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Abstract. Despite progress in physical development and calibration, climate models still exhibit biases with respect to historical

observations. As an alternative way to reduce them, run-time bias correction approaches have been developed, which consist

in adding empirical tendency adjustment terms to the prognostic equations of some key physical variables. Although their

ability to effectively reduce atmospheric circulation biases has been demonstrated, information is still missing regarding which

method for estimating the adjustment terms is best suited for a given application. In this study, we implement a set of these5

methods in the atmospheric general circulation model LMDZ: nudging-based bias correction (the basis approach, a state-

dependent version, and an iterative version), and the so-called climatological adaptive bias correction. Applying run-time bias

correction on horizontal winds only, using these methods and varying some of their parameters, nine “bias-corrected versions”

of the model are created. They are evaluated using aggregate scores of global mean errors in circulation, temperature, and

precipitation, as well as mid-latitude atmospheric variability features. A more regional perspective is also adopted, and a large10

region covering Europe and the North-Atlantic serves as a case study. It is found that, when evaluated on global aggregate

scores, some versions outperform others. We also show that this does not prejudge the outcome on mid-latitude atmospheric

variability features or at regional scale. No strict recommendation can be made regarding the optimal methodological choice,

and great caution is advised. The choice should be guided by the model user’s needs and priorities.

1 Introduction15

Climate models are primary tools to improve our understanding of the Earth’s climate and to quantify future climate change

under anthropogenic forcing from global to local scales. Constant efforts are made to improve their performance. However,

they still exhibit biases in the climatological mean and the variability of key variables such as temperature, precipitation, and

humidity, as well as in the representation of large-scale circulation features (Eyring et al., 2021; Fernandez-Granja et al., 2021).

The amplitude of these biases sometimes reaches or exceeds the order of magnitude of the projected changes.20

For many use cases, bias reduction proves beneficial if not necessary. As complementary tools to a posteriori bias adjust-

ment methods, i.e., performed on simulation outputs (see Maraun, 2016; Dinh and Aires, 2023; Menapace et al., 2025, for

reviews), run-time bias correction methods have been developed and experimented with in atmospheric general circulation

models (AGCMs). In the run-time approach, the equations of the model’s prognostic equations are altered by adding a cor-

rective term, as originally described in a simplified AGCM by D’Andrea and Vautard (2000) or for seasonal forecasting by25

Guldberg et al. (2005), and later by Kharin and Scinocca (2012) and Chang et al. (2019). Run-time bias correction in AGCM
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for climate simulations has since then been implemented with various ways of estimating the corrective term (Chang et al.,

2019; Krinner et al., 2019, 2020; Chapman and Berner, 2024; Scinocca and Kharin, 2024). It typically reduces biases in the

mean of targeted variables by 30 to 50% on a global scale.

In addition to the reduction of large-scale biases, some studies show the regional impacts of run-time bias correction in a30

global climate model using a stretched grid (Beaumet et al., 2021; Balhane et al., 2024) or not (Koskentausta et al., 2025).

Scinocca et al. (2025) and Labonté et al. (2025) also show that using a bias-corrected global simulation as boundary conditions

for a regional climate model (RCM) leads to substantial bias reduction at continental and regional scale in the RCM simulation.

Run-time bias correction arises as a way to reduce climate models’ biases while avoiding some of the drawbacks of a

posteriori bias correction, such as the potential resulting physical inconsistency between circulations and the corrected variables35

(Hall, 2014; Maraun et al., 2017). It also has the ability to modify the model’s climate change responses, unlike typical a

posteriori bias-adjustment which often are designed to preserve the model’s climate change tendency. However, the use of all

empirical bias-correction methods in projection simulations, run-time or a posteriori, relies on the assumption of stationarity

of biases through climate change. Using a “perfect model experiment”, Krinner and Flanner (2018) show that under strong

climate change, large-scale climate model bias patterns reveals stationary to a high degree, giving confidence in correcting40

large-scale circulation errors in climate models.

Previous studies conducted detailed comparisons methods to estimate corrective terms. Estimation of corrective terms, also

referred to as bias correction increments hereafter, is a two-step procedure: a “learning” simulation (also termed “adaptation”

simulation) is used to derive bias correction terms to be used in a bias-corrected simulation. The learning simulation can typi-

cally be a simulation with nudging, i.e. relaxation, towards a reanalysis (as in Guldberg et al., 2005), while the bias correction45

terms are derived as a cyclostationnary mean of nudging tendencies. Scinocca and Kharin (2024), using he Canadian Center for

Climate Modeling and Analysis’ fifth generation atmospheric climate model (CanAM5.1), compares the “classical” approach

based on nudging and an approach based on an iterative procedure using a reference climatology, as well as their sensitivity

to hyperparameters. Chapman and Berner (2024), using the Finite Volume Community Atmosphere Model version 6 (CAM6-

FV), compares the nudging-based approach to a more sophisticated assimilation method, as well as the effect of introducing50

stochastic terms.

Here, we propose an extension of these previous works and produce an intercomparison of a set of bias correction increments

estimation’s methods, although far from exhaustive, with the LMDZ6 AGCM (Hourdin et al., 2020a) at low resolution (96

(longitude) × 95 (latitude) horizontal grid points and 79 vertical levels). We develop a consistent framework for evaluation,

ranging from mean aggregated variables to aspects of atmospheric variability. We also take a regional perspective and focus on55

the North Atlantic-Europe region.

The next section describes the different run-time bias correction methods compared in this paper, as well as the experimental

set-up. Section 3 then presents the results focusing first on global means, on atmospheric variability features and on the effect

of the correction at a continental scale. The implications of these results and their potential caveats are discussed in Section 4.

The last section summarizes this work and suggests possible further working pathways.60
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2 Methods

2.1 General principle of empirical run-time bias correction

Empirical run-time bias correction (ERBC) consists of altering the prognostic equations of selected variables by adding a

corrective term:
∂X

∂t
= FM(t)+G(t)

where X is a prognostic variable of the model, FM describes its evolution equation in the model and G is the corrective term.

Typically, G depends at least on time of the year and location within the model grid. Its estimation can be achieved by various

means, all relying on a “learning simulation” also termed “adaptation simulation”. It is built primarily to reduce biases in the65

mean annual cycle of a variable.

The following sections describe the different methods used in this study. Exact details of their implementation are given in

Appendix A.

2.2 Nudging-based ERBC

2.2.1 Base methodology70

Nudging refers to a Newtonian relaxation towards a reference. With X a prognostic variable, if XM is the result of the time

integration of ∂X
∂t = FM(t), the nudging operation consists of incrementing XM by the relaxation term, such that the prognostic

equation of X is now:
∂X

∂t
= FM(t)+

XR(t)−XM(t)

τ

where XR is the value of X in the reference dataset and τ is a time constant, describing the “strength” of the relaxation.

ERBC based on nudging makes use of a nudged simulation of a sufficient duration (typically multiple decades) and computes

G(t) as a cyclostationary time average of the relaxation terms’ time series :

GN(t) :=
XR(t)−XM(t)

τ

C

where the XX
C

operator is a cyclostationary time average.

