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Abstract. Climate models and their land components still show pervasive discrepancies in frozen soil simulations. Contrasting

the historical runs of seven land-only models of the Land Surface, Snow, and Soil Moisture Model Intercomparison Project

(LS3MIP) with their Coupled Model Intercomparison Project Phase 6 (CMIP6) counterparts allows quantifying the contribu-

tions of the land surface parameterization scheme and the atmospheric forcing to the discrepancies. The simulation capabilities

are assessed using observational data from 152 sites in Siberia and reanalysis data. On average, the 0.2-m soil temperatures5

in the CMIP6 simulations are 5.4 ◦C colder than the observations if the simulated soil temperature drops below -5 ◦C. The

LS3MIP simulations are even colder with a bias of -6.7 ◦C. In the winter months (December, January, and February), the

LS3MIP ensemble diversity in 2-m temperature is less than the CMIP6 diversity (0.8◦C vs 3.2◦C). In contrast, the diversity

of winter 0.2-m soil temperatures is larger in the LS3MIP ensemble (5.7◦C) than in the CMIP6 ensemble (3.6◦C). For per-

mafrost sites, the spatial correlation of the simulations of winter soil temperature against observation is not better than 0.7, and10

spring/autumn spatial correlations of snow depth is less than 0.75 for the CMIP6 models. The biases of 2-m temperature have

a different sign and are amplified in magnitude compared to the biases of the soil temperatures, especially below 0 ◦C. Four of

the climate models and their land components underestimate the snow insulation effect. We conclude that land surface models

struggle to well simulate soil temperatures and snow depth under low-temperature conditions. The CMIP6 models tend to

compensate for errors in their land component by errors through errors in the atmospheric model component. In shallow snow15

depth (0 to 0.2 m) cases, all models show between 1 to 8 ◦C less air-soil temperature difference than in situ data. Therefore, a

better representation of surface-soil insulation is essential for improvements in frozen soil land modeling.

1 Introduction

The recent rise in near-surface air temperature is almost twice the global average in the Arctic. Climate simulations show that20

the Arctic could warm by as much as 7.5◦C in 1900-2100 (Lawrence and Slater, 2005; Lawrence et al., 2008). Higher temper-

atures drive the degradation of permafrost, especially in discontinuous and sporadic permafrost regions. The greatest changes
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occur in regions where the mean annual air temperatures are around 0 ◦C (Romanovsky et al., 2007; Åkerman and Johans-

son, 2008; You et al., 2021). The soil temperature at zero annual amplitude depth of continuous permafrost sites on a global

scale warmed for 0.39 ± 0.15 ◦C during 2007-2016, which is two to three times the warming at discontinuous permafrost25

sites (Biskaborn et al., 2019; Smith et al., 2022), warning about the potential of more substantial permafrost degradation in

the future. Large amounts of soil carbon are emitted into the atmosphere during the degradation of permafrost. Permafrost’s

abrupt thawing results in 1.5 times more carbon emissions than normal degradation (Turetsky et al., 2019; Miner et al., 2022).

The low-oxygen environment further increases the share of methane in such carbon emissions (Koven et al., 2015). The win-

ter contribution to total Arctic methane emissions is predicted to reach 39% (Rößger et al., 2022). Changes in hydrothermal30

conditions that occur during permafrost thawing can lead to changes in surface vegetation types based on different soil-frozen

water contents (Heijmans et al., 2022).

The model parameters used to calculate hydrothermal transport are controlled by soil texture, surface organic matter, frequently

varying soil water content, and freeze-thaw conditions, which determine the thermal offset or soil insulation effect. There are

differences in the time scales of major physical processes between the soil and the atmosphere, and the soil surface is the35

window through which the atmosphere interacts with the soil (Beringer et al., 2001; Langer et al., 2011a, b). The presence

of solid and liquid water in frozen soil greatly affects the hydrothermal properties of the soil, which is described in various

manners by different models (Niu and Yang, 2006; Li et al., 2010).

Snow cover insulates the soil and affects the surface energy balance by changing local albedo and other conditions such as

emissivity and roughness. Its effect on soil temperature is spatially heterogeneous, depending on its characteristics, including40

thickness, density, and duration (Zhang, 2005; Zhang et al., 2018). In northeastern Siberia, the change in snow conditions

accounts for more than 50% of soil temperature changes (Park et al., 2014, 2015).

CMIP6, launched by the World Climate Research Program (WCRP), aims to explore various topics related to climate change

(Eyring et al., 2016). It is currently the most suitable dataset for evaluating the ability of the latest generation of climate models

to simulate frozen soil, as it provides an ensemble of climate models at resolutions fine enough for distinguishing different45

frozen soil regions. The models have been further developed relative to CMIP5 to varying degrees, including biological and

physical processes in frozen soil areas. LS3MIP provides the opportunity to exclude the impact of distinct climate variability

produced by different atmospheric models (Van Den Hurk et al., 2016)

In CMIP6 and LS3MIP, the set-up of the land cover/land use scenario and the radiative forcing conditions are based on the

same protocol. However, the parameterization schemes of the climate models differ, and this is considered a main source of50

uncertainty in climate modeling (Deng et al., 2021; de Vrese et al., 2023; Kuma et al., 2023). In addition, the presence of

internal climate variability can also lead to differences in uncertainty (Ye, 2021; Rashid, 2021; Schwarzwald and Lenssen,

2022; Jain et al., 2023).

