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Dear Editor and Reviewers,
Many thanks for your valuable comments and suggestions, which were very useful for improving presentation of
results and paper readability. In the following, we will answer all the comments raised by the reviewers in detail.

The reviewers’ comments are in bold, citations in Italic and our answers are in regular font.

1 Reviewer 2:

1.1 Major comments

The study presents results from two downscaling methods for GCM precip itation. One is dynamical
downscaling with the CCLM RCM and the second is a statistical emulator for CCLM based on CNNs.
The downscaling is applied to simulations with the MPI-ESM1-2_HR GCM. Both approaches are

in principle useful and the results are informative.

Thanks a lot for the positive feedback. We have to mention that we also conducted a simulation where we
downscaled EC—Earth3—Veg GCM using CCLM and the trained CNN (see Sec. 4.1 Applying CNN to a different
GCM and https://zenodo.org/records/10417111). We will add more details of the simulations in a new version
of the manuscript.

However, the method evaluation is very limited as it is only based on MAE, while many other
evaluation measures could have been used. I suggest to add at least an analysis of the bias in the
mean and include a justification for the specific choice of evaluation measures. Moreover, the analysis
of MAE of GCM simulations and GCM-driven RCM simulations relative to observations is funda-
mentally wrong, because the random internal variability in the simulations and in the observations is
not synchronised.

We are aware that he simulations are in the so-called ”free” mode and do not include any kind of data assimilation
and do not "see” the observations. However, we conduct averaging of 30 years on each day, i.e. we have 30 first of
January for example and the resulted pattern is not only a random pattern of a single day. However, as suggested
by you, we added the new figure 5 in the new version of the manuscript, showing biases of the climatological values.
With such figures we again confirm the added values of the RCM downscaling conducted in our study for mean

states. The overall added value pattern is similar in both cases, i.e. using MAE or climatological bias. This might
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be embedded in the 30-years averaging in the MAE calculation, which cancels out small random variablities, which
are induced by the dynamical downscaling.

The choice of using MAE for the comparisons are motivated by the fact that a mean of absolute errors over
30 years already cancels out the majority of randomness within the dataset. And we are ultimately interested in
the reduction of the mean error via downscaling. Other reason for selection of MAE lays in the distribution of
Precipitation. According to the study of [Hodson| (2022)), MAE is more suitable for precipitation than other metrics.

For the rest of the manuscript, we will show the MAE, because we are comparing the emulated pattern against
the RCM-pattern and there is no comparison to observations.

The manuscript is also not well written, and important conceptual basics and technical details are
not clearly explained. It needs substantial rewriting before it is suited for publication.

We have implemented your critics in the new version of the manuscript and modified the text a lot to meet your

expectations.

1.2 Specific comments

The introduction contains many good points, but there is some repetition and it should be better
structured. The purpose of the paper should be made clear in the abstract and at the beginning of
the introduction. What are the research questions?

We modified the introduction accordingly with a focus on the research questions listed as bullet points in the

introduction.

e Research Question 1: How effectively can CMIP6 models be downscaled for the CORDEX Central Asia region

to enhance precipitation simulations? (Kendon et al., |2014; |Demory et al., [2020; [Hess et al., 2022)

e Research Question 2: Can convolutional neural networks (CNNs) effectively downscale GCM outputs, and how
do they perform when applied to GCMs they were not initially trained on? (Sun and Lan, 2021; Rasp and
Lerchl| 2018])

Is this mainly a methodological study or is the main purpose to provide high-resolution scenarios
to inform impact and adaptation studies? The first part of the introduction suggests that the CCLM
predictions are the main point, and only after line 110 it is said that a ML emulator will be tested,

and that three research topics are addressed. The second research topic (line 118) is unclear. What



55

56

57

58

59

60

61

62

63

64

65

66

67

68

69

70

71

72

73

74

75

76

7

78

79

80

81

82

83

is meant with the ‘dynamical downscaling signal for heavy precipitation’? Signal of what? The third
topic is training a CNN-based emulator for CCLM, but why is evaluation not mentioned? It would
also be good to discuss whether there are already published findings on the added value of RCMs
over Central Asia, for instance from CORDEX.

We have modified the introduction a lot to make those points clear. We added a paragraph listing the few
downscaling efforts done in Central Asian domain.

Line 11: ‘we downscale CCLM’ is not correctly phrased

We have changed it to ” Additionally, we employ the CCLM to refine future climate projections.”

Lines 16-18: The setup of the CNN training and evaluation, and the applications are not clearly
explained in the abstract. Of course, the CNN emulator is model-specific, as it is designed to emulate
a specific RCM.

We reformulated this part in the new version of the manuscript.

Line 25: Maraun and Widmann (2018) ‘Statistical downscaling and bias correction for climate
research’, Cambridge University Press, is a standard reference for statistical downscaling and should
also be cited.

That is true. We added this source in the new version.

Lines 101-102: If ML is used for postprocessing large-scale data separately for each time step, as
is the case for the emulator presented, there is no iterative use of the output. It is therefore unclear
how this comment relates to the study.

We have removed this sentence and explained the conservation process of the DL architecture we have used in
this study. For example the following part is added to the new introduction:

”CNNs are adept at maintaining spatial coherence in the output, which is critical in downscaling where preserving
the geographical patterns of climate variables (like precipitation) is crucial (Kurth et al., 2018). Constrained CNNs
integrate physical constraints or laws directly into the training process. The constraining is done by changing the loss
function or the network’s architecture to enforce compliance with physical laws (i.e., conservation of mass, energy,
or momentum). Unconstrained CNNs operate without explicitly incorporating physical laws or constraints into the
network’s architecture or loss functions. They focus solely on learning from the input data to the output predictions
based on the data-driven patterns they detect. This study explores unconstrained and constrained CNN approaches

to understand their effectiveness in downscaling and how they perform when applied to GCMs on which they were
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not initially trained.”

Lines 153-159: It is not clear what is meant with ‘high/low challenges to adaptation’.

we added the following paragraph to the new introduction: ”Challenges to adaptation refer to the degree of
difficulty that societies might face in adjusting to the environmental, economic, and social impacts of climate change.
Specifically, this term refers to a society’s fundamental susceptibility and the accessibility and efficacy of technologies
and approaches designed to lessen the impacts of climate change. The adaptation challenges are minimal in the
SSP126 scenario, which envisions a sustainable future. This implies that, under this scenario, global cooperation
and sustainable practices lead to advancements in technology and governance that significantly reduce vulnerability
to climate change impacts. Additionally, societal structures are resilient, and resources are managed to minimise
environmental stresses and maximise human well-being.”

Section 2.1.1: There should be a reference to Fig. la to specify the CCLM domain, and in the
figure caption ‘study region’ should be replaced with ‘CCLM simulation domain’.

We added this into the new version.

Section 2.1.2: The setup for the CNN training is not fully clear. What are the simulation periods
for the scenario runs? Are the input and output variables daily precipitation?

We implemented this data in the new version of the manuscript.

Line 161-162: If input and output are precipitation, what is the meaning of energy and mass
conservation in this context? Is ‘energy’ and ‘mass’ in this context the same or are these different
quantities? It turns out later that the details are given in appendix A and that for the hard constraint
the meaning of ‘mass and energy conservation’ is that the precipitation over a GCM gridcell is
conserved in the high-resolution precipitation. However, the main part needs to be self-contained
and written such that it is not confusing. Therefore, a short explanation of the main aspects of the
constraints and a reference to the appendix should be given here.

We agree with this point and therefore moved this part to the main part of the manuscript. We explain each
layer in the main part of the paper with references to the new figure 2. Description of the constraint layers are now
presented in section 2.1.3.

Appendix A is very unsystematic and unclear. Specific problems are listed in the next five points.
Line 417: The simplest way to ensure mass conservation would be to scale all small-scale values

within a given large-scale gridcell with the ratio of the large-scale value and the sum of the small-
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scale values. Why is this not done and what is the reason for the specific choice using the exponential
dependency of the scaling factors on the small-scale values?

Thanks a lot for this point, this might need further explanation. The way of scaling that you are describing is
also one possibility described in Harder et al., 2023. The work showed though that using the softmax constraints
layer gives better results. The exponential both ensures positive predictions and leads to more variance between
subpixels in the super-resolved prediction. The multiplicative rescaling you are describing e.g. struggles when the
sum of the small-scale values gets close to zero.

Line 418: Why is the MAE loss function mentioned in the context of the hard constraint, which
in the way it is formulated does not depend on the loss function for the CNN? It is said already in
line 192 that MAE is the loss function for the CNN.

That’s correct, the hard constraints layers dont depend on the loss function. There is a formulation of the soft
constraining, which includes an addional term in the loss function. We have removed that part in the new version of
the manuscript.

Lines 419-424: Is this the loss function for the whole CNN, or is it only relevant for the constraint
layer? If it is the former, this contradicts the statement in line 192. If it is the latter, the use of two
loss functions needs to be explained. How are the y; calculated from the values in the previous layer?
Why is there an explicit version for calculating y; for the hard constraint (eqn. A2) but not for the
soft constraint?

