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28  Abstract: This study develops and implements a two-step ensemble convolutional neural network
29 (CNN) framework to retrieve precipitation and latent heating (LH) profiles from passive-
30  microwave observations from NASA’s Time-Resolved Observations of Precipitation structure and
31 storm Intensity with a Constellation of Smallsats (TROPICS) mission. In the first step, a
32  precipitation CNN is trained using collocated TROPICS brightness temperatures (Tb) and Global
33 Precipitation Measurement (GPM) combined radar-radiometer (2BCMB) precipitation estimates.
34  Ensemble CNN training shows that retrieval skill is controlled by interactions among a set of
35  choices for hyperparameters, including optimizer settings, architecture depth, and loss weighting.
36  Orbital-scale global evaluation is also required for final model selection because precipitation-
37  intensity distributions differ across tropical environments. Relative to the baseline TROPICS
38  Precipitation Retrieval and Profiling Scheme (PRPS), the CNN retrieval reproduces the large-scale
39 climatological structure of GPM precipitation more accurately in terms of correlations and biases.
40 The CNN produces greater frequencies of heavier precipitation than PRPS; however, the heaviest
41  precipitation frequencies remain underrepresented in the CNN due to the limited number of
42  training samples. In the second step, the same TROPICS Tb patches are used to retrieve GPM
43  Convective—Stratiform Heating (CSH) LH profiles from 1 to 12 km altitude, while the first-step
44  CNN precipitation retrieval provides an additional physical constraint through a precipitation—LH
45  budget linkage. The resulting LH climatology compares favorably with GPM CSH products in
46  Dboth horizontal maps and zonal vertical structure. The CNN reproduces the broad tropical heating
47  maxima, their mid-tropospheric placement, and their meridional extent over land and ocean, with
48  the best agreement generally occurring in the 5-7.5 km layer. These results demonstrate that,
49  despite limited single-footprint information content, a two-step ensemble CNN framework can

50 retrieve physically realistic precipitation and LH structure from TROPICS observations.

51  Short Summary: This study shows how NASA’s TROPICS small satellites can estimate tropical
52  rainfall and latent heating using a deep-learning method trained with GPM satellite data. The
53  spatial texture of microwave observations from space provides useful information for producing

54 realistic views of rainfall and storm-heating structure across the Tropics.
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55 Introduction

56  Understanding the organization and evolution of tropical convection remains a central challenge
57  in atmospheric science and Earth-system modeling. Convective processes redistribute energy
58  vertically and laterally, thereby playing a key role in modulating the large-scale circulation and
59  energy and water cycles (Gill, 1980; Houze, 1982; Mapes, 2001). Key components that govern
60 this redistribution include latent heating (LH) from condensation/deposition,
61  evaporation/sublimation, and freezing/melting of water, and radiative heating due to solar heating
62  and infrared emission from Earth (Hartmann et al., 1984; Stephens et al., 2012). Latent heating
63  associated with deep convection is a major driver of general circulation in the Tropics and
64  contributes to the generation and maintenance of mesoscale convective systems and tropical
65 cyclones (Riehl and Malkus, 1958; Webster, 1972; Schumacher et al., 2004; Hagos and Zhang,
66  2010). Radiative cooling (primarily longwave) balances convective heating and modulates cloud-
67 radiation feedback (e.g., Chou and Neelin, 2004). A complete understanding of tropical energy
68  exchange processes, therefore, requires accurate and collocated estimates of both latent and
69 radiative energy sources (Matsui et al., 2015; Chen et al., 2025).

70

71 While radiative heating has been well constrained by the Clouds and the Earth's Radiant Energy
72 System (CERES) and combined geostationary satellites (Wielicki et al., 1996; Loeb et al., 2016),
73  the observational constraints on LH remain limited due to the complexity of its vertical structure
74  and dependence on cloud microphysical processes (Chen et al., 2025). Retrievals from the Tropical
75  Rainfall Measuring Mission (TRMM) and the Global Precipitation Measurement (GPM) Core
76  Observatory have enabled significant progress (e.g., Tao et al., 2022), but revisit times have been
77  limited by the poor sampling from single satellite observations. In addition, current LH retrieval
78 studies have focused on using either or both radar and passive microwave radiometer
79  measurements; the algorithms only utilize single pixel/profile information, and their coupled
80 temporal evolution remains poorly constrained observationally (Tao et al., 1993; Shige et al., 2004;
81 Grecu et al., 2009; Yang and Smith, 1999; Satoh and Noda, 2001). The Time-Resolved
82  Observations of Precipitation structure and storm Intensity with a Constellation of Smallsats
83 (TROPICS) mission with its constellation of smallsats in low-inclination orbits and ~1-hour
84  median revisit rate, presents a transformative opportunity to track the time-evolving vertical

85  structure of tropical convection at high cadence (Blackwell et al., 2018, 2025); however, these
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86  smallsats have limited information to estimate LH from the course-resolution high-frequency
87  passive microwave observations.
88
89  The recent evolution of deep neural networks, especially the Convolution Neural Network (CNN)
90  approach, for satellite retrievals moves from pixel-wise, shallow neural-network methods that treat
91  each observation independently to deeper, spatially aware, and probabilistic frameworks that
92  exploit the image-like structure of satellite footprint arrays. Early neural-network (NN)-based
93  precipitation retrievals from passive microwave observations are largely developed as single-
94  footprint methods (e.g., Staelin and Chen, 2000; Surussavadee and Staelin, 2008; Sano et al., 2018;
95  Tang et al., 2018), which limit their ability to exploit the mesoscale organization of precipitating
96  systems. More recent studies show that CNNs can use surrounding scene structure more effectively,
97  including for infrared-based retrievals (Sadeghi et al., 2019) and passive-microwave precipitation
98  detection (Li et al., 2021). For passive-microwave retrievals, Pfreundschuh et al. (2022) replace
99 the operational Goddard Profiling (GPROF) algorithm with a CNN approach, which improves
100 retrieval accuracy while preserving operational compatibility. Afzali Gorooh et al. (2023) further
101  demonstrate that optimal satellite precipitation retrieval increasingly depends on the synergistic
102  use of lower-orbiting passive-microwave and geostationary-satellite observations rather than on
103  either data source alone. In parallel, Gavahi et al. (2023) show that CNN-based methods can also
104  be extended from direct retrieval to multisource precipitation fusion, using a hybrid deep neural
105 network framework to merge and downscale multiple satellite, gauge, and reanalysis products
106  while explicitly exploiting spatiotemporal dependencies. An additional recent advancement is the
107  development of near-real-time multi-satellite retrieval systems that ingest raw Level-1
108  geostationary and passive-microwave observations in a sequence-based CNN framework rather
109 than relying on morphed microwave precipitation inputs (Cannon et al., 2026). Together, these
110  studies indicate that the most important recent advances in CNN-based precipitation estimation
111 are the use of spatial context, probabilistic prediction, direct ingestion of heterogeneous Level-1
112 observations, and flexible multi-sensor fusion, all of which are improving the realism and utility
113 of satellite precipitation retrievals.
114
115  This manuscript further takes advantage of the range of microwave frequencies available with the

116 TROPICS sounder for sensing the vertical profile of LH through a novel two-step ensemble CNN
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117  framework using data from GPM-based LH products as training targets. Although the information
118  available within a single TROPICS footprint is limited for characterizing precipitation systems
119  compared with dedicated precipitation missions (e.g., Kidd et al., 2021a), the spatial structure of
120  brightness temperature fields provide valuable information for vertical atmospheric profiling, as
121 previously demonstrated in temperature and humidity retrieval studies (Yang et al., 2023). Section
122 2 of this study describes the TROPICS satellites, the GPM LH products, and the methodology for
123  the two-step ensemble CNN training and subsequent precipitation and LH retrievals. Section 3
124  presents the CNN ensemble training results and the validation of the precipitation and LH
125  retrievals through comparisons with base GPM LH satellite products. Further investigation will
126  also reveal the importance of Tb patches and channels for retrievals. Section 4 summarizes the
127  main findings, discusses their implications, and outlines future directions. Note that instantaneous
128  validation against ground-based measurements is beyond the scope of this manuscript. Such
129  validation will be conducted once retrievals from the full TROPICS constellation become available
130  in the near future.

