‘1 remote sensing

Article

Filling Satellite Microwave Observation Gaps via
Generative Synthesis

Han Du !, Baoxiang Pan !, Fan Ping "2*{, Jin Xu !, Congyi Nai !, Sencan Sun 3{7, Jie Chao 4, Jingnan Wang >,

Shangshang Yang ¢7, Xi Chen 7, Jingyuan Li 1, Jiahua Mao 2{7, Lei Yin 8, Yupeng Li ? and Ziniu Xiao !

W) Check for updates

Academic Editor: Carmine Serio

Received: 9 April 2026

Revised: 16 June 2026

Accepted: 17 June 2026

Published: 7 July 2026

Copyright: © 2026 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license.

Institute of Atmospheric Physics, Chinese Academy of Sciences, Beijing 100029, China;
duhan23@mails.ucas.ac.cn (H.D.); panbaoxiang@lasg.iap.ac.cn (B.P.); xujin21@mails.ucas.ac.cn (J.X.);
naicongyi@mail.iap.ac.cn (C.N.); chenxi@lasg.iap.ac.cn (X.C.); lijy@mail.iap.ac.cn (J.L.);
xiaozn@lasg.iap.ac.cn (Z.X.)

School of Geomatics, Zhejiang University of Water Resources and Electric Power, Hangzhou 310018, China;
maojh@zjweu.edu.cn

Ministry of Education Key Laboratory for Earth System Modeling, Department of Earth System Science,
Tsinghua University, Beijing 100084, China; ssc23@mails.tsinghua.edu.cn

School of Earth and Space Sciences, The University of Science and Technology of China, Hefei 230026, China;
jilechao@mail.ustc.edu.cn

College of Meteorology and Oceanography, National University of Defense Technology,

Changsha 410073, China; wangjingnanl7a@nudt.edu.cn

Earth System Modelling, School of Engineering and Design, Technical University of Munich,

80333 Munich, Germany; shangshang.yang@tum.de

Complexity Science, Potsdam Institute for Climate Impact Research, 14473 Potsdam, Germany

School of Internet of Things, Nanjing University of Posts and Telecommunications, Nanjing 210003, China;
20230084@njupt.edu.cn

Jilin Provincial Key Laboratory of Changbai Mountain Meteorology & Climate Change, Institute of
Meteorological Sciences of Jilin Province, Changchun 130062, China; yupenglee_cn@126.com
Correspondence: pingf@mail.iap.ac.cn; Tel.: +86-13522791488

Highlights

What are the main findings?

e  MIDAS, a diffusion-based framework, generates 10 min microwave humidity-sounding
brightness temperatures near 183 GHz from geostationary infrared observations.

e  The probabilistic framework can incorporate available polar-orbiting microwave ob-
servations as physical constraints, anchoring nearby regions and improving accuracy
and probabilistic reliability.

What are the implications of the main findings?

e  Continuous humidity-sounding fields support time-sensitive applications such as mesoscale
weather monitoring, data assimilation, and case studies of rapidly evolving systems.

e  MIDAS operates in coordination with existing polar-orbiting microwave systems, fully
leveraging real observations as constraints whenever available and synthesizing across
the gaps between overpasses.

Abstract

Polar-orbiting microwave radiometers provide indispensable all-weather measurements of
the atmospheric state, yet revisit intervals of many hours leave critical gaps during rapidly
evolving weather events. To address this limitation, we developed MIDAS (Microwave In-
ference via Diffusion Across Satellites), a probabilistic framework that estimates microwave
brightness temperature (BT) fields across the geostationary full-disk domain from infrared
observations at 10 min intervals. This study focuses on the five Microwave Humidity
Sounder-2 (MWHS-2) humidity-sounding channels near 183 GHz, which provide vertically
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resolved water vapor information. MIDAS achieves relative errors below 0.5% for the
majority of cases, with a channel-averaged mean absolute error of 1.15 K, outperforming a
deterministic U-Net baseline (1.43 K). Beyond per-sample evaluation, MIDAS reproduces
large-scale climatological patterns across the full-disk domain over a three-month summer
period, consistent with Radiative Transfer for TOVS-Scattering (RTTOV-SCATT) simu-
lations. In deep convective scenes where reconstruction is most difficult, the ensemble
spread naturally tracks reconstruction difficulty, providing a built-in indicator of prediction
confidence. Notably, MIDAS incorporates real-time polar-orbiting observations as physical
constraints via a merge-sampling mechanism, reducing ensemble RMSE by over 20% and
improving probabilistic calibration by more than 30%. Proof-of-concept assimilation exper-
iments for two high-impact weather cases show that MIDAS-generated fields yield forecast
improvements comparable to those from real satellite observations, reducing tropical cy-
clone track errors from approximately 110 km to 40 km and improving heavy precipitation
forecasts at extreme rainfall thresholds where direct infrared assimilation shows no benefit.
Overall, our framework demonstrates the potential of generative models to supplement
sparse observational coverage and provide physically plausible microwave humidity fields
for downstream applications.

Keywords: microwave radiometer; generative model; cross-platform synthesis; observation
gap-filling; assimilation

1. Introduction

Numerical weather prediction (NWP) has advanced steadily over the past four decades,
with forecast skill increasing by approximately one day per decade [1], driven in part by
the continued expansion of observational capabilities. Satellite remote sensing has played a
central role in this progress [2—4], accounting for 76% of the total observational impact in the
European Centre for Medium-Range Weather Forecasts (ECMWEF)’s 2022 forecast system [5].
Over the past two decades, passive microwave radiometers have constituted the most influ-
ential satellite-based observation type for NWP [6], with their impact largely attributable to
cloud penetration and all-weather observing capability [7]. Beyond their contribution to
forecast, passive microwave observations support the retrieval of multiple key geophys-
ical variables, including atmospheric temperature and humidity profiles, precipitation,
cryospheric properties, and soil moisture [8-12]. Owing to their wavelength-dependent
sensitivity, these observations are particularly effective in representing rapidly evolving
high-impact mesoscale systems, including convective storms and tropical cyclones [13].

However, operational microwave radiometers are fundamentally constrained by their
reliance on polar-orbiting platforms. These satellites provide near-global coverage roughly
twice daily, with revisit intervals extending to 24 h at low latitudes [14], producing inher-
ently discontinuous observational records. Major meteorological agencies have responded
by deploying coordinated constellations, including NOAA-JPSS, EUMETSAT MetOp, and
Fengyun-3, which now achieve sulfficient temporal sampling for standard 6 h global assimi-
lation cycles. The importance of maintaining this coverage is underscored by observing
system experiments: removing an entire afternoon orbital plane increases tropical geopoten-
tial height analysis errors by 14% and temperature errors by 6.5% [15]. More fundamentally,
this sufficiency reflects the design constraints of existing assimilation frameworks rather
than the physical timescales of atmospheric variability. Convective initiation, tropical
cyclone rapid intensification, and frontal evolution all unfold over 1 to 2 h, timescales that
can fall entirely within the gaps between consecutive overpasses. As regional assimila-
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tion systems move toward hourly cycling and data-driven forecasting methods demand
increasingly dense inputs, the gap between available and required microwave coverage
will widen. These constraints underscore the need for complementary strategies to bridge
microwave observational gaps between orbital passes.

Alternative hardware approaches have been explored to achieve more fundamen-
tal improvements in temporal coverage. Geostationary microwave sensors could pro-
vide continuous monitoring but face severe resolution constraints due to diffraction lim-
its [16] at ~36,000 km altitude [17], requiring large-aperture antenna systems that remain
technically challenging [18]. CubeSat constellations such as TROPICS [19] have demon-
strated improved revisit times (~60 min over tropical regions), though challenges per-
sist in constellation coordination and data continuity. While these hardware-based ap-
proaches show considerable promise, they require further maturation before achieving a
full operational status.

Pending the maturation of these hardware solutions, algorithm-based approaches
offer a complementary pathway to enhance microwave temporal coverage. Among various
data sources, geostationary infrared sensors present a natural complement to polar-orbiting
microwave radiometers, providing high-frequency observations at 10-15 min intervals [20].
Infrared and microwave measurements are sensitive to distinct physical properties: infrared
sensors detect thermal emissions that clouds significantly attenuate, whereas microwave
sensors capture signals that penetrate cloud layers. Nevertheless, both observe the same
atmospheric column, and the thermodynamic state that governs microwave emission
(temperature, humidity, and hydrometeor profiles) simultaneously determines the cloud
structure and thermal radiation observed in the infrared. This shared dependence on
the underlying atmospheric state provides the physical basis for cross-modal estimation,
although the relationship is nonlinear and non-unique. Recent studies have demonstrated
the feasibility of infrared-to-microwave cross-modal estimation over oceanic regions [21].
This capability extends to challenging scenarios such as tropical cyclone extreme value
estimation and cloud-obscured concentric eyewall identification, reinforcing the potential
of this approach [22,23].

Methodologically, multi-modal satellite data fusion has evolved considerably from
traditional statistical and signal-processing techniques [24—27], which show limited capacity
for capturing nonlinear spatiotemporal dynamics. Deep learning has made substantial
progress in this domain [28], with diffusion models emerging as a particularly promising
generative framework that captures complex probabilistic dependencies through iterative
denoising [29]. These models effectively characterize uncertainty while generating high-
fidelity outputs, demonstrating success in probabilistic forecasting and ensemble-based
weather applications [30-33]. These capabilities offer new possibilities for multi-modal
remote sensing data fusion tasks [34].

Despite these advances, existing infrared-to-microwave estimation research has re-
lied solely on infrared inputs without incorporating available microwave observations to
constrain the generated fields. Moreover, validation has focused on product generation
quality rather than downstream utility in operational systems such as data assimilation,
leaving practical value largely unexplored. To address these limitations, this study proposes
MIDAS (Microwave Inference via Diffusion Across Satellites), a diffusion-based framework
that synthesizes microwave brightness temperature fields from geostationary infrared
observations to fill temporal gaps between polar-orbiting passes. Because identical infrared
inputs may correspond to multiple plausible microwave states, MIDAS is formulated as a
generative framework that represents this ambiguity rather than collapsing it to a single
estimate. This study focuses on the five MWHS-2 microwave humidity-sounding channels
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near 183 GHz, which provide vertically resolved water vapor information. The main
contributions of this work are threefold:

(1) A diffusion-based framework that generates geostationary full-disk microwave hu-
midity sounder fields at 10 min intervals from geostationary infrared observations;

(2) A merge-sampling mechanism that incorporates sparse microwave observations as
constraints, allowing direct measurements to inform synthesis in surrounding regions;

(38) Proof-of-concept assimilation experiments for heavy-rainfall and tropical-cyclone
cases that examine the downstream utility of the synthesized fields.

2. Materials and Methods

MIDAS (Microwave Inference via Diffusion Across Satellites) is a probabilistic frame-
work that synthesizes microwave brightness temperature (BT) fields from geostationary
infrared observations (Figure 1). The framework comprises two U-Net-based networks
trained under a continuous-time diffusion formulation (Figure 1a). The conditional network
learns to map Himawari-8/9 AHI infrared channels and viewing geometry to MWHS-2
microwave responses. The unconditional network captures the statistical characteristics
of MWHS-2 fields, such as the value ranges, typical spatial patterns, and inter-channel
correlations. At inference time, classifier-free guidance blends the predictions of both
networks, providing explicit control over the balance between fidelity to the infrared condi-
tions and preservation of natural microwave variability. Full-disk fields are generated by
tiling the domain into overlapping patches, each processed by the same denoising network.
At every step, neighboring patches contribute predicted update directions rather than
final pixel values; averaging these shared directions produces spatially coherent fields
without boundary discontinuities (Figure 1b). When partial microwave observations from
polar-orbiting overpasses are available, a merge-sampling mechanism incorporates them
into the diffusion trajectory at each denoising step, enabling direct measurements to anchor
the generated fields and constrain inference in nearby unobserved regions (Figure 1c). The
model is trained on one year of collocated Himawari AHI infrared and FY-3D/3E MWHS-2
Level-1 brightness temperature data spanning five water-vapor-sensitive channels near
183 GHz (see Methods for details). We evaluate MIDAS through four complementary anal-
yses: verification against direct observations, assessment of long-term full-disk consistency,
quantification of observational fusion benefits, and radiance assimilation experiments for
high-impact weather events.

