
Response to Reviewer 1 Comments
We sincerely thank the reviewer for your time, constructive feedback, and valuable
suggestions, which greatly improved the quality of the manuscript. We carefully
considered each comment and made corresponding revisions to the manuscript. The
following is a point by point response to the reviewer's comments.

Comments and Suggestions forAuthors:
1.①This is far from the first article presenting the use of CNN for retrieving
precipitation intensity (or equivalent radar reflectivity) from geostationary
multispectral infrared images. The authors need to justify the novelty of their work
and to highlight what distinguishes it from previous similar works. ②The evaluation
part is rudimentary, it consists in a listing of standard performance metrics, repeated
three times for three different periods. This contribution is stereotyped and
incremental rather than novel.
Response①:Thank you for this important comment. We agree that the use of CNN or
U-Net-based architectures for retrieving precipitation intensity or
radar-reflectivity-related quantities from geostationary multispectral observations is
not new, and we have revised the manuscript to avoid implying otherwise. The
novelty of the present study is therefore not claimed to lie in the general use of CNNs
for satellite-based retrieval, nor in the CBAM module itself.

Instead, we have clarified that the contribution of this work lies in addressing a more
specific problem that remains insufficiently examined: the reconstruction of localized
high-intensity radar echoes over complex terrain using geostationary multispectral
observations. In this context, we investigate whether a lightweight cascaded
channel--spatial attention strategy within a U-Net backbone can improve the
representation of localized severe echoes while retaining a relatively simple
convolutional architecture.

To substantiate this distinction quantitatively, CBAM-U-Net is evaluated under the
same training protocol against U-Net, Attention U-Net, MCDA-U-Net, SegFormer,
and SRViT.The newly revised location is page 19 line 517 to 533. Although the
domain-averaged RMSE improvement over U-Net is moderate (7.0043 to 6.8290 dBZ,
approximately 2.5%), the improvement is considerably more pronounced for severe
echoes. In the 45-70 dBZ interval, the POD increases from 0.2617 to 0.5296, the CSI
from 0.3141 to 0.4384, and the FAR decreases from 0.5954 to 0.4357. In addition, we
have added a strong-echo-specific intensity-error analysis for observed reflectivity≥45
dBZ. Compared with U-Net, CBAM-U-Net reduces MAE from 10.3802 to 9.3923
dBZ, RMSE from 14.9184 to 13.8787 dBZ, and the magnitude of the negative bias
from 9.8769 to 8.6382 dBZ. Among all six evaluated models, CBAM-U-Net achieves
the lowest strong-echo MAE and RMSE and the smallest magnitude of negative



bias.The newly revised location is page 20 line 563 - 579.

The introduction (Page4 line 119 - 133), experimental setup and data consistency
(Page30 line 784 - 785), and Conclusion (Page31-32 line 811- 870) have been
rewritten to more clearly compare this study with previous CNN based satellite
retrieval work. The revised manuscript no longer presents CNN-based retrieval itself
as the novelty; instead, it emphasizes the complex-terrain application, the targeted
lightweight spectral--spatial enhancement of localized severe echoes, and the
multi-perspective evaluation of severe-echo robustness and cross-sensor
transferability.





Response②:Thank you for this important comment. We agree that the presentation in
the original manuscript may have given the impression that the three temporal subsets
merely repeated the same standard evaluation metrics. We have therefore revised
Section 4.2 to clarify the purpose of this analysis.

The three periods were not introduced as independent repetitions of the overall model
evaluation, but were used to represent different precipitation regimes associated with
the Sichuan flood season. Specifically, the pre-flood period is characterized by rapidly
developing convective systems, the primary flood season by more frequent severe
convection and heavy precipitation events, and the post-flood period by transitional



precipitation processes. These differences can alter cloud development, precipitation
intensity, and the relationship between satellite infrared observations and
radar-derived reflectivity. Therefore, independently training and evaluating the models
within each meteorologically distinct period provides a cross-regime robustness
assessment of whether the relative performance advantage remains consistent under
different precipitation regimes.

To make this purpose clearer, we have reorganized the discussion in Section~4.2 and
now emphasize the consistency of the severe-echo retrieval advantage across the three
precipitation regimes rather than simply repeating the aggregate metrics. In particular,
for the 45-70 dBZ severe-echo interval, CBAM-U-Net achieves CSI values of 0.2495,
0.3845, and 0.2992 during the pre-flood, primary flood, and post-flood periods,
respectively. Relative to the best-performing competing baseline in each period, these
values correspond to improvements of approximately 38.8%, 13.3%, and 15.6%,
respectively. These results indicate that the improvement in severe-echo
reconstruction is consistently maintained under different precipitation regimes rather
than being confined to a specific temporal subset.