Here, we focus on the Siberian region with frozen soils, which constitute a significant portion of the Eurasian continent’s55

frozen terrain. The potential degradation of permafrost in Siberia could have far-reaching consequences for climate and ecosys-

tems throughout Eurasia and globally. Within this region, the observation dataset provided by the All-Russian Scientific Re-
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search Institute of Hydrometeorological Information-World Data Center (RIHMI-WDC) (Frauenfeld and Zhang, 2011; Sher-

stiukov, 2012; Zhang et al., 2018) can be applied, which provides consistent soil temperature measurements at standardized

depths and thus can be used as reference in climate model evaluation.60

The characteristics of frozen soil surface dynamics are assessed by comparing model outputs with benchmarks, including

reanalysis and observational data. We will analyze the discrepancies between the same model in CMIP6 and LS3MIP to

quantify the bias and uncertainty present in frozen soil regions, attributing them to land surface models versus those resulting

from atmospheric forcings. With identical and more realistic atmospheric conditions, we anticipate that the LS3MIP models

will more accurately simulate soil conditions. If these models fail to produce soil variable outputs that align better with observed65

data than the CMIP6 simulations, it is regarded as an error in the land surface models. We will discuss the variations among

different models of LS3MIP and try to establish a connection between model performance and their specific features.

2 Data and Methods

We used the data from climate models, reanalysis, observations, and processing methods of target variables for our analysis.

We only included data from 1985 to 2014 in this research, as this period offers the best collection of observation records, and70

CMIP6 historical experiments are limited to 2014.

2.1 CMIP6 and LS3MIP Simulations

The CMIP6 multi-model ensemble provides historical climate simulations based on the same external forcing (solar radiation,

greenhouse gases, aerosols, etc.) (Eyring et al., 2016). Our study uses the historical simulations with predefined CO2 concen-

trations, which contain distinctive combinations of atmospheric and land models. The Land-Hist experiments from LS3MIP75

are offline land surface simulations with no feedback to the atmosphere and no dynamic forcing from atmospheric models (Van

Den Hurk et al., 2016). All the LS3MIP simulations employed the same atmospheric forcing derived from the Global Soil

Wetness Project Phase 3 (GSWP3) and the same land surface setup as in the CMIP6 experiments. This enables us to directly

compare and assess the impact of errors due to coupling versus deficiencies in the land model on the simulation results in the

frozen soil region.80

We chose seven climate models/earth system models involved in both projects, incorporating six different land models. The

selected models are listed in Table 1. Other climate models, which also participated in both projects, can not be considered

as they turned off the freeze option in frozen soil in the CMIP6 version or did not provide data for all our target variables.

Hereafter, we refer to the CMIP6 runs from CMIP6 historical simulations as Group C and LS3MIP runs from LS3MIP as

Group L. Four variables are collected for this study: 2-meter air temperature (tas), soil temperature in 0.2-meter depth (tsl),85

snow depth (snd), and precipitation (pr).

Both CMIP6 and LS3MIP data can be accessed at https://aims2.llnl.gov/search/cmip6/.
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Table 1. Selected CMIP6/LS3MIP experiment pairs, the layering and resolution. For other features and references, see Table 2.

Model Name Land Surface Model Total Soil Layers Soil Layers max. Snow Layers Resolution

(max. node depth (m)) in Top 3 m (lat×lon)

CESM2 CLM5 25 (42.0) 14 12 0.9◦×1.25◦

CNRM-CM6.1 Surfex 8.0c 14 (10.0) 11 10 1.4◦×1.4◦

CNRM-ESM2.1 Surfex 8.0c 14 (10.0) 11 10 1.4◦×1.4◦

HadGEM3-GC31-LL JULES-HadGEM3-GL7.1 4 (2.0) 4 3 1.25◦×1.875◦

IPSL-CM6A-LR ORCHIDEE v2.0 18 (65.56) 12 3 1.25◦×1.875◦

MIROC6 MATSIRO6.0 6 (9.0) 5 3 1.4◦×1.4◦

UKESM1.0-LL JULES-ES-1.0 4 (2.0) 4 3 1.25◦×1.875◦
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Table 2 highlights several attributes of each land model, focusing on their key characteristics related to the surface energy

balance and associated processes (Menard et al., 2021). These land models differ in their representation of critical processes

related to surface energy balance, snow physics, and soil-vegetation-atmosphere interactions. Albedo is treated either spec-90

trally, accounting for wavelength-dependent variations, or as a time-dependent parameter. Snow conductivity is modeled using

density-dependent formulations, empirical power functions, or fixed values. Similarly, snow density is treated dynamically

through mechanical compaction or as a constant. The soil bottom boundary is handled with zero-flux assumption, fixed values,

or fixed temperature gradients. Models incorporate surface organic matter to varying degrees of complexity. Some focus on its

hydrological and thermal impacts, while others emphasize its role in modifying surface albedo and roughness or as a compo-95

nent of the carbon cycle. For instance, models with a "Carbon Cycle Focus" simulate organic matter decomposition and carbon

fluxes, whereas those with a "Hydrological Focus" prioritize water retention and flow.
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2.2 ERA5-Land Reanalysis

We utilized monthly averaged ERA5-Land reanalysis data from the European Centre for Medium-Range Weather Forecasts, as

it can assist our assessment in determining the impact of comparing gridded data to site data. ERA5-Land is a numerical land100

surface model product forced by atmospheric variables of ERA5, featuring a high horizontal resolution of 0.1◦×0.1◦ (Muñoz-

Sabater et al., 2021). Monthly data provided by ERA5-Land include 2-meter temperature, snow depth, and soil temperature

and moisture at four depths (0 to 0.07 m, 0.07 to 0.28 m, 0.28 to 1.0 m, 1.0 to 2.89 m) are provided by ERA5-Land. The

dataset can be obtained from https://cds.climate.copernicus.eu/.