The loss function is always for the whole CNN. If there are hard constraints are included there is no change in the
loss function at all. Next to hard constraints there also exist soft constraints, which is a way of enforcing constraints
through an additional term in the loss function. Soft constraints and hard constraints are fundamentally different
as hard constraints build on reajusting the outputs during training and inference at the end of the neural network
through a non-trainable layer. This is an explicit function that is applied. Soft constraints are not enforced explicitly
but through the penalizing term mentioned above.

Lines 425-426: It is not clear why a loss function is mentioned if there is no constraint layer. It is
already said in line 192 that MAE is the loss function used for the whole CNN.

The loss function is mentioned because it is used for the soft constraints and changed for this.

Lines 428-429: This sentence says that MAE is an evaluation criterion for the different settings.

This is confusing. Are the ‘loss function’ and the ‘evaluation criterion’ used differently? If so, it needs
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to be explained how, or the statement on the evaluation criterion needs to be moved to the ‘metrics’
section.

The MAE is both used as a loss function and an evaluation metric. A loss function is used during the training
to optimize the neural networks parameters, while an evaluation metric is calculated on the validation or test data
set to evaluate the model on an independent dataset. Those are two different use cases, but both can use an MAE.
This information is added into the new version for clarifying.

Lines 162-171: Although GCM errors affect the output, the emulator is a statistical model, which
should be not very sensitive to the states used for fitting, otherwise there is the usual problem of
stability of statistical relationships in statistical downscaling. The phrasing ‘introduce biases in the
downscaling process’ is misleading, as the ‘downscaling process’ is the CCLM model or the CNN
emulator, not the output. The discussion in this part is conceptually unclear as in conflates models
and outputs. The fact that biases and errors of the CCLM and CNN output are partly caused by
propagation of GCM biases and errors needs to be taken into account in the evaluation.

We changed the whole paragraph into a new one :

”In the context of deep learning for climate modelling, the 'perfect model” approach involves starting with high-
resolution data, which is considered accurate or nearly perfect, and intentionally degrading it to a lower resolution.
The aim is to simulate a scenario where the ’truth’ (the original high-resolution data) is known, and then to recover
this high-resolution from the artificially degraded data using deep learning techniques. This approach is a crucial
part of training, as it teaches the model the desired mapping from low to high resolution, enabling the model
to effectively learn how to upscale or enhance resolution while minimizing the loss of critical information. It’s a
controlled experiment that helps refine the model’s capabilities.

The ”imperfect model” approach, on the other hand, acknowledges that both the low-resolution (GCM output)
and the high-resolution (RCM output) datasets have their inherent errors and limitations. In this scenario, we do

not have a single source of truth but rather two separate sets of data:

e Low-resolution data: This may capture global or large-scale phenomena but miss regional details (Xu et al.|

2021; |Chokkavarapu and Mandlal [2019)).

e High-resolution data: This provides detailed regional information but may still have errors or not perfectly re-

flect reality due to limitations in data collection, model configuration, or computational constraints (Muttaqien
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et al., 2021)).

In this setup, the challenge for deep learning is to learn a mapping between these two independently imperfect
data sets. With using the CNN we try to train a model that can predict high-resolution details from low-resolution
inputs as accurately as possible despite the absence of a perfect ground truth. This involves understanding and
modeling the uncertainties and biases inherent in both datasets.”

Lines 189-190: The statement that the unconstrained CNN works best is based on the evaluation,
and the performance ranking depends in principle on the evaluation measures. This is the method
section and the reader does not know yet what the evaluation measures are. The statement on the
best architecture should be moved to the result section and it should be made clear that the ranking
of methods can depend on the evaluation measures.

We agree and have moved this part to the results and explain it in a right order now.

Lines 196-206: How different are the CHIRPS, APHODITE and CPCC data on the coarser grids
for which they are all available?

Based on the point raised by reviewer 1, we have removed this lines from the new version of the manuscript.

Lines 210-215: It would be good to also do the evaluation on the coarse grid, or at least comment
why this is not done. See also Volosciuk et al. (HESS 2017) ‘A combined statistical bias correction
and stochastic downscaling method for precipitation’ for a discussion on the distinction between biases
and differences in statistical properties on different spatial scales.

We did not initially include an evaluation on the coarse grid primarily due to our specific focus on the impacts
at a higher spatial resolution, which is more relevant for local climate adaptation strategies, like the work of [Russo
et al.| (2020). Nevertheless, to enhance the robustness of our findings and provide a comprehensive analysis, we will
include a discussion on the implications of not evaluating at coarser resolutions in the revised manuscript. This
discussion will reference the findings of Volosciuk et al. (2017) to provide a theoretical framework for understanding
the scale-dependent nature of biases and differences in statistical properties.

We added the following paragraph to the discussions : ”Our study evaluated the downscaling skill primarily
using higher resolution observations, which are critical for capturing localized climate phenomena relevant to regional
adaptation strategies. However, as|Volosciuk et al.[ (2017 noted, examining downscaling outputs at coarser resolutions
can be equally informative. Their work emphasizes that downscaling methods can introduce or fail to correct biases

that differ significantly across spatial scales. By evaluating on a coarser grid, it is possible to distinguish between
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the inherent biases of the model and those introduced by the downscaling process. This distinction is crucial for
understanding the limitations and strengths of downscaling methods in representing climatic variables across different
scales.”

Lines 216-223: The evaluation is very limited because it only addresses temporal variability, and
only with one specific measure. Other measures for the agreement of simulated and observed temporal
variability could also be used such as correlations of the timeseries or Brier Score for threshold
exceedances. Differences in distributions, including the bias in the mean, potentially also in quantiles
should also be analysed. The various aspects of evaluation are discussed for instance in Maraun et al.
(Earth’s Future 2015) ‘VALUE: A framework to validate downscaling approaches for climate change
studies’.

Indeed we show correlations as numbers in the paranthesis within new Figure 9, new Figure 10 ¢ and d, whenever
we do not shuffle the datasets. We also added the simple bias maps in new figure 5. The current model set-up has
already been evaluated in a previous study i.e. [Russo et al.| (2020). Here, we apply that setting for creating the
CMIP6-based CORDEX-CA.

Moreover, the terminology is not correct. A bias is a systematic difference between a statistical
variable calculated from two datasets. It often refers to variables that characterise distributions (such
as the mean, variance, or quantiles), but can also be used for variables that characterise temporal
variability (such as autocorrelation or spectra) or spatial variability (such as correlation lengths, for
instance Widmann et al. (IJC 2019) ‘Validation of spatial variability in downscaling results from the
VALUE perfect predictor experiment’. It is not common practice to use the term bias to characterise
the agreement of individual time steps, and therefore MAE should not be called bias.

This issue was raised also by reviewer 1 and we agree with it. We now show both MAE and the simple bias maps.
Please see answer to reviewer 1.

Section 3.1.1: If I understand correctly the MAE is calculated based on pairs of daily simulated
and observed values. If so, this approach is fundamentally wrong, because the precipitation series are
realisations of random internal variability, which are different in the observations and in the GCM
simulations or GCM-driven RCM simulations. This is different for reanalyses and reanalysis-driven
RCM simulations because of the data assimilation in reanalyses. MAE is based on pairs of values for

a given time and a measure for how similar the timeseries are. It makes no sense to calculate MAE
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for non-synchronised timeseries, because there is no justification for the paring of values. In this
situation the MAE is only affected by the difference in variance and provides no meaningful measure
of agreement of the specific temporal behaviour. This section and Fig. 3 should therefore be deleted.

We completely agree on this point and removed the subsection and its figures.

Lines 259-261: The GCM biases that affect the climate change signal in RCM simulations are
not the MAE for short-term variability but systematic biases for instance in the large-scale mean
circulation for the present climate, which may be linked to unrealistic large-scale climate change.
The links between biases and climate change signals are complex, and should be discussed more
carefully.

As mentioned above, this section is removed from the new version of the manuscript.

Line 322: Project reference is missing

We corrected that.

Lines 351-353: This argument is missing the main point. CCLM is driven at the lateral bound-
aries by the GCM values for the state variables of CCLM (temperature, pressure, wind speed etc.).
Precipitation is not used for driving the RCM. The CNN input is the GCM precipitation, which has
different biases in the two GCM, and therefore the mapping from the MPI-GCM-precipitation to the
CCLM precipitation cannot be successfully transferred to EC-Earth.

We added this point in the new version.

Discussion and conclusions: This section needs to be rewritten after the issues listed above have
been addressed.

We have rewritten those sections.

Line 516: Reference for the Harder et al. 2022 preprint should be updated to the peer-reviewed
version Harder et al. 2023.

Done.

On behalf of all authors,

Bijan Fallah



254

255

256

257

258

259

260

261

262

263

264

265

266

267

268

269

270

271

272

273

274

275

276

277

278

279

References

Chokkavarapu, N. and Mandla, V. R.: Comparative study of GCMs, RCMs, downscaling and hydrological models:

a review toward future climate change impact estimation, SN Applied Sciences, 1, 1698, 2019.

