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Abstract

Atmospheric models used for weather forecasting and climate predictions dis-

cretise the atmosphere onto a vertical grid. There are however atmospheric phe-

nomena that occur on scales smaller than the thickness of those model layers.

The formation of low-level clouds due to temperature inversions is an example.

This leads to atmospheric models underestimating, or even missing, these

clouds and their radiative effects. Using radiosonde observations as training

data, a machine learning model is used to improve the vertical detail of mod-

elled profiles of temperature and specific humidity. In addition, a physics-

informed machine learning model is developed and compared to the traditional

approach; showing improvements in the cloud fraction profiles calculated from

its predictions. The vertically enhanced profiles also improve the representation

of layers of convective inhibition and anomalous refractivity gradients. This

work facilitates targeted improvements to the representation of certain atmo-

spheric processes without the burden of increased memory and computational

cost from increasing vertical resolution throughout the whole model.
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1 | INTRODUCTION

Atmospheric models are useful tools for predicting the
weather and making projections of the Earth's future cli-
mate (Bauer et al., 2015; Brown et al., 2012; Williams
et al., 2020). It is not possible, however, to run these
models with high enough resolution to accurately cap-
ture all the processes that are important to the phenom-
ena we wish to predict. Atmospheric models discretise
the atmosphere onto a regular horizontal grid and para-
metrisation schemes are employed to represent the net
effect of subgrid processes on the resolved scale

(Stensrud, 2007). The atmosphere is also discretised in
the vertical, with information about the meteorological
variables stored on a finite set of vertical levels. There are
several atmospheric phenomena which can occur over
vertical depths which are shallow relative to the model
grid. This includes thin clouds and layers of convective
inhibition (CIN) and regions of anomalous refractivity
gradients.

Thin clouds that form in the marine boundary layer
are known to not be well represented in many climate
models. This leads to a large uncertainty in their radiative
feedbacks (Bony & Dufresne, 2005; Slingo, 1990). From a
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weather forecasting point of view, accurate forecasts of
the presence of clouds are important for aviation safety
and for reliable predictions of the amount of solar radia-
tion reaching the surface (e.g. Gultepe et al., 2019;
Mendes et al., 2024).

To improve cloud fraction predictions, some schemes
have been developed to sharpen the profiles of tempera-
ture (T) and humidity (q) near inversions and hence get a
better profile of relative humidity (RH) on a temporary
high-resolution (HR) grid (Boutle & Morcrette, 2010).
When this higher-resolution thermodynamic data is
passed to the cloud cover scheme (e.g. Smith, 1990), it
can improve predictions of cloud cover. Another
approach is to use information about the vertical gradi-
ents of T and q to infer RHcrit, the critical RH at which
cloud formation first occurs (Van Weverberg et al., 2016)
and to use that when calculating the cloud fraction.

Meanwhile, thin layers of CIN can hinder the develop-
ment of convection in the atmosphere. Some weather fore-
casting and climate models include a consideration of CIN
in their convective parametrisation scheme (Fletcher &
Bretherton, 2010; Kuang & Bretherton, 2006), but this can
be an issue if the CIN itself is poorly represented due to
the relatively coarse vertical grid of the model (Stirling &
Stratton, 2012). In addition, strong vertical gradients of
temperature and humidity will affect atmospheric refrac-
tivity and radio-wave propagation which can result in
radar ducting, a phenomenon which affects meteorological
and aeronautical radar surveillance systems (Wang
et al., 2012).

While reducing the vertical thickness of the model
layers is likely to improve the representation of these
atmospheric processes, the increase in resolution comes
with a significant increase in cost. This extra computa-
tional cost comes from both the extra memory required
to store all the atmospheric variables on the higher reso-
lution grid and from the extra calculations that need to
be done on all this data throughout the entirety of the
model.

A pragmatic solution is proposed. The bulk of the
model structure remains as it is, but finer vertical detail
is used where it can provide the most benefit. For exam-
ple, normal resolution thermodynamic profiles are
refined before calculating cloud fraction. The HR cloud
fraction is then being regridded to the normal grid before
proceeding with the rest of the model integration. This
study focuses on the first step in this process: the develop-
ment of techniques to sharpen the details in vertical pro-
files of atmospheric T and q.