Accordingly, the revised manuscript now presents the period-based analysis explicitly
as a cross-regime robustness evaluation, and the corresponding explanation has been
added to Section 4.2.

2.The abstract and introduction “promise” things that are not really delivered. It is
claimed that the objective is to retrieve the "3D intra-cloud precipitation structure" but
only the composite reflectivity is retrieved, the vertical variability is not resolved. The
algorithm is supposedly intended for filling gaps in radar coverage but the manuscript
does not go all the way to demonstrate its utilization as such, no case of "filled" radar
images is showed.
Response:We appreciate the reviewer’s valuable comment. We agree that the original
manuscript used some descriptions that could imply a three-dimensional
reconstruction capability, while the proposed method actually retrieves
two-dimensional radar composite reflectivity fields. We have revised the related
statements throughout the manuscript to avoid ambiguity. Specifically, terms related
to “3D intra-cloud precipitation structure” have been replaced by “radar composite



reflectivity” or “radar-derived precipitation echo structures.”

We also agree that the original description of “filling radar gaps” was too strong
because this study does not explicitly perform radar gap-filling experiments.
Therefore, we have revised the manuscript to describe the method as providing
complementary radar-like reflectivity information in regions with limited radar
observations rather than directly filling radar coverage gaps. Corresponding
modifications have been made in the Abstract(Page 1 line1- 17), Introduction(Page1-4
line 31 - 133), and Conclusions (Page 30-31 line 803 - 863).







3.Several statements regarding the instruments capabilities or the cloud physics are
inaccurate or are oversimplifications, or elude important aspects of the retrieval
physics (see line-specific comments attached).
Response:We sincerely appreciate the reviewer’s careful examination of the physical
interpretation and instrument descriptions in our manuscript. We agree that several
statements regarding satellite observation capabilities, cloud physics, and the
relationship between satellite-derived radiometric information and radar reflectivity
were overly simplified and required more precise descriptions.

In the revised manuscript, we have carefully reviewed and modified the relevant
statements throughout the Abstract, Introduction, and Methodology sections.
Specifically, we have clarified
(1) the observational characteristics and limitations of FY-4A AGRI infrared
measurements,
(2) the indirect physical relationship between cloud-top radiative signatures and
radar-observed precipitation echoes,
(3) that infrared observations primarily provide information from cloud-top regions,
rather than directly resolving internal cloud microphysical structures.

We have also revised several expressions to avoid overgeneralization when describing
infrared brightness temperature, cloud properties, and their connections to
precipitation processes.



In addition, the abbreviation RCRF (Radar Composite Reflectivity) has been
uniformly replaced with CR throughout the entire manuscript for conciseness and
consistency with standard radar meteorology terminology.

4.Some methodological choices need to be further justified and their implication must
be discussed. For example the choice of using a max-pooling operator when
aggregating the radar composite reflectivity from 0.01 deg to 0.04 deg.
Response:Thank you for this important comment. We have substantially revised the
description of the radar--satellite spatial matching procedure and further discussed the
implications of using Max aggregation. The 0.01°SWAN radar composite reflectivity
is aggregated onto the approximately 0.04° FY-4A grid using a maximum-preserving
operator. This choice was made to retain localized high-reflectivity convective cores
that may be weakened by spatial averaging during the transition from the finer radar
grid to the coarser satellite grid.
We also acknowledge that Max aggregation is not a neutral resampling operation, as it
may shift the coarse-grid reflectivity distribution toward higher values and increase
the apparent coverage of strong echoes. Therefore, we added a sensitivity experiment
using linear-reflectivity mean aggregation (Mean-Z) as an alternative. Under Max
aggregation, CBAM-U-Net reduced RMSE from 6.8109 to 6.6989 dBZ and increased
the CSI for echoes ＞ 45 dBZ from 0.2803 to 0.3085 relative to U-Net. Under
Mean-Z aggregation, CBAM-U-Net similarly reduced RMSE from 5.8742 to 5.7764
dBZ and increased CSI from 0.2051 to 0.2613. These results indicate that the relative
improvement introduced by CBAM is retained under both aggregation strategies,
although the absolute metric values differ because the two aggregation methods
produce different coarse-grid target distributions.

The corresponding methodological explanation, sensitivity experiment, and
discussion have been added to the revised manuscript (Page 10-11 line 283 - 332).





