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71 Abstract

72 Accurate spectral transformation across satellite sensors with similar but different
73 spectral response functions (SRFs) are essential for applying the same retrieval
74  algorithms. A novel physics-constrained transfer learning (TL) framework is
75  developed for transferring satellite radiance observations across different sensors
76 while preserving physical consistency. It integrates a core
77 Spectral-Fidelity-Preserving (SFP) model based on extensive radiative transfer
78  simulations, allowing broad adaptability for radiance transformation under diverse
79  satellite observational conditions. Sensitivity experiments demonstrate the robustness
80 of the TL framework relating to radiometric calibration uncertainties, particularly in
81 infrared (IR) channels, and further highlight the critical role of SRF similarity
82  between sensors. Specifically, the scaling factor between the SRFs of the target and
83  reference channels should be constrained within the range of 0.5 — 1.5. Meanwhile,
84  the shift in central wavenumber should remain below 200 cm™ for visible or near IR
85  channels, and more strictly below 20 cm™ for infrared window channels (e.g., 10.80
86 um). Applying to radiance observations from Fengyun-4A/B (FY-4A/B)
87  geostationary (GEO) satellites explicitly indicates that the TL approach improves
88  retrieval accuracy for key geophysical parameters such as cloud amount profile and
89  quantitative precipitation estimation, when compared those without applying TL.
90  Thus, the TL approach enhances cross-satellite data consistency and provides a
91  practical tool for operational satellite data applications (e.g., adopt algorithms of F-4A
92 to FY-4B without operational interruption).

93 Keywords: Radiative transfer, transfer learning, Physics-Constrained
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99 1. Introduction

100 For operational continuity, machine learning (ML) enables rapid spectral
101 transformation between similar spaceborne sensors with slightly different response
102  functions, allowing algorithms trained on one sensor to be applied seamlessly to
103  another without interruption. The history of transfer learning (TL) with ML dates back
104  to the 1990s (Caruana, 1997), which was introduced to reuse knowledge across tasks
105  or domains when labeled data or training resources are limited. After 2006, with the
106  rise of artificial intelligence (AI), TL entered a new era of rapid development (Hinton
107 et al., 2006; Lecun et al., 2015). Current TL techniques can be broadly categorized
108 into five types: fine-tuning-based transfer learning (FTL), multi-task learning (MTL),
109  few-shot learning (FL), unsupervised domain adaptation (UDA), and self-supervised
110  learning (SSL) (Ma et al., 2024). Each approach has emerged in response to rapid
111 technological advances and evolving application scenarios. For example, the
112 emergence of pre-trained models (e.g., ImageNet) (Krizhevsky et al.,, 2012)
113 particularly enabled models to adapt to various downstream tasks through fine-tuning,
114  establishing it as a core paradigm in modern TL (Pan and Yang, 2010). Besides, in
115  recent years, large language models (LLM, e.g., the GPT (Generative Pre-trained
116  Transformer) series) have further advanced the widespread application of TL,
117  enabling cross-domain knowledge transfer from image processing to natural language
118  processing (Jablonka et al., 2024; Joseph et al., 2024). Notably, the applications of TL
119  in remote sensing have also grown explosively since 2017, including land-cover
120 mapping, soil property estimation, vegetation monitoring, natural disaster
121  management, etc. (Ma et al., 2024).

122 In remote sensing, TL is most widely applied to land-cover mapping and
123 vegetation monitoring, accounting for approximately 48% and 17% of reported
124  applications, respectively (Ma et al., 2024; Li et al., 2025). In land-cover mapping,
125  models are commonly trained on high-accuracy, high-resolution land-cover reference
126  data or obtained by fine-tuning pre-trained networks and are then transferred to other
127 unmanned aerial vehicle (UAV) or satellite imagery for broader application. For
128  example, Nowakowski et al. (2021) similarly fine-tuned VGG-16 (Visual Geometry
129  Group l6-layer network) and GoogLeNet on high-resolution imagery for crop
130  mapping in Africa, achieving accuracies of approximately 83%-90% (Nowakowski et

131 al, 2021). More recently, Zermatten et al. (2025) propose an open-vocabulary
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132 land-cover segmentation model that aligns pixel-level visual features with language
133  embeddings using a pre-trained text encoder and a text augmentation strategy,
134  enabling more flexible transfer across land-cover datasets with different label sets
135  (Zermatten et al., 2025). The key concept of method is similar to that used in
136  land-cover mapping, but vegetation monitoring primarily focuses on vegetation health,
137  biomass estimation, and productivity. For instance, Bhadra et al. (2024) proposed a
138 TL dual-stream neural network of PROSAIL-Net that leverages prior knowledge from
139  numerical simulations to improve estimates of corn leaf chlorophyll concentration and
140  average leaf angle under limited ground-truth data (Bhadra et al., 2024). Zhou et al.
141 (2023) presented a deep TL framework that pretrains a Bi-LSTM (Long Short-Term
142 Memory) model on MODIS (Moderate Resolution Imaging Spectroradiometer)
143 reflectance and LAI (leaf area index) to learn temporally informed reflectance—LAI
144  relationships, and then applies the transferred model to generate long-term Landsat
145 LAI maps, outperforming traditional retrieval methods in both accuracy and
146 robustness (Zhou et al., 2023).

147 With the exception of land-cover mapping and vegetation monitoring, natural
148  disaster management ranks as the third most prevalent remote sensing application of
149  TL (Ma et al., 2024), accounting for approximately 14% of studies. In this domain,
150  low-resolution meteorological satellite observations (Xia et al., 2024; Zhou et al.,
151 2024a) consistently leverage knowledge from historical disaster or weather records to
152 facilitate faster and more effective response mechanisms. Generally, dominant TL
153  applications of meteorological satellites remote sensing primarily follow a
154  self-supervised learning or unsupervised domain adaptation paradigm, often combined
155  with fine-tuning-based TL. For example, several studies have applied data-driven TL
156 by fine-tuning ImageNet-pre-trained models or multi-task feature TL to improve
157  tropical cyclone (TC) center localization using geostationary satellite measurements
158  (Zhou et al., 2024b; Wang and Li, 2023; Lee et al., 2025). For sparsely observed
159  regions such as the Tibetan Plateau, a TL framework (UDA mode) combining deep
160  neural networks (DNNs) and a U-Net (U-shaped convolutional network) was
161  developed to improve MODIS-based estimates of near-surface air temperature,
162  achieving strong agreement with independent stations (R* (coefficient of
163 determination) = 0.92, RMSE (root-mean-square error) = 2.29 °C) and reducing
164 RMSE by at least 7% overall (Wang et al., 2025). Similar TL-based U-Net models
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165 have been developed and applied to Himawari-8 geostationary (GEO) satellite
166  observations, substantially enhancing the retrieval accuracy of cloud-top height, cloud
167  optical thickness, and cloud effective radius (Li et al., 2023). As another example of
168  combination of FTL and SSL modes, Mateo-Garcia et al. (2020) developed a deep
169  learning model for cloud masking using Landsat-8 imagery and then transferred it for
170 PROBA-V data using spectrally similar channels (Mateo-Garcia et al., 2020). Besides,
171 Wang et al. (2021) also pre-trained a precipitation retrieval model using the U.S.
172 Geostationary Operational Environmental Satellite (GOES) data and then transferred
173 it to generate China Fengyun (FY) GEO meteorological satellite precipitation dataset
174  (Wangetal., 2021).

175 As discussed above, Al-based application models for meteorological satellites
176  (Min et al., 2020; Wang et al., 2024; KiiHnlein et al., 2014; Li et al., 2024) are
177  typically trained on data from a specific time window, often in a SSL mode (e.g.,
178  using a full year of data from 2025), and then generalized to subsequent periods (e.g.,
179  deployed from 2026 onward). These models have been widely used for a range of
180  retrieval tasks, including cloud, aerosol, precipitation, wind, and convective system
181  (Ma et al., 2021; Miller et al., 2024; Mcgovern et al., 2023; Min et al., 2019; Min et
182  al., 2020; Fu et al., 2024). Particularly in applications like tropical cyclone monitoring
183  (Zhang et al., 2024), where building a long-term labeled training dataset is particularly
184  slow, TL is crucial to maintaining operational continuity and performance consistency.
185  However, in practice, temporal generalization and applicability of TL are frequently
186  coupled with cross-sensor adaptation, where a pre-trained model is transferred to
187  similar satellite instruments through a combination of UDA and FTL.

