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Optimizing Satellite-Based Latent Heating Rate
Profiling Using a Convolutional Neural Network

Heating (CNNH) Algorithm
Hongwei Zhao, Shuping Yang, Qiong Wu, Lin Chen , Peng Zhang , Senior Member, IEEE, and Rui Li

Abstract— Precise spatial distribution of latent heat released
during precipitation formation is crucial to enhance weather
forecasting and climate prediction accuracy. This study
introduces an innovative convolutional neural network heating
(CNNH) algorithm. The algorithm incorporates the vertical
gradient of precipitation rate and air temperature at different
altitudes as key inputs. It combines additional information from
adjacent vertical layers and neighboring horizontal areas. To mit-
igate possible misjudgments of negative heating, a punishing
mechanism was introduced with a latent heating (LH)-structure
loss function within the optimization framework. By employing
the adaptive differential evolution (ADE) algorithm, the optimal
configuration of the network structure optimizes accurate LH
retrieval. To evaluate the CNNH algorithm’s efficacy, a self-
consistency check using weather research and forecasting (WRF)
model simulation data was conducted. Furthermore, an inter-
comparison study with four other algorithms using real satellite
observations was undertaken. Evaluations found that the CNNH
algorithm could precisely retrieve the primary characteristics of
the horizontal and vertical structure, along with the temporal
evolution process and statistical information of WRF simulated
LH, in eastern China in August 2017. It effectively addressed the
issues of overestimation of near-surface cooling and mixing layer
heating, thereby outperforming selected artificial intelligence
(AI) and physics-based LH algorithms. The intercomparison
study between LHCNNH with four other published LH products
based on the same GPM observations reveals that CNNH
got comparable performance among them. However, specific
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differences among these algorithms highlight considerable
uncertainties in multiple LH satellite remote sensing products
and underscore the necessity for further improvements in satellite
LH algorithms.

Index Terms— Convolutional neural network (CNN), hori-
zontal neighborhood information, latent heat, satellite remote
sensing, structure information.

NOMENCLATURE

LH Latent heating.
ADE Adaptive differential evolution algorithm.
WRF Weather research and forecasting model.
CRM Cloud-resolving model.
GPROF Goddard profiling heating algorithm.
MWRT Microwave radiative transfer model.
GPM Global precipitation measurement.
DPR Dual-frequency precipitation radar.
CNN Convolutional neural network.
LUTs Look-up tables.
FE-Module Feature extraction module.
Fu-Module Fusion module.
Reg-Module Regression module.
Rr Rain rate.
CSH Convective-stratiform heating algorithm.
SLH Spectral latent heating algorithm.
CNNH Convolutional neural network heating

algorithm.
FCNH Fully connected neural network heating.
VPH Vertical profile heating algorithm.
LHWRF LH simulated by the WRF model.
LHCNNH LH retrieved by the CNNH method.
LHFCNH LH retrieved by the FCNH algorithm.
LHVPH LH retrieved by the VPH algorithm.
LHSLH LH retrieved by the SLH algorithm.
LHCSH LH retrieved by the CSH algorithm.
Ccr Concordance correlation coefficient.
RMSE Root mean square error.
MAE Mean absolute error.

I. INTRODUCTION

LH RELEASED in the cloud is a result of the water
phase transition among gas, liquid, and solid, and the LH
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serves as the main energy source driving atmospheric large-
scale circulations [1], [2], [3], [4]. Meanwhile, global/local
atmospheric circulations also feedback on the horizontal and
vertical distribution of LH [5], [6]. LH can play a significant
role in aerosol-cloud-precipitation interactions, influence cloud
lifecycle and precipitation intensity [7], [8], promote deep
convection development, and regulate the climate-energy
balance. Quantitative analysis of the horizontal and vertical
distribution of LH is crucial for understanding the feedback
of atmospheric circulation, clouds, and precipitation to climate
change [9]. However, LH cannot be measured directly [10].
The development of accurate methods for the retrieval of LH
is particularly important.

Satellite remote sensing of LH mainly relies on the
measurements of vertical profiles of precipitation rate.
Internationally recognized LUT methods for retrieving LH
include the CSH algorithm [11], [12], the SLH algorithm [13],
[14], [15], and the GPROF algorithm [16]. These methods
share a similar approach, which involves using satellite
observable parameters as indices to find the best estimation in
an LUT that contains a large number of LH profiles simulated
and constructed based on a CRM and MWRT model. The CSH
algorithm [11], [12], [17] was developed based on the finding
that LH profiles are highly dependent on the surface rain rate
and rain type of the convective and stratiform precipitation.
In recent years, the CSH algorithm has further developed and
utilized the average echo top height and the low-level vertical
reflectivity gradient to estimate the heating depth and low-
level evaporation cooling intensity in stratiform regions [18].
Additionally, Tao et al. [19] used CRM simulations of three
different weather events over the eastern continental United
States and three different events over the western coast to
construct LUTs suitable for high-latitude and cold-season LH
retrieving and compared and analyzed different versions of
CSH LH products [20]. The SLH algorithm [13], [14], [15],
[21], [22] is also an LUT-based method that considers not
only the rain top height as an indicator of LH release rate
but also factors such as rain type, surface rainfall rate, and
freezing layer height as important indices on LH. It constructs
an LUT by representing the LH profiles as functions of the
aforementioned variables obtained from CRM simulations.
The GPROF algorithm uses the Bayesian retrieving method
to find the best estimation of LH based on multiple channel
brightness temperature upwelling from the top of the atmo-
sphere, which was measured by satellite and CRM-MWRT
simulations.

The advantages of the above LUT algorithms are that
they can fully reflect the various components of LH
released by precipitation (condensation–evaporation, freezing–
melting, deposition–sublimation) and other atmospheric heat-
ing, including radiation heating, and can also estimate the
LH of non-precipitating clouds. However, the retrieving
accuracy of these algorithms is highly dependent on the
representativeness and completeness of the pre-established
LUTs.

Physical-based LH algorithms are used to estimate LH
based on the physical relationship between observable
clouds and precipitation characteristics from satellite and

LH. Assuming that the storm is in a steady state, the
net flux of local hydrometeors is compensated through its
phase change process (reduced or increased), and the phase
change of hydrometeors releases LH that heats (or cools)
the atmosphere. Based on this assumption, Tao et al. [23]
proposed an LH retrieving method based on the vertical
profile of hydrometeors. Inspired by this work, other LH
retrieving methods based on hydrometeor profiles have been
subsequently proposed, such as the HH algorithm [24], [25],
[26] and the PRH algorithm [27].

