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Abstract. This study presentsintroduces FYAI a novelnachinelearningframework-(RebustResMER)

forretrievingthe-global-iee-waterpath, long-term atmospheric Ice Water Path (IWP) and eleud-ice-water

path-(CPWP)Suspended Ice Water Path (STWP) dataset spanning 2010-2024, derived from 2009-2024

wvia—passive microwave observations frem—China's(MWHS-1/II) onboard China’s Fengyun-3 series

sateHites'miecrowave—humidity sounders—(MWHSIA-satellites. The dataset is generated using a

machine learning framework employsfeaturing a lightweight multilayer perceptron architecture

enhanced with gated residual units—and-hierarchical-differential-dropeut—to—address—thechallenges

. This design robustly handles the inherent uncertainties in satellite

data-brightness temperatures and the spatial mismatch between passive microwave footprints and active

radar/lidar training data. By establishing rigorous spatiotemporal collocation with CloudSat 2C-ICE

products, we—generate-threeFYAI provides two operational product levels adhering to standard Earth

observation data processing definitions: (1) Level-2 (L2) products:—1)-syneptie—type—that, offering

instantaneous orbital-resolution IWP/CFWP( and SIWP at a nominal 15 km:2609 nadir resolution (2010-

2024);); and (2) elimatie-type-thatLevel-3 (L3) products, comprising monthly global gridded menthly
1

o BRE AR 7

HAEX: 17 8

HRAEX: 7H 9

HREX: BIRE

(HREX: 3IA

(N Y

#t3F [Editor2]: Your document has been modified using
Microsoft Word Track Changes. If you do not see any
changes, click on the Review menu in Microsoft Word
and select Final Showing Markup (or All Markup). Please
also ensure that there is a check mark next to
‘Insertions and Deletions’ in the Show Markup
dropdown menu.

Your document was edited for correct English language,
grammar, punctuation, and phrasing. In addition, we
have made some changes to ensure consistency
throughout the document. These changes are based on
our understanding of what journals typically prefer for
submission or even publication.

If you need further help or would like more details,
please visit our help center or contact our Support

team.

BETHEX: LR

RETHR: EAR

RETHR: EAR

BETHER: LR

(N N




34

35

36

37

38

39

40

41

)

43

44

45

46

47

48

49

50

51

52

53

54

55

56

57

58

59

60

61

62

composites fat 12x° x 1°264H resolution (2010-2024)-and-3)-cloudtayer mask(CEM)-produets:
Netably;). FYAI bridges the

gap between
instantaneous pixel-level precision and broad spatiotemporal eompleteness;-enablingcoverage, offering

a_comprehensive, decadal-scale eloudfeedback—analyses—AH-thedatasets—are—epenrecord of global

atmospheric ice content. This dataset, specifically designed to support long-term climate analysis and

model validation, is openly available in the-netCDF4 format for community sharinguse.
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117  obtained—<cloud WP (CIWP)-data—from—2009—2024Ice crystals play a pivotal role in cloud and

118 precipitation processes, thereby significantly modulating the hydrological cycle, thermodynamics, and

119 radiative transfer (Gultepe et al., 2017). Consequently, the reliable quantification of atmospheric ice

120 content is critical for elucidating latent heat distribution and precipitation mechanisms (Amell et al.,

121 2022). The primary metric used to describe this ice content is the ice water path (IWP), defined as the

122 vertical integral of the ice water content IWC). IWP is composed of both suspended ice and falling ice
4
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also referred to as precipitation ice), although the criteria distinguishing these components remain ill-

defined (Eliasson et al., 2011; Waliser et al., 2009). However, current climate models exhibit widespread

inconsistencies and pronounced spatial heterogeneity in simulating IWP (Eriksson et al., 2025; Wang,
2022). Indeed, as highlighted in the Intergovernmental Panel on Climate Change Sixth Assessment

Report (IPCC AR6), these cloud and precipitation processes remain primary sources of uncertainty in

climate modeling and projections (IPCC, 2023). This underscores the critical need for high-quality

observational constraints on atmospheric ice (Holl et al.. 2014).

From an observational perspective, space-based remote sensing is the primary means of providing global

IWP data, yet existing products face limitations. Visible and infrared sensors, such as MODIS and AIRS,

have provided valuable long-term records. However, their measurements are often constrained by signal

saturation in optically thick clouds, and they are primarily sensitive to upper cloud layers rather than

probing the full depth of deep convective systems (Eliasson et al., 2011). Conversely, limb sounders like

the Microwave Limb Sounder (MLS), while offering vertical profiles, are constrained by extremely

sparse horizontal sampling, making them unsuitable for continuous regional monitoring (Wu et al., 2006).

Active sensors (e.g., CloudSat/CALIPSO) offer high accuracy but represent only a “needle-thin” curtain

of the atmosphere (Delanoé and Hogan, 2010; Hong and Liu, 2015). 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 (Evans and Stephens

1995; Wu et al., 2008).

Currently, microwave humidity sounders operating below 200 GHz (e.g., AMSU-B, MHS) are standard

for ice detection. However, despite carrying Microwave Humidity Sounder (MWHS), the potential of

China’s Fengyun-3 (FY-3) series satellites remains largely untapped in producing global climate datasets.

The FY-3 series offers a unique advantage unmatched by other operational systems: a complete three-

orbit constellation comprising morning (FY-3A/C/F), afternoon (FY-3B/D), and the distinct dawn-dusk

(FY-3E) orbit satellites (An et al., 2023; Tan et al., 2019; Wang et al., 2022). This configuration allows

for substantially improved temporal sampling, filling critical gaps in the diurnal cycle of IWP that are

missed by sun-synchronous satellites restricted to fixed crossing times, particularly with the inclusion of

FY-3E observations starting in 2023. By leveraging this 15-year continuous archive (2010-2024), there
5
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is an opportunity to construct a coherent, long-term IWP climate data record that overcomes the

spatiotemporal limitations of existing datasets.

While traditional physical retrieval methods offer interpretability, they rely heavily on complex scattering

databases and microphysical assumptions (e.g., particle shape and size distribution) that are often

difficult to constrain globally. (Letu et al., 2016, 2020). Machine learning (ML) has emerged as a

powerful alternative for handling the non-linear relationships in passive microwave retrieval. Previous

efforts, such as SPARE-ICE (Holl et al., 2014) or geostationary retrievals (Amell et al., 2022, 2024; Tana

etal., 2025), have demonstrated the efficacy of NN-based approaches. Similarly, recent studies involving

co-authors of this paper have explored ML applications on IWP retrieval using polar-orbiting FY-3

satellites (Wang et al., 2022, 2024). However, a dedicated. long-term IWP dataset derived specifically

from the advanced capabilities of the FY-3 constellation—which also incorporates a distinction between

total ice and suspended ice—is currently absent from the community.

