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Abstract
State-of-the-art Earth system models (ESMs) cannot explicitly resolve many small-scale
atmospheric processes such as atmospheric gravity waves, and thus must represent, or
parameterise, their effects on the resolved state. Machine learning (ML) has the potential
to improve these parameterisations. In our study, we train neural networks (NNs) on
ERA5 reanalysis data to predict momentum fluxes of orographic gravity waves as a
function of the state variables at the resolution of a coarse ESM. Employing a full year of
data, we extract inertia-gravity waves using the software MODES, which applies linear
theory for wave filtering, and train ML models on data coarse-grained to the ESM’s target
resolution. We consider four different cases: the full spectrum of inertia-gravity waves
resolved in ERA5, or just the part of the spectrum that is subgrid-scale in the target ESM,
both over all land or just over mountainous terrain. Our NNs successfully predict
momentum fluxes, with a global coefficient of determination (R2) ranging from 0.70 to
0.54, depending on the case, when evaluated offline with data from another year. An
analysis of our models using SHAP values, an explainable AI technique, suggests that the
networks learned physically meaningful relationships. In addition, we give a comparison
with the physics-based parameterisation scheme by Lott and Miller. This work forms the
basis for the development of operational ML-based parameterisations to improve the
representation of gravity waves and their effects in climate models.

1 Introduction
Earth system models (ESMs) are key to a better understanding of the Earth system, projecting
future climate change, and deriving suitable strategies for mitigation and adaptation in response to
global warming. While models have significantly improved over the last decades regarding the
simulation of the mean climate and its variability for many large-scale indicators of climate change
– mainly due to increasing model resolutions and a better representation of physical processes –
they still face systematic errors and large uncertainties (Beverley et al., 2024; Eyring et al., 2024;
Vautard et al., 2023; Vicente-Serrano et al., 2022). A main reason for these uncertainties is the
difficulty to represent small-scale processes like clouds, convection, and microphysics, processes that
cannot be captured explicitly by state-of-the-art models, which typically run at grid resolutions of
around 50 to 100 km. The statistical effects of these subgrid processes are represented by so-called
parameterisations, which are traditionally based on physical process understanding and empirical
relationships, but often come along with severe simplifications necessary to make them
computationally efficient (Achatz et al., 2024; Eyring et al., 2024; Kim et al., 2003; Stensrud, 2007).

Gravity waves are atmospheric disturbances in which buoyancy acts on air parcels displaced
from hydrostatic equilibrium. They are called inertia-gravity waves if the waves are of large scale,
such that the Coriolis force has substantial additional influence. These waves constitute an
important class of subgrid-scale processes (Fritts and Alexander, 2003). Gravity waves have
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traditionally been di�erentiated depending on their sources: orographic gravity waves arising from
wind 
owing over mountains, vs. non-orographic gravity waves, induced by, e.g., convection, jets,
and fronts. As gravity waves propagate through the atmosphere, they transport momentum, and
in
uence the atmospheric circulation when they �nally break and deposit their momentum. Since
gravity waves occur at any scale, with horizontal wavelengths ranging from hundreds of metres to
several thousands of kilometres, a signi�cant part of their spectrum cannot be captured at the
resolution of today's climate models. Even though the evolution of computational capabilities
allows the integration of global storm resolving models with resolutions on the order of kilometres,
gravity wave parameterisations are still needed since even these highly resolved models don't
capture the smallest scales of gravity waves, and coarse resolution models are needed, e.g., to run
large model ensembles (Achatz et al., 2024; Polichtchouk et al., 2023).

Initially, gravity wave parameterisations were introduced to correct for a westerly bias in models
(Palmer et al., 1986), improving their numerical stability and prediction skill. However, even
today's operational gravity wave parameterisations (e.g., Hines (1997); Lott and Miller (1997); Lott
(1999)) operate with oversimplifying assumptions, the severest being neglecting horizontal
propagation (Achatz et al., 2024; Alexander et al., 2010; Eichinger et al., 2023; Stephan et al.,
2019). The consequences of these shortfalls include, e.g., an unrealistic or absent quasi-biennial
oscillation in many models (QBO, Richter et al. (2022)), missing gravity wave drag over the
Southern Ocean (McLandress et al., 2012), and de�ciencies in the simulation of the wintertime
polar vortex and sudden stratospheric warmings (SSWs, McLandress et al. (2013)). These issues
can partly be addressed by tuning. Also, it is an open question whether the models will generalise
in a changing climate (Achatz et al., 2024). Hence, improvements in accuracy and physical
adequacy are highly desirable.