188 Accordingly, transfer learning in these Al-based remote sensing models still faces
189  two major challenges: (1) within-series transfer, where models trained on earlier
190  sensors’ data must be migrated to newer satellites in the same series (e.g., transferring
191 a model from China FY-4A to the newly launched FY-4B/C satellites); and (2)
192 cross-platform transfer, where algorithms developed for one satellite sensor must be
193  adapted to comparable sensors on other satellite systems (e.g., transferring approaches
194  developed for the U.S. MODIS sensor to similar sensor onboard China Fengyun
195  meteorological satellites). Hence, without an effective TL model, algorithmic

196  consistency and retrieval quality can be severely compromised, which could interrupt
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197  operational applications of satellite observations from sensors onboard the same series
198  or different platforms.

199 It turns out that, Bayes theorem has explicitly indicated that the label marginal
200 distributions differ between the source (subscript: 0) and target (subscript: 1) domains,
201 i.e., Po(X)# Pi(X), which in turn leads to slight differences in the conditional
202 distributions Po(X]Y)~P1(X]Y) (Ma et al., 2024). In other words, this represents a
203  typical prior shift, where the observation variables (e.g., reflectance (Ref) or
204  brightness temperature (BT) observed by satellite imager) used to pre-train an
205  application model on the source satellite may differ from those available from the
206  target satellite for transfer learning (Figure 1). Figure 1 shows the different radiative
207  signatures of cloud and ocean targets observed by nominally similar channels across
208  satellites, which may degrade TL performance. According to physical theory,
209  differences in P(X]Y) across satellite observation periods are primarily caused by
210  time-varying changes in an instrument measurement and calibration performance
211 (Min et al, 2022; Doelling et al., 2013). In cross-satellite-instrument settings,
212 however, beyond calibration effects, disparities in spectral response characteristics are
213 the most critical driver of such shifts in P(X]Y).

214 In addition, Figure 2 compares the typical spectral response functions (SRFs) from
215  the visible (VIS) to infrared (IR) channels across China FY-4A/B GEO imagers, the
216  U.S. GOES-16 GEO imager, China FY-3D polar-orbiting imager, and the U.S.
217  Aqua/MODIS (Yang et al., 2017; Platnick et al., 2017; Schmit et al., 2017). As shown
218  in Figure 2, differences in SRFs across satellites lead to substantial discrepancies in
219  how nominally similar VIS and IR channels respond to atmospheric absorption and
220  scattering effects (Min et al., 2017a; Hocking et al., 2021; Pearlman et al., 2013;
221 Wang et al., 2024). Particularly, it shows that the SRFs at 0.86 um and 2.25 pum
222 channels on these satellite imagers differ in both spectral coverage and shape. Besides,
223 FY-3D/MERSI-II SRFs are roughly 1.5 times wider than those of the corresponding
224 MODIS bands, particularly for the longwave IR channels at 11 and 12 um. These SRF
225  discrepancies imply that TL for meteorological satellite applications can be highly
226 sensitive to those discrepancies, potentially inducing observation biases (i.e., shifts in
227  P(X1Y) as illustrated in Figure 1) and retrieval errors that are difficult to quantify.

228 Therefore, it is essential to enable the reliable transfer of observed radiance across

229  similar satellite channels, facilitating the inheritance of generalized retrieval
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230  algorithms for scientific products (Wang et al., 2021; Liu et al., 2024), and the
231 propagation of radiometric calibration reference (Yu et al., 2026). For such purpose, a
232 physics-constrained TL framework is developed for satellite remote sensing
233 applications, which bridges the physical measurement (radiance) discrepancies
234 between nominally similar channels across different satellite imaging sensors.
235 Specifically, the core Spectral-Fidelity-Preserving (SFP) model, built on the radiative
236 transfer simulations is developed, its accuracy and robustness are evaluated through
237  numerical sensitivity analyses and retrieval experiments using real satellite SRFs and
238 observations. Theoretically, this new TL framework for satellite remote sensing is
239 grounded in classical atmospheric radiative transfer theories and calculations, thus
240  differs from the conventional machine-learning-based approaches (Ma et al., 2024; Li
241 et al., 2025). Superior transferability and generalization capabilities of the new TL
242 model are achieved by offering stronger physical interpretability.

243 The remainder of this paper is structured as follows. Section 2 presents the
244  proposed physics-constrained transfer learning framework. Section 3 examines the
245  sensitivity of the core Spectral-Fidelity-Preserving model to satellite spectral response
246 functions and radiometric calibration performance across the visible to infrared
247  channels. Section 4 demonstrates the application of this TL framework to satellite
248  retrieval experiments, highlighting its positive impact on satellite-based applications.
249 Section 5 concludes the paper with a summary of the main findings, along with a
250  discussion of limitations and directions for future work.

251

252 2. Physics-constrained Transfer Learning Framework

253 This section introduces the construction of the core Spectral-Fidelity-Preserving
254  model, along with the overall framework and workflow of the proposed
255  physics-constrained TL approach. In the following sections, we use the primary
256 observation channels of the Advanced Geosynchronous Radiation Imager (AGRI)
257 onboard the FY-4A and FY-4B satellites (Min et al., 2017b) as a test case to evaluate
258  the performance of the SFP model. Because the two instruments have different
259  numbers of channels, we only select 14 matched channels spanning 0.47-13.5 pm for
260  the analysis (Figure 2).

261 2.1 Spectral-Fidelity-Preserving Model
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262 Based on atmospheric radiative transfer theory, the satellite-observed
263 top-of-atmosphere (TOA) monochromatic radiance L™ in the visible/near-infrared
264  (VIS/NIR) and thermal infrared (TIR) channels can be expressed in the following
265  simplified forms (Kotchenova et al., 2006):

1_
266 L0%nin = LscacT" + =2 EquoT'T (M
267 LI9E = eB(TYT" + [° B(T(2)W (2)dz )

268  where Lgar denotes the combined contribution from both single and multiple
269  scattering by particles (e.g., clouds and aerosols) as well as gas molecules. ¢ is the
270 surface emissivity. Eo and po represent the incoming solar irradiance and the cosine of
271 the solar zenith angle, respectively. 7 with arrows indicates the atmospheric
272 transmittance along the downward and upward paths. It is primarily controlled by the
273 total extinction optical depth along the line of sight, which depends on gaseous
274  absorption (e.g., H20, COa, O3) and scattering by clouds and aerosols, as well as the
275  atmospheric temperature—pressure structure and viewing geometry (path length/zenith
276 angle). In Eq. (2), B is the Planck function, which is used to compute the emitted
277  radiance associated with the surface temperature 7s. The integral term accounts for the
278  radiance emitted from each atmospheric layer at altitude z, and W(z) is the
279  corresponding weighting function. W(z) quantifies the relative contribution of
280 emission from atmospheric layer (z) to the TOA radiance; it is essentially the product
281  of the layer’s absorptivity (or emissivity) and the transmittance from that layer to the
282  sensor, thereby indicating the altitude range to which a given channel is most sensitive
283  (Matricardi, 2010).