To address these gaps, this study presents “FYAI” (Fengyun Satellite-Based Dataset for Atmospheric Ice

Water Path), a novel global dataset generated using a NN-based framework. By training on 2C-ICE active

remote sensing data and applying it to the MWHS-I/II records from the entire FY-3 family, FYAI provides

a seamless 15-year record (2010-2024) of both Level-2 (L2) and Level-3 (L3) monthly gridded IWP. A

unique feature of FYAI achieved by integrating 2B-CLDCLASS product, is its ability to provide a

separate_product specifically for Suspended IWP (SIWP), distinguishing it from falling ice. This

distinction offers additional observational constraints for climate models. FYAI offers a unique

combination of all-sky capability, dense spatial coverage, and the first-ever inclusion of dawn-dusk

microwave observations, offering new insights into the global atmospheric ice content.
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2Data

2.1 Passive-instrument Input data

The primary passive microwave instruments utilized in this study are the MWHS-1 and MWHS-II,

onboard China’s second-generation polar-orbiting FY-3 series meteorological satellites. The MWHS-I is

carried on the initial batch of these satellites (FY-3A and FY-3B). The MWHS-II represents a significant

upgrade and was deployed in two successive batches: the first batch aboard the second satellite group

(FY-3C, FY-3D), and the second batch aboard the third group (FY-3E, FY-3F). It expands the channel

count from 5 to 15, adding new oxygen absorption channels near 118.75 GHz and a window channel at

89 GHz (Wang et al., 2024). Both MWHS-I and MWHS-II operate as cross-track scanners. The MWHS-

I offers a nadir resolution of approximately 15 km across all its channels. For the MWHS-II, all channels

also have a nadir resolution of about 15 km, with the exception of the 89 GHz and 118 GHz channels

which have a coarser nadir resolution of approximately 25 km. Detailed channel specifications.

instrument parameters, and the data temporal coverage for each satellite are provided in Supplementary

Tables S1-S4.

For input into our retrieval model, we selected not only the Level-1 (L1) brightness temperature data
from these instruments but also a suite of auxiliary geographical and geometric parameters. These

additional features include the Digital Elevation Model (DEM), solar zenith angle, satellite zenith angle

land-sea mask etc. A comprehensive list of all input variables is presented in Table 1.

Table 1 All input variables

Brightness Temperature data Auxiliary data




208

209

210

211
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219

220

221

222

223

224

225

226

227

228

229

230

231

BT, (150 GHz (V)). BT> (150 GHz (H)), SensorAzimuth, SensorZenith.

BT;(183.31+1GHz), BT, (183.31+3GHz) SolarAzimuth, SolarZenith, LandSeaMask.

BT5(183.31+7GHz), DEM, Longitude, Latitude

BT, (89GHz), BT, (183.31+1GHz), BT1»
Model for (183.31+1.8GHz). BT)3(183.31+3GHz)
MWHS-II BT14(183.31+4.5GHz), BTs

(183.31+7GHz)

Model for
MWHS

SensorAzimuth, SensorZenith.
SolarAzimuth, SolarZenith, LandSeaMask.
LandCover, DEM, Longitude, Latitude

2.2 Aetive-instrumentReference data

22.2.1 2C-ICE

The CloudSat and CALIPSO ice cloud property product (2C-ICE) is developed by synergistically

integrating measurements from the CloudSat Cloud Profile Radar (CPR) and the CALIPSO CALIOP

lidar. Specifically, it utilizes CPR radar reflectivity (from the 2B-GEOPROF dataset) alongside CALIOP

attenuated backscatter at 532 nm. By combining the penetration capability of the radar with the high

sensitivity of the lidar to tenuous ice, this joint approach effectively overcomes the limitations of single-

instrument retrievals, yielding IWC estimates with enhanced accuracy (Deng et al. 2010). The base CPR

data provides vertical profiles at a 240 m resolution with a 1.4 km x 1.8 km footprint. In this work, the

8
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2C-ICE product is specifically employed to be the IWP reference value.

2.2.2 2B-CLDCLASS

The 2B-CLDCLASS product, based on CloudSat CPR observations, utilizes a multidimensional

approach to categorize clouds with high precision. The classification framework integrates key

parameters, including hydrometeor dimensions (vertical/horizontal scales) and the maximum radar

reflectivity factor (Ze), alongside crucial ancillary data such as precipitation flags and ECMWEF

temperature profiles, which aid in phase determination (Sassen and Wang, 2008). While enabling robust

cloud climatology studies, in this work, the 2B-CLDCLASS product is specifically employed to

distinguish and extract the SIWP component from the IWP.

2.3 Validation data

To ensure comprehensive evaluation, multiple validation datasets are utilized alongside 2C-ICE. These

include satellite-derived retrievals from active and passive remote sensing instruments, as well as

independent reanalysis products.

2.3.1 DARDAR (raDAR/IiDAR) IWP

DARDAR (raDAR/IIDAR) is a synergistic ice-cloud retrieval that combines CloudSat radar and

CALIPSO lidar measurements within a variational framework to yield profiles of extinction coefficient.

ice water content and effective radius (Re) (Delanoé and Hogan, 2008, 2010; Hogan et al., 2006). The

algorithm adopts the “unified” particle-size distribution of Field et al. (2005) and employs in-situ-derived

mass—and area—dimension relations for non-spherical ice particles (Brown and Francis, 1995; Li et al.

2012).

2.3.2 CCIC IWP

The Chalmers Cloud Ice Climatology (CCIC) is a long-term climate data record of global Total Ice Water

Path (TIWP). It is generated by a deep learning model using geostationary satellite infrared window

channel observations and provides continuous, all-sky (day and night) TIWP estimates from 1983 to the

present within 70°S-70°N, whuch has been demonstrated to agree well with other in-situ and active radar

observations (Amell et al., 2024; Pfreundschuh et al., 2025).




258 2.3.3 MODIS and VIIRS IWP

259 This study utilizes operational IWP data derived from MODIS and VIIRS instruments, obtained through

260 the CERES SSF1deg product suite.

261

262 The IWP is retrieved via a bispectral algorithm from imager radiances and represents the total column

263 ice mass. The native high-resolution retrievals are aggregated to CERES footprints and subsequently

264 averaged onto a 1° global grid. Daily and monthly means are generated after temporal interpolation of

265 instantaneous values (Platnick et al., 2017).

266 2.3.4 ERAS IWP

267 ERADS5 is the fifth-generation global atmospheric reanalysis from the European Centre for Medium-Range

268 Weather Forecasts (ECMWF). It provides globally complete, hourly estimates of atmospheric variables

269 from 1940 onward at a horizontal resolution of 0.25°. The dataset is produced using a fixed version of

270 the ECMWEF’s Integrated Forecasting System (CY41R2) and a 4D-Var assimilation system, which

271 incorporates over 200 diverse observation sources to ensure physical consistency (Hersbach et al., 2020).

272 In this study, the ERAS variable “Total column cloud ice water” is used as SIWP, while the sum of “Total

273 column cloud ice water” and “Total column snow water” represents the total [WP.