Demory, M.-E., Berthou, S., Fernandez, J., Sgrland, S. L., Brogli, R., Roberts, M. J., Beyerle, U., Seddon, J.,
Haarsma, R., Schir, C., et al.: European daily precipitation according to EURO-CORDEX regional climate models
(RCMs) and high-resolution global climate models (GCMs) from the High-Resolution Model Intercomparison

Project (HighResMIP), Geoscientific Model Development, 13, 5485-5506, 2020.

Hess, P., Driike, M., Petri, S., Strnad, F. M., and Boers, N.: Physically constrained generative adversarial networks

for improving precipitation fields from Earth system models, Nature Machine Intelligence, 4, 828-839, 2022.

Hodson, T. O.: Root-mean-square error (RMSE) or mean absolute error (MAE): When to use them or not, Geosci-

entific Model Development, 15, 5481-5487, 2022.

Kendon, E., Roberts, N., Fowler, H., Roberts, M., Chan, S., and Senior, C.: Heavier summer downpours with climate

change revealed by weather forecast resolution model. Nat. Climate Change, 4, 570-576, 2014.

Muttaqien, F. H., Rahadianti, L., and Latifah, A. L.: Downscaling for Climate Data in Indonesia Using Image-to-
Image Translation Approach, in: 2021 International Conference on Advanced Computer Science and Information

Systems (ICACSIS), pp. 1-8, IEEE, 2021.

Rasp, S. and Lerch, S.: Neural networks for postprocessing ensemble weather forecasts, Monthly Weather Review,

146, 3885-3900, 2018.

Russo, E., Sgrland, S. L., Kirchner, 1., Schaap, M., Raible, C. C., and Cubasch, U.: Exploring the parameter space
of the COSMO-CLM v5. 0 regional climate model for the Central Asia CORDEX domain, Geoscientific Model

Development, 13, 5779-5797, 2020.

Sun, L. and Lan, Y.: Statistical downscaling of daily temperature and precipitation over China using deep learning
neural models: Localization and comparison with other methods, International Journal of Climatology, 41, 1128-

1147, 2021.

Volosciuk, C., Maraun, D., Vrac, M., and Widmann, M.: A combined statistical bias correction and stochastic

downscaling method for precipitation, Hydrology and Earth System Sciences, 21, 1693-1719, 2017.

10



20 Xu, Z., Han, Y., Tam, C.-Y., Yang, Z.-L., and Fu, C.: Bias-corrected CMIPG6 global dataset for dynamical downscaling
261 of the historical and future climate (1979-2100), Scientific Data, 8, 293, 2021.

11



10

15

Climate Model Downscaling in Central Asia: A Dynamical and a

Neural Network Approach

Bijan Fallah', Christoph Menz!, Emmanuele Russo?, Paula Harder?, Peter Hoffmann', Iulii Didovets!,
Masoud Rostami', and Fred F. Hattermann'*

'Potsdam Institute for Climate Impact Research (PIK), P.O. Box 601203, 14412 Potsdam, Germany

2ETH Ziirich, Department of Environmental Systems Science, Universititstrasse 16, 8092 Ziirich, Switzerland
3Mila Quebec Al Institute, Montreal, Canada

“Eberswalde University for Sustainable Development (HNEE), Germany

>Laboratoire de Météorologie Dynamique (LMD), Sorbonne University (SU), Ecole Normale Supérieure (ENS), Paris, France

Correspondence: Bijan Fallah (fallah @pik-potsdam.de)

Abstract. To estimate future climate change impacts, usually high-resolution climate projections are necessary. Statistical
and dynamical downscaling or a hybrid of both methods are mostly used to produce input datasets for impact modelers. In
this study, we use the regional climate model (RCM) COSMO-CLM (CCLM) version 6.0 to identify the added value of
dynamically downscaling a general circulation model (GCM) from the sixth phase of the Coupled Model Inter-comparison
Project (CMIP6) and its climate change projections’ signal over Central Asia (CA). We use the MPI-ESM1-2-HR (at 1° spatial
resolution) to drive the CCLM (at 0.22° horizontal resolution) for the historical period of 1985-2014 and the projection period
of 2019-2100 under three different shared socioeconomic pathways (SSPs): SSP1-2.6, SSP3-7.0 and SSP5-8.5 scenarios. Using
the Climate Hazards Group InfraRed Precipitation with Station data (CHIRPS) gridded observation dataset as reference, we

evaluate the

-performance of CCLM driven by ERAlInterim
reanalysis over the historical period. CCLM’s added value, compared to its driving GCM, is significant (more than Smm/day)
over CA mountainous areas, which are at higher risk of extreme precipitation events. Furthermore,-we-downseale-the CCEM-Hfor
Additionally, we employ the CCLM to refine future climate projections. We present high-resolution maps of heavy precipitation
changes based on CCLM and compare them with CMIP6 GCMs ensemble. Our analysis shows a significant increase in heavy

precipitation intensity and frequency over CA areas that are already at risk of extreme climatic events in the present day. Finally,

tng;-we train a convolutional neural network (CNN) to map the

low-resolution-GEM-simulations-to-the-a GCM simulation to its dynamically downscaled CCLMenes. We show that applied
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the CNN could emulate the GCM-CCLM model chain over large CA areas. However-this-specific emulator-has-shorteomings
This emulator has added values when applied to a new GCM-CCLM model chain. Our-dewnsealing-data-and-the-pre-trained
ENN-model-coutd-be-used-byseientifie-Scientific communities interested in downscaling CMIP6 models and-searchingfora
trade-off-between-the-could use our downscaling data. The CNN architecture can be applied as an alternative to dynamical and

statistical methods.

1 Introduction

Tis-very-well-acknowledged-that-the-The increasing global mean temperature is-nereasing-due to anthropogenic greenhouse
gas emissions (AHan-et-al;-2021)-The-mesteritical-presents a significant challenge for societyis-te-assess-and-predict-the-future
impact-of-this-warming-on-the-, requiring the assessment and prediction of future impacts on human health, natural ecosystems,
and economy-for-economies across different regions of the World—Studies-of-world (Allan et al., 2021). Regional studies on vul-
nerability, 1mpactsaﬁd—ddapﬁtﬁeiﬁeﬁ%e+egiem4—sed4e—reqwfe M@R@Wrehable hlgh resolution climate pro-
]ectlonséM&Fauﬂfeal—2945} which are base

, statistical techniques

environments{(Maraun-et-al52045)—Central Asia (CA)is-assumed-to-be-, recognized as one of the most vulnerable regions to
climate change impacts—CA’s-water-resourees-depend-en—water—, is heavily dependent on water resources from glaciers and
rivers that are shrlnklng due to rising temperatures and decreasing precipitation {Reyer-et-al;2017-—Food-securityis-at-severe

. The area faces significant challenges to food security, characterized by declining crop yields and an increased occurrence
of severe and frequent extreme weather events like floods and landslidesare-happening—mere—frequently—and-intensively—in
ine—. These conditions damage

infrastructure, livelihoods, and agriculture, resulting in population displacement and migration {Reyer-et-al5 2047 (Allan et al., 2021; Reye:

Given—the-above-mentioned-Degpite these critical concerns, the impact-modetingis—stil-hindered-in-CA;based-on-the
tack-development of high-resolution climate projections but-also-on-the-elevated-level-of-uneertainty-in CA is impeded b
the significant uncertainties inherent in the existing high-resolution observational and reanalysis datasets —Metivated-by

single-GEM-of-the-(Fallah et al., 2016a). Dynamical downscaling of CMIP6 preject—In-some-cases;for-properlyreprodueing
models for the CA region is vital for accurately simulating extreme convective precipitation eventsand-teeal-topographical

Maraun and Widmann, 2018; Fowler et al., 2007), or a hybrid of both approaches (Maraun et al., 2015; Meredith et al., 2018; Laflamme e

re(Reyer et al., 2017; Fallah et al., 2023; Didovet:
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sueh—as—, which are influenced by the orography of the region, the-large-scale atmospheric circulation, the-and sea sur-
face temperature anomalies in ndian-Oeeans—the Indian Ocean and the Pacific ;-and-thesoil-moisturefeedback—influenece

@%m resolution of a drlvmg Global
Glfeula&eﬁMedel—éGGM%ﬁmdﬁpmdﬁeeﬂebuﬁGCM and Whyswally consistent regional state of the cli-
mate. High-resolution atmospheric models have
been shown to have better skills over complex topographies in estimating variables like precipitation than in situ observations,
atmospheric features, especially for precipitation over complex topographies (Ban et al., 2015; Wang et al., 2013; Frei et al., 2003)
._This method is often preferred over statistical downscaling approachesthatrely-on-the-assumption-that statistical relationships

nd, which assume that present statistical relationships

will hold in the future (Hess et al., 2022) However, RCMs are computationally demanding ;—espeeially—at-the—very-high
and inherit a ’cascade ef-uncertainties-that-must

years-membersfrom-differentof uncertainty’, meaning that the uncertainties in the models will expand from one step or chain to

another, highly affecting RCM outcomes and must be considered prior to performing climate projections (Mitchell and Hulme, 1999; Sgrlar