284 From the physical interpretation of the above two equations, the primary factors
285  affecting satellite-observed radiance include the atmospheric thermodynamic structure
286  (temperature and humidity profiles), satellite viewing geometry, surface reflective and
287  emissive properties, and extinction by atmospheric gas composition, clouds, and
288  aerosols. A key scientific challenge for the TL model is therefore to develop a
289  generalizable framework that can accurately propagate these physical effects across
290  satellites for spectrally similar channels. Because these channels are spectrally similar
291 (e.g., the examples shown in Figure 2), we aim to exploit their underlying physical
292 relationships to enable robust transfer of spectral radiance features across satellite

293  observations.
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294 Building on the rationale outlined above, we develop a physics-constrained TL
295  model using simulated, satellite-sensor-consistent high-resolution spectral radiances.
296  Specifically, we employ the classical MODTRAN (Version 4.2) model (Berk and
297  Hawes, 2017) as the forward radiative transfer model (RTM) to generate TOA
298 radiances (Unit = W/(m?-sr-pum)) over 0.40—13.5 um at a spectral resolution of 1 cm™.
299  For computational convenience, the simulations are conducted over two subranges:
300 0.3 —-2.4 pm (VIS and NIR) and 3.3 — 13.5 um (TIR). To ensure diversity and global
301  representativeness, we compile 83 representative atmospheric profiles from the
302  European Centre for Medium-Range Weather Forecasts (ECMWF) archive spanning
303  multiple climate regimes. In addition to the 83 independent atmospheric profiles, we
304  further enhance the diversity of the simulations by specifying a comprehensive set of
305 cloud, aerosol, surface, and viewing-geometry parameters, as summarized in Table 1.
306  This shows that cloud optical depth at 550 nm ranges from 0 (clear sky) to 216
307  (cumulus), with other four different cloud types. Surface reflectivity (p) is prescribed
308 by land-cover type, varying from 0.003 — 0.979 (snow) and 0.08 — 0.83 (forest) to
309 0.01 — 0.05 (ocean) and 0.019 — 0.137 (urban). The observation geometry is
310 configured with a set of discrete angles, which together cover the major satellite
311  observation modes. Overall, these combinations generate 50,400 simulation cases.
312  The resulting SFP dataset constitutes a large-scale database of simulated satellite
313  hyperspectral radiances, primarily spanning two spectral ranges as noted above: 0.3 —
314 2.4 um (VIS/NIR) and 3.3 — 13.5 um (TIR).

315 This SFP model was originally developed for the cross-calibration of the
316  reflective solar bands of FY-3D/MERSI-II. By employing TL, it enables the transfer
317  of the radiometric reference from the MODIS sensor while preserving the inherent
318 radiometric observation characteristics of MERSI-II (Yu et al., 2026). Application of
319  this model to the FY-3D/MERSI-II solar reflective channels over a period of more
320 than seven years resulted in a mean relative bias of approximately 1%, with a 2%—3%
321 improvement compared with the operational calibration coefficients.

322

323 2.2 Application of New Physics-constrained Transfer Learning Framework

324 Radiance TL between the target and reference instruments (using FY-4A and
325 FY-4B AGRI as an example) is achieved through an adaptive polynomial framework.

326 In this approach, transfer coefficients are derived by fitting the simulated radiances of

10
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327 Dboth the reference and target sensors, with the theoretical radiances generated from
328 MODTRAN simulations mentioned in section 2.1. The underlying polynomial model
329  is expressed as follows:

30y =S ax 3)
331 where y (i.e., the radiance observed by the target sensor) denotes the fitted value of
332 the dependent variable corresponding to the input variable x (i.e., the radiance
333  observed by the reference sensor), n is the polynomial order, a; represents the
334  polynomial coefficients to be estimated, and i is the index of the polynomial term.

335 The new physics-constrained TL framework systematically optimizes the fitting
336  procedure. It begins with a linear transformation; if the correlation coefficient is
337  below 0.95, the polynomial order is adaptively increased until the threshold is
338  satisfied. To balance practical applicability and computational efficiency, the
339  maximum polynomial degree is limited to four (n<4). If the threshold is still not
340  achieved at the fourth order, the model with the highest correlation coefficient is
341  selected. Before fitting, the MODTRAN-simulated hyperspectral TOA radiances are
342 convolved with the SRFs of the target and reference sensors to obtain the
343 corresponding broadband channel radiances. The channel-averaged radiance

344 L1924 gea Measured by a sensor channel is calculated by:

fle LTOA(A)«SRF (A)dA

LTOA —

345 '‘Averaged —

4)

/{121 SRF(A)dA
346 where A1 and A, denote the starting and ending wavelengths of the normalized spectral
347 response function (SRF), respectively. Overall, Egs. (3) and (4) are designed to
348  provide physically consistently observed radiance for bridging the target and
349  reference channels. Furthermore, for practical remote sensing applications, the
350  observed radiances of the VIS/NIR channels and IR channels need to be converted
351 into reflectance (p, Eq. 5) and brightness temperature (BT, Eq. 6), respectively, which

352 are written as follows:

”ngg‘raged
353 - cos(6g)Fo (5)
354 BT = Planck (L)% agear Aemw) (6)

355  where 6, is the solar zenith angle, Fy represents the channel SRF-convolved solar
356  exo-atmospheric irradiance. Additionally, Planck denotes the Planck function, and

357  Aemw corresponds to the effective middle wavelength weighted by the channel SRF.

11
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358  Note that, the IR channels require additional correction because they are not ideal
359  narrowband filters. As a result, a slight difference exists between the nominal central
360  wavelength and the effective central wavelength used in BT calculations based on the
361  Planck function (Chen et al., 2012). The fitting coefficients and Planck-weighted
362  correction coefficients (for IR channels only) for the FY-4A/B AGRI channels used in
363 this study are provided in Tables S1 and S2 of the Supplementary Documentation.

364 Figure 3 illustrates the TL models used to convert four representative
365  FY-4B/AGRI channels (Channels 1 (0.47 pm), 5 (1.61 pum), 13 (10.80 pm), and 15
366 (13.30 pm)) to their corresponding FY-4A/AGRI channels within the new
367  physics-constrained framework. This conversion spans VIS, NIR, and TIR spectral
368  bands, and includes a case employing higher-order polynomial fitting. As shown in
369  this figure, the fitting performance is excellent in the solar reflective bands, such as
370 Channels 1 and 5, with only very small fitting residuals. In contrast, the
371 longer-wavelength Channel 15 exhibits not only larger residuals but also a need for a
372 quadratic term in the fitting. Besides the slight differences in the central wavelengths
373  of this channel (see the bottom panel in Figure 2), the larger errors in the TIR bands
374  are primarily caused by the more complex gaseous absorption characteristics at these
375  wavelengths, especially carbon dioxide (CO») absorption (Teixeira et al., 2024).

376 Differences in central wavelengths or SRFs, combined with strong path
377  absorption and emission, introduce substantial nonlinearities into the radiative transfer
378  process. As a result, lower-order linear fitting becomes insufficient, and higher-order
379  terms must be incorporated. Therefore, the next section 3 investigates the sensitivity
380  of the physics-constrained TL model to those discrepancies in the SRFs of satellite
381  sensors and their radiometric calibration uncertainties, using the AGRIs aboard the
382 FY-4A and FY-4B satellites as examples.

383

384 3. Transfer Learning Sensitivity to Changes in Spectral Response Functions and
385  Calibration Status

386 3.1 Simulated SRFs and their Discrepancies

387 We simulate discrepancies in the SRFs of spaceborne imager by scaling the
388  spectral width and shifting the central wavelength. The spectral width scaling factor
389  ranges from 0.1 to 2.0 in increments of 0.1. The central wavelength is shifted from

390 —100 cm™ (“—” means a leftward shift) to +100 cm™ (“+” means a rightward shift) in

12
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391 increments of 10 cm™ for IR channels. For VIS/NIR channels, due to the relatively
392 large wavenumber, the central wavelength is shifted from —1000 cm™ to +100 cm™ in
393  increments of 100 cm™. Figure 4 shows examples of these simulated (or adjusted)
394  SRFs for FY-4B/AGRI Channel 2 (0.66 pm) and Channel 13 (10.80 um), including
395  cases with narrower and wider spectral widths as well as shifts in central wavelength.
396  As shown in Figure 4, the discrepancies between the adjusted SRFs and the original
397  SRFs are still substantial. Whether excessively large SRF differences between the
398  target and reference sensors may affect the performance of this new TL approach is a
399  question that warrants careful evaluation and consideration.

