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Abstract. Run-time bias corrections of atmospheric circula-
tion models can be based on nudging (Newtonian relaxation)
to an atmospheric reanalysis. In this case, the time incre-
ments of selected state variables are modified by adding the
nudging terms obtained with an uncorrected version of the
model. This is a well-known method to improve the mod-
els’ representation of large-scale circulation patterns. In this
work, we propose and evaluate a variant of this method,
consisting of iterative nudging: the corrected model is it-
self nudged towards the reanalysis, and the resulting nudging
terms are added to the initial ones to calculate the new, iter-
ated correction terms. This procedure can be iterated an ar-
bitrary number of times. Evaluating the LMDZ atmospheric
general circulation model (AGCM) for a varying number of
iterations of nudging to the ERAS reanalysis for the period
1981-2000, we show that the simulated large-scale circula-
tion patterns over the period 2001-2020 are consistently im-
proved when the bias correction procedure is iterated com-
pared to the non-iterated original procedure. However, signs
of over-correction appear after about three iterations.

1 Introduction

Despite constant and continuing progress over several
decades, climate models (in a broad sense, ranging from
Earth System Models to limited-area dynamical atmospheric
circulation models) still exhibit biases in their representation
of current climate and of large-scale indicators of climate
change (Eyring et al., 2021; Arias et al., 2021). Nevertheless,

in the face of rapid climate change and its increasingly detri-
mental impacts, climate models remain the primary source
of information to quantify future climate change from global
to regional scales (Lee et al., 2023). However, for most use
cases, run-time bias corrections of climate models, or bias
adjustments of their output, are necessary (Doblas-Reyes et
al., 2021; Ranasinghe et al., 2021).

The type of empirical run-time bias corrections (ERBC)
that is used in the present work has, to our knowledge, first
been described for atmospheric general circulation models
by Guldberg et al. (2005), building on earlier work with sim-
plified models (D’Andrea and Vautard, 2000) that already
contains the main ideas. In this approach, time increments
to the model’s state variables are corrected using terms de-
rived from the corrected increments that are obtained using
a simulation that is nudged to atmospheric analyses or, more
frequently, reanalyses (see Sect. 2). A number of studies have
used this approach, or slight variations thereof (e.g., Bloom et
al., 1996), to reduce systematic model errors in a weather or
seasonal prediction context (e.g., Kharin and Scinocca, 2012;
Chang et al., 2019).

Nudging as such, without the additional ERBC step build-
ing on it, is a frequently used technique for climate model
evaluation (e.g., Sun et al., 2019; Zhang et al., 2022; Pithan
et al., 2023). Notably, despite the frequent use of nudging in
climate models, the specific implementation strategy and pa-
rameter choices (in particular, the nudging strength) need to
be carefully chosen and evaluated (e.g., Zhang et al., 2014).

Here we use the nudging-based ERBC approach to reduce
climate model biases with the explicit intention to produce
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bias-corrected climate projections as, for example, in Krin-
ner et al. (2019). In a perfect model framework, the nudging-
based ERBC approach has been shown to substantially im-
prove simulated future climate projections (Krinner et al.,
2020). Together with the fact that even in the context of a
strong climate change (4xCO,), large-scale climate model
bias patterns have been shown to be stationary to a high de-
gree (Krinner and Flanner, 2018), this justifies the use of
this method, for example, for projections of future Antarc-
tic climate on a centennial time scale (Krinner et al., 2019;
Beaumet et al., 2019). Compared to post-hoc bias adjustment
of climate model output, a potential advantage of run-time
bias corrections is that the improved large-scale circulation
patterns can lead to a more physically consistent multivari-
ate representation of climate change. Moreover, even if the
output of a climate model using such a run-time bias cor-
rection method may require further statistical bias correction
because necessarily some biases remain (e.g., Scinocca and
Kharin, 2024), a better representation of large-scale circula-
tion patterns may help avoid pitfalls of post-hoc statistical
bias corrections linked to the misplacement of critical circu-
lation features (e.g., Hall, 2014; Maraun et al., 2017).

Nudging-based run-time bias corrections only partly elim-
inate model biases. Root mean square error (RMSE) reduc-
tions of about 30 %—50 % are typical for this method (Krin-
ner et al., 2020; Scinocca and Kharin, 2024), depending on
the model and the assessed variable. This is the main reason
why in this paper, we examine the question whether an iter-
ative application of this method can lead to a more effective
bias reduction. However, as with any model tuning or bias
correction, care has to be taken to avoid over-correction of
model biases. The aims of this paper are therefore (a) to de-
scribe the iterative bias correction procedure implemented in
the LMDZ6 atmospheric GCM (Hourdin et al., 2020); (b) to
evaluate the simulated present-day climate in the uncorrected
model and for a varying number of iterations of the correc-
tion procedure; (c) to determine limits of the procedure, in
particular by identifying possible signs of over-correction.

The next section describes the iterative run-time bias cor-
rection method and the simulations carried out to test it. We
then present results for circulation-related variables on large
spatial and varying temporal scales, and discuss the potential
of the method and its limitations, as well as limitations of the
present work.

2 Methods

2.1 Iterative run-time bias correction

We start from the “classical” nudging-based run-time bias
correction method described by Guldberg et al. (2005). Fol-
lowing the notation used by Scinocca and Kharin (2024), the
original model increments for a state variable X (e.g. the
meridional or zonal wind component) are noted M(X, 7):
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39X =M(X,1). (D

When the model is nudged (Jeuken et al., 1996) to a
(re)analysis, these time-varying model increments become:

a—

X =M(X, 1)+

=No(X, 1), 2)

where X, denotes the reanalysis state variable, t the nudg-
ing timescale (here, 1d), and Ny the nudged version of the
model. The influence and the choice of the nudging time
constant is discussed in Sect. 4.2. The nudging strength is
reduced to O near the surface (using a hyperbolic tangent fac-
tor transitioning from close to 1 to close to O over a range of
about 500 m around 1500 m above the surface, and similarly
at the upper limit of the atmosphere (beyond 5 hPa)).