In the last years, much research has been conducted to replace conventional parameterisation
schemes in climate models with machine learning (ML) approaches (e.g., Gentine et al. (2018);
Grundner et al. (2022); Heuer et al. (2024); Rasp et al. (2018); Sarauer et al. (2025); Yuval and
O'Gorman (2020, 2023), for an overview see de Burgh-Day and Leeuwenburg (2023)). ML
techniques enable the description of complex non-linear relationships based on data and have
revolutionized many �elds of science in the last decade. ML models are trained on large amounts of
\known" data, allowing predictions also for unseen data. For a general review of ML, deep learning
techniques, and terminology see Alzubaidi et al. (2021).

In the context of ML-based parameterisations, there are two main approaches: �rst, emulations,
which mimic conventional schemes with the goal of reducing the computational requirements.
Second, training ML models with high-resolution simulations or observations that resolve the
process of interest. In regard to the parameterisation of gravity waves, Chantry et al. (2021),
Connelly and Gerber (2024), Espinosa et al. (2022), Hardiman et al. (2023), and Sun et al. (2024)
followed the �rst strategy, emulating existing schemes. While these ML-based parameterisations
might imitate their reference models adequately and improve computational performance, they
inherit the limitations of traditional gravity wave parameterisations discussed above.

Related to the second approach, neural networks have been applied using reanalysis data to
predict gravity wave momentum 
uxes (GWMFs) locally over Japan (Matsuoka et al., 2020), as
well as non-orographic gravity waves over sea (Amiramjadi et al., 2023). Dong et al. (2023) train
an ML model on high-resolution data to speed up a physics-based model. Gupta et al. (2024c) aim
for a global approach, also including the representation of non-local gravity wave e�ects by taking
into account data of neighbouring grid cells, as well of the whole globe. This is further pursued in
Gupta et al. (2025), where the authors predict GWMFs by �ne-tuning a foundation model
pretrained for weather and climate applications.

In this work, we train neural networks (NNs) on GWMFs of atmospheric reanalysis data, and
successfully predict 
uxes associated with mesoscale inertia-gravity waves based on the coarse state
variables. As a �rst step, we focus primarily on orographic gravity waves, since their subgrid sources
can be identi�ed easily. To this end, the ERA5 global reanalysis dataset (Hersbach et al., 2020) is
used as high-resolution training data. Since ERA5's resolution captures only part of the gravity
wave spectrum, this is only a �rst step towards using higher resolution training data in the future.

Gravity waves are extracted using the spherical linear theory for the decomposition of
three-dimensional circulation (Kasahara and Puri, 1981) with the software MODES (�Zagar et al.,
2015). We investigate both the case of the full spectrum of gravity waves (IG, i.e., all
inertia-gravity waves), as well as a limited part of the spectrum which is "subgrid" (SG), i.e.,
unresolved at a resolution as it would be used in a climate model. After the computation of the
respective momentum 
uxes, the data are coarse-grained to this lower resolution, in which we train
a modi�ed U-Net architecture (Ronneberger et al., 2015) on atmospheric columns. The results are
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physically interpretable when analysing SHAP values (SHapley Addiditve exPlanations, Lundberg
and Lee (2017)), an explainable AI (XAI) technique, and yield encouraging results when comparing
to the conventional gravity wave parameterisation scheme by Lott and Miller (Lott and Miller,
1997; Lott, 1999), which is used operationally in many weather and climate models.

The remainder of this paper is structured as follows: Section 2 describes the dataset used in this
study, our method of extracting gravity waves and calculating corresponding momentum 
uxes, the
architecture of the neural networks, and the di�erent experiments of this study. We also give a
short overview of SHAP values. In Section 3, we present o�ine (i.e., the parameterisation is not
coupled to a climate model) results of the neural networks, the analysis of SHAP values, and a
comparison of our networks with the conventional Lott and Miller scheme. We brie
y discuss our
results in Section 4. Section 5 gives an outlook and sketches the road ahead, in particular
extending the approach to non-orographic gravity waves and adapting the neural networks for the
use in the ICON XPP model (M•uller et al., 2025).

2 Data and Methods
2.1 Dataset and General Approach
This study uses the ERA5 global reanalysis dataset provided by the European Centre for
Medium-Range Weather Forecasts (ECMWF, Hersbach et al. (2020)). ERA5 is produced with the
ECMWF Integrated Forecasting System (IFS) Cy41r2 on 137 hybrid �-pressure levels with a model
top at 0.01 hPa and � 31 km horizontal resolution (TL639). We use the version provided on 37
vertical pressure levels up to 1 hPa, with a horizontal resolution of 0:25� � 0:25 � (i.e., a grid spacing
of � 28 km at the equator), and the time resolution of 1 hour. The full year 2024 is used for training
of the neural networks, while days 1, 11, and 21 of each month of the year 2022 serve as a test set.
Such an amount of training data and its distribution over one year is needed in light of the seasonal
variability of numerous phenomena associated with gravity waves, including sudden stratospheric
warmings, and the changes in atmospheric dynamics over the year. We found that the NNs showed
a substantial decline in their ability to predict momentum 
uxes when trained with less data.