2.2.2 Iterative nudging-based ERBC75

The iterative procedure of ERBC based on nudging is first introduced and described by Krinner et al. (2025). The model,

altered by the addition of GN(t) :=GN0
(t) for the selected prognostic variables, is again nudged towards the reference. A

cyclostationary time average of the resulting relaxation terms’ time series yields a second corrective term : GN1
(t). The sum

GN0
(t)+GN1

(t) forms an updated corrective term. This iterative procedure can be repeated multiple times. Krinner et al.

(2025) showed that two iterations allows further bias reduction while avoiding “over-correction”.80
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2.2.3 State-dependent nudging-based ERBC

As stated in subsection 2.1, the corrective terms G depends at least on the time of the year and the location within the model

grid. Inspired by some a posteriori bias adjustment methods (Verfaillie et al., 2017; Addor et al., 2016) and machine learning-

based run-time bias correction (Watt-Meyer et al., 2021; Chapman and Berner, 2025, e.g.), one could attempt to make it as

well conditional on the current weather situation. Multiple choices must be made regarding the definition of “current weather85

situation”, starting with the region considered around a given grid point. In this study, the Earth has been divided in 12 fixed

regions (see Fig. A1 for their definition) in which 3 typical weather situations are defined for each month using self-organizing

maps (SOMs) (Kohonen, 2013) on geopotential height at 500 hPa. For a given grid point, the corrective term G depends now

on the time of the year, the location within the model grid and the identified weather situation within the region which this grid

point belongs to. The procedure to infer this state-dependent corrective term is detailed in Appendix A2. The choices made90

regarding the number of regions, their definition, the number of weather types and the procedure to define them are discussed

in Section 4.

2.3 Climatological Adaptive ERBC

Scinocca and Kharin (2024) introduced an alternative way of deriving correction terms to implement ERBC, named Climato-

logical Adaptive Bias Correction (CABCOR) method. In this method, a long simulation is run with a yearly evolving tendency

adjustment term Cn(t):
∂X

∂t
= FM(t)+Cn(t)

Cn(t) is updated each year, such that for the year n+1, Cn+1(t) is equal to

XR(t)−X(t)
Cn

τ

where XX
Cn refers to the cyclostationary time average of the n first years of simulation.

It is assumed that the series of Cn(t) will converge to a cyclostationary term, which should then be used as ERBC corrective

term GCA(t) in an ERBC run:

GCA(t) = CN (t)

where N is the length of the adaptation simulation. Here, the adaptation simulation is 110 years long and we used BC terms95

given by adjustment terms of the 30th, the 70th and the 110th years.

2.4 Model and simulations

Simulations in this study are performed using the LMDZ v6.3 AGCM (Hourdin et al., 2020b) at low resolution (96 (longi-

tude) × 95 (latitude) horizontal grid points and 79 vertical levels).

Control (CTRL) simulations refer to simulations in which no alteration of the prognostic equations is performed.100
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Nudged simulations refer to simulations with nudging towards the ERA5 reanalysis (Hersbach et al., 2020) (using the first

year as spinup). Using a hyperbolic tangent damping coefficient on nudging tendencies, nudging is performed only between

P = 0.85Ps and P ≈ 0.06Ps (where P and Ps are the atmospheric pressure at a given level and at the surface, respectively).

The planetary boundary layer is let unperturbed in order to avoid unwanted interactions with paramaterizations, while the upper

part of the atmosphere remains free for model stability reasons. They are run over the 1980-2000 period with AMIP boundary105

conditions, the first year being used as spinup. The period 1981-2000 is used as “learning period”, from which nudging terms

are extracted to build ERBC terms.

CABCOR adaptation runs are longer simulations, with repeated annual-cycle forcings (as in Scinocca and Kharin, 2024),

set to the year 1991. The yearly update procedure of the increments is conducted using ERA5 1981-2010 climatological means

of monthly meridional and zonal winds. As in nudged simulations, the planetary boundary layer and the upper stratosphere110

remain unaltered. A 20-year spinup for a slow convergence of the time constant τ is applied as described in Scinocca and

Kharin (2024).

All bias-corrected (BC) simulations span the 2000-2020 period, the first year being used as spinup. They are run with the

following forcings:

– AMIP boundary conditions,115

– historical greenhouse gas and aerosols concentrations from 2000 to 2014,

– greenhouse gas concentrations from the SSP2-4.5 scenario from 2015 to 2020,

– repeated 2014 aerosols concentration from 2015 to 2020.

In this study, only zonal and meridional winds are corrected, unlike other studies like Scinocca and Kharin (2024), that

also corrected temperature, humidity and surface pressure. LMDZ6 having a rather large and uniform cold bias within the120

free troposphere, adding a “warming” increment proves to be detrimental in LMDZ6 on convective processes representation

and on the surface energy balance. Therefore, as in Krinner et al. (2025) we refrain to use the above-described methods on

temperature. Humidity and surface pressure are also left unaltered to avoid interfering with global mass and water balances.

Table 1 lists all simulations mentioned in the present paper. Adaptation simulations are named XXnd with XX being “N” for

nudged simulations and “CA” for CABCOR adaptation simulations, and n indicating the value in days of the time constant τ125

(e.g. 1d for τ =1 day). BC simulations are named BC(xx-yy) where xx refers to the corresponding adaptation simulation and

yy gives details on the estimation method. Note that some simulations have been run twice with varying initial conditions, as

indicated in the column “Nb of simulated years”. For figures that display maps, only one of these two-simulation ensembles is

used.
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Name Details Nb of sim. years

CTRL control simulation, defautl model 2 × 20

N1d Nudged sim., τ = 1 day 20

N2d Nudged sim., τ = 2 days 20

N3d Nudged sim. , τ = 3 days 20

BC(N1d) ERBC, derived from N1d 2 × 20

BC(N2d) ERBC, derived from N2d 20

BC(N3d) ERBC, derived from N3d 20

BC(N1d-it2) Iterative nudging-based ERBC 2 × 20

derived from nudged sim. with τ = 1 day

iteration 2

BC(N3d-it2) Iterative nudging-based ERBC 20

derived from nudged sim. with τ = 3 days

iteration 2

BC(N1d-cond) State-dependent nudging-based ERBC 20

derived from nudged sim. with τ = 1 day

3 weather types per month

CA1d CABCOR adaptation sim., τ = 1 day 110

BC(CA1d-y30) CABCOR ERBC from year 30 of CA1d 20

BC(CA1d-y70) CABCOR ERBC from year 70 of CA1d 20

BC(CA1d-y110) CABCOR ERBC from year 110 of CA1d 20

Table 1. Name and description of all simulations mentioned in this work. Adaptation simulations are named XXnd with XX being “N”

for nudged simulations and “CA” for CABCOR adaptation simulations, and n indicating the value in days of the time constant τ (e.g. 1d

for τ =1 day). BC simulations are named BC(xx-yy) where xx refers to the corresponding adaptation simulation and yy gives details on

the estimation method. Note that some simulations have been run twice with varying initial conditions, as indicated in the column “Nb of

simulated years”.