The climatological nudging increments Go = (X, — X)/t
(the overbar denoting a cyclostationary time average, taking
into account seasonal and daily cycles) are then used in a
bias-corrected simulation denoted Cy:

X =M(X,t)+ Go=Co(X,1), 3)

where Gy is a function of space (latitude, longitude and ver-
tical level) and time (day of the year). To reduce the high-
frequency weather noise generated by averaging over only
20 years for any given day of the year, we apply a 20d
running-mean average to the final correction terms, but pre-
serve the mean daily cycle.

Until this stage, this is, as stated, the “classical” run-time
bias correction method described by Guldberg et al. (2005).

We can now simply iterate this procedure for a first time,
using the initial corrected model Cyp:

Xa—

3 X =Co(X,1)+

=Ni(X,1). “)

Here, Nj stands for the first iterated nudging. The
cyclostationary climatological nudging increments G| =
(Xa — X) /7 of this first iteration are then added to the ini-
tial correction terms Go: Go+1 = Go + G1. The first iterated
corrected model run C; then uses these combined correction
terms:

%X =M(X,1)+ Goy1 = Ci (X, 1). 5)

This iteratively corrected model can then again be nudged
to the (re)analysis. In general terms, the nth iteration of the
bias-corrected model is then given by:

8 X =M(X,1) + Gos14..+n = Cu(X, ). ©6)

Because the nudging timescale t is of the order of days
(here, 1 d) and the model timestep of the order of minutes, the
initial correction term G derived from Eq. (2) only partially
offsets the model’s systematic drift relative to the reanal-
ysis. Similarly, the subsequent correction terms Go4 and
more generally Go41+. 4+n only partially offset this system-
atic drift. The question of potential convergence is addressed
in Sect. 3.1.
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2.2 Simulations and analysis

We use the LMDZ6 AGCM (Hourdin et al., 2020) at low res-
olution (96 (longitude) x 95 (latitude) horizontal grid points
and 79 vertical levels), coupled to the ORCHIDEE land sur-
face model (Krinner et al., 2005). The model is nudged to-
wards the ERAS reanalysis (Hersbach et al., 2020) for the
period 1981-2000 (plus the year 1980 for model spinup).
Only the meridional and zonal wind components above about
P =0.85P; (where P and Ps are the atmospheric pressure
at a given level and at the surface, respectively) are nudged
towards ERAS with a time constant of 7 = 1 d in the nudged
simulations N; (i = 0...3). The corrected simulations C; (i =
0...3) and the uncorrected control simulations, denoted M,
are run for the evaluation period 2001-2020 (plus the year
2000 for model spinup), distinct from the nudging period.
These simulations are run twice, starting in 2000 with vary-
ing initial conditions. For these simulations we use atmo-
spheric states obtained from other uncorrected LMDZ simu-
lations for the years 1995 and 2000, respectively, and discard
the first year of the integration as spinup, as just mentioned.
The presented results for these simulations M and C; are the
average of these 2 x 20 = 40 model years. Table 1 provides
a summary of the simulations described in this work.

In the Discussion, we briefly refer to one additional itera-
tively bias-corrected, supplementary test simulation that uses
a nudging timescale of t =3d.

Evaluation is carried out against 2001-2020 ERAS circu-
lation characteristics such as climatological mean biases for
meridional (v) and zonal (x) wind at selected standard pres-
sure levels (850, 500 and 200 hPa), mean sea-level pressure
biases, interannual patterns of sea-level pressure variability
using empirical orthogonal functions, blocking frequencies
(Davini et al., 2012; Palmer et al., 2023) based on 500 hPa
geopotential indices, band-pass (between 2.5 and 7d) sea-
level pressure variability linked to storm track location and
intensity (Chang, 2009), and frequencies of synoptic weather
patterns using 5 x 4 self-organizing maps (Kohonen, 1982) of
hemispheric extratropical (polewards of 40° N and S) daily-
mean geopotential heights. Furthermore, the amplitude of the
u and v correction terms is analyzed to evaluate convergence
of the correction procedure.

Contrary to previous studies (Krinner et al., 2019, 2020),
we refrained from bias-correcting atmospheric temperatures
because we have realized that run-time temperature bias cor-
rections in the LMDZ AGCM destructively interfere with
the physical parameterizations in the tropics. In particular,
the temperature corrections significantly reduce a large-scale
tropospheric cold bias in the model, leading to reduced con-
vective instability and thus to reduced simulated convective
activity, accumulation of water vapour in the atmospheric
boundary layer, and a substantial surface energy flux im-
balance linked to reduced surface evaporation and increased
downwelling longwave radiation.
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3 Results
3.1 Nudging and correction increments

The amplitude of the nudging increment decreases for higher
iterations, as shown in Fig. 1 for the zonal mean absolute
zonal wind nudging increments. While the spatial patterns
are broadly similar for all simulations N;, the amplitude of
the nudging increments decreases by approximately a factor
of 2-3 from N to N3. Contrary to the nudging increments,
which decrease, the amplitude of the bias correction incre-
ments applied in simulations C; increases for higher itera-
tions, as the correction increments G .. 4; for simulation C;
are the sum of the average nudging increments of Ny to N;
(see Eq. 6). The spatial structure of the bias correction incre-
ments Go+.. +; also remains similar for the successive itera-
tions C;, but for the higher iterations it is not a simple spa-
tially constant multiple of the initial correction increments
Gy used for Cp, as shown by the ratio of the zonal mean
absolute zonal wind correction increments between Go4 .. 43
and Gy, displayed in Fig. 2. Instead, this ratio has distinctive
spatial structures varying in space and in time through the
annual cycle (not shown), indicating that the iterative proce-
dure is not identical to a simple uniform amplification of the
initial correction. We interpret this as being linked to the non-
linear and non-local nature of the atmospheric system, where
the bias corrections implemented during a correction step can
increase tendency errors elsewhere, which are then corrected
during the next iteration, and where spatially unequal bias
reduction at one iteration can also lead to modified tendency
errors, and thus subsequent bias reduction, in the following
iteration.

