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We appreciate the reviewer’s recommendation to accept our manuscript for publication in Earth System
Science Data (ESSD).

Report #2
Anonymous referee #3

This study proposes and validates a global ice water path dataset (FYAI) based on passive
microwave observations from the Fengyun-3 (FY-3) series satellites, spanning 15 years (2010-
2024) and comprising two product levels: total ice water path and suspended ice water path.

The study employs a machine learning framework and utilizes high-precision
CloudSat/CALIPSO data as the training benchmark, demonstrating clear scientific
significance and practical value. However, there are still some issues that need to be
addressed.

1. It is recommended to supplement the introduction with research on microwave-based ice
cloud remote sensing, both the advantages and disadvantages of microwave cloud remote
sensing should also be explained.

2. Itis recommended to add the novelty of the deep learning approach in the introduction.
Response: We appreciate the reviewer’s suggestion and have incorporated the relevant content
into the Introduction:

“Passive microwave remote sensing bridges these gaps. On the one hand, microwave radiation
can penetrate thick clouds and interact directly with ice particles via volume scattering to retrieve
bulk ice mass, while polarimetric measurements provide further constraints on ice crystal shape
and orientation. On the other hand, a notable limitation is its coarser horizontal and vertical
spatial resolution compared to active sensors. Nevertheless, it remains the most effective
approach for capturing broad-scale variability. Consequently, passive microwave instruments
remain the optimal solution for retrieving large-scale, long-term, and all-weather IWP data due
to their ability to penetrate dense clouds and interact directly with ice mass.”

On the ML approach:

“In contrast, Machine learning (ML) has introduced a novel paradigm for remote sensing
retrieval. Its primary novelty lies in its ability to approximate complex radiative transfer
processes through data-driven representation learning, effectively bypassing the rigid dependence
on a priori microphysical assumptions required by physical inversions. By constructing deep
neural architectures, ML can capture highly non-linear relationships and extract abstract features
from multi-channel observations that are often imperceptible to traditional methods.”

3.  Reference data and test data are different types of data. How can consistency be ensured
between the two?

Response: We thank the reviewer for raising this important point and apologize for any ambiguity
in our original manuscript regarding the data organization.



We would like to clarify that both the “reference data” and the “test data” are derived from the
same source: the 2C-ICE product. To ensure consistency, the entire collocated dataset was
randomly partitioned into three independent subsets: a training set, a validation set, and a testing

set.

e The training and validation sets were used to optimize the model and monitor

performance during the training process.

e The testing set was strictly withheld from the training phase and used solely to evaluate

the final model's generalization performance.

Since all subsets originate from the same 2C-ICE dataset and were split randomly, they share the
same data distribution and physical characteristics, thereby ensuring consistency.

About the reference data,

1)

2)

3)

How does 2C-ICE obtain ice cloud parameters, what is the accuracy in
distinguishing ice clouds from water clouds, and how is its penetration? Why can it
be used as a reference for microwave ice cloud detection?

Response: The 2C-ICE product retrieves ice cloud profiles using a variational optimal
estimation framework that synergizes CloudSat radar reflectivity and CALIPSO lidar
backscatter. By combining the radar’s penetrability for deep convective clouds with the
lidar’s sensitivity to optically thin cirrus, it resolves the full vertical structure of ice clouds.
Validation against in situ measurements (SPARTICUS) demonstrates high accuracy (with a
mean IWC ratio of 1.12), establishing 2C-ICE as a robust benchmark for evaluating passive
microwave retrievals (Deng et al., 2010, 2013).

2C-ICE uses detection channels at 532 nm and 94 GHz, and there are differences in
cloud detection sensitivity compared with the channels of Fengyun MWHS, such as
sensitivity to ice cloud particles of different sizes and penetration through cloud
layers. How can these differences explain the inconsistencies they cause?

Response: These sensors indeed probe different ice populations. The 2C-ICE instruments
(532 nm lidar and 94 GHz radar) detect small crystals in thin cirrus and large precipitating
particles, whereas MWHS (183 GHz) senses larger ice particles through volume scattering.
This creates a physical detection gap: 2C-ICE identifies ice masses that fall below the
MWHS sensitivity threshold, producing negligible microwave signal.

We retain 2C-ICE as the reference because it provides the most reliable global vertical
profiles of ice clouds. Our ML model statistically links MWHS brightness temperature
depressions to 2C-ICE IWP, which is physically feasible only when sufficient ice mass exists
to generate detectable scattering signals. Consequently, FY Al exhibits reduced skill in the
low-IWP regime; we have added explicit discussion of this limitation to the [Conclusion and
usage notes] section.

After 2011, CloudSat has no daytime data. How is the data trained then?

Response: It is true that following a battery anomaly in 2011, CloudSat switched to
Daylight-Only Operations (DO-Op), resulting in the unavailability of nighttime reference
data. However, passive microwave remote sensing of ice clouds relies fundamentally on
volume scattering and thermal emission, physical processes that are independent of solar
illumination. Since the underlying radiative transfer mechanisms remain consistent across
day and night, the mapping relationship between microwave brightness temperatures and ice
cloud properties learned from the daytime training dataset is physically applicable to
nighttime conditions. Therefore, our model is capable of all-weather, all-day retrieval.



As validation data, CCIC and MODIS/VIIRS use visible-infrared optical data. How to
explain the differences in sensitivity to ice cloud particles between these and microwave
detection, since the cloud targets or cloud depths they observe are different? Although
this was briefly mentioned in the comparison results below, how to address this
difference requires countermeasures or explanations.