2.5 Reference datasets and evaluation criteria130

Evaluation is carried out over the 2001-2020 period against ERA5 reanalysis, except for precipitation for which we used

the Global precipitation Climatology Dataset (GPCP) (Huffman et al., 2024) (monthly mean precipitation averaged over the

2001-2020 period).

Biases of time means are computed as global (Section 3.2.1) or regional (Section 3.5.1) root mean squared error (RMSE)

for the following variables:135
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– wind200, wind500, wind850: horizontal wind vector at 200 hPa, 500 hPa, 850 hPa. The squared error is computed as

the sum of the squared error of zonal wind and the squared error of meridional wind.

– slpocean: sea level pressure (slp) over ocean only.

– T200, T500, T850: air temperature at 200 hPa, 500 hPa, 850 hPa.

– T2m,land: air temperature at 2 meters above ground over land and sea ice only.140

– precip: total precipitation.

Two key midlatitude atmospheric variability features are evaluated: blocking frequency and storm tracks. Blocking frequency

is diagnosed on an annual and seasonal timescale using the definition of Davini et al. (2012) that uses gradients of 500 hPa

geopotential height. Storm tracks are diagnosed by applying a band-pass time filter of 2 to 6 days to the 500 hPa geopotential

height field and computing the seasonal standard deviation of the resulting field.145

At regional scale, monthly to interannual variability is described by computing empirical orthogonal functions (EOF) of the

monthly 500 hPa geopotential height fields grouped by season (December-January-February: DJF, March-April-May: MAM,

June-July-August: JJA, September-October-November: SON). It is evaluated by computing the correlation between the model’s

first component and the reanalysis’s first component.

3 Results150

3.1 Correction terms

All derivation methods lead to similar bias correction increment patterns as shown in Fig. 1 for the 500 hPa level: an eastward

increment at 30°S, stronger between 60°W and 120°E, and an eastward increment in the North Pacific at 30°N are the clearest

signals. All methods also lead to large corrective terms over the Andes and the Himalayas whose direction is rather chaotic.

In some regions however, patterns can differ. For example, in the North Atlantic at about 30°N, where all other methods result155

in a south-eastward increment, BC(N1d-it2) gives a rather strong north-eastward increment. Overall, BC(N1d-it2) terms stand

out by their amplitude, which is much larger. Nudging-based BC terms, where only τ varies, yield increments that are very

similar – but not identical – in shape. However, the amplitude of the BC terms decreases with increasing value of τ , by a

factor that is not equal to 1
τ . BC(N1d-cond) terms are almost identical to those of BC(N1d). This is not surprising considering

that the weather types on which the correction terms of BC(N1d-cond) depend are roughly equiprobable. So, when averaged160

over time, the conditional part of the correction terms cancels out, despite it being contrasted depending on the weather type.

Interestingly, corrective terms from CA1d are very similar no matter the year from which they are extracted. This is further

discussed in Section 4.1.

When examining the zonal means of the meridional and zonal wind increments (see Fig. B1 and Fig. B2), similar conclusions

can be drawn. Overall, the corrective terms are very similar, with differences mainly in amplitude depending on the number of165

iterations, the value of τ , or – but only marginally – the length of the adaptation run for CABCOR terms.
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Figure 1. Annual mean of wind correction terms at 500 hPa. Color shading is the norm (in m s−1 day1) while arrows indicate the direction.

Only one out of four grid points carry an arrow to enhance readability. No arrows are drawn where the norm is less than 0.1 m s−1 day1.

It is noteworthy that BC terms derived from nudging increments and those obtained with the CABCOR method are very

similar. This is further commented on in Section 4.4.

3.2 Global biases of time means

3.2.1 Global scores170

Global mean biases of wind and temperature at different pressure levels and mean sea level pressure (over ocean only) are

evaluated using their root mean squared error (RMSE) with respect to ERA5. Global total precipitation RMSE is computed

with respect to GPCP. Figure 2 shows an intercomparison of global performance of the methods in terms of bias reduction.

Scores (represented by colors) are defined for each criterion (each column as):

RMSE−RMSEmin

RMSEmax −RMSEmin

where RMSEmax (resp. RMSEmin) is the highest (resp. the lowest) RMSE for this criterion among the evaluated simulations.

Hence, a simulation with a score equal to 0 means it has the lowest RMSE and a score equal to 1 means it has the highest RMSE.

CTRL and N1d results give respectively a lower and upper bound of the expected performance, as they are, for most variables,

the simulations with the highest and lowest RMSE. This particular score, normalized by the maximum improvement for a given

variable, was preferred over a simple ratio of RMSE over the CTRL RMSE, to account for the difference in expected effect of175
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Figure 2. RMSE of global mean variables and corresponding scores. Numbers correspond to the RMSE while color shading corresponds

to the associated score. Bold font is used for the lowest RMSE for a given variable among BC simulations. For simulation types for which

multiple runs were available, the minimum and maximum RMSE are indicated below and above the mean RMSE. The score’s and variables’

definitions are in the main text.

BC. Effects on wind are much larger than on temperature, when compared to CTRL. One must, however, read Fig. 2 carefully,

as in some cases, large variations in score, and therefore in colors, are actually related to very limited RMSE differences.

Among nudging-based BC simulations without iterations, for all wind-related scores, the best results are obtained with

τ = 1 day in the nudged simulation. Sea level pressure biases are, however, best improved when τ = 3 days. Temperature

biases are strongly reduced at 200 hPa, but only marginally at lower altitudes. For temperature at 200 hPa, BC(N1d) again180

performed the best among these three.

Making corrective terms state dependent, as done in BC(N1d-cond) does not substantially improve the performance in wind

scores, and does not reduce the global sea level pressure bias compared to CTRL simulations: RMSEs in BC(N1d-cond) are

indeed smaller than mean RMSEs of BC(N1d), but this difference is most likely attributable to internal variability (see lower

RMSEs of BC(N1d)). For temperature also, no clear improvement or degradation can be observed compared to BC(N1d).185

However, precipitation is improved compared to BC(N1d), although to a limited extend, which significance is not guaranteed

given global precipitation decadal variability.

After two iterations, with τ = 1 day, biases of winds and temperature at 200 hPa are even more strongly reduced and T200

biases are even lower than in N1d. Sea-level pressure biases and temperature biases at other altitudes remain however in
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the same range. When iterating with τ = 3 days performances are improved when compared to BC(N3d), but they do not190

outperform BC(N1d) (and hence also not BC(N1d-it2)) except for wind200 and T200.

There is no major difference among the three CABCOR simulations. Temperature biases at 200 hPa are well reduced, as

for the nudging-based BC, and temperature at lower altitudes is not degraded when compared to CTRL simulations. Wind

scores are comparable to those of BC(N1d), some slightly better, but not outperforming BC(N1d-it2). Sea-level pressure biases

are not reduced with this method. Temperature biases remain in the same range as with the other methods. There is no major195

difference among these three CABCOR simulations.

