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Abstract

Dynamical models used in climate prediction often have systematic errors that can deteriorate predictions. In this study, we
work in a twin experiment framework with a reduced-order coupled ocean-atmosphere model and aim to demonstrate the benefit
of machine learning for climate prediction. Machine learning is applied to learn the model error and thus build a data-driven
model to emulate the dynamical model error. Then we build a hybrid model by combining the data-driven and dynamical
models. The prediction skill of the hybrid model is compared to that of the standalone dynamical model. We applied this
approach to the ocean-atmosphere coupled model. The results show that the hybrid model outperforms the dynamical model
alone for both atmospheric and oceanic variables. Also, we build two other hybrid models only correcting either atmospheric

errors or oceanic errors. It was found that correcting both atmospheric and oceanic errors leads to the best performance.
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Key Points:

 Artificial neural network can learn the error of a simplified coupled ocean-
atmosphere model.

¢ The hybrid model combining the artificial neural network and the dynamical
model shows good performance to improve dynamic prediction skills.

e The hybrid model overperforms the dynamical model for both atmospheric

and oceanic variables.
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Abstract

Dynamical models used in climate prediction often have systematic errors that can
deteriorate predictions. In this study, we work in a twin experiment framework with
a reduced-order coupled ocean-atmosphere model and aim to demonstrate the ben-
efit of machine learning for climate prediction. Machine learning is applied to learn
the model error and thus build a data-driven model to emulate the dynamical model
error. Then we build a hybrid model by combining the data-driven and dynamical
models. The prediction skill of the hybrid model is compared to that of the stan-
dalone dynamical model. We applied this approach to the ocean-atmosphere coupled
model. The results show that the hybrid model outperforms the dynamical model
alone for both atmospheric and oceanic variables. Also, we build two other hybrid
models only correcting either atmospheric errors or oceanic errors. It was found that

correcting both atmospheric and oceanic errors leads to the best performance.

Plain Language Summary

Dynamical models are essential for predicting the climate and for studying the
Earth’s system. But they still have some errors that cannot be corrected. Recently,
a lot of progress has been made in machine learning methods based on the large
quantities of observations collected. These are data-driven algorithms that learn
from existing data. We show the possibility that applying machine learning to a sim-
plified ocean-atmospheric coupled model. After being presented with enough data
from the climate model, the network can successfully predict the model’s error, thus
correcting the error of the dynamical model. This finding provides an idea for error

correction in coupled models and is important for real applications.

1 Introduction

Dynamical models, such as ocean-atmosphere coupled general circulation mod-
els, have been widely used for climate predictions over the past few decades, e.g.,
seasonal predictions (F. J. Doblas-Reyes et al., 2013) and decadal predictions (Boer
et al., 2016) (DCPP). Uncertainties in initial conditions fed to dynamical models
and model errors are two critical sources that limit the prediction skill of dynamical

models. To reduce the uncertainties of initial conditions (Balmaseda & Anderson,
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2009; F. Doblas-Reyes et al., 2013), most prediction centers have been evolving
towards the use of data assimilation (DA) (Carrassi et al., 2018) which combines
observations with dynamical models to best estimate the state of the climate sys-
tem (Penny & Hamill, 2017). Meanwhile, although there have been massive ef-

forts in model development, the model error remains significantly large (Palmer &
Stevens, 2019; Tian & Dong, 2020). It is because many factors (e.g., unknown physi-
cal law, unresolved small-scale processes, and numerical integration errors) can cause

the model error (Hawkins & Sutton, 2009).