400 In this investigation, we employ three classical metrics, namely Jensen—Shannon
401 divergence (JSD), Wasserstein distance, and Kolmogorov—Smirnov distance (KS), to
402  evaluate the similarity between the adjusted SRFs and the original SRFs. For the
403  calculation of the Jensen—Shannon divergence (Endres and Schindelin, 2006), the two
404  curves (or SRFs) are first discretized into histograms or grids and represented as

405  probability distributions, which is defined as:

406 P = (p1, Pz s Pn)s @ = (G1, G2, -, Gn) @)
407 where Yp;=Yq;=1 and M = %(P + Q). JSD is a symmetric and smoothed
408  variant of the Kullback—Leibler divergence (KL), which is defined as follows:

209 JSD(P||Q) = KL(P||M) + > KL(Q||M) (®)

410 KL(P||M) = Xipilog ©)
411 The JSD is dimensionless and ranges from 0 to 1, with smaller values indicating
412 greater similarity between the two curves.

413 The second metric is the Wasserstein distance (Mémoli, 2011), also referred to as
414  the Earth Mover’s Distance, which measures the minimum transportation cost
415  required to transform one probability distribution into another. For one-dimensional
416  distributions, the first-order Wasserstein distance can be expressed as:

817 W(P,Q) = [ |Fp(x) — Fo(x)|dx (10)

418  where Fp(x) and Fo(x) are the cumulative distribution functions (CDFs) of P and Q

419  curves, respectively. This metric reflects not only distributional overlap but also the

420  geometric displacement between them.
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421 The third metric is the Kolmogorov—Smirnov distance (Massey, 1951), which is
422 defined as the maximum absolute difference between the two CDFs and can be
423 written as:

424 Dys = supy|Fp(x) — Fo(x)| (In

425 It characterizes the largest pointwise discrepancy between two curve distributions.
426  Together, these three metrics provide complementary perspectives on distributional
427  differences: JSD emphasizes probabilistic similarity, Wasserstein distance captures
428  transportation-based discrepancy, and KS measures the maximum deviation between
429  cumulative distributions.

430 Figures 5 and 6 show the distributions of Jensen—Shannon divergence,
431 Wasserstein distance, and Kolmogorov—Smirnov distance as functions of the scaling
432 factor (from 0.1 to 2.0) for FY-4B/AGRI Channel2 (0.66 um, with shifted
433 wavenumber from —1000 cm™ to +1000 cm™) and Channel 13 (10.80 um, with
434  shifted wavenumber from —100 cm™ to +100 cm™), respectively. From these two
435  figures, the shortwave band, Channel 2 (0.66 um), exhibits relatively low sensitivity
436  to wavenumber shifts within £1000 cm™ because of its comparatively broad spectral
437  width (about 3000 cm™), whereas the narrower longwave band, Channel 13 (10.80
438  um), is considerably more sensitive. However, when the wavenumber shift reaches
439 more than 1000 cm™, even the shortwave band is likely to be affected significantly.
440  Considering the limitation of the manuscript length and the similar distribution
441 characteristics, the results of other FY-4B/AGRI channels are presented in Figures S1
442 to S13 in the Supplementary Documentation.

443 Moreover, both the VIS and IR channels of FY-4B/AGRI exhibit much greater
444  sensitivity to variations in SRF width than to shifts in central wavenumber. When the
445  SRF becomes narrower, all three similarity metrics mentioned above increase
446 markedly (smaller values indicate greater similarity); for example, the JSD
447  approaches 1.0. These results indirectly indicate that excessively large discrepancies
448  in central wavelength and SRF width between the target and reference channels could
449  seriously impair the effectiveness of the proposed transfer learning method.

450

451 3.2 Evaluation of Fitting Errors in Transfer Learning using Simulated SRFs

452 To more quantitatively evaluate the impact of SRF discrepancies, fitting
453 experiments are conducted using both simulated SRFs and the original SRFs of

454  FY-4B/AGRI mentioned before. The fitting errors in physics-constrained TL between
14
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455  reference and target channel radiance observations are calculated using simulated
456  FY-4B/AGRI SRFs, with the following configurations: spectral width scaling factor
457  from 0.1 to 2.0 (step 0.1); central wavelength shift from —100 cm™ to +100 cm™ (step
458 10 cm™) for IR channels, and from —1000 cm™ to +1000 cm™ (step 100 cm™) for
459  VIS/NIR channels.

460 During the fitting process, the coefficient of determination (R?) is further used to
461  determine whether a first-order linear fit or a second-order polynomial fit is more
462  appropriate, and it is given by:

T i—9)?

463 R*=1-
e i-3)?

(12)

464  where y, ¥, and ¥ denote the observed value, the fitted value, and the mean of the
465  observed values, respectively. R? is commonly used to measure the extent to which
466  the fitted model explains the variability in the observed data, with values closer to 1.0
467  indicating better agreement between fitted and observed values and stronger
468  explanatory power of the model. In this study, a second-order polynomial fit is
469  adopted when the R? value of the initial linear fit is below 0.95.

470 In addition, three metrics are used for assessing the fitting performance of the TL
471 model, including the RMSE (root-mean-square-error), the correlation coefficient (R),

472 and the number of outliers (Noutier). They can be written as follows:

473 RMSE = [~30,(y; — 9,)> (13)

n ) (O
R = Lis1 0i=P)Fi=) _ (14)
N

474

475  where y denotes the mean of the residuals. For the final metric, Nouier, outliers are
476  identified using the upper and lower fences. Any value lying beyond these two fences

477  is regarded as an abnormal value, defined as:

N _ (N " = Qg5 — 1.5 X IQR 1

478 outlier = Lower Fence (15)
Nouttier = Qs + 1.5 X IQR

479 IQR = Qy5 — Qys 6

480 where (s and Q75 represent the 25th and 75th percentiles of the residuals,
481  respectively. A higher outlier count (Noudier) corresponds to an increased presence of
482  extreme errors (or abnormal value).

483 Figure 7 shows the distributions of RMSE, R, and Nougier as functions of scaling
484  factor (0.1 — 2.0) and shifted wavenumber (—1000 cm™ to +1000 cm™) for

15
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485  FY-4B/AGRI Channel 2 (0.66 um) and Channel 5 (1.61 um). The results in the left
486  panel for Channel 2 are generally consistent with those in Figure 5: as the scaling
487  factor increases, the discrepancy between the target and reference SRFs becomes
488  larger, resulting in higher RMSE and Noutier and a lower R. When the scaling factor
489  exceeds 1.8, most cases require second-order polynomial fitting, suggesting that the
490 relationship no longer follows a simple linear conversion. Notably, although scaling
491  factors of about 0.1 — 0.2 correspond to large similarity differences in Figure 5, they
492 do not substantially degrade the TL performance, and the fitting remains
493  predominantly linear. This may be because the narrower target channel still preserves
494  particle scattering characteristics similar to those of the reference channel. By contrast,
495  due to relatively low wavenumber, Channel 5 (1.61 pum) is much more sensitive to
496  wavenumber shifts. Once the shift exceeds about 300 cm™, the RMSE increases
497  significantly, the correlation coefficient decreases markedly, and both the fitting type
498  and Noutier exhibit abrupt changes.

499 Figure 8 presents the results for FY-4B/AGRI Channel 9 (6.25 um) and Channel
500 13 (10.80 pum). Channel 9 is a typical upper-tropospheric water vapor absorption
501  channel, with its weighting function peaking around 300—400 hPa, corresponding to
502  an altitude of approximately 8 — 9 km (Li et al., 2022). In terms of the correlation
503  coefficient R, Channel 9 appears to be more sensitive to consistency in SRF shape.
504  However, the RMSE results shown in the upper panels indicate that Channel 9 yields
505  smaller fitting errors, suggesting that it is more suitable for observation radiance
506 transfer by using the physics-constrained TL model. It is also noteworthy that,
507  compared with the VIS/NIR channels discussed above (see Figure 7), the IR channels
508  produce Noutier values about one order of magnitude smaller, indicating that particle
509  scattering in the VIS/NIR bands introduces larger deviations into the TL performance.