2.3 Observational Data105

Observational daily data are gathered from 236 meteorology sites by RIHMI-WDC. We filtered the data from 1985 to 2014

based on the quality flag provided in the dataset and employed only sites with a minimum of 330 valid days per year for all

four target variables and at least 15 years of valid data. Stations west of 60◦E, east of 120◦E, and south of 45◦N are excluded

to eliminate stations with warmer climates. These criteria are put in place to ensure the accuracy and reliability of the data

analyzed. A total of 152 stations have been selected. The data is collected from http://meteo.ru/.110

2.4 Data Preprocessing

We interpolate tas, tsl, pr, and snd for all model simulations at the station sites’ coordinates by choosing the nearest-neighbor

grid cell. This introduces additional uncertainty when comparing modeled data with observed data. Notably, the CMIP6 his-

torical runs can differ in phase from the actual climate phase due to internal climate variability. To minimize this uncertainty

source, we consider only 30-year averaged data for evaluations.115

2.5 Evaluation Metrics

To evaluate models, we quantify their ability to simulate a reasonable climate mean state and internal climate variability.

The variability of target variables is quantified using the Inter-Quartile Range (IQR), which measures the spread of the

simulations. If the model over- or underestimates the observed IQRo, the model over- or underestimates climate variability,

respectively. Thus, we use the relative spread120

RSm,i =
IQRm,i

IQRo,i

(1)

with m indicating the model, o the observation, and i the target variable.

The central climate state of the models and the observations is quantified by the median (med). We use the standardised

model medians medm,i, naming it relative bias RB,

RBm,i =
medm,i −medo,i

IQRo,i

(2)125

as a measure for systematic model errors.
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RS assesses a model’s capability to reproduce the observed variability. This is essential for determining a model’s reliability

in simulating dynamic climate systems. RB, on the other hand, addresses systematic deviations in the central tendency of

the data. It is standardized using observed variability (IQRo), which facilitates comparisons of biases across different vari-

ables. RB emphasizes whether systematic errors are pronounced relative to natural variability (informs if the error is smaller130

(RBm,i < 1) or larger (> 1) compared to the observed climate variability), helping prioritize improvements in model develop-

ment.

For qualification of the error heterogeneity of the model ensembles at the sites’ locations, we define the ensemble means of

the models’ 30-year median biases as follows

EBi,s =
∑M

m=1(medm,i,s −medo,i,s)
M

(3)135

and the ensemble-spreads of median biases ESi,s, which are calculated as standard deviations.

The ensemble mean biases EBi,s and spreads are calculated for both the CMIP6 (Group C) and LS3MIP (Group L)

model ensembles with M = 7 members each. The analyses are done in different seasons to distinguish the impact of different

freeze/thaw periods on ensemble performance.

3 Results and Discussions140

3.1 Winter 2-m Temperature in Target Area

Fig. 1 is based on average winter (DJF from 1985 to 2014) 2-meter air temperatures (tas) from ERA5-Land, and the symbols

correspond to the matching observation data from RIHMI-WDC. As shown in the map, winter-time tas in the target area is

colder in the northeast and warmer in the southwest. Within the area 50 ◦E to 185 ◦E, north of 45 ◦N, the average DJF tas

is generally below 0 ◦C. The region with less than -25 ◦C has a large overlap with the continuous permafrost region (Brown145

et al., 1997; Obu et al., 2019).

We aim to assess the models’ performance under varying climate conditions to determine whether simulation uncertainties

increase at lower temperatures or remain similar. To distinguish different climate regimes, a practical approach to categorize the

stations is by using their average DJF 2-m air temperature following Wang et al. (2016). By focusing on winter temperatures,

we can further link the outcomes to the insulating effect of snow. The temperature categories are listed in the legend of Fig. 1.150

There are 3 sites with average tas warmer than -5 ◦C, 25 sites between -15 and -5 ◦C, 79 sites between -25 and -15 ◦C, and

40 stations with tas below -25 ◦C. Besides, five sites are identified as permafrost (’perma’) sites using the method introduced

by Lawrence and Slater (2005) (soil layer temperatures continuously below 0 ◦C for at least two years) and labeled by stars.

All ’perma’ sites have average winter tas values less than -30 ◦C.

The spatial distribution of average winter tas conditions in ERA5-Land exhibits high consistency with the observations. For155

example, the site observations colder than -25 ◦C are also colder than -25 ◦C in ERA5-Land, including observations in isolated

locations south of 55 ◦N. This proves that ERA5-Land can be a solid benchmark that supports observation as gridded data.
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Figure 1. Mean near-surface air temperature (in ◦C) as given by ERA5-Land and the observational sites for winter (DJF) in 1985-2014.

Symbols indicate the climate state at the observational sites (see legend).
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Figure 2. Sites-averaged DJF–climates (1985–2014) of hydrothermal variables as observed and simulated. Names at the abscissas and the

colors indicate the different data sources. Observations (Obs) and ERA5-Land are in situ and reanalysis data, respectively; model names

indicate CMIP6 model output, and Ls indicate the corresponding LS3MIP simulations (see Table 1). The boxes represent the medians, first

and third quartiles; the ± 1.5×IQR or the maximum and minimum values, if within the former range, are taken as the whiskers’ length.

3.2 Model climatologies
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Figure 2 shows the site-averaged winter, DJF climatologies from 1985 to 2014 of the four target variables for the different

datasets. The figure shows that ERA5-Land’s tas and tsl climatologies are closer to the Obs climatologies than most of the160

models’, where this is not the case for pr and snd.