2.1. Dataset

This study uses Level-1 brightness temperature (BT) products from two sensor families:
the Advanced Himawari Imager (AHI) onboard the geostationary Himawari-8/9 satellites
as the conditioning input, and the Microwave Humidity Sounder-2 (MWHS-2) onboard
the polar-orbiting FY-3D and FY-3E satellites as the target. For AHI, we use the JMA
Full-Disk gridded product, which is provided on a 0.05° equirectangular grid after ge-
ometric correction and reprojection by the data provider. We employ Level-1 products
rather than higher-level retrievals to avoid dependencies on retrieval assumptions and
to retain compatibility with downstream applications that operate on calibrated bright-
ness temperatures. The dataset spans 1 April 2022 to 1 April 2023 over the Himawari
full-disk domain (60°5-60°N, 80°E-200°E), with a temporal matching window of 10 min
and a common analysis grid of 0.2°. Data from FY-3D and FY-3E are used jointly; the
treatment of the two platforms is detailed in Section 2.1.2. The input and output variables
are summarized in Table 1.
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Figure 1. Schematic overview of the MIDAS framework. (a) Training architecture: the conditional U-Net

learns infrared-to-microwave mapping from Himawari-8/9 AHI and geometric inputs, while the

unconditional U-Net captures intrinsic microwave statistics from FY-3D/3E MWHS-2. (b) Direct infer-

ence: Classifier-Free Guidance combines both networks’ predictions to generate full-disk microwave

fields through overlapping patch denoising. (c) Merge-observation inference: sparse microwave

observations are blended with model predictions via masked diffusion, constraining synthesis in

observed regions. Solid arrows denote data flow and circular arrows indicate iterative denoising.

Table 1. Input and output data variables.

Condition Data

Target Data

Himawari-8/9 AHI

FY-3D/3E MWHS-2

e Channel 8: 6.2 um
(Upper- to mid-tropospheric water vapor)

e Channel 9: 6.9 um
(Mid-tropospheric water vapor)

Channel 11: 183.31 + 1 GHz
(upper—-mid-tropospheric humidity)

e Channel 10: 7.3 um
(Lower- to mid-tropospheric water vapor)

e Channel 15: 12.4 um
(surface/cloud-top temp.)

Channel 12: 183.31 £ 1.8 GHz
(mid-tropospheric humidity)

e Channel 16: 13.3 um
(CO; absorption band)

Geometric parameters (FY-3D/3E):

Channel 13: 183.31 + 3 GHz
(mid-to-lower tropospheric humidity)

e Solar zenith angle

e Solar azimuth angle

Channel 14: 183.31 + 4.5 GHz
(lower tropospheric humidity)

o Satellite zenith angle

o Satellite azimuth angle

Channel 15: 183.31 + 7 GHz
(near-surface humidity)

Total: 9 channels

Total: 5 channels

Data Specifications

Time period: 1 April 2022-1 April 2023
Spatial coverage: 80°E-200°E, 60°5-60°N

Temporal resolution: Himawari 10 min; temporal matching window < 10 min
Spatial resolution: Himawari 0.05° (native) — 0.2° (resampled); FY-3 ~ 16 km (nadir)
Final grid: 0.2° uniform grid after spatial alignment via Cressman interpolation
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2.1.1. Channel Selection and Physical Rationale

The five MWHS-2 channels near 183.31 GHz constitute the target of MIDAS. Their
weighting functions peak at successively lower altitudes from the upper to the lower
troposphere [35], providing vertically resolved humidity information that is largely insen-
sitive to non-precipitating clouds. These properties make them valuable for monitoring
rapidly evolving convective systems and tropical cyclones, and at the same time, a de-
manding target for cross-modal estimation, given their strong spatial heterogeneity and
temporal variability.

Five AHI channels are selected as the conditioning input based on both statistical
association and physical considerations. Figure 2 shows the channel-pair correlations
between the five MWHS-2 channels and the AHI channels, computed from collocated
observations on 3 July 2022. The three water vapor channels at 6.2, 6.9, and 7.3 um display
the highest correlations with the upper- and mid-tropospheric MWHS-2 channels. This
is consistent with their shared sensitivity to tropospheric humidity. The 12.4 um window
channel senses surface emission under clear skies and cloud-top emission under cloudy
conditions, providing scene-type and cloud-top information. The 13.3 pm channel lies
within a CO, absorption band and is sensitive mainly to upper-tropospheric temperature. It
does not measure water vapor directly, but temperature and humidity are coupled through
thermodynamic and dynamical processes in the atmosphere, so this channel supplies
additional information to the characterization of the atmospheric state.

Four geometric variables are provided alongside the radiometric channels: solar zenith
angle, solar azimuth angle, satellite zenith angle, and satellite azimuth angle. The two solar
angles function as a physically based temporal encoding. The solar zenith angle varies with
local time and latitude, and the solar azimuth angle shifts with the season, so together, they
specify when and where each observation was acquired. This allows the model to condition
on diurnal and seasonal regimes under which the infrared-to-microwave relationship
may differ. The two satellite angles describe the viewing geometry of the polar-orbiting
FY-3 platforms and parameterize how limb path length and footprint orientation shape
the MWHS-2 brightness temperature field. Conditioning on these angles allows MIDAS
to generate fields consistent with a prescribed FY-3 viewing geometry at inference time,
so that the synthesized product can be ingested by downstream algorithms that expect
polar-orbiting microwave observations.

MIDAS is not formulated as layer-to-layer mapping, but as learning a conditional
distribution p (MW | IR, geometry) from collocated observations. The atmosphere is a
vertically coupled system: temperature, humidity, and cloud properties at different altitudes
are linked through convective transport and large-scale circulation. These vertical couplings
create cross-level correlations that the model can draw upon when estimating microwave
brightness temperatures at levels not directly sensed by the infrared channels. The strength
of such correlations diminishes with increasing separation from the infrared sensing layers,
which is consistent with our finding that lower-peaking channels (e.g., 183.31 & 7 GHz; see
Section 3.1) exhibit larger reconstruction errors.

2.1.2. Sample Construction and Quality Control

The Himawari AHI scans the full disk every 10 min. For each scan window, we
identify FY-3D and FY-3E MWHS-2 Level-1 files whose orbital passes fall within that
window. Only scan lines with timestamps inside the window and footprints inside the
Himawari coverage domain (60°S-60°N, 80°E—200°E) are retained. FY-3D and FY-3E are
processed under the same procedure and are not labeled by platform during training or
evaluation. The two platforms carry MWHS-2 instruments of identical design with the
same spatial resolution and swath width, and therefore contribute roughly equal numbers

https://doi.org/10.3390/rs18132256


https://doi.org/10.3390/rs18132256

Remote Sens. 2026, 18, 2256

7 of 37

of samples to the collocated dataset. At inference time, among the conditioning inputs,
the four geometric variables introduced in Section 2.1.1 encode the observation time and
the polar-orbiting viewing geometry, enabling the model to adapt to different overpass
configurations. This unified treatment keeps the framework portable: extending it to
other polar-orbiting microwave instruments requires only fine-tuning, not retraining a
platform-specific model.

6.2 pm

r = 0.668 o r = 0.746| o r = 0.809 c r = 0.862 o r =0.910

240 250 260 270 240 250 260 270 250 260 270 280 250 260 270 280 250 260 270 280
183+1 GHZ 183+1.8 GHZ 183+3 GHZ 183+4.5 GHZ 183+7 GHZ

Figure 2. Channel-pair correlations between FY-3D MWHS-2 microwave humidity channels (11-15,
shown along the x-axis) and Himawari AHI infrared channels selected as model inputs, de-
rived from collocated observations on 3 July 2022. Each panel corresponds to one AHI channel:
(al-a5) Channel 8 (6.2 um), (b1-b5) Channel 9 (6.9 um), (c1-c5) Channel 10 (7.3 um), (d1-d5) Chan-
nel 15 (12.4 um), (el-e5) Channel 16 (13.3 pm). Each point represents spatially averaged brightness
temperatures within the overlapping coverage of the two sensors. The correlation coefficient (r) is
annotated in each panel, with orange lines indicating the linear regression fit.

All data are interpolated onto a common 0.2° grid before sampling. Himawari bright-
ness temperatures are downsampled from 0.05° to 0.2° using cubic spline interpolation.
MWHS-2 observations are recorded as irregular swath-based scan points and are inter-
polated onto the same 0.2° grid using Cressman objective analysis. The four geometric
parameters are processed using the same Cressman scheme applied to the brightness
temperatures. Each angle is first decomposed into sine and cosine components to avoid
discontinuities at angular boundaries, and restored to angular values after interpolation.
The outermost 8 scan positions on each side of every scan line are excluded before inter-
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polation to avoid geometric distortion in the swath edge. After this step, the infrared and
microwave fields share the same grid structure required by the convolutional architecture.

Samples are extracted from the spatially overlapping regions of the two sensors. A
range check is first applied to remove pixels, with brightness temperatures above 400 K
or below 100 K across all channels. Patches of size 32 x 32 are then tiled across these
regions with a stride of 25, producing a 7-grid-point overlap between adjacent patches to
increase sample yield from each narrow swath. Patches containing any missing value are
discarded, so all training samples are gap-free. This procedure produces approximately
120,000 paired samples. No surface-type stratification is applied. All brightness temper-
atures are standardized by channel-wise mean and standard deviation computed from
the training set. The four geometric variables are normalized by min—-max scaling with
per-variable statistics also from the training set. The same normalization parameters are
used during training and inference.

The collocated samples are partitioned at the day level rather than at the patch level.
Of the 365 days in the April 2022—-April 2023 period, 60 are randomly withheld as the test
set (30 days drawn from FY-3D overpasses and 30 from FY-3E), and the remaining 305 days
constitute the training set.

2.2. MIDAS

MIDAS is formulated as a conditional diffusion model rather than a deterministic
regression for two reasons. First, the infrared-to-microwave mapping is inherently am-
biguous: the same infrared scene can correspond to multiple plausible microwave states,
and a generative framework represents this ambiguity rather than collapsing it to a single
estimate. Second, the iterative sampling trajectory of diffusion naturally supports two func-
tional needs of this work: incorporating partial polar-orbiting observations as constraints
during merge-sampling (Section 2.2.4), and producing spatially coherent full-disk fields
from overlapping patches without post hoc blending (Section 2.2.3).