5.It is not clear how the dataset is partitioned into training, validation, and testing
subsets. The only information provided is that “the dataset was partitioned into
training, validation, and testing subsets following a standard 7:2:1 ratio.” This raises
concerns about the independence of the three subsets. If samples in the different
subsets are in close spatial and/or temporal proximity, or potentially originate from
the same storm systems, the subsets cannot be considered statistically independent.
The authors should clarify how the partitioning was performed and, in particular,
whether measures were taken to prevent samples associated with the same or closely
related storm systems from being distributed across different subsets. Otherwise, the
reported model performance may be affected by information leakage and may not
accurately reflect the model’s ability to generalize to independent cases.
Response:Thank you very much for this important and constructive comment. We
agree that the dataset partitioning procedure and the independence of the training,
validation, and test subsets should be clearly described.



In the original FY-4A experiments, the samples were randomly partitioned at the
individual-sample level into training, validation, and test subsets, accounting for
approximately 70%, 10%, and 20% of the samples, respectively. For the three
period-specific experiments, the samples within each corresponding period were
separately partitioned using the same strategy, and the models were independently
trained and evaluated for each period. We have now clarified this procedure in the
revised manuscript.

We acknowledge that the sample-level random partitioning used in the FY-4A
experiments did not explicitly enforce storm-event-level separation. Therefore,
temporally adjacent samples potentially associated with the same or closely related
precipitation systems may occur in different subsets. Following the reviewer's
comment, we have revised the manuscript to avoid interpreting the FY-4A
random-split results as a strict storm-event-independent generalization assessment.
To further examine whether the relative performance of the proposed model is
maintained under different meteorological backgrounds, we additionally conducted
three period-specific experiments corresponding to the pre-flood onset phase
(May–June), the primary flood season (July–August), and the post-flood transition
phase (September–November). These three periods are temporally distinct and
represent different precipitation and convective regimes in Sichuan. For each period,
the samples belonging to that period were separately partitioned, and the models were
independently trained and evaluated. The pre-flood period is dominated by rapidly
developing and relatively localized convective systems, the primary flood season
contains more frequent severe convection and heavy precipitation, whereas the
post-flood period is characterized by transitional precipitation processes.

The consistent relative advantage of CBAM-U-Net across these three independently
conducted period-specific experiments provides complementary evidence that the
performance improvement of the proposed architecture is not confined to a single
precipitation regime or meteorological background. In this sense, the three-stage
experiments provide a cross-regime robustness assessment across temporally distinct
weather periods and different convective environments. However, we emphasize that
these experiments do not completely resolve the reviewer’s concern regarding
storm-event-level independence, because sample-level random partitioning was still
applied within each individual period. Therefore, we do not regard them as a
substitute for strict storm-event-based validation, but rather as complementary
evidence of model robustness under different precipitation regimes.

The three period-specific experiments have also been more clearly defined in the
revised manuscript. These experiments involve separate training and evaluation for
each precipitation period and are intended to examine whether the relative
performance advantage of the proposed architecture remains consistent under
different precipitation regimes, rather than to demonstrate generalization to
independent storm events.



In addition, the manuscript includes an independent cross-sensor evaluation using
FY-4B observations from July 2024. The FY-4B data were acquired from a different
satellite platform and time period and were not involved in model training, validation,
calibration, or fine-tuning. We have strengthened the corresponding description to
clarify that this experiment provides an independent zero-shot evaluation
complementary to the FY-4A experiments.

Finally, we have explicitly acknowledged the lack of storm-event-level separation in
the FY-4A experiments as a limitation of the present study. In future work, temporally
separated or storm-event-based partitioning will be adopted, such that samples
associated with the same precipitation system are assigned exclusively to a single
subset. This will enable a more stringent assessment of model generalization to
independent weather events.

We sincerely thank the reviewer for pointing out this important issue, which has
helped us clarify the scope and interpretation of the current experiments and improve
the rigor of the manuscript.

The modifications in this section can be found on page 14, lines 390-394:

The modifications in this section can be found on page 21, lines 580-592:

The modifications in this section can be found on page 30, lines 783-785:

The modifications in this section can be found on page 32, lines 862-870:



The specific questions and responses in the article are as follows:
1.Line 23“radar beams are severely blocked on the leeward sides of
mountains.”--Why specifically on the leeward side? Beam blockage can happen on
any side, it only depends on the radar location.
Response:We fully agree with the reviewer that radar beam blockage caused by
terrain obstacles can occur in any azimuth and is fundamentally controlled by the
relative positions between the radar site and surrounding topography; there is no
universal rule that blockage preferentially appears on the leeward side in all regions.

In the revised manuscript, we have adjusted the relevant description to avoid
overgeneralization. We clarify that prevalent beam blockage on the leeward side is a
regional topographic feature within our research domain, instead of presenting it as a
general conclusion applicable to all radar sites. We emphasize that this spatial
distribution is tied to the specific mountain layout and radar deployment in this study
(Page 2 line 31-35).