The LS3MIP’s tas and pr are interpolated from the same forcing dataset. Still, Fig. 2 shows slight differences between

different land models because of interpolation uncertainties using different model grids with different setups. This illustrates

how carefully a comparison of coarse-grid model output against point-like station data has to be interpreted. Additionally, the

LS3MIPs’ tas climatologies are systematically colder by more than 1 ◦C than Obs and ERA5, and their pr climatologies align165

better with ERA5-Land than with Obs (which has on average about 15% smaller values).

The CMIP6 models’ tas climatologies scatter substantially. CESM2’s tas median is shifted by more than +3 ◦C against

Obs, while tas medians of HadGEM3-GC31-LL and UKESM1.0-LL are shifted by more than −3 ◦C.

Variations of tsl are controlled by changes in overlying tas and by geothermal heat from below (Smith and Riseborough,

2002). Most models’ tsl climatologies are colder than observed (with the CMIP6 and LS3MIP climatologies of CNRM-170

CM6.1 and CNRM-ESM2.1 more than −8 ◦C). Models belonging to the same family (the two CNRM models and the models

HadGEM and UKESM, see Tab. 1) exhibit similarities in their ability to simulate tsl. As to be expected, the temporal variability,

quantified by the box plots’ IQR, is smaller in tsl than in tas.

In the other seasons, the diversity in tas and tsl climatologies, respectively, is smaller than in DJF (not shown). In June, July,

and August (JJA), the models’ different tas variabilities are clearly reflected in tsl (with most sites lacking insulating snow).175

In both CMIP6 and LS3MIP runs, DJF pr values are higher than in observations by typically 10 mm and thus closer to

ERA5-Land. The diversity in the models’ median values is within about ±10 mm. Some CMIP6 models show up to 1.5 times

greater interannual variability in DJF climatology compared to observation, suggesting an overestimation of the year-to-year

fluctuations in winter climate. The observed snd of about 30 cm is overestimated by 70% in the HadGEM3-GC31-LL LS3MIP

simulation and by 50% in ERA5-Land. All the other model medians are within ±10 cm from Obs but with larger temporal180

variability.

3.2.1 Relative Spread and Relative Bias

This subsection compares the relative spread (RS) and relative biases (RB) of ERA5-Land and the different models compared

to Obs for all four target variables and all seasons. The RS assesses the sites-averaged temporal climate variability, and RB is

the shift of the climatologies.185

11

https://doi.org/10.5194/egusphere-2025-389
Preprint. Discussion started: 10 February 2025
c© Author(s) 2025. CC BY 4.0 License.



Figure 3. Relative spread (RS) of the sites-averaged climates (1985–2014) of the four variables in both ensembles and in ERA5-Land with

reference Obs for all seasons. The colors indicate the models, and the abscissas show the variables and ensembles (C indicates CMIP6, and

L indicates LS3MIP runs).
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Figure 4. Same as in Fig. 3, but for relative biases (RB). The shaded areas (from -1 to 1) indicate the range of absolute median differences

smaller than the observation’s IQR.

Fig. 3 shows that most CMIP6 models underestimate tas DJF climate variability, besides in JJA with four models (CESM2,

HadGEM3-GC31-LL, IPSL-CM6A-LR, UKESM1.0-LL) more than 1.5 times the variability of Obs. Most CMIP6 models

overestimate tsl climate variability, but the LS3MIP models show a large diversity in winter (from 0.5 to almost 2, and it’s a

more extensive spread than the CMIP6 models despite their larger diversity in tas) and systematically underestimate variability

in summer. For DJF, MAM, and SON, the tas relative spreads for all CMIP6 models are within the range of 0.5 to 1.2.190

HadGEM3-GC31-LL, IPSL-CM6A-LR, and UKESM1.0-LL exceed 1.5 in JJA. Larger variability differences in simulated tsl

are observed for LS3MIP simulations even though their tas share an identical relative spread.

The winter pr relative spread of Group C is all higher than 1.2. The pr in Group C exhibits more extensive group diversity

than in Group L. In spring and autumn, most climate models simulated good inter-annual variability of pr, with less than a

20% difference to observation (not shown). Both groups and ERA5-Land overestimate the spread in winter snd with RS-values195

larger than 1.2. The RS-values scatter between 0.5 and about 2 in the other seasons.
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Fig. 4 shows the relative bias RB of all variables calculated in all seasons. The shaded zone indicates a one-time IQR of

the observed value. If a model’s absolute RB is less than one, the model’s bias is considered relatively small. For example,

the winter RB of MIROC is within the shaded area for tas, tsl, and snd, but not for pr (note that Obs’ pr is smaller than all

models’, including ERA5-Land’s). Almost all CMIP6 and LS3MIP models have a positive pr-bias but a smaller relative and200

non-systematic snd-bias in winter. The CMIP6 runs of HadGEM3-GC31-LL and UKESM1.0-LL underestimate the values

of tas in all seasons. For tsl, the relative bias in DJF for LS3MIP CNRM-CM6.1 and CNRM-ESM2.1 exceeds the observed

IQR-range while other models are all within an acceptable range in both groups. Negative RB in CMIP6 and LS3MIP tsl is

the largest in the transition seasons, which also shows a large spread in snd RB-values. With better RS and RB of tas and

pr, models still have diverse abilities simulating tsl and snd.205

3.2.2 Spatial Heterogeneity
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Figure 5. Mean biases and their standard deviations (◦C) of the models’ tas and tsl at Obs sites. Panels A–H and I–P are for tas and tsl,

respectively. The first and third columns are the results of CMIP6 models, and the second and fourth columns are the results of LS3MIP

models. The first to fourth rows show the DJF, MAM, JJA, and SON seasons, respectively. Colors indicate the bias value, while the circle

radii represent biases’ standard deviations, i.e., the ensemble spread.
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Figure 5 shows the model ensemble mean biases (EB) and the ensemble spread of biases (ES) for tas and tsl at the Obs

sites. EB and bias diversity are largest in winter and larger in tsl than in tas. In northeastern Siberia’s winter, the CMIP6

models overestimate tas on average by more than 4 ◦C but with a large model bias standard deviation of 3.2 ◦C.