2.2.1. Diffusion Framework

MIDAS is built upon continuous-time diffusion models [36,37], which treat noising
and denoising as smooth trajectories, offering enhanced theoretical properties and sampling
flexibility. During training, clean BT samples are corrupted to randomly sampled noise
levels, and the model learns to predict the removable noise component. We define the
original data as x ~ p(x), with noise data distribution z = {z) | A € [Ayin, Amax] }, where
Amin < Amax € R. The forward process q(z|x) is a variance-preserving Markov process [38]
with the specific form

1

2 2
T A=tm @

q(zalx) = N(aax, 031)a =
Additionally, for different noise levels A < A, we have

4 Y
7(zalzw) = N((52)za,0301) o3 = (1= eV @)

L5

Here, p(z) or p(z,) represents the marginal distribution, i.e., x ~ p(x) and z ~ q(z|x),
with the corresponding signal-to-noise ratio (log-SNR) defined as

2
A= log(ié) ©)
A

To ensure effective stratification across noise levels during training and sampling, this
study employs a parameterization method based on the discrete-time cosine noise schedul-
ing. Specifically, uniform sampling u € [0, 1] is converted to A values through the transfor-
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mation A = —2log tan(au +b), where b = arctan(e=*mx/2), a = arctan(e*nx/2) — b. This
transformation [39] generates a hyperbolic secant distribution (sech-distribution) with finite
interval support, making the distribution of noise levels more uniform during training
and sampling processes. For generation processes with finite step lengths, we use A values
calculated from u values corresponding to uniform partitioning.

Given x, the reverse process can be described through conditional probability
transfer as

q(zyr|za, x) :N(W/M(z/\,x),aﬁ,ul) (4)
where the mean and variance are
A=A &N AN
paa(za, x) = e oy zZy+ (1= Mayx (5)
0'%/‘)\ = (1 — eA_A )0')2\/ (6)
The reverse generation process starts with standard normal distribution py(z,,,, ) = N(0,I)
initialization and defines the transition probability as
po(zylza) = N(ﬁm/\(zm xg(za)), (‘Af,%f|)‘)1fv(‘7§\,v)v) )

A weighting parameter v € [0, 1] governs the interpolation between the predicted
noise and the estimated mean. During the sampling process, along the sequence,
Amin = M < -+ < A1 = Ay, with sample updates performed as

Z) T OA€el 20
(z2) ®)

xf)(z)x) = T

2.2.2. Network Architecture

Two continuous-time diffusion models are developed to synthesize FY-3 microwave
brightness temperature fields: the conditional model vg_ . (z),c), which incorporates Hi-
mawari infrared observations and geometric parameters as conditioning input c to learn
the conditional distribution of microwave data, and the unconditional model vy (z)),
which captures the prior distribution over microwave observations by relying only on the
noisy input z, = a,x + 0)€. Both networks predict the latent velocity [40] v = ape — 0 x,
which blends noise and signal into a single target and stabilizes training particularly in low
signal-to-noise regimes. During training, the two models minimize mean-squared error
losses to this velocity target.

Leond = Ex e[| 08,04 (22,€) = (26 — o) 3] ©)

Luncond = Ex\ || 98,5004 (22) — (26 = 02) [3] (10)

Both models share an identical U-Net backbone comprising an encoder, bottleneck,
and decoder. Input features are projected to a base channel width viaa 1 x 1 convolution,
then processed through a hierarchical stack of time-conditioned ResNet [41] blocks, each
containing two residual layers with spatial downsampling (max pooling followed by convo-
lution). The decoder mirrors this structure with bilinear upsampling and skip connections
to preserve local detail, while two bottleneck residual blocks aggregate global context. All
layers use 3 x 3 kernels with Group Normalization and SiLU activations. The diffusion
timestep u € [0, 1] is encoded using sinusoidal positional embeddings and transformed by
a two-layer MLP into FiLM [42] modulation parameters, consisting of per-channel scale (v)
and shift (3) factors. These parameters are applied to normalized feature maps within each
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residual block, allowing the network to adapt its internal representations to the current
noise level.

The two models differ in input configuration and capacity: the unconditional model
receives seven channels (five FY-3 microwave BTs and two spatial coordinate encodings)
with a base width of 32 and multipliers (1, 2, 2, 4); the conditional model receives fourteen
channels, comprising the five microwave BTs concatenated with five AHI infrared channels
and four geometric variables (solar and satellite zenith/azimuth), with a base width of
48 and multipliers (1, 2, 4, 8). Both models output a five-channel velocity tensor matching
the spatial dimensions of the input.

2.2.3. Direct Inference

During sampling, Classifier-Free Guidance [43] (CFG) is applied by linearly combining
the conditional and unconditional outputs to amplify alignment with the conditioning
signal. For a given noisy input z, and conditions c, the guided velocity prediction is

09(zp,c) = (1 +w)vg,,, (20, ¢) —wog,  (2)) (11)

where w is the guidance strength coefficient controlling the influence of conditional informa-
tion during generation. Larger w enforces closer alignment to infrared conditioning, while
smaller values preserve intrinsic microwave variability. The corresponding clean-data
estimate is recovered from the guided velocity as

N)\Z)\ —U/\ﬁg Z),C
xg(z), ) = “2+02( .C)
A A

(12)

To scale this per-step process to the full disk, we adopt a MultiDiffusion strategy [44]:
the 600 x 600 domain is divided into overlapping 32 x 32 patches (stride 25), ensuring
each pixel is covered by multiple neighboring patches. At each reverse diffusion step,
all patches are denoised independently in parallel. Crucially, the model predicts velocity
fields that indicate the denoising direction at each step, rather than brightness temperatures
directly. These directional estimates vary smoothly across space, so averaging them in
overlapping regions produces seamless transitions without boundary artefacts. The fused
velocity field updates the full domain one step backward, and this cycle repeats across
the entire diffusion trajectory, yielding spatially coherent large-scale fields from a compact
patch-level model (Figure 1b).

2.2.4. Merge-Observation Inference

Microwave fields generated from infrared observations are inference-based products
rather than direct measurements. While MIDAS can reconstruct complete fields from
infrared inputs alone, polar-orbiting microwave instruments provide irreplaceable ob-
servations that should serve as physical constraints when available. The framework is
therefore designed not to replace direct measurements but to supplement them, generating
fields where observations are absent while incorporating real measurements to constrain
synthesis (Figure 1c).

To achieve this, MIDAS introduces a merge-sampling mechanism that integrates
partial microwave observations into the Denoising Diffusion Implicit Models (DDIM)-based
diffusion process [45,46]. This strategy enforces consistency within known (unmasked)
regions by progressively correcting deviations from observed data. Define the inpainting

mask as m € [0, l]KXHXW, where each element indicates the confidence of observation
(1 for known pixels, 0 for unknown). The observed image is then given by xgbs =m® xp.

Given a predefined DDIM schedule {Aq,Ay,--- , AT}, let z ); denote the current latent
variable at step i. The preliminary prediction at this step is obtained using standard DDIM
update rules:
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red (i () Za, — oa€e(za M)
ZKH = ucAix(()) +op.€0(2n, )Ll‘),Xé) = O ;6)\4 d (13)

1

Concurrently, a “known-region” estimate is constructed as

known __ obs
2N T &1 %0 4 OA;_ €known (14)

The final estimate at step i — 1 is obtained by blending the initial prediction and the
known-region estimate:

ZESL =m®o z’j’?ﬁ”" +(1-m)® zfﬁil (15)

For each rollback iteration j = 1,2, - - - , R, we sequentially perform

2 52 /DC
(/) — “/\i (j*l) UA,‘ 0—/\,'_10‘)‘1' )‘i—l ) 16
23 7%71 Zi, T o € (16)
(1) (1)
j),pred zy, — 0r€0(zy, M) :
= o + o, e 2y Ai) (a7)
Z(j —mo anown + (1 . m) o Z(j),pred (18)
Aicr Ai-1 Aioq

(R)

The final latent output is set to z), | = z; " . By performing R iterations of rollback
refinement, we progressively enforce observed-region consistency, which in turn improves
obs

alignment with the conditional posterior p(z,, , |x§”). Empirically, setting R € [5, 10] yields
a desirable balance between reconstruction fidelity and computational efficiency.

2.2.5. Viewing Geometry at Inference

The four geometric angles are explicit inputs to MIDAS, so the model learns the de-
pendence of the microwave field on observation geometry. At inference, the satellite zenith
and azimuth angles can be either taken from real observations or prescribed by the user.

When collocated FY-3 observations are available, the actual MWHS-2 viewing angles
are used as inputs, so that the generated fields are directly comparable to the observations.
For regions outside any FY-3 swath, no real polar-orbiting viewing geometry exists, so the
satellite angles must be prescribed. We prescribe a satellite zenith angle of 15° for these
regions, corresponding to a typical mid-swath viewing condition. The satellite azimuth
angle is set to 180°; at a zenith angle of 15°, the sensitivity to this choice is minimal. The
solar zenith and azimuth angles are taken from the Himawari data in both cases.

In the comparison with RTTOV-SCATT (Section 3.2), the same angles are passed to
both models, so that the differences in the output largely reflect model behavior rather than
geometric inconsistency.

2.3. Validation
2.3.1. Statistical Validation

(1) Direct Inference Validation

Generated and observed brightness temperatures (BTs) are compared using probability
density functions (PDFs) and relative error metrics. We estimate PDFs via Gaussian kernel
density estimation with bandwidth following Silverman’s rule. We partition BT into 5 K
bins (e.g., 225-230 K) and compute the bin-wise mean relative error between generated
fields and observations. This stratification reveals model performance across diverse
atmospheric regimes, from deep convection to clear-sky conditions. The relative error at
each pixel is computed as
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O

where S and O denote simulated and observed BT, respectively. For binned statistics over a

Relative Error =

x 100% (19)

BT range R; containing N; pixels, the mean relative error is

_ 1 N, S] — O]
E, =—) " 100% 20
! N; j=1 O]‘ % (20)

In addition to the relative-error metrics above, we report four standard deterministic
metrics for brightness temperature reconstruction: bias, mean absolute error (MAE), root-
mean-square error (RMSE), and the Pearson correlation coefficient. For a sample of N
paired pixels with simulated values S i and O]-, these are defined as

N
1

BIAS = N]-_Z1 (S;—0)) (21)

1 N
MAE = N,-; Eyel (22)

1 N
2

RMSE = | ) (Sj=0)) (23)

j=1

YN, (5-5)(0j-0)

CORR = —
VEL: (5,-575), (0;,-0p

(24)

where S and O denote the sample means of S and O. These metrics are computed
channel-wise.

(2) Merge-Observation Sampling Validation

To quantify the benefit of observational fusion, we designed paired experiments using
10 min microwave scans. Each scan is partitioned into two 5 min windows: the first
provides observations for conditioning via the merge-sampling mechanism (Section 2.2.4),
and the second serves as independent verification. The ensemble-mean RMSE is computed
using Equation (23), with S; replaced by the ensemble mean over the 50 members and O;
by the observation, evaluated over the valid verification pixels.

The continuous ranked probability score (CRPS) evaluates probabilistic calibration by
measuring the integrated squared difference between the ensemble cumulative distribution
function F(x) and the observation:

CRPS(F, o) :/ [F(x) — 1(x > 0)]2dx (25)
where 1(-) is the Heaviside step function. Spatially averaged CRPS is computed across all
verification pixels. In practice, the integral is approximated from the sorted ensemble mem-
bers {x(l), X(2)s -+ X(n) }, treating intervals below and above the observation separately to
ensure numerical stability. The spatially averaged CRPS is then obtained as

— 1 —N
CRPS = ) ;" CRPS; (26)

A simultaneous decline in both metrics after incorporating observations indicates that
(1) the ensemble mean moves closer to truth (reduced RMSE), and (2) ensemble spread be-
comes better calibrated around observations (reduced CRPS). Such improvements confirm
that observational constraints successfully propagate to neighboring unmeasured regions.
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2.3.2. Baseline Comparison

To assess the value of the diffusion formulation, we trained a deterministic U-Net
baseline that performs single-pass regression from the same conditioning inputs to the
MWHS-2 brightness temperatures. The baseline mirrors the conditional network of MIDAS
in input configuration (nine condition channels), output configuration (five MWHS-2
channels), base channel width (48), channel multipliers (1, 2, 4, 8), and ResNet block
structure with GroupNorm and SiLU activations. The diffusion-specific components are
removed: there is no noise injection, no timestep embedding, and no classifier-free guidance.
The network is trained on the same training set as MIDAS with a mean-squared-error loss.
Inference is a single forward pass through the trained network.