510 The results of Figures 7 and 8 indicate that the performance of the
511  physics-constrained TL model is strongly affected by SRF discrepancies. Larger
512 differences in scaling factor or shifted wavenumber generally lead to higher fitting
513  errors, more outliers, and lower correlation, while IR channels show better transfer
514  performance than VIS/NIR channels, likely because particle scattering introduces
515  larger deviations in the latter. As a conservative guideline, for VIS/NIR channels, the
s16  difference in central wavenumber should be kept below 200 cm™!, while the scaling

517  factor should be constrained to the range of 0.5 - 1.5. In comparison, IR channels,
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518  particularly the water-vapor bands, appear to be somewhat more tolerant. However,
519  for atmospheric window channels around 11 pum, the shifted wavenumber should
520 ideally remain below 20 cm!, with the scaling factor likewise limited to 0.5 - 1.5. If
521  the similarity between the target and reference channels is too low, reliable conversion
522 becomes infeasible; the resulting conversion errors will then propagate into the
523  retrieval model and further degrade retrieval performance.

524

525 3.3 Influence of Radiometric Calibration Uncertainties in Transfer Learning

526 Beyond SRF differences, radiometric calibration uncertainty in each target
527  channel can also influence the stability and reliability of the physics-constrained TL
528  model. According to Eq. (3) and Fig. 3, when the TL model is linear, i.e., y=ax+b,
529  where a and b are fitted coefficients, and x and y denote the radiances in the target
530 (FY-4B/AGRI) and reference (FY-4A/AGRI) channels, respectively, the associated
531 error (o, or uncertainty) propagation is obtained by differentiating the linear
532 relationship, as follows:

533 0, = |a| X oy (17
534 However, as shown in Fig. 3d (FY-4B/AGRI Channel 15 centered at 13.30 pum),
535  when the TL model is nonlinear and represented by a quadratic function, i.e.,
536  y=ax’+bx+c, the corresponding error propagation can be expressed as follows
537 (first-order approximation):

538 0, = |2ax + b| X g, (18)
539  This equation suggests that the error in the reference-channel radiance (y) is strongly
540  dependent on the magnitude of the radiance observed in the target channel (x).

541 According to Eq. (5), the propagation of uncertainties or errors in the reflectance
542 observed by the VIS/NIR channels, which are typically on the order of 2—-5% (Xiong

543  etal., 2019), can be readily expressed as follows:

544 0, = || x0q,, (19)
545 By combining Egs. (5), (17), (18), and (19), the reflectance errors (g,,,) in the
546  reference channel with different fitting formula (Egs. (17) and (18)) can be expressed

547  as follows:

F
548 0,, = |a| x |$":| X 0y (20)
549 0, =|2ap, +b|x |2t x g Q1)
pr . t For pt
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550  where the footnotes of p, ¢, and r respectively signify the reflectance, target, and
551  reference. It should be noted that the formulation of p, does not explicitly include
552 the term of cos(6,). According to Eq. (20), the propagation of reflectance error in p;
553 is controlled solely by the slope of the TL model and the solar irradiance terms of the
554  two different channels. By comparison, the nonlinear form in Eq. (21) additionally
555  depends on the reflectance observed by the target channel.

556 Compared with the VIS/NIR channels, the propagation of uncertainties (0.1 ~ 1.0
557 K) (He et al., 2021) in the BTs measured in the target IR channels is nonlinear and
558 more complex, owing to the additional Planck-function conversion and
559  Planck-weighted correction calculation (Chen et al., 2012). In this study, the final
560  equations for uncertainty propagation in the IR channels are given as Egs. (A20) and
561  (A21), with the full derivation provided in the Appendix.

562 To address the inherent calibration-drift errors among different spectral channels,
563  chain-rule-based error-propagation sensitivity experiments were conducted according
564  to Egs. (20), (21), (A20), and (A21). Figure 9 presents the heatmaps derived from the
565  corresponding error-sensitivity analysis for the FY-4/AGRI sensors based on the
566  physics-constrained TL models. Note that the target and reference designations in
567  Figure 9 are opposite to those in Figure 3. In Figure 9, the A—B case treats FY-4A as
568  the target and FY-4B as the reference, allowing for a symmetric assessment of
569  transfer errors in both directions. For the solar reflective channels, propagated errors
570  are generally attenuated because the error-transfer relationship is predominantly linear,
571 with absolute slopes smaller than unity. However, Channel 4 at 1.38 um exhibits
572 notably unstable behavior and pronounced error amplification. This channel is
573  primarily sensitive to upper-level ice crystals and is widely used for cirrus cloud
574  detection (Gao et al., 1993). In addition, as shown in Fig. 2, the SRF of FY-4B/AGRI
575  Channel 4 (1.38 um) covers a substantially narrower range than that of FY-4A/AGRI,
576  which may directly result in a relatively large slope in the fitted TL model and,
577  consequently, a larger difference between the two Fo terms in Eq. (20). Regardless of
578  the specific mechanism, Fig. 4 further indicates that when the radiometric calibration
579  bias becomes large (e.g., reaching 6%), the resulting transfer error also increases
580  approximately linearly. In other words, channels subject to substantial radiometric

581  calibration bias are not well suited for transfer-learning-based retrieval applications.
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582 In contrast, for most IR channels, small perturbations tend to be amplified,
583  whereas larger perturbations remain close to the magnitude of the original input. A
584  notable exception is FY-4A/AGRI Channel 14 (13.30 um), which is modeled using a
585  polynomial relationship (see Fig. 3d). The propagated errors for this channel are
586  substantially amplified, owing to pronounced SRF discrepancies and its high
587  sensitivity to atmospheric variability. In addition, the 7.10 and 10.80 um channels
588  exhibit relatively larger transfer errors because these bands underwent notable
589  upgrades from FY-4A to FY-4B, whereas the remaining channels are generally more
590 stable. Overall, although the IR channels involve a more complicated
591  Planck-function-based conversion (see Egs. (A20) and (A21)), they are comparatively
592  more stable and thus more suitable for TL applications. This is largely because
593  onboard blackbody calibration constrains the radiometric biases of most IR channels
594  to within about 0.5 K (Min et al., 2022; He et al., 2021), leading to perturbations of a
595  similar magnitude. Relative to typical observed BTs of around 270 K, this
596  corresponds to a relative error of only about 0.2%, which is much smaller than that in
597 the solar reflective channels (about 2% - 5%).

598

599 4. Transfer-Learning-Based Satellite Retrieval Experiments

600 4.1 A Sensitivity Experiment on Retrieving Cloud Amount Profile

601 Lin et al. (2025) developed CLANN (Cloud Amount Neural Network), a ML
602  framework designed to retrieve three-dimensional (3D) cloud amount profiles from
603  observations acquired by the FY-4A geostationary meteorological satellite passive
604  imager, with important applications in cloud climatology and weather analysis (Lin et
605 al., 2025). The model integrates multi-channel observations from FY-4A/AGRI,
606  including VIS/NIR (0.47, 0.66, and 0.86, 1.38, 1.61, and 2.25 pm), and IR channels
607 (3.75, 6.25, 7.10, 8.60, 10.80, 12.00 um), together with reanalysis-based
608  environmental predictors. CALIPSO (Cloud-Aerosol Lidar and Infrared Pathfinder
609  Satellite Observations) / CALIOP (Cloud-Aerosol Lidar with Orthogonal Polarization)
610  cloud products from 1 March 2018 to 31 December 2020 were used as the reference
611  for model training and independent evaluation. In essence, CLANN learns the vertical
612  distribution of cloud amount from collocated passive-sensor radiances and
613  environmental fields, thereby extending 3D cloud information beyond the narrow

614  swath of active sensors. Validation results showed a correlation coefficient of 0.73 for
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615  cloud amount profile retrieval. In addition, the cloud-amount-weighted height derived
616  from CLANN agreed well with CALIOP, with an RMSE of approximately 1.88 km
617 and a correlation coefficient of 0.92. Feature-importance analysis further indicated
618  that AGRI water-vapor-band observation BTs and upper-tropospheric temperature are
619  among the most influential predictors for improving CLANN retrieval skill (Lin et al.,
620  2025).