In the other seasons, EB and ES are distinctly smaller, with most CMIP6 runs’ tas slightly too cold in spring at most210

stations and slightly too warm in autumn at northeastern Siberia. Differences in grid cell scale among models can lead to biases

in the tas state over the grid. The tas EB of the forced models are small at most sites (exceptions are near water bodies, e.g.,

Lake Baikal and sea coasts, which indicate interpolation artifacts because of selected grids). The magnitude of Group L’s tas

ES is almost unchanged among seasons, implying its bias mainly relates to the geographical characteristics of stations’ sites.

The tsl EB and ES are larger in magnitude than for tas, especially in winter with spatial EB of -3.0 ◦C and -4.0 ◦C215

for CMIP6 and LS3MIP runs, respectively. Additionally, the LS3MIP runs are notably more diverse than the CMIP6 runs

throughout all seasons but in summer. In winter, the ensemble bias spreads are 3.6 ◦C for the CMIP6 and as large as 5.7 ◦C

for the LS3MIP runs. Given the smaller tas EB and the larger tsl EB in the LS3MIP than in the CMIP6 simulations, the

modeling diversity introduced by the land surface models is large and partly compensated for by atmospheric diversity in the

CMIP6 simulations.220

3.3 Permafrost Region
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Figure 6. Taylor diagrams indicating the spatial correlation, standard deviation, and unbiased root-mean-square (RMS) difference (grey

circles) for the four seasons of the simulated variables tas, tsl, pr, and snd (labeled by numbers) against observations at permafrost sites

(here: sites with mean winter tas <−25◦C). Normalization is applied using the standard deviations of the observations. Colors indicate

different models and black crossed circles ERA5-Land. Triangles show the results of the LS3MIP runs and solid circles of the CMIP6 runs.

Snow depth is not shown in JJA.
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Here, we show the models’ results at the 45 observational sites with average winter tas below −25 ◦C, at which we find the

largest ES (see Fig. 5). This research focuses on the shallow soil response to atmospheric forcing, explicitly targeting a depth

of 20 cm. Using the authentic definition of permafrost, which requires more than two consecutive years of temperatures below

0 ◦C, only five of the sites qualify at this depth. However, under similar climatic conditions (where winter tas are below -25225
◦C), we observe 40 more sites distributed within permafrost areas as defined in Brown et al. (1997), indicating that permafrost

may exist at deeper soil layers. Incorporating these sites for statistical analysis will enhance the robustness of the findings.

Figure 6 shows spatial Taylor diagrams (Taylor, 2001), which compare the 30-year-average of simulated data to the observa-

tions in all seasons at all sites in the permafrost region. Almost all CMIP6 and LS3MIP models struggled with simulating soil

temperature, tsl, with large RMS differences and low correlations during DJF. Correlations are generally better than 0.5 for all230

variables in the other seasons. The tas correlations are better than ca. 0.8 for all models (except for MIROC and IPSL-CM of

Group C in DJF), which indicates well-simulated spatial patterns by the CMIP6 models.

In the spring and autumn (MAM, SON), the CMIP6 models tend to overestimate precipitation variability (figure not shown).

Overall, the Group L models and ERA5-Land tend to perform only slightly better than the Group C models in tsl and MAM

snd. In SON, there is a more considerable difference in correlation performance of snd than in MAM, less than 0.6 for the235

Group C models and higher than 0.7 for the Group L models. Meanwhile, the correlations of pr are similarly low in both

seasons. This indicates that the accumulation of snd in climate models is better related to pr condition than melting.

In JJA, tas are less correlated with observation in JJA than in MAM and SON, while tsl maintains the similar accuracy of

tas simulations. The normalized RMS differences remain mainly within ± 0.25, while correlation coefficients range from 0.6

to 0.9.240

3.4 Climate Dependency of Modeled Temperatures
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Figure 7. Quantile-Quantile (QQ) and histogram plots for tas (Wilks, 2019). The plots show 30-year mean monthly tas data of models at

all sites and their observational values. The model simulation outputs are binned at 2 ◦C intervals. The colored solid and dash curves are

the median and 1st/3rd quartiles of the corresponding observations for all data points in the temperature interval, and the shaded area is the

inter-decide range. The histograms represent the sample size within each temperature interval, and temperature intervals with sample sizes

smaller than 20 are excluded from the Q-Q plots. The further away the data is from the diagonal line, the larger the model’s simulation bias

is at certain temperature states. A higher vertical quantile range indicates more inconsistency with observation under identical temperature

conditions.
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Figure 8. Same as Fig. 7, but for tsl.
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Since larger modeled biases and discrepancies are found in permafrost regions, we want to further evaluate how modeled

errors depend on the temperature state. So, we categorize all the model outputs of tas and tsl by their values and then compare

the relationship between model outputs and corresponding Obs. For each model, the monthly data of every site is an average of

over 30 years. Then, we look for the corresponding value of the same site and month with valid observation. The mean value,245

quartiles, and deciles are calculated for each interval.