Machine learning (ML) can efficiently extract useful information from data
(Salcedo-Sanz et al., 2020). It has been used to build a data-driven predictor of the
model error which is combined with a dynamical model to produce a statistical-
dynamical hybrid model (Watson, 2019; Farchi et al., 2021; Brajard et al., 2021).
Watson (2019) worked in a low-order Lorenz model and applied ML to correct the
error from time step to time step. They found that the approach maintained the
model stable and improved predictions. Farchi et al. (2021) worked in the two-scale
Lorenz model and compared the error corrections added as an extra term (i.e., re-
solvent correction) or directly inside the tendencies of the dynamical model (i.e.,
tendency correction). They showed that the tendency correction performed better
but was more technical than the resolvent correction. Brajard et al. (2021) applied
ML into the two-scale Lorenz model and a low-order coupled ocean-atmosphere
model called Modular Arbitrary-Order Ocean-Atmosphere Model (MAOOAM)

(De Cruz et al., 2016) to infer the model error related to unresolved processes from
the state of the dynamical model. Brajard et al. (2021) mostly focused on presenting
and validating their methodology and barely presented the prediction improvements
for atmospheric variables at a one-day lead time and oceanic variables at a two-

year lead time. However, they did not investigate how the improvement evolves as

a function of lead time and how long the improvement remains significant. In addi-
tion, Brajard et al. (2021) used perfect initial conditions in prediction experiments,
which is not a realistic setting because initial conditions are never perfectly known in

reality.

In this study, we set up a more realistic framework than Brajard et al. (2021)
and aim to explore the potential of ML-based model error correction for climate pre-

diction at different lead times, which is valuable for climate prediction communities.
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We also aim to identify whether errors in the atmosphere or the ocean play a key

role in degrading prediction skills.

The article is organized as follows. Section 2 introduces the main methodolog-
ical aspects of the study. Section 3 shows the prediction skill of the hybrid model
compared with the dynamical model and discusses factors affecting the prediction
skill of the hybrid model. Finally, a brief concluding summary is presented in section

4.

2 Methodology

In this study, we make use of MAOOAM (De Cruz et al., 2016) which is able
to mimic climate variability and is numerically cheap to perform a large number
of experiments. We employed the same configurations of the model (section 2.1),
DA (section 2.2) and Artificial Neural Network (ANN, section 2.3) as Brajard et
al. (2021). However, our experiments are more realistic and different from that of

Brajard et al. (2021). Please refer to section 2.4 for details.

2.1 Modular Arbitrary-Order Ocean-Atmosphere Model

MAOOAM consists of a two-layer quasi-geostrophic (QG) atmospheric compo-
nent coupled both thermally and mechanically to a QG shallow-water oceanic com-
ponent. The coupling between the two components includes wind forcings, radiative
and heat exchanges. The model variables are described in the spectral modes. Sup-
posing the model state is composed of n, modes of the atmospheric stream function
1), and temperature anomaly 6, and n, modes of the oceanic stream function ),

and temperature anomaly 6,, respectively, the model state is given as

X = (Soa,la Pa,2y s @a,nwga,la 9(1,27 ~-~79a,naa $P0,15P0,25 +++» @o,noueo,ly 90,27 ceey eo,no)

The total number of variables is 2 X n, + 2 X n,. The key feature of MAOOAM is
that we can change the resolution of the model by simply modifying the number of

atmospheric and oceanic model variables.

In this study, we make use of two configurations of MAOOAM the same as

Brajard et al. (2021): one with 56 variables (n, = 20, n, = 8, hereafter referred to

(1)
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as M56) and the other one with 36 variables (n, = 10, n, = 8, hereafter referred
to as M36). Note that the configuration M36 has the same resolution in the ocean
component as the configuration M56, but 10 modes less in the atmosphere. These
missing modes represent the high-order atmospheric modes and lead to the fact that
M36 does not resolve variability on small scales. Therefore, the model error in this

study primarily comes from unresolved small-scale processes.

2.2 Ensemble Kalman Filter

The EnKF is a flow-dependent and multivariate DA method and has been im-
plemented for climate prediction (Karspeck et al., 2013; Wang et al., 2019; Zhang et
al., 2007). In the EnKF, the covariance is constructed from the dynamical ensemble
and is more reliable than a static covariance (Sakov & Sandery, 2015). In addition,
the ensemble-based covariance makes the updates satisfy the model dynamics and

limits the assimilation shocks (Evensen, 2003).