2.Line 28.“Leveraging their geosynchronous orbit,they facilitate large-scale,
all-weather continuous observations at a minute-level temporal resolution.”--Only 5 to
15 minutes in most areas across the globe.
Response:We thank the reviewer for correcting the temporal sampling description. We
have revised the sentence to clarify that the standard revisit interval of the
geostationary satellite system ranges from 5 to 15 minutes for most global regions,
removing the ambiguous "minute-level" expression that implied sub-minute sampling
frequency (Page2 line41-43).

3.Line 29“Although satellites primar-ily detect cloud-top thermal radiation and
microphysical properties, whereas radars measure the scattering characteristics of



precipitation particles within and beneath clouds, a strong physical and statistical
correlation exists between the two during severe convective events (Roberts and
Rutledge, 2003; Wang et al., 2022b).”--There are different type of instruments
(including radars) onboard different satellites, capable of observing different aspects
of cloud's macrophysics and microphysics.The scattering characteristics of
precipitation particles is a microphysical property.
Response:We have revised this single sentence to address both comments without
splitting the paragraph.

To resolve the overgeneralized term "satellites", we explicitly specify that our satellite
observations come from the AGRI infrared imager carried by FY-4A. A parenthetical
clarification is added to acknowledge that other satellite platforms carry space-borne
radars capable of retrieving full vertical cloud microphysical information, which
distinguishes our passive cloud-top measurements from active satellite radar products.

We fully agree with the reviewer that scattering traits of hydrometeors belong to
intrinsic microphysical properties. The text is rephrased to clarify that ground radars
measure backscattered echo signals generated from such microphysical scattering
behaviour, rather than measuring the scattering properties of particles directly,
reconciling the physical definition with radar observational quantities. All adjustments
are embedded within the original sentence to maintain textual integrity (Page 2 line
44-54).

4.Line 32.“Specifically, the pronounced decline in satellite infrared brightness
temperature—indicative of deep convection and intense updrafts—aligns
spatiotemporally with corresponding increases in radar composite reflectivity.” --This
is only true for the thermal infrared chanels (10-12 microns). Other infrared channels
respond to water vapor, ozone and CO2 among others.Not always. Some high altitude
clouds (e..g. cirrus) are not associated with convective updrafts and show very low IR
brightness temperatures and also low radar reflectivity (below the detection level of
most weather radars).
Response:We sincerely appreciate the reviewer for these highly accurate and
constructive physical comments. We fully agree that the relationship between
depressed infrared brightness temperature and enhanced radar reflectivity is not
universally valid, and we have revised the relevant description accordingly.



First, we have clarified that the association between low brightness temperature and
deep convection only applies to the 10–12 μm thermal infrared window channels, as
other infrared channels are primarily sensitive to absorptions from water vapor, ozone,
and carbon dioxide rather than convective cloud-top emission.

Second, we have added an important caveat that high-altitude cirrus clouds, although
characterized by very low infrared brightness temperatures, are not accompanied by
convective updrafts and typically exhibit radar reflectivity below typical detection
thresholds. Thus, the spatiotemporal correspondence only holds for precipitating deep
convective systems, not for all cold cloud features.

The relevant sentence in the manuscript has been carefully revised to include these
constraints and avoid overgeneralization (Page 2 line 54-58).

5.Line 38. “Because conventional models rely heavily on manually crafted feature
extrac- tion rules, they struggle to fully exploit the high-dimensional spatiotemporal
correlations embedded in multi-channel satellite datasets.”--What are “conventional
models?” Today, the majority of operational models rely on convolutional deep neural
networks. In 2026 CNNs are standard.
Response:We thank the reviewer for this important clarification. We agree that the
term“conventional models”in the original manuscript was too broad and potentially
misleading, particularly because convolutional neural networks are now widely used
as standard approaches in operational and research applications.

In the original manuscript,“conventional models”was intended to refer specifically
to traditional empirical and statistical retrieval approaches, such as linear or
polynomial regression and heuristic retrieval methods based on manually designed
spectral, textural, or meteorological predictors, as well as physically based retrieval
approaches relying on radiative transfer calculations, cloud microphysical
assumptions, threshold relationships, or parameterized empirical formulations. It was
not intended to refer to modern CNN-based deep learning models.

