
Review Data Driven Regional Weather
Forecasting

This paper uses data driven techniques to forecast partially observed systems. The pro-
posed framework relies on phase space reconstruction and defines an approximate discrete
vector field on the reconstructed phase space to forecast the regional observations. The
model was tested on a Shallow Water Equation setting with various configurations of the
observations. Overall, the paper is well written and suitable for the audience of NPG.
However, several aspects need some investigation to further strengthen the paper.

Major comments :

1. Positioning of the paper and bibliography: I liked your text in the 1.1 section, espe-
cially the shift in the machine learning community to account for physical constraints
in the models. However, your state-of-the-art section is missing two crucial aspects.
You did not discuss the related works on machine learning for regional forecasting
systems (for example: [1, 2, 3, 4]). These references do not have explicit titles like
yours, but are very similar in spirit. Furthermore, you also need to discuss the state
of the art in data driven modeling for partially observed systems (for example: old
traditional methods [5], new ones [6, 7, 8, 9, 10]). These works do use phase space
reconstruction techniques, as you do for predicting partially observed systems.

2. Notation: overall I found the paper very smooth and pleasent to read, except when
you introduced the models equations. I think there is a way to simplify the notations
to make the paper even smoother. For example, you use for the “plane coordinates”
the variable r = {x, y} which is equal to {r1, r2} which is equal to {r10 + i∆x, r20 +
j∆x} these are lots of symbols to keep track of. I think you can only keep r =
{r10 + i∆x, r20 + j∆x} and explain what is ∆x,∆x and i, j. Also, you use both ∆t
and h for the time step. You can also explain that you use capital letters for the
observations and regular letters for the states. In equations (3), (4) ...etc. when you
write that

dS(i, j, t)

dt
= Fi,j(S(i, j, t), θ) + [F(i, j, t), 0]

I understand that the state S(i, j, t) at the grid point i, j depends only on S(i, j, t)
and the forcing. In order to avoid confusion, make the above equation depend on
a defined global state, for example S(t) = [S(0, 0, t), . . . ,S(nx, ny, t)]

T ∈ R3(nx×ny).
Also, make sure the forcing notation is consistent with the definition of the global
state vector S(t).

3. Regarding the optimization of the embedding parameters: after reading lines 347 to
352, I don’t really understand how you parameterized your embedding parameters.
In the appendix, it says that you use FNN to get the dimension, but it’s not clear
how you calibrate the delay. Please further explain your methodology here.



4. On the delay embedding parameterization: You state in lines 379 to 382 that in
the Takens delay embedding theorem, there is no underlying assumption on the
time delay. I have an example that contradicts this. Imagine that your limit-set is
periodic with period T and that you use a time delay of T. In this situation, your
reconstruction will not be diffeomorphic to the underlying limit set. Actually, this is
written the other way around in the Fractal Delay Embedding Prevalence Theorem
(Theorem 2.5 in [11]).

5. Benchmark: This is extremely important. You should provide a benchmark of your
results to help readers better understand the performance of your work. At least
compare to persistence, but I would recommend testing against other state-of-the-
art machine learning models.

6. Presentation of the experiments: For the experimental section, I recommend in-
cluding only the sensors configuration figure and a single forecasting figure per
experiment. The remaining figures should be placed in the appendix.

7. On the dimension of the embedding: You state in lines 384 to 388 that the result
of Sauer et al. indicates that if DE > 2DA + 1 the unprojection would work. I
think that this result is from Whitney Embedding Prevalence Theorem (theorem
2.2 in [11]). Also, when you assume that DA is near 300 (lets say DA = 300) then
DE ≈ 10, 20 is very far from satisfying the condition DE > 2DA + 1. Please rectify
this sentence.

8. On the scalability of the model: In your experiments, your initial state is of dimen-
sion 300. However, the embedding you used is of dimension 27 ∗ 10 to 27 ∗ 20. On
higher dimensional systems as you mensioned, the dimension is much larger that 300
(O(106) for example). Do you expect your model to be in even larger dimensions
than O(106). If it is the case, what is the cost of the model ? If not, why would
you expect to get a smaller dimension.

Minor comments,

1. Do you mean embedding when you write unprojection ? If so, use embedding.

2. in lines 100 to 101, It’s good to explain what one loses when bypassing equations.

3. in lines 96 to 97, I don’t understand why you avoid uncertainties in the data. If
your model is optimized from data and there is some uncertainty in the data, you
would have uncertainty in the models.

4. I found the sentence from line 253 to 257 difficult to read.

5. Equation 6 has two commas.



I hope that the authors will understand my comments in a constructive way, and that
I value their work and the time they invested in the preparation of the manuscript. It
might be that I have misunderstood something, in this case, if something wasn’t clear for
me as a reviewer, it is possible that it wouldn’t be clear also for the readers.
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