131

132 1. Data and Method

133 2.1 GPM Combined Precipitation and Latent Heating Products

134  The Goddard Convective—Stratiform Heating (CSH) algorithm is a process-model-informed LH
135  retrieval developed for TRMM and GPM to estimate the vertical structure of diabatic heating
136  associated with precipitating cloud systems (Tao et al., 2022). Because LH (water phase changes)
137  cannot be measured directly by satellite or in-situ observations, the CSH method uses lookup tables
138  (LUTs) derived from cloud-resolving model (CRM) simulations to relate observed precipitation
139  characteristics to representative heating profiles (Tao et al., 1993, 2010). In the GPM framework,
140  the retrieval uses the Combined radar-radiometer product (2BCMB; Grecu et al., 2016; Olson, W.
141 S. and the GPM Combined Radar-Radiometer Algorithm Team, 2022) as input, including surface
142  rain rate, convective/stratiform classification, and echo-top height extending from the Tropics to

143  midlatitude regions (Lang and Tao, 2018; Tao et al., 2019).
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144 In the current GPM version (V7), CSH is built around the physically distinct heating structures of
145  convective and stratiform precipitation, with separate LUTs binned by rain-rate intensity,
146  precipitation type, echo-top height, and low-level reflectivity gradient, and with different LUTs
147  over land and ocean (Tao et al., 2022). The primary product is the Level-2 pixel retrieval 2HCSH)
148 (Tao and Lang, 2016). A major strength of the approach is that it reproduces the canonical vertical
149  heating signatures of net heating in convective regions and heating aloft over cooling below in
150  stratiformregions, and its vertically integrated heating is broadly consistent with the GPM 2BCMB
151  rainfall, especially over the ocean and in the Intertropical Convergence Zone (ITCZ) region (Tao
152  etal., 2022). On the other hand, the main weakness of CSH, and other satellite LH retrievals more
153  generally, is that the product is not a direct observation but an inferred quantity that depends on
154  both the precipitation input and the representativeness of the model-derived LUTs (Tao et al.,
155  2022). The retrieved heating magnitude is sensitive to 2BCMB rain rates, while the vertical
156  structure is sensitive to the convective—stratiform partitioning and to the limited set of CRM cases
157  used to construct the LUTs (Tao and Lang, 2016). As a result, agreement is generally better over
158  the ocean than over land, local differences can be substantial at 0.25° resolution, and the equivalent
159  rain-rate distributions tend to show too much light rain and too little heavy rain relative to the
160 2BCMB product (Tao et al.,, 2022). Thus, CSH should be best interpreted as a physically
161  constrained diagnostic product for regional-to-large-scale heating structure and climatology, rather

162  than a precise instantaneous, event-scale dataset (Tao et al., 2022).

163  As mentioned in the introduction, the CSH methodology depends critically on vertical
164  precipitation information from the narrow-swath single-satellite GPM combined radar-radiometer
165  product, which severely limits global coverage and revisit frequency, leaving large temporal gaps
166  during rapidly evolving convection. These sampling and structural limitations highlight the need
167  for complementary approaches of using frequent-visiting microwave radiometer observations to
168  provide more continuous LH information across the Tropics and improve our understanding of

169  convective energetics. The CSH V7 retrieval is also limited to terrain below 1000 m.

170 2.2 TROPICS SmallSat Mission

171 The TROPICS mission was developed to address a long-standing observational limitation in

172 tropical cyclone monitoring, namely the sparse temporal sampling of passive microwave
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173  measurements over tropical latitudes. In contrast to conventional high-inclination microwave
174  missions, TROPICS employed a low-inclination CubeSat constellation designed to provide
175  substantially improved revisit times over the Tropics, thereby enabling more continuous
176  observations of rapidly evolving storm structures and their surrounding environments. The
177  satellites carried a 12-channel cross-track-sampling microwave radiometer, including temperature-
178  sensitive channels near the 118.75-GHz O: line, water-vapor channels around 183.31 GHz, and
179  high-frequency window and ice-scattering channels near 91.655 GHz and 204.8 GHz. Nadir
180 footprint sizes were 30 km for the 91.655 GHz channel, 24 km for the 114.5~118.58 GHz channels,
181 17 km for the 184.41~190.31GHz channels, and 15 km for the 204.8 GHz channel, and these
182  footprints became larger off the nadir positions (Blackwell et al., 2025). Therefore, the radiometers
183  observed key thermodynamic and hydrometeor-related signals associated with deep convection,
184  precipitation, and tropospheric moisture. This observing strategy was particularly valuable for
185  tropical cyclone applications because passive microwave measurements can reveal storm structure
186  beneath upper-level cloud canopies that are not directly observed by visible and infrared imagery

187  alone (Blackwell et al., 2018, 2025).

188 The TROPICS data record includes both Level-1 (L1) radiance products and Level-2 (L2)
189  geophysical retrieval products. The radiometric calibration of L1b brightness temperatures (Tb) is
190  generally stable in time, with departures from simulated radiances typically less than about 1 K for
191 most channels, supporting the use of these observations for L2 retrieval development and other
192  quantitative applications (Blackwell et al., 2025). TROPICS L2 products include atmospheric
193  vertical temperature and moisture profiles (Yang et al., 2023), instantaneous surface rain rate (Kidd

194  etal, 2022), and tropical-cyclone intensity products.

195  The Precipitation Retrieval and Profiling Scheme (PRPS, Kidd et al., 2022) matches TROPICS L1
196  observations to GPM GMI precipitation estimates to derive precipitation from each TROPICS
197  sensor. The PRPS retrievals already satisfy the TROPICS mission requirement of agreement
198  within 25% of the GPM IMERG product at the target scale. At the instantaneous scale,
199  comparisons with Multi-Radar, Multi-Sensor (MRMS) rain rates over the United States show that
200  PRPS reproduces the main precipitation extent and intensity reasonably well in terms of mean
201  errors and correlation coefficients (Kidd et al., 2022). On the other hand, single-footprint retrieval

202  accuracy remains limited by 1) ambiguity between ice and rain signals, 2) surface-emissivity
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203  effects, and 3) reduced sensitivity to heavy precipitation due to a lack of low-frequency channels
204  (less than 34GHz) and dual polarization Tb measurements (Kidd et al., 2016, 2021b). These
205 challenges motivate the development of a ML approach that leverages multi-frequency spatial
206  texture in addition to the traditional single-footprint retrieval to improve precipitation and LH
207  estimates. The TROPICS PRPS product, in addition to the GPM combined retrieval, is also used
208  to evaluate TROPICS CNN precipitation estimates.

209
210 2.3 TROPICS Two-Step Ensemble Deep Learning Approach

211 This manuscript takes advantage of TROPICS's sounding capability to estimate vertical profiles
212 of LH by fusing TROPICS L1 brightness temperatures with coincident GPM LH profiles (Tao and
213  Lang. ATBD). For this purpose, the TROPICS precipitation-LH CNN framework operates in two
214  sequential stages. First, a precipitation-retrieval CNN is trained using multi-frequency TROPICS
215  brightness temperatures and coincident reference GPM combined radar-radiometer (2BCMB)
216  precipitation, allowing the algorithm to learn robust spectral—spatial relationships associated with
217  surface rain rate. In the second stage, the resulting precipitation estimates serve as constraints for
218  training a LH profile retrieval, together with physically based relationships between column
219  precipitation, LH magnitude and profile structure, and convective texture. This two-step strategy
220  enables the LH algorithm to leverage precipitation-dependent structural information while also
221  learning vertical heating patterns from coincident multi-channel TROPICS microwave Tbs and
222  GPM LH profiles. By explicitly linking column precipitation and LH structure, the two-step
223  approach provides a physically informed and computationally flexible framework for retrieving
224 LH profiles from TROPICS observations.