. Despite these considerations, the added value of RCMs concerning their driving GCM is constantly debated in the communit

and is highly dependent on the driving GCM (Jacob et al., 2012; Lenz et al., 2017; Fotso-Nguemo et al., 2017; Di Luca et al., 2012, 2015)

. An RCM is tuned to perform over the target local region. However, a GCM is tuned to represent enerey and water balance

lobally (Sgrland et al., 2018).
Various international institutions have joined-forees-into-collaborated within the Coordinated Regional Climate Downscaling

Experiment (CORDEX) =

address these issues and improve the models’ inter-comparability. CORDEX aims to create a better framework for producin

climate projections at a regional scale that is suitable for impact evaluation and adaptation planning globally, aliened with the
timeline of the Intergovernmental Panel on Climate Change Sixth Assessment Report (Kikstra et al., 2022)ﬁmehﬁe—aﬂd—beyeﬂek
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Allan et al., 2021; Taylor et al., 2012

. No simulation (except this study) driven by the CMIP6 model simulations has been planned so far for CA-CORDEX-CA (see
https://werp-cordex.github.io/simulation-status/CMIP6_downscaling_plans.html, last visited on +4-08:2023)-One-metivation
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+17.04.2024). Sadly, developing countries, including CA, bear the brunt of global warming’s consequences, with only a
limited number of CORDEX model simulations available for this region (Naddaf, 2022). The dynamical downscaling in
115 CA can provide detailed insights into regional climate phenomena often not captured by coarser-resolution global models
(Russo et al., 2019). Climate projections might be sensible to different parameter settings, emphasizing the need for careful
calibration and validation of regional models. Dynamical downscaling’s added value lies in its ability to tailor climate projections
more closely to regional specifics, thereby improving the utility of climate data for regional climate change impact assessments


https://wcrp-cordex.github.io/simulation-status/CMIP6_downscaling_plans.html
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Russo et al., 2020). Despite some systematic biases, dynamical downscaling consistently provides high-quality datasets that

accurately describe the climatology of all climate variables in CA (Qiu et al., 2022).

Beyond dynamical methods, recent developments in machine learnin
including CNNs as the most popular choice, offer promising and potentially transformative avenues for statistical downscalin

Harder et al., 2023; Rampal et al., 2024). CNNs have proven effective in numerous earth science disciplines besides downscalin

such as classification (Gardoll and Boucher, 2022), segmentation (Galea et al., 2024) and prediction (Watson-Parris et al., 2022
thanks to their capacity to extract features from spatial data and eapture-identify non-linear mappings-relationships between in-

puts and outputs

CNNs can recognize and encode spatial hierarchies in data (Zhu et al., 2017), making them exceptionally suitable for

eospatial data, which is fundamental in climate modelling. Unlike traditional statistical methods that often require manual
selection and careful engineering of features, CNN automatically learns the most predictive features directly from the data
Reichstein et al., 2019). CNNs can model complex non-linear relationships between input data and high-reselation-datasets

driving- GEM-Therefore;we-willexplore-both-the-outputs, often present in climate data due to intricate interactions in weather
systems. CNNs are generally more straightforward and efficient for tasks that aim to predict or classify based on patterns
distributed across the spatial domain, such as temperature or precipitation patterns in climate models (Racah et al., 2017)
- CNNs are adept at maintaining spatial coherence in the output, which is critical in downscaling where preserving the

eographical patterns of climate variables (like precipitation) is crucial (Kurth et al., 2018). Constrained CNNs integrate physical




constraints or laws directly into the training process. The constraining is done by changing the loss function or the network’s
185 architecture to enforce compliance with physical laws (i.e.. conservation of mass, energy, or momentum). Unconstrained CNNs
focus solely on learning from the input data to the output predictions based on the data-driven patterns they detect. This study
explores unconstrained and constrained CNN approaches —to understand their effectiveness in downscaling and how they
perform when applied to GCMs on which they were not initially trained.
160 The research questions guiding this study are:

— Research Question 1: How effectively can CMIP6 models be downscaled for the CORDEX Central Asia region to

— Research Question 2: Can convolutional neural networks (CNNs) effectively downscale GCM outputs, and how do the
erform when applied to GCMs they were not initially trained on?

165

170

for-the-same-GEM-—Thereforethe-manuscript will focus on three main topics: 1-added value of CCLM for the representation

of precipitation over CA, 2-dynamical downscaling signal of CCLM for heavy precipitation and 3-training a CCLM emulator

using a CNN. We present data and methods in section 2. The results of dynamical and hybrid downscaling are introduced in

175 section 3 and 4, respectively. Finally, we discuss the results and draw conclusions in section 5.

2 Data and methods

The schematic shown in figure 1) depicts the methodology used in this study. In the following we will explain it in more details.

2.1 Employed Models and Experimental Setups
180 2.1.1 RCM

In our study, we conduct a series of simulations with the COnsortium for Small scale Modelling in CLimate Mode (COSMO-EEMCCLM)
RCM. €0SMO-EEM-CCLM is a regional climate model developed by the German Weather Service (DWD) and the German
Climate Computing Center (Deutsches Klimarechenzentrum, DKRZ) in-Germany-Reckel-and-Geyer; 2008)-from the COSMO



numerical weather prediction model (Rockel and Geyer, 2008), widely used for short-term weather forecasting. The original
185 core of COSMO-CLM or CCLM, was called Local MOdel (LM), developed by DWD for weather forecasting. The adopted
LM version for climate purposes formed the €COSMO-EEM-(Bohmetal;2003)—COSMO-EEM-CCLM (Bohm et al., 2003)
. CCLM is designed to simulate the regional climate at high spatial resolution, allowing researchers to study various aspects
of the climate system, such as temperature, precipitation, and extreme events. CCLM has been utilized in numerous studies
to evaluate the impact of climate change on various regions, including Europe (Russo et al., 2021), Africa (Panitz et al., 2014;
190 Dosio and Panitz, 2016), and Asia (Jacob et al., 2014; Kotlarski et al., 2014; Wang et al., 2013). It has also been used for climate
projection studies and to assess the effectiveness of climate adaptation and mitigation strategies. The model has been thoroughly

Fallah et al., 2016b; Russo et al., 2019; Kjellstrom et al., 2011

. Its ability to produce realistic simulations of the current climate and its variability has made it one of the most widely used

evaluated and validated

regional climate models in the scientific community (Sgrland et al., 2021).
195 For our experiments, we have-used a similar model set-up as the "optimal" set-up provided in the study of Russo et al.
(2019).

can be divided into two main groups. The first one, referred to as the evaluation run, consists of a single model experiment

—The CORDEX protocol requires a set of simulations that

performed over the period 1979-2014, using ERAlInterim at a spatial resolution of T255 (~ 0.7°) as the driving data. In the
second stream (projection), the models must run with boundary conditions from GCMs of the CMIP6 project for the period
200 1950-2100 under different SSPs (here, we have chosen a single GCM: MPI-ESM1-2-HR and SSP126, SSP370 and SSP585
scenarios). SSPs are baseline scenarios describing the future development pathways depending on population, technology and
economic growth, urbanization, investment in healthcare and education, land use and energy (Riahi et al., 2017).
We have chosen the two available CORDEX-CA evaluation simulations from other models, driven by ERAlInterim at 0.22°
horizontal resolution, for comparison/evaluation of our RCM simulations, which are driven by ERAlnterim for the evaluation
205 period. The two simulations are 1) ERAInterim-RMIB-UGent-ALARO-0 (Giot et al., 2016) and 2) ERAlInterim-GERICS-
REMO2015 (Jacob and Podzun, 1997; Fotso-Nguemo et al., 2017).

2.1.2 ENNCNNs

We create an emulator of CCLM using a CNN. We use the output of the COSMO-EEM-CCLM Version 6.0 RCM, which is
driven by the MPI-ESM1-2-HR GCM under four different scenarios +historieal,-SSP126;-55P370-and-SSP585(for 2019-2100).
210 Historical is based on the data of greenhouse gas levels, land use, and other climate forcings from 1850 to 2014 that were
observed. SSP126 (Shared-Secioeconomie Pathway1+—REP2:6)-represents a "green" future where global resources are pro-
tected, human well-being is improved, and income gaps are narrowed. This scenario has low challenges to adaptation and low
greenhouse gas emissions. Challenges to adaptation refer to the degree of difficulty that societies might face in adjusting to
the environmental, economic, and social impacts of climate change. Specifically, this term refers to a society’s fundamental
215 susceptibility and the accessibility and efficacy of technologies and approaches designed to lessen the impacts of climate
that, under this scenario, global cooperation and sustainable practices lead to advancements in technology and governance



that significantly reduce vulnerability to climate change impacts. Additionally, societal structures are resilient, and resources

are managed to minimise environmental stresses and maximise human well-being. SSP370 (Shared-SecioeconomiePathway
220 3—REPH-depicts a regional rivalry future where nationalism and regional conflicts prevail, global issues are ignored, and

inequality is increasing. This scenario has high challenges to adaptation and high greenhouse gas emissions. SSP585 (Shared
Secioeconomie Pathway5—REPSS)portrays a fossil-fueled development future where global markets are connected, tech-
nological progress is fast, but environmental policies are weak. This scenario has low challenges to adaptation and very high

greenhouse gas emissions. As an additional dataset, we merge the ERA-Interim reanalysis and CCLM simulation driven by it

