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We thank the anonymous referee for the comments on the manuscript and suggestions to improve
its quality. These are addressed in the following. The authors’ answers are printed in blue. A version
of the manuscript with tracked changes is provided along the updated manuscript.

Summary:

The presented study is a valuable addition to the increasingly important topic of very short-term
solar irradiance nowcasts. The methods used in the presented model are a mixture of existing and
new approaches.

Here, the data assimilation approach derived from numerical weather prediction for an optimal
initial state is very promising. Furthermore, the validation strategy using synthetic ASI images
derived from LES simulations should be positively highlighted. This enables the comprehensive
validation capabilities as mentioned by the authors.

The manuscript is coherently structured and explains the applied methods sufficiently

I can agree with the comments of the previous referee.

General comments to improve quality:

*  When reading the manuscript I was sometimes confused about synthetic and real data. E.g.
readers might associate "DNI measurements" with instrument (pyrheliometer)
measurements. It was also not clear to me if ASI images for training the CNN model were
real ASI images. Please take care of a clear distinction when real and synthetic data has been
used
We added a sentence in Sect. 2.1.1 to clearly state the use of real ASI images for the CNN
training. We struggle to get rid of the term “measurement” completely, as e.g. it is a typical
term for input data in assimilation and the distinction between model values of the
nowcasting model and modelled synthetic images and simulated DNIs is not clear anymore.
To avoid confusion, we added remarks to the sections where the term “measurement” is
used.

* The decision of choosing DNI vs. GHI or DHI can be explained in more detail. The
estimation of spatial distributed diffuse horizontal irradiance (DHI) from ASI is a generally
rarely addressed issue in ASI based nowcasting and worth to be mentioned. DHI is also
needed for transposition modelling needed for solar energy applications. I can also imagine
that the used setup with MYSTIC RT modelling and LES is capable in addressing DHI
estimations.



We added additional explanation for the choice of DNI as a subject of investigation instead
of GHI or DHI.

We agree, that the estimation of spatially distributed DHI is a challenging aspect of
irradiance nowcasting and the used synthetic setup could be applied to validate also DHI
estimations. Especially MYSTICs capability of modelling 3D radiative transfer would be
valuable therefore.

Spatial and temporal persistence is still state of the art for modelling diffuse irradiance in
ASI based cloud modelling contexts (e.g.; Blum et al. 2022; Chow et al. 2011) to our
knowledge. Only statistical and machine learning approaches actively model DHI different
than persistence. We did not develop any more advanced method yet. As Chow et al. 2011
states, “[TThe primary factor modulating GHI from its clear sky value is the presence of a
cloud between the ground location and the sun as this directly attenuates the solar beam
irradiance. Variations in diffuse irradiance caused by changing cloud distribution and optical
depth are smaller and generally negatively correlated with beam irradiance”. We therefore
did not evaluate DHI persistence and its effect on GHI estimation and focused in this
manuscript on DNI nowcasting, which we directly relate to the cloud situation. For future
work and real world photovoltaic applications, DHI of course cannot be ignored and will be
considered.

Chapter 2.2.2: The quality of the used data assimilation can be better explained and is
probably of interest for the reader. A graphical example of model, observation and analysis
states might be a solution for this.

We added a schematic figure to illustrate the quality of the used data assimilation. As stated
in the manuscript, the previous model state — background in classical DA terms — is not used
by us.

Persistence comparison: in general, by definition, the quality of persistence decreases with
cloud variability. The syntethic data set with increasing cloud cover is therefore an ideal
basis for an investigation of forecast skill of the model vs. persistence. Therefore, a
comparison of forecast skill with respect to cloud fraction would improve the manuscript.

We initially disregarded comparing forecast skill per cloud fraction or variability class in the
maunscript as the number of forecasts is limited (359) and the classes get quite small for the
typical separation into 8 classes (e.g.; Nouri 2022). Additionally, the shallow cumulus setup
is also a limited sample of possible atmospheric conditions. Below, we attached a Figure of
RMSE over lead time calculated for 5 classes of cloud fraction, which is not included in the
manuscript. We added a short paragraph at the end of Section 3.4 discussing the results, but
also a disclaimer about the limited significance.

We opted for 5 classes in this Figure as a tradeoff between bin size and number of forecasts
per class. Area nowcasts show more stable curves and are therefore chosen here. While
differences in overall RMSE and improvement of MACIN over persistence are definitely
significant between classes of different cloud fractions, the explanation is straightforward
and as you already suggested directly linked to the variability. Medium cloud fractions mean
higher variability and overall larger nowcast errors. As persistence is assuming exactly the
absence of variability, MACIN shows nowcast improvements especially for conditions of
high variability (medium cloud fractions). Also, the absence of multilayer clouds and



constant sun position simplifies this explanation. Altogether, this does not add significant
new insights over existing literature in our opinion and we therefore only mention it briefly
in the manuscript. For real world applications with a larger number of nowcasts and
multilayer clouds and very location dependent weather conditions and distribution of cloud
fraction and variability this nevertheless seems like an important part of a thorough
investigation and will be considered for future studies.
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Technical comments:

General: The figures are a quite small and therefore difficult to read. Possibly they can be made
larger for the final version.

We agree with the figures being quite small in the document. The figures were sized according to
the directives in the LaTeX template, therefore we hesitated to increase the overall figure size.
However, the font size in the figures may of course be increased for better readability. For a final
version, we will discuss this with the copy editing team.

Line 3: You might add that the CNN was trained on "real ASI images" to avoid confusions.
We adapted the text to clearly indicate the training on real ASI images.

Line 27: It should be Eye2Sky instead of eye2sky

Changed to Eye2Sky.

Line 195: Please check k,l it might be mixed with 1,p as defined in the equation above

It was indeed mixed up. We changed the text according to the equation.

Line 330: The definition of cloudmask variation and continuous cloudmask variation might be
introduced here. It takes a while to understand the difference

We decided not to include the definition to avoid breaking the overview structure of the first
paragraph. We added a hint towards later explanation and expanded the explanation in the
corresponding paragraphs to improve understandability of the difference.

Line 338: grouped instead of groupped
Changed to grouped.
Line 347: RT definition not introduced

We added a definition of radiative transfer (RT).
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