225

226 The CNN development follows this framework while being adapted to the observing
227  characteristics of the TROPICS sounders. First, GPM 2BCMB precipitation estimates, originally
228  available at an effective footprint of about 5 km, are aggregated to the larger TROPICS sounder
229  footprint used in this study (30 km), provided that the sampling time difference between the two
230  observations is within 1) 15 min and 2) 30min. While 30-min matchup databases introduce larger

231  temporal discrepancy of precipitation and Tb, it increases sampling volume to nearly twice as
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232  much as 15-min matchup databases. The larger data volume is likely critical to achieving adequate
233  representation of heavy precipitation. Here, 15-min and 30-min databases are independently
234  trained, and we evaluate the retrieved global precipitation to determine the final best CNN models.
235

236  The CNN input consists of 7 x 7 patches of TROPICS Tb, together with auxiliary information
237  describing the land—ocean mask and data quality. The 7 x 7 patch size is selected based on initial
238  testing to balance the use of textural information with the number of available training samples.
239  Larger patch sizes slow the training process, reduce the number of training samples because of
240  greater memory requirements, and do not provide clear improvement. Verification results are
241  presented in Section 3.3. In the present configuration, the input therefore includes 14 parameters:
242  the 12 TROPICS channel Tb fields, a binary land—ocean mask, and quality-control information.
243  The same Tb quality-control criteria used in the TROPICS PRPS retrieval are applied here to
244  ensure that only physically reliable observations are used. Accordingly, samples affected by solar
245  intrusion, lunar intrusion, spacecraft maneuvers, or hot/cold calibration periods are excluded from
246  the training dataset (Kidd et al., 2022). Figure 1 shows a single-case example from the TROPICS—
247  GPM match-up database, illustrating that TROPICS brightness temperatures at different channels
248  respond uniquely to the GPM 2BCMB precipitation and GPM CSH LH profiles.

Map View (204.8 GHz) Spot = 32: Tb & GPM 2BCMB Spot = 32: Latent Heat Profile
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251  Figure 1: TROPICS Tb and GPM CSH overlapping images. a) TROPICS Tb (204.8GHz) and
252  GPM 2BCMB precipitation with the location of vertical cross section shown. b) TROPICS Tb for
253  all channels and GPM 2BCMB surface precipitation along the cross section. ¢) Vertical cross
254 section of GPM CSH LH profiles.
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255

256  Unlike conically scanning sensors, cross-track sensors such as TROPICS have viewing angles and
257  footprint sizes that vary with spot (i.e., scan) position. To reduce this spot-dependent systematic
258  wvariability, mean Tb climatologies are constructed for each spot position and channel, and are then
259  used to calculate spot-normalized Tb, following the PRPS algorithm of Kidd et al. (2022). This
260  approach is advantageous to reduce dependency of spot positions upon CNN-based training and
261  algorithms. In addition, valid samples with sensor-maneuver angle within 0.5 degrees, finite Tb
262  values between 50 and 350 K, and GPM CMB precipitation rates between 0 and 200 mm hr™! are
263  then used for CNN training, separately over land and ocean. These processes ensure preparation
264  of a clean TB patch database for CNN training.

265

266  The retrieval model is a deep CNN composed of a sequence of 3 X 3 convolutional layers. Each
267  convolutional layer is followed by batch normalization, which stabilizes mini-batch activation
268  statistics and improves optimization, and by rectified linear unit (ReLU) activation, which
269 introduces nonlinearity while maintaining efficient gradient propagation (Nair and Hinton, 2010;
270  Glorot et al., 2011; loffe and Szegedy, 2015). Dropout is applied after the convolutional stack to
271 reduce overfitting by randomly suppressing a fraction of activations during training, thereby
272  improving generalization (Srivastava et al., 2014). Adaptive average pooling is then used to reduce
273  the final feature maps to a fixed spatial size before the output layer, providing a compact summary
274 ofthe learned spatial features and simplifying the mapping to the retrieved precipitation value (Lin
275  etal., 2013). These specialized methods are common methods to improve CNN training, available

276  in the PyTorch module (Paszke et al., 2019).

277  Rather than predicting precipitation directly in physical units, the model is trained using a
278  logarithmic transformation of precipitation. This transformation reduces the strong positive
279  skewness of precipitation and stabilizes training across the wide range from light to heavy rain.
280 The standard configuration allows the depth of the CNN to vary between three and five
281  convolutional layers, thereby enabling controlled testing of the role of network complexity in

282  retrieval performance.

10
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283  Toimprove performance across the full precipitation spectrum, the model is trained using a custom
284  loss function. The total loss of CNN, L,,ci,, combines three components: a weighted mean-

285  square error (MSE) term, a conditional-bias penalty term, and a histogram-matching penalty term:
286 Lyrecip = LI\VJI/SE + AviasLpias T Anist Lnist (Eq. 1)

287  The first term, L}fcp, is a pointwise mean-square error (MSE), weighted with precipitation

288 intensity, so that heavier-rain samples contribute more strongly than light-rain samples. The

289  second term, Ly;,s, 1 a fine-bin conditional-bias penalty. This term differs from the first term
290 because it specifically penalizes systematic overestimation or underestimation within each
291  precipitation intensity regime, even when the pointwise MSE is otherwise acceptable. The third
292  term, Ly, 1s a histogram-matching penalty designed to improve agreement between the predicted
293  and observed precipitation-frequency distributions. This term encourages the CNN not only to
294  minimize pointwise error, but also to reproduce the overall precipitation-intensity distribution,
295  especially the relatively rare moderate-to-heavy rain events. The second and third terms are
296  designed specifically to address common limitations of microwave sounder precipitation retrievals
297  (Kidd et al.2021a), namely, low bias in the bulk distribution but poor representation of extremes,
298 and intensity-dependent errors. The hyperparameters A,;,, and A;;; are tunable to control the
299 relative importance of these penalties.

300

301  Because retrieval performance can depend strongly on the choice of optimization and
302 regularization hyperparameters, the CNN training is embedded within a systematic
303  hyperparameter-ensemble framework. Instead of relying on a single parameter configuration, a
304  full-factorial ensemble is constructed by varying four key parameters: 1) the learning rate of the
305 Adam optimizer that controls the step size used to update the model parameters, 2) the weight
306  applied to the bias-penalty term (Eq. 1), 3) the CNN learning depths, and 4) the dropout rate that
307  controls overfitting for generalization of the model. The tested values are described in Table 1.
308 Note that three ensemble values of A are also tested but eventually fixed at 0.5 to avoid
309  overfitting of the CNN model (discussed later). Thus, a total of 91 sets (3x3x3x3) of ensemble
310  CNN training are conducted for 15-min and 30-min TROPICS-GPM matchup databases. Details

311  of the hyperparameter values are summarized in Table 1.

11



https://doi.org/10.5194/egusphere-2026-4156
Preprint. Discussion started: 2 September 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

Parameter Feasible Ranges and Notes

le-5: Very slow but stable, useful if network diverges

Learning Rate of Adam
le-4: default

Optimzser . ) )
3e-4: Faster training, but risks overshooting.

0: No bias weight
0.5: default
1.0: High bias weight

Loss Bias Weights

(precipitation only)

3: Faster training, shallower

Number of Layers
4: Default

(precipitation only) ) ) )
5: Deeper features, risk of overfitting or saturation.

0.2: Moderate overfitting for shallow networks
Dropout Rate 0.3: Default

0.5: Heavy dropout, useful for deep networks with small data

312  Table 1. Descriptions and ranges of precipitation CNN model hyperparameters.

313  For each ensemble member, the dataset is randomly divided into training and validation subsets
314  using an 80/20 split. Model optimization is performed with an adaptive stochastic-gradient method
315  and the Adam optimizer (Kingma and Ba, 2015), and training proceeds for up to 30 trials (i.e.,
316 epoch number) separately over land and ocean. The best performing model from each run is
317  selected according to minimum validation loss and saved separately for land and ocean conditions.
318  Ensemble CNN training performance is then evaluated in physical precipitation units using mean-
319  square error (MSE), mean bias (MB), and coefficient of determination (R?), together with log-
320  scale scatter-density plots and precipitation intensity histogram comparisons against the GPM
321 2BCMB precipitation target. These diagnostics are used to assess not only pointwise retrieval
322  accuracy, but also the ability of the CNN to reproduce the observed precipitation-intensity
323  distribution.