225 (ERAlnterim-CCLM) to our previous simulatiensdata pool of GCM and RCM (see Fig. 1). We then train our CNN model based
on the architecture proposed by Harderet-al-(2022)Harder et al. (2023), which can incorporate physical constraints to ensure
mass conservation and energy balance. We evaluate our model in the CA domain. Hﬁﬁg—%h&GGMﬂ%—lew-fe%e}tmeﬁdata—may

230

W%WWMMM
as input for the CNN but only the domain covering the CA (Fig. 3).
In the context of deep learning for climate modelling, the ’perfect model’ approach involves starting with high-resolution

235 data, which is considered accurate or nearly perfect, and intentionally degrading it to a lower resolution. The aim is to simulate

a scenario where the ’truth’ (the original high-resolution data) is known, and then to recover this high-resolution from the

artificially degraded data using deep learning techniques. This approach is a crucial part of training, as it teaches the model
the desired mapping from low to high resolution, enabling the model to effectively learn how to upscale or enhance resolution
while minimizing the loss of critical information, It’s a controlled experiment that helps refine the model’s capabilities.

240 The "imperfect model" i i i
WMM&@%WM
high-resolution (RCM output) datasets have their inherent errors and limitations. In this scenario, we do not have a single
source of truth but rather two separate sets of data:_

— Low-resolution data: This may capture global or large-scale phenomena but miss regional details (Xu et al., 2021; Chokkavarapu and

245

— High-resolution data: This provides detailed regional information but may still have errors or not perfectly reflect realit
due to limitations in data collection, model configuration, or computational constraints (Muttagien et al., 2021).

In this setup, the challenge for deep learning is to learn a mapping between these two independently imperfect data sets.
With using the CNN we try to train a model that can predict high-resolution details from low-resolution inputs as accurately as

250 possible despite the absence of a perfect ground truth. This involves understanding and modeling the uncertainties and biases
inherent in both datasets.
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Many regions of CA receive low precipitation throughout the year and the spatio-temporal variability of precipitation is
large. One needs a large dataset of GCM output and the corresponding RCM with various precipitation patterns for training a
CNN to find an RCM emulator that captures the mapping from GCM to RCM.

‘We-First, the daily datasets are shuffled randomly. We then have used a total number of 68141 (60%), 22714 (20%) and
22714 (20%) RCM simulation days for training, testing-and-evaluationvalidation and testing, respectively. The low-resolution
(GCM) and high-resolution (RCM) datasets {GEM)-have 30 x 60 and 120 x 240 grid points over latitudes and longitudes,
respectively. Therefore, the downscaling factor (N) is 4 in this case. For a complete explanation of the CNN architecture, we
refer to the work of Harder-et-al(2022)-Harder et al. (2023) and the corresponding GitHub-repository-at-Zenodo repository at
https://zenodo.org/records/8150694 (last visited on 21st of June 2023). Here;-we-brieflyexplain-the-architecture-of the- CNN
used-

Figure 2 shows the schematic of the standard CNN (without constraint layers) architecture used for two times up-sampling
in this study=-

Conv (Convolutional Layer): Initially, these layers help in extracting various levels of features from the low-resolution

images, such as edges, textures, and other relevant image details.

*60—64-RelLLU (Rectified Linear Activation Unit): This non-linear activation function is a key player in our model’s
learning process. It introduces non-linearity, outputting the input directly if it’s positive; otherwise, it outputs zero. This
intriguing function helps the network learn complex patterns efficiently.

HR)-image-ofsize120—240—-—1—-TransConv (Transposed Convolutional Layer): This layer is crucial for the task
of upscaling. It increases the spatial dimensions of the feature maps, performing a sort of learned interpolation. This
reassures us about the model’s ability to add details to the upscaled images based on the features extracted and processed

ses—ResBlock (Residual Block): They allow the model
to learn corrections (or residuals) to the primary interpolated outputs, refining the details and adding high-frequenc


https://zenodo.org/records/8150694

information that enhances the perceptual quality of the upscaled images. Adding original input features (from earlier
285 layers) to the output of several convolutional layers ensures that no critical information is lost during processing.

2.1.3 Constraint layers

We test the CNN with three different constraining methods in the last CNN layer: 1- soft constraining (SCL), 2- hard constrainin
290 (HCL) and 3- without constraining (NoCL). For a detailed information on the settings used we refer to the work of Harder et al. (2023

. In the following, we explain briefly the three different constraining methodologies. The set-up of constraining is as following:
consider a factor N for downscaling in all linear directions and let n ;= N2 and y;, i = 1,...,n be the high-resolution samples-

A—de stion-of-the-constratnt-laye an-be-found he-appendix—see2+3patch values that correspond to low-resolution
ixel x. The mass conservation law has the following form:
1 n
295 E;yi = 7. )]
i—

Hard constraining: it uses the SoftMax constraining, which is a constraining for quantities like water content. It enforces
the output to be non-negative. For constraining the predicted quantities, we use a SoftMax operator on the intermediate outputs
of the neural networks before the constraining layer (7;) and multiply it with the corresponding input pixel value x:

T

_— 2
IS o) @

yi = exp(7;) -

300 ; 1s the final output after applying the constraints. We have used the mean absolute error (MAE) as the loss function.
Soft constraining: This is done by adding a regularization term to the loss function. The MAE loss then extended with an
additional constraint violation (CV) loss term to:

Loss= (1—a) - MAE +a-CV, 3)

where CV is the constraint violation, which is the mean-squared error over all constraint violations between an input pixel x
305 and the super-pixel (high-resolution grid-cell) v;:

n

CV = MSE(% > i) 4
=1

10
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We use the o = 0.99 in this study.
Without constraining: In this setup we remove the constraining layer after the last convolutional layer in the CNN.
The constraint layers are applied at the end of the CNN architecture, and all satisfy the criteria that the resulting high-resolution

atch conserves the values in low-resolution pixels. The performance of the different settings is assessed through the MAE.
We use the MAE-mean absolute error (MAE) as the loss function. We use 160 epochs, with a batch size of 64 and a learning

rate of 0.001 for training with HCL and NoCL; and 0.00001 for SCL. Training takes 15 hours on an NVIDIA Corporation
Graphics Ampere 104 [GeForce Ray Tracing Texel eXtreme (RTX) 3060 Ti Lite Hash Rate] graphics processing unit (GPU).

We use the same model set-up as in Harder et al. (2023), and the computational cost of the CNN is very high, therefore, we did
not conduct any cross-validation in this study.

We must note that the MAE can be used as both a loss function and an evaluation metric. A loss function is used during
evaluate the model on an independent dataset. Those are two different use cases, but both can use an MAE.

2.2 Evaluation Dataand testing

According to Ciarlo et al. (2021), the choice of observational data significantly influences the added value calculation of an
RCM, as well as the extreme events detection. To reduce these issues, they recommended to use observations with a resolution
comparable to the one of the model. Therefore, for assessing the added value of €COSMO-EEM-CCLM with respect to the
driving medelGCM, we use the Climate Hazards Group InfraRed Precipitation with Station data (CHIRPS) as our gridded
observation. CHIRPS has a resolution of 0.05° and covers the area between 50°S-50°N. CHIRPS is based on satellite informa-
tion and station data, and, in contrast to reanalysis data, it is independent of climate model simulations. Therefore, CHIRPS
could be an excellent alternative to similar but not identical coarse datasets like Global Precipitation Climatology Centre

(GPCC) (Becker et al., 2013) for data-sparse regions with convective rainfall (Funk et al., 2015). The- APHRODITE s{Asian

For evaluating-testing the CNN methods, instead of asing-CHIRPS, we use the corresponding CCLM simulation (20% of
the data, as mentioned above) as our targetand-. We calculate the metrics on ENN-and-the CNN and interpolated GCM outputs
with respect to CCLM output.

2.3 Metries

In-afirst-stepsthe-The selected GCM, RCM and observational data is-are interpolated onto the RCM grid using the distance-
weighted average method. Interpolation of the coarser grid to a higher resolution ere-might create unrealistic values. This issue
was discussed in the work of Ciarlo et al. (2021). Usually, the interpolation does not account for the physical processes and
constraints that govern the original data, the statistical properties (like mean, variance and skewness) are not preserved, and it

introduces artifaets-artefacts and errors that depend on the choice of interpolation method, the spatial distribution of the data

11
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points and the resolution ratio. Therefore, dynamical/statistical downscaling is used to increase the resolution of the climate

data, and we use simple interpolation as a baseline in our study.
Since precipitation does not follow a normal distribution, following Hodson (2022), we use the mean-abselute-error-(MAES

MAE to explore the bias of the simulations-emulated and dynamically downscaled precipitation (F) against observations(O):

11
MAE = > IF -0 ©)
t=1

=
sl

where N-T is equal to the number of time steps¢T). We quantify the added value (AV) as the ability of the downscaling
approach to decrease the MAE of the driving GCM when calculated against the reference dataset (CHIRPS or target CCLM

simulation), i.e.;_

AV = MAEccym — MAEccnm (6)

where MAEg oy and MAEccr s are the biases-of-differences of interpolated GCM and RCM with respect to the reference

dataset.