All BC simulations have degraded precipitation global bias compared to CTRL simulations, but not N1d. Note however that

in the CTRL simulation, precipitation bias is already large. The model is indeed known to overestimate precipitation globally,

and to have a rather important global mean bias, similarly to other AGCM (Hourdin et al., 2020a). Here, the degradation of

precipitation bias is also of a similar order of magnitude to that of switching from one version of the model to another (Hourdin200

et al., 2020a). Examining maps of annual precipitation (see Fig. B5), it can be concluded that BC tends to increase positive

precipitation biases and over-compensates for negative bias in the tropical Pacific, leading to a degraded global RMSE. BC does

however reduce bias in the tropical Atlantic. The effect of bias-correction on precipitation might reveal a complex entanglement

between run-time bias correction and model tuning. It must also be considered carefully, as precipitation observational data are

themselves subjected to biases.205

All BC simulations also have slightly degraded T2m,land bias compared to CTRL simulations, but again, not N1d. Examining

maps of annual T2m,land (see Fig. B4) reveal that the “unwanted” effects of BC are a strong warming of North-America (≈ +2 K

at the most), a cooling of Antarctica (up to ≈ -2K locally) and a slight cooling of Africa (≈ -0.5 K).

3.2.2 Spatial analysis: describing the spatial effects of the ERBC methods

Figure 3 shows the mean wind500 bias of BC simulations and the CTRL simulations. Whereas nudging reduces wind500210

biases without changing the overall bias patterns (not shown), bias-corrected runs have bias patterns that differ from the CTRL

simulations. For instance, BC runs all exhibit an eastward wind500 bias at 60°S circling around the South Pole, with varying

amplitude, opposite to the original bias in the CTRL simulations. The North Pacific remains a region of strong wind biases

in nudging-based BC simulations ; this is less the case but less of CABCOR simulations. Wind biases in the inter-tropical

region are stongly attenuated in BC simulations compared to CTRL. Iterations of nudging-based BC seems to allow reducing215

persisting biases, i.e., biases pattern that were present in CTRL as well as in nudging-based BC simulations with no iteration

(see for example, the North Pacific in BC(N1d) and in BC(N1d-it2)). CABCOR simulations have similar residual bias patterns

than nudging-based BC simulations, but stand out in some regions: less bias in the North Pacific, and more zonal bias in the

Southern midlatitudes between 60°W and 180°E, for example.

Figure 4 shows the mean slp bias over ocean of BC simulations and CTRL. CTRL runs present annual slp biases mostly220

above 30° of latitude, with an amplitude that regionally reaches 2 hPa to 4 hPa. BC(N1d), BC(N2d) and BC(N3d) have very

similar slp biases patterns. Noteworthy are the negative bias around Antarctica, the rather strong positive bias in the North

Pacific, and the improvement compared to CTRL simulations in the North Atlantic. Iterating enhances slp bias reduction in
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Figure 3. Mean wind bias at 500 hPa. Corresponding RMSEs are indicated on top of each panel. Color shading corresponds to the norm of

the wind bias vector, while arrows indicate its direction. Only one out of three grid points carry an arrow to enhance readability. No arrows

are drawn where the norm is less than 0.3 m s−1.

the North Pacific and around Antarctica (see BC(N1d-it2)). BC(N1d-cond) performs poorly in terms of slp biases, due to

large negative biases at high latitudes. BC(CA1d-y110), BC(CA1d-y70) and BC(CA1d-y30) have strong negative bias at high225

latitudes as well, but extending further South in the Northern hemisphere.

As described before, the strongest impact on temperature is found above 250 hPa, and a zonal mean analysis (see Fig. B3)

shows that the warming occurs at latitudes higher than 30° approximately. A slight warming is also present for all methods

between 750 hPa and 300 hPa at approximately 30°N and 30°S. However, all BC simulations present a slight cooling of the

free troposphere at high latitudes, hence accentuating the cold bias of the model.230

Global climate models are known for their equatorward bias in the mid-latitude jet streams (Harvey et al., 2020; Hourdin

et al., 2020a). This is also the case of the uncorrected LMDZ. Figure 5 shows that ERBC overall reduces this positional bias.

These zonal means of wind biases also reveals that all BC procedures give rise to a positive zonal wind bias extending through
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Figure 4. Mean slp bias over ocean only. Corresponding RMSEs are indicated on top of each panel.

the whole atmosphere at about 60°S. This is consistent with what is observed at 500 hPa on Fig. 3. No major differences are

observable between the BC methods.235

3.3 Midlatitude atmospheric variability features

Run-time bias correction are designed to reduce biases in climatological means of targeted variables, in practice here, winds.

They however have the potential to also improve aspects of the atmospheric variability. Here, we focus on two important

physical properties that are known to influence greatly the climate at midlatitudes.

3.3.1 Blockings240

Midlatitude atmospheric blocking are often studied in climate models as they have a great influence on midlatitude weather

and climate (Lenggenhager and Martius, 2019; Mohr et al., 2019). Climate models are also known to often underestimate

their frequency (Davini and D’Andrea, 2020). Kleiner et al. (2021) shows that correcting the mean atmospheric state could

improve the blocking frequency. Numerous ways to identify blockings have been developped and here we use the rather simple
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Figure 5. Zonal mean of zonal wind bias. Zonal mean of zonal wind in ERA5 is represented by black contours, with values in m s−1

indicated only on the lowest panel.

definition of Davini et al. (2012) based on the daily 500 hPa geopotential field that characterizes each grid-point each day as245

blocked or not. When averaged over a long period, this yields a map of blocking frequencies.

Figure 6 shows the effect of BC on annual blocking frequency in the Northern Hemisphere. In the Northern Hemisphere,

blockings are most frequent North of Europe and over a region covering Alaska and Western Siberia. The CTRL version of the

model underestimates the frequency over these regions by about 3 to 5 points. It tends to overestimates it by 1 to 2 points over

the North of American continent and over continental Siberia. All BC versions reduce the overall RMSE of blocking frequency250

by increasing slightly the frequency where the negative bias was the strongest. However, they all tend to overcompensate for

the positive bias North of America creating a negative bias. In the Southern Hemisphere (see Fig. B6), the annual frequency

of blockings is overall smaller than in the Northern Hemisphere, and so are the biases. Similarly to the Northern Hemisphere,

the CTRL model underestimates the frequency in regions where the frequency is the highest in the reference. Bias-corrected

versions of the model however do not necessarily correct this, and even tend to degrade the frequency in many regions, resulting255

in a larger RMSE for all methods in the Southern Hemisphere.
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Figure 6. Effect of BC on annual mean blocking frequency in the Northern Hemisphere. Aside from the extreme right one, panels show

the difference in annual mean frequency of blockings between BC simulations and the CTRL simulations. The extreme right panel shows the

annual mean bias in frequency of blockings of a CTRL simulation with respect to ERA5 as well as ERA5’ frequency represented by black

contours. RMSEs indicated on top of each panel correspond to the RMSE of the simulation with respect to ERA5.