Super resolution (SR) is a branch of image processing
that consists in enhancing the quality (resolution) of an
image. It is also a field that has been gaining from
advancements in machine learning (ML) in the past

years, with the ML SR models showing success when
compared to traditional methods. These models have
already been used for downscaling problems in weather
and climate science. Chen et al. (2019), for example,
trained generative adversarial networks (GANs) to
improve the resolution of weather radar echo images and
Stengel et al. (2020) developed GANs and convolutional
neural networks (CNNs) capable of super-resolving solar
irradiance and wind velocity climate data. In addition,
Wu et al. (2021) compared the performance of CNNs and
GANs for the purpose of emulating urban climate infor-
mation, and a GAN originally built by Wang et al. (2021)
for image SR was successfully used by Manepalli et al.
(2020) to downscale wind maps.

Most examples of ML models for the purpose of SR in
meteorological applications are either two- or three
dimensional. The T and q data we consider are one-
dimensional, so ML techniques adapted from the field of
audio super-resolution are used to learn how to enhance
the vertical resolution in an atmospheric model thermo-
dynamic profile. Observations from weather balloons are
used as a source of HR training data. These are coarse-
grained to the resolution of the atmospheric model and a
neural network is trained to reintroduce the detail that is
lost as a result. It is shown that this improves the fine
details in the structure of the thermodynamic profiles as
well as having the potential to improve the diagnosis of
cloud fraction and CIN regions. The implementation
of the scheme into a weather or climate model, along
with the inevitable tuning and subsequent evaluation of
its impact, will be the subject of future work.

The paper is structured as follows. The training data
and ML techniques are described in Section 2. Results of
the evaluation of the vertical-resolution enhancement
technique in terms of fidelity in reconstructed T, q and
cloud fraction are presented in Section 3. A discussion
and prospects for future implementation in an atmo-
spheric model appear in Section 4. Conclusions are
drawn in Section 5.

2 | METHOD

2.1 | Data

The data used in this project were obtained from the
Atmospheric Radiation Measurement (ARM) archive, a
U.S. Department of Energy Office of Science user facility
managed by the Biological and Environmental Research
Program. The data were originally obtained from ARM
radiosonde launches and interpolated to a fixed
time-height grid, for each atmospheric state variable
(Jensen et al., 2013). The main reason for using these
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radiosonde data is their high vertical resolution in com-
parison to our atmospheric models.

Data from four different locations around the globe
were used for training: Alaska, Australia, Azores and
Oklahoma. The data were divided such that one full year
was used for training (01/10/2013–30/09/2014), 6 weeks
for validation (01/10/2014–15/11/2014) and another
6 weeks for testing (16/11/2014–31/12/2014), which gives
an ideal split of 80%/10%/10%.

Furthermore, to evaluate how the model performed
at a location and time different from those it was trained
on, data from Ascension Island, located in the South
Atlantic Ocean, were chosen for a period from
01/06/2016–15/07/2016.

Using a complete year of data for training, as well as
data from locations with very different climates, means a
wide range of values of T and q is covered, which should
help avoid extrapolation and improve generalisability.

Using data from different locations however leads to
a complication, as they are not on the same grid in the
vertical. As a first step, all observational data are interpo-
lated to a HR 50-m grid up to a height of 6400 m
(128 levels).

For the input to the machine-learning model, the
same radiosonde data were coarse-grained to Unified
Model (UM) resolution. This Low Resolution (LR) grid
has 29 levels up to 6 km, considerably less than the
HR grid.

Model data are not used as the input. If it were, then
biases in the model predictions could affect the results
and the machine-learning model would be trying to both
compensate for model errors and enhance the vertical
resolution. By using observations throughout, it is
ensured that the only difference between the input and
output is their resolution.

This way, when the loss is being reduced during train-
ing or certain metrics are measured during testing, it is
absolutely certain that only the error coming from the
profiles' resolution is being taken into account and
nothing more.

2.2 | Model

A CNN with a U-Net architecture was built based on
audio SR work done by Kuleshov et al. (2017). The model
was adapted to take two channels as input, correspond-
ing to the LR T and q profiles, and output back those two
same profiles at HR. A graphical representation of its
structure is shown in Figure 1.

The model is a pre-upsampling SR model, meaning
that the first step is to bring the input to HR space before
performing convolutions on it. This helps reduce the

upsampling artefacts. As such, before being passed to
the ML model, a cubic interpolation is performed on the
LR input.