324  Note that without precipitation histogram constraints ( A;;,; = 0.0), the CNN training appears to
325 achieve higher point-wise validation skill, but its application to full orbital precipitation retrievals
326  always results in a systematic wet bias relative to the original GPM 2BCMB precipitation. In other

327  words, pointwise training/validation metrics alone can favor models that preserve relative

12
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328  variability but do not necessarily reproduce the observed light-to-heavy precipitation frequency

329  distributions, which is critical to reproduce a realistic global precipitation map.

330  Once the best precipitation CNN models are chosen separately for land and ocean, LH profiles are
331  trained by extending the TROPICS CNN precipitation system. Similar to the precipitation CNN
332  model, the same 7%7 Tb patches (including land—ocean mask) are used to train 80-level LH profiles
333  from GPM CSH data. The main difference lies in the loss function and output design. Instead of
334  predicting surface precipitation rate, the LH CNN model outputs a vertical profile through a dense
335  prediction layer. Because initial testing shows that predicting near-surface LH and very small LH
336  values in the upper layers is challenging and can introduce CNN errors, the LH CNN training and
337  algorithm are limited to 1-12 km above ground level. This altitude range captures the majority of
338  LH variability that is important for large-scale circulation (Houze, 1982). The LH CNN is trained
339  with a composite loss function that constrains both the vertical profile structure and its consistency

340  with the corresponding precipitation column. The total loss of the LH CNN, £, 5, is written as
341 Ly = L%E + A%zﬁzsLanHas + /1p—LH Lp—LHa (Eq.2)

342  where the first term L is a MSE loss between predicted and target LH profiles, penalizing level-
343  by-level LH mismatches. The second term, L . is a column bias loss, penalizing systematic
344 overestimation/underestimation from the column-integrated LH. The third term, £,,_,,, links
345  energy budget consistency between the retrieved LH profile to the precipitation estimated by the
346 first-stage precipitation CNN. The hyperparameters ALH . and Ap—py are tunable to control the
347  relative importance of the column LH bias and precipitation-LH budget constraints. Note that these
348  two penalties are similar, but A,,_; ,; applies to the entire column energy budget, while ALH applies
349  to a certain specific range of height (1~12km, discussed later).

350

351  The third penalty term can be achieved by simultaneously applying the pre-trained precipitation
352  CNN models to predict surface rain rate (P), which is then related to the predicted column-

353  integrated LH budget via a column energy-closure relation

354  [p(2)CyLH(2)dz ~ L,P, (Eq. 3)
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355  where LH(z) is the LH at height z, p(z) is the air density at height z, C, is the specific heat of air at
356  constant pressure, and Lv is the latent heat of vaporization. This relation generally applies to a
357 large-scale environment over a time scale comparable to the lifetime of convection (Yanai et al.,
358  1973), but for convenience, this relationship is instantaneously applied for each column, enforcing
359  energy and moisture budget consistency. These penalties are used to assess both the realism of the

360 retrieved vertical structure and its statistical agreement with the reference LH profiles.

361

Parameter Feasible Ranges and Notes

le-5: Very slow but stable, useful if network diverges

Learning Rate of Adam
le-4: default

Optimizer o ) )
3e-4: Faster training, but risks overshooting.
) 0.01: Weak emphasis on removing column LH bias
Column LH bias
LH 0.05: default
(lbias

0.1: Most attention to reducing column LH bias

0.3: Weakest precipitation-LH coupling; the LH model is driven
mostly by fitting the target LH profile itself
1.0: default

3.0: Strong constraint to ensure the column-integrated LH is

Precipitation-LH
budget (A,_1y )

consistent with the surface precipitation rate

0.2: Moderate overfitting for shallow networks
Dropout Rate 0.3: Default
0.5: Heavy dropout, useful for deep networks with small data

362  Table 2. Descriptions and ranges of LH CNN model hyperparameters.

363  Similar to the precipitation CNN training, the ensemble approach is applied to the LH CNN

364  training (Table 2). While the learning rate of the Adam optimizer and dropout rate are still used,
365 the main difference from the precipitation CNN model is 1) AL - and Ap—py are introduced to
366  control the relative importance of the column LH bias and precipitation-LH budget constraints,
367 and 2) the number of convolutional layers is kept at five, instead of 3, 4, and 5 CNN layers used

368 in the best-performing precipitation CNN in order to choose consistent layer numbers between the
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369  precipitation and the LH training. Again, total ensemble CNN training is applied to estimate the
370  best LH CNN model. Validation diagnostics are adapted to the profile nature of the target and
371 include overall error statistics, level-by-level coefficients of determination, and contoured
372  frequency by altitude diagrams (CFADs) for the target and retrieved LH profiles. These
373  diagnostics are used to assess both the realism of the retrieved vertical structure and its statistical

374  agreement with the reference LH profiles.

375

376 2. Results

377
378 3.1 Precipitation Training Results and Estimates

379  The composite Z-score used in this study is designed to combine the three main validation metrics
380 into a single standardized ranking index. For each ensemble member, MSE, MB, and R? are
381  calculated and converted into standardized Z-scores using the distribution of each metric across

382  the ensemble. The final composite score is then defined as
383  Ziu=Z(R?) - Z(MSE) - Z(\MB|), (Eq.- 4

384  where larger R? increases the score, while larger [MB| and MSE decreases the score. Overall, in
385  this formulation, a higher Z:: indicates a better overall balance of skill, error, and bias across the

386  ensemble of CNN-training members.
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388  Figure 2: Box plots of Zi from each ensemble CNN-training member with respect to a) learning
389 rate, b) lambda bias (Abias), €) the number of layers, d) dropout ratio over land and ocean. The
390 results are from GPM-TROPICS 15-min matchup data. Gray dots show the Zit of individual

391 ensemble members.

392  The spread of Zi is substantial for nearly all tested hyperparameter values over both land and
393  ocean, but the distributions also reveal several clearer first-order tendencies than suggested by
394  individual model results alone (Fig. 2). In all four panels, the interquartile ranges are broad, and
395 the whiskers and outliers extend across both strongly positive and strongly negative values,
396 indicating that no single hyperparameter by itself determines model success. Rather, the same
397 nominal learning rate, bias-penalty weight, number of layers, or dropout value can lead to either
398  strong or weak solutions depending on the accompanying settings. The considerable overlap
399 among neighboring boxplots further indicates that CNN performance is governed by interactions
400 among hyperparameter setups rather than by any one control parameter by itself. At the same time,

401  theland and ocean distributions are broadly similar in shape, suggesting that the major sensitivities
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402  are broadly shared across land and ocean, even though the optimal settings are not identical. The

403  box plots using the match-up data within 30 minutes (not shown) are similar.

404  Despite the widespread in Z scores, Fig. 2 still suggests several robust tendencies. For learning
405 rate, the smallest value (107°) yields the most favorable median Zir over both land and ocean,
406  whereas a value of 3x107 shifts the distributions clearly downward, implying that overly
407  aggressive optimization degrades performance. For Abias, the zero setting produces the broadest but
408  generally most favorable distribution. Abias=0.5 tends to lower the median, while Abias=1.0 provides
409  a partial recovery, especially over land. The dependence on CNN depth is more distinct: 5 layers
410  gives the highest median performance over both land and ocean, while 4 layers is generally least
411  favorable, indicating that the deeper architecture is beneficial for the present 7x7 patch
412  configuration. By contrast, the dropout dependence is comparatively weak, with substantial
413  overlap among all three values, although 0.5 tends to shift the distributions somewhat lower,
414  especially over the ocean. Taken together, these results show that hyperparameter sensitivity is
415  strongly coupled, so reliable model selection cannot be based on isolated trial runs. Instead, an
416  ensemble of experiments is needed to identify robust high-performing configurations and to

417  distinguish general tendencies from noise associated with individual training realizations.
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419  Figure 3: Scatter plots for the best CNN training models against GPM 2BCMB precipitation over
420 a) land and b) ocean. The title shows 15-min (left) or 30-min (right) match-window datasets with
421  the best sets of hyperparameters. Corresponding histograms of precipitation intensity over c) land

422  and d) ocean.