Through further research and analysis of the precipitation
rate profile, it was found that the vertical gradient of
precipitation rate represents the microphysical processes of
different phase transitions of water, corresponding to different
LH releasing rates [28], [29]. Li et al. [30] concluded
that under certain assumptions, the vertical gradient of a
precipitation profile can be approximated as a first-order
approximation of precipitation growth rate and LH releasing
rate. Min et al. [31] and Li et al. [32] analyzed different
types of precipitation and their involvement in different phase
transition processes and estimated LH using cloud water
content and precipitation rate. Based on the aforementioned
studies, Li et al. [33] hypothesized that newly formed cloud
water in precipitation clouds converts to rainwater at the same
rate, and the precipitation rate profile remains stable in a short
period. They derived that the vertical gradient of precipitation
rate is proportional to the LH release rate and thus proposed a
physically-based algorithm for LH retrieval from precipitation
profiles called the Vertical profile heating (VPH) algorithm.
The LH is expressed as a piecewise linear function of the
vertical gradient of the precipitation profile. To reduce the
errors caused by these assumptions, Li et al. [33] also designed
additional corrections. The VPH algorithm was validated for
consistency using cloud simulations from WRF models, and
its performance was evaluated through satellite observations
from the GPM-DPR over the Qinghai-Tibet Plateau, showing
reasonable results. Moreover, in this work, Li et al. [33]
verified that the vertical gradient of rain rate itself can reflect
the differences in precipitation formation rates among different
precipitation types, and there is a high correlation between
the vertical gradient of rain rate and LH in both horizontal
distribution and vertical profile.

According to previous studies by Li et al. [30], [32], [33],
there is a strong physical relationship between the vertical
profile of rain rate and LH. However, In the VPH algorithm,
the highly nonlinear relationship between the observation of
precipitation parameters and the LH rate is greatly simplified.
Artificial intelligence (AI) methods can effectively learn to
describe nonlinear relationships between input and output
variables. In the previous work [34], we attempted to retrieve
LH using artificial neural networks for the first time and
proposed an LH retrieving algorithm based on FCNHs, which
effectively improved the retrieving accuracy. However, the
existing physical-based research and AI method still have
several limitations, as follows.

1) Studies have shown that horizontal advection
of atmospheric motion leads to displacement
between the growth of precipitation particles
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and the condensation/evaporation phase change of
hydrometeors [30]. However, existing LH retrieving
methods only interpret the vertical differential of
precipitation rate as an increase or decrease of
precipitation particles in the vertical direction,
neglecting the influence of horizontal displacement of
hydrometeors.

2) Under the influence of actual atmospheric motion,
precipitation particles fall out of the cloud and undergo
microphysical processes such as melting, sublimation,
and evaporation until reaching the surface, forming a
coherent profile of precipitation rate [35]. However,
existing studies merely calculate the vertical gradient
of precipitation rate for spatially local grid points
when estimating LH, thereby losing the overall vertical
structural information of the precipitation rate profile,
which is not conducive to accurate LH retrieving.

CNNs can capture both local and global information
across multiple dimensions, and they have achieved significant
success in various tasks within the domain of remote sensing
of the cloud and precipitation. Sadeghi et al. [36] employed a
U-shaped CNN to extract and integrate infrared observational
data and geographical information, thereby enhancing the
accuracy of near-real-time precipitation estimation. Tu et al.
[37] combined the WRF model with a CNN, leveraging
the network’s ability to extract regional and global features
from WRF simulation data, enabling downscaling from ERA-
Interim dataset resolutions of 80–6 km. Niu et al. [38]
structured radar echo, temperature, and total precipitation data
into a 3-D format, utilizing CNN for multi-variable feature
extraction and integration, thus achieving heightened precision
in precipitation prediction. King et al. [39] developed a CNN-
based remote sensing precipitation retrieval model capable
of estimating average surface precipitation within 20-min
intervals, showcasing the superiority of the CNN model over
conventional machine learning algorithms. Jing et al. [40]
introduced an attention mechanism-based CNN approach and
applied it to the downscaling of satellite-derived precipitation
data, refining the resolution of GPM IMERG monthly
precipitation records from 0.1◦

× 0.1◦ to 0.01◦
× 0.01◦.

In summary, CNNs have indeed accumulated a commend-
able track record in the application of satellite remote sensing
for clouds and precipitation. However, to the best of our
knowledge, although CNNs have strong nonlinear fitting and
feature extraction capabilities, there has not yet been any
exploration of using CNNs specifically for the retrieval of LH.

In order to improve the retrieving accuracy of LH, this study
incorporates the horizontal neighborhood information and the
vertical profile structure of hydrometeors as prior knowledge
and combines them with the powerful feature extraction ability
of CNNs to propose a 3-D CNN-based LH retrieving method
(CNNH). Additionally, an ADE algorithm [41] is used to
obtain the optimal hyperparameters of the CNNH network
to further enhance the model performance. Moreover, in the
design of the loss function, in addition to using the classical
mean squared error (mse) loss, this study incorporates the LH
structure loss based on the characteristics of LH to guide
model training. Compared to VPH and FCNH algorithms

on WRF-simulated data, the proposed method significantly
improves the accuracy of LH retrieving. Furthermore, the
CNNH retrieving results of LH are compared and analyzed
with those obtained from the FCNH, VPH, SLH, and CSH
algorithms using GPM DPR observation data.

II. DATASETS

A. GPM DPR Data

The GPM satellite, launched on February 28, 2014 [42],
carries the GPM DPR onboard. It provides 3-D observations
of radar reflectivity of precipitation particles within the
range of 65◦S–65◦N globally. The GPM DPR operates at
frequencies of 13.6 GHz (Ku bands) and 35.5 GHz (Ka bands),
with a horizontal resolution of approximately 5.2 km and a
vertical sampling interval of 0.125 km at nadir. In this study,
we utilize the GPM DPR Level 2 product, 2ADPR [43], for
case studies to evaluate our LH retrieving results. In addition,
GPM standard product 2ADPR ENV was used to provide
air temperature T in the retrieval process. The spatiotemporal
resolution of 2ADPR ENV is consistent with that of 2ADPR.

2HSLH and 2HCSH, official GPM LH products, were used
for comparison with the retrieval of the CNNH algorithm. The
2HSLH and 2HCSH products have a horizontal resolution of
5.2 km and a vertical resolution of 0.25 km. These data can
be downloaded from NASA.