We are interested in the prediction of GWMFs of both the full spectrum of gravity waves, as
well as of subgrid-scale GWMFs, as a function of the coarse state variables. Therefore, our strategy
is as follows: The original ERA5 data, given on a 720 � 1440 latitude-longitude grid, are considered
as high-resolution ground truth for the purpose of this study. Approximately eight grid points are
needed to resolve a gravity wave adequately, which determines the e�ective resolution of the grid
(Sun et al., 2023). In our case, waves with horizontal wavelengths of � 200 km and more are fully
resolved (Gupta et al., 2024a). This means that we are dealing with mesoscale inertia-gravity
waves and are missing a substantial fraction of the gravity wave spectrum in this initial work.

We train the neural networks at the coarser target resolution of 64 � 128 grid points (� 300 km
at the equator). At that resolution, only gravity waves of scale � 2000 km and larger are fully
resolved. Thus, it is possible to regard the "small-scale" part of the gravity wave spectrum
(wavelengths between � 200 km and � 2000 km) which is resolved in the high-resolution data, but
not at the coarse resolution, as the subgrid part. This part needs to be parameterised in a climate
model running at the coarse resolution. Such an approach will allow replacing the conventional
gravity wave parameterisation in a coarse model in future work. Note that all statements made
here about resolution depend on the latitude when using a lat-lon grid, and the values given above
are estimated at the equator. Regarding the vertical resolution, we keep all 37 pressure levels.

2.2 Extraction of Gravity Waves Using Normal Mode Functions
A crucial decision is how to identify and separate the gravity waves from the global dynamical
�elds, and the �ltering for speci�c wavelengths. Sun et al. (2023) give insight into di�erent
methods for the extraction of gravity waves. Following a di�erent approach, we use the software
MODES ( �Zagar et al., 2015) which is based on the theory of normal-mode function expansion
(Hough, 1898; Longuet-Higgins, 1968; Kasahara and Puri, 1981).

Normal-mode functions constitute a spectral basis in which the global wind and mass �elds can
be expressed simultaneously, and permit the decomposition into two basic types of motion,
inertia-gravity waves and Rossby waves with di�erent horizontal length scales and vertical
structures. The calculation of this basis starts from a linearised system of primitive equations,
which is used to obtain di�erential equations describing the vertical and horizontal structure of the
atmosphere. The basis functions are eigensolutions of these di�erential equations. For a detailed
mathematical derivation, we refer to Kasahara and Puri (1981) and�Zagar et al. (2015).

Once the horizontal and vertical basis functions are obtained for the given background global
stability and vertical grid, the global circulation can be projected onto it. The expansion
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completeness supports �ltering of the desired wave type (here just the gravity waves) and
wavelengths to physical space to reconstruct the velocity and temperature perturbations of waves
of interest. The �ltering does not involve wave frequencies. This process is conducted at every time
step with data independently using the precomputed basis functions. MODES gives a precise linear
separation of inertia-gravity waves from the dynamical background, since the dispersion relations of
the di�erent wave types are inherent in the underlying theory of normal-mode functions. Although
not of interest here, MODES gives both wind and temperature perturbations of gravity waves,
since it is a multitvariate decomposition. For gravity wave wind and temperature �ltering see for
example �Zagar et al. (2017).

We apply MODES at the full ERA5 resolution. To obtain the full spectrum of inertia-gravity
waves (IG), all wavelengths of the inertia-gravity wave type are projected back to physical space;
for the subgrid-scale part (SG) at our selected coarse resolution, we �lter for all inertia-gravity
waves with zonal wavenumber (i.e., the number of wavelengths �tting into a circle of latitude)
greater than 16. This corresponds to wavelengths smaller than � 2500 km at the equator, which �ts
well with the typically used cut-o� scale in many gravity wave studies (e.g. Polichtchouk et al.
(2023)). This wavelength decreases as moving towards the poles, e.g., it is � 1200 km at 60°
latitude. We consider these waves to be unresolved by the coarse grid. The full set of parameters
used for running MODES can be found in Appendix A.1.