2.3.3. Cloud-Sensitivity Evaluation

MIDAS is trained under all-sky conditions, without explicit cloud information as
input. In contrast, a two-regime model conditioned on distinct clear or cloudy states would
require a cloud classification product during inference. Geostationary cloud classification
relies partly on visible channels, limiting its reliability during nighttime. Polar-orbiting
cloud products, in turn, lack full temporal coverage. To avoid these dependencies, the
training data was not separated into clear-sky and cloudy conditions, which forces the
model to learn cloud-related signatures implicitly from brightness temperature patterns.

To assess how this implicit learning impacts performance across various cloud regimes,
we conducted a cloud-sensitivity analysis on the 2024 evaluation set. Each pixel was
classified as either clear or cloudy using the 183 GHz self-filtering method described by
Buehler et al. [47]. The scheme leverages the relative response of the 183 GHz humidity
channels to cloud-induced brightness temperature depression. A pixel is designated as
cloudy if either of the following criteria is met:

(1) The brightness temperature at 183.31 & 1 GHz falls below a viewing-angle-dependent
threshold, adopted from Table 1 of Buehler et al. [47];
(2) The brightness temperature difference TB (183 = 3) — TB (183 £ 1) <0.

Subsequently, channel-wise mean absolute error (MAE) was computed separately for
all clear and cloudy pixels within the 2024 evaluation set.

2.3.4. WRFDA Assimilation Experiments
Model Configuration and Assimilation Framework

Beyond numerical accuracy, it is important to evaluate whether synthesized BTs
preserve physically meaningful relationships with the atmospheric state. To assess this,
generated BTs were assimilated using the Weather Research and Forecasting (WRF, v4.4.2)
model [48] with the WRFDA (v4.2) 3DVAR system [49].

WREF is a community-developed, fully compressible, non-hydrostatic mesoscale nu-
merical weather prediction system that supports both research and operational forecasting
applications across scales from meters to thousands of kilometers. All simulations use a
451 x 451 grid at 9 km horizontal resolution with ERA5 initial and lateral boundary condi-
tions. The model physics include the Thompson microphysics scheme [50] for cloud and
precipitation processes, the RRTMG scheme [51] for longwave and shortwave radiation, the
Mellor—Yamada—Janji¢ (MY]) planetary boundary layer scheme [52] with the Eta similarity
surface layer parameterization [53], the Noah land surface model [54], and the modified
Tiedtke cumulus parameterization [55,56].

Generated BT fields are reformatted with geometric metadata to emulate Level-1 Fengyun
products, enabling seamless integration into assimilation workflows. A three-dimensional vari-
ational (3DVAR) approach [57] is applied for direct assimilation of satellite-simulated
brightness temperatures, with Radiative Transfer for TOVS (RTTOV, v12) serving as the
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observation operator. Observations are thinned to a 30 km mesh, a trade-off between obser-
vation density and analysis quality determined from preliminary assimilation tests with
real MWHS-2 observations. A relatively dense spacing is preferred to allow more spatial
detail from the synthesized fields to enter the assimilation system for evaluation. Varia-
tional bias correction is applied, and a three-standard-deviation relative departure check is
used for quality control. The observation operator and background error covariances are
identical for real FY and MIDAS-generated brightness temperatures across all experiments.

The observation error standard deviation o, is set separately for the two data sources.
For real FY observations, the conventional WRFDA default values are used. For MIDAS-
generated radiances, 0, is estimated using the Desroziers diagnostic [58], which derives
observation error statistics from the observation-minus-background (O-B) and observation-
minus-analysis (O-A) departures:

02 ~ E[(y— H(xa))(y — H(x))"] 27)

where y denotes the observation vector, H is the observation operator, and x;, and x, are
the background and analysis states, respectively. The diagnostic is computed from the last
8 days of the 24-day spin-up period, after the VarBC coefficients have converged, using
four cycles per day with approximately 10,000 quality-controlled samples per channel
per cycle. The diagnosed values are inflated by a factor of 1.5, a conservative choice
motivated by the known tendency of the Desroziers method to underestimate errors not
captured by the bias correction. Differences in the bias correction procedure between
the two data sources are described in the section “Bias Correction Strategy for MIDAS-
Generated Brightness Temperatures.”

Two high-impact weather cases are examined (Table 2). The first is a heavy rainfall
event over Guangdong Province, China (7-8 September 2023), testing single-time initialization
with MIDAS ensemble members. The second is Tropical Cyclone Yagi (2024), testing cycling
assimilation to evaluate sustained impact under continuous observation incorporation.

Table 2. Configuration of assimilation experiments.

Experiment Data Source Case 1: Guangdong Rainfall Case 2: TC Yagi
06:00 UTC 6 September-00:00 UTC 00:00 UTC 5 September-00:00 UTC
8 September 2023 8 September 2024
CTRL None — —
REAL_FY FY-3D MWHS-2 Single-time (06:00 UTC, 6 September)  Cycling (06:00, 18:00 UTC, 5-6 September)
HWI Himawari AHI Single-time (06:00 UTC, 6 September)  Cycling (06:00, 18:00 UTC, 5-6 September)
MIDAS Generated MWHS-2 Single-time (MIDAS members) Cycling (06:00, 18:00 UTC, 5-6 September)

Quality Control and Bias Correction

Cloud-contaminated pixels are first removed using the 183 GHz cloud-filtering method
of Buehler et al. [47], the same scheme used for the cloud-sensitivity analysis in Section 2.3.3,
so that the assimilation is performed under a clear-sky framework. Observations are
then thinned to a 30 km mesh, and a three-standard-deviation relative departure check
is applied for quality control. These procedures are applied identically to real FY and
MIDAS-generated brightness temperatures. For real FY brightness temperatures, varia-
tional bias correction (VarBC) is applied in its conventional form. For MIDAS-generated
brightness temperatures, a small adaptation to the bias-correction procedure is required,
described below.
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Bias Correction Strategy for MIDAS-Generated Brightness Temperatures

The VarBC coefficients were trained through an offline spin-up over a 24-day training
period, distinct from the case-experiment periods, in which the coefficients were iteratively
updated cycle by cycle until they stabilized. The converged coefficients were then used
in their pre-trained form for the case experiments, without further update during the
case assimilation.

The OMB of MIDAS-generated brightness temperatures relative to a model back-
ground has a different structure from that of real radiometer observations. In addition
to the slowly varying biases that VarBC normally corrects, MIDAS-generated brightness
temperatures carry an additional reconstruction error whose magnitude varies with the at-
mospheric state being synthesized. This source of bias does not occur in observations from
physical instruments. When VarBC is applied directly to such OMB, this state-dependent
error drives the constant predictor away from a stationary value at each cycle. The other
predictors then compensate, and the coefficients fail to reach a stable state. We therefore
apply a two-stage correction: a scalar offset is removed first, and the standard VarBC is
invoked on the shifted fields.

For each assimilation cycle, after the quality control procedures described above, we
form the OMB sample for each channel c and compute its histogram-based mode:

Ac = mode ({y§ — Hf(xh)}fifl), c=1,...,5 (28)

with N.~10* samples per channel after quality control. The mode is adopted in preference
to the mean because it is insensitive to heavy-tailed residuals from imperfect cloud detection
and rare synthesis outliers, while asymptotically approaching the mean for unimodal
symmetric distributions. The brightness temperatures entering the assimilation are then
shifted by this offset, y; — A, and the conventional VarBC bias model is applied on the
shifted fields:

K
be(Be, pi) = Beo + Z BekPijr (29)
k=1
where the predictors p are the standard set used for microwave humidity sounders (con-
stant, lapse rate, integrated water vapor, etc.), and B. are the pre-trained coefficients
introduced above.
The total bias correction applied to each MIDAS BT is therefore A, + b. (B, p;). Here,
A. absorbs the dominant, cycle-dependent offset at each cycle. The remaining term S,
together with the predictor-dependent terms . xp; x, then fits the smaller, structured resid-
uals after the mode-based shift. In the spin-up, the converged B, values are substantially
smaller in magnitude than the corresponding A, for the same channel.
The OMB/OMA diagnostics for this bias correction procedure during the case experi-
ments are reported in Section 3.5, and the convergence behavior of the VarBC coefficients
during spin-up is shown in Appendix A Figure Al.

3. Results

3.1. Verification Against Observations
3.1.1. Snapshot Verification

Figure 3(al-a5,b1-b5) compare MWHS-2 microwave observations with the full-disk
BT fields reconstructed by MIDAS from concurrent Himawari infrared data. Within the
MWHS-2 scan coverage (blue box), the generated BT fields (b1-b5) closely resemble the
observations (al-a5), with both capturing the overall structure of Tropical Cyclone Khanun.
Outside the synchronous observation window, where temporal offsets of up to 20 min
occur, the brightness temperature fields maintain structural consistency. This consistency
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is plausibly related to the limited influence of short-term cloud evolution on the overall
morphology [59]. In unobserved regions, smooth transitions near observational boundaries
provide indirect evidence of physical plausibility.
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Figure 3. Panels (al-a5) present the brightness temperature (BT) observed by the MWHS-2 in-
strument onboard FY3D on 31 July 2023. The blue rectangular box indicates the scanning cov-
erage from 04:50 to 05:00 UTC. Panels (b1-b5) show the full-disk BT fields generated by the MI-
DAS model, guided by infrared observations from the Himawari during the same time period.
Panels (c1-c5) and (d1-d5) provide enlarged views over the Tropical Cyclone Khanun region for
both the observed and generated BT fields, respectively, with the mean BT values labeled in each
panel. Panels (e1-e5) illustrate the relative error distribution (blue bars) of each microwave channel on
the test set under different BT thresholds, along with probability density function (PDF) comparisons
(lines: orange = observed, blue = generated). (e6) Channel-wise BIAS, MAE, and RMSE (in K) of the
generated BT fields evaluated on the test set.

Figure 3(c1-c5,d1-d5) show enlarged views of Tropical Cyclone Khanun. MIDAS
reproduces the spatial patterns and BT magnitudes across all channels, with regional
mean BT differences within 1 K. Large-scale convective features such as cold BT anomalies
near the convection centers and the spiral cloud banding are recovered. The 183 + n GHz
channels sense atmospheric water vapor at different altitudes with strong cloud-penetrating
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capability [60], whereas Himawari infrared observations are attenuated by deep clouds.
The reconstruction of microwave BT fields from cloud-attenuated infrared inputs indicates
that the model has learned a meaningful cross-modal mapping.

The probability density functions in panels el-e5 are computed on samples drawn
from days held out from training. They indicate close alignment between the gener-
ated and observed BT distributions. The curves nearly overlap within the main BT
range, where relative errors remain below 2% across all channels. In regions with high
probability density (PDF > 0.01), errors remain below 0.5% (approximately 1 K), con-
firming reliable reconstruction for typical atmospheric conditions. Channel-wise error
metrics computed on the same test set are summarized in panel e6, with a mean BIAS
of 0.04 K, MAE of 0.85 K, and RMSE of 1.78 K across the five channels. Systematic
deviations emerge primarily at the distribution extremes, where low BTs tend to be
overestimated and high BTs are mildly underestimated. Low BTs correspond to deep
convective scenes that pose specific challenges for cross-modal reconstruction, which we
examine in Section 3.1.3.