621 FY-4B did not enter operational service until December 2022 (Xia et al., 2025).
622 By the time reliable FY-4B/AGRI observations became routinely available,
623  CALIPSO observations had largely ceased in the second half of 2023, leaving only a
624  limited period of effective overlap between FY-4B/AGRI and CALIPSO
625  (approximately June 2022 to March 2023). Consequently, previous work did not
626  attempt to develop an FY-4B/AGRI-based CLANN retrieval model. Although limited,
627  this overlap period is sufficient to conduct a targeted validation experiment for the
628  newly developed physics-constrained TL model. Consequently, previous work did not
629  attempt to develop an FY-4B/AGRI-based CLANN retrieval model. This relatively
630  short overlap period, however, provides a valuable opportunity to test and extend the
631 newly developed physics-constrained TL model in this study. In the first control
632  experiment, FY-4B/AGRI observations from channels corresponding to those used in
633 CLANN training were directly ingested into the FY-4A/AGRI-based CLANN model
634  mentioned above (Lin et al., 2025) to retrieve cloud amount profiles. In the second
635  sensitivity experiment, the newly developed TL models (Figure 3 and Table S1 of the
636  Supplementary Documentation) were applied to convert each FY-4B/AGRI channel
637  observation, in either reflectance (VIS/NIR) or BT (IR) form (target), into its
638 FY-4A/AGRI-equivalent value (reference), which was then used as input to the
639 CLANN model for estimating cloud amount profile. Finally, independent CALIPSO
640  observations from June 1, 2022, to March 31, 2023, were used to comprehensively
641  and accurately evaluate the effectiveness of the TL model.

642 Figure 10 presents the weighted mean cloud-top height comparisons between
643 CLANN (trained using FY-4A data) and CALIPSO based on FY-4B/AGRI
644  observations, with and without the physics-constrained transfer learning model. As
645  shown in Figures 10b and 10c, the incorporation of the TL model reduces the RMSE
646 by 0.08 km and improves the correlation coefficient from 0.841 to 0.851. Although
647  the R value remains lower than that achieved using FY-4A/AGRI data (R = 0.92) (Lin
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648  etal., 2025), the physics-constrained TL model still yields a measurable improvement.
649  In addition, cross-sectional cloud amount profiles for two representative cases (05:35
650 UTC on June 8, 2022, and 07:15 UTC on June 21, 2022) are presented in the middle
651 and bottom panels, respectively. These typical cases explicitly demonstrate that the
652  physics-constrained TL model significantly improves the estimation of cloud amount
653  profiles derived from FY-4B observations. For the case at 05:35 UTC on June 8, 2022,
654  the TL model more effectively captures the vertical distribution characteristics of
655  cloud amount in Figure 10e, resulting in an increased correlation coefficient and a
656  reduced RMSE.

657

658 4.2 A Sensitivity Experiment on Estimating Quantitative Precipitation

659 We also evaluate the impact of the physics-constrained TL model on quantitative
660  precipitation estimation (QPE) using a Multi-Task UNet model (Jaegle et al., 2021)
661  trained on four FY-4A/AGRI IR channels (C09, C10, C12, and C13 at 6.25, 7.10,
662  10.80, 12.00 um), with GPM (Global Precipitation Measurement) IMERG (Integrated
663  Multi-satellitE Retrievals for GPM) products as the reference (Skofronick-Jackson et
664 al., 2017). The FY-4A-based model was trained and validated using observations
665  from 2019, with data from May to August used as the primary training period and
666  randomly selected days from each of the remaining months included to ensure
667  seasonal representativeness across both the validation and inference stages. The study
668  domain covered 90° — 130°E and 0° — 40°N. To assess cross-satellite generalizability,
669 three independent FY-4B/AGRI observation cases were selected from the
670  extrapolation period spanning June 2023 to July 2024, which was entirely outside the
671  FY-4A training window. These cases include Case 1 on 11 June 2024 at 09:15 UTC,
672  Case 2 on 10 August 2024 at 00:00 UTC, and Case 3 on 12 July 2024.

673 Figures 11a—c and 11d-f show the spatial distributions of QPE results for Cases 1
674 and 2 mentioned above, respectively, including GPM IMERG rain rates, the raw
675  FY-4B model output, and the TL corrected FY-4B output. Without TL correction, the
676 raw FY-4B model systematically underestimates precipitation in both cases,
677  producing substantially lower rain rates than GPM IMERG. The corresponding CSI
678  (Critical Success Index) values are 0.392 and 0.412 for Cases 1 and 2, respectively.
679  After applying the physics-constrained TL, the predicted precipitation fields become
680  much more consistent with GPM IMERG, with the CSI increasing to 0.498 in both

21



https://doi.org/10.5194/egusphere-2026-3959
Preprint. Discussion started: 14 July 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

681 cases. This improvement indicates a robust and reproducible enhancement in
682  precipitation detection skill.

683 Figures 11g—i further evaluate model performance using scatter plots of predicted
684  rain rates against GPM IMERG estimates. The FY-4A in-domain baseline (Figure 11g;
685 15 May 2019), selected from the primary training period, achieves a CSI of 0.537,
686  confirming the expected performance of the retrieval model under the original FY-4A
687  observation domain. For the raw FY-4B configuration (Figure 11h), the model yields
688 R (correlation coefficient) = 0.462, MAE (Mean Absolute Error) = 1.678 mm h™!, and
689 bias = —0.959 mm h', indicating a systematic underestimation when the
690  FY-4A-trained model is directly applied to FY-4B observations without correction.
691  The underestimation of precipitation, especially for extreme rainfall intensities, is a
692 common issue in Al-based QPE models (Kiihnlein et al., 2014). After TL correction
693  (Figure 11i), R increases to 0.475, MAE decreases to 1.564 mm h™', and bias
694  improves to —0.450 mm h™', demonstrating a reduction in systematic error.

695 The latitudinal rain-rate profiles in Figures 11j—I further confirm the improvement
696  across all three cases. The raw FY-4B model consistently underestimates the
697  precipitation  structure represented by GPM IMERG, whereas the
698  transfer-learning-corrected FY-4B output better captures the overall latitudinal
699  variability. The consistent improvement across Cases 1-3, which were selected from
700 the FY-4B extrapolation period and span different months and meteorological
701 conditions, demonstrates that the physics-constrained TL model can effectively
702 recover the retrieval capability of the FY-4A-trained model when applied to FY-4B
703  observations.

704

705 5. Discussions and Conclusions

706 This paper presents a recently developed physics-constrained TL framework for
707  satellite remote sensing applications, which differs fundamentally from conventional
708  Al-based TL approaches, offering strong physical interpretability and high
709  generalization capability. The core of this physics-constrained TL framework is a
710  Spectral-Fidelity-Preserving model built on extensive radiative transfer computations,
711 enabling the transformation of radiance observations across different satellites and
712 similar spectral channels spanning 0.47 — 13.5 um. The TL is implemented using

713 either linear or quadratic regression models, and the approach can be well applied to
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714 satellite radiometric calibration transfer, cross-satellite retrieval model adaptation, and
715 related applications.

716 We further examine the quantitative effects of satellite channel SRF differences,
717  including spectral width variations and central wavelength shifts, as well as
718  radiometric uncertainties, on the accuracy of this physics-constrained transfer learning
719  framework. To validate this approach, we performed some sensitivity experiments
720  using a neural-network-based cloud amount profile retrieval model and a quantitative
721 precipitation estimation model with transferred radiometric observations between
722 FY-4A and FY-4B GEO satellite imagers. The results clearly demonstrate that the
723 proposed physics-constrained TL technique improves the retrieval accuracy of key
724  satellite-derived parameters.

725 However, from both theoretical and practical perspectives, several key issues
726  regarding the applicability of this physics-constrained transfer learning framework
727 need to be further investigated.

728 (1) According to Table 1 and the description in Section 2, the core
729  Spectral-Fidelity-Preserving model is constructed based on 50,400 sets of simulated
730  results under diverse conditions. From a sample diversity perspective, there is
731 currently no need to further increase the observation geometries or atmospheric
732 conditions to enhance representativeness. The wide distribution of observed radiances
733 shown in Figure 2 also directly confirms the reliability of the training dataset.
734  Compared with mainstream Al-based TL approaches (Ma et al., 2024), the proposed
735 physics-constrained TL model exhibits distinct advantages. Only a single large-scale
736  radiative transfer computation is required, after which the model can be applied
737 conveniently. Users need only provide the SRFs of the target and reference satellite
738 channels to rapidly fit the observation radiance transformation model of training
739 quality, without undergoing the extensive retraining and testing process required by
740  Al-based models. Consequently, the model demonstrates excellent generalization
741  capability, eliminating the need for substantial computational resources for repeated
742 modeling. As long as the SRFs of the satellite channels to be transferred fall within
743 the 0.47 — 13.5 pum spectral range, the transformation model can be directly fitted.
744 Notably, the core SFP model within this TL framework preserves the simulated

745  information from satellite-based hyperspectral observations, encompassing physical
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746  processes such as atmospheric reflection and absorption, thereby effectively
747  accounting for differences in fitting performance across channels.