274 3 Methodology

275 3.1 Preprocessing ‘*‘—[ RIS AR 2

276  23.1.1 Quality control

277 The fevel+L1 data from the Fengyun series satellites include quality-related flags. For the MWHS-II
278 data, three quality flags are provided: the scan line preprocessing quality flag (QA_Scan_Flag), the
279 channel data integrity quality flag (QA_Ch_Flag), and the observed brightness temperature quality score
280 (QA_Score). QA Scan Flag is an integer ranging from 0-12113, where 0 indicates successful
281 preprocessing of the scan line. QA_Ch_Flag is a 16-bit binary code stored as an integer between 0 and
282 65534, with 0 indicating complete channel data. QA_Score ranges from 0 to 100, with higher values
283 indicating better brightness temperature quality. This study sets the following quality thresholds:

284  QA_Scan_Flag=0, QA_Ch_Flag=0, and QA_Score > 90. For the MWHS-I data, the following quality

10



285 flags are similarly provided: calibration quality flag (cal_qc), pixel quality flag (pixel_qc), and scan line
286  quality flag (scnlin_qc). All three flags are integers ranging from 0-65535. We exclusively select data

287 points where all three flags equal 0. Additionally, for the 2C-ICE product, we excluded data points where

288 the ‘Data_quality’ variable was non-zero, as a value of 0 indicates good data quality.

289  23.2 Collocations
290
291
292
293
294
295
296
297
298
299
300
301
302
303
304
305
306
307
308
309

310

311

312 To meet the requirements of machine learning algorithms, passive instrument observations must be

313 spatiotemporally matched with reference data. FY-3D and CloudSat are both satellites in afternoon orbits.
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FY-3D crosses the equator at approximately 2:00 PM local time, while CloudSat crosses at 1:30 PM.

Due to CloudSat’s orbital drift during operation, the time difference between it and FY-3D is mostly

within 15 minutes. Consequently, temporal matching is straightforward, and a 15-minute time window

was selected to account for typical convective system time scales.

Spatially, matching is more complex because MWHS-II has a coarser resolution than 2C-ICE, resulting

in multiple 2C-ICE pixels falling within a single MWHS-II field of view (FOV). Based on previous

studies (Holl et al., 2010; Wang et al., 2022), two criteria were initially adopted to ensure sufficient

representativeness and homogeneity of the 2C-ICE pixels within each MWHS-II FOV: (1) at least nine

2C-ICE pixels must lie within a 7.5 km radius of the MWHS-II FOV center, and (2) the coefficient of

variation (standard deviation divided by the mean) of these 2C-ICE pixels must be less than 0.6.

However, two critical limitations regarding this spatial matching approach must be acknowledged. First.

using a fixed 7.5 km distance threshold is imprecise because MWHS-II spatial resolution varies by

frequency: approximately 15 km at 150/183 GHz, but 25 km at 89/118 GHz. Since channels near 118

GHz are not included in our model input, only the 89 GHz channel differs in resolution from the others.

Although the 89 GHz channel has a coarser resolution (25 km) and is crucial for IWP retrieval (Wang

et al., 2024), we prioritized the matching accuracy for the 183 GHz channels (15 km), which constitute

the majority of the input features. Therefore, the 7.5 km threshold is a compromise to ensure the highest

fidelity for the sounding channels. despite the partial spatial mismatch at 89 GHz. Second, MWHS

instruments are cross-track scanners, meaning their spatial resolution degrades as the scan angle increases

away from nadir (Fig. S1). The stated resolutions of 15/25 km represent the nadir resolution (the

theoretical maximum). This further indicates that using a fixed 7.5 km threshold across the entire swath
is not entirely accurate. While we plan to introduce a scan-angle-dependent variable threshold in future

updates, the fixed 7.5 km threshold was retained in the current version to maintain algorithmic simplicity

and consistency across the swath matched with the nadir resolution baseline.

Ultimately, using FY-3D data from October 2018 to October 2020, we generated a dataset containing

2,667,945 matched points. For the MWHS-I instrument, FY-3B is also an afternoon satellite with an

ascending node local time of 1:40 PM. We thus used its data from December 2010 to April 2011 and
12




344 matched them with corresponding 2C-ICE data following the same criteria applied for MWHS-II. This

345 process yielded 426,761 matched points. Both the MWHS-1 and MWHS-II datasets were then split into

346 training and testing sets. Subsequently, the training set was further divided, with 80% used for model

347 training and the remaining 20% reserved for validation.

348

349 The calibration process for the SIWP training dataset followed an approach similar to that used for the

350 IWP dataset. Based on the FLAG methodology described by Li et al. (2012), we isolated the suspended

351 component of the ice water path. This involved applying strict filtering criteria: all retrievals identified

352 as surface precipitation were discarded. Furthermore, to minimize convective influence, we excluded

353 data points classified as ‘deep convection’ or ‘cumulus’ according to the 2B-CLDCLASS product.

354 Similarly, the final dataset consisted of 2,667,945 matched points for MWHS-II and 426.761 matched

355 points for MWHS-I.

356
357 3.3 Postprocessing ‘“*{ AN AR7E 2
358 34-Gridding,resampling,and-averaging

359 The orbitalL2 IWP produetsretainproduct maintains a spatietemperatnative spatial resolution of nominal
360 15 km_at nadir. To faeHitatesupport climatological studies—the-data—are—griddedanalysis, we generate

361 monthly at+-L3 products on a uniform 1° x 1° x4 reselution—The-orbital products—areresampled-and

362  averaged-enteglobal grid. This is achieved by resampling and averaging all available L2 data points

363  within each grid cell for each calendar month.

364  4Methodelogy
365

366  3.4-1 IWP retrieval algorithm
367
368
369

370
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To retrieve IWP from passive microwave remote sensing observations, we developed a NN-based model

built upon the framework of Quantile Regression Neural Networks (QRNNs). QRNN s synergize the non-

linear representation learning capabilities of neural networks with the statistical framework of quantile

regression. Unlike traditional regression models that estimate only the conditional mean of a response

variable, QRNNs are designed to estimate multiple conditional quantiles of the target distribution

simultaneously. This approach provides a comprehensive probabilistic view of the prediction.

quantifying the aleatoric uncertainty inherent in the data, which is particularly valuable in remote sensing

retrievals where robust uncertainty assessment is crucial. Previous studies have demonstrated QRNNs to

be a high-performance and readily deployable model in this field (Amell et al., 2022; Pfreundschuh et

al., 2018; Wang et al., 2024). Furthermore, to enhance model performance, we implemented a deep

residual network architecture combined with attention mechanisms (He et al., 2016; Vaswani et al., 2017).

This design allows the model to automatically focus on the most critical feature channels in the input

satellite data while maintaining high training stability. To enable the prediction of this uncertainty range,

our_model employs the specialized Quantile Loss, also known as the Pinball Loss, instead of the

traditional Mean Squared Error (MSE) loss function. The formula for the Quantile Loss is expressed as

follows:
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Based on the fundamental assumption in deep learning that the training set, test set, and inference data

are independent and identically distributed (i.i.d.), we calibrated our point estimation strategy using the

test set statistics. Specifically, the deterministic point estimate was defined as the quantile associated with

the mode of the optimal quantile distribution, calculated using 50 bins on the test set. Consequently, the

optimal quantile was determined to be 47.87% for the MWHS-I model and 40% for the MWHS-II model.