3.1.2. Independent Generalization Assessment

To evaluate the model under data drawn entirely outside the training period, we
processed about 20,000 paired samples from 2024, with roughly 10,000 each from FY-3D and
FY-3E and distributed uniformly across the year. All samples in this section are generated
with a classifier-free guidance weight of w = 0.5. On this dataset, we ran three analyses: a
comparison with a deterministic U-Net baseline, a per-platform evaluation, and a cloud-
sensitivity test based on a microwave cloud detection scheme. Details of the baseline and
cloud detection method are given in Section 2.3.

MIDAS outperforms the U-Net across all five channels and four evaluation metrics
(Table 3). Mean MAE drops from 1.43 K to 1.15 K, mean RMSE from 2.46 K to 2.10 K,
and mean bias from 0.58 K to 0.40 K. The mean correlation rises from 0.965 to 0.974. Both
models incur larger errors at lower brightness temperatures, but the MAE-versus-BT curves
in Table 3 show that MIDAS retains a consistent advantage across the entire BT range.
Two properties of the diffusion framework plausibly contribute to this gap. The iterative
denoising trajectory lets MIDAS refine the output over many steps rather than commit in a
single regression pass. Classifier-free guidance further constrains the output through an
unconditional model trained on microwave fields, which provides a data-driven prior on
the plausible MWHS-2 structure.

Compared to the baseline test set (Section 3.1.1), which yielded a mean bias of 0.04 K
and MAE of 0.85 K, the 2024 samples exhibited an increase in both bias and MAE by
approximately 0.3 K. This consistent incremental shift suggests the presence of a systematic
inter-annual offset rather than a degradation of the model’s structural skill. For operational
deployment, periodic recalibration of normalization statistics or fine-tuning the model with
recent data would be crucial for mitigating these effects.

In addition to cloud conditions, the underlying surface type also affects reconstruction
accuracy. Land pixels show systematically larger MAE than sea pixels across all channels,
with the gap widening from 0.15 K at 183.31 £ 1 GHz to 0.83 K at 183.31 & 7 GHz. For the
channels that sense closer to the surface, surface emission plays an increasingly important
role in determining the observed microwave brightness temperature.

Despite these inter-annual variations, the system’s performance remained consistent
across the two MWHS-2 platforms, with FY-3E demonstrating slightly superior accuracy
compared to FY-3D. Specifically, the channel-averaged MAE was 1.19 K for FY-3D and 1.11 K
for FY-3E, while their respective bias values were 0.43 K and 0.37 K (Table 3). Given that FY-
3D and FY-3E share an identical instrument design, this small yet systematic disparity likely
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indicates calibration differences between the individual instruments. Further reduction in
this minor residual difference could be achieved through platform-specific fine-tuning.

Table 3. Evaluation across models, platforms, and cloud regimes.

Channel 183 +1 183 + 1.8 183 + 3 183 + 4.5 183 + 7 Mean
SiA MIDAS 0572 0.453 0.366 0.374 0.210 0.395
UNET 0913 0.695 0.585 0.482 0214 0.578
MIDAS  1.446 1.580 1.879 2.358 3.229 2.098

RMSE
UNET 1.747 1.841 2183 2.740 3.775 2457
MIDAS  0.987 0.983 0.977 0.968 0.955 0.974

CORR
UNET 0983 0.979 0.969 0.957 0.938 0.965
MIDAS  0.944 0.947 1.031 1.207 1.603 1.150

; MAE
Baseline UNET 1.222 1.177 1277 1.503 1.956 1.427

Comparison
183.31+1 183.31+1.8 183.31+3 183.31+4.5 183.31+7
8

a5

—— UNet
—=-. Diffusion

v

MAE
w

225 250 275 250 275 275 300
Brightness Temperature (K)
Cloud MAE Clear 0.9791 0.8942 0.9002 0.9970 1.1909 0.9923
Sensitivity Cloud 1.2353 1.3525 1.6899 2.2377 3.2537 1.9538
Surface MAE Sea 0.8291 0.8619 0.9242 1.0748 1.3698 1.0120
Sensitivity Land 0.9792 1.0801 1.2791 1.6702 2.2018 1.4421
FY 3D 1.0324 0.9896 1.0645 1.2552 1.6202 1.1924
MAE
ICr?SS- FY 3E 0.8594 0.9073 0.9986 1.1994 1.5858 1.1101
atform

\Zhdaﬁon BLAS FY 3D 0.6452 0.4958 0.4086 0.4237 0.1559 0.4259
FY 3E 0.5026 0.4114 0.3256 0.3272 0.2615 0.3657

Panels al-a5 show the MAE as a function of observed brightness temperature for each channel, comparing the
deterministic U-Net baseline (blue) and the diffusion-based MIDAS (orange).

The cloud-sensitivity test shows that clear-sky MAE is lower than cloudy MAE across
all channels. The performance gap between clear-sky and cloudy conditions widens
as the channel weighting function peaks closer to the surface, from less than 0.2 K at
183.31 £ 1 GHz to more than 2 K at 183.31 & 7 GHz. Lower-peaking channels are more dif-
ficult to reconstruct in cloudy scenes than upper-peaking channels. The ensemble standard
deviation follows the same trend, increasing in cloudy regions and toward the lower-
peaking channels, which suggests that MIDAS implicitly recognizes the more challenging
scenes and lowers its own confidence accordingly. We examine this co-variation more
closely in Section 3.1.3 using a tropical cyclone case.

3.1.3. Reconstruction in Deep Convection

To examine reconstruction behavior under extreme low-BT conditions, we apply
MIDAS to Tropical Cyclone Shanshan at 17:50 UTC on 27 August 2024. The case lies
outside the training period and contains a well-developed eyewall and surrounding deep
convection (Figure 4).

MIDAS reproduces the location and overall morphology of the cyclone across all
five channels. The eyewall, the eye, and the surrounding cold-BT bands are recovered.
Channel-averaged MAE rises from 2.46 K at 183.31 +£ 1 GHz to 4.39 K at 183.31 + 7 GHz,
consistent with the cloud-sensitivity result in Section 3.1.2: lower-peaking channels are
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harder to reconstruct under deep convection. The largest errors concentrate near the
eyewall, where strong horizontal gradients in hydrometeor loading produce sharp BT
transitions that are difficult to localize from the smoother infrared input.
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Figure 4. Reconstruction of Tropical Cyclone Shanshan at 17:50 UTC on 27 August 2024. (al-a5) Hi-
mawari infrared brightness temperatures at 6.2, 6.9, 7.3, 12.4, and 13.3 um used as conditioning input.
(b1-b5) Observed MWHS-2 brightness temperatures at 183.31 £ 1, £1.8, £3, £4.5, and +7 GHz.
(c1-c5) Ensemble-mean MWHS-2 brightness temperatures generated by MIDAS, with channel-wise
MAE annotated in each panel. (d1-d5) Error fields (generated minus observed). (e1-e5) Ensemble
standard deviation across 100 MIDAS samples. All brightness temperatures are in Kelvin.

The ensemble standard deviation in panels el-e5 follows a spatially similar pattern to
the error field, with both peaking near the convective core and increasing toward the lower-
peaking channels. This co-location indicates that the ensemble spread tracks regions where
the model is less confident, providing a per-pixel uncertainty signal that point-estimate
baselines such as the U-Net cannot produce.

Two factors plausibly account for the residual error in the convective core. First,
scenes with such low brightness temperatures are rare in the one-year training set, so the
model has limited exposure to the most intense convection. Second, in deep convective
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scenes, the infrared input provides weaker constraints on the microwave state: similar
cold cloud-top signatures can correspond to a wider range of hydrometeor profiles, and
therefore to more diverse microwave brightness temperatures. The ensemble spread also
reflects this ambiguity. Despite these challenges, MIDAS recovers the gross intensity and
structure of the cyclone. Reducing the residual errors in the convective core may require
targeted training strategies, such as oversampling intense convective scenes or fine-tuning
with augmented extreme-case data.

3.2. Long-Term Full-Disk Performance

A central goal of MIDAS is to provide spatially complete fields across the full disk,
including large regions and time periods where no direct observations exist. We conducted
validation over the Northern Hemisphere summer (June-August 2023), a period of highly
variable atmospheric conditions. No single reference is both observationally true and
spatially complete, so we adopt two references with complementary roles.

(1) FY-3D observations serve as the primary standard for quantitative accuracy assess-
ment, though spatially limited by orbital sampling.

(2) RTTOV _scatt simulations provide spatially complete fields for pattern consis-
tency evaluation. RTTOV is a fast, physics-based radiative transfer model widely used in
operational data assimilation, with the SCATT module extending capabilities to all-sky
microwave observations via hydrometeor scattering parameterizations [61-63]. We drive
RTTOV _scatt using ERA5 atmospheric profiles (see Appendix A Table A1), while recog-
nizing their systematic biases in convective regimes due to ERA5’s omission of convective
hydrometeors [64];

By comparing both MIDAS and RTTOV _scatt against the same observational reference
(Figure 5), we isolate each method’s error characteristics rather than treating RTTOV as
ground truth. This approach distinguishes genuine methodological differences from input
data limitations, enabling robust interpretation of spatial patterns where direct observations
are unavailable.

We systematically compare RTTOV_scatt and MIDAS against FY-3D observations
(Figure 5), analyzing spatial patterns (al-c5) and quantitative metrics (d1-d5).

Both methods display a similar spatial structure across all five 183.31-GHz channels.
A distinct region of depressed BTs near 10°N indicates optically thick, vertically extended
cloud systems. RTTOV _scatt exhibits warm biases consistent with ERA5’s underestimation
of hydrometeor loading, whereas MIDAS reproduces cooler, more structured patterns
characteristic of deep convection. Beyond these low-BT zones, both methods depict com-
parable atmospheric patterns in observed and unobserved areas. Such resemblance at the
snapshot level justifies using RTTOV_scatt as a pragmatic reference for evaluating seasonal
statistics. PDF analysis (panels d1-d5) shows that both methods maintain relative errors
below 1% in higher-BT regions corresponding to clearer conditions, with MIDAS achieving
tighter agreement overall. Atlow brightness temperatures (220-225 K, 183.31 &= 1 GHz),
MIDAS attains 1.8% relative error versus 7.6% for RTTOV_scatt, consistent with ERA5’s
convective biases.

Channel-wise correlations between simulations and observations indicate how con-
sistently each method reproduces vertical atmospheric structures. MIDAS maintains
uniformly strong correlations (0.92-0.95) across all channels, indicating stable reconstruc-
tion throughout the atmospheric column and effective cloud-layer penetration even in
lower-troposphere channels. By contrast, RTTOV _scatt correlations decrease with depth
(from ~0.82 to ~0.68), likely reflecting ERA5 limitations in representing convective hydrom-
eteors and boundary-layer processes. Definitive attribution remains uncertain because
errors can arise from both model physics and input data quality. Both models exhibit
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slight warm biases in summer, probably because convective events concentrate colder
observations in the sample. Despite these challenging conditions, overall performance
remains acceptable, with MIDAS showing stable accuracy.
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Figure 5. (al-a5) Brightness temperature (BT) observations from FY-3D microwave channels at
16:00-16:10 UTC on 26 August 2023. (b1-b5) RTTOV_scatt-simulated BTs using ERA5 input at
16:00 UTC. (c1-c5) MIDAS-generated BTs from concurrent Himawari IR observations. Red dashed
boxes in (b,c) denote areas with available observations. (d1-d5) Relative errors for RTTOV_scatt and
MIDAS across BT thresholds and channels, based on data from 1 June to 31 August 2023, sampled at
six daily times (00, 04, 08, 12, 16, and 20 UTC). All BT values are in Kelvin.