3.3.2 Storm tracks

Extratropical storm activity is much intertwined with midlatitude weather and climate. Accurately position storm tracks remains

however quite a challenge for climate models (Priestley et al., 2020). Here we use seasonal standard deviation of daily 500 hPa

geopotential field, after applying a band-pass filter of 2 to 6 days, as a metric for storm activity.260

Figure 7 shows the DJF storm tracks bias of the CTRL simulation as well as the actual storm tracks in ERA5 (panel at the

extreme right) in the Northern Hemisphere. For BC runs, it shows the difference with the CTRL run, hence showing the effect

of BC. Without BC, the model underestimates storm activity almost everywhere in the Northern Hemisphere. With BC, this

underestimation is partly compensated for, leading to reduced RMSEs. All methods produce a similar effect when compared to

the CTRL simulation, and the differences in pattern might not be significant. It seems however that the nudging-based BC with265

iteration gives worse results than its non-iterated counter part (see RMSEs). CABCOR runs have residual biases comparable

to nudging-based BC runs, with a minimum in RMSE achieved by BC(CA1d-y70).
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Figure 7. Effect of BC on DJF storm tracks in the Northern Hemisphere. Aside from the extreme right one, panels show the difference

in DJF storm tracks between BC simulations and the CTRL simulation. The extreme right panel shows the mean bias in DJF storm tracks

of a CTRL simulation with respect to ERA5 as well as ERA5’ storm tracks represented by black contours. RMSEs indicated on top of each

panel correspond to the RMSE of the simulation with respect to ERA5.

3.4 Regional view: do the methods perform better in some regions than others?

Before focusing on a specific region to evaluate the contribution of the various methods, we addressed two questions:

1. At what size of region is it reasonable to expect a reduction in average biases?270

2. Are there differences in the contribution of the correction between regions?

To address these questions, we defined a “moving RMSE”: at each grid-point, the RMSE of a given variable with respect to

the reference is computed within a circular region centered at that grid-point, and this with different radii. In the following, we

focus on wind500. Figure 8 shows the resulting map for a radius of 4,000 km in the CTRL simulation (lower panel). Other

panels on Fig. 8 show the ratio of the moving RMSE in BC simulations over the moving RMSE in the CTRL simulation.275

We performed the same analysis with other radii (2,000 km, 3,000 km, 6,000 km, 8,000 km, see Fig. B7, Fig. B8) and it was

concluded that 4,000 km is the smallest radius for which no region, or only very small ones, in BC simulations has degraded

RMSE compared to CTRL; which answers question 1, at least for this variable. At this scale, only BC(N3d-it2) exhibits a very
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Figure 8. Ratio of moving RMSE of wind at 500 hPa of BC simulations over the CTRL one (top 6 panels) and moving RMSE of

wind at 500 hPa of a CTRL simulation (lower panel). RMSE in a grid point corresponds to the RMSE within the circle with a radius of

4,000 km around it. A circle centered at 0°W-45°N, with radius 4,000 km is drawn on the lowest panel.

small region of slight performance degradation, corresponding to a region where the RMSE in the CTRL simulations is very

low.280

By examining Fig. 8, we can now try to answer question 2. Even though, bias reduction is expected everywhere, it is very

limited in some regions for some methods. BC(N3d) exhibits a large region covering Europe, Africa, the Indian Ocean, the

South Pacific and the ocean Southern of Africa where bias reduction is only of about 10%. These maps also reveal that iterating

the nudging-based BC (as in BC(N1d-it2) and BC(N3d-it2)) improve bias reduction in some regions and degrade it in others,

indicating that despite a global improvement of the bias, such an improvement is not guaranteed in all regions.285

The same analysis could be performed for other variables. Similar conclusions on the contrasted bias reduction depending

on the method and the region are expected.

One might want to select the method that gives the smallest residual biases in their region of interest. Figure 9 displays

the method leading to the lowest moving RMSE for wind and temperature at different altitudes, within circular regions with

radius 4,000 km. The first observation is that the results depend on the variable. For wind, there is nevertheless a large region290

for which, no matter the altitude, BC(N1d-it2) gives the lowest residual biases. There is also a quite extensive region where

BC(CA1d-y110) leads to the lowest residual biases of wind200 and wind500. BC(N1d-it2) gives the lowest residual biases

of wind850 over a region covering almost all the mid to low latitudes. Interestingly, BC(N1d-cond), which does not stand out

at global scale, gives the lowest residual wind500 biases in the South-Pacific. For temperature, one must first remember, that
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Figure 9. Method leading to the lowest moving RMSE for various variables within circular regions with radius 4,000 km. RMSE in a

grid point corresponds to the RMSE within the circle with a radius of 4,000 km around it

with bias-correction applied solely on winds, only T200 biases were found to be reduced. BC(N1d-it2) leads to the lowest T200295

biases for most of the extratropical regions, where BC(N1d-cond) does in most of the tropical region. At 500 hPa, temperature

biases are the lowest in the CTRL simulation at the Poles, and in BC(N3d-it2) in the tropical region. In the extratropical

regions, CABCOR simulations rather dominates, mostly BC(CA1d-y30). At 850 hPa, temperature biases are the lowest when

the model is unmodified (CTRL) or only slightly altered (BC(N3d)) for a very large portion of the globe. BC(CA1d-y30) gives

however the lowest residual biases in the Northern high latitudes and in the North-Atlantic, whereas iterated nudged-based BC300

(BC(N1d-it2) and BC(N3d-it2)) does in South-Asia and part of the tropical Pacific.

Figure 9 illustrates to what extent the answer to the question “which method performs best” depends on the region and the

variable of interest. We now dive deeper into the analysis of one specific region.

3.5 Focus on a specific region: example of the Europe-Atlantic region

This subsection focuses on a region covering Europe and a large part of the North Atlantic (60°W, 60°E, 30°N, 65°N). Note305

that at 50°N, the width of this region (120°) is close to 8,000 km, hence has the same width than a circular region with a radius

of 4,000 km as was used to compute moving RMSEs on Fig. 8.

3.5.1 EU-A Annual scores

Figure 10 shows annual performance scores for this region. Unlike on a global scale, in this region, it is not clear that a lower

value for τ in nudging-based methods is optimal. In fact, for wind, BC(N2d) gives the best results among all three BC(Nxd)310

and BC(N3d-it2) gives the best results of all nudging-based methods. For slp, the simulation with the less wind bias reduction

gives the best results (BC(N3d)). For temperature, which methods perform the best really depends on the altitude.
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Figure 10. RMSE of EU-A mean variables and corresponding scores. Numbers correspond to the RMSE while color shading corresponds

to the associated score. Bold font is used for the lowest RMSE for a given variable among BC simulations. For simulation types for which

multiple runs were available, the minimum and maximum RMSE are indicated below and above the mean RMSE. The score’s and variables’

definitions are in the main text.

The same scores and RMSE as in Fig. 10 were computed by season (DJF, MAM, JJA, SON) (not shown). From these results

it becomes apparent that on a seasonal regional scale, none of the methods can be declared optimal for all variables examined.

This indicates yet again that a method performing best at global annual scale is not necessarily optimal for a specific region,315

season and/or sets of variables.