Additionally, the 5th and 95th percentiles were employed to define the uncertainty bounds for the IWP
estimates. The matched dataset is partitioned into training and validation subsets. Prior to model training,

the IWP reference values within the training set are log-transformed. To handle zero values in this

transformation, they are replaced with a small positive value of 1x10°°. Analogous procedures were

applied to the SIWP retrieval model. The specific structure of the model is shown in Figure 1, and the

detailed hyperparameters are listed in Table S5.
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Figure 1: Structural diagram of the RebustResMEPQRNN model and flowchart of the retrieval algorithm.
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3.5 Evaluation metrics

The performance of the QRNN model in retrieving IWP is evaluated via the root mean square error

(RMSE) and Pearson correlation coefficient (R), which are calculated as follows:

1 2
RMSE = \[ﬁzi”:l(ypmd,i = Vreti) &
R = N predi—pred) (Vreti—ref) (5)
OpredOref

Here, y.q.and y,._represent the model predictions and reference values, respectively, whereas yyeq

and o, are the standard deviations.

For low IWP values regime detection, performance is evaluated via a confusion matrix M, with metrics

including FAR_and CSI, defined as:

M = (TP FP\

“\FN TN/ i

True positives (TP) correspond to cases where both MWHS-I/IT and CloudSat detect a low-IWP regime

whereas true negatives (TN) occur when neither of them identifies such a regime. False positives (FP)

arise when MWHS-I/II detects a low-IWP regime that CloudSat does not confirm, and false negatives

(FN) occur when CloudSat identifies a low-IWP regime that MWHS-I/II fails to detect.

FAR = FP /(TP + FP) (7)
CSI = TP/ (TP + FN + FP) (8)
4 Data Records

We have ultimately generated L2 IWP and STWP products, as well as monthly gridded L3 TWP and STWP

products, based on MWHS-I L1 data from the FY-3A/B satellites and MWHS-II L1 data from the FY-

3C/D/E/F satellites. The L2 products have a nadir spatial resolution of 15 km, while the L3 products are

provided on a 1° x 1° grid.

The L2 products adhere to the file naming convention

“FY3X_MWHSX GBAL L2 YYYYMMDD_HHMM 015KM_FYAlnc”, where “YYYYMMDD”

and “HHMM?” denote the date and start time (UTC) of the observation, respectively. Correspondingly,

the L3 gridded products are designated as “FY3X L3 Gridded YYYY-YYYY FYALnc”. Additionally,

for the L3 products derived from FY-3E and FY-3F, the naming convention distinguishes orbital direction

18




467

468

469

470

471

472

473

474

475

476

477

478

479

480

481

taking the form “FY3X L3 Gridded YYYY-YYYY FYAI ascend.nc” or

“FY3X L3 Gridded YYYY-YYYY_ FYAI descend.nc”, where “ascend” and “descend” denote the

ascending and descending orbits. respectively. Detailed variable specifications for both product levels

are provided in Table 2, while the internal data structure and organization are visually depicted in Figure

2. The temporal coverage for these datasets extends from 2010 to 2024.

O e —
[ s G o s
e r—

Global Attributes.
e FY30 Long-term Giobal Gridded Pr..
history Merged on 2025-12.06.
satelite a0 =
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[ ]
month 12 (o o]
tat 180 Coordinates
Ton 360 3
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i [ o e ] [ o s 1
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Data Variables Data Variables Data Variables
Data Variables

Figure 2: Schematic of the data file structure: (a) L2 data file structure; (b) L3 data file structure.

Figure 3 shows the monthly count of FY-3 L1 data inputs to the model. Due to operational anomalies,

hardware upgrades, and other mission-related factors, data availability dropped below 50% in certain

months. The 50% data-availability criterion is not meant as a benchmark for climate-grade accuracy;

whether it suffices depends on the study’s objectives and the natural variability of the target region

(Bertrand et al., 2024; Kotarba et al., 2021). Nevertheless, we recommend that users exercise caution

when utilizing data from months where availability falls below 50%.
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485 Table 2: Data variables in FYAI L2 and L3 products.

(D | WD N )

I

Medul  HyperparameterVariab ValweDimensio ,Type Description 1/ FEAR BTG
& le Namg, ny \ EAMETA
Archit  InputDimension] WP, 49/44%(scanline, float3 Ice Water Path <\ [ R ik
ecture pixel), 2 BETHER: FE 10 8
L2 BB TR 4 10 B
produc BETHER: FH 105
¢ BB
SIWP scanline, pixel)  float3  Suspended Ice Water Path BETHR: T4 10 B
2 HIRT: £
IWP_uncertainty_uppe  (scanline, pixel) float3 95th quantile value of Ice Water Path ?ﬁ%71§ﬁ: FIR: 10 B
. N BETHER: FE 108

IWP_uncertainty_lowe (scanline, pixel) float3 Sth quantile value of Ice Water Path
r 2
SIWP_uncertainty_upp (scanline, pixel) float3  95th quantile value of Suspended Ice Water Path

[

er

SIWP_uncertainty_low (scanline, pixel) float3  5th quantile value of Suspended Ice Water Path