B. CRM Simulations

Cloud-resolving model simulations have been widely used
to develop LUTs for LH retrieving algorithms, especially
when actual measurements are not available. As one of the
most used mesoscale numerical models, the WRF model [44],
[45] considers detailed geographical information, including
terrain, in its preprocessing system. In this study, the Advanced
Research WRF model Version 3.4 (referred to as WRF)
was employed to simulate clouds in the research area
(32◦N–55◦N, 105◦E–131◦E) in August 2017. The simulations
were conducted using two nested domains with inner and outer
spatial resolutions of 3 and 9 km, respectively. The output
data included 55 vertical levels (with a vertical resolution of
0.25 km below 5 km) and a horizontal resolution of 4 km, with
output saved every 0.5 h. Since WRF does not directly output
LH, this study utilized the phase changes of all hydrometeors
outputted by WRF to calculate LH.

The configuration of physical schemes employed within
the WRF model is structured as follows: the Thompson
scheme [46] was used as the microphysical parameterization,
and radiation processes are simulated using both the
RRTMG longwave and shortwave schemes [47]. Near-
surface processes rely on a revised version of the MM5
scheme [48], while land surface interactions are managed by
the Unified Noah land surface model [49]. The boundary layer
dynamics are governed by the YSU planetary boundary layer
scheme [50]. Convective processes are parameterized through
the Grell–Freitas scheme [51], implemented exclusively in
the outer model domain; hence, no convective parameters
are specified for the inner domain. To initialize and
provide boundary conditions, the model harnesses global
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Fig. 1. Flowchart of CNNH method.

reanalysis data from the National Centers for Environmental
Prediction [52].

During the simulation, the WRF model generated output
data at intervals of 30 min. For the training phase of the FCNH
network, nine time steps were arbitrarily chosen from these
outputs to constitute the training dataset, with all remaining
output data allocated for the testing dataset.

The Acronyms in this study are provided in Nomenclature.

III. LH RETRIEVAL ALGORITHM BASED ON 3-D CNNH

A. Method Overview

Fig. 1 depicts the overall flowchart of the CNNH method.
First, the original data is preprocessed, the outliers are
eliminated, and the normalization is carried out. Second, the
data is divided into training sets, verification sets, and test sets
and sent to the constructed CNNH-net for model training and
testing. Simultaneously, the ADE algorithm is employed to
intelligently optimize the network hyperparameters, resulting
in the optimal design of network parameters.

B. Data Preprocessing

In order to enhance the efficiency of model training, data
cleaning was performed. The vertical derivation of rain rate
(0 = −d Rr/dz) and LH below the surface were assigned
a value of 0, while the temperature below the surface was
assigned the temperature of the surface layer. Any other
outliers were filled using the mean value of the surrounding
neighboring data.

To eliminate the dimensional impact between data, it is
necessary to perform data standardization. We applied the
min-max normalization technique to normalize each variable,
as shown in the following equation:

x∗
=

x − xmin

xmax − xmin
(1)

where, x and x∗ indicate the value of the variable and the
normalized value of the variable, respectively. xmax and xmin
indicate the maximum and minimum value of the variable in
the dataset, respectively.

C. Construction of the CNNH Network

Fig. 2 presents the architecture of the CNNH network. The
network consists of three components: the FE-Module, the Fu-
Module, and the Reg-Module. The specific configuration of the
network is shown in Table I. Initially, the input information
undergoes feature extraction through the FE-Module, followed
by feature fusion through the FE-Module. Finally, the Reg-
Module processes the fused features to obtain the retrieved
LH.

The FE-Module was designed to extract features from
the input variables. Let the two inputs X1,(i, j) = 0(i, j) =

{−(d R(i, j,k)/dz(i, j,k))|k = 1, . . . , l} and X2,(i, j) = T(i, j) =

{T(i, j,k)|k = 1, . . . , l} represent the vertical derivative profile
of the rain rate profile (0 = −d Rr/dz) and the air
temperature profile (T ) at horizontal coordinates (i, j), and l
represents the number of vertical layers in the rain rate profile.
Taking into account the horizontal and vertical information
from neighboring area and adjacent layers, let 0r

(i, j) =

{−(d R(i, j,k)/dz(i, j,k))|k = 1, . . . , d and (i, j) in r} and T r
(i, j) =

T(i, j,k)|k = 1, . . . , d and (i, j) in r} represent all vertical
gradient of rain rate profiles and temperature profiles in a
neighborhood radius r centered on coordinates (i, j) and
layers from 1 to d (d = 65). Let xs,(i, j) represent the profile
information of the sth variable, then the output of the nth
block in the FE-Module can be mathematically expressed as
follows:

zn
s,(i, j) =



ReLU
(

f n
conv3D

(
xs,(i, j)

))
, n = 1

MP
(

ReLU
(

f n
conv3D

(
z(n−1)

s,(i, j)

)))
,

n is even and n < p

ReLU
(

f n
conv3D

(
z(n−1)

s,(i, j)

))
,

n is odd and n < p

(2)

f n
conv3D = conv3D

(
W n, Bn, kernal_size = (3, 3, 3),

stride = (1, 1, 1), padding = same) (3)
ReLU(x) = max(0, x) (4)

MP(x) = Maxpool(x) (5)

where f n
conv3D represents the 3-D convolution layer of the nth

block, W and B represent the weight and bias to be learned,
respectively, kernal_size is the size of the convolution kernel,
stride is the step of the convolution operation, setting padding
to “same” means that the convolution operation maintains
the input and output size unchanged, ReLU(·) is used as the
activation function, and p represents the maximum number of
blocks contained in the FE-Module. Then, the final output of
each FE-Module can be expressed as z p

s,(i, j).
The Fu-Module integrates and further extracts features

derived from individual variables, having a network configura-
tion similar to the FE-Module, consisting of two submodules.
The first submodule incorporates a single 3-D convolutional
layer followed by a ReLU activation function, while the
second submodule includes another 3-D convolutional layer,
a ReLU activation layer, and an average pooling layer.
Taking the output from the FE-Module as the input to
the Fu-Module, the subsequent fusion and advanced feature
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representation result in

Fn
(i, j) =


ReLU

(
f n
conv3D

([
z(p)

1,(i, j), z(p)
2,(i, j)

]))
, n = p + 1

AP
(

ReLU
(

f n
conv3D

(
F (n−1)

(i, j)

)))
, n = p + 2

(6)
AP(x) = Avgpool(x). (7)

The Reg-Module performs regression predictions on the
fused features; differing from the FE-Module and the Fu-
Module, the Reg-Module is designed as a fully connected
network. The output of its layers can be expressed as

Rn
(i, j) =

 ReLU
(

hwn ,bn

(
F p+2

(i, j)

))
, l = p + 3

AP
(
ReLU

(
hwn ,bn

(
Dn−1

(i, j)

)))
, l = q.