On the ‘down’ side of the U-net, convolutions are
performed on the data, followed by a leaky Rectified Lin-
ear Unit with a slope of 0.2 (Kuleshov et al., 2017). At
every block the number of channels increases while the
length of the data is reduced (halved). At the ‘bottleneck’
of the model, the data is 24 times smaller than the input.

The opposite happens on the ‘up’ side, where every
block contains a convolutional layer, a Rectified Linear
Unit and a pixel shuffle layer (Shi et al., 2016), which
increases the data in length and reduces it in number of
channels. The pixel shuffle layer has been shown to pro-
duce less artefacts then the common upsample layer
(Odena et al., 2016).

Each of these blocks is followed by a skip connection
where the output from that block is stacked to the output
from the corresponding block on the down side, which
has the same dimensions. These connections have been
proved to help stabilise training as they ensure that the
spatial information of the features is not lost (Orhan &
Pitkow, 2017). Dropout and batch normalisation are also
introduced in this part of the model as they help avoid
overfitting and make the model more stable.

At the final layer of the neural network there is no
activation function, dropout or batch normalisation. Fur-
thermore, instead of stacking the cubic interpolated input
and output together, they are added to each other. This
operation at the end means that the network does not

FIGURE 1 Graphical representation of the structure of the

one-dimensional super resolution convolutional neural network.

B is the size of the batch, that is the number of samples, C is

number of channels and L is the length of the input.
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need to learn all the patterns in the profiles of T and q, it
just needs to learn a correction. This makes sense for
cases like this one, in which the output is very similar to
the input, and it helps speed up training.

Using a grid search, the optimal hyperparameters for
the model were found and the final version of the model
had a total of about 300,000 trainable parameters. The
model was trained using an Adam optimiser, with a
learning rate of 10�4, following a minibatches approach
(each containing 64 samples). It was trained for a total of
100 epochs but using early stopping, to help avoid overfit-
ting. The loss function used for training was a simple
Mean Squared Error (MSE) between the model's predic-
tions and the target.

2.3 | Physics-informed ML

Physics-informed ML (PML) is the integration of physical
knowledge into a ML model in order to ensure its predic-
tions conform to known laws of physics. It has also been
shown to lead to better generalisability, to less data being
needed, faster training and an increase in interpretability
and transparency in the models.

This can be done by adding a penalty to the cost func-
tion while training (soft constraint) or by changing the
architecture of the model itself (hard constraint). A sec-
ond version of the model was then trained to analyse and
evaluate the effect of adding physics information to it,
that version has exactly the same architecture as stated
before but was trained with a penalised loss function.

Since the goal was not only to improve the profiles of
T and q but also to do so in a physically consistent way,
RH was used to penalise the CNN. During training, RH
was calculated from the target T and q (and linearly
interpolated pressure) as well as from the predictions of
T and q for every batch, and the MSE of those two RH
profiles was calculated and used as a penalty. A relative
weight was attributed to the RH penalty to control how
much it impacted the training of the CNN. Its optimal
value was found to be 10%, with the remainder of the loss
function being made up of equal parts normalised T and
q MSE. Equation (1) describes the loss function used for
the PML (LPML).

LPML ¼ 1�αð Þ LML þ αP, ð1Þ

where LML ¼MSE ypred,ytruth
� �

is the traditional ML cost
function (simple MSE), P¼MSE RHpred,RHtruth

� �
is the

RH penalty and α is the weight attributed to that penalty.
To summarise, two versions of the CNN were trained,

using the same architecture and training hyperpara-
meters. The first one, a traditional ML model, was trained

with a simple MSE loss function based on T and q. The
second one, a PML model, has a RH penalty contributing
to the loss function.

3 | RESULTS

The test dataset, containing independent samples not
used during training, was used to evaluate the models.
The LR profiles are given to the previously trained model
to get predictions of HR temperature and humidity,
which are then compared against the input and the target
profiles.

There are many ways of calculating cloud fraction
from atmospheric soundings. As a way of demonstrating
the impact of the refined T and q on potential cloud frac-
tion calculations, the function presented by Wood and
Field (2000) was used in this paper. This simple function
is applicable to low-level cloud and can be used to quan-
tify how vertical refinements to T and q affect the profile
of RH and hence cloud fraction predictions. This function
is described in Equation (2), where C is Cloud Fraction,
qT is total water content and qs is the saturation specific
humidity. A and B are constants set to 17.0 and 0.95,
respectively.