As shown in Fig. 7, Group L models simulate similar histograms as observation and small quantile spreads across all tem-

perature ranges. However, a slight cold bias below -30 ◦C exists in Group L. Conversely, ERA5-Land has almost no bias when

tas is above -20 ◦C, but has a warm bias below -20 ◦C. Group C’s simulation results exhibit larger errors, with CESM2,

CNRM-CM6.1, and CNRM-ESM2.1 showing warm bias when tas is below 0 ◦C, and HadGEM3-GC31-LL and UKESM1.0-250

LL displaying a comprehensive cold bias of 5 ◦C. In most temperature states, IPSL-CM6A-LR shows a slight cold bias of less

than 5 ◦C. MIROC6 exhibits a cold tas bias from -10 to 2 ◦C and a warm tas bias that gradually increases below -20 ◦C. A

common characteristic among the Group C models in tas simulation is that a larger vertical quantile range appears when tas

is below -15 ◦C, emphasizing the requirement to improve the accuracy under such surface air temperature conditions.

Larger vertical quantile ranges appear in tsl results than in tas. The tas distribution of ERA5-Land shows two main peaks255

(Fig. 7), one around 15 ◦C and the other around -15 ◦C. However, the tsl of ERA5-Land has one major peak (Fig. 8), which is

within -5 to 0 ◦C. The ERA5-Land vertical quantile range is smaller and more unbiased above 0 ◦C. Still, it shows a warming

bias and increased vertical quantile range below 0 ◦C. Cao et al. (2022) discussed an unreasonable warm tsl bias that is possibly

due to the overestimation of permafrost snow depth in ERA5-Land. Similar warming of tsl due to excessive snd occurs in the

LS3MIP simulation of HadGEM3-GC31-LL. CNRM-CM6.1 and CNRM-ESM2.1 are the only ones that do not show a peak260

in soil temperature samples near 0 ◦C. The tsl in CNRM-CM6.1 and CNRM-ESM2.1 are more likely distributed and show

a strong cold bias from 2 to 15 ◦C. CESM2 and MIROC6 have an overall cold bias, -5 ◦C and -6 ◦C at -10 ◦C of observed

temperature, respectively. The Group L models have varying warm bias below 0 ◦C tsl, indicating that the tsl simulated by

these models have a larger bias.

There are notable discrepancies between the two ensembles simulating cold temperature extremes. For example, the mini-265

mum tas in the CMIP6 run for CESM2 is 6 ◦C higher than that of the LS3MIP run, whereas the tas for CMIP6 IPSL-CM6A-

LR is 4 ◦C lower than that of the land-only run. Such tas differences in the lower extreme directly impact that of tsl, creating

a gap of 2 to 6 ◦C in the lowest value between two ensembles. For models (CESM2, CNRM-CM6.1, CNRM-ESM2.1, and

MIROC6) underestimate tsl while exhibiting warm biases of tas, one conceivable explanation is that they underestimate the

snow insulation effect(in line with results by (Dutch et al., 2022)) and surface insulation effect (the thermal offset, especially270

if tas is below -15 ◦C), allowing a too large energy loss from the soil to the atmosphere.

There is an excessively low tsl shown in Fig.8, possibly due to insufficient geothermal (functions as upward energy flux

from the bottom of soil columns). As the decrease in tas has a limited influence on the tsl through high snd, the main source

of error is likely from the other side of energy transportation (thermal conditions in the bottom of the soil column). The

melting/accumulating snow in MAM and SON and the prevailing phase change processes in the soil are conceivably the major275

reason for higher tsl inter-annual variability in these seasons.
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Figure 9. Difference between model tas (left), tsl (right) and corresponding observations. The x-axis represents different temperature

intervals, and the y-axis is the 30-year average temperature difference (Tmodel - Tobs). Differences are categorized into three sets according

to the 30-year average temperatures of every month at the observation sites: below -5 ◦C (Set Frozen), -5 ◦C to 5 ◦C (Set Intermediate), and

above 5 ◦C (Set Warm).
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In addition, we categorized the model output by the freeze/thaw state of observation. This enables us to compare the perfor-

mance of two groups in different temperature states. In order to avoid assessment errors caused by different sample sizes, we

discuss the overall uncertainty exhibited by the model in the thawed state, the freeze-thaw transition state, and the frozen state,

using the boundaries of -5 ◦C and 5 ◦C, as the phase change process occurs most frequently between the boundaries.280

We subtract the 30-year average of monthly observational data from all stations with the corresponding simulated values and

then sort them into observed temperature intervals. Results are shown in Fig. 9. Set Frozen and Set Warm tas data sample sizes

are more than twice as large as in Set Intermediate. Set Frozen has the largest standard deviations, 3.84 ◦C in CMIP6 runs, and

2.14 ◦C in LS3MIP runs. The mean values of CMIP6 runs are rather divided, with -1.76 ◦C and 0.11 ◦C in Set Intermediate

and Set Warm, respectively. In contrast, the difference in LS3MIP runs is negligible, suggesting that the climate model will285

likely have a cold and small deviation under these temperature states.

The tsl samples are mainly concentrated in Set Intermediate and Set Warm. In contrast, there are also higher standard

deviations in Set Frozen, 5.39 ◦C and 6.73 ◦C for CMIP6 and LS3MIP runs, respectively. The standard deviations of Set

Frozen and Set Intermediate in LS3MIP runs are higher than those in CMIP6 runs by 1.33 ◦C and 1.12 ◦C, respectively. This

again indicates that the land model alone caused higher variability. The mean and minimum value of tsl bias is much lower290

than that of tas bias, and this negative bias is shown in all Sets of both groups, suggesting that the land models tend to simulate

tsl colder than it should be. Better accuracy of tas of Group L in Set Frozen and Set Intermediate does not lead to better tsl

results for the models. And tsl below -5 ◦C shows higher overall variability in Group L than in Group C.

3.5 Snow Insulation

23

https://doi.org/10.5194/egusphere-2025-389
Preprint. Discussion started: 10 February 2025
c© Author(s) 2025. CC BY 4.0 License.