423  The selected CNN training results are depicted with their precipitation-intensity histograms
424  relative to GPM 2BCMB (Fig. 3). The land model in Fig. 3a is trained using the 15-min matchup
425  database, while the ocean model in Fig. 3b is trained using the 30-min matchup database; these
426  choices are made after evaluating their behavior in the full orbital retrieval products, as discussed
427 later. In both panels, the densest part of the scatter lies close to the 1:1 line over the light-to-
428 moderate precipitation range, indicating that the CNN captures the overall GPM precipitation
429  structure reasonably well. The ocean model performs somewhat better than the land model in terms

430  of correlation (R?=0.712 versus 0.636), while both maintain only weak negative mean bias (—0.03
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431  and —0.08 mm h™!, respectively). As in many passive-microwave retrievals, both models show
432  some compression of dynamic range, with light precipitation tending to be overestimated and
433  heavier precipitation increasingly underestimated, as indicated by the tendency for high GPM rain
434  rates to fall below the 1:1 line, particularly over land due to high emissivities and dynamic surface

435  temperatures (Kidd et al., 2021a, 2021b).

436  The corresponding histograms in Figs. 3c and 3d further clarify the behavior of the selected models.
437  Over land, the best CNN training reproduces the GPM 2BCMB precipitation distribution
438 reasonably well over the light-to-moderate range, although the frequency of very light precipitation
439  below 0.5 mm hr! is clearly underestimated. Over the ocean, the best CNN training provides a
440  more consistent match to the GPM 2BCMB distribution, particularly across the dominant oceanic
441  rain-rate regime, which is consistent with its reduced large-scale bias in the full orbital retrieval

442  products.

443  CNN models trained with different temporal matchup databases (15 min versus 30 min) are not
444  uniformly optimal when applied to final orbital retrievals because the spatial distribution of
445  precipitation intensity differs substantially between land and ocean. This comparison also shows
446  that intensity-dependent spatial bias, diagnosed from full orbital validation, is necessary for final
447  model selection (not shown here). In particular, the 15-min matchup database yields the less-biased
448  solution over land, whereas the 30-min matchup database yields the less-biased solution over
449  ocean, probably because precipitation systems tend to have a shorter lifetime over land than over
450  ocean (Futyan and Del Genio, 2007). An important advantage of the present ensemble CNN
451  framework is that the land and ocean CNN retrievals are fully modularized, so the final system can
452  readily adopt different optimal models over different surface types, and these components can be

453  replaced, combined, or updated as improved statistical validation results become available.
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455  Figure 4: Climatological precipitation maps of a) GPM 2BCMB, b) TROPICS03 CNN, and c)
456  TROPICS03 PRPS. Precipitation difference map between d) TROPICS03 CNN and GPM
457  2BCMB, and e) between TROPICS03 PRPS and GPM COMB. Each climatology is an integration
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458  over 26 months from June 2023 to July 2025. TROPICS is sampled only within a 250 km swath
459  width.

460 To compare TROPICS precipitation estimates (both CNN and PRPS) with GPM 2BCMB
461  estimates, spots 36—46 from the central part of the swath are sampled in TROPICS products,
462  corresponding to a swath width of roughly 250 km, so that the TROPICS sampling geometry is
463  approximately matched to that of GPM. Figure 4 demonstrates that the TROPICS03 CNN retrieval
464  reproduces the major climatological features of precipitation in comparison with GPM 2BCMB
465 and TROPICS03 PRPS, including the zonally elongated ITCZ over the Pacific and Atlantic,
466  enhanced rainfall over the Amazon, central Africa, the Maritime Continent, and monsoon regions
467  of South and Southeast Asia. The overall spatially coherent structure indicates that the CNN can
468 estimate a physically realistic distribution of tropical and subtropical precipitation from the

469 TROPICS microwave observations.

470  The CNN-minus-GPM difference map in Fig. 4d shows that the residual biases are generally
471  smaller-scale and more spatially heterogeneous than the large systematic departures seen in the
472  PRPS-minus-GPM field in Fig. 4e. In particular, the CNN retrieval captures the broad tropical
473  rainbands and continental convective maxima with relatively modest regional departures, although
474  some organized biases remain over monsoon regions and parts of the tropical oceans. By contrast,
475  the PRPS retrieval tends to underestimate precipitation more systematically over land, especially
476  across tropical South America, Africa, and portions of the Maritime Continent. Over the ocean,
477  PRPS also shows more widespread negative biases, particularly across the southern parts of the
478  subtropical and midlatitude oceans. These patterns indicate that, at larger scales, the CNN retrieval
479  provides a closer match to the observed spatial distribution of precipitation than the baseline PRPS
480  retrieval. The bias (+0.16 mm day™') and R? (0.51) of CNN is better than those (bias: -0.41, R?:
481  0.33) of PRPS. However, it should be noted that this version of the PRPS database is based on
482  GPM passive-microwave precipitation, which is itself ultimately constrained by GPM 2BCMB
483  precipitation. Even so, differences in the underlying database construction and matching procedure
484  can still contribute to the regional biases evident here. One notable common feature is that both
485 retrievals overestimate precipitation over the Tibetan Plateau and nearby high terrain. This

486  suggests that complex topography and cold, high-elevation land surfaces remain challenging for
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487  both methods. Nevertheless, this bias does not currently affect the LH CNN algorithm, because
488 GPM CSH V7 retrievals are not performed over terrain elevations higher than 1000 m.

Zonal Mean Climatology (Land) Zonal Mean Climatology (Ocean)

—— GPM_COMB (LAND) —— GPM_COMS (OCEAN)
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490  Figure 5. Zonally averaged precipitation climatology from GPM 2BCMB, TROPICS CNN, and
491  PRPS over a) land, b) ocean, and c) land and ocean. (d) Normalized histograms of instantaneous
492  precipitation intensities from full orbital data. Note that GPM 2BCMB precipitation (Skm footprint

493  size) is aggregated on a 25-km footprint size for this comparison.

494  Zonal composites and comparison further strengthen the interpretation from the spatial comparison
495  (Fig. 5). Over land (Fig. 5a), TROPICS03 CNN captures both the tropical maximum and the
496  subtropical minima reasonably well, whereas PRPS exhibits a systematic low bias across most
497  tropical latitudes, especially near the equatorial peak. Over the ocean (Fig. 5b), both retrievals
498  follow the broad zonal structure, but the CNN is generally closer to GPM 2BCMB overall, despite
499  aslight overestimation between about 5° and 25°N. In contrast, PRPS remains systematically low
500  from roughly 18°S to 7°N and again poleward of about 25°N. As a result, the combined land-plus-
501  ocean climatology in Fig. 5S¢ shows that the CNN reproduces the overall zonal structure of GPM
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502 2BCMB more faithfully, although it still slightly overestimates the sharp tropical oceanic peak,
503  whereas PRPS underestimates precipitation over most latitudes.

504

505  The normalized histogram in Fig. 5d shows that the CNN provides a modest improvement over
506  PRPS in reproducing the frequency of heavy precipitation. However, this improvement remains
507  limited, and both TROPICS retrievals still underrepresent the heaviest rain rates relative to GPM
508 2BCMB. This behavior likely reflects two factors. First, the information content of the available
509 TROPICS sounder channels is inherently limited for the most intense precipitation regimes
510  (section 3.3) by the lack of low frequency channels. Second, the CNN training database contains
511  substantially fewer heavy-precipitation samples than are present in the full-orbital retrieval dataset,
512  because the matchup-based training sample is much more restricted. Indeed, the reproduced
513  frequency curve remains close to that seen in the training-based validation results (Fig. 3¢ and 3d).
514  In the present study, the matchup database is limited to a 26-month period partly because of GPU
515  memory constraints associated with the available NVIDIA V100 hardware. In future work, this
516  limitation could be reduced by using larger-memory or newer-generation hardware (such as
517 NVIDIA Grace Hopper), thereby allowing expansion of the training database and improved
518  representation of rare heavy-precipitation events.