er 2

lon scanline, pixel float3 Longitude
2

lat (scanline, pixel)  float3 Latitude
2

time (scanline) dateti The UTC time of scanline
me64

20



| MERAY B TTAE

& 1D
<ﬁ ﬁ)\aﬁv_ﬂz I
NI 0]
/ {? B STAE L)
A C2D
AT SED)
: 5N
h from L2 obser BT [ﬁ
| Mean Ice Water Pat A [Wj
lon)  float3  Anous L C1meD
L3 IWP_Annual_  Residus : BANETH 3
ud.. Numberof Residuol. dard o
roduc | frear ot lon) float T — T @
t al Uncertai - 2 f the Mean , S y x = [l
IWP_Annu Error o ater Path, RETH .. [15]
: nty Annual lee Water P]?d L2 Ice Water Pafobser{ BETHR %
float6  Total number of va BE T s (e
O A
02(vear, lat,_ , A e Ca)
4 ter Path‘fro BEBTHER
Regula Mpurrgmpea: Annua  lon) an Suspended Ice Wa T&E = o0
izatio  RatelWP_Total _ float3 Annual Me RETH# (o]
rrzatto | Count, 02(vear, lat, 5 observations - WETHER [Wj
Y . = ; Susneﬂ%c R 21]
Residual Bloek— lon), f Annual
N pot— a3 Uncertainty (SEM) o {BETHER G123l
IWP_Annual_Mean, (vear. lat foa BETHR .. [24]
+SIWP_ ) Lt 2 /{ BETER
o o BE (5]
Residual Bloek_
R d e Al e i 5]
id L2 Suspende ‘1
mnnualiUncer 6 Total number of valid L —[ iﬁET*ﬁi [ﬁ
T float P HETH
tainty, O=3(year, lat, 4 b — izﬂ'ﬁﬁ %
ju g — 1 .
W Amn lon) Ice Water Path A[ T [—zg]j
. RateSIWP_Total . float3 Monthly Mean B TR = 1]
O
ual_Coung +-00E-05(vear ) sf,{ ;ETW %
- b
LaverNorm onth, lat, lon), 2 nthly Ice WA #
A silonl WP_Monthly . m 3 Uncertainty (SEM) of Mo z{;?’gﬁ @
‘ . float i ..[3
Mean, 399%40%’; 5 h obseivatil B TH#HR HED))
. - n — P 0Bs
Trainin  Learning— nthly Un month, lat, lo f valid L2 Ice Water Path BRETHA C1e1)
Rae]WP_Mo float6  Number o BRETHR 1380
& certainty, 004 (vear 4 month \th ik e (W
Weight— ly_  month.lat.lon) 4 Suspended Ice Water Fg BB THR C.B9)
. DecayWP_ Monthly_ float3  Monthly Mean Su BT C.1a0])
: on
Count 4096(month, lat . \ BETHRR (1aa0)
o S Iy Suspende R 1
et nthly M lon} R L R I
N - P Mo rtainty B"ET 3]
SizeSIWP_ float3 Unce [Tj
. (month, lat ﬁETﬁﬁ [Wj
ean, 300 5 W«a\te QETﬁﬁ e
= ded Ice | 7
) Max— sSIWP_Monthly ~ lon), ber of valid L2 Suspende ﬁ;*ﬁﬁﬂ'ﬁl [Wj
Epeehf. o th float6 Num s per month BETHER 71
Uncertainty, 30(year. mon observation: # Nt
il Gy Ppin N 4 A SR 7L (W
Early “W:ywp Monthl  lat, lon e BETHRK [50]
PattenceSIWP_ floaty Longitu . Htth Cre
y_Coung 256(lon.) 2 SETHER
N 2 nde BRE . [54]
Output  Intermediaie- : float3 Latitu BRETHR Cr
imensionlon (lat,), %
Leyes Difﬂ%ﬂﬁ-leﬂ' ionlai  Hardswish ) R W\ BT 57]
. P ) int32 Month of year \\ e 153
(month Int32  year INET I 55]
month ear \ RETHER [ﬁ
year 21 \ BRETHA [W
BRETHR 1561
RETH#HR
HRRN




487

488

489

490

491

492

493

494

495

496

497

498

499

500

501

502

503

504

505

506

507

508

509

Acerracy—— € ) (6)
HAEECUTAEY o
Dyocicign = TP /(TD 1 LD\ ViaAY

FEeEtsSton T ) \u
DRocall — TD /(TD 4 LN\ ()
weeatt I S A O S 2 b o7

F1 — 2+ (Precisi Recall) | (Preeist Recall :

22



510

511

512

513

514

515

516

517

518

519

520

521

522

523

s: (scanline)

shape: (2379,)
dtype: gaetehmeéd[ns]

(b)

a
dims: (scaniine, pixel)
shape: (2379, 98)
dtype: float32
attributes:
- units: degrees_north

or

dims: (scaniine, pixel)
shape: (2379, 98)
dtype: float32

ributes:
- units: degrees_east

dataset

&

- units: g/m
- long_name: Ice Water Path

- units: g/m’
- long_name: Cloud Ice’

2
Water Path

e Gwip T
dims: (scanline, pixel) dims: (scaniine, pixel) dims: (scanline, pixel)
Shape: (2379, 98) shape: (2379, 98) shape: (2375, 98)
e: float’32 dtype: float32 type: int16

attributes: attributes:
3 w *, its: classification

- uni
- long_name: Cloud Mask Classification

attributes

Secthatariarin = i35
Gesspatial on mex = 179.5

dimensions

r‘c—n

daty variables

<wp
dims: (time, v, x)
shape: (12, 166; 360)
Sype: floatéd

ributes
- long_name Cloud Ice Water Path
units: kgfm?

wp
dims, (gme . )
shape: (12, 186, 360)
"deype: foated

ibutes:
- long_name: Ice Water Path
units: kgim:

<m
dims; (Eme. ¥, x)
shape: (12, 186, 360)
‘Gtype: floated

3 :
- long_name: Cloud Mask Classification
units:

Lo
ims: 1y
6.360)

oates

attriutes:
- long name: Lattude
units: degrees_nortn

afiributes:
- long name: Longtude|

units: degrees_east

23



527

528

529

530
531
532
533

534

535

536

537

538

539

540

541

542

543

544

545

546

547

548

549

550

551

552

553

5 IWP retrieval performance

It is important to acknowledge that since the QRNN model was trained and tested based on the 2C-ICE

dataset, it inevitably inherits the systematic biases of the 2C-ICE product. Previous studies have indicated

that assumptions regarding the lidar ratio, particle size distribution (PSD), and particle shape in the 2C-

ICE retrieval algorithm introduce systematic uncertainties. Comparisons with in-situ observations

suggest an uncertainty of approximately 30% in 2C-ICE retrieved IWC (Deng et al., 2010, 2013).

Figure 4 illustrates the comparison of IWP retrieval performance between the two satellite sensors. In /{ BB TR FE: (BRIA) Times New Roman, 10

terms of quantitative regression metrics, the model performance on FY-3D is significantly superior to

that on FY-3B. Specifically, the scatter plot for FY-3D (Figure 4a) shows a high consistency between /{ BB TR T (BRIA) Times New Roman, 10 %

predicted and reference values, with a correlation coefficient (R) of 0.833 and a RMSE of 450.78 g/m2.

In contrast, the scatter distribution for FY-3B (Figure 4d) is more dispersed, yielding a lower R of 0.620 /{ BB TR T4 (BRIA) Times New Roman, 10 %

and a larger RMSE (871.40 g/m?). This disparity highlights the substantial contribution of the rich

channel information provided by MWHS-II to the quantitative retrieval of IWP.

Regarding statistical distribution, we analyzed both the Quantile-Quantile (Q-Q) plots (Figure 4b and: &E TR 7 (BIA) Times New Roman, 10 %
. HETAS: X 178E: 1.5 f5178E

“{ "B TH: F: Times New Roman, 10

o

although—errors—seale—moderately—with—hereasing—WPR—valdese) and the Probability Density

24



554

555

556

557

558

559

560

561

562

563

564

565

566

567

568

569

570

571

572

573

574

575

576

571

578

579

580

582

583

Functions (PDFs, Figure 5) based on an independent test dataset. As shown in the PDF analysis, the /{ ®E TR F4E (BRIA) Times New Roman, 10 %

)

retrieved IWP distribution exhibits remarkable agreement with the reference distribution across nearly
six_orders of magnitude (ranging from 102 to 10* g/m?). This confirms that the model successfully

reproduces the climatological statistics without suffering from significant mean-reversion. Both the PDFs

and Q-Q plots indicate that the model robustly captures the data distribution characteristics, Critically, /{ %8B T F1E: Times New Roman, 10 %

given the global mean IWP of approximately 100 g/m? (Xu et al., 2022), the model maintains robust

performance across predominant atmospheric conditions. Fable—3—reveals—that-superior—model

the-results-detated-inTable-4-However, deviations are observed in the extremely low-value region in

the lots. This is likely attributable to the inherent physical limitations of passive microwave remote

sensing, which is sensitive to large scatterers (e.g., snowflakes) but lacks sensitivity to small ice crystals.