Figure 10. Snow depth and soil-surface temperature differences. The temperature categorizing method of Wang et al. (2016) and encompasses

all seasons. The plots use different line styles and color schemes to differentiate between the various temperature categories and ensembles.

Our sampling technique involves binning data at 0.05 m intervals, with a coverage of 0–1.2 m snd, and each interval contains a minimum

of ten samples for accuracy. The plot curves represent the median, with the shaded areas indicating the 25th–75th percentile.
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To better understand the insulating effect of snow in the models, we refer to the method applied in previous model evaluations295

(Wang et al., 2016; Burke et al., 2020). We collected the monthly observational data samples which contain valid tas, tsl and

snd, characterize them by three different tas intervals (-15 to -5 ◦C, -25 to -15 ◦C and less than -25 ◦C). Analyzing the

relationship between temperature difference and snow depth allows us to understand each model’s snow insulation effect under

different tas and snd conditions.

According to the observation shown in Fig. 10, two key factors should be considered regarding the snow insulation effect.300

Firstly, even when snd is very thin, the insulating effect of the soil surface layer itself is still influential. Its intensity can vary

from 3 ◦C to 15 ◦C according to tas. Secondly, the impact of snow on ∆T (tsl− tas) has the highest diversity when the snow

depth is shallow; under sufficiently thick snow, the tsl gradually convergences near 0 ◦C and is primarily impacted by tas in

a limited manner. For temperatures ranging from -15 to -5 ◦C, this inflection point is reached when snd is about 0.1 m high.

For colder temperatures, it is reached at depths around 0.2 m to 0.3 m. However, snow shields most of the impacts from the305

overlying tas in thicker snow conditions, as shown by a strong relationship between ∆T and tas when snd is higher than 0.3

m. The insulation effect of snow becomes stronger at lower tas. The median value of maximum ∆T for the -5 ◦C to -15 ◦C

category is approximately 7.5 ◦C, while for the -15 ◦C to -25 ◦C category, it is 15 ◦C, and it reaches 24 ◦C when tas is below

-25 ◦C. When snd exceeds 0.3 m, tsl drops by 1 ◦C for every 4 ◦C to 5 ◦C decrease in tas, taking into account the range of

interquartile variations.310

Only HadGEM3-GC31-LL, IPSL-CM6A-LR, and UKESM1.0-LL exhibit ∆T curves which are similar to observation. De-

spite the generally good performance, HadGEM3-GC31-LL and UKESM1.0-LL have deficiencies in simulating soil insulation

below -15 ◦C, with ∆T 1 to 2 ◦C higher than observation when snd is higher than 0.3 m. IPSL-CM6A-LR also underestimates

the insulating effect when there is almost no snow. IPSL-CM6A-LR accurately reproduces the inflection point of the snd-∆T

curve. After reaching the inflection point, the insulation effect still increases in IPSL-CM6A-LR. While HadGEM3-GC31-LL315

and UKESM1.0-LL show a slower rate of increasing ∆T that is more comparable with the observations. All other models fail

to reproduce the observation-like curve, underestimating the snow insulation effect under most conditions.

None of the models can accurately depict soil insulation. When snd is below 0.05 m, all models simulate ∆T that is lower

than the observed value. This could be due to low resolutions of land surface models, which make it difficult to accurately

determine the distribution of organic matter on the surface (de Vrese et al., 2023), resulting in a miscalculation of the surface320

insulation effect. This shortage poses a potential issue where increasing model soil surface insulation could lead to overes-

timating the total ∆T. It is especially true when some models adequately reproduce the insulation magnitude at high snd.

UKESM1.0-LL simulates large insulation effects of 4 to 12 ◦C under low snd (lower than 0.05 m), which is closest to the

benchmark and which might guide in further improvements.

Out of all the models tested, UKESM1.0-LL consistently demonstrated similar snow insulation effects in both ensembles.325

However, the results of the other models varied, suggesting that factors beyond tas and snd also impact the snow layer’s ability

to impede energy transfer. Evaluating the snow insulation effect based on LS3MIP or CMIP6 runs alone may lead to different

conclusions. For example, CESM2 shows a snow insulation effect closer to observations in its LS3MIP run, but the CMIP6

run of CESM2 simulates a much lower ∆T curve. Despite cold conditions, an increase in snd still affects the snow insulation
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effect of LS3MIP CESM2. Similar results are observed in MIROC6 as well. Both models show realistic snow insulation effect330

values when snd is above 0.4 m. The issue with their snow insulation dynamics is the slow rise in ∆T when snd is below 0.2

m. On the other hand, CNRM-CM6.1 and CNRM-ESM2.1 have a low curve of ∆T-snd, even with a negative ∆T outcome

for snd above 0.2 m under the -5 ◦C to -15 ◦C category of LS3MIP runs.

Four land models mentioned in this study are newer versions of the land models studied by Wang et al. (2016). We evaluate

the different versions by comparing their snow insulation effect. The study reveals that the newer models have made noteworthy335

progress. CLM5 (here indicated by CESM2) generates ∆T profiles that are more similar to those observed in comparison to

CLM4.5, particularly for temperatures ranging from -5 ◦C to -15 ◦C. The two newer versions of JULES (used in HadGEM3-

GC31-LL and UKESM1.0-LL) outperform their predecessors when snd is less than 0.1 m. Compared to its older versions, the

snow insulation effect for ORCHIDEE is also improved. The most obvious improvement is observed in the IPSL-CM6A-LR

version of ORCHIDEE used in LS3MIP, where a substantial reduction in the lack of snow insulation is seen.340

3.6 Impact of Land Model Features on Performance

All the selected models use multi-layer snow schemes to calculate the accumulation and melting of snowpack. The multi-layer

schemes show good performance in reproducing accurate snd. And better spatial correlation with observation in LS3MIP

simulations indicates the snow layering schemes adequately respond to forcing.