We further examined spatial statistics to characterize large-scale behavior (Figure 6).
All channels exhibit similar geographic features (al-b5): depressed brightness temperatures
near the equator, particularly over the Indian Ocean and Southeast Asia, and elevated
values over Australia and parts of the South Pacific. The Intertropical Convergence Zone
(ITCZ) over the eastern Pacific is characterized by low BTs resulting from deep convective
activity [65-67], bordered by drier regions with elevated BTs [68]. These spatial features
align well with the climatological atmospheric circulation patterns over the Asia-Pacific
region during boreal summer. Mean BT differences are within 1.5 K for most regions, with
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larger discrepancies over complex terrain (e.g., the Tibetan Plateau) and zones of strong
humidity gradients (e.g., monsoonal regions).
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Figure 6. Summer (June-August 2023) brightness temperature statistics from RTTOV and the MIDAS
diffusion model for microwave humidity channels. (al-a5) RTTOV-simulated mean BT fields for
five humidity-sounding channels (183.31 & 1 to +7 GHz). (b1-b5) Corresponding mean BT fields
generated by the MIDAS model. (¢1-c5) BT variance fields from RTTOV. (d1-d5) BT variance fields
from MIDAS.

Regarding spatial variability (Figure 6(c1-d5)), both simulations exhibit similar pat-
terns in BT variance: higher values concentrated along the ITCZ and lower variability
over subtropical subsidence regions. However, the variance trends across channels differ
markedly. RTTOV shows an overall decline as the channel shifts from 183.31 1 to +7 GHz
(32.21 — 29.52 K?), while MIDAS displays a steady increase (40.97 — 57.26 K2). The upward
trend is physically consistent with greater atmospheric variability in lower-tropospheric
layers, where boundary-layer processes and surface influences are more pronounced. Such
behavior is expected in regions characterized by complex topography and monsoonal
flows, consistent with the spatial correlation analysis (Appendix A, Figure A2) showing
stronger MIDAS correlations across tropical regions and the Tibetan Plateau. MIDAS also
exhibits lower mean BTs and higher variance in convective regimes, consistent with its
greater sensitivity to low-BT pixels tied to active convection.
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Over the full three-month evaluation period, MIDAS shows spatial patterns broadly
consistent with RTTOV-SCATT. Where the two diverge, notably in convective regimes,
the differences are consistent with ERA5’s known omission of convective hydrometeors.
These results reflect the method’s robustness for long-term, full-disk synthesis, including
the observation-void regions that motivate it.

3.3. Merging Observational Microwave

Polar-orbiting satellites provide invaluable direct microwave measurements, though
temporal gaps exist between successive passes. Our approach works synergistically with
these observations, providing estimates during periods without direct measurements as an
additional resource for continuous monitoring. Through the merge-sampling mechanism,
observational information propagates beyond directly constrained pixels to guide synthesis
across unmeasured regions.

To quantify the benefit of this observational fusion, we designed paired experiments
using 10 min microwave scans. Each scan is partitioned into two 5 min windows: the
first provides conditioning constraints via merge-sampling, and the second serves as
independent verification. MIDAS generates 50-member ensembles under both constrained
and unconstrained conditions. Full-disk merge-sampling combines the rollback procedure
with simultaneous denoising of all overlapping patches under the MultiDiffusion strategy,
so memory and runtime grow with both rollback iterations and ensemble size. This size
was chosen as a practical compromise between probabilistic stability and computational
cost. RMSE measures deterministic accuracy of ensemble means, while CRPS evaluates
probabilistic calibration of ensemble spread.

Figure 7 demonstrates the impact of incorporating partial microwave observations
on MIDAS reconstruction over the eastern equatorial Pacific near Indonesia. Across all
five channels, root-mean-square error (RMSE) values consistently decline (e.g., Channel
183.31 £ 7 GHz: 5.18 — 3.92, >20% reduction). This confirms the model’s ability to ef-
fectively leverage localized observations to improve predictive skill. Ensemble spread
(quantified by standard deviation, STD) and the continuous ranked probability score
(CRPS) both decrease following assimilation. For Channel 183.31 &+ 7 GHz, CRPS drops
from 6.15 to 4.11, representing a reduction of over 30%, indicating that the model’s uncer-
tainty representation better matches the actual error distribution. The reduction in STD
reflects a more concentrated ensemble. Simultaneously, the lower CRPS confirms improved
predictive accuracy without sacrificing uncertainty representation.

The verification region (14:15-14:20 UTC) contains large brightness temperature gra-
dients from alternating convective and clear-sky conditions, presenting a challenging
reconstruction scenario. These performance gains, achieved under such demanding con-
ditions, demonstrate enhanced probabilistic reliability. Post-assimilation STD fields show
spatially continuous uncertainty across both observed and unobserved regions, without
abrupt gradients or discontinuities near observation boundaries. This reflects the model’s
diffusion mechanism, where observational influence propagates to surrounding areas
through learned atmospheric relationships.

Compared to conventional conditional models, our approach offers a distinct advan-
tage in its ability to utilize observational data. When partial observations become available,
the model can incorporate them to refine its estimates, potentially improving accuracy
in real time. Furthermore, this framework shows promise for multi-satellite collabora-
tion: it can help bridge spatial gaps between microwave swaths from different satellites,
supporting data continuity across observational systems.
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Figure 7. Evaluation of observation-constrained microwave brightness temperature (BT) recon-
struction using MIDAS. (al-a5) Observations from five microwave humidity channels (183.31 £ 1,
+1.8, £3, £4.5, and +7 GHz) acquired over the eastern equatorial Pacific near Indonesia during
14:10-14:20 UTC on 28 June 2023. (b1-b5) Ensemble mean fields from 50 runs of the conditional
model without assimilating observations from the first 5 min window (14:10-14:15 UTC). Root-
mean-square error (RMSE) values, shown in the lower right of each panel, are computed over the
verification region based on the remaining observations from 14:15-14:20 UTC. (c1-c5) Ensemble
means after assimilating the first 5 min observations using the inpaint method. RMSEs are reported
for the same verification region. (d1-d5) Standard deviation fields from 50 ensemble members
without assimilation; corresponding CRPS values are noted. (el-e5) Standard deviation fields after
assimilation, with CRPS values calculated over the verification region. The dashed rectangles mark
the spatial coverage of the assimilated 5 min observation window.

3.4. Sensitivity to Inference Hyperparameters

Two inference modes of MIDAS depend on tunable parameters: direct inference is con-
trolled by the classifier-free guidance coefficient w (Equation (11)), and merge-observation
inference is controlled by the rollback parameters add_noise_steps, jumps_every, and r. We ex-
amine the sensitivity of MIDAS to these parameters on independent 2024 samples (Figure 8).
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Figure 8. Sensitivity of MIDAS to inference hyperparameters, evaluated on independent 2024 samples.
(Left) Effect of the classifier-free guidance coefficient w on direct inference, evaluated on 200 randomly
selected samples with 100 ensemble members per sample. Each marker shows the ensemble-mean
MAE (x-axis) and ensemble standard deviation (y-axis) at one value of w. (Right) Effect of the
merge-sampling rollback parameters on the reconstructed region, evaluated on 1000 samples, with
the upper half of each patch supplied as known observations. The four panels correspond to
add_noise_steps = 5, 10, 20, and 30. Within each panel, rows show the number of rollback iterations
per jump (r € {1, 2, 4, 8}) and columns show the interval between rollback operations in denoising
steps (jumps_every € {3, 5, 10, 20}). Cell values are MAE (K) on the reconstructed region.

The coefficient w controls the relative influence of the conditional and unconditional
models during sampling. When w > 0, the conditional model is amplified, steering the
output toward stronger alignment with the infrared input. When w < 0, the unconditional
model receives greater weight, allowing the generation to deviate more freely from the
conditioning and produce greater sample diversity.

As shown in Figure 8 Left, when w is negative and large in magnitude (w = —1.0,
—0.8), MAE increases sharply (exceeding 3 K and 7 K respectively), indicating that excessive
unconditional weighting leads to unacceptable reconstruction error. From w = —0.5 onward,
MAE stabilizes at approximately 1.5 K and remains at this level through w = 2.0. The key
difference across this stable range lies in ensemble spread: STD decreases from above
1.0K at w = —0.5 to below 0.2 K at w = 2.0. At w = —0.5, MAE is only slightly higher
than at w = 0.0, while STD exceeds 1.0 K, providing meaningful ensemble diversity well
suited for probabilistic applications. As w increases, STD decreases and individual samples
converge toward the ensemble mean, yielding stable single-sample estimates suited for
deterministic applications.

For merge-observation inference, the rollback parameters were varied with the upper
half of each patch supplied as known observations, and MAE was evaluated on the recon-
structed half (Figure 8 Right). Across all four panels, larger r and smaller jumps_every
generally yield lower MAE, except at jumps_every = 3, where r = 4 outperforms r = 8, likely
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because combining very frequent jumps with many rollback iterations introduces excessive
re-noising that offsets stronger observational anchoring. Smaller add_noise_steps also
improves accuracy: the lowest MAE (0.71 K) is reached at add_noise_steps = 5, compared
with 0.76 K and 0.86 K for 10 and 20 respectively. This suggests that moderate re-noising
depth sulffices to propagate observational constraints. Deeper re-noising not only increases
computational cost but also disrupts already denoised structure.

Based on these analyses, we use w = 0.5 for deterministic evaluations and w = —0.5 for
ensemble analyses. The merge-sampling experiments in Section 3.3 use add_noise_steps = 10,
r = 4, jumps_every = 3. This configuration sits in the well-performing region of the
parameter space: its MAE is close to the best-performing combination tested.

3.5. Assimilation Experiments for High-Impact Weather

This section evaluates whether MIDAS-generated brightness temperatures contain
physically meaningful atmospheric information for numerical weather prediction. Gener-
ated BT fields are reformatted with geometric metadata (solar and satellite zenith/azimuth
angles) and geolocation to emulate Level-1 Fengyun products. These angular parameters
are essential for radiative transfer calculations within the assimilation system, ensuring
that observation operators correctly account for viewing geometry. This formatting enables
seamless integration into existing variational assimilation workflows.

3.5.1. Verification of Deviation Correction Effectiveness

To evaluate the effectiveness of the bias correction procedure described in the sec-
tion “Bias Correction Strategy for MIDAS-Generated Brightness Temperatures,” Figure 9
presents the scatter distributions and departure histograms of the observation-minus-
background (O-B) and observation-minus-analysis (O-A) statistics for the five MWHS-2
channels, illustrated using one member from the Guangdong heavy rainfall case.

Before bias correction, the 183.31 4+ 1 GHz channel exhibits a warm bias of 1.77 K in
the background field (Figure 9(al)), and the 183.31 + 1.8 GHz channel shows a bias of
1.35 K (Figure 9(b1)). After applying correction, these biases are reduced to 0.31 K and
0.15 K, respectively (Figure 9(a2,b2)). For the remaining three channels, the corrected mean
biases are all within 0.5 K (Figure 9(c2,e2)). The departure histograms before correction
are shifted away from zero, with the 183.31 £ 1 GHz distribution peaking near 1.5-2.0 K
(Figure 9(a4)). After correction, the distributions tend toward a Gaussian shape and shift
closer to zero (Figure 9(a5-€5)), indicating that the dominant systematic component has
been absorbed by the bias correction. After assimilation (Figure 9(a3—€3)), the O-A mean
biases approach zero across all five channels, and the RMSE values are reduced relative
to the corresponding bias-corrected O-B (e.g., from 1.74 K to 1.24 K at 183.31 = 1 GHz,
from 1.65 K to 1.14 K at 183.31 =+ 1.8 GHz). The O-A histograms (Figure 9(a6-€6)) exhibit
approximately Gaussian characteristics with peaks near zero. These diagnostics confirm
that the bias-corrected MIDAS brightness temperatures are processed by the assimilation
system in a manner consistent with standard satellite radiance assimilation.