748 (2) As shown in Section 3, the proposed TL framework is most sensitive to
749  differences in the SRFs among satellite channels. Figures 7 and 8 illustrate that IR
750  channels achieve superior fitting performance, with the scaling factor required to
751  remain within the 0.5 — 1.5 range and the central wavelength shift below 200 cm™.
752 Notably, channels in the IR atmospheric window are highly sensitive to central
753 wavelength shifts, which should be controlled within 20 cm™. Prior to applying this
754 transfer learning model, it is recommended to evaluate the SRF similarity between
755  target and reference channels using metrics such as Jensen-Shannon divergence,
756  Wasserstein distance, and Kolmogorov-Smirnov distance, as described in Section 3.2.
757  The empirical analysis in Figures 7 - 8 shows that when JSD < 0.3, the RMSE
758 remains low and R* > 0.95, while exceeding this threshold leads to a marked increase
759  in fitting errors. Therefore, JSD < 0.3 is recommended as an empirical threshold for
760  channel transferability.

761 In addition to SRF differences, radiometric calibration uncertainties of individual
762 channels also affect TL model performance. Overall, the physics-constrained TL
763  model is relatively insensitive to calibration uncertainties in IR channels (errors <
764 0.2%). In contrast, errors in VIS/NIR channels propagate proportionally to their actual
765  calibration uncertainties. State-of-the-art satellite imagers exhibit calibration errors of
766  approximately 1.5% in the VIS/NIR channels (Choi et al., 2024), an order of
767  magnitude higher than for IR channels. This indicates that the use of this TL model
768  requires particular caution when large calibration uncertainties are present in VIS/NIR
769  channels.

770 (3) Early radiometric calibration studies (Yu et al., 2026) have demonstrated that
771 this TL model can propagate high-quality radiometric calibration standards from one
772 satellite (reference) to lower-quality calibration channels on other satellites, primarily
773 for VIS/NIR channels. In contrast, IR channels have traditionally relied on
774 high-spectral-resolution IR imagers for synchronous nadir overpass (SNO) (Hewison
775 et al, 2013) and error assessment. However, differences in horizontal spatial
776  resolution between imaging instruments (0.25 — 1.0 km) and high-spectral infrared
777 sounders (10 — 20 km) still introduce significant spatial uncertainties and noise when

778 applying SNO techniques to polar-orbiting satellite imagers. The newly developed TL
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779  model presented in this study offers a novel approach for calibrating and evaluating
780 IR channels on polar-orbiting satellites.

781 A key application scenario is the transfer of core geophysical parameter retrieval
782  algorithms across satellites of the same generation or different generations. This
783  scenario has been demonstrated in Section 4 with experiments on cloud amount
784  profile and quantitative precipitation. Currently, the physics-constrained TL model is
785 used to satellites with relatively low spatial resolution, and its extension to
786 higher-resolution Earth-observing satellites (e.g., Sentinel-2 (Drusch et al., 2012))
787  requires caution. At higher spectral resolutions, atmospheric radiative transfer
788  calculations based on the plane-parallel approximation can introduce distortions,
789  representing a primary limitation and bottleneck of the TL model.

790 Finally, the physics-constrained TL framework developed in this study is fully
791  open-source and freely available for satellite channels spanning the VIS to IR spectral
792 range (from 0.47 to 13.5 pm). Due to the extremely large size of the radiative transfer
793  simulation dataset, it cannot be uploaded to online repositories. Researchers interested
794 in using this physics-constrained TL tool can contact the first (Min Min,
795  minm5@mail.sysu.edu.cn) or corresponding authors to obtain assistance in generating
796  the relevant TL models.
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824

825  Appendix:

826 The Planck-weighted correction method (Chen et al., 2012) likewise employs a
827  linear form, T»,=SiTp0+Qs, in which Ty, and T respectively represent the brightness
828  temperature (BT) observed by the satellite target IR channel and the corrected BT for
829  the calculation using the Planck function, respectively. By contrast, for the reference
830 IR channel, the observed BT is also corrected using a linear relationship,
831  Tp,=S-Tb1+0r As in Eq. (17), the corresponding error propagation can be formulated

832  as follows:

1
833 o7, = IS_tI Xor,, (A1)
834 or, = |S|Xor,, (A2)
835 For a given wavelength A, the Planck function for radiance is expressed as:

a1
P Jewn i)
el Vi

837 where ¢ (=1.1910439x107' (W-m?-sr'")) and c; (=1.438769%x102 (m-K)) are the

836 Ly(Tpo) = (A3)

Ly

838  constants in the Planck function. To obtain adT we first define:

)
b,0
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C2

839 u=- (A4)
g0 - _ A5

dTpe  ATE, (A3)
841 Then, the Eq. (A2) and ddTL’l are transformed into

b,0

842 L = ;—;(e“ —1)! (A6)

Ala _a|_c,ou _ 1)-2,u_9%
843 atys = 25 [ (e*—1)"%e dTb’o] (A7)
844 By substituting Eq. (A3) into Eq. (A6), we obtain:

c2

845 dLy _ €163 exp<lTb,o) (AS)

=12 .
dTpo AGTb,O [exp(/l;:(,) _1]
846  Therefore, according to the first-order error propagation formula, the propagation of
847  observed-radiance errors (o, ,) (Here, we use Ly, toreplace L in Eq. (8)) from Tb,

848  and Tj can be expressed as follows:

exp(372,)
€1C2 P ATh0

4 = X =
849 0, AT, [exp(nczo) _1]2 O0Tp
| c1C; exp</1[(Tb,rC—2Qt)/St]> 1
850 Wlrne-0sT ], ( . )_1]2 x5 1 % ar,, (A9)
A(pe=0e)rsi]
851 In turn, the propagation of radiance error (L,) into the calculated BT (T} ;) can be
852  expressed in terms of d;:;. The inverse of the Planck function in Eq. (A3) can be

853  written as:

C2

854 Tpq(Ly) = —F"—= (A10)
n(1+ 151,1)
855 Then, we first define:
C
856 A= (AL1)
A
87 u=In(1 +Z) (A12)
du 1 d@L)_ 1 (A
858 dL, ~ 1+A/L,  dL, 1+A/L,1< Li) (Al3)
859 By substituting Egs. (A11) and (A12) into Eq. (A10), we obtain:
= L2
860 Tpy =% (A14)
ATby _ _ €2 du
81 G, T T iwa, (A15)
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862  Then, we substitute Eq. (A13) into Eq. (A15), we obtain:

dTp1 _ C A

863 aL, 2 EQeA/LY) (A16)

864 Finally, by rearranging Eq. (A16), we obtain:

865 dJL”; = o 2 — (A17)
LA(L,1+A—§)[ln(1+ASi}L)]

866 At this stage, the TL model established in this study is applied to L, to derive

867  the transformed radiance of the reference IR channel, L,,. As described in Section
868 3.3, for both the linear and quadratic nonlinear TL models, the corresponding error

869  propagation based on Eq. (A17) can be expressed as follows:

cicoa/2°
870  or,, = |S;| X o7, =[S, X 1512 NG X Oy (A13)
(ax+b)(ax+b+ﬁ)[ln(1+715(ax+b))]
c1c2(2ax+b) /A8
871 oy, =S| X or,, =S| X 2 - - 3| X 0,(A19)
(ax2+bx+c)(ax2+bx+c+l_é)[ln(1+—/15(ax21bx+c)>]

872 where x is the radiance (L, ;) observed by target IR channel in Eq. (A9).