519

520

521 3.2 Latent Heating Training Results and Estimates

522  Similar to precipitation CNN ensemble selection, the composite Z-score is applied to choose the
523  best LH CNN models. First, the vertical-skill statistics are averaged over the processed LH layer
524  range of 1.0-12.5 km separately for land and ocean. For each ensemble member, mean vertical
525  skill quantities such as mean R?, mean MSE, and mean absolute bias are computed similarly to the
526  precipitation CNN. In addition, due to unique vertical profile constraints, the mean negative-
527  frequency bias (NegFregqBias) and mean negative-LH-amplitude bias (NegLHBias) are computed.
528  NegFregqBias measures whether the CNN produces negative LH as often as the truth, while
529  NegLHBias measures whether the amplitude of the predicted negative LH is too weak or too strong.

530  The final composite score is then defined as,
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Z0=Z(R?) — Z(RMSE) — Z(IBias|) — Z(|NegFreqBias|) — Z(INegLHBias|). (Eq.5)
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Figure 6: Box plots of Ziwt from each of the ensemble LH CNN-training members with respect to
a) learning rate, b) column LH bias, c) precipitation-LH budget, and d) dropout ratio over land and
ocean. The results are from GPM-TROPICS 15-min matchup data. Gray dots show the actual
spread of Zot.

The sensitivity of the LH CNN skill, expressed by the combined Z-score, to the major
hyperparameter groups over land and ocean is summarized in Fig. 6. Again, the ensemble still
shows substantial spread within each hyperparameter category, indicating that the final LH skill
depends on coupled interactions among these parameters. Both surface types exhibit broad
distributions and several low-performing outliers, with the ocean in some cases showing

comparably large or larger spread.
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544  The learning-rate panel (Fig. 6a) shows the clearest and most systematic sensitivity. The smallest
545  learning rate, 1075, generally produces negative or near-neutral median Z-scores for both land and
546  ocean, indicating that this optimizer setting is too conservative for the LH profile problem. In
547  contrast, 10~ clearly shifts both land and ocean distributions upward and gives the highest median
548  skill among the tested learning rates. The largest learning rate, 3x107*, performs less consistently.
549  The LH-bias loss weight (Fig. 6b) shows weaker sensitivity than the learning rate. The three tested
550 values, 0.01, 0.05, and 0.10, have strongly overlapping distributions for both land and ocean. There
551  is aslight tendency for the ocean median to improve at 0.10, while the land median remains near
552  neutral across the tested range. Similarly, the column-coupling strength (Fig. 6¢) does not show a
553  sharply separated optimum either. This indicates that the loose precipitation—-LH coupling remains
554  useful, but overly precise tuning of this weight is less important than choosing an appropriate

555  learning rate.

556  The dropout panel (Fig. 6d) shows a more distinct sensitivity. Dropout values of 0.2 and 0.3
557  generally produce the best central tendencies, while 0.5 shifts both land and ocean distributions
558  downward. The degradation is especially clear over the ocean, where the median Z-score becomes
559  strongly negative, and several low-performing cases appear. This suggests that excessive
560  regularization removes information needed to reconstruct the vertical LH structure, including weak

561  negative heating/cooling features.

562
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564  Figure 7. LH CFADs from the best LH CNN models over a) land and d) ocean, as well as
565  corresponding GPM CSH LH CFADs (truth) over b) land and e) ocean. Vertical profiles of Z-

566  score and component contributions over c) land and f) ocean.

567  The LH vertical distributions from the best CNN retrievals are compared with the corresponding
568 GPM CSH retrievals over land and ocean in Fig. 7. Overall, the CNN reproduces the primary
569  positive-heating structure reasonably well in both regimes. Over land, the CNN CFAD captures
570  the main positive LH mode extending from the lower troposphere to about 10—11 km, with the
571  largest occurrence centered in the mid-troposphere. Over the ocean, the CNN also reproduces the
572  broad positive-heating envelope. This indicates that the LH CNN successfully learns the dominant

573  heating structure associated with precipitating convection.

574  However, important differences remain in the weak negative-LH portion of the distributions. The
575  “truth” CFADs show persistent weak negative LH, especially below roughly 6—7 km. This feature

576 is physically expected because melting and evaporation under stratiform regions can produce

26



https://doi.org/10.5194/egusphere-2026-4156
Preprint. Discussion started: 2 September 2026 G
© Author(s) 2026. CC BY 4.0 License. E U Sp here

577  broad, weak negative heating below and around the melting layer. The CNN captures some of this
578  negative LH, but its distribution is more compressed and less broadly spread than the truth, even

579  if the LH CNN model adds penalty terms to represent them better.

580  The vertical Z-score profiles (Figure 7c and 7d) facilitate identifying which skill components
581  control these errors. Over land, the total Z-score shows a large negative excursion near the lowest
582  processed level. This degradation is contributed to by several terms, especially the negative-
583  frequency and negative-LH-bias components, indicating that the CNN model struggles to
584  reproduce the occurrence and amplitude of weak cooling near the lower boundary of the retrieval
585 layer. Above about 7 km, the land Z-score becomes positive, implying that upper-level heating
586  skill is relatively strong, consistent with the fact that the TROPICS channels are sensitive to the
587  scattering by ice particles aloft but not liquid precipitation at lower levels. Over the ocean, the
588  most prominent negative Z-score occurs around 4-5 km. The negative-frequency and negative-
589  LH-amplitude terms strongly contribute to this minimum, confirming that the main ocean
590  weakness is not simply total RMSE or mean bias, but specifically the underrepresentation or

591  vertical misplacement of persistent weak negative LH near the melting layer.
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Figure 8. Mean LH maps at 2.5, 5.0, 7.5, and 10.0 km over 26 months from June 2023 to July
2025. The left column shows TROPICS CNN retrievals, the center column shows GPM CSH, and
the right column shows their differences (TROPICS CNN minus GPM CSH). Regions with terrain

elevations greater than 1 km are excluded from both the retrieval and the analysis.

The TROPICS CNN reproduces the broad climatological structure of LH observed in GPM CSH
at all four selected levels (Fig. 8), while also revealing several altitude-dependent biases. At 2.5
km (Fig. 8a—c), both products show widespread weak positive heating across much of the tropics
and subtropics, but the difference field indicates that the CNN tends to underestimate LH in regions

of stronger CSH heating and overestimate LH in areas of weak to negligible heating in CSH,
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602  particularly in low-cloud regions over the ocean off the west coasts of continents. This LH
603  overestimation is also associated with the inability of the precipitation CNN to accurately
604  reproduce light precipitation rates in this region, with the CNN generally overestimating light
605  precipitation (Fig. 4). The bias is also indicated with the large Z-score profile at 2.5 km height over
606  ocean (Fig. 7).

607 At 5.0 and 7.5 km (Fig. 8d—i), the agreement is strongest: both datasets capture the pronounced
608 zonal tropical heating belt, enhanced continental heating over the Amazon, Africa, and the
609  Maritime Continent, and broad maxima over the Indo-Pacific region. These middle levels also
610  contain the largest climatological heating magnitude, suggesting that they correspond to the core
611 layer of LH release from deep convective systems. The CNN—-GPM difference panels show that
612  the remaining biases at these levels are generally regional and moderate in amplitude rather than
613  gross structural failures, which indicates that the CNN has learned the dominant spatial
614  organization of tropical heating associated with surface precipitation rates (Figure 4). At 10.0 km
615  (Fig. 8j-1), the LH signal becomes weaker in both products, and the CNN continues to follow the
616  overall tropical distribution. This mid-to-upper-level heating is a more critical driver for tropical

617  large-scale circulation (e.g., Hartmann et al., 1984).
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619  Figure 9. Climatology of zonally averaged LH profiles corresponding to Fig. 8. The top row shows
620  results for over land, the middle row for over ocean, and the bottom row for both land and ocean.
621  The left and middle columns show the mean LH profiles for the TROPICS CNN and GPM CSH,
622  respectively, while the right row shows the difference (TROPICS — GPM) and related statistics.