C¼ 1
2

1þ tanh A qT=qs�Bð Þð Þf g: ð2Þ

Cloud-base height was then also calculated from the
profiles of cloud fraction, defined as the lowest height at
which cloud faction is larger than 3/8. Finally, Convec-
tive Available Potential Energy (CAPE) and CIN were
also obtained from the thermodynamical profiles using
the relevant function from the MetPy library (May
et al., 2022).

To measure and compare quantitatively the overall
accuracy of the models' predictions, Root MSE (RMSE) is
calculated for the predicted profiles in relation to the tar-
get. Tables 1–6 show the results for the two ML models,
traditional and PML, and the cubic interpolation bench-
mark, for data from all five available locations separately
(same number of samples for each), for temperature, spe-
cific humidity, cloud fraction, cloud-base height, CIN
and CAPE, respectively. The results presented here are
an average obtained by getting the results of the model
for the testing set over five independent rounds of train-
ing for each version of the model.

Furthermore, Figures 2 and 3 show profiles predicted
by the traditional ML model, compared against the cubic
interpolated profiles and the HR ones that we are trying
to emulate, for temperature and specific humidity,
respectively.
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TABLE 1 RMSE of temperature (K) for the two models and the cubic, when compared against the target, at every location (for the

testing dataset).

Location Cubic ML PML

Azores 4.254 � 10�1 (1.963 ± 0.009) � 10�1 (2.037 ± 0.081) � 10�1

Australia 3.520 � 10�1 (1.578 ± 0.012) � 10�1 (1.649 ± 0.054) � 10�1

Alaska 4.006 � 10�1 (1.758 ± 0.038) � 10�1 (1.967 ± 0.151) � 10�1

Oklahoma 4.408 � 10�1 (2.072 ± 0.016) � 10�1 (2.190 ± 0.097) � 10�1

Ascension Island (2016) 4.255 � 10�1 (2.435 ± 0.023) � 10�1 (2.542 ± 0.076) � 10�1

TABLE 2 RMSE of specific humidity (kg kg�1) for the two models and the cubic, when compared against the target, at every location

(for the testing dataset).

Location Cubic ML PML

Azores 1.718 � 10�4 (1.630 ± 0.005) � 10�4 (1.638 ± 0.012) � 10�4

Australia 3.156 � 10�4 (2.980 ± 0.006) � 10�4 (2.994 ± 0.013) � 10�4

Alaska 4.557 � 10�5 (4.671 ± 0.065) � 10�5 (4.517 ± 0.018) � 10�5

Oklahoma 1.086 � 10�4 (1.068 ± 0.002) � 10�4 (1.063 ± 0.002) � 10�4

Ascension Island (2016) 2.876 � 10�4 (2.869 ± 0.054) � 10�4 (2.863 ± 0.032) � 10�4

TABLE 4 RMSE of cloud-base height (m) for the two models and the cubic, when compared against the target, at every location (for the

testing dataset).

Location Cubic ML PML

Azores 1240.515 1217.106 ± 39.364 1135.226 ± 38.566

Australia 1113.495 1199.355 ± 31.242 1163.647 ± 33.452

Alaska 510.368 575.461 ± 134.604 488.809 ± 140.990

Oklahoma 606.533 725.955 ± 26.498 688.757 ± 25.128

Ascension Island (2016) 1322.735 1355.040 ± 35.798 1291.993 ± 33.832

TABLE 5 RMSE of CIN for the two models and the cubic, when compared against the target, at every location (for the testing dataset).

Location Cubic ML PML

Azores 7.009 3.177 ± 0.354 3.336 ± 0.180

Australia 9.320 4.683 ± 0.660 5.556 ± 0.843

Alaska 0.370 0.585 ± 0.116 0.654 ± 0.138

Oklahoma 7.897 3.870 ± 1.777 4.824 ± 2.153

Ascension Island (2016) 24.664 17.461 ± 1.195 18.505 ± 1.990

TABLE 3 RMSE of cloud fraction for the two models and the cubic, when compared against the target, at every location (for the testing

dataset).