(8)

Then, the retrieved LH of precipitation at coordinates (i, j)
can be expressed as

LH(i, j)
ret = Rq

(i, j) (9)

where q represents the total number of blocks contained within
the Reg-Module network. h(·) denotes the linear regression
function, and w and b represent the weight and bias to be
learned, respectively.

To investigate the influence of hydrometeor horizontal
displacements and vertical advection on LH retrieval perfor-
mance, this study not only employs the designed 3-D CNN
for LH retrieval but also juxtaposes the effectiveness of LH
retrieval via 1-D and 2-D CNNs. In the context of the 1-D
CNN-based LH retrieval method, the input consists solely of
the vertical profiles of the variables, devoid of any horizontal
contextual information. On the other hand, the 2-D CNN-
based approach to LH retrieval considers only the horizontal
contextual information, excluding any vertical information of
precipitation.

D. Loss Function

The decrease of precipitation rate toward the surface (i.e.,
0 < 0) was simply regarded as evaporation, thus negative LH
(cooling) [30], [33]. However, this is not necessarily the case in
the real cloud. Breaking up of rain drops, horizontal advection,
the slant-view angle of precipitation radar, etc., can all cause
observed negative 0. To punish such misjudgment during
the machine learning process, an additional LH-structure loss
(Lstr) was introduced alongside the standard RMSE loss in our
optimization framework. The calculation formula for the Loss
is as follows:

Loss = ω × LRMSE + (1 − ω) × Lstr (10)

LRMSE =

√√√√ 1
N

N∑
i=1

(LHreti − LHmodi )
2 (11)

Lstr =
1
N

N∑
i=1

(1 − sgn(LHreti × LHmodi ))

× |LHreti − LHmodi | (12)

where LHmod and LHret, respectively, denote the WRF-
modeled LH and retrieval LH, N represents the number of
samples, and ω represents a balance coefficient which has a
range of [0, 1]. In (12), if LHmod and LHret have the same
sign, then Lstr = 0; if LHmod and LHret have different sign,
the Lstr = (1/N )

∑N
i=1 |LHreti −LHmodi |, and the loss Lstr will

increase as the difference between LHret and LHmod increases.

E. ADE Algorithm

Intelligent optimization algorithms have been proven to
effectively configure the hyperparameters of deep learning
models [53]. The ADE algorithm [54] was adopted to
adjust the hyperparameters of CNNH, a strategy known
for adeptly maintaining a balance between explorative
reach and convergence velocity, ensuring swift and effective
navigation toward the global optima. In this study, the pivotal
hyperparameters for the CNNH model include the learning rate
(lr ), the number of hidden layers in the FE-Module (NFE), the
number of units in hidden layer channels in the FE-Module
(nFE), the number of hidden layers in the Reg-Module (NReg),
and the number of units in hidden layer channels in the Reg-
Module (nReg). The steps to optimize the hyperparameters of
CNNH using the ADE algorithm are as follows:

Step 1: Initialization of Population. A population of
size M is initialized, where each individual xi =

[lr , NFE, nFE, NReg, nReg], then the genetic dimension D = 5.
Each gene j has a value range [L j , U j ]. Obtain the initial
population using the following formula:

xi, j = L j + rand(0, 1) ∗
(
U j − L j

)
i = 1, 2, . . . , M; j = 1, 2, . . . , D. (13)

Step 2: Mutation Operation. For each individual, a mutation
operation is performed. xr1 and xr2 are randomly selected
individuals in the population. Set the maximum number of
iterations as T , t denotes the current iteration count, and
the mutation operator is F , with its value ranging within [0,
1]. Notably, the mutation strength decreases as the iteration
progresses. During the early stages of the algorithm, a larger
mutation factor ensures population diversity, aiding in the
search for global optima. In the later stages, a smaller mutation
factor is employed to preserve excellent individuals, exhibiting
stronger local search capability and ensuring convergence of
the algorithm. Following the mutation operation, the individual
vi is expressed as:

vi = xi + F ∗ (xr1 − xr2) (14)

F = Fmin + (Fmax − Fmin) ∗
1

1 + e10(t−0.5∗T )/T
. (15)

Step 3: Crossover Operation. Set crossover probability
as CR, with its value ranging within [0, 1]. A crossover
individual, denoted as ui , is generated through the process
of crossing the current individual with the mutated one. The
genes of the crossover individual are selected according to the
following equation:

ui, j =

{
vi, j , if rand(0, 1) ≤ C R
xi, j , otherwise.

(16)
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Fig. 2. Illustration overview of CNNH framework for LH retrieval.

TABLE I
CNNH NETWORK CONFIGURATION

Step 4: Selection Operation. The target individual yi is
selected according to the fitness

yi =

{
ui , if g(ui ) ≤ g(xi )

xi , otherwise
(17)

where the fitness g(·) = 1/loss, and the loss represents
the value of the Loss of neural network under the current
hyperparameter settings. If the maximum number of iterations
is not reached, jump to step 2; if the number of iterations
reaches the maximum number, terminate the iteration and
output the individual with the highest fitness value as the final
setting of the hyperparameter.

IV. RETRIEVING LH USING
WRF-MODELED DATA

To develop the CNNH algorithm, particularly to test the
sensitivity of the algorithm to precipitation information in
horizontal neighboring areas and in vertically adjacent layers,
case study and statistical study and testing were conducted
with CRM simulations, which were regarded as ground truth.

