 

simulations underestimates the efficiency of energy transfer associated with snowmelt, particularly delivery of 

meltwater to the snow–soil interface and associated latent heat release, which typically drives rapid soil warming 450 

(Zhao et al., 2022). Energy exchanges during water phase changes also help explain the observable plateau in 

projected near surface soil temperature towards the end of the century, where, as an increasing proportion of the 

soil column approaches 0 °C the latent heat of fusion required for thaw absorbs incoming energy, producing a 

thermal buffering effect that limits further warming (Romanovsky and Osterkamp, 2000).  

4.3 Future projections and implications for soil temperature, permafrost and carbon release 455 

Future projections (2016 – 2100) show that snow cover persists throughout the 21st century and its representation 

exerts a strong control on simulated soil temperatures. The 𝜌ML approaches consistently elevate soil temperatures 

under RCP4.5 and 8.5 compared to default CLM5.0 bulk snow density parametrisations, highlighting that snow 

density parameterisation is crucial for soil temperature projections. Sensitivity to simulated bulk snow density is 

particularly pronounced under RCP8.5 which shows a clear upward trend in soil temperatures in contrast with 460 

more stable temperatures under RCP4.5. Divergence between RCP 4.5 and 8.5 suggests that uncertainties in snow 

density parameterisation become increasingly consequential under increased climate warming, where small 

changes determine whether soils remain frozen or approach thaw. By reducing biases in snow representation, the 

𝜌ML approaches mitigate errors which propagate to soil temperature (Slater et al., 2017) and carbon flux 

simulations (Dutch et al., 2024; Rutherford et al., 2025).  465 

Accurate simulation of snow–soil interactions requires not only improved parameterisations of snow thermal 

conductivity but also realistic representation of bulk snow density and depth as first-order controls on winter soil 

temperatures. Given the temperature sensitivity of microbial decomposition near 0 °C  (Schuur et al., 2015; Natali 

et al., 2019), elevated winter soil temperatures under future warming scenarios have capacity to drive increased 

carbon emissions, with simulated soil temperatures at 2 m depth indicating thaw of previously frozen soil by 2080 470 

under RCP8.5. Prior assessments using default CLM configurations have projected losses of northern permafrost 

soil carbon under RCP8.5 by 2100 (McGuire et al., 2018), but these estimates likely represent a conservative 

lower bound, as default CLM5.0 and earlier versions do not accurately represent Arctic bulk snow density and its 

thermal influence on soil temperatures (Damseaux et al., 2024). The RF-derived parameterisation presented here 

directly addresses this source of uncertainty. 475 
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5 Conclusions 

The RF model reproduces the seasonal evolution of bulk snow density simulated by the Arctic SVS2-Crocus 

model and aligns closely with field measurements collected around peak SWE between 2017 and 2023. RF 

performance (MAE = 32 kg m-3) was within the error of traditional tundra snow density measurements when 

tested on the 2017 – 2023 period.  Application of RF-derived snow densities decreased CLM5.0 soil temperature 480 

RMSE at 10 cm and 2 m depth by approximately 2 – 3 C relative to field measurements (2017 – 2023). When 

applied to future meteorological projections, RF-predicted snow densities were up to five times lower than those 

simulated by the default CLM5.0 configuration, indicating a substantial influence on snow thermal conductivity 

and, consequently, soil temperature. Future CLM5.0 projections (2016 – 2100) indicated that snow density 

parameterisation exerts a first-order control on simulated soil temperatures, with RF-derived densities consistently 485 

elevating winter soil temperatures relative to default CLM5.0 under both RCP4.5 and 8.5. Consequently, future 

simulations of permafrost thaw that do not accurately capture snow bulk density and associated thermal properties 

likely produce conservative estimates of permafrost carbon release. Integration of RF-derived snow densities into 

CLM5.0 represents a promising pathway for reducing cold-soil biases and improving the realism of soil 

temperature projections under future climate scenarios. Further work should prioritise expanding the RF training 490 

dataset with in-situ observations and evaluating the RF model across broader climatic conditions and Arctic sites. 
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6 Appendices 

6.1 Appendix A 

CLM5.0 simulations (2016 – 2023) yielded 10 cm soil temperature RMSE of 5.9 °C (default), 3.0 °C (𝜌ML-derived 495 

Keff) and 3.9 °C (𝜌ML-derived Keff + snow layer scaling) relative to observations (Figure 3). At 2 m depth, soil 

temperatures exhibited an RSME of 4.5 C (default), 1.8 C (𝜌ML-derived Keff) and 2.2 C (𝜌ML-derived Keff + 

snow layer scaling). 

6.2 Appendix B – training years selection 

The differences between ASC ensemble member and the associated field measurement were normalised by the 500 

maximum absolute difference observed across all years for each variable (snow density and snow depth), yielding 

a relative performance score between 0 and 1. The selected years exhibited performance scores between 0.08 and 

0.29, placing them among the best-performing seasons within the full 1991 – 2023 dataset (range: 0.06–0.76).  

6.3 Appendix C 

Table C1 - Variables included in the calculation of snow bulk density and snow thermal conductivity in CLM5.0 with their 505 
equation symbol matched to the corresponding Fortran variable as per model source code. 

Fortran variable Symbol Units Description 

bw(c,j) 𝜌𝑐,𝑗 kg m−3 Snow layer bulk density 

h2osoi_ice(c,j) 𝑚ice,c,j kg m−2 
Layer ice mass per unit 

area 

h2osoi_liq(c,j) 𝑚liq,c,j kg m−2 
Layer liquid mass per 

unit area 

dz(c,j) d𝑧𝑐,𝑗 m Layer thickness 

frac_sno(c) 𝑓sno – Snow cover fraction 

thk(c,j) 𝑘𝑐,𝑗 W m−1 K−1 
Snow layer thermal 

conductivity 

tkair, tkice 𝑘ice⁡𝑘air W m−1 K−1 
Conductivities of air and 

ice 
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7 Code and data availability 

Code and data required to produce figures is available at https://doi.org/10.5281/zenodo.20558314. The NA-

CORDEX climate projections are available at https://doi.org/10.5281/zenodo.17112930. 510 
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