873 According to the equations in Section 3.3, by combining Egs. (A9), (A18), and
874  (A19), the error propagation from the initially observed BT (73;) in the target IR
875  channel to the BT (7},) observed by the final reference IR channel used as model

876  input can be expressed as follows:

Sy cicoa /A8 |

877 o, =13 e )|
(ax+b)(ax+b+,1_5)[m(1+m>]
exp(c72>
€1C2 l[(Tb t_Qt)/St]
878 ' X o (A20)
As[(Tb,t—Qt)/St]z exp<C72> _1]2| "
A(Tpe-Qc)/S¢]
— & C1C2(2ax+b)/)LG
879 O-Tb,r = |St| X R 2 c1 c1 Z
(ax +bx+c)(ax +bx+c+ﬁ)[ln(1+m)]
exp<c_72>
880 | C1C2 l[(Tbvt Qt)/St] X GTbt (A21)

A8 [(Tb,t—Qt)/St]2 [

2

C2 _
exp(l[(Tb,t—Qt)/stD 1]
881  where x is calculated from the Planck function in Eq. (A3). a, b, and ¢ represent the

882 fitted coefficients of the IR channel TL model introduced above. We will also use the
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883  derived error-propagation Egs. (A20) and (A21) to conduct sensitivity experiments in

884  Section 3.3.
885
886

887

888

889

890
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Table 1. Input variables and the corresponding values for RTM simulations.

Parameter Classification Values
Aerosol Ocean aerosol 7=0.17
Desert aerosol 7=0.78
Clear-sky (no cloud) 7=0.0
Cumulus cloud =216
Stratus cloud 7=38
Cloud Altostratus cloud =76
Nimbostratus cloud =46
Cirrus cloud =15
Snow p=0.003—0.979
Forest P =0.08-0.83
Farm p =0.09-0.90
Desert p=0.10-0.71
Surface Urban p=0.019-0.137
Ocean p=0.01-0.05
Grass p=0.00606—-0.0325
Tundra p=10.032—-0.273
Wind speed ws= 6.9 m/s
Solar zenith angle Ang =0°, 30°, 45°, 55°, 60°
. Solar azimuth angle Ang =0°
View Geometry "o Tlite view zefith angle Ani =0°, 30°, 45°, 55°, 60°
Satellite view azimuth angle Ang =0°,45°,90°, 135°, 180°

Note: = Optical depth at 550 nm. p = Reflectivity. Ang = Angle (degree). ws= wind

speed.
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Figure 1. Prior shift in the conditional distributions P(X1Y) of satellite-observed reflectance (Ref)
or brightness temperature (BT) for assumed cloud (orange) and ocean (blue) targets. This shift
(with subscripts 0 (solid line) and 1 (dashed line)) can occur when data are collected either by
different satellite sensors or by the same sensor but over different time periods (Example inspired
by (Ma et al., 2024)).
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1177  Figure 2. Normalized Spectral response functions from the visible to infrared channels across
1178  China FY-4A/B GEO imagers (AGRI, Advanced Geosynchronous Radiation Imager, green/blue
1179  solid line) , the U.S. GOES-16 GEO imager (Advanced Baseline Imager, ABI, purple solid line),
1180  China FY-3D polar-orbiting imager (MERSI-II, Medium Resolution Spectral Imager II, orange
1181  dashed line), and the U.S. Aqua/MODIS polar-orbiting sensor (cardinal red dashed line). The light
1182  gray solid curve in each subfigure denotes the simulated transmittance using the 1976 U.S.
1183  Standard Atmosphere profile.
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1189  Figure 3. Application of the new physics-constrained transfer learning framework from FY-4B to
1190  FY-4A AGRI radiance observations. From left to right, the panels show Channels 1 (0.47um), 5
1191 (1.61pum), 13 (10.80um), and 15 (13.30um) (following the FY-4B channel designations). They
1192 demonstrate the framework’s linear fitting performance in the visible, near-infrared, and thermal
1193  infrared bands, as well as an example of higher-order polynomial fitting for FY-4B/AGRI Channel
1194 15 (13.30um). R and o denote the correlation coefficient and fitting residuals, respectively.
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Figure 4. Original SRFs (blue solid lines) and two simulated SRFs, including a narrower SRF (red

solid lines) and a wider SRF (green solid lines), for FY-4B/AGRI: (a) Channel 2 at 0.66 pm and (b)
Channel 13 at 10.80 pm. Here, 0.2/0.6/1.5/1.6x indicates 0.2/0.6/1.5/1.6 times (or scaling factor)

the width of the original SRF, shift —30/~900 cm™ denotes a leftward shift of 30/900 cm™, and
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1225  Figure 5. Distributions of Jensen—Shannon divergence (top panel), Wasserstein distance (middle
1226  panel), and Kolmogorov—Smirnov distance (bottom panel) as functions of scaling factor (from 0.1
1227  to 2.0) and shifted wavenumber (from -1000 cm™ to +1000 cm™) for FY-4B/AGRI Channel 2 at
1228  0.66 pm.
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1243 Figure 6. Same as Figure 5, but for the FY-4B/AGRI Channel 13 at 10.80 um with shifted
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1254  Figure 7. Distributions of RMSE (top panel), R (middle panel), and Noutier (bottom panel) as
1255  functions of scaling factor (from 0.1 to 2.0) and shifted wavenumber (from -1000 cm™ to +1000
1256  cm™) for FY-4B/AGRI Channel 2 at 0.66 um (left panel) and Channel 5 at 1.61 pm (right panel).
1257  Black solid dots denote linear fits, and green plus signs denote polynomial fits, respectively, for
1258  each regression-based transfer learning model.
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Figure 9. Heatmaps derived from the error-sensitivity analysis based on the physics-constrained
TL models show error perturbations ranging from 1% to 6% in reflectance for the solar reflective
channels and from 0.1 to 1 K within an interval of 0.2 K in brightness temperature for the thermal
infrared emission channels. The A—B case (left panel) denotes the transformation in which
FY-4A/AGRI channels are treated as the target channels and FY-4B/AGRI channels as the
reference channels, whereas the B—A case (right panel) represents the exact reverse process.
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1314  Figure 10. Map projection of CALIPSO tracks for two cases is shown in (a). Panels (b—c) present
1315  weighted mean cloud-top height comparisons between CLANN and CALIPSO using
1316  FY-4B/AGRI data, with and without TL model, respectively. Panels (d—i) show cross-sectional
1317  cloud amount profiles, including CALIPSO observations (d, g), CLANN with TL model (e, h),
1318 and without TL model (f, i). Cases 1 and 2 at 05:35 UTC on June 8, 2022 (black solid line) and
1319  07:15 UTC on June 21, 2022 (red solid line), respectively. RMSE and correlation coefficients (R)
1320  are indicated in each panel.
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1329  Figure 11. Evaluation of the physics-constrained transfer learning framework for QPE using a
1330  Multi-Task UNet model trained with 2019 FY-4A/AGRI observations. The training samples were
1331  mainly drawn from May—August and supplemented with five randomly selected days from each
1332 remaining month. (a—) Spatial distributions of rain rate (mm h™') from GPM IMERG, the raw
1333 FY-4B output, and the transfer-learning-corrected FY-4B output for Case 1 on 11 July 2024 at
1334 09:15 UTC. CSI values are annotated for the raw and corrected outputs. (d—f) Same as (a—c), but
1335  for Case 2 on 10 August 2024 at 00:00 UTC. (g—i) Scatter-density comparisons between
1336  model-estimated and GPM IMERG rain rates for the FY-4A in-domain baseline on 15 May 2019,
1337  the raw FY-4B output, and the TL-corrected FY-4B output, respectively. R, MAE, and bias are
1338  annotated in each panel. (j-1) Latitudinal rain-rate profiles for Cases 1-3, corresponding to 11 July
1339 2024, 10 August 2024, and 12 July 2024, respectively, comparing the raw FY-4B (orange solid
1340  line) output, TL-corrected FY-4B (green solid line) output , and GPM IMERG reference (gray).
1341 CSI values for the corrected output are annotated in each panel. All independent FY-4B cases
1342 were selected from the extrapolation period spanning June 2023 to August 2024, which is entirely
1343 outside the FY-4A training window.
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