As an additional metric we also use the climatological bias, i.e., the difference between the model and observations:

BIAS = PRyoprs — PRoss 7
3 Results

Figure 3.a shows the topography of the CORDEX-CA simulation domain. Figure 1.b presents the annual-climatology-mean
daily precipitation averaged over all years (mm/day) ef-daily-preeipitation-as derived from CHIRPS data for the period 1985-
2014. The regions with the highest values of precipitation are the mountainous areas of CA. Additionally, also the Asian
summer monsoon region north of India and along the Himalayas in the southeastern part of the domain present pronounced
precipitation values. Figure 3.c shows the distribution of the WorldClim weather stations (Fick and Hijmans, 2017) over CA,
representing a proxy for the density of the station data used in the CHIRPS dataset. Over East China, especially over the Tibetan
Plateau, the observation data distribution eould-be-sparseris sparse. The data-model comparison is te-be-considered unreliable
over this region (Randall et al., 2007; Cui et al., 2021; Yan et al., 2020; Russo et al., 2019).

3.1 Added value of CCLM driven by ERAInterim

To characterize the overall performance of the CCLM model in time and space, we-Figures 4 and 5 show the maps of
yeartyannual, winter (DJF), and summer (JJA) MAE and mean biases of precipitation between interpolated ERAlInterim

12
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and CCLM driven by ERAlnterim, calculated over the period 1985-2014 with respect to CHIRPS —We-caleulate-the - MAE
—daily-preeipitationfor1985-2014from-ERAlnterim—and M-driven—by-ERAlnterim(Eq. 5 and Eq. 6). Figures 4.a-c
show the MAE of ERAlInterim with respect to CHIRPS for annual, winter and summer averages. The differences-in-MAEs

between Aterim-and V. ay RATATGH CHIRP . vi-CrRPs -or-the-add
RCM compared to the interpolated ERAlnterim GCM are shown in Figures 4.d-f. CCLMbias-is-higher-’s MAE is high dur-
ing the Asian summer monsoon, over the South and Southeast of the domain (regions in magenta). During winter, the bias
MAE is generally lower. CCLM presents a biasreduction—{for-prominentlocations—within—the-domain-MAE reduction for
mountainous areas of Afghanistan, Kyrgizstan and Tajikistan and an increase of bias-MAE near the boundaries: South of the
domain throughout the year, South and Southeast during the summer.

Added values of GERICS-REMO2015 and RMIB-UGent-ALARO-0 driven by ERAlInterim are shown in Figure 4.g-1 re-
spectively. The CHIRPS dataset is again used as the observational dataset Oto-calenlate- MAE-and-AV-according-to-equations
S-and-6-—The-AV-. The added value of RCM is the most pronounced over areas with complex topography and especially during
summer, for all three eonsidered-REMS-RCMS considered (Figs.4.d-1). Areas where the dewnsealingreduces-the-biasof RCM
has smaller MAE than the reanalysis with respect to observations are located over Tajikistan, Kyrgyzstan, North of Afghanistan
and part of the Himalayas. Mountain areas of Tajikistan and Kyrgyzstan are the main source of water for the former Soviet
Union countries. However, precipitation during the colder seasons might be of more importance for water availability. The an-
nual AV patterns still show positive values over those areas (Figure 4.d,g and j). Considering the whole domain, all three RCMs
sensibly reduce the large and local-scale bias of ERAlnterim against CHIRPS(Figure4), especially for complex topographies.
The nested RCMs show similar values of MAE near their lateral boundaries, with respect to their driving model (Figure 4,
panels-a,b,c). Therefore, negative AV quantities might originate from the boundary effect, especially near the east and south-
eastern boundaries, where the monsoonal precipitation is dominant. GERICS-REMO2015 shows pronounced negative added

values for annual and winter above Tibet.

/ [

and-Kyrgyzstan—Aecording to-Déqué et al(2007)-As an additional check, we also show the bias in the GEM-biasis-one
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limatologies of models in figures
5. Once again the biases are pronounced on the right bottom corner of the domain during the JJA and south Tibetan Plateau
throughout the year.

3.1.1 Extreme precipitation patterns in CCLM and CMIP6 GCMs

We-explore-climate-change-signals—in-the-high-resolution-output—given-Given that the CCLM simulation has shown some

added value for precipitation over mountainous areas of CA, we explore climate change signals in its high-resolution output.

The resulting high-resolution maps might have biases inherited from the GCM-RCM selection. We assume that many model
biases remain conserved among the different time slices and, therefore, eeuld-can be removed when calculating the changes
between the historical (1985-2014) and future periods (2070-2099).

We present the resulting climate change trends in CCLM and the CMIP6 GCMs ensemble statistics (ensemble mean and
standard deviation). We analyzed 31, 33 and 38 models for SSP126, SSP370 and SSP585 scenarios with a total number of
simulations of 158, 185 and 242, respectively (see Supplementary materials for the list of models used in this study). To
give the same weight to individual models, we first calculate the statistics over all the members of each model and then
build the final statistics. We have chosen the yearly 99" percentile of daily precipitation (PR99 hereafter), which considers
the three days of the year with the highest precipitation. We also chose the number of very heavy precipitation days in the
period (ECA_RX20mm) as a different index, one of several precipitation-related indices used to monitor and analyze climate
variability and change. For example, this index is often used in climate research to assess the impacts of very heavy precipitation
events on water resources, agriculture, and natural ecosystems (Klok and Klein Tank, 2008). Figure 6 presents the changes in
averaged PR99 at the end of the century (2070-2099) with respect to the historical period (1985-2014) for CCLM (a,d and g)
and CMIP6 GCMs (b,e and h) under different scenarios. The downscaling signals indicate that those characteristics depend on
the scenario and time period. The large-scale patterns remain the same among all three selected scenarios with intensification
when the anthropogenic influence increases. The standard deviation of the models’ ensemble is shown in Figures 6.c,f and i.
According to our analysis, the Himalayas, especially Nepal, North India, and Bhutan, have the highest uncertainty among the
GCMs and in all scenarios. Except for this area and the eastern boundary of the domain, the standard deviation remains under 3
mm/day. Under the pessimistic SSP585 and the regional rivalry SSP370 scenarios, areas with more than 9 mm/day increase in
PR99 for CCLM over Northwest India, North Pakistan, North Iran, Southwest of Iran exist and South and Southeast of Black
Sea. A reduction pattern is detected East of the Mediterranean Sea in Jordan, Syria, and South of Turkey. Similar patterns are
also observed in the CMIP6 ensemble mean. However, due to the averaging, the GCMs’ ensemble mean patterns are around +
5 mm/day over those areas. Under the SSP126 scenario, which agrees with the 2°C target, the increasing patterns of more than
£ 9 mm/day for CCLM and + 5 mm/day for GCMs disappeared. In CA, areas of increased PR99 over Kyrgyzstan, Tajikistan,
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North of Pakistan and Southwest Iran are regions with a considerable risk of rainfall-triggered events like landslides (Wang
et al., 2021; Kirschbaum et al., 2010) and floods (for example, Pakistan floods of 2010 and 2022).

435 Figures 7.1,d and g show the ECA_RX20mm values for CCLM for the three scenarios at the end of the century. The patterns
are like those shown in Figure 6, indicating that the number (frequency) of very heavy precipitation days also increases with
an enhanced anthropogenic influence, particularly over the Tibetan Plateau. From Figures 7.b,e and h, we conclude that the
CMIP6 GCM ensemble also presents a very similar behavior to CCLM. The ensemble standard deviations, however, increase
over Tajikistan and Kyrgyzstan for ECA_RX20mm values (Figures 7.c.f and i). The increased frequency and intensity of

440 extreme precipitation over elevated areas of CA due to anthropogenic forcing is alerting (Fallah et al., 2023). The presented
CCLM simulation contributes to study the sensitivity of dynamical downscaling to different levels of anthropogenic forcing at
the local scale. This information might be of interest for the scientific community working on the impact of climate change in
CA.

4 CCLM emulator using a Convolutional-Neural-NetworkCNN

445 We have shown that the dynamical downscaling added value to explore the local effects of climate change during the historical

period, especially over areas with enhanced topographical forcmgs Here, we create an emulator of COSMO-CEM-CCLM for

precipitation over CA.

eoarse-GCM;—which-are-like-the-tareet COSMO-CEM-simulations—As explained previously, a CNN could be trained on our

GCM-RCM chain and be applied as a fast and computationally cheap downscaling method. However, the skill of such a model
450 must be explored and verified.

e-Here we want to demonstrate that the emulator has-stgnificantly
more-skithis better at downscaling than a simple interpolation, especially for areas receiving extreme precipitation values. More

455 specifically, our goal is to show that the COSMO-CEM-CCLM emulator can produce €COSMO-CEM-like- CCLM-like patterns
when fed by the parent GCM.