Location Cubic ML PML

Azores 6.012 � 10�2 (5.488 ± 0.094) � 10�2 (5.471 ± 0.089) � 10�2

Australia 3.264 � 10�2 (3.271 ± 0.085) � 10�2 (3.174 ± 0.098) � 10�2

Alaska 1.021 � 10�1 (1.203 ± 0.095) � 10�1 (0.991 ± 0.026) � 10�1

Oklahoma 6.892 � 10�2 (6.612 ± 0.096) � 10�2 (6.589 ± 0.109) � 10�2

Ascension Island (2016) 3.998 � 10�2 (3.445 ± 0.052) � 10�2 (3.442 ± 0.117) � 10�2
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In Figure 4, an example of a cloud fraction profile
resultant from PML predictions of T and q is shown,
alongside the hr target and the profile calculated from
cubic interpolated T and q.

To evaluate if the models' predictions do improve
cloud fraction when compared against the original UM
resolution data, cloud fraction was calculated from the
LR T and q profiles and the cloud fraction profiles
from the ML models and truth were coarse-grained to
LR. When reducing the resolution of the cloud fraction
profiles, a ‘maximum interpolation’ method was used.
This is because a simple (linear) interpolation would
mean losing the sharp peaks in cloud fraction, which

are what this project aimed to recover in the first
place.

To get LR cloud fraction, the maximum value in HR
cloud fraction between the middle of the gridbox and the
middle of the next gridbox is taken. This can be seen as a
representation of cloud area, which is a useful quantity
for radiation purposes, for example. The RMSE of the
UM profiles compared against LR truth is equal to
9.335 � 10�2 while the traditional ML model gives a
RMSE of (7.898 ± 0.554) � 10�2 and (7.135 ± 0.112) �
10�2 for the physics-informed model.

Refractivity was also investigated. From the different
profiles of T and q obtained from the truth, cubic

TABLE 6 RMSE of CAPE (J�kg�1) for the two models and the cubic, when compared against the target, at every location (for the testing

dataset).

Location Cubic ML PML

Azores 49.128 27.900 ± 2.264 30.316 ± 2.166

Australia 187.333 138.036 ± 6.325 149.986 ± 10.820

Alaska 1.831 � 10�2 (2.653 ± 0.657) � 10�2 (2.419 ± 0.463) � 10�2

Oklahoma 2.436 1.050 ± 0.052 1.159 ± 0.129

Ascension Island (2016) 67.200 36.804 ± 3.694 37.088 ± 4.019

FIGURE 2 Example of a

temperature profile from the

Tropical Western Pacific Central

Facility, Darwin, Australia

(18/11/2014, 22:30:30) predicted by

the ML model (dashed green line)

compared against the cubic

interpolated profile (dash-dotted

purple line) and the truth (full blue

line). Values on the atmospheric

model grid are shown by crosses.

The left panel shows the profile up

to 6 km and the right one zooms in

on the inversion.

6 of 12 DA SILVA RODRIGUES and MORCRETTE

 1530261x, 2025, 2, D
ow

nloaded from
 https://rm

ets.onlinelibrary.w
iley.com

/doi/10.1002/asl.1288 by B
attelle M

em
orial Institute, W

iley O
nline L

ibrary on [17/02/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



interpolation and the two versions of the ML model, the
refractivity profiles were calculated and compared.
Regarding refractivity, the cubic interpolated profiles led
to a RMSE value of 1.048, the traditional ML, a RMSE of
(9.956 ± 0.012) � 10�1 and the PML to 1.002 ± 0.002.
Figure 5 shows a profile of refractivity calculated from
profiles of T and q predicted by the traditional ML model
compared to the truth and the profile obtained from
cubic interpolated T and q.

Finally, Figure 6 shows three skew-T log-p diagrams
obtained from the truth, cubic interpolation and ML pre-
dictions (from the traditional ML version) of T and q,
where it is possible to observe how these different ther-
modynamic profiles lead to considerably different mea-
surements of CIN, as well as CAPE.

4 | DISCUSSION

Two versions of a CNN were trained to add vertical detail
to atmospheric T and q profiles and both models were
able to produce refinements that surpass a benchmark
provided by cubic interpolation.

The first model just aimed to reduce the error in
T and q. This model had no knowledge of how other

atmospheric variables are non-linearly related to T and q.
Although the model did improve the profiles of T and q,
it did not necessarily improve them at the best places or
in the best way to improve cloud fraction.