A. Case Study

Figs. 3–5 show a precipitation event at UTC 12:30 on
August 27, 2017. Fig. 3 presents the horizontal distribution
of surface precipitation rates, the vertical gradient of rain
rate (−dRr/dz), and simulated LH from the WRF model
at an altitude of 6 km, alongside the LH retrieved by the
CNNH method, FCNH method, and VPH algorithm. When
condensation or deposition is the main phase transition process
in the precipitating clouds, the precipitation rate lapse rate is
positive. At the lateral boundary of the precipitation system,
when hydrometeors are facing the unsaturated air environment,
they tend to evaporate or sublimate, and the precipitation
rate lapse rate is negative [55]. At 6 km altitude, the spatial
patterns of LHCNNH, LHFCNH, and LHVPH captured the main
spatial pattern of LHWRF, with spatial correlation coefficients
of 0.90, 0.79, and 0.74, respectively. At altitudes of 4, 5,
7, 8, and 9 km, the spatial correlation coefficients between
LHCNNH and LHWRF are 0.88, 0.89, 0.90, 0.90, and 0.89,
significantly higher than the spatial correlation coefficients
between LHFCNH/LHWRF and LHVPH/LHWRF (LHFCNH/LHWRF
0.67, 0.73, 0.77, 0.72, and 0.72; LHVPH/LHWRF 0.58, 0.61,
0.73, 0.67, and 0.71; associated plots not shown).
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Fig. 3. Precipitation event at UTC 12:30 on August 27, 2017. (a) WRF
simulated surface precipitation rate (mm/h). (b) −dRr/dz (mm/h/km) at 6 km
altitude. (c) WRF simulated LH at 6 km altitude (K/h). (d) LH retrieved by
the CNNH method at 6 km altitude (K/h). (e) LH retrieved by the FCNH
method at 6 km altitude (K/h). (f) LH retrieved by the VPH algorithm at
6 km altitude (K/h).

Fig. 4. Vertical cross sections along line 1 in Fig. 3(a) of (a) precipitation rate
(mm/h). (b) −dRr/dz (mm/h/km). (c) Simulated LH by WRF (K/h). (d) LH
retrieved by the CNNH method (K/h). (e) LH retrieved by the FCNH method
(K/h). (f) LH retrieved by the VPH algorithm. (g) Mean vertical profiles of LH
retrieved by the four methods for System A. (h) Mean vertical profiles of LH
retrieved by the four methods for System B. (i) Histograms of Ccr between
LHCNNH, LHFCNH, and LHVPH against LHWRF for systems A and B.

Fig. 5. Vertical cross sections along line 2 in Fig. 3(a) of (a) precipitation
rate(mm/h). (b) −dRr/dz (mm/h/km). (c) Simulated LH by WRF (K/h). (d) LH
retrieved by the CNNH method (K/h). (e) LH retrieved by the FCNH method
(K/h). (f) LH retrieved by the VPH algorithm. (g) Mean vertical profiles of LH
retrieved by the four methods for System A. (h) Mean vertical profiles of LH
retrieved by the four methods for System B. (i) Histograms of Ccr between
LHCNNH, LHFCNH, and LHVPH against LHWRF for systems A and B.

Fig. 4 depicts the vertical structure of precipitation and LH
along the line 1 in Fig. 3. Within Precipitation System A,

Fig. 6. Time-height cross sections of LH and associated biases from August
1 to 31, 2017. (a) LH retrieved by the VPH algorithm. (b) LH retrieved by the
FCNH algorithm. (c) LH retrieved by the CNNH method. (d) LH simulated
by the WRF model. (e) Bias of the VPH algorithm retrieval. (f) Bias of the
FCNH algorithm retrieval. (g) Bias of LH for the CNNH algorithm retrieval.

Fig. 7. Statistical indicators of LH retrieval in the study area from August
1 to 31, 2017: time series of (a) Ccr, (b) RMSE, and (c) MAE are between
LHCNNH (red), LHFCNH (green), LHVPH (blue) against LHWRF, respectively.

there is a distinct deep convective core indicated by strong
updraft velocity associated with precipitation top height of
15 km and surface precipitation rates exceeding 30 mm/h
centered at ∼115.2◦E. In this area, the vertical distribution
and the intensity of LHCNNH closely match those of LHWRF.
Both show strong positive LH extending throughout the entire
column at the left side of the convective core. Meanwhile,
the WRF simulated flow field shows that the eastern part
of system A is the outflow area of the vertical updraft in
the convective core. Both LHCNNH and LHVPH show positive
heating above the freezing layer and negative cooling beneath
it [Fig. 4(c) and (d)], indicating a classical top-heavy stratiform
LH pattern. For the other two algorithms, the LHFCNH and
LHVPH show more departures from LHWRF in System A
[Fig. 4(c), (e), and (f)]. For instance, they both show cooling
near the surface in the convection core area and some mixed
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Fig. 8. (a)–(d) CFADs of WRF-retrieved LH, CNNH-retrieved LH, FCNH-retrieved LH, and VPH-retrieved LH. (e) Comparison of average vertical profiles
of LH during August 1–31, 2017, in the study area. Overlapped red and green curves are the lateral boundaries of the WRF CFAD used as reference lines
to compare with the other three CFADs.

in positive heating in the lower layer of the out-flow area.
The mean vertical profiles [Fig. 4(g)] reveal that LHCNNH
(blue curve) and LHWRF (red curve) all show one single
heating peak of ∼14 K/h at the same altitude of ∼9 km,
whereas LHFCNH and LHVPH showed two heating peaks at
approximately 10.5 and 5.5 km with much lower peak heating
intensities than LHWRF.

In the precipitation system B, LHCNNH also agrees better
with LHWRF. The CNNH method significantly reduced the
discontinuity of some heating or cooling zones at medium and
low altitudes because the CNNH algorithm designs additional
loss penalties, so some negative 0 values in Fig. 4(b) still
correspond to LH heating, which is also due to the fact that
CNNH takes into account horizontal and vertical neighborhood
information, which will be discussed in detail later.

Quantitatively, the correlation coefficients of the vertical
distribution of LHCNNH against LHWRF are 0.93 and 0.88 for
precipitation systems A and B, respectively. These values are
all higher than those of LHVPH and LHFCNH [Fig. 4(i)].

Fig. 5 presents vertical cross sections of LH and
precipitation along line 2 depicted in Fig. 3(a). In precipitation
system C, LHCNNH, LHFCNH, and LHVPH all capture the major
characteristics of LHWRF, reaching the maximum LH at similar
altitudes (around 7 km). However, LHVPH exhibits strong
cooling below 4 km in the convective center, resulting in a
positive-to-negative transition in the average vertical profile
of LH below about 4 km, which differs significantly from
LHWRF. Precipitation system D represents a typical stratiform
precipitation system, where LHCNNH, LHFCNH, and LHWRF
all exhibit positive LH above and negative LH below the
freezing level. Nonetheless, LHVPH shows more heating LH
below the freezing level, indicating a noticeable difference
from the distribution of LHWRF. From the average vertical
profiles [Fig. 5(g) and (h)] and spatial correlation coefficients
[Fig. 5(i)], it can be observed that among the three retrieval
methods, the CNNH method achieves the highest retrieving
accuracy of LH compared to the LHWRF as ground truth.