Figure 11 shows maps of mean wind500 bias (it is a close-up of Fig. 3 for the region of interest). One can see that ERBC

allows a strong reduction of the large negative bias over the North-Atlantic, and to a lesser extent of the positive bias over the

Alps. When the length of the adaptation simulation is increased for CABCOR simulations, the RMSE decreases and the bias

pattern evolves. BC(CA1d-y30) and BC(CA1d-y110) have similar bias patterns, different from BC(CA1d-y70). It is either a320

sign of internal variability or the indication that the correction terms are still evolving in the adaptation simulation. Iterating

the nudging-based methods gives lower RMSEs of wind500 in this region, though in the case where τ = 1 day the better

score might be attributable to variability (see minimum-to-maximum intervals in Fig. 10). The residual bias pattern is not

substantially modified after the iterations. When τ = 3 days, a strong residual bias in BC(N3d) is greatly reduced in BC(N3d-

it2). With state-dependent ERBC (BC(N1d-cond)), wind500 bias in this region is more reduced than in BC(N1d), but the325

residual bias pattern remains close.

Note that all these conclusions must be considered carefully as strong internal variability is expected at this regional scale.
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Figure 11. Mean wind bias at 500 hPa in EU-A. Close-up of Fig. 3. Corresponding RMSEs are indicated on top of each panel. Color

shading corresponds to the norm of the wind bias vector, while arrows indicate its direction. Only one out of two grid points carry an arrow

to enhance readability. No arrows are drawn where the norm is less than 0.3 m s−1.

3.5.2 Monthly to interannual circulation variability

Monthly to interannual circulation variability is measured over this region by doing, for each season, an empirical orthogonal

function (EOF) analysis on monthly geopotential height at 500 hPa. Performances of the model are evaluated by computing the330

correlation between the model first component and the reanalysis first component. Results are shown in Table 2. In some cases,

the model first component resembles more one of the other reanalysis components (based on RMSE), and not the first. Only

values corresponding to cases where the model first component actually matches the reanalysis first component are shown.

In DJF, BC simulations are at least as good as the CTRL simulations, even better for most of them except BC(CA1d-y70).

In MAM, JJA and SON, CTRL simulations first pattern do not match the reanalysis first pattern. In MAM, BC seems to335

allow improvement, except nudging-based method with τ ̸= 1 day and BC(CA1d-y70). In JJA, only BC(N2d), BC(N1d) and

BC(CA1d-y110) get the match, with rather low correlations, except BC(CA1d-y110). In SON, almost all BC simulations do

better than the CTRL simulation. Highest correlations are obtained with BC(N1d) and BC(CA1d-y110).

Note that BC(CA1d-y70) gets the first pattern to match for neither of the seasons, and that only BC(CA1d-y110) and

BC(N1d) do for every season.340
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Simulation DJF MAM JJA SON

CTRL 0.82 [0.78-0.85]

N1d 1.0 1.0 0.99 1.0

BC(N1d) 0.83 0.78 [0.76-0.80] 0.60 0.87 [0.93-0.80]

BC(N2d) 0.86 0.58 0.72

BC(N3d) 0.94 0.70

BC(N1d-it2) 0.88 [0.83-0.92] 0.84 [0.82-0.87] 0.44

BC(N3d-it2) 0.83

BC(N1d-cond) 0.83 0.74

BC(CA1d-y30) 0.88 0.64 0.61

BC(CA1d-y70)

BC(CA1d-y110) 0.70 0.64 0.82 0.81

Table 2. Correlation between model’s first EOF component and ERA5’s first component. Only values corresponding to cases where the

model first component actually matches the reanalysis first component are shown. Minimum-to-maximum intervals are indicated in brackets

for configurations for which multiple simulations were available

Note also that in the case of BC(N1d) and BC(N1d-it2), for which two simulations are available, in certain seasons, only one

of the two actually gets the first pattern to match. This reveals great variability between simulations with the same BC method

used.

Finally, BC(N1d-cond) does not particularly stand out and does not outperform BC(N1d) for this metric, even though one

could expect state-conditional BC to prove beneficial for variability aspects.345

4 Discussion

This study presents a comparison of different empirical methods for estimating run-time bias correction increments using the

LMDZ6 AGCM. We examined the impact of various methodological choices on the model’s performance, evaluating it from

a global scale – using aggregated scores of global mean errors in circulation, temperature, and precipitation – to mid-latitude

atmospheric variability, and finally to a regional scale focusing on the model’s performance over a large area covering Europe350

and the North Atlantic.

4.1 Optimal set of parameters at global scale

With LMDZ, we found that a nudging time constant of 1 day gives the best results in nudging-based bias-correction simulations

for most criteria, while Scinocca and Kharin (2024) found however with CanAM5.1 that the optimal time constant value is

3 days (when no spatial filtering is applied to the corrective terms). This difference confirms the intuition that the optimal sets355

of parameters for the estimation of corrective terms is model-dependent.
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Our work here confirms that iterating the nudging-based method reduces the mean bias of bias-corrected variables compared

to simulations with nudging-based ERBC without iteration, as was shown in Krinner et al. (2025). It also confirms that it does

not necessarily improve the representation of atmospheric circulation variability on interannual and shorter timescales. Here,

we also tested this method with a different value of nudging time constant (τ = 3 days), while Krinner et al. (2025) only tested360

τ = 1 day. We thus showed that the effect of iterating is similar with this value, and that τ = 1 day, as well as for the method

without iteration, gives better result on mean variables at a global scale.

Scinocca and Kharin (2024) assess the impact of the length of the adaptation simulation for CABCOR simulations. They

use lengths ranging from 110 years to 510 years, whereas here, we limited our analysis to 30 to 110 years. This restriction was

motivated by the fact that we did not observe a major effect of prolonging the adaptation simulation from 30 to 110 years. So,365

unlike Scinocca and Kharin (2024), we do not conclude on an optimal length of the adaptation simulation. We simply observe

that with LMDZ, with τ = 1 day, we obtain very satisfactory results regarding bias reduction, with an adaptation simulation of

length ranging from 30 to 110 years. We do observe contrasted results at regional scale.

4.2 Which variables should be bias-corrected

Other studies (Scinocca and Kharin, 2024; Chapman and Berner, 2024; Chang et al., 2019) employ ERBC not only on horizon-370

tal winds but also on temperature, humidity and surface pressure. Here, we applied ERBC on horizontal winds only. Regarding

humidity and surface pressure, we believe that it is preferable to not interfere with the water and mass balances of the model:

applying ERBC might indeed introduce artificial water or mass sources, although we did not evaluate rigorously these poten-

tial detrimental effects. For temperature, as LMDZ has a substantial cold bias in the whole troposphere at every latitude (see

Fig. B3), it is very tempting to apply ERBC. Doing so, we were able to make the following observations. When a compensatory375

term is added to the temperature advection equation, as with the nudging procedure or with the bias correction, this cold bias is

properly reduced. However, a new global equilibrium is quickly established in which oceanic evaporation is strongly reduced

and convection is weakened. The evaporation deficit causes a surface energy imbalance reaching +20W/m2 on average over 20

years of simulation. On average, temperature nudging tendencies or BC tendencies are of the same order of magnitudes than

global mean temperature convective tendency of a CTRL simulation. In simulations with temperature nudging or BC, the con-380

vective tendency is attenuated strongly enough to keep a global temperature balance, despite the artificial warming tendency.