The second model by contrast had information
about how RH is related to T and q. This model did lead
to cloud fraction profiles which were an improvement
above that provided by a simple cubic interpolation of
T and q. This improvement comes at the cost of the
errors in T and q themselves being slightly worse,
although still better than what a cubic interpolation
would provide, as shown by Tables 1 and 2. It is clear
from these tables that both ML models improve the pro-
files of temperature and humidity, in comparison to
cubic interpolation, even though the traditional ML
model produces most of the times greater benefit than
the physics-informed one.

This is further sustained by looking at Table 3, where
it can be observed that while the traditional ML can
improve RMSE of cloud fraction, when compared against
cubic, its physics-informed counterpart does a better job
at it, showing an overall improvement in this metric.
Although Table 4 shows slightly more mixed results, rela-
tive to cloud base height, it does show once again that
PML also improves upon tradition ML, for all locations.

FIGURE 3 Example of a

specific humidity profile from

Eastern North Atlantic Graciosa

Island, Azores, Portugal

(23/11/2014, 22:30:30) predicted by

the ML model (dashed green line)

compared against the cubic

interpolated profile (dash-dotted

purple line) and the truth (full blue

line). Values on the atmospheric

model grid are shown by crosses.

The left panel shows the whole

profile while the right one focuses

on the sudden change in q.
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Table 5 shows the results for CIN and it supports
what was previously mentioned, that is, that both models
perform well and improve overall the RMSE compared
against the benchmark. For this variable, the traditional
ML version surpasses the physics-informed one. The
same is observed for CAPE (Table 6).

Tables 1–6 show that the models do a good job at gen-
eralising to a different unseen location and year, with the
results for Ascension Island showing an improvement
over the cubic interpolation for all variables for at least
one of the versions of the ML model.

As well as the quantitative improvements shown in
these tables, the examples shown in Figures 2–6 show the
algorithm producing other benefits. Figure 2 shows that
the algorithm is able to sharpen the temperature inver-
sion better than cubic interpolation while, in terms of
humidity, it is shown in Figure 3 that the ML approach
sharpens the gradient and does not suffer from the over-
shoots and undershoots shown by cubic interpolation.

In the cloud fraction profiles shown in Figure 4, as
well as an improvement in the lateral extent of the cloud,
the height of cloud top is better captured. It is encourag-
ing that the U-Net is also able to capture a region of
reversed vertical gradient of refractivity (Figure 5).

Finally, in the example in Figure 6, there is a shallow
layer of weak moist stability from 720 to 820 hPa in real-
ity. The cubic interpolation infers that this whole layer is
moist neutral, leading to an underestimate in CIN. The
U-Net, by contrast, successfully captures a weakly stable
moist layer, leading to a better estimate of the amount of
CIN, as well as, CAPE.

One approach to improving the representation of
fine-scale atmospheric phenomena such as thin clouds,
shallow layers of CIN and slim regions of anomalous
refractivity gradients is to increase the vertical resolution
of the model, for example by doubling the number of
layers on which atmospheric variables are discretised.
This however would make the model significantly more
expensive due to a combination of three factors. First,
there would be a doubling of the memory requirements
from needing to store all the atmospheric variables on
more levels. Second, there would be a doubling of the
number of calculations required in all aspects of the
model physics and dynamics. Third, the model timestep
may need to be reduced to ensure numerical stability.

The new technique presented here however could
allow computer resources to be deployed more strategi-
cally. Having identified physical processes that are likely

FIGURE 4 Example of cloud

fraction (CF) profile from Eastern

North Atlantic Graciosa Island,

Azores, Portugal (21/11/2014,

05:30:30) obtained from the profiles

of T and q predicted by the PML

model (dashed green line) compared

to the one obtained from cubic

interpolated profiles (dash-dotted

purple line) and the truth (full blue

line). Values on the atmospheric

model grid are shown by crosses.

The left panel shows the profile up

to 6 km while the right one zooms in

on the sudden peak in CF.
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to benefit from increased vertical resolution, the new
CNN could be called just prior to that parametrisation
scheme being called. For example, a HR thermodynamics
profile could be generated before calling the cloud
scheme. The cloud scheme could then be fed this profile
and predict cloud fraction and condensate amounts on a
HR grid, which could then be coarse-grained back to the
model original grid. As a result, thin cloud layers which
may otherwise have been missed or under-represented
could now appear in the model and be allowed to have a
radiative effect. This could lead to significant improve-
ments in model performance, with only a modest
increase in computation.