623

624  Zonally averaged LH climatologies are shown corresponding to the spatial maps of Fig. 8 (Fig. 9).
625  Over land (Fig. 9a—c), both products show a deep layer of positive heating extending from roughly
626 2 to 10 km, with the strongest heating centered near 5—7 km and broadly distributed across the
627  Tropics. Over the ocean (Fig. 9d—f), the same general vertical structure is evident, but with more
628 clearly defined ITCZ maxima in the deep tropics and minima in the subtropics, and a more

629  prominent low-level secondary maximum. The combined land-plus-ocean climatology (Fig. 9g—i)
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630 preserves these same large-scale features, indicating that the CNN captures the dominant zonal—

631  vertical distribution of LH across the tropical belt.

632  The difference panels reveal that the largest discrepancies are concentrated mainly in the middle
633  troposphere, particularly around 4-8 km, and near equatorial to low-latitude tropical regions. Over
634  land, the CNN tends to be weaker than GPM CSH in the core midlevel heating layer, especially
635  near the equator, while small positive differences appear at some subtropical latitudes and at lower
636 levels. This lower-level bias is indicated by the Z-score vertical profile over land (Fig. 7c, green
637  line). Over ocean, the CNN-minus-GPM structure shows a similar tendency toward reduced
638  heating in the tropical mid-troposphere, although the differences are somewhat more confined
639  around the 4-km level, just below the typical tropical melting level. This pattern is in agreement
640  with the prominent negative Z-score around 4-5 km over ocean during the CNN training (Fig. 7f).
641  In the combined field, the over-ocean LH profile dominates the overall bias signals, implying that
642  the CNN slightly underestimates the strongest portion of the climatological heating core even

643  while reproducing its overall location and shape.
644

645 3.3 Channel and Patch Importance to Precipitation and LH Retrievals

646

647  This section examines the relative contribution of each TROPICS channel and Tb patch to the
648  trained CNN retrievals. By quantifying channel- and patch-dependent sensitivities, this analysis
649  helps interpret how the otherwise complex CNN algorithm uses TROPICS microwave Tb

650 information to constrain the variability of precipitation and the vertical structure of LH.
651

652
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660  For the precipitation retrieval, local-gradient analysis is used to quantify the sensitivity of the
661  trained CNN output to individual TROPICS Tb inputs within the 7x7 Tb patch (saliency hereafter
662  for convenience). After estimation of the CNN precipitation rate for a given input patch, the
663  gradient of the predicted rain rate with respect to each input channel and patch location is
664  calculated by backpropagation. The magnitude of this gradient indicates how strongly a small
665  perturbation in a given Tb value would affect the retrieved precipitation. Larger gradient
666  magnitudes therefore identify channels and spatial locations that exert stronger local control on the
667  CNN precipitation estimate, whereas smaller values indicate weaker sensitivity. By averaging
668  these gradients over many samples and stratifying them by precipitation intensity, the analysis
669 reveals how the CNN uses different microwave channels and surrounding spatial texture under
670 different rain regimes.

671

672  CNN saliency values are then composited within precipitation-intensity categories (Fig. 10): low
673  to extreme precipitation categories. Thus, larger saliency indicates patch locations where small
674  perturbations in Tb would have a stronger local influence on the CNN precipitation estimate. Based
675  on the previous figure, patterns associated with one of the most (least) sensitive channels, 204.8

676  GHz (184.4 GHz), are highlighted.

677  The 204.8 GHz channel shows a pronounced maximum near the center of the patch, especially for
678 low and moderate precipitation, indicating that the CNN relies most strongly on Tb information
679 near the collocated precipitation target. As precipitation intensity increases, the sensitivity
680  becomes broader and extends into neighboring pixels. This broadening is physically reasonable
681  because heavier precipitation is more often associated with spatially organized convective systems,
682 including mesoscale convective systems, where surrounding ice-scattering signatures provide
683  useful information for heavy precipitation. The 184.4 GHz channel shows generally weaker and
684  more diffuse saliency than 204.8 GHz, suggesting that it contributes less directly to the local

685  precipitation estimate, particularly for weaker precipitation regimes.

686  These saliency maps also support the use of a 7x7 CNN patch for this retrieval problem. In most
687  panels, the patch edges exhibit much smaller saliency than the central and near-central pixels,
688  implying that most of the useful spatial information is contained well within the 7x7 window. The

689  main exception appears in the extreme precipitation category, where saliency becomes broader
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690 and can extend closer to the patch edges. However, this category has extremely smaller sample
691  numbers (~ 0.014%) than the low, moderate, and high categories, so its spatial pattern is less
692  statistically robust. Overall, the results confirm that the 7x7 patch is generally sufficient for
693  capturing the dominant local Tb structures used by the CNN, while larger patches may only
694  provide additional value for rare, highly organized extreme-precipitation scenes. However, a larger
695 input patch would further increase GPU memory use and computational cost. For example,
696 expanding the patch size from 7x7 to 8x8 increases the number of input pixels by about 31%,

697  which will reduce the number of training samples for a given GPU memory size.
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699  Figure 11. Channel importance of precipitation CNN to the precipitation intensity spectrum over
700 (a)land and (b) ocean.
701

702 A channel-importance analysis using the trained TROPICS CNN precipitation retrieval models is
703  performed. Namely, the local derivative of the CNN output is calculated with respect to each input
704  7x7Tb element. The absolute value of this derivative is then averaged over the 7x7 patch to obtain
705  a single channel-importance value and is composited for each precipitation intensity bin. Again,
706 in this sense, the plotted quantity (channel importance) does not represent the magnitude of the Tb
707  itself, but rather the local sensitivity of the trained CNN retrieval to small perturbations in Tb for
708  each channel. Note that this index represents the sensitivity of each channel as an independent

709  source of information and does not account for correlations among different channels.
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The results indicate that the CNN uses different spectral information over land and ocean (Fig. 11).
Over land, channel importance is relatively low for light precipitation and increases rapidly for
moderate-to-heavy precipitation, confirming that the land model relies more strongly on scattering
signatures associated with deeper and more intense precipitating systems. The largest land
sensitivities occur mainly in the oxygen-band channels near 114—117 GHz and the 204.80 GHz
channel. In contrast, channels around 183 GHz are among the least sensitive over most
precipitation intensities, but these sensitivities vary slightly between moderate-to-heavy
precipitation. Over ocean, the channel sensitivities are one order larger than those of land,
suggesting more robust precipitation retrieval over ocean. The most sensitive channels for heavy
precipitation are 91.665, 116.65, and 204.8 GHz, whereas the 184.41 GHz channels remain among
the least sensitive again. For light precipitation, ocean sensitivities are already appreciable in
91.665, 114.50, and 116.65 GHz, consistent with the greater microwave emissivity contrast over
ocean surfaces and the stronger relationship between low-frequency Tb perturbations and

precipitation-related signals.
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35

EGUsphere\



https://doi.org/10.5194/egusphere-2026-4156
Preprint. Discussion started: 2 September 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

728  Similar to the precipitation analysis, vertical profiles of channel importance are calculated from
729  the trained LH CNN. Figure 12 shows vertical profiles of channel importance over land and ocean.
730  Over land, the channel-importance profiles show a broad maximum in sensitivity peaking near 5—
731 6 km. This altitude range corresponds to the mixed-phase region, where passive microwave
732  channels are strongly influenced by scattering from ice-phase hydrometeors. Most channels have
733  very similar vertical shapes: weak sensitivity near 1-2 km, increasing upward toward the mid-
734  troposphere, and then decreasing rapidly above about 9—10 km. This broadly represents the general
735  magnitude of actual LH profiles over land and ocean (Fig. 7).