Table

To further investigate model performance in the low-IWP value range, we performed a binary

classification assessment on the test set using a threshold of 0.5 g/m?2. The results (Figure 4c and Figure BB THR: M (BIA) Times New Roman, 10 &

BB THR: T4 (BRIA) Times New Roman, 10

4f) reveal distinct characteristics for the two sensors. Although FY-3D achieves higher quantitative

retrieval accuracy, its confusion matrix (Figure 4¢) indicates a relatively high False Alarm Ratio (FAR = /{ B TR FE (BRIA) Times New Roman, 10 %

0.76) and a lower Critical Success Index (CSI = 0.23). This is primarily due to a large number of

background pixels (low values) being misclassified as exceeding the threshold (FP = 257.474).

Conversely, while FY-3B (Figure 4f) has lower regression accuracy, it exhibits a better balance in /{i&??ﬁﬁ: F4&: (BRIA) Times New Roman, 10 &%
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587

588

589

590

591

592
593

classification metrics, with a lower FAR (0.51) and a relatively higher CSI (0.48). While this difference

may be partially influenced by the varying sample sizes in the test sets, it suggests that the FY-3D model

while accurate in estimating IWP magnitude, tends to be over-sensitive at the boundary between weak

signals and background noise.

The performance analysis for SIWP yields similar conclusions to those for IWP and is detailed in the

Supplementary Material (Fig. S2, Text S2).
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601 Fable4: Performance of the RobustResMEP-model on Land-and Ocean Test Datasets in WP Retrieval (using
602 the MWHS-Il-instrument).

RMSE(g/m?) 33712 29438 4213 9974
BIAS(s/m?) 2756 2186 4163 574
MAE(s/m?) 60-48 62.44 10587 121

603

604 6.2 Cloud detection retrieval performance

605 h e bae o et Lo ne o pen oD e b e L o own-inTable 5 Interm —-—-—[?ﬁ;*ﬁﬁﬁ’g@;}
606 performanee;; (c) confusion matrix for MWHS-II shews—a—significantimprovement—overusing an IWP
607  threshold of 0.5 g/m?; (d) analogous to (a) but for MWHS-I-Sinee-this-is-a-preliminary study for the nextstep;
608 e did_not condu asitivity experiments-oninputfeatures but directly imi o-those
609 of the WP -model-for-training;
610
611
612 +
613
(a) MWHS-II IWP Retrieval Dynamic Range (b) MWHS-1 IWP Retrieval Dynamic Range
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615 Figure 5: Probability Density Functions (PDFs) of Ice Water Path (IWP) for the training dataset, testing
616 dataset, and model retrievals. (a) FY-3D (MWHS-II model); (b) FY-3B (MWHS-I model). The histograms

617 are calculated using logarithmically spaced bins to capture the wide dynamic range.
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618 6 Product validation

619

620 otherdatascts:

621 76.1 Typhoon events

622 Figure-4-displays-erbitalFigure 6 presents the FYAI L2 IWP retrievals. alongside IWP /{ RE TR F (BRIA) Times New Roman, 10 %

% B T4 1K Times New Roman, 10 %

623 the MWHS-IWP-product-as-well-astWPestimates from the 2C-ICE product. the CCIC dataset, and

HARTAY: IEX 786 1.5 £5478E

624 the-ERAS reanalysis data RE TR F4: Times New Roman, 10 %

625 MW Ps—retrieveddata, capturing the case of Tropical Cyclone CILIDA over the South Indian Ocean on BB T#: =k Times New Roman, 10 &

\{ "B THR: 4 Times New Roman, 10 &

626 December 24, 2018. The retrievals from both MWHS-1 and MWHS-II ean—acedratety—effectively /{ % E TR T4 Times New Roman, 10 %

627  capture the spatial distribution of high-IWP regions in-the-typheen-area—whichwithin the cyclone’s /{ #EB TR F1E: Times New Roman, 10 7

\\( ®ETHR: 4 Times New Roman, 10 &

628 convective core, a feature that is eonsistent-with-the-2C1CE-dataalso accurately characterized by the

"[ & B T4 1K Times New Roman, 10 %

629  CCIC product. In contrast, while the ERAS reanalysis data-can-alsoroughlyreproduce-thedataset /{ BB TR T Times New Roman, 10 B

630  broadly reproduces the macroscopic structure of these high-TWP regions, thedevel-of-detailHs-it exhibits /{ RE TR F: Times New Roman, 10

631 significantly less-than-thatefthelower spatial detail compared to the satellite retrieval products. —{ @B T#=: T4 Times New Roman, 10
(c-e) (£h) \\( % E TR F: Times New Roman, 10

7

632
633

634 To further evaluate performance against the CCIC product and the narrow-swath 2C-ICE observations

635 we performed spatiotemporal collocation and generated scatter plots for quantitative analysis. As

636 illustrated in the scatter plots, the retrievals from MWHS-IT demonstrate a higher degree of agreement
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637 with both the CCIC and 2C-ICE benchmarks compared to MWHS-I. This indicates a substantial

638 improvement in retrieval capability and performance for the second-generation instrument relative to its

639 predecessor.
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648 7: Comparison of FYAI L2 IWPs from MWHS-I and MWHS-II retrieval, CCIC, 2C-ICE and ERAS in a case

649 study of tropical cyclone. UTC time is used.
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6.2 Global gridded product comparison and zonal mean comparison

Figure 7Figure-S presents the multiyear average spatial distribution of the IWP, whereas Figure 8Figure
6 shows the zonal mean distribution of the IWP. All the IWP products were resampled to a spatial
resolution of (1°x1°). All the IWP products exhibit fundamentally consistent spatial patterns. Notably,

ourpreduetf YAl demonstrates closer alignment with active sensor products {particutarkythan passive

ones. However, it is important to point out that compared to the 2C-ICE and DARDAR active remote

sensing baselines, the IWP retrieved from MWHS-II retrieval-produet)-shows a slight overestimation in

the equatorial region. In contrast, the MWHS-I retrievals align more closely with active observations at

these latitudes. Meanwhile, both MWHS-I and MWHS-II exhibit a notable underestimation in the mid-

to-high latitudes of the Southern Hemisphere. Although the time series do not overlap, we selected the
2007-2010 period for active instrument comparison because of CleudSat'sCloudSat’s superior data
completeness before 2011. This selection is necessitated by data constraints but remains scientifically
justified, as both spatial patterns and total magnitudes show minimal variation in leng—term—IWP
sequences. Additionally, passive optical/infrared instruments (MODIS, VIIRS) and the ERAS reanalysis

result in significant underestimations of IWP values at low-to-mid latitudes, whereas the MODIS and

VIIRS retrieval products result in substantial overestimations in polar regions. We-must-also-note-an

—For the CPWPSIWP, the multiyear average

spatial distribution is-and zonal mean are shown in Fig—S3.Figure 9 and Figure 10 : the overall

distribution closely resembles that of IWP, but the values are lower in magnitude. Notably. the SIWP

derived from FYATI MWHS-II shows a closer agreement with 2C-ICE.

