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General comments: 1. I am not sure how meaningful this study is. This study used
a sliding window approach to predict global precipitation, i.e., using CNN to simulate
the relationship between the precipitations from the most recent K time steps and that
at next time step. First, the mapping becomes useless when we need to predict more
than one step into the future or to use more/less than K previous time steps. Sec-
ondly, the sliding window approach used the fixed window size, incapable of learning
the temporal dependence in a dynamic form. 2. I found the description of methodology
and numerical experiments is confusing. After reading the manuscript, I am not sure
how many network architectures and how many numerical experiments the authors
considered. A table listing all of this information would be very helpful. 3. The compar-
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ison with persistence forecasting is not enough to demonstrate the effectiveness and
advantages of the deep neural networks. I think a comparison with other advanced
time series forecasting methods is necessary, such as autoregression, moving aver-
age, and their combinations, and even the more advanced long short-term memory. 4.
What is the computational cost to build the surrogate model, such as the number of
training samples, the training time, the hyperparameter tuning time? When comparing
the methods, besides accuracy, computational costs should be another factor to be
considered.

Specific comments: 1. Page 5, Line 1, whether a deep network is needed depends
on the problem, i.e., adding depth to the network can improve the model performance
of this study. The reason should not be that deep models were successful in recent
studies in image classification. As problems are different and the training data size is
different, the deep network might not be a good choice of this work. I would like to
see a better justification for using the deep network in this work. 2. Page 6, Line 1,
If I understand correctly, the training data are 3D images with size m*n*p. What do
the authors mean by saying that “The distribution of training data was heavy-tailed and
positively skewed”? 3. Page 7, Lines 8-11, I do not understand why not using the
ground truth all the time, as errors made in early forecasts would accumulate in later
forecasts if the predicted values are used. 4. Page 7, lines 18-19, the comparison
is not fair because the baseline CNNs used the best hyperparameters of the residual
network. The best set of hyperparameters tuned for the residual network could be a
bad choice for the baseline CNNs.
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