The applied version of MODES operates on terrain-following �-levels. We de�ne �-levels using
our given 37 pressure levels, and interpolate the input ERA5 data from pressure to �-levels. After
applying the backward projection to �lter gravity waves, results are interpolated from �-levels back
to pressure levels. The vertical interpolations are carried out using Climate Data Operators (CDO,
Schulzweida (2023)) with the function intlevelx3d. This is di�erent from a typical MODES setup
which operates on the hybrid �-pressure model levels of the ECMWF IFS model and interpolates
them to �-levels. The additional interpolation steps involved in our case are not considered
detrimental to the study focusing on the middle atmosphere. The new version of MODES
operating in the pressure vertical coordinate (�Zagar et al., 2023) will facilitate future work.

2.3 Calculation and Evaluation of Gravity Wave Momentum Fluxes
MODES yields global �elds of horizontal wind perturbations (u 0; v0) corresponding to the
inertia-gravity waves and (in the subgrid-scale case) the �ltered, unresolved wavelengths. Since
vertical velocities ! in ERA5 are given in Pa=s, we calculate zonal and meridional momentum

uxes using the formulas

MF x = �g �1 u0!

MF y = �g �1 v0!:

Here, g = 9:81 m=s2 is the gravitational acceleration of Earth and � denotes averaging, which we
implicitly perform by coarse-graining the data horizontally to a 64 � 128 grid with �rst order
conservative remapping, using the CDO function remapcon. The version of MODES used for this
study does not provide the pressure velocity perturbations !0. Therefore, we use ! directly from
ERA5, assuming that the true average is approximately zero (that is, !0 � !), and that in the areas
occupied by gravity waves, ! stems mainly from small-scale motions associated with the waves and
not from the large-scale balanced 
ow. This simpli�cation follows Proch�azkov�a et al. (2025).

Monthly averages of zonal momentum 
uxes for January and July at 10 hPa are shown in
Figure 1 for the full spectrum and the subgrid-scale part, respectively. Monthly averages of the
months January, April, July, and October 2024 can be found in the Appendix (Figures A1 and
A2). For further discussion of the dataset itself, additional �gures and videos, as well as a detailed
evaluation of the GWMFs in ERA5 calculated for this study, please see Haslauer et al. (2026).

An evaluation of gravity wave momentum 
uxes with observational data is di�cult. Since we
consider global data, only estimations of 
uxes based on temperature measurements with satellites
provide the necessary spatial coverage. Valuable references are Ern et al. (2011), Geller et al.
(2013), and Hindley et al. (2020), considering data collected by the HIRDLS, SABER, and AIRS
satellites. However, quantitative comparison remains di�cult, since data is from di�erent years,
and satellite measurements cover heights of � 30km and above only. Here, we only give a very
short summary and refer to Haslauer et al. (2026) for more details.

Considering the full spectrum of inertia-gravity waves, the 
uxes found with MODES in ERA5
on 1 hPa and 10 hPa are roughly of the same order of magnitude as those obtained from HIRDLS
and SABER satellite measurements (Ern et al., 2011) for January and July, but are weaker on
average. We attribute this to missing smaller scale waves in ERA5. This �nding is consistent with
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Figure 1. Monthly averages of zonal gravity wave momentum 
uxes (GW MF x ) in ERA5 for the full spectrum of
gravity waves (left) and the small-scale part (right) at 10 hPa, for January (top) and July (bottom) 2024.

prior analyses by, e.g., Lear et al. (2024) and Yoshida et al. (2024). There is, however, a good
qualitative agreement. For example, we observe relatively strong negative (in this case, indicating
up- and eastward propagating) GWMFs between 50°S and 75°S in the months June, July, and
August, which stem primarily from the wave activity associated with 
ow across the Andes
mountains. Also, there is good qualitative agreement with the analysis of GWMFs conducted by
Gupta et al. (2024b).

Regarding the small-scale part of the spectrum, we found no appropriate data available to
compare to. As expected, both mean and maxima of momentum 
uxes associated with small-scale
gravity waves are clearly smaller in magnitude than those of the full spectrum. However, the
general patterns of the 
uxes are similar to those of the full spectrum.

Taking a closer look at Figure 1, the large-scale structure of 
uxes especially at 10 hPa in the
Southern Hemisphere deserves some attention, related to the linear decomposition and the use of
the total ! �eld. Linear wave decomposition by MODES separates 3D circulation between
geostrophically balanced Rossby waves on the sphere and the remaining signal projecting on IG
modes. Linear, spherical Rossby waves have a small divergence associated with the beta term,
proportional to v g �=f , where v g is the meridional geostrophic wind, f is the Coriolis parameter
and � is its meridional gradient. The isallobaric motions, i.e. most of ageostrophic dynamics
related to the baroclinic Rossby wave dynamics in midlatitudes, projects on the IG modes. This
means that large-scale midlatitude IG modes are a mixture of ageostrophic circulation and
inertia-gravity (or gravity) waves. The zonal wavenumber 3 structure of the 
ux at 10 hP in
midlatitudes thus re
ects ageostrohic dynamics associated with vertically-propagating Rossby
waves in the winter hemisphere (see discussion in�Zagar et al., 2023). After �ltering out large
scales, this part of the signal is greatly weakened.