Response: We appreciate the reviewer’s professional insight. We fully acknowledge the
fundamental physical differences: Visible/Infrared (VIS/IR) sensors are primarily sensitive to
cloud-top microphysics and are prone to signal saturation in optically thick clouds, whereas
passive microwave (MW) sensors differ by being sensitive to large ice particles within the cloud
deck and possessing superior penetration capabilities.

Our strategy for including CCIC and MODIS/VIIRS comparisons is structured as follows:

1. The Unique Role of CCIC: Although CCIC utilizes VIS/IR inputs, it is a machine
learning product trained on the 2C-ICE (combined radar-lidar) benchmark. Consequently,
it partially overcomes the limitations of traditional optical methods and serves as a vital
bridge connecting passive optical observations with active remote sensing 'ground truth'
to evaluate FYAL

2. Strategy for Interpreting Discrepancies: We do not expect a perfect numerical alignment
between FYAI and traditional optical products (MODIS/VIIRS). Instead, we leverage
these physical discrepancies to validate the advantages of FY AL

. In thin cloud regions, we look for spatial consistency to validate detection
capability.

. In deep convective regions, the fact that FY Al yields significantly higher values
than MODIS/VIIRS serves as validation that the microwave signal successfully
detects the deep-layer ice mass missed by optical sensors due to saturation.

This advantage is clearly illustrated in the tropical regions shown in Fig. 8. Despite the high
frequency of deep convection in the tropics, MODIS retrievals exhibit anomalously low IWP
values (due to saturation), whereas FY AI captures the substantial ice mass expected in such
systems.

The part of “quality control”, it is recommended to express this paragraph concisely.

Response: We appreciate the reviewer’s suggestion. Revised as follows:

“To ensure data reliability, rigorous quality control was applied based on the L1 product flags.
For MWHS-II, we selected data points satisfying QA_Scan_Flag = 0, QA _Ch_Flag = 0, and
QA Score > 90. For MWHS-I, we required cal_qc, pixel qc, and scnlin_gqc to all equal 0.
Similarly, 2C-ICE data were filtered to exclude points where Data_quality was non-zero.”

L192, what is the basis for choosing this threshold?

Response: We thank the reviewer for this insightful comment.

The rationale for selecting this threshold is based on the significant disparity in spatial resolution
between the two instruments. The field of view (FOV) of MWHS (~15 km) is much larger than
that of the CloudSat CPR (~1.4 km). Since CPR measurements cover only a small fraction of an
MWHS pixel, the observed scene must be relatively homogeneous to ensure that the CPR samples
are representative of the Ice Water Path (IWP) for the entire MWHS footprint.

A low coefficient of variation () indicates that the cloud is spatially uniform; thus, the local
statistical features observed by CPR are likely to represent the characteristics of the whole MWHS
pixel. The methodology for using to mitigate sampling errors was established by Holl et al,
(2010). In this study, we adopted a threshold of 0.6, consistent with recent work (e.g., Wang et al.,
2022), to impose a stricter constraint on spatial homogeneity and ensure high-quality training data.



10.

11.

In the part of “Data Record”, the data format specifications and charts can be
compressed or simplified, focusing more on their scientific value.

Response: We have simplified the description of the [Data Record] section as advised.

The payloads of Fengyun-3 from different batches, or in other words, the payloads of
different satellites, do not necessarily have consistent radiometric baselines. It should
first be explained how to ensure the consistency of Level 1 data across different satellite
payloads. Although this is addressed in the uncertainty analysis later in the text, the issue
of radiometric consistency of Level 1 data should be resolved before performing
inversion. It would be helpful to look into the historical reprocessing data of Fengyun
satellites, as this reprocessed data ensures the radiometric consistency of Level 1 data
across historical datasets.

Response: We appreciate the reviewer’s constructive suggestion and fully agree that radiometric
consistency is crucial for long-term datasets. We have investigated the availability of the
“Historical Reprocessed/Recalibrated Dataset” from the National Satellite Meteorological Center
(NSMC).

The NSMC recalibrated MWHS dataset currently covers only FY-3A/B/C. FY-3D—which
carries the primary sensor for this study—has not yet been reprocessed. This version of FYAI
therefore uses operational L1 data. We will incorporate the reprocessed L1 data in a future release
once NSMC completes the FY-3D recalibration, which should improve cross-satellite
consistency.

Figure 11, FYAI is consistent in magnitude with 2C-ICE and DARDAR over different
times, but this does not prove that the two are consistent, because there may be temporal
variations. Why not compare FYAI with the data from 2C-ICE that covers the same time
period?

Response: A direct simultaneous comparison was not feasible due to fundamental data
limitations. After April 2011, CloudSat switched to daylight-only operations following a battery
anomaly, resulting in complete loss of nighttime coverage. Without diurnal sampling, calculating a
true global daily mean of ice water mass from 2C-ICE becomes impossible; we therefore relied on
the 2007-2010 "golden era" data with complete 24-hour coverage as the benchmark.

Additionally, while FY-3A briefly overlapped with CloudSat in 2010, it carried the MWHS-I
sensor, which exhibits slightly lower stability and underestimation compared to the MWHS-II on
FY-3D that constitutes our primary record.

Figure 11 therefore demonstrates climatological consistency in global ice mass magnitude rather
than strict temporal validation. This limitation is noted in the dataset README. We will reprocess
the FY-3A period using historically recalibrated L1 data once available from NSMC, which
should improve the early record consistency.

Some typos need to be noted. For example, L.75, 1145, Figure “theblock”, etc..

Response: Thank you for identifying these errors. We have corrected the typos on lines 75 and
145, as well as the figure caption “theblock”, in the revised manuscript. In addition, we have

carefully proofread the entire text to ensure that no similar errors remain.
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