B. Statistical Study

In order to evaluate the capability of the CNNH method
to retrieve the time evolution of LH 3-D structure, statistical
analysis was conducted on the one-month LH retrieval from
the CNNH algorithm, covering the period from August 1 to

August 31, 2017. A comparison was made with the true values
of LH simulated by the WRF model, as well as the LH retrieval
results obtained using the FCNH method and VPH algorithm.

The temporal evolution of vertical structures of LHWRF
retrieved by three algorithms (LHCNNH, LHFCNH, and LHVPH)

are displayed in Fig. 6. At regional averages, LHWRF
[Fig. 6(d)] primarily exhibits positive heating with its peak
intensity occurring within the 3–8 km altitude while showing
only weak cooling effects below 2 km. The LHVPH [Fig. 6(a)]
shows a much thicker cooling layer near the surface,
demonstrating substantial overestimation of cooling under
3 km and notably weaker positive heating between 3 and
8 km relative to LHWRF, thus leading to pronounced negative
biases [Fig. 6(e)] in LHVPH, particularly within the near-
surface layer. The FCNH method [Fig. 6(b)], leveraging the
superior non-linear mapping capabilities of neural networks,
improves upon the underestimate of LH present in the VPH
algorithm to some extent; however, it overestimates the heating
effect in the mixing layer (about 6 km). By contrast, the
CNNH method [Fig. 6(c)], building upon the FCNH approach,
takes into account the influence of hydrometeor horizontal and
vertical displacement as well as vertical profile structure on LH
retrieval from precipitation. CNNH effectively addresses the
issue of overestimating cooling near the surface and heating
in the mixing layer found in the FCNH method. Consequently,
the mean vertical distribution of LHCNNH aligns closely with
that of LHWRF and shows the smallest bias [Fig. 6(g)]. Based
on the one-month simulated data, the overall average biases
between LHCNNH, LHFCNH, LHVPH, and LHWRF are −0.02,
−0.04, and −0.09 K/h, respectively.

The time series of the MAE, RMSE, and spatial correlation
coefficient (Ccr) for LHCNNH, LHFCNH, LHVPH, and LHWRF
are shown in Fig. 7. The MAE of LHCNNH, LHFCNH, and
LH_VPH are 0.2, 0.4, and 0.5 K/h, respectively, while their
RMSEs are 1.46, 2.50, and 2.73 K/h, respectively. The spatial
correlation coefficients (Ccr) average out to 0.90, 0.68, and
0.56 for LHCNNH, LHFCNH, and LHVPH correspondingly.

To reveal the probability distribution of LH retrievals, the
contoured frequency by altitude diagrams (CFADs) of the four
LHs are shown in Fig. 8. As the ground truth, the LHWRF is
broadly distributed across nearly all vertical levels. In contrast,
LHVPH shows distinct differences from LHWRF in terms of its
maximum probability distribution. The probability distribution
of LHVPH below 5 km is too concentrated in the region around
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Fig. 9. Precipitation case at UTC 06:00 on August 3, 2017. (a) Surface precipitation rate (mm/h); vertical cross sections along the line 1. (b) Precipitation
rate (mm/h). (c) WRF-simulated LH (K/h). (d) LH retrieved by the CNNH method (K/h). (e) LH retrieved by the CNNH-H method (K/h). (f) LH retrieved
by the CNNH-V algorithm. (g) LH retrieved by the FCNH algorithm. (h) Average vertical profiles of LH for System A using the four different retrieval
methods. (i) Average vertical profiles of LH for System B using the four different retrieval methods. (j) Ccr between the LH retrieved by four methods and
WRF-modeled LH.

Fig. 10. Time-height cross sections of LH biases during August 1–31, 2017.
(a) Bias of LH for the FCNH algorithm. (b) Bias of LH for the CNNH-H
method. (c) Bias of LH for the CNNH-V. (d) Bias of LH for the CNNH
method.

the 0 value. Although LHFCNH aligns better with the major
characteristics of the maximum probability LH distribution
of LHWRF, the FCNH method appears not to have learned
the marginal information due to the uneven distribution of
LH data. At all altitudes, the probability distribution range
of LHFCNH is much smaller than that of LHWRF. Meanwhile,
LHCNNH’s CFAD makes up for the above shortcomings of
LHVPH and LHFCNH, and its CFAD is almost identical to
LHWRF, with only a little missing in the most marginal area;
perhaps this can be improved later by increasing the number of
learned samples and increasing the representative performance
of extreme events in the learning samples.

From Fig. 8(e), the monthly mean vertical profiles of
LHCNNH closely resemble that of LHWRF, with comparable
heating peaks around 5 km (∼3 K/h). The VPH algorithm
underestimates the heating below 7 km, whereas the FCNH
method overestimates the peak LH in the mixing layer and
underestimates it below 3.5 km. Overall, the CNNH method
outperforms both FCNH and VPH algorithms in capturing the
distribution of WRF-simulated LH with greater fidelity.

C. Impacts of Horizontal Neighborhood Information and
Vertical Profile Structure

In order to reveal why the 3-D-CNN method is so effective
in improving the accuracy of retrieved LH, we designed
two sensitivity experiments to understand the importance
of adding horizontal and vertical neighborhood information.
We designed a CNNH-H method, which only incorporates
horizontal neighborhood information, and a CNNH-V method,
which only incorporates vertical profile information. Their
retrieval performances are compared with that of the
full CNNH method, which combines both the horizontal
neighborhood information and the vertical profile structure.

First, we use a case study to compare the retrieving
performances of the above three methods in detail. This case
occurred at UTC 06:00 on August 3, 2017, in a typical
mesoscale frontal precipitation system in the Liaoning and
Jilin regions of China, where cold air from the northwest
met warm and humid air masses from the Bohai Sea in the
south, forming a rain belt trending southwest to northeast
of about 1500 km [Fig. 9(a)]. The vertical cross section of
WRF simulations shows that there is a strong LH release
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Fig. 11. Case of precipitation observed by GPM DPR at UTC 10:53:00 on July 14, 2017. (a) Horizontal distribution of surface precipitation rates; vertical
cross sections along the straight line of (b) precipitation rate. (c) LH retrieved by the CNNH method. (d) LH retrieved by FCNH method. (e) LH retrieved
by the VPH method. (f) LH retrieved by SLH method. (g) LH retrieved by CSH method. The mean profiles of LH associated with selected systems A and
B are shown in the right column.