The deficit in evaporation is consistent with an accumulation of humidity in the planetary boundary layer due to a lack of

convective mixing. Because of these major side effects, we consider that adjusting temperature with run-time bias correction

in LMDZ is not advisable. In other models, with less pronounced temperature biases, or which biases have different origins,

bias-correcting temperature might not have such detrimental effects. In the other studies, which applied ERBC to temperature385

(e.g. Scinocca and Kharin, 2024; Scinocca et al., 2025; Chapman and Berner, 2025; Chang et al., 2019), nothing of the sort has

indeed been mentioned.
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4.3 State-dependent bias correction

In this study, we chose to include one simulation with state-dependent bias correction. It relies on the definition of weather

types in each of the 12 regions of the world defined Appendix A2 for each month using a self-organizing maps algorithm. The390

number of weather types per month is a free parameter of the method and in the simulation used in this study, it was set to 3.

Three weather types per month and per region was indeed identified in a preliminary work as possible clustering of the nudging

terms, in the sense that it creates clusters of nudging terms whose averages are significantly different than the average of all

nudging terms. The lack of effect of making correction state dependent with this method may be the sign that our methodology

is not adequate and must be adjusted. It was indeed assumed that correction terms should depend on weather types defined by395

the 500 hPa geopotential field, but it is a strong and maybe too simplistic assumption that could be questioned. It may also be

the sign of a sampling problem: the length of the nudged-simulations might be too short to extract a significant state-dependent

signal. Further investigations must be conducted to deepen our analysis.

4.4 Similarity between nudging-based correction terms, CABCOR correction terms and biases of the model

It is noteworthy that BC terms derived from nudging increments and those obtained with the CABCOR method are very400

similar, though they are obtained by quite different methods. BC terms derived from nudging increments are, up to a constant

multiplier, the mean initial tendency errors from an observed state. CABCOR BC terms on the other hand, are, up to a constant

multiplier, the residual climatological biases of the “adapted” model (i.e. adjusted by the yearly-evolving adjustment terms of

the CABCOR procedure).

There are also similarities in patterns between correction terms and the climatological biases of the default model. This405

can be seen, for example, by comparing wind500 biases in the CTRL simulation (Fig. 3) and correction terms à 500 hPa

(Fig. 1). This is also evident by comparing zonal wind biases in the CTRL simulation (Fig. 5) and the zonal mean of the zonal

component of correction terms (Fig. B1). For example, around 200 hPa at 30°S and 30°N the positive biases can clearly be

matched with the negative correction terms. There are, however, also major differences, for example in the intertropical region.

When nudging-based correction terms and biases of the initial biases are similar (up to a negative constant multiplier), it410

can be interpreted as the sign that long-term climatological biases are actually very rapidly formed and result mostly from the

initial tendency erros of the model.

4.5 Completeness of the study

In this study, we delivered an intercomparison of multiple methods and their variations, but it remains far from exhaustive.

In particular, we did not evaluate the effect of varying τ in the CABCOR method. Scinocca and Kharin (2024) show that the415

choice of the value for τ influences the overall performance of the correction. We chose to use τ = 1d only for our study, as

this value gives the best results with nudging-based BC with LMDZ. We hence limited our study to the comparison between

CABCOR and nudging-based methods and to the effect of the adaptation simulation’s length.
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Scinocca and Kharin (2024) also study the influence of spatial smoothing of the correction terms. As preliminary tests

showed no significant effect, we decided to not investigate this further.420

Regarding state-dependent ERBC, only one set of parameters is presented here, resulting from a preliminary analysis (see

Section 4.3). In particular, the number of weather types is a very important parameter. Other tests were performed with various

numbers, but as these choices had only limited influence on the model’s performance, for the sake of brevity, they are not

included in this study. Other sensitivity tests, as regions’ or weather types’ definition, could also be performed but they are

beyond the scope of this work.425

4.6 Evaluation period

Simulations were evaluated against reference datasets over the 2001-2020 period. The choice of this period has been guided

by the need to evaluate simulations with bias correction outside of the period used to estimate the empirical correction terms

(1981-2000). It can be argued that 2001-2020 is a period with a rather rapid and significant global climate change which could

add to the “out-of-sample” effects. However, the main objective of developing ERBC is to use it in climate change simulations.430

Therefore, evaluating its effect on a period with climate change is not necessarily deleterious. We are also convinced that this

choice should not influence greatly our conclusions.

5 Conclusions

This study produces an intercomparison of bias correction increments estimation’s methods with the LMDZ6 AGCM at low

resolution (96 (longitude) × 95 (latitude) horizontal grid points and 79 vertical levels). It explores the effect of methodological435

choices on various aspects of the model’s performance. From aggregate scores of global mean errors in circulation, temperature

and precipitation, we delve into mid-latitude atmospheric variability features. A more regional perspective is finally adopted, a

large region covering Europe and the North-Atlantic serving as case study.

The following conclusions can be drawn:

– CABCOR and nudging-based corrections increments are strikingly similar. This results in rather similar effects of the440

bias correction, and similar model performance.

– No beneficial contribution was observed from making nudging-based BC state dependent, in the way it was done for this

study.

– For nudging-based BC, a value of 1 day for the time constant τ is the best choice in view of most wind-related scores at

global scale. However, it does not perform the best for all variables and performance criteria, as the “side effects” of BC445

(e.g. on sea level pressure) might also be amplified.

– Iterating the nudging-based BC has mostly positive effects on global wind biases, but not necessarily on other variables

biases, on atmospheric variability or at a regional scale.
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In summary, no strict recommendation can be made regarding the optimal methodological choice. Global aggregated per-

formance scores do not prejudge the outcome on other aspects of the model’s performance. The choice of an ERBC method450

appears to be similar to the choice of a driving GCM for downscaling exercises. A number of criteria, and ways to aggregate

them can be developed, but they all involve subjectivity. Plus, the user might choose the model (or its configuration) that gives

the best results in their region of interests or on a particular aspects, with no guarantee that the selection criteria were relevant.

Ongoing work to further reduce model bias includes new tuning strategies and methods, continuous improvement of physical

parameterizations, as well as the development of state dependent ERBC based on machine learning methods. Further work is455

also needed to assess the contribution to ERBC in AGCM in the case of dynamical downscaling. First studies showed the

benefit of using run-time bias-corrected boundary conditions in regional climate models, and these results must be confirmed

for more regions and more assessment criteria. It also remains an open question how much it would reduce the need of a

posteriori bias-correction for impact studies and/or improve its performance, for example on extreme events.