3.5.2. Heavy Rainfall over Guangdong

The heavy rainfall event over Guangdong Province during 7-8 September 2023 reached
an observed maximum 24 h accumulation of 490.5 mm (Figure 10a). For this case, we gener-
ated ten MIDAS members from the same conditioning input and assimilated each member
independently. Three of the ten members (memberl, member2, member3) are shown in
Figure 10 to span a range of forecast outcomes from stronger to weaker, alongside the CTRL,
REAL_FY, and HWI experiments. ETS scores are also computed for these six experiments
and for ENSEMBLE_MEAN, the arithmetic average of the 24 h accumulated precipitation
forecasts from the ten assimilated MIDAS members.
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Figure 9. Observation departure diagnostics for one MIDAS ensemble member assimilated at 06:00
UTC on 6 September 2023 in the Guangdong heavy rainfall case. Each row corresponds to one MWHS-
2 channel (183.31 £+ 1, £1.8, &3, £4.5, and +7 GHz, from top to bottom). Panels (al—e1) show scatter
plots of observed versus background brightness temperatures before bias correction (O-B), with mean
bias and RMSE annotated. Panels (a2—-e2) show the same after applying the bias correction (O-B
with VarBC). Panels (a3-e3) show observation-minus-analysis (O-A) scatter plots after assimilation.
Panels (a4—e4,a5-e5,a6-e6) present the corresponding departure frequency histograms for O-B, O-B
(VarBC), and O-A, respectively. In panels (al-e3), the red solid lines indicate the 1:1 diagonal. In
panels (ad—e6), the red dashed lines mark zero departure. All brightness temperatures and departures
are in Kelvin.

The CTRL forecast produces a maximum 24 h accumulation of 288.7 mm (Figure 10(b1)).
REAL_FY raises this to 342.1 mm (Figure 10(b2)), whereas HWI yields a lower maximum
of 251.1 mm (Figure 10(b3)), reflecting the limited sensitivity of infrared radiances to the
vertical moisture structure associated with deep convection. The three MIDAS members
produce maxima of 379.5 mm, 350.3 mm, and 349.0 mm (Figure 10(b4-b6)), higher than
CTRL and HWI, comparable to or higher than REAL_FY, and still below the observed peak.

The Equitable Threat Scores (ETSs) shown in Figure 10c reveal a pronounced spread
among the three MIDAS members. Member1 performs best at high thresholds, with ETS
values of 0.33 at 150 mm, 0.22 at 200 mm, and 0.27 at 300 mm, the only experiment with a
non-zero score at the 300 mm threshold. Member3 reaches the highest single-member score
at 100 mm (0.32) and remains above most experiments at 150 mm and 200 mm. Member2
stays near CTRL between 25 and 150 mm and falls to zero at 200 mm and above. Such
inter-member variability arises from the stochastic sampling of the diffusion process and
is by design retained in this experiment through a low classifier-free guidance setting
(w = —0.5). ENSEMBLE_MEAN achieves the highest scores at moderate thresholds (0.31 at
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Observed Accumulated Precipitation
Start: 2023-09-07 00:00 End: 2023-09-08 00:00

50 mm and 0.33 at 100 mm) and remains comparable to REAL_FY up to 150 mm, but drops
to 0.17 at 200 mm and to zero at 250 mm and above. The averaging smooths out the location
and intensity of the convective cores across members, sharpening the forecast at moderate
intensities but suppressing the local extremes that memberl1 still captures.
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Figure 10. (a) Observed 24 h accumulated precipitation (mm) from 00 to 00 UTC on 7-8 September 2023.
(b1-b6) 24 h accumulated precipitation forecasts from six experiments: (b1) Control experiment
(CTRL), without any data assimilation. (b2) Assimilation of FY-3D satellite data over a 4 h window
(REAL_FY). The lower-right inset shows the spatial coverage of assimilated observations, with blue
dashed line indicating the scanning tracks of the satellite. (b3) Assimilation of Himawari infrared data
at 06 UTC (HWI). (b4-b6) Assimilation of three distinct ensemble members from the MIDAS model
(MIDAS_memberl, member2, and member3). (c) Equitable Threat Score (ETS) values for rainfall
thresholds ranging from 10 to 300 mm across all six experiments and the ten-member ensemble mean.

Notably, direct infrared assimilation (HWI) improves only light rainfall forecasts,
whereas MIDAS outperforms HWI at heavy precipitation thresholds. This contrast demon-
strates that MIDAS captures microwave-specific atmospheric signatures rather than repli-
cating infrared characteristics. The cross-modal translation effectively extracts moisture
and hydrometeor information that, while implicit in infrared radiances, cannot be fully
exploited by the assimilation system in its native spectral form.

3.5.3. Tropical Cyclone Yagi

To evaluate the stability and effectiveness of MIDAS within a real-time cycling assim-
ilation framework, we emphasize one of its key advantages over conventional satellite
observations: the ability to provide continuous BT fields in both time and space. This
spatiotemporal continuity is particularly beneficial for the analysis and prediction of longer-
lived mesoscale phenomena, such as tropical cyclones. Yagi, the eleventh named storm
in the 2024 Western North Pacific typhoon season, is chosen to evaluate the proposed
assimilation approach. The MIDAS ensemble for this case is generated with a classifier-free
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20°N
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guidance coefficient (w) of 1.0. As shown in Section 3.4 (Figure 8), at this w value, the
ensemble standard deviation falls to about 0.3 K, so the ten members are nearly identical.
The ten-member ensemble mean is used as the assimilation input.

As shown in Figure 11a, the MIDAS experiment reproduces the observed track most
closely, with a mean track error of 39.84 km. CTRL shows the largest deviation (mean error
108.71 km). REAL_FY and HWI yield intermediate improvements but remain displaced
northward of the observed trajectory. The track divergence becomes pronounced after the
18 UTC analysis on 5 September. Notably, track divergence among the experiments becomes
more evident after the 18:00 UTC assimilation cycle on 5 September, highlighting the pivotal
role of this update. As shown in the inset, the FY-3D pass at this time fails to capture the
TC core, likely contributing to REAL_FY’s track deviation. MIDAS compensates for this
coverage gap through its spatiotemporally continuous fields, yielding a more coherent
track simulation.

Large markers (UTC):

2024090506
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Figure 11. (a) TC tracks between 06:00 UTC on 5 September and 12:00 UTC on 7 September 2024.
The black line denotes the observed track (OBS), while colored lines correspond to CTRL (no as-
similation), REAL_FY (FY-3D assimilation), HWI (Himawari assimilation), and MIDAS (machine
learning-generated BT assimilation). Large solid dots mark the four assimilation cycles (06:00 and
18:00 UTC on 5 and 6 September), aligned with major FY-3D overpasses. The bottom-right inset of
panel a shows FY-3D coverage during the four 4 h assimilation windows. Panels (b1-b4) display
500 hPa temperature (shading) and geopotential height (contours) at 18:00 UTC on 5 September for the
four experiments, highlighting differences in upper-level thermal structure relevant to TC steering.

Figure 11(b1-b4) displays the 500 hPa temperature (shading) and geopotential height
(contours) at 18 UTC on 5 September. The geopotential height patterns are still similar
across the four experiments, reflecting a typical subtropical ridge configuration not yet
differentiated by the assimilation. The temperature fields, however, differ systematically,
with the ridge warming progressively from CTRL through HWI and REAL_FY to MIDAS.
This warming gradient suggests that assimilating water vapor-sensitive microwave chan-
nels (e.g., 183 & n GHz) substantially modifies the thermal structure of the mid-to-upper
troposphere. The resulting thermal enhancement likely reinforces the subtropical ridge,
thereby improving the steering flow and yielding a more southward and realistic TC track.
MIDAS'’s performance stems from its broader spatial coverage and temporally continuous
input, which enable a more accurate reconstruction of upper-level thermal structures over
the subtropical ridge.

Taken together, the two cases show that assimilating MIDAS-generated brightness
temperatures produces forecast adjustments comparable to those from real microwave ob-
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servations. The spatial and temporal continuity of MIDAS provides additional value when
real observations are not available at the times and locations most relevant to the evolving
system. These are proof-of-concept results based on two cases, and broader testing across di-
verse synoptic regimes, seasons, and regions is needed to establish operational robustness.

4. Discussion
4.1. Considerations on Cross-Modal Estimation

The infrared and microwave channels used in this study differ in their contribution
layer thickness and molecular transition mechanisms, which raises the question of what
factors may support or limit the estimation of microwave brightness temperatures from
infrared observations. The model architecture does not allow us to isolate how individual
factors are represented internally, but we attempt to explore the possible reasons below.

MIDAS aims to find a statistical association between co-located infrared and mi-
crowave brightness temperature fields rather than modeling the physical processes in
either regime. Such an association is not necessarily causal, as the infrared observations do
not physically generate the microwave signal, but a statistical relationship that is stable
and learnable can still be useful for estimation purposes. The basis for this association
may lie in the fact that both infrared and microwave channels are governed by the same
atmospheric thermodynamic state. This shared dependence is further supported by the
vertical coupling inherent in the atmosphere, where temperature, humidity, and cloud
properties at different altitudes are connected through convective transport and large-scale
circulation. Such couplings imply that atmospheric properties at different levels are statisti-
cally correlated, which the model can potentially draw upon when estimating microwave
brightness temperatures at levels not directly sensed by the infrared channels.

In practice, the strength of this estimation depends on how well the infrared inputs
characterize the relevant atmospheric state. The five AHI channels used in this study
span from the upper troposphere down to the surface or cloud-top boundary, collectively
capturing humidity at multiple levels, the thermal environment, and the lower boundary
condition. These inputs represent a meaningful, though not exhaustive, description of
the tropospheric state. Where the infrared constraints are strong, reconstruction is more
accurate; where they weaken, errors grow. This is supported by the evaluation results: MAE
increases monotonically from 0.94 K at 183.31 &= 1 GHz to 1.60 K at 183.31 4= 7 GHz (Table 3),
with the largest errors at the lowest-peaking channel, whose weighting function peaks at
a lower altitude than most of the input infrared channels. The total column water vapor
(TCWV)-stratified evaluation (Table A2) shows a similar pattern. Under dry conditions
(TCWV < 15 mm), atmospheric opacity is reduced and the microwave channels sense closer
to the surface, where surface emission introduces variability that the infrared inputs cannot
adequately constrain. Under very moist conditions (TCWV > 60 mm), the infrared channels
are blocked by optically thick clouds, while the microwave channels retain sensitivity at
much lower altitudes, making the estimation more ambiguous. Both cases are associated
with larger errors.

4.2. Areas for Refinement

MIDAS achieves a channel-averaged mean absolute error of 1.15 K, but the residual
errors are not evenly distributed and reflect several areas where the current implementation
can be improved.