To avoid this ambiguity, we have revised the corresponding paragraph and removed
the overly general expression “ conventional models.” The revised text now
explicitly distinguishes traditional empirical/statistical and physically based retrieval
approaches from modern deep-learning methods, including convolutional neural
networks. Specifically, we now state that traditional empirical and statistical retrieval
methods often rely on manually designed predictors, whereas physically based



retrieval approaches depend on radiative-transfer simulations and parameterized
physical assumptions. Deep-learning approaches are then introduced separately as
data-driven methods capable of automatically learning hierarchical representations
from multispectral observations.

We appreciate the reviewer for pointing out this terminology issue, which has helped
us make the methodological distinction more precise and consistent with the current
state of the field.(Page 2–3, Lines 62–73).

6.Line 49. “Standard U-Net architectures, while capable of recovering macroscopic
morphology, frequently suffer from a persistent "smoothing effect," leading to the
severe blurring of convective boundaries and the systematic underestimation of peak
intensities within strong echo cores.”--The "smoothing" effect is not caused by the
U-net architecture, it generally comes from the objective function. There exist several
non-smooth retrievals algorithms that use U-net architectures. See references below:
https://doi.org/10.1109/LGRS.2023.3284278
https://doi.org/10.1109/TGRS.2025.3548518
https://doi.org/10.1038/s41612-025-01103-y
Response:We sincerely thank the reviewer for this important clarification and for
providing the relevant references. We fully agree that the smoothing effect should not
be attributed to the U-Net architecture itself. As the reviewer correctly pointed out,
over-smoothed retrievals are often closely related to the choice of the training
objective, particularly conventional pixel-wise regression losses, whereas
U-Net-based frameworks combined with appropriately designed objectives can
produce substantially sharper and more realistic retrievals.

Accordingly, we have revised the corresponding statement in the manuscript to
remove the misleading causal attribution to the U-Net architecture. The revised text
now states that standard U-Net architectures may exhibit a smoothing tendency when
trained with conventional pixel-wise regression objectives, particularly for localized
high-reflectivity structures, rather than implying that smoothing is an inherent
property of U-Net itself. We have also incorporated the references suggested by the
reviewer to support this clarification.



We would also like to clarify the role of CBAM in the present study. We agree that
modifying the objective function—for example, through weighted, perceptual,
adversarial, or other structure-aware losses—is an important route for reducing
over-smoothing. However, our study investigates the problem from a complementary
feature-representation perspective rather than from loss-function redesign. Under the
same training objective used for the baseline models, CBAM sequentially applies
channel and spatial attention to adaptively enhance informative multispectral
responses and spatial features associated with localized high-reflectivity regions. This
feature recalibration helps preserve strong-echo cores, spatial gradients, and echo
boundaries during encoding and decoding, thereby alleviating, rather than
fundamentally eliminating, the blurring and peak-intensity underestimation observed
with the baseline U-Net.

Importantly, all comparative models in our experiments were trained using the same
dataset partition, loss function, optimizer, and training schedule. Therefore, the
relative improvement of CBAM-U-Net over the standard U-Net under the same
objective function provides evidence that enhanced channel–spatial feature
representation can complement loss-function-based approaches in reducing
strong-echo smoothing and intensity underestimation.

We appreciate the reviewer’s comment, which helped us distinguish more clearly
between the contribution of the training objective and that of the network
feature-representation mechanism.

We have also incorporated the three references suggested by the reviewer to provide
appropriate support for this discussion (Page 3 line 91-95).

7.Line 54. “Inadequate spatiotemporal registration and the inclusion of low-quality
samples (e.g., radar mosaic gaps) introduce se-vere systematic biases into the learning
process.”--Why systematic biases? Aren't these types of error mostly random?
Response:We appreciate the reviewer’s careful observation. The errors caused by
imperfect spatiotemporal registration and radar mosaic gaps are indeed predominantly
random rather than systematic, and the original description was imprecise. We have
revised the manuscript to replace “systematic biases” with “noise and uncertainties”
to accurately characterize the nature of these errors (Page 3 line 99-101).



8.Line 61. “To address the aforementioned challenges, this study proposes an
intelligent, end-to-end reconstruction framework, termed CBAM-U-Net, designed
specifically to compensate for radar blind spots over complex terrain utilizing
multi-channel observations from the FY-4A geostationary satellite.”--The paper itself
doesn't showcase the filling of the blind spots. Also for this particular application it
would make sense to utilize an "inpainting" approach with the infrared brightness
temperature serving as auxiliary covariate fields.
Response:We appreciate the reviewer’s valuable comment.In the revised manuscript,
the description has been adjusted to focus on radar composite reflectivity
reconstruction over complex terrain using FY-4A observations, rather than claiming
direct radar blind spot compensation (Page 3 line 109-112).