Do these successive correction terms converge towards
some “final” correction term? Figure 1d shows that the nudg-
ing increments in the third iterated nudging step N3 do not
vanish, although they are substantially weaker than in Ny
(Fig. 1a). The global mean of the absolute zonal wind nudg-
ing tendencies (in January, to be consistent with Fig. 1) is
0.50ms~!'d~! for Np, 0.35ms~'d~! for N;, 0.29ms~'d~!
for Np, and 0.26 ms~! d~! for N3. This means that the inten-
sity of the remaining nudging tendencies decreases at higher
iterations, but convergence towards potentially vanishing fi-
nal nudging tendencies is still far away after 3 iterations. The
combined correction terms arising from the sum of these ab-
solute zonal wind nudging tendencies have global mean val-
ues of 0.50ms~1d~! for Gy (because Gy is identical to the
mean nudging tendencies of Ny), 0.83ms~'d~! for Go+1,
1.09ms~1d™! for Got142, and 1.30ms~'d~! for Goy. 43,
and are thus somewhat lower than the corresponding sums
of the global mean of the absolute zonal wind nudging ten-
dencies (which would be 0.5, 0.85, 1.14 and 1.40ms~!'d~!,
respectively), indicating that some local-scale compensation
occurs between different iterations, as already shown by
Fig. 2.
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Table 1. Simulations discussed in detail in this work.
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Simulation  Type Period

M Uncorrected, free-running 2001-2020 (2 runs)
No Uncorrected, nudged to ERAS 1981-2000

Co Corrected using Ny, free-running 2001-2020 (2 runs)
N; Corrected using N, nudged to ERAS 1981-2000

Cy Corrected using N + Ny, free-running 2001-2020 (2 runs)
Ny Corrected using N + Ny, nudged to ERAS 1981-2000

Cy Corrected using Ng + N + N, free-running 2001-2020 (2 runs)
N3 Corrected using Ng + Ny + Np, nudged to ERAS 1981-2000

C3 Corrected using Ng + N + Ny + N3, free-running  2001-2020 (2 runs)

a) absuwnd Ng

20000

40000

60000

Pressure (Pa)

80000

100000 T T
—80

Latitude (N)

c) absuwnd N,

Pressure (Pa)
g
g
3
1 1

100000 T T T T T T T T T

Latitude (N)

b) absuwnd Nj

20000

40000

80000

Pressure (Pa)

80000

100000

T
Latitude (N)

d) absuwnd Nx

.
S
=
2
=]
Il

Pressure (Pa)
3
g
3
1 1

T
Latitude (N)

100000 T T T

Figure 1. Zonal mean absolute zonal wind nudging increments (in ms~! d_l) calculated from (a) Ng (used in Cyp); (b) Ny; (c) N»; (d) N3,

average for January 1981 to 2000.
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Figure 2. Ratio of the zonal mean absolute zonal wind bias correc-
tion terms (averages for January 1981 to 2000) between those used
in C3 (bias correction terms G4 4+3) and those used in Cy (bias
correction terms Gg). Values between 100 000 and 85 000 Pa are not
shown in the lower part of the figure. They are not relevant as, by
construction, the absolute values of the increments vanish at these
altitudes (see Fig. 1).

3.2 Mean errors

Plots for wind bias reductions obtained with the standard bias
correction method and its successive iterations are provided
in Fig. 3 (maps for u# at 500 hPa) and in Fig. 4 (zonal means
for u and v). Figure 3 displays the 1981-2000 annual mean
bias of the zonal wind component at 500 hPa for the different
simulations. Figure 4 displays, in each of its two panels, the
ratio of the 1981-2000 RMSE in each of the corrected sim-
ulations C; (i =0,...,3) and the RMSE of the uncorrected
control simulation M: RMSE(C;)/RMSE(M), for the annual
mean of the zonal (a) and meridional (b) wind speed, where
the RMSE is calculated with respect to ERAS.

By construction, mean wind biases at various levels in
the atmosphere are decreased in the corrected simulation Cq
compared to the uncorrected control simulation M. Relative
to M, the RMSE of the zonal and meridional wind compo-
nents u# and v is decreased by ~ 20 % near the atmospheric
boundary layer (where no correction is applied) to ~ 60 %
(for u) at 200 hPa. When the correction procedure is iterated
once (simulation Cy), a further substantial RMSE reduction
is obtained. In most cases except close to the atmospheric
boundary layer, no substantial further improvement is ob-
tained in subsequent iterations of the correction procedure.