The most prominent error source is related to surface characteristics. As the land—ocean
stratified evaluation (Table 3) shows, land pixels exhibit systematically larger errors than
ocean pixels, with the gap widening toward the channels that sense closer to the surface.
The current model applies uniform normalization across all surface types. Given the large
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ocean-land emissivity contrast at microwave frequencies, separate treatment of ocean
and land surfaces, or incorporating explicit surface-type information as a conditioning
input, would be a necessary step toward reducing the land-ocean error gap documented in
Section 3.1.2 (Table 3).

The data preprocessing pipeline also introduces simplifications that merit refinement.
The current gridding procedure treats each pixel as a point at its geolocated position with-
out accounting for the actual footprint shape, which degenerates into an elongated ellipse at
larger scan angles. At the same time, within a single 0.2° grid cell, multiple pixels with dif-
ferent scattering conditions may be averaged together, which can smooth sharp transitions
at convective boundaries. Adopting an interpolation scheme that accounts for the actual
field-of-view shape, or imposing a stricter satellite zenith angle threshold during inference,
would help mitigate this limitation. At inference time, a fixed satellite zenith angle of 15°
is prescribed as a simplification for regions without polar-orbiting coverage. Adopting
orbit-predicted viewing geometry would provide more realistic angular conditions across
the full disk.

At the training data level, deep convective scenes remain systematically more difficult
to reconstruct. Extreme low-BT events are rare in a one-year training set, and oversampling
intense convective cases or fine-tuning with augmented extreme-case data could help
address this. Additionally, brightness temperature distributions show small but systematic
inter-annual offsets between training and later evaluation periods, and FY-3D and FY-3E
achieve similar but not identical accuracy under the unified training strategy. These issues
could be addressed through periodic recalibration of the normalization statistics and
platform-specific fine-tuning, respectively.

4.3. Future Directions

Beyond the refinements discussed above, the framework can be extended in sev-
eral broader directions. The current implementation is restricted to five MWHS-2
humidity channels near 183 GHz. Extending it to temperature-sounding channels
(50-60 GHz) and window channels (89-150 GHz) would significantly enrich the atmo-
spheric information content.

MIDAS can also operate in coordination with existing polar-orbiting observations
through the merge-sampling mechanism, which incorporates real observations as phys-
ical constraints to improve the generated fields. This mechanism could extend to multi-
instrument settings, bridging spatial gaps between swaths from different polar-orbiting
platforms and enabling a more complete global microwave field.

On the assimilation side, the experiments presented in this study are proof-of-concept
demonstrations under a clear-sky framework. Broader validation across diverse synoptic
regimes, seasons, and regions is needed to establish operational robustness. Extending to
all-sky assimilation would enable the direct incorporation of cloud and precipitation sig-
nals. The assimilation configuration itself, including viewing geometry, thinning distance,
observation error assignment, and bias correction strategy, requires systematic optimization.
Given the probabilistic characteristics of the generated ensembles, tailored ensemble-based
assimilation approaches may also be needed to fully exploit the information they carry.

Looking further ahead, geostationary infrared sensors have provided continuous
observations since the 1980s, pre-dating the near-global microwave humidity sounding
coverage, which only became available with the multi-satellite constellations of the 2010s.
Applying a framework of this kind to multi-decadal infrared archives could in principle
extend the temporal range of consistent humidity-sounding fields, supporting long-term
climate diagnostics and reanalysis of past extreme weather events. This direction would
require further validation across longer time spans and varied climate regimes.
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5. Conclusions

In this study, we introduced MIDAS, a probabilistic framework that synthesizes mi-
crowave humidity-sounding brightness temperature (BT) fields from geostationary infrared
observations at 10 min intervals, targeting the five MWHS-2 channels near 183 GHz.

Validation shows relative errors below 0.5% in high-probability regions, with a channel-
averaged mean absolute error of 1.15 K, outperforming a deterministic U-Net baseline.
Beyond per-sample evaluation, MIDAS reproduces large-scale climatological patterns
across the full-disk domain over a three-month summer period. At the same time, the
probabilistic formulation yields useful uncertainty information: in deep convective scenes,
the ensemble spread aligns spatially with the error field, indicating where reconstruction is
less reliable.

Beyond reconstruction from infrared alone, a merge-sampling mechanism incorporates
available polar-orbiting observations as physical constraints, reducing ensemble RMSE by
over 20% and CRPS by more than 30%. Building on these capabilities, proof-of-concept
assimilation experiments for two high-impact weather cases show forecast impacts com-
parable to those from direct microwave observations, with tropical cyclone track errors
reduced from approximately 110 km to 40 km.

Overall, this framework illustrates how generative models can complement exist-
ing polar-orbiting microwave systems and provide useful humidity-sounding brightness
temperature fields between overpasses for downstream applications.

Author Contributions: B.P. and F.P. contributed to the conceptualization of this study. H.D. conducted
the investigation, developed the software, performed formal analysis, and co-wrote the original
manuscript. B.P. designed the methodology and co-wrote the original manuscript. EP. provided
resources and acquired funding. J.X. contributed to software development and data curation. C.N.,
J.C.,J.W. and S.Y. contributed to software development. C.N., S.S. and S.Y. also contributed to the
methodology. .M. curated the data. L.Y. performed formal analysis. J.L. and Y.L. conducted the
validation. S.S., ].C., J.W. and X.C. reviewed and edited the manuscript. Z.X. administered the project.
All authors have read and agreed to the published version of the manuscript.

Funding: This work was supported by the National Key Research and Development Program of China
(Grant No. 2023YFC3007700), the National Natural Science Foundation of China (Grant No. 42275008),
the China Meteorological Administration Tornado Key Laboratory (Grant No. TKL202308), and the
Natural Science Research Start-up Foundation of Recruiting Talents of Nanjing University of Posts
and Telecommunications (Grant No. NY223060).

Data Availability Statement: The FY-3D and FY-3E microwave humidity sounder data can be
downloaded from the National Satellite Meteorological Center (NSMC): https:/ /satellite.nsmc.org
.cn/PortalSite/Data/DataView.aspx (accessed on 23 May 2025). The Advanced Himawari Imager
(AHI) data from Himawari-8/9 satellites are available from the Japan Meteorological Agency: ht
tps://www.data.jma.go.jp/mscweb/en/himawari89/space_segment/spsg_ahi.html (accessed on
14 June 2025). The ERAS reanalysis data are produced by ECMWF and can be downloaded from
the Climate Data Store: https://cds.climate.copernicus.eu/datasets/reanalysis-era5-pressure-levels
(accessed on 5 July 2025). The original contributions presented in this study are included in this
article; further inquiries can be directed to the corresponding author.

Acknowledgments: The authors thank the National Large Scientific and Technological Infras-
tructure “Earth System Numerical Simulation Facility” (https://cstr.cn/31134.02.EL (accessed on
15 January 2026)) for providing technical support.

Conflicts of Interest: The authors declare no conflicts of interest.

https://doi.org/10.3390/rs18132256


https://satellite.nsmc.org.cn/PortalSite/Data/DataView.aspx
https://satellite.nsmc.org.cn/PortalSite/Data/DataView.aspx
https://www.data.jma.go.jp/mscweb/en/himawari89/space_segment/spsg_ahi.html
https://www.data.jma.go.jp/mscweb/en/himawari89/space_segment/spsg_ahi.html
https://cds.climate.copernicus.eu/datasets/reanalysis-era5-pressure-levels
https://cstr.cn/31134.02.EL
https://doi.org/10.3390/rs18132256

Remote Sens. 2026, 18, 2256

33 of 37

Appendix A

Developed by the Numerical Weather Prediction Satellite Application Facility (NWP
SAF) of EUMETSAT, RTTOV (Radiative Transfer for TOVS) is a computationally efficient
radiative transfer model. RTTOV has been widely adopted in satellite radiance assimilation
systems across leading operational NWP centers globally. It computes top-of-atmosphere
brightness temperatures with high computational efficiency and physical fidelity, condi-
tioned on an atmospheric profile. The model requires vertical atmospheric profiles of
temperature and humidity, mass mixing ratios of hydrometeors (cloud liquid water, cloud
ice, rain, and snow), cloud fraction, and surface properties such as skin temperature and
surface emissivity. In this study, ERA5 reanalysis data were used as input to RTTOV-SCATT
to generate simulated brightness temperature fields. For selected satellite channels, RTTOV-
SCATT produces all-sky brightness temperatures using a sub-column representation, in
which clear-sky and cloudy radiances are combined according to the cloud fraction.

Table A1. ERAS5 reanalysis variables used for RTTOV radiative transfer simulations.

ERAS5 Variable Description Unit Level
Atmospheric Variables (Pressure Levels)
Temperature Air temperature at isobaric levels K 37
Specific humidity Mass of water vapor per unit mass of moist air kg kg! 37
Cloud liquid water content Mass of cloud liquid water per unit volume of air kg kg1 37
Cloud ice water content Mass of cloud ice water per unit volume of air kg kg! 37
Cloud rain water content Mass of rain water per unit volume of air kg kg™! 37
Cloud snow water content Mass of snow water per unit volume of air kgkg! 37
Cloud cover Fraction of grid cell covered by cloud 0-1 37
Geopotential Gravitational potential energy at isobaric levels m? s 2 37
Surface Variables

2-m temperature Air temperature at 2 m above surface K Single

2-m dewpoint temperature Dewpoint temperature at 2 m above surface K Single

Skin temperature Temperature of Earth’s surface K Single

Sea surface temperature Temperature of sea surface K Single

Surface pressure Pressure at Earth’s surface Pa Single

Mean sea level pressure Atmospheric pressure reduced to mean sea level Pa Single

10-m U wind component Eastward wind component at 10 m above surface ms! Single

10-m V wind component Northward wind component at 10 m above surface ms~! Single

Land-sea mask Fraction of land in grid cell (0 = sea, 1 = land) 0-1 Single

Table A2. Brightness temperature error (K) under different precipitable water vapor conditions.

Channel [0, 15] mm [15, 30] mm [30, 45] mm [45, 60] mm >60 mm
183.31 +1 0.977 0.856 0.843 0.768 1.208
183.31 £ 1.8 1.013 0.837 0.834 0.838 1.626
183.31 £+ 3 1.072 0.848 0.867 0.936 2.114
183.31 £ 4.5 1.271 0.955 1.002 1.132 2.730
18331+ 7 1.769 1.177 1.248 1.494 3.497

Table A2 presents the reconstruction MAE stratified by total column water vapor
(TCWYV) computed from ERAS reanalysis. Errors are lowest in the moderate TCWYV range
across all five channels. At both extremes of the distribution, errors increase. Under very
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moist conditions (TCWV > 60 mm), the infrared channels are blocked by optically thick
clouds, and their sensitivity is confined to the cloud top and above, while the microwave
channels retain sensitivity at much lower altitudes. This increased vertical separation
makes the estimation more ambiguous, resulting in the largest errors across the entire
table, with 183.31 &= 7 GHz reaching 3.50 K. The physical interpretation of these patterns is
discussed in Section 4.1 of the main text.
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Figure Al. Convergence of VarBC bias-correction coefficients during the offline spin-up period
for the five MWHS-2 channels: (a) constant predictor (Pred1) and (b) lapse-rate predictor (Pred5).
Coefficients were iteratively updated cycle by cycle at four analysis times per day (00, 06, 12, and
18 UTC) over a 24-day training period separate from the case-experiment periods. The x-axis denotes
the cumulative iteration count across all cycles.
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Figure A2. (al-a5) Brightness temperature (BT) observations from FY-3D microwave channels at
20:00-20:10 UTC on 25 June 2023. (b1-b5) RTTOV _scatt-simulated BTs using ERA5 input at 20:00 UTC.
(c1-c5) MIDAS-generated BTs from concurrent Himawari IR observations. All BT values are in Kelvin.
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