In this study, we employ the DAPPER package (Raanes, 2018) to carry out the
assimilation experiment. The DAPPER package is a toolbox for evaluating the per-
formance of DA methods. The package provides experimental support and guidance
for new developments in DA. We use the finite-size ensemble Kalman filter (EnKF-
N) (Bocquet et al., 2015), which is the same method used by Brajard et al. (2021).
One reason for choosing the EnKF-N algorithm is its numerical efficiency. This
method can also automatically estimate the inflation factor, which can facilitate the
assimilation experiment since it is a critical parameter to tune in ensemble data as-
similation systems. We do not expect that using the traditional EnKF changes any
of the conclusions of this paper. Therefore, in the following, we do not distinguish

the EnKF-N from the traditional EnKF (hereafter the EnKF).

2.3 Artificial Neural Network Architecture

We suppose the dynamical model prediction is expressed as follows:

X1 = M(xk),

where xy 1 represents the full model state at t;y1, xx represents the full model

state at t; and M represents the dynamical model integration from ¢; to t;41. The
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model error at ty1 is defined as follows:

k1 = Xfp1 — Xit1, (3)

where x{_ , is the truth state at time t;.

We aim to use ANN to emulate the model error €41. Our ANN configuration
is the same as in Brajard et al. (2021). The ANN architecture is composed of dense
layers and the activation function is a linear rectification function (denoted ”reLU”).
Some additional parameters have been added, mainly to regularize the training: a
batch norm layer at the input layer, which normalizes the training batch, and an
L2-regularisation term on the parameters of the last layer. The parameters of ANN
are optimized using the ”RMSprop” optimizer over 300 epochs. For details, please

refer to Brajard et al. (2021).

The error surrogate model can be expressed as follows:

€1 = Mann(Xk), (4)

where Mann represents the data-driven model built by ANN and ¢}, 41 represent
the model error estimated by ANN. The full state XLI 41 at time Z; 1 of the hybrid

model can be expressed as follows:

X1 = M(xx) + Mann (k) (5)

2.4 Experimental settings

We present our experiments in Figure 1. The experiments are based on the two
configurations of MAOOAM described in section 2.1. We define the model configu-
ration with 56 variables (i.e., M56, section 2.1) as the true climate system and the
model configuration with 36 variables (i.e., M36) as a dynamical prediction system.

We carry out experiments (Figure 1) as follows:

« we integrate M56 with a time step of approximately 1.6 minutes over 30726.5
years which is considered to as the spin-up period (De Cruz et al., 2016). We

continue the simulation over 219 years which is defined as the “truth”. We
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generate observations every 27 hours (i.e., every 10 time steps) by perturbing
the “truth” using a Gaussian random noise with a standard deviation equal to
10% of the temporal standard deviation of the true state after subtracting the
one-month running average (a’hf).

we perform a simulation with 50 ensemble members. Initial conditions of the
ensemble are randomly sampled from a long free-run simulation of M36 af-
ter the spin-up period. We assimilate synthetic observations and produce an
analysis dataset with an ensemble size of 50.

We produce two sets of ensemble predictions with 50 members: one with the
dynamical model (i.e., M36) and the other with the hybrid model. The pre-
dictions start each second year from the year 125 to the year 185, last for 30

years, and have 50 ensemble members. Their initial conditions are taken from

the analysis in the validation period (see Figure 1).

We split the analysis into two parts:

¢ Training part: The former 124.6 years of the dataset is used to train the pa-

rameters of the ANN, and apply the parameters to build the hybrid model.

e Validation part: The latter 94.6 years of the dataset is used to validate the

ANN training and initialize prediction experiments (Figure 1).

Note that we utilize the same configurations of the model, DA, and ANN

as Brajard et al. (2021). However, our experiments are different from that in

Brajard et al. (2021) as follows:

« Brajard et al. (2021) performed an analysis experiment about 62 years. They

used these data for both ANN training and validation. Here, we extended the
simulation time to 219.2 years. And we divided the data into two separate
parts: training and validation.

Brajard et al. (2021) used the truth to initialize predictions. In our experi-
ments, we use the analysis as initial conditions, which is more realistic because
initial conditions are never perfectly known in reality.