In the absence of run-time temperature corrections in this
study, substantial large-scale air temperature biases remain in
our wind-only corrected simulations C; (see Fig. 5). While
the wind corrections lead to improvements in the zonal-
mean temperature simulation in the upper atmosphere, above
~ 300 hPa, the bias reduction is only modest below this level.
In addition, further bias reduction between 200 and 300 hPa

https://doi.org/10.5194/gmd-19-4961-2026
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in polar regions during higher iterations (> 2) of the bias
correction procedure come at the expense of a degradation
of the simulated temperature patterns at these latitudes at
about 150 hPa. Because the wind corrections act through the
model dynamics, its influence on temperature is expected
to arise primarily through dynamical balance (e.g. ther-
mal wind, geostrophic and hydrostatic adjustment), which
constrains horizontal temperature gradients rather than the
global-mean temperature at a given pressure level. As a re-
sult, wind-only bias correction can reasonably be expected
to improve regional temperature anomalies about the level-
wise global mean while leaving the global-mean tempera-
ture largely unaffected, since the latter is controlled by the
column-integrated energy balance and model physics. There-
fore, when for a given pressure level the global mean bias
is accounted for (i.e. subtracted, yielding a centered temper-
ature T =T — AT, where AT is the global mean temper-
ature bias at a given atmospheric level), the remaining re-
gional bias patterns are reduced in the corrected simulations
except very close to the surface, as can be seen in Fig. 6 that
displays the RMSE of this centered temperature 7. In this
case the iterative run-time bias correction procedure leads
to further improvement in most parts of atmosphere above
about 900 hPa (with the exception of a small degradation of
the biases at about 850 hPa, which are already not well cor-
rected in Cp, and an already-mentioned degradation at about
150 hPa). This means that, while the global mean tempera-
ture biases — predominantly cold below about 150 hPa and
very likely caused by deficiencies in the model physics —
are not corrected, regional-scale temperature bias patterns are
smoothed because of the corrected model dynamics.
Sea-level pressure biases are only weakly reduced in our
simulations that only bias-correct wind patterns. In Cop, the
global RMSE of the annual mean sea-level pressure (with
respect to ERAS) is reduced by 10 % compared to the uncor-
rected control simulation M, and iterations of the bias correc-
tion method only lead to insignificant overall improvements
(the reduction compared to M is 13 % for simulation C3). The
weak correction of sea-level pressure errors is in contrast to
earlier results for the Southern Hemisphere obtained using
run-time temperature corrections (Krinner et al., 2019).

3.3 Monthly to interannual circulation variability

As stated, building on cyclostationary correction terms, the
run-time bias correction procedure used here is, by construc-
tion, designed to better represent climatological mean values
of the corrected variables. However, it is certainly of equal
importance to assess whether these run-time bias corrections
also improve the way the model represents circulation vari-
ability on different timescales.

The dominant patterns of interannual variability of
monthly circulation structures are indeed more realistically
depicted in the corrected simulations Cg than in the uncor-
rected control simulations M, and even more so in simu-

Geosci. Model Dev., 19, 4961-4975, 2026



4966

G. Krinner et al.: Iterative run-time bias corrections

,_,, a) u500-m mean bias (m/s)

N

c) u500-c1 mean bias (m/s)

Figure 3. Annual mean 500 hPa zonal wind mean bias with respect to ERAS (in msfl), for different simulations. (a) Uncorrected control
simulation M; (b) corrected simulation Cg; (c) first iterated corrected simulation Cy; (d) second iterated corrected simulation Cy; (e) third

iterated corrected simulation Cj.

lations with iterated run-time bias corrections (C;_3). This
can be seen in Table 2 that displays the seasonal squared
spatial Pearson correlation coefficient 72 between simu-
lated (LMDZ) and “observed” (ERAS5) dominant modes
of monthly 500hPa geopotential anomalies, as identified
by principal component analysis for the different corrected
model runs C;, relative to the corresponding squared spa-

Geosci. Model Dev., 19, 4961-4975, 2026

tial correlation coefficient for the uncorrected control sim-
ulations M: R = ré_ / "1%/1-

Only seasons for which the first principal component ex-
plains more than 40 % of the variance in the ERAS dataset
are retained here in order to restrict the analysis to the most
stable and physically meaningful patterns. Although the 20-
year observational period might be a bit short and could be
the reason for some remaining noise in the results reported in
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Figure 4. Annual mean of monthly mean RMSE (with respect to
ERADY) for zonal (a) and meridional (b) wind, for the corrected sim-
ulations Cy—C3, relative to the same quantity for the uncorrected
control simulation M. Values below 1 indicate that the RMSE in the
corrected simulations C; is smaller than the RMSE of the uncor-
rected control simulation M.

Table 2 — the tendencies for a given season and hemisphere
from Cy to C3 are not always steady —, it seems that an iter-
ation of the run-time bias correction leads in most cases to a
better representation of the interannual circulation variability
patterns. The results reported here are obtained for the total
40 years of the two 20-year runs of each experiment C;, but
the results for individual 20-year runs of these experiments
are very similar, increasing the confidence in the robustness
of the results. Furthermore, the squared correlation coeffi-
cients overall increase between C; and C,.

3.4 Short-term circulation variability

Diagnostics of short-term atmospheric circulation variabil-
ity indicate an overall positive impact of the wind-based bias
corrections for spatial means of bandpass-filtered extratropi-
cal winter sea-level pressure variability and average blocking
frequencies (Table 3), but there is no clear improvement over
multiple iterations of the correction procedure.

The winter short-term (2.5-8 d) mid-latitude (40-60°N
and 40-60° S) sea-level pressure variability, diagnosed from

https://doi.org/10.5194/gmd-19-4961-2026
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Table 2. Squared spatial correlation coefficient r2 between the cor-
rected LMDZ runs C; (i =0,...,3) and ERAS, for the first EOF
of monthly extratropical (30-90° latitude) variability of the 500 hPa
geopotential height (¢500 hpa) for selected seasons and hemispheres,
2001-2020, relative to the corresponding squared correlation coef-
ficient rl%/[ of the uncorrected control simulation M: R = rzi /rlg/[.
Only cases for which the variance explained in the ERAS reanaly-
sis exceeds 40 % are shown. The squared spatial correlation coeffi-
cient for the uncorrected control simulation M, rf,[, is given in the
last column for reference. The corrected simulation with the highest
relative rZ is bolded (although differences between simulations are
not necessarily significant).