9.Line 77. “massive dataset (14,023 samples).”--What does constitute a sample? If a
sample equals a single pixel or single field of view, then 14 000 is not at all a
"massive" dataset by satellite remote sensing standards. For comparison, the radar
onboard the GPM satellite produces 388 000 samples per orbit and has completed
more than 70 000 orbits since 2015.
Response:We appreciate the reviewer’s insightful comment and clarify the definition
of samples in this study to eliminate ambiguity. Different from pixel-level or single
field-of-view samples adopted in satellite orbital observation studies, one sample in
our work is defined as a complete spatiotemporally matched pair of FY-4A satellite
multi-channel observations and ground-based radar composite reflectivity mosaics for
the study domain. A total of 14,023 matched sample pairs were retained for
regional-scale radar echo reconstruction and evaluation. (Page 9 line 278-281).

In the revised manuscript, the relevant description in the summary of contributions
has been completely rewritten and updated, and the potentially misleading term
“massive” has been removed (Page 4 line 119-133).



10.Line 122. “The objective is to establish a robust mapping relationship to infer the
3D "intra-cloud precipitation structure”--Can the retrieval of the composite
reflectivity really be considered a retrieval of the 3D structure? The vertical variability
is not resolved.
Response:We thank the reviewer for this precise and critical comment. We fully agree
that the retrieval of radar composite reflectivity cannot resolve detailed vertical
precipitation variability and thus does not represent a complete 3D intra-cloud
precipitation structure. Composite reflectivity is a two-dimensional column-maximum
product obtained by selecting the maximum radar reflectivity along the vertical
dimension at each horizontal location. Accordingly, we have revised the manuscript
description to accurately clarify that our model infers column-wise maximum radar
composite reflectivity from 2D cloud-top radiation observations, rather than full
three-dimensional precipitation structural information. This revision eliminates
inappropriate overstatement and strictly aligns the manuscript description with the
actual model outputs and research scope (Page 6 line 186-188).

11.Line 130. “Additionally, the 3.72 μm (Ch08) and 8.5 μm (Ch11) channels leverage
the refractive index disparities of hydrometeors across the short-wave and mid-wave
infrared spectra.” --Only of the hydrometeors in the uppermost cloud layers. None of
the optical channels (visible or IR) can penetrate optically thick clouds.
Response:We agree with the reviewer that optical and infrared channels cannot
penetrate optically thick clouds, and therefore only sense hydrometeors in the
uppermost cloud layers rather than the full cloud depth. We have revised the
description accordingly to accurately reflect this physical constraint (Page 6 line
198-201).



12.Line 134. “while effectively suppressing background interference in-herent to
single-channel observations.”--What does this mean? I do not understand this part of
the sentence.
Response:Thank you for pointing this out. We agree that the phrase “suppressing
background interference inherent to single-channel observations” was ambiguous and
insufficiently supported. We have therefore removed this statement. The revised text
now states that the derived channel-difference variables provide additional spectral
contrast information associated with cloud-top thermal and spectral characteristics
and may facilitate feature representation in the deep learning model (Page 6 line
205-209).

13.Line 136. “core regions of intense convection.”--I am not sure what the "core
regions of intense convection" is supposed to mean. But given the fact that optical
wavelengths cannot penetrate deeply into thick clouds (deep convective clouds in
particular), claiming that they can reveal microphysical processes in the "core" of
convective areas may be considered an overstatement.
Response:Thank you for this important comment. We agree that the previous
expressions “core regions of intense convection” and “microphysical signatures”
could overstate the information that can be inferred from satellite infrared
observations, particularly because infrared measurements primarily characterize
cloud-top radiative properties and cannot directly probe the internal microphysical
structure of optically thick convective clouds. We have therefore removed these
expressions and revised the text to refer only to additional spectral contrast
information associated with cloud-top thermal and spectral characteristics (Page 6 line
205-209).

14.Line 140. “The Radar Composite Reflectivity (RCRF) product utilized in this



study is derived from the Severe Weather Automatic Now- casting (SWAN) system,
operated by the China Meteorological Administration (CMA).”--More information is
needed here. Non-expert may not known how the composite reflectivity is derived
from vertical reflectivity profiles. The explanations given on lines 149-152 should
come earlier.Which frequencies exactly?
Response:We sincerely appreciate the reviewer’s constructive and rigorous comments.
We have comprehensively revised the relevant paragraph to address these points, with
modifications highlighted in red. We have moved the definition of composite
reflectivity earlier, explicitly stating that it is obtained by taking the maximum
reflectivity over the entire vertical atmospheric column (Page 7 line 211-225).

15.Line 143. “S-band and C-band”--How are the discrepancies between S-band and
C-band reflectivity accounted when mapping the composite reflectivity?
Response:We thank the reviewer for the careful comment.