Brajard et al. (2021) performed predictions with one member by assessing one
lead time only. We use the ensemble prediction with 50 members at several

lead times.
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2.5 Validation metrics

To test the prediction skill of the hybrid model, we adopt a metric com-
monly used in weather and ocean forecasting and climate prediction: the skill score
(SS) (Murphy, 1988). The metric SS is based on the ensemble mean of the predic-

tion and is defined as:
RMSEprediction
RMSEperSistence

SS=1-
Here, RMSEprediction represents the Root Mean Square Error (RMSE) of the pre-
diction (ensemble mean) against the truth, where the prediction is the result of the
dynamical model or hybrid model. RMSEpersistence represents the RMSE of the per-
sistence prediction (in which the state at any lead time is the same as the initial
conditions) against the truth. A positive SS indicates the prediction is better than
the persistence and is skillful. A negative SS indicates the prediction is worse than
the persistence and is not skillful. One advantage of the SS is that it is unitless.

Thus, the SS is suitable for validation across different variables in the same panel

(e.g., Figure 2).

For the significance test of the SS, we use a two-tailed Student’s t-test to test
the difference between the mean squared errors of the prediction and persistence.
We use the bootstrap method to estimate the uncertainties of the SS. Since the SS is
based on 30 prediction experiments, we randomly select (with replacement) 30 data
from the 30 prediction experiments. Then we calculate the SS with these 30 sampled
data. After repeating this procedure 10,000 times, we obtain a sample of 10,000 SS

values and make use of their standard deviation as the uncertainties of SS.

3 Result
3.1 Prediction skill

Figure 2a shows the prediction skills of the dynamical model for both at-
mospheric temperature 6, and stream function ¢,. We find that the variables in
low-order atmospheric modes such as g2, @q.3, 04,2 and 6, 3 have significant predic-
tion skills until 14 days. While the temperature in high-order modes has significant
skills within 8 days, the stream function in high-order modes has no prediction skill

at all times. Figure 2b shows the prediction skills of the hybrid model for atmo-
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spheric variables. For temperature, the hybrid model is skillful for up to 18 days for
all modes. For stream function, the hybrid model is skillful in predicting low-order
atmospheric modes for up to 20 days and high-order modes for up to 14 days (excep-
tionally, @49 up to 20 days). Overall, the hybrid model is significantly more skillful

than the dynamical model for atmospheric variables.

In the coupled model, the purpose of introducing ML to correct model errors
is not only to improve the short-term atmospheric prediction skills (less than 14
days) of the model but also to improve the long-term oceanic prediction skills (over

5 years) of the model.

Figure 2c shows the prediction skills of the dynamical model for oceanic tem-
perature and stream function. Since the ocean has lower variability than the atmo-
sphere, the dynamical model has significant prediction skills for up to 30 years in
oceanic temperature in most modes and oceanic stream function in some modes. In
addition, the temperature is more predictable than the stream function. Figure 2d
presents the prediction skills of the hybrid model. The hybrid model has significant
prediction skills in both oceanic temperature and stream function in all modes for
up to 30 years. It is worth noting that the hybrid model has higher SS than the dy-
namical model, in particular, for ocean temperature in the first and last modes and
some oceanic stream functions in which the dynamical model has no prediction skill

at all (e.g., vo2 and @, ).

Supporting information S1-S4 are examples of restoring variables in the physi-
cal space. The results also show that compared to the dynamical model, the hybrid
model is closer to the truth in terms of spatial distribution and evolution. For long-
term climate prediction, there are additional requirements for the hybrid model:
the model must be able to can run for a long time and not diverge (Brenowitz et
al., 2020; Rasp, 2020). In our case, there is no significant physical instability in the
hybrid model during the predictions of 30 years. Overall, the hybrid model outper-
forms the dynamical model, which demonstrates the benefit of the data-driven error

correction model built by the ANN.
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3.2 Sensitive experiments

In the previous section, ANN is trained with the inputs from atmospheric and
oceanic variables to correct both atmospheric and oceanic errors. In this section, we
build two other hybrid models in which ANN is trained with the same input as the
previous section but to correct either only atmospheric errors or only oceanic errors.
The idea is to identify the error of which component is most important for predic-
tions. We explore the prediction skills of three key variables of MAOOAM (De Cruz

et al., 2016): 41, o2 and 6, 2.