Hemisphere and season R=r? / rl%/[ rl%/I
Co Cy Cy Cs

30-90° N, MAM .19 119 1.12 1.14 0.56

30-90°N, SON 1.06 1.15 121 124 047

30-90°S, DJF 1.03 096 1.03 101 0.76

30-90°S, JJA 1.13 124 124 125 054

30-90°S, SON .12 123 124 1.18 049

Table 3. RMSE of selected model results, calculated with respect
to ERAS (2001-2020) and normalized with respect to the uncor-
rected control simulations M, for high-frequency circulation-related
quantities. 0 5-84 (Pms]): bandpass-filtered (between 2.5 and 8 d)
sea-level pressure standard deviation between 40 and 60° latitude
in both hemispheres, limited to grid points below 1000 m surface
height; fg: annual mean frequency of blocking situations (based
on daily mean 500 hPa geopotential height) between 30 and 75° N
and S; fg: individual frequencies of the 20 most representative
hemispheric extratropical large-scale synoptic situations based on
daily 500 hPa geopotential maps. The simulation with the lowest
RMSE of the corrected simulations is bolded (note however that
values > 1 indicate that the model performance is degraded with
respect to the uncorrected control simulations M). Differences be-
tween simulations are not necessarily significant.

Variable C¢ C G G

025-84 (pms)) (DIJF40-60°N)  0.94 097 1.00 0.94
025-8d (Pms)) JJA 40-60°S) 096 096 1.06 1.03

/B (30-75°N) 0.83 0.86 0.69 0.75
/B (30-75°S) 1.18 1.09 1.06 1.08
fs (DJF 40-90°S) 1.14 124 109 1.07
fs (JJA 40-90°S) 1.14 1.14 1.04 1.15
fs (DJF 40-90° N) 0.76 091 0.79 0.86
fs (JJA 40-90°N) 088 1.01 1.03 0.95

the temporal standard deviation of sea-level pressure from its
seasonal mean (07 5-84, using a bandpass filtering in the fre-
quency domain, and limited to grid points with surface height
below 1000 m) shows no consistent improvement, and even
slight degradation, for the iterated corrections C;_3 com-
pared to the simple non-iterated bias correction applied in Cy.
However, the short-term pressure variability is overall better

Geosci. Model Dev., 19, 4961-4975, 2026
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Figure 5. Zonal and annual mean temperature biases of the control simulations M (a) and the corrected simulations Cp—C3 (b—e) against

ERAS (°C).
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Figure 6. Annual mean of monthly mean RMSE (with respect to
ERAS) of the centered air temperature T (see text), for the corrected
simulations Cy_3, relative to the same quantity for the uncorrected
control simulation M, with global mean bias for the respective level
subtracted. Values below 1 indicate that the RMSE in the corrected
simulations is smaller than the RMSE of the uncorrected control
simulation.

depicted in the corrected than in the uncorrected control sim-
ulations.

Blocking anticyclones are a significant atmospheric phe-
nomenon, although there is not one standard accepted def-
inition (Lupo, 2021). Here we follow the widely used def-
inition by Davini et al. (2012): Blocking events are diag-
nosed at a given point in time and space based on the re-
versal of the meridional gradient of geopotential height mea-
sured at 500 hPa, extending over at least 15° of continuous
longitude, and persisting within a 5° latitude x 10° longi-
tude box centered on a given grid point for at least 5d. We
then calculate the annual mean frequency of these events for
each grid point, and calculate the spatial RMSE E of these
frequencies compared to ERAS. For each corrected simula-
tion, the ratio between Ec, for that simulation and Ey of the
uncorrected control simulation is then computed, yielding a
score fgp = Ec;/Ewm. While the iterated procedure seems to
improve the model score for the 30-75° N annual and spa-
tial mean blocking frequency, (i.e., fg (30-75°N) < 1), with
best results obtained for 2 and 3 iterations, the bias-corrected
simulations show degraded performance compared to the un-
corrected control simulations (i.e., fg (30-75°S) > 1) in the
Southern Hemisphere (30-75° S). However, in the Southern
Hemisphere, the iterated bias correction procedure leads to
less degraded performance compared to a single bias correc-
tion in Cy.
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In the Southern Hemisphere, the mean RMSE of the fre-
quencies of typical hemispheric-scale daily circulation pat-
terns, as identified using 20 (5 x 4) self-organizing maps for
each season (DJF and JJA) and denoted as fs in Table 3, is
slightly degraded in the corrected simulations compared to
the uncorrected control simulation (see fs for 40-90°S in
the table). Frequency errors are increased by about 15 % on
average compared to the uncorrected control simulation. It-
erations of the bias correction procedure (Cy__3) do not show
any consistent change (neither improvement nor degrada-
tion) compared to the non-iterated bias correction applied in
Cy, even if C, and C3 show the least degradation in JJA and
DIJF, respectively, compared to Cp. In the Northern Hemi-
sphere, the non-iterated bias correction Cy procedure pro-
duces the best results of all simulations (including the un-
corrected control simulation M). In other words, while the
bias correction method appears to improve the model perfor-
mance in this particular respect, iterating the bias correction
procedure does not lead to further improvement of the fre-
quency of the simulated main synoptic weather patterns (see
fs for 40-90° S in the table).

Overall, taking these diagnostics together, the wind bias
correction does lead to a modestly improved representation
of short-term atmospheric circulation variability, but iterat-
ing the bias correction procedure does not necessarily lead to
clear further improvement. We note that in the cases where
the model performance is degraded by applying the bias cor-
rection once (that is, Co shows degraded performance relative
to M), iterating the bias correction can lead to improved (less
degraded) results.