on the side of the rain band near the warm air mass, and
significant LH absorption and cooling at the low layers
on the side of the rain band near the northwest cold air
mass, and the interface between the two forms an obvious
inclined front structure [Fig. 9(c)]. The CNNH algorithm can
retrieve the above LH vertical structure well, and the overall
correlation coefficient reaches 0.90 [Fig. 9(d)]. When only
the horizontal neighborhood information is considered in the
retrieval [i.e., CNNH-H, Fig. 9(e)], in the south side of the
front system (e.g., 40◦–41◦N), the retrieved convection heating
is weak, the vertical extension of strong heating is lower,
and the intensity of the updraft condensation heating above
the front is also low. When considering the vertical structure
information [i.e., CNNH-V, Fig. 9(f)], the convective heating
is significantly strengthened, and from the average profile,
the LHCNNH−H is systematically lower by 2–3 K/h in the
convective heating region [Fig. 9(h)], while the LHCNNH−V
and LHCNNH are very close to the modeling true value
LHWRF above 4 km, while below 4 km, there is still an
underestimation of 1–2 K/h. In the stratiform precipitation
region to the north of the front, all retrievals show a significant
vertical distribution of LH of positive above and negative
cooling below the freezing level, and LHCNNH is in good
agreement with the true value of the model LHWRF, while
LHCNNH−H significantly underestimates the heating in the
mixing layer and LHCNNH−V significantly overestimates the
heating in the upper layer. From the correlation coefficient
curve [Fig. 9(j)], it can be seen that the retrieved LH
of CNNH, CNNH-V, and CNNH-H has a high correlation
coefficient with the WRF-modeled LH, which is greater
than 0.8 overall. Comparing several models, the correlation
coefficients CcrCNNH > CcrCNNH−V > CcrCNNH−H > CcrFCNH,
indicate that both vertical profile structure information and
horizontal neighborhood information can improve the accuracy
of LH retrieval, and the vertical profile information is more
effective than horizontal neighborhood information.

Second, we compared the temporal evolution process of
LHCNNH−H and LHCNNH−V. Fig. 10 presents the time-height

cross sections of LH biases over a continuous one-month
period. The FCNH method solely relies on learning the
nonlinear mapping between input information within the signal
pixel grid and LH for retrieval purposes. Observations indicate
that: 1) the inclusion of either horizontal neighborhood
information or vertical profile structure information can
suppress the underestimation of LH below 4 km and correct
overestimations in the mixing layer; 2) vertical profile
structure information proves more effective than horizontal
neighborhood information in mitigating the underestimation
of LH near the surface; and 3) combining both horizontal
neighborhood information and vertical profile structure
information further enhances the performance of LH retrieval.

In addition, the environmental temperature can provide the
location of the freezing level and indicate the phase state
of hydrometeors, playing a significant role in LH retrieval.
When the environmental temperature was removed from
the inputs, the performance of the CNNH model decreased
significantly. The MAE and RMSE between the retrieved LH
and the WRF-modeled LH increased from 0.20 and 1.46 K/h
to 0.25 and 1.76 K/h, respectively. The Ccr decreased from
0.90 to 0.83.

V. RETRIEVING LH USING GPM DPR MEASUREMENTS

The CNNH has been developed and evaluated using
WRF model simulation data; now, we apply it to real
satellite observation data. Since LH lacks direct observational
measurements, the CNNH method is applied to precipitation
profiles derived from GPM DPR observations, and its LH
retrieval results are compared against those from the FCNH
algorithm, VPH algorithm, and the GPM operational SLH,
CSH algorithms. It should be emphasized that there is some
significant topography in these cross sections. CSH LH should
be used cautiously around these regions as it currently does
not have LUTs for terrain, whereas SLH does. The sparsity
of CSH data in the terrain impacts its cross sections as spatial
interpolation was used to create the cross sections.
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Fig. 12. Case of precipitation observed by the GPM DPR at UTC 21:39:00 on August 28, 2017. (a) Horizontal distribution of surface rain rates; vertical
cross sections along the straight line of (b) precipitation rate. (c) LH retrieved by the CNNH method. (d) LH retrieved by the FCNH method. (e) LH retrieved
by the VPH method. (f) LH retrieved by SLH method. (g) LH retrieved by CSH method. The mean profiles of LH associated with selected systems A and
B are shown in the right column.

Fig. 13. CFADs during five months (May–September 2017) within the study area of (a) LH retrieved by the CNNH method. (b) LH retrieved by the FCNH
method. (c) LH retrieved by the VPH algorithm. (d) LH retrieved by the SLH algorithm. (e) LH retrieved by the CSH algorithm.

Fig. 11 displays a precipitation case observed by GPM DPR
at UTC 10:53:00 on July 14, 2017. In region A, a mesoscale
convective system (MCS) with a strong convective core was
observed around 33.5◦N, where surface precipitation rates
exceed 25 mm/h. On the north side, precipitation significantly
weakens, with surface precipitation rates below 2 mm/h, and a
virga is observed above 6 km. The retrieved LH from the SLH,
CSH, CNNH, VPH, and FCNH methods all show positive
heating near 33.5◦N, while in the stratiform precipitation area
on the right side, all retrievals show positive LH above and
negative LH below. It is worth noting that the CNNH, FCNH,
and VPH algorithms successfully retrieve the LH associated
with the virga, whereas the SLH and CSH methods fail to
capture this portion of the LH, possibly due to the absence of
such precipitation events in their LUTs. The four algorithms
yield similar average vertical profiles, with the maximum
values of LH achieved at similar heights of 4–5 km. In terms
of the amplitude of the peak heating, the CSH algorithm
shows the largest heating of ∼9 K/h, followed by our CNN
algorithm of ∼8 K/h, while the VPH and SLH provide the
smallest estimation of ∼4 K/h. Additionally, SLH uses surface
precipitation rates from the GPM DPR, while CSH uses
surface precipitation rates from the GPM combined algorithm.
Those differences in surface precipitation rates could explain
some of the differences in magnitude between CSH and SLH
and the other methods to some extent.

In Region B, there are several isolated weak convective cells
with surface precipitation rates of 0.5–5 mm/h. LHCNNH shows
stratiform-dominant vertical distribution with heating aloft and
cooling beneath 6 km. However, there are still some areas
showing positive heating at layers 3–6 km. It was remarkable
that LHSLH showed a completely stratiform type with a clear
dividing line of positive and negative LH at about 6 km.
The LHFCNH and LHVPH show more positive heating at the
lower layer (3–6 km) compared to those of LHCNNH. The
positive–negative interface is also more variable in CSH as
well as CNNH, FCNH, and VPH versus SLH.