For the CNN approach, we focus on the CA domain intreduced-as-a-domain-covering-covering only the former Soviet Union
countries (Kazakhstan, Kyrgyzstan, Tajikistan, Turkmenistan, and Uzbekistan) and not the CORDEX-CA domain previously
shown in Figure 3. This domain is the region of interest in the Green Central Asia project 2https://www.greencentralasia.org/en,

460 which is financed by the German Foreign office. Figure 8.a shows the MAE frem-of the interpolated MPI-ESM1-2-HR with
respeetto-the- COSMO-EEMusing the CCLM driven by it from the test dataset +e—MAE€MPI-ESML—2~HR—1\4PI—ESML—2~HR—G€I:M—}a§
the "true" precipitation. As can be seen, COSMO-EEM-CCLM produces different prempltatlon values W&
GCM, especially over regions with complex topography. Thi
WM%%WWWMM@MW%@%
465 CNN can produce it using the GCM as input data. To evaluate the performance of the emulator, we show the maps of MAE
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: : s-added value in Figures 8.b-d. Comparison of MAE reduction maps
shows that the unconstrained CNN produces significant skills over elevated regions of CA and the constrained runs do not
present considrable patterns of changes. For example, there are areas of negative and positive added values remarkably close
together over elevated areas of CA created by HCL and SCL emulators. NoCL, in contrast, shows systematic positive values

over large parts of the domain. The-fingerprint-of-the- GEM-is-deteetable-There are several artifacts in the MAE reduction maps
of constrained models, especially over North of India, which represent the GCM grid shape. We produce the boxplots of daily

precipitation over the rewly-constdered-domain-CA domain covering the former soviet union to explore the improvement in
the distributions (Figure 9). The correlation coefficients between the time-series of average precipitation over the domain with
respect to CCLM are also presented in Figure 9 (values in the parentheses). For the daily averages, NoCL presents the best
performance (highest correlation coefficient). However, the values of outliers are fess-smaller than the ones from CCLM and all
other model simulations. The distribution is more condensed around the median (smallest interquartile range). The distribution
of all-constrained-models-both constrained models (HCL, SCL) is like the interpolated GCM one. This was expected, since the

constraining conserves the mass of high-resolution grid-boxes within the corresponding low-resolution grid-box (Equation 1).
4.1 Applying the CNN to a different GCM

Here;~we-We evaluate the emulator’s generalization ability, i.e. the ability to create reliable predictions 6f-on a new data set.
We conduct here-a new 15-year dynamical simulation with €OSMO-CEM-CCLM driven by the EC-Earth3-Veg (Doscher
et al., 2022) GCM under ssp370 from 2019 to 2033. We use this data as input to our ECOSMO-CEM-CCLM emulator, which
was previously trained on-the- MPEESMI-2-HR-and-ts-COSMO-CEMrunto emulate CCLM using MPI-ESMI-2 HR as input
GCM. We now use the emulator to reconstruct the local features of €OSMO-CEM-CCLM driven by EC-Earth3-Veg. Fig-
ure 10.a presents the MAE of the interpolated EC-Earth3-Veg with respect to the dynamically-downsealed-simulation-using
COSMO-EEMdynamical downscaling with CCLM, i.e., the COSMO-EEM-CCLM simulation driven by EC-Earth3-Veg. The
MAE pattern of EC-Earth3-Veg is remarkably like the one from MPI-ESM1-2-HR (Figure 8.a). However, the COSMO-CEM
CCLM emulator based on the NoCL CNN model does not show positive error reduction everywhere in the domain (Figure
10.b). We chose the NoCL CNN because it showed the best performance among the constrained ones. Training the CNN on
the MPI-ESM 1-2-HR/CCLM might have ignored learning processes which overcome considerable biases in the driving GCM.
The €OSMO-EEM-CCLM emulator tries to find relations between the MPI-ESM1-2-HR and €6SMO-EEMCCLM, which
might be specific to these two models and there is no guarantee that those relationships also apply to the new EC-Earth3-Veg
and €COSMO-CEM-CCLM driven by EC-Earth3-Veg. This new GCM-RCM chain eentains-new-sets-of-models—and-is ex-

tremely sensitive to the characteristics of the EC-Earth3-Veg model because, as we showed previously, the RCM state follows

the state of its driving GCM. We note that CCLM is driven at the lateral boundaries by the GCM values for the state variables
of CCLM (temperature, pressure, wind speed etc.). Precipitation is not used for driving the RCM. The CNN input is the GCM
precipitation, which has different biases in the two GCM, and therefore the mapping from the MPI-ESM1-2-HR-precipitation
to the CCLM precipitation cannot be successfully transferred to EC-Earth3-Veg.
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Knowing these limitations, the CNN model shows added values of more than 1 mm/day over the Alborz Mountains and
South of the Caspian Sea in the North of Iran (black rectangular in Figures 10.a and b) and some parts of Tajikistan and
Kyrgyzstan. Exploring the field mean of daily precipitation distribution indicates that the CNN’s median value and the outliers
are lower than both the EC-Earth3-Veg and €COSMO-EEM-CCLM simulations (Figure 10.c). Only the day-to-day correlation
is being improved. The-medelwas-As mentioned before, all model were trained on the shuffled dataset and ignored the memory

in the time series but here w asthe trained NoCL model

was given unshuffled EC-EARTH3-Veg to make new predictions. The correlation coefficient increases using the NoCL model
from 0.815 (EC-Earth3-Veg) to 0.844 (NoCL). Over the black rectangular box in Figure 10.b, the region where the NonCL

model reduces the MAE, i.e., the blaelereef&ﬁgtﬂrxﬁbex—nﬂrﬁgufe%@%—fh&dlstrlbutlon of precipitation converges to the one
from COSMO-CEM-CCLM (Figure 10.d) -

region—and receives the highest amount of precipitation in Iran and supplies water for a large portion of population in the
country, including the capital city Tehran with a population of over 10 million people. Only the outliers larger than 20 mm/day
are not reconstructed by the NoCL.

As a new test for generalization, we intentionally did not include a scenario (SSP370) in the trainin
allowed us to apply the model to a specific simulation and witness its ability to reproduce an unknown forcing. Figure 11
demonstrates the AV of the CNN emulator for SSP370 in comparison to the dynamical downscaling with CCLM, i.e., the
CNN can learn patterns it was not trained for, as evidenced by the SSP370 scenario.

rocess. This move

5 Discussion and conclusions

Regional climate change impact assessments require high resolution climate projections. The main strategies to produce such
datasets are statistical and dynamical downscaling, as well as a hybrid of the two methods. Statistical downscaling (SD) usually
has limited capability to consider the dynamic influences of the complex topography. The large-scale domain does not reflect
the spatial diversity and variation of the local climate and the topography, which may affect the accuracy of the statistical
relationships (Li et al., 2022). For SD applied to precipitation, the observations need to contain detailed information about the
precipitation distribution in areas with complex topography (Lundquist et al., 2019). On the other hand, dynamical downscaling
requires a-massive-amount-of-massive computational time and data storage space. A 30-year CCLM simulation driven by
ERAlnterim took roughly one week to finish using 216 processors of the HLRE-4 Levante computer at the German Climate
Computing Center (DKRZ). Additionally, the added value of RCMs is still debated ;-siree-since they are highly dependent on
the driving GCMs.

In this study, we contribute to the few dynamical downscaling efforts over the CORDEX-CA domain, a small step towards
an RCM ensemble creation for CA. A single RCM simulation can help identify model biases and uncertainties that need to be
addressed in future model improvements. It is essential to note that relying solely on a single model run for CMIP6 instead,

of an RCM ensemble, may not provide any comprehensive understanding of the potential climate change impacts on a region.
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Therefore, it is recommended that researchers conduct multiple simulations with different initial and boundary conditions and
different model configurations to account for the uncertainty associated with climate projections.

In a first part of the study we demonstrate the added value of RCMs (here we chose to use the COSMO-CLM/CCLM model)
over GCMs for CA in the representation of precipitation. Our €OSMO-CEM-run-shows-AV-CCLM run shows added value
with respect to its driving GCM, comparable to the range of values obtained for other RCMs applied to the CORDEX-CA
domain over the evaluation period. It also reproduces extreme precipitation changing patterns like the CMIP6 ensemble mean
at the end of the century. Both €OSMO-EEM-CCLM and CMIP6 ensemble present elevated risk (frequency and intensity) of

heavy precipitation events over vulnerable areas of CA due to different anthropogenic influences.