4 Discussion

4.1 Limitations linked to the design of the model
simulations

4.1.1 Simulation periods: Length of the calibration and
evaluation periods

We made the choice in this study to calibrate the bias-
correction terms over the 1981-2000 period and to evalu-
ate the effect of the bias correction for the out-of-sample
period 2001-2020. This means that both periods only cover
20 years, albeit with two model realizations for the evaluation
runs. Although 20 years is today often considered to be a rea-
sonably long evaluation period — see for example the IPCC
AR6 WGI model evaluation chapter (Eyring et al., 2021) —,
one might wonder whether a longer calibration period would
lead to substantially different results. However, there is a def-
inite risk of over-correction when too long a calibration pe-
riod is used, if only because this limits the possibility for
out-of-sample testing. Of course this does not mean that a
longer calibration period of 30 years would not be preferable
when applying this method, as long as the conclusions for

Geosci. Model Dev., 19, 4961-4975, 2026



4970

the experiment setup that have been drawn here with clear
out-of-sample evaluation are kept in mind.

4.1.2 Model resolution

These simulations have been carried out at a rather low
horizontal resolution of 3.75° (longitude) x 1.875° (lati-
tude), lower than the standard IPSL-CM6A-LR setup used
in CMIP6 (Bonnet et al., 2021) with its 2.5° x 1.25°. How-
ever, the vertical resolution, with 79 levels, corresponds to
the standard CMIP6 setup for this model in order to reduce
the need for re-tuning of the physical parametrisations. The
reason for this choice is of course computational efficiency.
Many model biases have similar structures at varying res-
olution, even if their amplitude can vary. The point here is
to evaluate the benefit of iterated run-time bias corrections,
rather than an optimum model setup with as weak as possi-
ble initial model biases. We are therefore fairly confident that
our main results and conclusions remain valid at a higher hor-
izontal resolution.

4.1.3 Choice of bias-corrected variables

Focusing on polar regions (Krinner et al., 2019), previous
studies with empirical run-time corrections of wind and tem-
perature in the LMDZ AGCM have yielded promising re-
sults. However, at least with the most recent version of the
LMDZ AGCM, we have found strong detrimental effects of
temperature corrections in the lower latitudes. As shown in
Fig. 5, LMDZ has a wide-spread cold bias of about 2 °C in
the mid-troposphere. Empirical run-time corrections of this
bias physically correspond to an additional radiative heating.
As mentioned before (Sect. 2), we suspect that this leads to a
weakening of the temperature lapse rate and reduced convec-
tive activity. As a result, humidity accumulates in the lower
troposphere, which reduces the upwards surface latent heat
flux on large scales, in particular over the oceans, and the
(approximate) global surface energy balance is strongly per-
turbed — in an ocean-atmosphere coupled model, this would
lead to a very strong oceanic warming exceeding by far the
observed oceanic heat uptake (von Schuckmann et al., 2023).

It is noteworthy that this destructive effect of empirical
temperature correction is highly model-dependent. For ex-
ample, no such effect has been noted in various versions
of the Canadian atmospheric model CanAM (Krinner et al.,
2020; Scinocca and Kharin, 2024). It is very likely that
the package of physical parameterizations in LMDZ causes
this cold bias, and at the same time counteracts temperature
ERBC because it was consistently developed and tuned to
comply with a certain set of observed metrics, on particular
TOA radiative fluxes (Hourdin et al., 2021). In this model,
complying with these radiative metrics appears to be in con-
tradiction with an absence of a pervasive cold bias in the mid-
troposphere, as tests of tuning strategies to eliminate the cold
bias did not yield satisfying results in terms of TOA radiative
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metrics. We have to leave this problem unsolved for future
work.

This motivated the choice to only bias-correct the wind
in this study. As a consequence, as shown above, the
widespread cold bias in the mid-troposphere is not corrected.
Of course this raises questions about the usefulness of such
bias-corrected simulations for driving limited-area models
for simulations of the present climate and projections. The
uncorrected large-scale cold bias of LMDZ would certainly
also lead to a cold bias in the nested limited-area model
which would, in most cases, not be able to correct for the bias
through its own, possibly less biased, radiative-convective
process representations, given the time scales of atmospheric
circulation involved (see Labonté et al., 2025; Scinocca et al.,
2025). If the aim of the bias-corrected simulations is to serve
as boundary conditions for a regional climate model, then the
relevant criterion will be the quality of the lateral boundary
conditions (u, v, T, q) provided to the regional model rather
than the internal physical behaviour of the global model, jus-
tifying temperature ERBC in LMDZ in spite of perturbed
physics. But the aim of the present paper is to present the
iterative ERBC method as such. Therefore, we limited the
ERBC here to the zonal and meridional wind components.

The choice to only correct the horizontal wind compo-
nents, and not other variables such as temperature or atmo-
spheric humidity, can make sense if one thinks of the partly
conceptual separation between model dynamics and physics.
The horizontal wind components, in particular above the at-
mospheric boundary layer, are quite directly determined by
the model dynamics. Atmospheric temperature and humidity,
in contrast, and in particular on large spatial scales, can be
seen as primarily determined by the model physics. One can
argue that the pervasive cold bias throughout the almost en-
tire mid-troposphere, partly “hidden” by stronger local tem-
perature biases caused e.g. by the latitudinal misplacement
of jet streams, should be preferably corrected by improved
model physics or specific tuning. In contrast, localized bi-
ases caused by the misplacement of circulation features are
often resolution-dependent and as such more obvious aims
for empirical run-time bias corrections limited to the horizon-
tal wind components. It can therefore make sense to separate
atmospheric circulation structures from other variables such
as temperature and humidity in bias-correction approaches.
The effect of misplaced circulation features (for example, a
misplaced storm track) often cannot be corrected a posteriori
(see an example by Maraun et al., 2017), while a posteriori
bias corrections of “physical” variables related to surface cli-
mate, such as temperature and precipitation, are quite usual.