We have specified the exact frequencies of the radar network: S-band (2.8–3.0 GHz)
and C-band (5.3–5.7 GHz).

We also added a description that the SWAN system applies attenuation correction for
C-band radars and inter-calibration against S-band radars to ensure consistency
between different radar frequencies.

All revisions are marked in red (Page 7 line 230-234).



16.Line 154. “The formula is expressed as：����(�, �) = max
�∈{�1,�2,…,��}

� (�, �, �) ”--This

definition is only valid if the range of theta values is small. I think it would make
more sense to define it as the max along z in a (x,y,z) Cartesian coordinate system.
Response:We thank the reviewer for this important and rigorous comment. We have
revised the definition of composite reflectivity (CR) to follow the Cartesian
coordinate system, defining CR as the maximum reflectivity value along the vertical
height z at each horizontal grid point(x,y). The original polar coordinate and
elevation-angle-based formulation has been removed accordingly, to ensure physical
consistency with standard operational radar products. All revisions are highlighted in
red in the manuscript (Page 7).

17.Line 174. “Title: FY-4A AGRI L1 Geometric Positioning and Latitude
Longitudinal Conversion Section”--This section could be moved in supplementary
material or appendices.
Response:A standard geolocation conversion algorithm is applied to convert FY-4A
AGRI L1 pixel coordinates into regular latitude–longitude grids for consistent spatial
matching with radar mosaics; full derivation formulas and calculation procedures are
provided in Appendix A (Page 36).



18.Line 185. “data file”--The current location can be found in Appendix A, lines
919-921.What volume of date does a "file" correspond to? Is a "file" and a "sample"
the same thing. This is all very confusing.
Response:We apologize for the ambiguous terminology that caused confusion
between satellite raw files and matched dataset samples. We have revised the
manuscript to clearly distinguish the two concepts:

1.The term "data file" refers to the original FY-4A AGRI L1 4 km HDF product,
where each individual file stores one complete full-disk satellite observation acquired
at a single UTC timestamp (approximately 15-minute scanning cycle per file, 200 MB
file size). Navigation geolocation coefficients (COFF, CFAC, LOFF, LFAC) are
embedded as internal attributes inside each HDF file.



2.A "sample" refers to a spatially and temporally co-registered paired dataset
combining one satellite observation snapshot and one SWAN radar composite
reflectivity mosaic. Our full dataset contains 14,023 such matched sample pairs,
which means one sample does not directly equal one raw satellite HDF file, as
multiple satellite files may be discarded due to missing radar data or low-quality
cloud conditions during matching preprocessing. We have added this clarification in
the text to eliminate ambiguity for readers (Page 9 line 279-281, Page 36 line
1002-1004).

19.Line 119. “To preserve the core char-acteristics of strong convective systems
during the upscaling process and avoid the smoothing of extreme values caused by
averaging, this study adopts a max-pooling strategy for spatial matching. Specifically,
the maximum value among the 16 radar observations at 0.01◦ resolution within a
0.04◦ grid cell is assigned as the label value for that grid cell”--This methodological
choice is critical and needs some further justification. This basically is a new
definition of the composite reflectivity.
Response:Thank you for pointing this out. We agree that our previous wording could
be interpreted as introducing a new physical definition of radar composite reflectivity.
We have therefore revised this part of the manuscript to clearly distinguish the two
operations.

The original SWAN product is already radar composite reflectivity, which is obtained
through the maximum reflectivity along the vertical radar column at each horizontal
location. In contrast, the Max operation used in this study is applied only in the
horizontal direction for spatial matching between the 0.01° radar grid and the
approximately 0.04° FY-4A grid. Therefore, this horizontal aggregation does not
redefine radar composite reflectivity. Instead, the resulting target is now explicitly
described as a maximum-preserving coarse-grid representation of the original radar
composite reflectivity.

To make this distinction clearer, we also revised the notation to CR0.04∘
max (i, j), and

explicitly state that the model trained with Max aggregation should be interpreted as
retrieving this maximum-preserving coarse-grid representation rather than the



spatially averaged reflectivity within each FY-4A grid cell.

In addition, a Mean-Z sensitivity experiment was added to quantify the influence of
this methodological choice and to demonstrate that the relative improvement of
CBAM-U-Net over U-Net is not solely dependent on Max aggregation (Page 10-11
line 283-332).