Because of imperfections in existing parts of any
atmospheric model, there are compensating errors in the
representation of various processes. As a result, improve-
ments to certain aspects of one scheme often require
other schemes to be tuned in order to get overall
improved performance (Hourdin et al., 2017). Coupling
this scheme to the UM would inevitably lead to changes
in the statistics of cloud occurrence and convective initia-
tion which would lead to a need to retune several aspects
of the model physics. This will complicate the objective
assessment of the new approach.

Implementing and evaluating this thermodynamic
vertical resolution enhancement technique in the UM is
therefore beyond the scope of this study. The focus here
has been on the development and evaluation of the tech-
nique in offline mode. The technique described here
however will be part of a package of multiple parametri-
sation changes that will form part of a new formal model
configuration (e.g. Walters et al., 2017).

5 | CONCLUSION

Some phenomena in the atmosphere occur at scales
smaller than the grid of our models, particularly in the
vertical. An example of this is the formation of thin
clouds, which can happen due to sudden temperature
inversions in the vertical. While increasing the vertical
resolution of atmospheric models would improve the rep-
resentation of these processes, this is expensive both in
memory and computations needed. A possible solution
was presented in this paper.

A machine-learning-based one-dimensional SR model
was trained to improve the vertical detail in temperature
and specific humidity profiles. Radiosonde data were

FIGURE 5 Example of a

refractivity profile from Eastern

North Atlantic Graciosa Island,

Azores, Portugal (07/12/2014,

00:30:30) calculated from the T and

q profiles predicted by the

traditional ML model (dashed green

line) compared against the cubic

interpolated profile (dash-dotted

purple line) and the truth (full blue

line). Values on the atmospheric

model grid are shown by crosses.

The left panel shows the whole

profile up to 6 km and the right one

zooms in on the sudden inversion.
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used as the truth, due to their high vertical resolution rel-
ative to atmospheric models. The first step in the infer-
ence process is to take the profiles of T and q and regrid
to a 50 m grid using cubic interpolation. The CNN then
refines the details of the profiles on this grid. This makes
this technique general and means it can be used with
thermodynamic profiles from any atmospheric model,
not just the UM.

Two versions of the ML model were trained, one
using a simple MSE as the cost function (traditional ML)
and the other using a RH penalty in the cost function
(PML). Although the first model performs better than the
benchmark (cubic interpolation) at both T and q, it does
not, in general, improve cloud fraction. This is likely due
to the non-linear relations that exist between

temperature, humidity and cloud fraction and might
mean that even though the model has learned how to
improve the vertical profiles of T and q, it is not improv-
ing them at the most relevant places to improve cloud
fraction.

The PML model, on the other hand, is given informa-
tion on how T and q impact RH, and this leads to an
improvement in cloud fraction, which surpasses the
benchmark. This improvement in cloud fraction comes at
the cost of slightly worse overall profiles of T and q,
although still better than the cubic interpolated ones.

It was also investigated how CIN, CAPE and refractiv-
ity index calculated from the thermodynamic profiles pre-
dicted by the ML model compared to the ones calculated
from cubic interpolated profiles and HR truth. Both

FIGURE 6 Example skew-T log-p diagrams from the Tropical Western Pacific Central Facility, Darwin, Australia (06/12/2014, 16:30:30)

on the UM vertical grid (top left), from the true high-resolution profiles of T and q (top right), from cubic interpolation (bottom left) and

from the ML model predictions (bottom right). The shaded red and blue regions represent positive and negative areas, respectively.
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versions of the model led to improvements in all these
three variables, when compared to cubic interpolation.

All experiments in this study were done offline. While
offline profile refinement may be sufficient for improving
diagnostic calculations of CAPE and CIN and diagnosing
regions of anomalous radar refractivity gradients, other
applications will require online deployment. As a result,
the next step will be to implement this model in the UM,
coupled to the cloud scheme, to investigate how it
behaves and how it affects the model forecasts.

As shown with CIN, this technique can also be used
to improve the representation of other physical processes
besides cloud formation. So in the future, it might be
coupled to other parametrisations in the UM, such as the
convection scheme or any other where a better resolved
vertical profile of key variables could lead to better
performance.
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