4.2 Effect of the nudging time constant t
In studies using the nudging technique, the optimal choice
of the nudging time constant t, and more generally of tech-

nical choices in the implementation of the nudging pro-
cedure, has repeatedly been the object of attention (e.g.,
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Kruse et al., 2022; Zhang et al., 2022; Scinocca and Kharin,
2024). Tests of a range of different nudging time constants t
within the rather usual range between 1 and 3 d, both for the
non-iterated and the iterated bias correction procedure, have
shown that T = 1d overall yields the best results in our mod-
eling framework consisting of nudging wind in the LMDZ
AGCM (Champouillon et al., 2026), at least for the range
of time constants tested here. Scinocca and Kharin (2024)
show that under certain conditions small nudging time con-
stants (below T = 1d) can lead to strongly degraded ERBC
results. However, in a study of the effect of “classical” ER-
BCs on the simulation of the Antarctic climate (Krinner et
al., 2019), a nudging timescale of T = 6 h was used, substan-
tially less than that used here (tr = 1 d), and that in that study,
improvements of the simulated climate were shown across
all timescales, including high-frequency variability. We note
in this respect that the iterative procedure used here can be
seen as a method that leads to a stronger effective nudging,
as shown by the fact that the amplitude of the combined cor-
rection terms Gy 4+; for higher numbers i of iterations in-
creases (see Fig. 2). Additional systematic tests of the effects
of smaller time constants T < 1d in LMDZ are planned for
future studies.

Related to this question, it is interesting to ask whether an
iterated bias correction with a larger time constant T could
actually be a simple equivalent of a “classical” non-iterated
bias-correction with a correspondingly smaller time constant.
Figure 7 shows that this is not the case: it displays the ratio
between the bias correction increments in a “classical” non-
iterated simulation with T = 1d (as in the rest of the simula-
tions discussed in detail in this paper), relative to the incre-
ments used in a supplementary, twice iterated bias-corrected
simulation with T =3 d (which uses three nudging simula-
tions instead of only one). This clearly shows that the itera-
tion procedure is not equivalent to a non-iterated bias correc-
tion procedure with a correspondingly smaller nudging time
constant. A more detailed comparison of these simulations
with different nudging time constants and numbers of itera-
tions is provided in Champouillon et al. (2026).

4.3 Over-correction: Out-of-sample vs. in-sample
evaluation

An obvious risk of iterative bias correction procedures is
over-correction of model biases, leading to degraded or phys-
ically less meaningful results when the model is applied out-
side of the calibration period. To detect possible signs of
over-correction, the difference of the global mean RMSE
reduction in corrected simulations between the calibration
period (1981-2000, “in-sample”) and the normal evaluation
period (2001-2020, “out of sample”) is displayed in Fig. 8
for mean annual zonal and meridional wind speed at dif-
ferent levels in the atmosphere. The idea is that if, as the
number of iterations increases, the performance during the
out-of-sample period (2001-2020) is systematically degrad-
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Figure 7. Ratio of the zonal mean absolute zonal wind bias correc-
tion increments G (annual mean for 1981 to 2000) between those
used for Cy (noted G, with 7 = 1d, as in the rest of this paper)
and those used in a supplementary test simulation with twice iter-
ated bias corrections and T = 3 d (noted G6 1 Jr2). Values between
100000 and 85 000 Pa are not shown in the lower part of the figure.
They are not relevant as, by construction, the absolute values of the
increments vanish at these altitudes (see Fig. 1).

ing compared to the performance during the in-sample pe-
riod (1981-2000), then this means that the real added value
of additional iterations is decreasing. As Fig. 8 suggests, this
seems to be the case at least after three iterations. In that case,
while for several variables the in-sample score still continues
to increase, the out-of-sample score starts to decrease. This
is particularly the case for variables which have low over-
all bias reduction scores, for example the 700 hPa meridional
wind. The difference between the evolution of the in-sample
and the out-of-sample scores is weaker for variables which
have strong bias correction scores, such as the 200 hPa zonal
wind.

It therefore seems that after about three iterations of the
bias-correction method, the performance during the out-of-
sample period is degrading compared to the performance
during the in-sample period, in particular for variables for
which still some potential for correction is left. As a precau-
tion, we interpret this as a sign of over-correction, suggesting
that two iterations of the bias correction method should be the
maximum number in practical applications.

It is possible, however, that there is some interference be-
tween possible over-correction and the fact that the study pe-
riod, 1981-2020, is a period of strong climatic change. Al-
though it has been shown before that nudging-based ERBC
remains valid under strong climate change (Krinner et al.,
2020), part of the performance over the 2001-2020 period
might therefore be influenced by the climate change signal.
One could, as an additional test, use 2001-2020 as the ERBC
calibration period and 1981-2000 for validation, or use pair
years between 1981 and 2020 for the ERBC calibration and
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Figure 8. Comparison of bias reduction compared to the uncor-
rected control simulation M (in %) between different evaluation
periods. (a) Bias reduction for in-sample and out-of-sample peri-
ods, for each variable; (b) Difference between in-sample and out-
of-sample periods, for a given variable. As the model is nudged
during the years 1981-2000, the period 1981-2020 corresponds to
in-sample evaluation (noted “In”), while 2001-2020 corresponds to
out-of-sample evaluation (noted “Out”).

odd years of the same period for out-of-sample testing. How-
ever, the main motivation for our use of various ERBC ap-
proaches is to eventually use it in climate change simulations.
In that sense, evaluating the effect of the bias corrections in
a climate that is warmer than the calibration period, but still
known, is a relevant test for the intended use of the ERBC
approach.