Qur study evaluated the downscaling skill primarily using higher resolution observations, which are critical for capturing
localized climate phenomena relevant to regional adaptation strategies. However, as Volosciuk et al. (2017) noted, examining
downscaling outputs at coarser resolutions can be equally informative. Their work emphasizes that downscaling methods can
introduce or fail to correct biases that differ significantly across spatial scales. By evaluating on a coarser grid, it is possible
to distinguish between the inherent biases of the model and those introduced by the downscaling process. This distinction
is_crucial for understanding the limitations and strengths of downscaling methods in representing climatic variables across

Additionally, acknowledging the computational and memory constraints of an-REM-te-berun-at-veryrunning an RCM at
high resolution, here we also show that a single GCM-RCM model chain can be used to train a climate emulator based on a
CNN model. It can learn some nonlinear and physical relationships between the coarse and fine-resolution datasets;-based-on
atmospherie-governing-equations. This can overcome the problem of spatial intermittency seen in some statistical downscal-
ing approaches (Harder-et-al52022)(Harder et al., 2023). However, we have also shown that the CNN model has limitations,
namely when generalizing, as it did not achieve a robust error-reduction pattern when-apphed-to-a-different- GEM-CCEM
chaingiven a different GCM as input. The learning process depends strongly on the GCM/CCLM relationships. More impor-

tantly, an RCM is forced to follow its driving GCM and only on local scales can produce extra information. Therefore;—we

a-new-speetfic-GEM=—An application of the presented CCN is-could be to apply it for other experiments of the same GCM:
One ean-—could use the trained emulator for paleo-climate experiment of the parent GCM to create more than 10,000 years of
downscaled simulation. One can also downscale the volcanic forcing experiments using the trained emulator. This will aid the

paleo-climate community in conducting proxy-model comparisons at local scales. However, previous studies have shown that

the CNN suffers from the same generalisation problem as when applied to a new GCM and such applications must be tested
(Jouvet and Cordonnier, 2023).

In an effort to evaluate the model’s generalization capabilities, we deliberately excluded the SSP370 scenario from the
training dataset, This strategy was implemented to assess whether the model could effectively infer and replicate patterns
from untrained scenarios. Remarkably, the model’s output for the SSP370 scenario exhibits an AV pattern that closely mirrors
the dynamical downscaling results obtained with the CCLM, driven by the same SSP370 scenario. This alignment strongly
supports the notion_ that our CNN_emulator is not only capable of learning from its training data but also proficient in
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eneralizing to new, unseen conditions. The similarity in AV patterns between the model output and the CCLM simulation
underscores the robustness and adaptability of our model, affirming its potential for broader applicative scenarios in climate
modelling.

We note that this work is only a step to demonstrate the potential of such a hybrid approach, and we encourage the community

to explore different model structures and parameter combinations for further improvement. For example, our few model set-

ups showed that the-censtrained-model-using a physically constrained CNN set-up, that applies a linear transformation to
the high-resolution image to ensure that the total mass or energy is conserved between the low and high-resolution images

did not successfully downscale the precipitation. The constraints might not be satisfied in the original dataset and therefore
the constrained model set-up did not lead to better results. In contrast, with a higher degree of freedom, the unconstrained
modelrun produced-more realistic patterns—Alternative CNIN produced patterns closer to the target RCM. Alternative machine
learning models, such as generative adversarial networks (GANGANSs), which can generate more high-frequency patterns,
might improve the downscaled pattern, and sheuld-could be tested in future studies. An additional set-up might be to add
provide more information to the CNN by adding characteristics like surface height, vegetation, land-cover, land-use, etc. as

new channels within the input layer.

CHIRPS Obs.
1985-2014

Evaluation
&

Added
value

ERAInterim
1979-2014

MPI-ESM1-2-HR
1985-2014

High Resolution RCM
Data Pool

High Resolution CNN
Data

MPI-ESM1-2-HR
SSP1-2.6, SSP3-7.0 & SSP5-8.5
2020-2100

EC-Earth3-Veg
2019-2033

Figure 1. Schematic of the methodology used in this study. Green arrows show the data flow used for training the CNN and magenta for
evaluation and calculation of the added values. Datasets are shown by rectangular, downscaling models by hexagonal and evaluation analysis

by circle.
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Figure 2. Schematic of the CNN architecture for 2 times upsampling with the constraints layer. The inputs are low-resolution (LR) images
of size 30x60 and the output is a super-resolution (SR) image of size 60 x 120. This figure is modified from (Harder et al., 2023).

Code availability. The code for "Physics-Constrained Deep Learning for Climate Downscaling," is available on Zenodo at the following
DOI: https://zenodo.org/uploads/8150694. The input, output, trained models, a snapshot of the code employed in the deep-learning down-
scaling process, COSMO-CLM model setups for all Regional Climate Model (RCM) simulations conducted, a list of CMIP6 model informa-
tion used for comparative analysis, and a Jupyter notebook for executing a test case of the "Physics-Constrained Deep Learning for Climate

585 Downscaling" as described in the manuscript are available at Zenodo with the following DOI: https://zenodo.org/records/10417111.

Appendix A: Censtraintlayers
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Figure 3. a) Stadyregion-CCLM simulation domain over Central Asia and the topography (m), (b) CHIRPS climatology for 1985-2014
(average of daily values over all years in mm/day), and (c) WorldClim’s weather stations (red dots).
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Figure 4. Mean average error (MAE) of daily precipitation (mm/day) from ER Alnterim, as well as, added value (AV) as measured by MAE
differences between ERAlnterim and RCMs (MAEgramterin — MAEgrcm) in mm/day for annual (a,d,j.i), winter-December, January, Febru
(b,e,h,k) and summer-June, July, August (c,f,i,]). CHIRPS is used as observation. All daatasets are interpolated to the CCLM grid.

22



| o [
= o
v Aep/ww

|
w
o

|
Ed
[l

(f) CCLM JJA Bias

W g

(k) RMIB-UGent-ALARO-0 DJF Bias (1) RMIB-UGent-ALARO-0 JJA Bias

Figure 5. MAE—Bias of daﬂy—cvl\l/r\nﬁg\l/gjg/l\c/gurempltanon (mm/day) from ERAlnterim, as well
as, y— ~ ‘ - nd—ERAInterim-driven  RCMs
(MAEMPWMMBB@&@%WBQQ&) in mm/day for annual (a% d,j), winter—December, January, February
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(g) SSP585-CCLM (h) SSP585-CMIP6-ensmean (i) SSP585-CMIP6-ensstd

Figure 6. Changes in averaged yearly 99" percentile (3 days per year) of total precipitation (mm/day) with respect to 1985-2014 references
for a,b) SSP126, d,e) SSP370 and g,h) SSP585 at the end of the century (2070-2099) from CCLM and CMIP6 GCMs’ ensemble mean. The
ensemble’s standard deviations are shown in ¢,f and i.
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Figure 7. Changes in number of days with precipitation more than 20mm-20 mm in the period with respect to 1985-2014 references for
a,b) SSP126, d,e) SSP370 and g,h) SSP585 at the end of the century (2070-2099) from CCLM and CMIP6 GCMs’ ensemble mean. The
ensemble’s standard deviations are shown in ¢,f and i.
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Figure 8. a) MAE (MPI-ESM1-2-HR,CCLM). MPI-ESM1-2-HR is remapped bilinearly to the 0.25x0.25 grid. b-d) Added Value (AV) or
MAEMPI-ESM1-2-HR,CCLM) - MAE(CNN,CCLM) for different constraining method.

Appendix A: CNN runs

610 We used the following commands for training the CNN model based on the Harder-et-al(2022)Harder et al. (2023):

# for the run with soft constraining run, with a factor of alpha 0.99

$ python main.py ——dataset dataset ——model cnn ——model_id
615 twc_cnn_soft_constraints_epochs_160_1r_0.00001 _alpha_0.99
——constraints soft ——loss mass_constraints ——alpha 0.99

——epochs 160 ——batch_size 64 —Ir 0.00001
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Figure 9. Boxplot of averaged daily precipitation over the Central Asian domain (shown in Figure 7) for different models and test dataset
22714 days or 62.2 years). Numbers in the parenthesis indicate the correlation coefficients between each model and the CCLM simulation.

# for the run with softmax constraining or hard constraining:
620 $ python main.py ——dataset dataset ——model cnn ——model_id
twc_cnn_softmaxconstraints_epochs_200_batch_size_64_1r_0.001

——constraints softmax ——Ir 0.001 —-epochs 160 ——batch_size 64 ——loss mae

# for the standard CNN run without constraining:
625 $ python main.py ——dataset dataset ——model cnn ——model_id
twc_cnn_noneconstraints_epochs_160_batch_size_64_1r_0.001

——constraints none ——Ir 0.001 ——epochs 160 ——batch_size 64 ——loss mae

Note that the datasets available-at-shall-be-downloaded-in—-afolderealled-dataset-and codes are available at Zenodo (DOI:

630 https://zenodo.org/records/10417111) with comprehensive details utilized in the paper.
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Figure 10. a) MAE of GCM (EC-Earth3-Veg) vs CCLM run. GCM is remapped bilinearly to the 0.25x0.25 grid. b) Added value (AV)
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Figure 11. Added value (AV) or MAE reduction (MAE(EC-MPI-ESM1-2HR, CCLM)—MAE(CNN, CCLM)) for an unconstrained method
that was not trained but applied to the SSP370 scenario.
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