Fig. 12 depicts a well-organized MCS observed by GPM
DPR at UTC 21:39:00 on August 28, 2017. In region A, with
a strong convection core, LHCNNH, LHCSH, and LHSLH show
convective heating from the surface to the upper altitude, but
the positive LH estimated by CSH and SLH extends to a higher
height than LHCNNH. In contrast, LHVPH and LHFCNH show
some negative LH near the surface, which is most likely a
retrieving error. In addition, LHVPH and LHFCNH also likely
overestimate LH heating around 4–5 km. In region B, with
relatively uniform rain, LHCNNH, LHVPH, LHFCNH, and LHSLH
all show clear upper heating and low cooling structure divided
at ∼3 km. For the CSH algorithm, retrievals over high terrain
are set to missing, which will cause the retrieved area to appear
reduced in regions with heights both above and below the
threshold.
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CFADs of five months (May–September 2017) of retrieved
LH from the five algorithms (Fig. 13) show that the maximum
probability distributions from the CNNH, FCNH, VPH, and
SLH methods are generally similar, while the CSH CFAD has
some noticeable differences with a more bimodal distribution
at low levels and broader positive distribution at middle levels.
This may be due in part to CSH having fewer samples from
more missing values over higher terrain. CFADs of retrieved
LH for CNNH, VPH, and especially CSH extend over a
broader range than those from FCNH and SLH, which are
relatively narrow.

Regarding the negative part of the CFADs (the left side of
Fig. 13), CNNH, VPH, and CSH all display wide distributions,
yet VPH tends to infer more cooling below 4 km. This
suggests that GPM DPR observes numerous cases with
negative precipitation rate gradients (i.e., 0 = −d Rr/dz) near
the surface, partly resulting from evaporation and partly from
non-phase changing processes such as horizontal advection or
breakup of raindrops [55]. VPH linearly maps all negative
0 to negative LH, leading to an overestimation of cooling,
whereas CNNH accounts for the impact of hydrometeor
horizontal displacement on precipitation LH and uses a CNN
to learn the nonlinear mapping between 0 and LH, effectively
correcting this overestimation. The narrow distribution of
retrieved LHFCNH at various altitudes may be attributed to
its inability to capture the edge information. The SLH’s
narrow LH distribution above 2 km implies a weak association
between negative 0 and cooling in the SLH algorithm. This
is most likely due to the 5-min averaging of SLH in the SLH
LUTs.

For the positive part of the CFADs for retrieved LH
(the right side of Fig. 13), CSH, CNNH, FCNH, and VPH
algorithms show relatively consistent distributions, except that
FCNH misses the edge information (low-probability LH). The
SLH algorithm does not depict positive LH exceeding 15 K/h,
indicating that for given near-surface rainfall rates, cloud-top
heights, and precipitation types in GPM DPR observations,
SLH’s LUT does not contain such high LH values. Again,
this is likely from the 5-min averag in SLH. Nevertheless,
extremely large 0 values must exist in mid-level atmospheric
(e.g., 3–6 km) precipitation profiles, as inferred by the fact
that CSH, CNNH, VPH, and FCNH methods all associate this
with high LH release rates.

VI. CONCLUSION

This article proposes a new CNNH algorithm for satellite
remote sensing to retrieve latent heating rates from pre-
cipitation profiles. The CNNH algorithm uses spaceborne
microwave radar measured vertical gradient of precipitation
rate (0 = −dR/dZ) and air temperature at a given altitude as
the main inputs to estimate the heating rate released at that
point with three innovative features.

First, different from the previous algorithm, which only
considers the local precipitation information, this CNNH
algorithm also combines the precipitation and atmospheric
state information at similar levels in the horizontal neighbor-
hood and vertical directions, thus formulating a 3-D CNN

structure. Second, in order to reduce the additional error
caused by misjudging the release and absorption of latent heat,
a special punishment LH-structure loss function is designed
in addition to the conventional RMSE loss function. Third,
an ADE algorithm was used to find the best settings of
the CNNH network hyperparameter to improve the model
performance.

Evaluations based on state-of-the-art cloud numerical mod-
eling results showed that the CNNH method is significantly
better than the two selected physical-based and AI-based LH
algorithms (named VPH and FCNH) in terms of MAE, RMSE,
BAIS, and Ccr. The reason for such improvement can be
explained in three aspects.

1) The VPH and FCNH algorithms regard the decrease of
rain rate toward the surface (i.e., negative 0 = −dRr/dz)
as an evaporation process, ignoring the possible non-
phase changing processes such as raindrop breakup,
thus resulting in significant overestimation of cooling
in low layers near the surface. The CNNH method,
from learning the cloud numerical modeling truth of
latent heat and rain rate, has a self-adaptive function to
relieve such overestimation through the designed LH-
structure loss function while taking advantage of the
combined horizontal and vertical structural information
in the network design.

2) The FCNH method missed the LH releasing events
with small occurring probability mainly due to sample
imbalance between different types of precipitation. The
CNNH method integrates the horizontal neighborhood
information and vertical structure of input data as the
combined input into the network, thus balancing the
sample distribution to a certain extent, and introduces
more physical information. Therefore, CNNH results in
a more consistent probability distribution of LH with
cloud modeling results.

3) The comprehensive design of the CNNH method
enables it to have stronger complex nonlinear mapping
capabilities and improves the retrieval accuracy of
the mixing layer, which contains complex and diverse
phase change processes, including melting, freezing,
deposition, and sublimation.

Further investigations show that the horizontal neighboring
information can improve the performance of retrieving LH,
particularly in stratiform precipitation. However, vertical
profile structure is significantly more important in LH retrieval
for both convective and stratiform precipitation. This may be
because the local LH in the stratiform precipitation system
has stronger connections with the neighboring horizontal area.
And in both convective and stratiform precipitation, the local
phase changing processes are highly related to updraft velocity,
which makes strong impacts on the vertical structure of
precipitation.

The retrieving algorithm was tested by using the GPM-
DPR satellite observation data. The CNNH method retrieved
LH, and the four other published LH products show relatively
consistent vertical structure. However, these algorithms still
have significant differences in the heating of vigor, the near-
surface heating of convective precipitation, the heating in the
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cooling layer of stratiform precipitation, and the heating peak
amplitude, indicating that there are considerable uncertainties
in multiple LH satellite remote sensing products.

This study is the first attempt to use CNN machine learning
method to deal with satellite remote sensing latent heating.
It not only deepens the understanding of using the AI method
in solving retrieval problem in the field of atmospheric remote
sensing but also provides an important basis for constructing
a more efficient and accurate retrieval model.
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