736  An interesting feature is that the 184—190 GHz channels exhibit some of the strongest sensitivity
737  in the LH CNN, although these channels have the weakest importance in the precipitation CNN
738  (Figs. 11a and 12a). These channels are sensitive to water vapor absorption and ice scattering, so
739  their strong contribution around 5-7 km is physically reasonable. The 91.655 GHz channel
740  contributes a similar magnitude, but does not dominate over land, compared with the ocean (Fig.
741 12b). This may reflect the more complicated and variable land surface emissivity background and
742  column water vapor, which reduces the usefulness of lower-frequency surface-sensitive channels

743  for LH CNN over land.

744  Over the ocean (Fig. 12b), the structure is quite different. The 91.655 GHz channel appears to be
745  the most critical channel among others, especially around 6 km and again near the lower-
746  tropospheric peak around 1.5-2.5 km. This is physically plausible because ocean surfaces have
747  relatively low and more uniform microwave emissivity, providing stronger information about
748  precipitation-sized hydrometeors and column rain structure. It is also interesting that the 184.41
749  GHz channel is the second most important channel, which is opposite to the over-land case (Fig.
750  12a). On the other hand, 118.24, 118.58, and 190.31 channels are the weakest channels over the
751 ocean. The ocean profiles also show a minimum around 4-5km, which corresponds to a low Z-
752 score value at this altitude in the CNN training (Figure 7f), suggesting LH values around this
753  altitude are less sensitive to variability of microwave Tbs. The 91.665 GHz sensitivity below 3 km
754  may be related to warm-rain and low-level precipitation structure, which is better observed over

755  the ocean than over land because of the cleaner microwave surface background.
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756  While both domains show maximum sensitivity in the mid-troposphere, the main difference is that
757  land uses a more distributed set of channels with comparable contributions, whereas the ocean is
758  more strongly controlled by 91.665 GHz channel. This contrast is somewhat consistent with the
759  channel importance for precipitation, where 91.665 GHz channel is less important over the land,
760  but more critical over the ocean (Fig. 11) most likely due to the different microwave radiative
761  backgrounds over land and ocean; i.e., land retrievals must rely more on scattering and water-
762  vapor channels, while ocean retrievals can exploit lower-frequency scattering signatures more
763  effectively. In addition, the larger footprint sizes of lower-frequency TROPICS channels could
764  degrade Tb sensitivity to precipitation and LH over land, where continental precipitation systems

765  generally occur at smaller spatial scales (Nesbitt et al., 2000).

766

767 3. Summary and Future Direction

768

769  This study develops a two-step ensemble CNN framework to retrieve surface precipitation and LH
770  profiles from TROPICS passive-microwave observations using GPM-based products as training
771  targets. In the first step, a precipitation CNN is trained with collocated TROPICS brightness
772 temperatures and GPM 2BCMB precipitation. The ensemble CNN experiments show that retrieval
773  skill is largely controlled by the interaction among optimizer settings, architecture depth, and loss
774  weighting rather than by any one hyperparameter in isolation. Although some configurations
775  produce favorable pointwise validation statistics, the final orbital-scale evaluation demonstrates
776  thatinternal training metrics alone are not sufficient for model selection due to unique distributions
777  of precipitation intensity across tropical environments. In particular, the 15-min matchup database
778  yields a less biased land retrieval, whereas the 30-min matchup database yields a less biased ocean
779  retrieval, indicating that the optimal solution depends not only on nominal validation skill but also
780 on the large-scale spatial and intensity distributions that emerge in the full retrieval product.
781  Overall, the precipitation CNN reproduces the large-scale climatological structure of GPM
782  2BCMB much better than the baseline PRPS retrieval, including the main tropical rainbands and
783  zonal-mean maxima, although the heaviest rain-rate frequencies remain underrepresented due to a

784  limited CNN training sample volume at higher rates.
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785

786  In the second step, the same TROPICS Tb patch information is used to retrieve LH vertical profiles
787  from 1 to 12 km altitude, with the precipitation retrieval providing an additional physical constraint
788  through the precipitation—LH budget linkage. The LH CNN ensemble analysis shows that learning
789 rate and dropout exert the clearest influences on skill, while the LH-specific loss weights
790  associated with column bias and precipitation—LH consistency are less sharply sensitive within the
791  tested ranges. The resulting LH climatologies are compared favorably with GPM CSH in both
792  horizontal maps and zonal-mean vertical structure. The TROPICS CNN reproduces the broad
793  tropical heating maxima, their mid-tropospheric placement, and their meridional extent over land,
794  ocean, and the combined domain. The best agreement occurs near the main heating layer near 5—
795 7.5 km, but agreement tends to worsen around the melting layer over the ocean and near the surface
796  over land. Zonal profiles indicate that the CNN LH tends to be somewhat weaker than that of GPM
797  CSH, especially in equatorial regions. Despite the limited single-footprint information content of
798  the TROPICS sounder, the two-step ensemble CNN framework can recover physically reasonable
799  climatological LH structure in addition to surface precipitation.

800

801  The interpretation of these results is strengthened by the channel-importance and saliency analyses.
802  Those diagnostics show that the CNN does not behave as a purely pixel-wise nonlinear regression,
803  but instead uses the spatial structure of the 7x7 Tb patch in a way that is physically plausible. For
804  precipitation retrieval, the local-gradient analysis shows the strongest sensitivity near the patch
805  center, with broader spatial influence for heavier rain rates and smaller contributions toward the
806  patch edges. This confirms that 7x7 Tb patches, approximately representing the mean size of
807  tropical MCSs (~200 km; Chen and Houze, 1996, 1997), are suitable for maximizing benefits from
808  the CNN training. For LH retrieval, the channel-gradient analysis indicated that the CNN relies on
809 different combinations of scattering and sounding information over land and ocean. These analyses
810  suggest that the trained network is extracting meaningful convective structure from the TROPICS
811  observations rather than merely fitting statistical noise, which increases confidence in the physical
812 interpretability of the retrievals.

813

814  The present results are broadly consistent with the recent shift in passive-microwave retrieval

815 research from pixel-wise methods toward spatially aware neural-network frameworks (e.g.,
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816  Sadeghietal., 2019; Li et al., 2021; Pfreundschuh et al., 2022; Afzali Gorooh et al., 2023; Gavahi
817 et al,, 2023; Cannon et al., 2026). In addition, this research demonstrates that smallsat passive
818  microwave sounder channels trained with CNN techniques can provide realistic LH vertical
819  profiles in addition to standard atmospheric products, while improving the biases typically
820  associated with light and heavy precipitation regimes over the existing product. This is a
821  particularly important extension for TROPICS because the scientific motivation of the mission is
822  tied not only to storm environment and rainfall monitoring, but also to the evolution of tropical

823  convection and its role in the broader atmospheric energy cycle.

824  Several future directions follow naturally from this study. First, the present matchup database is
825  limited in part by the memory and throughput constraints of the available NVIDIA V100 GPU
826  hardware. This limitation likely contributes to the underrepresentation of infrequent heavy-
827  precipitation events in the training sample. Migration to newer GPU systems such as Grace Hopper
828  should allow substantially larger training datasets, faster ensemble exploration, and more complete
829  sampling of extreme precipitation. Second, the framework can be expanded from the TROPICS
830  data investigated here to Tomorrow.io sounders (Munchak et al., 2025) because of their very
831  similar channel configuration and weighting-function behavior. This provides a natural path
832 toward extending the present ML framework beyond TROPICS itself and toward broader
833  operational application using a denser mixed constellation of microwave sounders in the near
834  future. Finally, once frequent precipitation and LH retrievals are available from such constellations,
835  they can be combined with radiative-heating estimates to examine radiative—convective energy
836  closure more directly. Namely, this would provide a new observational basis for studying how
837  precipitation, LH, radiative cooling, and tropical convective organization evolve together, thereby

838  advancing understanding of tropical weather systems and their role in climate.

839
840
841  Code availability: The Python-based two-step CNN retrieval algorithm is developed using the
842  PyTorch framework. CNN training, retrieval, and Z-score analysis and plotting codes are available
843  from the NASA NCCS Dataportal at
844  [https://portal.nccs.nasa.gov/datashare/cloudlibrary/PUB_DATA/TROPICS CNN 2026/SOFT].
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