Most models use spectral-related methods to calculate albedo. Although IPSL-CM6A-LR employs a simpler spectral-345

averaged albedo scheme than other land surface models, it does not have an observable impact on its tsl simulation. Albedo

has a large uncertainty beyond methods employed by land models since the albedo calculation strongly relies on the simulation

of snow. For example, if the coverage and thickness of snow are not well simulated in regions of low snow depth or forest

area, albedo cannot be precisely calculated (Krinner et al., 2018; Menard et al., 2021). Considering snow conductivity, the

Power Function could be why CNRM-CM6.1 and CNRM-ESM2.1 have a negative bias of larger than -6 ◦C in the SON (figure350

not shown). The uncertainty of CNRM-CM6.1 and CNRM-ESM2.1 soil temperatures in spring and autumn is the largest. In

autumn, all models underestimate soil temperature, which proves again models are poor in simulating snow thermal insulation

effect when snow depths (also snow density) are low. IPSL-CM6A-LR simulates the most stable snd, but with the Quadratic

Equation, its snow thermal conductivity is strong when snd is under 0.2 m, reflected by its lower snow insulation effect than

Obs. Using similar schemes of snow does not guarantee similar performances. Better snow and soil temperature simulation355

are also related to other processes in land models, including soil bottom schemes. HadGEM3-GC31-LL and UKESM1.0-LL

have good performance in simulating tsl with their shallow soil column. Moreover, the zero-flux assumption is possibly more

influential on the soil surface when used in shallower soil column bottom; it constrains RS of soil temperature in winter.

Generally speaking, considering the impact of bottom boundary conditions on soil temperature, defining a bottom flux shows

better results than just giving fixed values.360

Taking account of RS and RB of summer tsl, HadGEM3-GC31-LL, UKESM1.0-LL, and IPSL-CM6A-LR models exhibit

the best organic layer thermal insulation. However, the significance of organic layers continues to be underestimated. Current

considerations of the hydro-thermodynamic in CLM5 and Surfex 8.0c do not improve their insulation performances.
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It is challenging to identify how model features influence the vertical energy transportation process without conducting

sensitivity experiments. Different physical processes represented in land surface models may interact in complex ways, either365

synergistically or oppositely, affecting the model’s simulation capability. Without the ability to isolate the effects of these

various processes, it becomes difficult to ascertain whether simulation errors are the result of one specific scheme or multiple

overlapping processes.

4 Conclusions

This research investigated coupled CMIP6 and land-only LS3MIP historical climate simulations in frozen soil areas. Errors370

caused by the land surface models versus the errors caused by atmospheric forcings or coupled models were quantified and

discussed.

Except in summer months, inaccurate inter-annual variability in the simulation of soil temperature by CMIP6 models is

mainly caused by deficiencies in the land surface models and less inherited from atmospheric components. Biases in the land

surface model even partially compensate for the influence of air temperature biases. Similarly, better precipitation simulation375

does not ensure snow depth results improve, especially in winter and spring. Soil temperature biases and their spread between

models are much more evident in winter than in the other seasons. Spatially, the models exhibit larger disagreements in repro-

ducing the soil temperature of sites in permafrost regions. The largest model biases of tas and tsl are witnessed under -5 ◦C.

These indicate a weakness for models reproducing the tsl relationship with tas in freezing conditions. The deficiency of land

surface models is reflected in the near-surface energy transport process, particularly during winter. The primary sources are the380

simulated snow amount and the snow insulation effect. Land models tend to simulate lower tsl when overlying snow exists.

Further improvement of parameterization of the land model surface insulation process is necessary.

Note that the scope of this study is limited to soil depths down to 0.2 m and that the thermal state of frozen soils is not

determined solely by temperature (Groenke et al., 2023). It is essential to consider various hydrothermal processes within

the deeper soil, including thermal offset, permafrost active layers, seasonally frozen soil freezing depth, and heat and water385

transport. Additionally, the impact of the applied bottom boundary conditions is not investigated. These factors play a critical

role in capturing frozen soil dynamics and have to be further investigated.

Data availability. CMIP6 and LS3MIP multi-model ensemble data (http://doi.org/10.22033/ESGF/CMIP6.4066, Voldoire (2018),

http://doi.org/10.22033/ESGF/CMIP6.4095, Voldoire (2019b), http://doi.org/10.22033/ESGF/CMIP6.4095, Seferian (2018),

http://doi.org/10.22033/ESGF/CMIP6.9599, Voldoire (2019a), http://doi.org/10.22033/ESGF/CMIP6.5195, Boucher et al. (2018),390

http://doi.org/10.22033/ESGF/CMIP6.5205, Boucher et al. (2019), http://doi.org/10.22033/ESGF/CMIP6.5603, Tatebe and Watanabe (2018),

http://doi.org/10.22033/ESGF/CMIP6.5622, Onuma and Kim (2020), http://doi.org/10.22033/ESGF/CMIP6.6109, Ridley et al. (2019),

http://doi.org/10.22033/ESGF/CMIP6.14460, Wiltshire et al. (2020b), http://doi.org/10.22033/ESGF/CMIP6.6113, Tang et al. (2019),

http://doi.org/10.22033/ESGF/CMIP6.14462, Wiltshire et al. (2020a), http://doi.org/10.22033/ESGF/CMIP6.7627, Danabasoglu (2019b),

http://doi.org/10.22033/ESGF/CMIP6.7650, Danabasoglu (2019a)) were downloaded from https://esgf-node.llnl.gov/projects/cmip6/ .395
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