2.4 Architecture of Neural Networks
As a �rst step towards developing physically consistent parameterisations for both orographic and
non-orographic gravity waves, this study focuses primarily on orographic gravity waves. More
precisely, we consider GWMFs only over land and use input features that describe the unresolved
topography. Neural networks are trained on full atmospheric columns to incorporate the vertical
propagation of gravity waves. The target variables of the networks are vectors of zonal and
meridional momentum 
uxes on 37 levels fMFx ; MF y g, summing up to 74 variables in total. As
feature variables, we use columns of three-dimensional wind and temperature fu; v; !; Tg, and �ve
scalar variables describing the orography within a grid cell, namely mean geopotential at the
ground level z, standard deviation �, anisotropy 
, angle � (i.e., orientation of the terrain relative
to an eastward axis), and slope � of subgrid-scale orography. This amounts to 153 feature variables
in total, all of which are obtained by coarse-graining ERA5 data.

Since we are interested in orographic gravity waves and do not consider horizontal propagation
in the current study, we only use columns over land, i.e., all columns where the land-sea-mask of
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Figure 2. Modi�ed U-Net architecture used in this study. First, vector features are passed through three encoder
blocks. In the bottleneck, they are combined with the scalar features, which have passed a fully connected layer
before. Then, the data is passed through two decoder blocks and a �nal 1D-convolution.

.

ERA5 is non-zero. Further, we exclude all columns north of 70°N and south of 70°S in the training
data, to omit over-representation of these areas, where grid points lie increasingly dense. Starting
from 64 � 128 = 8,192 columns per time step, this reduction leaves us with 2,794 columns per time
step, which we use as samples for training the neural networks.

Harnessing the full year 2024 for training, this gives us 24,542,496 training samples. As gravity
waves are strongly related to speci�c atmospheric conditions (such as strong winds 
owing over
mountains) which often endure for several hours or even days, picking training and test data
randomly from the same year seems unsuitable. Consecutive time steps are not independent in the
setup with a time resolution of 1 hour. Instead, to get a reliable estimate, we take the days 1, 11,
and 21 of each month in the year 2022 as test set. This yields 2,414,016 test samples. Due to the
high computational demands of data processing in this case, we did not prepare an independent
validation set.

All variables are normalised level-wise by subtracting the mean and dividing by the standard
deviation. While normalisation is a common step in many ML applications, we found it crucial for
this task, since the magnitudes of momentum 
uxes depend on the model level due to the decrease
of density � with height. Without normalisation, upper levels would matter less. To avoid this, we
correct by normalising every level separately.

We ran experiments with fully connected, convolutional, U-Net, and LSTM architectures. A
slightly modi�ed U-Net operating on atmospheric columns turned out to be the best performing
type of neural network for predicting orographic gravity waves. The U-Net (Ronneberger et al.,
2015), originally developed in the context of biomedical image segmentation and widely applied for
image processing tasks, consists of a contracting path (encoder) of convolutional layers, and a
corresponding upsampling path (decoder), which is able to include information from the
contracting path by so-called skip connections. This type of model has already proven to perform
well also in the �eld of atmospheric science (e.g., Heuer et al. (2024), Gupta et al. (2025)). Here,
we adopt the principle to our problem, using one-dimensional convolutions, which are applied along
the columns of winds and temperature. In the so-called bottleneck layer between contracting and
up-sampling path, we inject the �ve scalar variables describing the orography, having passed them
through one fully connected layer before. Optimising for the coe�cient of determination, R 2, a
setup with three convolutional blocks (including the bottleneck) and respective up-sampling blocks,
with a total number of 2.6 million trainable parameters proves best for all our experiments. Figure
2 is an illustration of this architecture.

We implement the networks in Python using the ML framework PyTorch and train for 40
epochs with a batch size of 1,024, using the Adam optimizer, mean squared error (MSE) as loss
function, a learning rate of 10�5 , and LeakyReLU as activation function. For regularisation, we
apply a weight decay parameter of 10�5 .

We also tried adding an attention mechanism (Vaswani et al., 2017) to the U-Net, which did
not lead to signi�cant improvements. In addition to adding the weight decay parameter, we tried
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