Figure 3a shows the prediction skill of different hybrid models for the key at-
mospheric variable ¢, 1. Correcting both atmospheric and oceanic errors (the cyan
line in Figure 3a) and correcting only atmospheric (the purple line in Figure 3a)
have almost no significant difference. However, compared with the dynamical model
result (the black dashed line in Figure 3a), correcting only the oceanic errors (the

blue line in Figure 3a) does not improve the atmospheric prediction within 20 days.

Figure 3b and 3¢ show the prediction skill of different hybrid models for the
two key oceanic variables ¢, 2 and 0, 2. Correcting both atmospheric and oceanic
errors (cyan line) has the best prediction skill. Correcting only oceanic errors (blue
line) can improve the prediction skill, but significantly less efficient than correcting
both atmospheric and oceanic errors. For ¢, 2, when correcting only the errors in
the ocean, there is a slight improvement in the first five lead years. But correcting
atmospheric errors does not improve prediction skills in the first five years. It is
mostly because of the physical unbalance between the atmosphere and the ocean
and the fact that the ocean needs some time to synchronize with the error-corrected
atmosphere. For 6, 5, correcting only oceanic errors (the blue line) and only atmo-

sphere errors (the red line) show high SS in the first 15 years.

4 Conclusions and Discussions

In this study, we applied a method to online correct the model error of a sim-
plified ocean-atmosphere coupled model (MAOOAM). The ML is introduced to learn
the model error between the analysis performed by DA and the hindcast simula-
tion thus building a statistical-dynamical hybrid model. The hybrid model is able

to make reasonable prediction skills using both the atmospheric and oceanic model

—10-
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states as input. Besides, we find if we only focus on improving short-term predic-
tion skills of atmospheric variables, only correcting the atmospheric error can obtain
a similar prediction skill by correcting both atmospheric and oceanic errors. But
good prediction skills for ocean variables require correction for both atmospheric and

oceanic model errors.

This study is to be seen as a proof of concept, in which we have shown that
in principle it is possible to let ANN learn the model error and thus improve the
prediction skills of the coupled model. Ideally, one would apply the ML corrections
to the same model that is used to generate the analysis. This also effectively solves
the problem of how to correct the model error when the observation is insufficient
and cannot be directly used for ML training. In an operational weather forecast-
ing context, it would be possible to adapt this method to learn model errors from a

fully-fledged DA system which would ensure consistency between the models.

Besides, a realistic model is more complex than MAOOAM and the correct-
ing frequency in a realistic model is lower. The next natural step for future studies

would apply this method to the realistic model and explore the prediction skills.

Open Research Section

All data used in this study are generated by the experiments in section 2.4
and are available at https://doi.org/10.5281/zenodo.7725687. Figures were made
with Matlab version 2018a. MAOOAM (Demaeyer et al., 2020) is available at
https://github.com/Climdyn/qgs. Dapper version 0.9.6 (Raanes, 2018) is available
at https://github.com/nansencenter/DAPPER /tree/v1.3.0.
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Figure 2. SS as a function of the prediction lead time for variables in the hybrid model or
the dynamical model. (a) The SS of the dynamical model for atmospheric variables, (b) the SS
of the hybrid model for atmospheric variables, (c¢) The SS of the dynamical model for oceanic
variables, and (d) the SS of the hybrid model for oceanic variables. The black dot indicates the

SS not exceeds the 95 significance test.
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Figure 3. SS for three key variables (a) 14,1, (b) 10,2 and (c) 05,2 as a function of lead time
(20 days for the atmospheric variable and 30 years for the ocean variables). Shading shows one
standard deviation calculated by the bootstrap method described in section 2.5. The cyan line is
the SS of the hybrid model built by correcting both atmospheric and oceanic model errors, the
purple line is the SS of the hybrid model built by only correcting atmospheric model errors, the
blue line is the SS of the hybrid model built by only correcting oceanic model errors and the dash
black line is the SS of the dynamical model.
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