Code and data availability. Datasets used for the model validation are:460

– Copernicus Climate Change Service (2023): ERA5 monthly averaged data on pressure levels from 1940 to present. Copernicus Climate

Change Service (C3S) Climate Data Store (CDS). DOI: 10.24381/cds.6860a573 (Hersbach et al., 2023)

– Copernicus Climate Change Service, Climate Data Store, (2024): ERA5 post-processed daily-statistics on pressure levels from 1940

to present. Copernicus Climate Change Service (C3S) Climate Data Store (CDS), DOI: 10.24381/cds.50314f4c (Muñoz Sabater et al.,

2024)465

– Copernicus Climate Change Service (2021): precipitation monthly and daily gridded data from 1979 to present derived from satellite

measurement. Copernicus Climate Change Service (C3S) Climate Data Store (CDS). DOI: 10.24381/cds.c14d9324 (Huffman et al.,

2024)

Configuration files and model code changes, scripts and model output data used to plot the graphics are available on Zenodo under doi:

10.5281/zenodo.18955446 (Champouillon, 2026a). The modipsl code infrastructure required to compile the codes, including the full model470

code (in particular LMDZ v6.3 but also ORCHIDEE and XIOS), is available on Zenodo under doi:10.5281/zenodo.17381281 (Champouillon,

2026b). Note that the full LMDZ code can be downloaded via https://lmdz.lmd.jussieu.fr/ and that Champouillon (2026a) contains the

additional and modified Fortran code needed for the iterative bias correction method as well as the state-dependent bias correction method.

Appendix A: Details of the procedure to derive BC terms

A1 Cyclostationary time average of nudging increments475

In the nudged simulations, the model is relaxed every 6 hour towards the reanalysis and increments δ are saved. To preserve

the diurnal cycle, the four moments of the day are treated separately. A multi-year daily mean is applied to the time series of

increments, followed by a 20-day moving mean to smooth the resulting annual cycle. This yields for a day of the year D and

an hour of the day H at a grid point p:
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Figure A1. Definition of the 12 regions of the Earth used to determine weather types.

GN (D,H,p) =
1

20

10∑

k=−9

1

ny

∑

t∈Γ(D+k,H)

δ(t,p)

where :480

– ny is the length in years of the nudged simulation

– Γ(D,H) = {t | d(t) =D, h(t) =H} where d(t) (resp. h(t)) is the day of the year (resp. hour of the day) associated to

time step t.

A2 State conditional bias correction

The Earth is divided in 12 regions, as shown by Fig. A1, each treated independently. Based on the 500 hPa geopotential daily485

field, three weather types per month and per region are defined using a neural-network-based tool called self-organizing maps

(SOMs) (Kohonen, 2013). Within a region R, nudging increments of a month M are clustered according to the weather type

identified at the moment their were added. A BC “anomaly” is then constructed for each month and each weather type within

a region as the difference between the mean of nudging increments of month M falling into cluster W and the mean of all

nudging increments of month M :490

gcond(M,W ) =
1

nM,W

∑

t∈M∩W

δ(t)− 1

nM

∑

t∈M

δ(t)

where nM and nM,W are the number of increments respectively in the whole month M and in the cluster of weather type W

of month M .

In the BC simulation, before each addition of the correcting increments, the weather type is identified and the BC term is

computed accordingly. For a given time t, corresponding to the day of the year d(t), the hour of the day h(t) and the month

m(t), and a grid-point p, the weather type w(t,p) being identified, the BC term is given by:

GN (d(t),h(t),p)+ gcond(m(t),w(t,p))
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A3 Climate Adaptative Bias Correction

The CABCOR method requires a long adaptation simulation with increments updated each year of simulation. We implemented

the procedure as follows:495

– The first year, the models runs with no modification.

– At the end of year n, the model climatology is computed: X
Cn

– During year n+1, a tendency adjustment given by:

Cn+1 =
Xr −X

Cn

τ

is added to the prognostic equation of the targeted variables.

Xr is the reference climatology, in this case the multi-year monthly mean of ERA5. The model climatology at the end of

year n is computed as the multi-year monthly mean of the past n years. During the first 20 years of adaptation simulation, 1
τ500

evolves linearly from 1
1×104day−1 to its target value.

This adaptation simulation was run with repeated 1991 AMIP forcings. It was run 110 years and BC increments were given

by C30, C70, C110.

Appendix B: Additional figures
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Figure B1. Annual zonal mean of zonal wind correction terms.
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Figure B2. Annual zonal mean of meridional wind correction terms.
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Figure B3. Effect of BC on mean zonal temperature. Only the lowest panel represents temperature bias with respect to ERA5 in the free

simulation. The rest shows the difference with the free simulation.
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Figure B4. Effect of BC on T2m,land. Except for the free simulation, maps show the difference in T2m,land (shading) and the difference in

wind vector at 500 hPa (arrows) between BC simulation and free simulation. Only one out of three arrows are drawn. Arrows lengths are

proportional to the norm of the vector represented. For the CTRL simulation, the t2m bias with respect to ERA5 is represented.
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Figure B5. Effect of BC on precipitation. Except for the free simulation, maps show the difference in precipitation (shading) and the

difference in wind vector at 500 hPa (arrows) between BC simulation and free simulation. Only one out of three arrows are drawn. Arrows

lengths are proportional to the norm of the vector represented. For the CTRl simulation, the t2m bias with respect to ERA5 is represented.
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Figure B6. Effect of BC on annual mean blocking frequency in the Southern Hemisphere. Aside from the extreme right one, panels

show the difference in annual mean frequency of blockings between BC simulations and the free simulations. The extreme right panel shows

the annual mean bias in frequency of blockings of a CTRL simulation with respect to ERA5 as well as ERA5’ frequency represented by

black contours. RMSEs indicated on top of each panel correspond to the RMSE of the simulation with respect to ERA5.
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Figure B7. Ratio of moving RMSE of wind at 500 hPa of BC simulations over the CTRL one (top 6 panels) and moving RMSE of

wind at 500 hPa of a CTRL simulation (lower panel). RMSE in a grid point corresponds to the RMSE within the circle with a radius of

2,000 km around it. A circle centered at 0°W-45°N, with radius 2,000 km is drawn on the lowest panel.

32

https://doi.org/10.5194/egusphere-2026-1380
Preprint. Discussion started: 29 May 2026
c© Author(s) 2026. CC BY 4.0 License.



60°S
30°S

0°
30°N

60°N
BC(N1d)/CTRL BC(N2d)/CTRL BC(N3d)/CTRL

60°S
30°S

0°
30°N

60°N
BC(N1d-it2)/CTRL BC(N3d-it2)/CTRL BC(N1d-cond)/CTRL

180° 60°W 60°E 180°
60°S

30°S
0°

30°N
60°N

BC(CA1d-y30)/CTRL BC(CA1d-y70)/CTRL

180° 60°W 60°E 180°

BC(CA1d-y110)/CTRL

180° 60°W 60°E 180°
60°S

30°S
0°

30°N
60°N

CTRL

0.05

0.25

0.45

0.65

0.85

1.05

ra
tio

0.5
0.7
0.9
1.1
1.3
1.5
1.7
1.9
2.1

m
 s

1

Figure B8. Ratio of moving RMSE of wind at 500 hPa of BC simulations over the CTRL one (top 6 panels) and moving RMSE of

wind at 500 hPa of a CTRL simulation (lower panel). RMSE in a grid point corresponds to the RMSE within the circle with a radius of

3,000 km around it. A circle centered at 0°W-45°N, with radius 3,000 km is drawn on the lowest panel.
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