31



675
676

677
678
679

DARDAR (2007-2010) 2C-ICE (2007-2010) FY-3C (2014-2018)

T

MODIS (2013-2023) VIIRS (2018-2024) ERAS (2011-2024)

et

e
00 60°E 120°F 180° 120°W 60°W 07 60°E 120°F 180° 120°W 60°W 07 60°E 120°E 180° 120'W 60°W 0 60°E 120 180° 120'W 60°W

102
IWP (g/m?)

FYAI (MWHS-I by FY-3B (2011-2019))

2C-ICE IWP (2007-2010) FYAI (MWHS-I by FY-3A (2010-2013))
~ T =

== e )

by FY-3E (2023-2024))
== |

60°E 120 180° 120'W 60°W © 60 120°E 180° 120°W 60°W 0 60°E 120F 180" 120W 60°W
10* 102 10°
IWP [g/m?]

Figure 75: Global average spatial distributions of the IWP compared with those of other satellite products

and reanalysis products.
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683 Figure 86: Zonal mean IWP compared with other satellite products and the ERAS reanalysis.
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Figure 9 : Analogous to Figure 7 but for SIWP.
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Figure 10 : Analogous to Figure 8 but for SIWP.

6.3 Long-term analysis of gridded products

Figure 11Figure-7 shewspresents the time series of global total atmospheric ice mass eurvederived from _//{ BETER:

& B T4 1K Times New Roman, 10 %

% B T4 1K Times New Roman, 10 %

BB THER: 4K Times New Roman, 10 %

/ % B T4 1K Times New Roman, 10 %

F{&: Times New Roman, 10 &

theour gridded retrieval products for the period of 2011—2024. Fhe-For comparison. the orange and //{ BB 7L S Times New Roman, 10 5

% B T4 4K Times New Roman, 10 %

blue-green lines represent the-IWP data from 2C-ICE and DARDAR (another IWP product based on \[ BB TR 146 Times New Roman, 10 &
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nighttime data, the time series for theboth 2C-ICE and DARDAR preducts-are restricted to the 2007- N BB T4 FK: Times New Roman, 10 %

-2010-Our period. BB T T Times New Roman, 10 &
BB TR F: Times New Roman, 10
BB TR F1: Times New Roman, 10
In terms of magnitude, our retrieval products are-eleser+ealign closely with 2C-ICE and DARDAR-+# BB THT: 3244 Times New Roman, 10 &

terms—of—the—total-globalatmespherictee—mass.. In contrast, the—atmospheric—ice—totals
a

‘[iﬁﬁ?ﬁﬁ: F4&: Times New Roman, 10 &

eateulatec-from-the-estimates from passive optical/infrared instruments (MODIS and VIIRS-as-wet

%8B T F1E: Times New Roman, 10 %
\( BB TR K Times New Roman, 10 &

as-the-) and ERAS reanalysis data;-are significantly lower than
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PAP-Adithe active radar-based baselines. Note that all mass calculations are area-weighted by latitudinal \E REB TR F4 Times New Roman, 10 B

area—Fhe-latitude.

However, the time series reveals that the FYAI product exhibits larger interannual variability compared

to the 2C-ICE baseline. This variability is not uniform over time; it is most pronounced during the FY-

3B era. While variability decreases in the later period, the fluctuations in the early record likely reflect

%8B T 1A Times New Roman, 10 %

BB TR F: Times New Roman, 10

%8B T 1A Times New Roman, 10 %

o U 0 U L )

sensitivity differences inherent to the first-generation instrument. The mean global total atmospheric ice //{ BB THER: F Times New Roman, 10 %

mass from our retrievatproducts for-the-period 2011—2024 is 58-66{58:20-59-12)57.62 + 2.32 Gt; /{ RE TR FE: Times New Roman, 10 &

(calculated as the mean + one standard deviation based on a t-distribution; this also applies to the SIWP

\\( %8B T F1E: Times New Roman, 10 %

%8B T F1E: Times New Roman, 10 %

discussed below). which is efese-toconsistent with our previous estimation using the DARDAR product RET R T4 Times New Roman, 10 8

(Xu et al., 2022) For-the-ChVP-thetong—term-globattotat

i{[ BB T T Times New Roman, 10 &

% B T F1E: Times New Roman, 10 %

Regarding SIWP, retrievals from both MWHS-I and MWHS-II align closely with ERAS5 and exhibit

strong_consistency with the 2007-2010 2C-ICE baseline (.Figure 12). The estimated global suspended

%8B T 1A Times New Roman, 10 %

HARTUAY: IEXC, 178E: 1.5 £5478E

ice mass is-shewn-n-Fig—S4—for the 2011-2024 period is 10.78 + 0.99 Gt.

§f %8B T F1E: Times New Roman, 10 %

BB TR F (BRIA) Times New Roman, 10 i
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Figure 117: Native time series of the monthly global average of total atmospheric ice and comparison with

9

other satellite products, along with the ERAS reanalysis. All calculations of total at ic ice
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Figure 12: Analogous to Figure 11. but for STWP.

7 Uncertainty Analysis

Although the uncertainty in IWC from 2C-ICE is approximately 30%. it remains one of the most reliable

remote sensing IWP retrieval datasets currently available. As the FYAI dataset is generated using 2C-

ICE as reference data for training machine learning models, it inevitably inherits uncertainty from 2C-

ICE. This section outlines the uncertainty characterization for both FYAI L2 and L3 products.
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732 7.1 L2 Product Uncertainty

733 The QRNN model employed in FYAT outputs an approximation of the quantile function (i.e., the inverse

734 cumulative distribution function, or inverse CDF) of the conditional distribution. Consequently, the

735 model implicitly models a conditional probability distribution, allowing for the retrieval of specific

736 percentiles of the estimated variable. We have selected the Sth and 95th percentiles of the predicted

737 distribution to represent the lower and upper bounds of uncertainty, respectively.