20.Line 251. “hierarchical events.”--What does this mean?
Response:We thank the reviewer for pointing out this ambiguous expression. The
"hierarchical events" refers to convective precipitation events defined at multiple
hierarchical radar reflectivity thresholds. We calculate categorical metrics (POD, FAR,
CSI) separately for different dBZ thresholds to evaluate the model’s ability to capture
weak, moderate and intense convection. We have revised the sentence to explicitly
clarify that the third dimension evaluates detection performance for convective events
across multiple reflectivity thresholds, eliminating ambiguity (Page 12 line 354-357).

21.Page 12 Regarding the Question of PSNR SSIM Formula.--What is the actual
value used for the max in the formula? The figures 7–13 show reflectivities up to 70
dB.Why "brightness"? In the case of radar images, x and y represent the reflectivity
not the brightness.
Response:We appreciate the reviewer's careful review of Table 3.

We have accordingly modified the description of PSNR parameters and value ranges,
with all changes marked in red.

It has been clearly stated in the expression that the MAX constant in the PSNR
formula is fixed at 70 dBZ, which is consistent with the upper limit of radar
reflectivity used in Figure 7-13. Additional clarification was provided, stating that the
20-40dB range represents the typical PSNR values observed in our echo
reconstruction experiments, rather than the entire theoretical range of this metric.
All relevant revisions are highlighted in red for easy inspection (Page 13 ).



22.Line 356. “Peak Signal-to-Noise Ratio (PSNR)”--Given the fact that the PSNR is
basically a constant minus the log of the MSE, I find it strange to put them in two
different categories. The two measures are strictly equivalent in the end.
Response:We fully agree with the reviewer’s mathematical reasoning that PSNR is a
logarithmic transformation of MSE and they share identical core error information, so
separating them into two independent evaluation dimensions is logically inappropriate.
We have restructured the three evaluation categories in the revised manuscript:

All pixel-wise quantitative error metrics (RMSE, MAE, R², PSNR) are integrated into
one unified group, and we briefly note the mathematical link between PSNR and MSE
to avoid misleading classification.

SSIM is separated as an independent structural metric, since it evaluates spatial
morphology and texture instead of simple pixel intensity errors, which provides
complementary information to RMSE/PSNR.

Threshold-based categorical radar verification metrics (POD, FAR, CSI) remain the
third dimension for operational meteorological assessment. This revised classification
eliminates the contradiction pointed out by the reviewer and clarifies the distinct



physical information captured by each group of metrics (Page 19 line 510-518).

23.Line 376. “global” overall "rather than "global". This is a regional study, not a
global study.
Response:We appreciate the reviewer’s precise comment. To avoid misunderstanding
with "global" (which might imply global coverage), we have replaced it with "overall"
in the revised manuscript, consistent with the regional nature of this study. The
corresponding sentence has been updated accordingly (Page 20 line 540).

24.Line 382. “event-based verification.”--How is this event-based verification? What
does constitute an event?
Response:This study divides radar echo intensity (dBZ) into three intervals for
threshold-based pixel-wise categorical verificationWe appreciate this critical
clarification.

In this work, the so-called "event" refers to pixels where radar reflectivity exceeds a
predefined intensity threshold (e.g., ≥25 dBZ, ≥45 dBZ). We perform pixel-wise
categorical verification rather than object-based tracking of isolated connected
convective storms.

We partition reflectivity into three tiers (0–25 dBZ, 25–45 dBZ, 45–70 dBZ). For each
threshold interval, every pixel is classified as echo or non-echo, and we compute POD,
FAR and CSI at the pixel scale.

To avoid confusion with object-based storm verification, we have revised the
manuscript and replaced the ambiguous phrase "event-based verification" with
threshold-based pixel-wise categorical verification in the relevant evaluation
descriptions and section heading. We also clarify in the revised text that we evaluate
the model’s ability to correctly reconstruct pixels corresponding to weak, moderate
and intense convective echoes (Page 20 line 547-548).



25.Page 21 about Case Study Explanation “local convective event recorded at
20:19:17 (Beijing Time)” Did this “event” only last one second?
Response:Regarding the convective event: The timestamp 20:19:17 BT represents an
instantaneous snapshot within the lifecycle of the convective system, rather than the
full duration of the event itself. We have revised all the caption text to clarify that this
time is one sampling moment during the convective process, to avoid the misleading
interpretation that the storm only lasted one second.
Page 23 line 623-624：

Page 25 line 675-676：

Page 28 line 747-748：

26.Annotations for all individual case diagrams:The color legend label says



"reflectance". Is it supposed to be reflectivity? in dB units?
Response:We acknowledge the terminology error. The word “reflectance” belongs to
optical remote sensing and is inappropriate for radar data. It has been corrected to
reflectivity, and we explicitly mark the unit dBZ in all color bar legends and figure
captions throughout the revised manuscript.