4.4 Persistence and attenuation of bias patterns

We have shown that globally the mean biases are progres-
sively reduced during the iteration of the bias correction,
at least until the point when over-correction starts to occur.
However, it is clear that the overall structure of the bias pat-
terns is robust, as can be seen very clearly for example in
Fig. 3. This is not surprising, as climate model bias patterns
are quite persistent even under strong climate change (Krin-
ner and Flanner, 2018; Krinner et al., 2020).
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What is noteworthy nevertheless is that the strength of at-
tenuation of mean biases is to some degree spatially variable.
For example, while Fig. 3 shows a steady decrease of the
annual mean 500 hPa zonal wind mean bias in the South-
ern Indian Ocean with increasing number of iterations of the
bias correction, the corresponding bias pattern over Western
Europe (positive over the Mediterranean and negative over
North-western Europe) quickly stabilises, and is even ampli-
fied in simulations C; and C3 relative to Cg and C;. Similarly,
while biases continue to decrease over the North Pacific, they
already start to re-increase in simulation C, over the South
Pacific. The reasons for regional persistence of biases are
not clear, and they probably are region-specific. It is for ex-
ample possible that these regionally varying behaviours are
linked to region-specific factors such as topography, or that
they are caused by teleconnection patterns in interaction with
error compensation (in the sense that in two regions linked by
teleconnection mechanisms, well correcting an error in one
region might unmask errors in the other region).

As a consequence, iterating the bias correction method
might allow regional climate modelers to dispose of much
improved atmospheric boundary conditions for the RCM in
one specific region, but not in another. A detailed analysis for
the reasons of bias persistence in specific regions is beyond
the scope of this paper, and these reasons can depend on var-
ious factors, possibly including resolution, and are probably
model-dependent. Regional bias persistence in different vari-
ations of ERBC is analysed in more detail in Champouillon
et al. (2026).

4.5 Simple multiplication of correction increments

As we have shown here (see for example Fig. 3), the geo-
graphical patterns of the mean model biases are somewhat
independent of the number of iterations, and the mean ab-
solute bias correction increments increase with the number
of iterations (see Fig. 2). This might suggest that as a first
simple approach one could try to use a multiple of the bias
correction terms obtained during the first nudging (that is,
those applied in Cp) as a surrogate for the more costly itera-
tion procedure. We have carried out a simple test in which the
correction terms of Cy are amplified by 50 %; otherwise this
simulation (referred to as Co_x 1.5 in the following) is identi-
cal to Cp. The analysis of Co, 1.5 shows that the bias correc-
tion is less efficient than in Cy. For example, with respect to
ERAS, the annual mean global RMSE of the 500 hPa zonal
and meridional wind components is 7.5 % (us00) and 15.6 %
(vs00) higher in Cp x1.5 than in Co. However we note that
Co,x1.5 still shows a substantial improvement compared to
the uncorrected model run M.

It is fairly easy to understand why the model performance
degrades between Co and Cp, «1.5. As one can see in Fig. 2,
although the amplitude of the correction terms does increase
essentially everywhere for higher iterations of the correction
procedure, the ratio of the correction terms between different
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phases of the iteration procedure is not uniform — it clearly
has a spatial structure. A simple overall increase of the ini-
tial correction terms, although modest in our test, does not
reproduce this spatial structure.

5 Conclusions

This work has shown that iterating the “classical” empirical
run-time bias correction method described by Guldberg et al.
(2005) once or twice (as in our simulations C; and Cy, re-
spectively) substantially reduces the mean bias of the bias-
corrected variables compared to simulations in which the
bias correction procedure is not iterated. However, the rep-
resentation of atmospheric circulation variability on interan-
nual and shorter timescales is not always improved in simula-
tions with iterated bias corrections. Signs of over-correction
appear after about three iterations of the bias correction pro-
cedure.

All in all, the method described is easy to implement, adds
substantial value and does not represent a very high addi-
tional cost compared to the non-iterated procedure.

Several other variants or further developments of run-
time bias corrections have been proposed, such as a method
based on direct compensation of diagnosed model biases
(“CABCOR”: Scinocca and Kharin, 2024) or inference of
bias-correction terms using machine learning (Watt-Meyer
et al., 2021). We have implemented the CABCOR method
in LMDZ and found it to yield very good results, in many re-
spects equivalent to the iterative method presented here. We
have also developed a method of state-dependent bias cor-
rections based on the simulated instantaneous synoptic situa-
tion (as expressed in the regional 500 hPa geopotential field)
as a variant of the “classical” nudging-based ERBC. These
approaches are evaluated in the context of LMDZ and with-
out temperature correction by Champouillon et al. (2026). In
addition, we are currently implementing machine-learning-
based inference of state-dependent ERBC in LMDZ, follow-
ing Watt-Meyer et al. (2021).

More generally, because ERBC implementation choices
and thus the corresponding results are at least partly model-
dependent, it would be interesting to see the effect of itera-
tive ERBC in other models, possibly in the framework of a
coordinated multi-model intercomparison of various ERBC
methods.

Code and data availability. Configuration files and model
code changes, scripts and model output data used
to plot the graphics are available on Zenodo under
https://doi.org/10.5281/zenodo.16363996 (Krinner, 2025a).

The modips] code infrastructure required to compile the codes,
including the full model code (in particular LMDZ v6.3 but
also ORCHIDEE and XIOS), is available on Zenodo under
https://doi.org/10.5281/zenodo.17381281 (Krinner, 2025b).
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