738 7.2 L3 Product Uncertainty

739 The uncertainty of the FYAI L3 product is calculated in two distinct stages. The first stage defines the

740 uncertainty when aggregating 1.2 instantaneous observations into L3 monthly mean products, using the

741 SEM as the metric. Based on the 5th/95th percentile bounds derived from the .2 products, and assuming

742 errors follow a normal distribution, the variance for individual pixels is first estimated. Then, following

743 the law of propagation of uncertainty (assuming independent errors among pixels within a grid cell), the

744 variance of the grid mean is calculated (as the sum of individual variances divided by the square of the

745 total number of observations falling within that grid). Finally, the square root of this variance is taken to

746 obtain the monthly SEM.

747

748 The second stage addresses the uncertainty when aggregating L3 monthly means into L3 annual means.

749 To avoid underestimating the final uncertainty, a conservative estimation strategy is adopted: assuming

750 highly correlated errors between months (e.g., potential systematic errors), the annual mean uncertain

751 is defined simply as the arithmetic mean of the uncertainties of the 12 months in that year.

752 8 Conclusion and usage notes

753

ieveA global FWPRsIWP and CFWPs—from

754 2009-SIWP dataset spanning 2010 - 2024 wia—was produced using a machine-learning framework

755 derived from passive--microwave observations frem-the- (MWHS-I-and MWHS-/IT-abeard) onboard the

756  EengyunFY-3 satellite series-sateltites:

757 . Three distinct FAWP-preduets-product levels were generated:
758  (H—Osbitaldevel— (1) L2 IWP and CPWP—produets—SIWP preserving native sensor

759 resolationsresolution (15 kmy;with-a-time-seriesfrom2009-2024- BE T F: Times New Roman, 10 &
%8B T 74K Times New Roman, 10 B
760 (2) Moenthly at nadir): and (2) L3 monthly gridded global composites (1° x 1°) fremfor individual AR X, 7555 15 2505, TRAGSHES
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810

811

812

813 Prioritizing _global representativeness and long-term homogeneity over instantaneous pixel-level

814 precision was a deliberate strategy in this study. While our passive microwave retrievals provide the

815 wide-swath coverage essential for decadal climate analysis, they may not match the instantaneous

816 accuracy of active sensors. We acknowledge that relying on 2C-ICE for training inevitably imparts the

817 reference product’s systematic biases to our dataset. Furthermore, representativeness errors arise from

818 the spatial mismatch between the coarse MWHS footprint (~15 km) and the narrow 2C-ICE track.

819 Although the deep neural network effectively filters label noise by leveraging substantial data volumes—
40




820

821

822

823

824

825

826

827

828

829

830

831

832

833

834

835

836

837

838

839

840

841

842

843
844

capturing robust statistical relationships even under beam-filling constraints—it must be noted that the

reported error metrics likely underestimate the actual uncertainty in highly heterogeneous scenes.

Specific limitations regarding variable definition and instrument stability must be acknowledged. First.

the partition of SIWP from total IWP represents an exploratory effort. Since no single instrument

currently distinguishes suspended from falling ice reliably, this separation serves primarily to facilitate

model-observation comparisons. Second, regarding temporal stability, specific subsets of the FYAI

dataset require cautionary usage (summarized in Table 3 Summary of FYAI dataset components

/{ BB THR: T4 (BRIA) Times New Roman, 10 &

requiring cautionary usage or having specific limitations). The larger interannual variability

observed in the FY-3B era reflects a necessary trade-off: lacking the 89 GHz channels available on

MWHS-II, we incorporated the 150 GHz channel to ensure sensitivity to ice clouds (Wang et al., 2022).

Unlike the opaque 183 GHz band, this window channel is susceptible to surface emissivity variations,

introducing background noise into the time series—a stability issue largely resolved in the post-2014

MWHS-II era. Additionally, L3 products derived from FY-3B show anomalous positive deviations during

2017-2019, attributed to potential instrument aging. Conversely, FY-3A products (2010-2013) exhibit a

slight underestimation. While FY-3A and FY-3B form a valuable morning-afternoon constellation, users

should be aware of these calibration nuances when conducting long-term trend analyses. We are actively

working to address these issues in future updates through physics-based constraints and close

collaboration with instrument specialists.

Based on this methodology. we generated comprehensive retrieval products spanning FY-3A through FY-

3F. A distinctive advancement of this dataset is its global applicability over both land and ocean—

surpassing the ocean-only limitation of many existing passive microwave products.

Table 3 Summary of FYAI dataset components requiring cautionary usage or having specific limitations

Satellite/Sensor .
Time Product Level Note
Name
Use with caution for long-term time
FY-3A (MWHS-I) 2010-2013 L3

series analysis.
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Satellite/Sensor

Time Product Level Note
Name
Use with caution for long-term time
FY-3B (MWHS-I) 2017-2019 L3 . .
series analysis.
FY-3C operational service has been
2015/5/31- ]
FY-3C (MWHS-II) L2,.13 suspended since 31 May 2015 due
2015/7/31

to technical reasons.

Looking ahead, we will explore advanced data fusion architectures to address current limitations. Our

future work will prioritize three key directions: (1) Synergetic retrievals combining passive microwave

with optical/infrared observations, utilizing cloud-top information to compensate for the microwave

spectrum’s insensitivity to cirrus clouds; (2) Joint retrieval frameworks that simultaneously assimilate

multispectral observations within a unified radiative transfer model; and (3) Physics-Informed Neural

Networks (PINNs) that incorporate cloud microphysical constraints to enhance the accuracy of vertical

stratification.

In particular, the deployment of next-generation observation missions, such as EarthCARE and DQ-1

will provide superior reference benchmarks. Integrating these high-fidelity datasets will allow us to

mitigate label noise and further refine retrieval accuracy. Furthermore, recognizing the rapid

advancements in terahertz remote sensing instrumentation (Li et al., 2023), we plan to leverage terahertz

technology to achieve higher-precision retrievals of IWP and SIWP. Collectively, these enhancements

will significantly bolster the product’s utility for monitoring rapidly evolving meteorological phenomena

and validating climate model cloud parameterizations.

9 Code and data availability

The datasets generated in this study are available for __download at
https://doi.org/10.11888/Atmos.tpdc.303143 and  https://cstr.cn/18406.11.Atmos.tpdc.303143, and
should be cited as (Yang et al., 2025). Additionally, the code and model weights have been deposited at
(Yang, 2025). Regarding the public source data used in this work, the FY-3 MWHS-I/IT Level-1
observations are accessible via the National Satellite Meteorological Center (NSMC) data portal
(https://data.nsmc.org.cn); the CloudSat-CALIPSO products (2C-ICE and 2B-CLDCLASS) can be
obtained from the CloudSat Data Processing Center (https://data.nsmc.org.cn): the ERAS reanalysis data

are available via the Copernicus Climate Change Service (C3S) Climate Data Store
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(https://cds.climate.copernicus.cu/datasets/reanalysis-eraS-single-levels?tab=overview)  under  the

dataset “ERAS hourly data on single levels from 1940 to present”; and the CCIC product is hosted on

the Amazon Web Services (AWS) Open Data Registry (https://registry.opendata.aws/ccic/.

AmazonWebSevicesOpenData).
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