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Abstract: This paper proposes a novel approach for hydrometeor classification using passive mi-
crowave observations. The use of passive measurements for this purpose has not been extensively
explored, despite being available for over four decades. We utilize the Micro-Wave Humidity Sounder-
2 (MWHS-2) to relate microwave brightness temperatures to hydrometeor types derived from the
global precipitation measurement’s (GPM) dual-frequency precipitation radar (DPR), which are clas-
sified into liquid, mixed, and ice phases. To achieve this, we utilize a convolutional neural network
model with an attention mechanism that learns feature representations of MWHS-2 observations
from spatial and temporal dimensions. The proposed algorithm classified hydrometeors with 84.7%
accuracy using testing data and captured the geographical characteristics of hydrometeor types
well in most areas, especially for frozen precipitation. We then evaluated our results by comparing
predictions from a different year against DPR retrievals seasonally and globally. Our global annual
cycles of precipitation occurrences largely agreed with DPR retrievals with biases being 8.4%, —11.8%,
and 3.4%, respectively. Our approach provides a promising direction for utilizing passive microwave
observations and deep-learning techniques in hydrometeor classification, with potential applications
in the time-resolved observations of precipitation structure and storm intensity with a constellation
of smallsats (TROPICS) algorithm development.

Keywords: hydrometeor classification; deep learning; passive microwave observations; GPM DPR;
FY-3C

1. Introduction

Precipitation is one of the three fundamental components of the water cycle, and it
plays a key role in weather and climate systems as well as energy-transfer processes [1-3].
The study of precipitation is highly valuable in many aspects. The spatial-temporal distri-
bution of precipitation and its variation have wide-ranging effects on human well-being and
ecosystems [4-6]. For example, changes in the intensity, frequency, and distribution of pre-
cipitation can have a direct impact on crop water supply and soil water balance, and further
have an impact on atmospheric balance and water resources management [7-9]. Precipita-
tion studies are also critical for regulating the global energy flow, i.e., the movement of heat,
and further adjusting the numerical weather-prediction models. In addition, there is high
climatological significance because studying the long-term variation in global precipitation
can inform scientists of how precipitation responds to a changing climate [10,11].

The effects of precipitation on the hydrological cycle, energy balance budget, land—
air interactions, and weather-prediction models further vary depending on the forms of
precipitation. In general, there are three types of precipitation that reach the Earth’s surface:
liquid-phase (rain), mixed-phase (sleet), and solid-phase (snow) [12,13]. While snowfall
events can have a dramatic impact on the energy budget by increasing surface albedo
by over 50% [14,15], rainfall can quickly raise soil moisture, replenish groundwater, and
form surface runoff [16,17]. In light of the significance of hydrometeor classification for
improved understanding in various earth science fields, including weather forecasting,
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climate-change dynamics, and the usage of water resources, an increasing number of
studies have been focusing on the identification of hydrometeor types (rain/sleet/snow).
Most existing hydrometeor classification schemes rely on remote sensing measure-
ments from ground-based, airborne, and spaceborne active radars. As listed in Table 1
of the literature review summary, among the various classification algorithms, the fuzzy
logic approach has gained considerable attention due to its ability to characterize different
ranges of polarimetric measurements using empirically derived membership functions.
The fuzzy logic approach was first proposed by Vivekanandan et al. [18] and has since
undergone several improvements with more sophisticated membership functions and
decision criteria [19,20]. Later, the National Severe Storms Laboratory at the National
Oceanic and Atmospheric Administration designed another fuzzy logic algorithm for the
operation of the U.S. NEXRAD, which has been upgraded over the years [21-23].

Table 1. Literature review on past work related to hydrometeor classification.

Papers

Summary Active/Passive Data

Vivekanandan, J., et al. [18]

One of most fundamental algorithms of
hydrometeor classification, known as Active
fuzzy logic

Liu, Hongping, and V. Chandrasekar [19]; Lim, S., et al. [20] Improvement algorithms based on [18] Active
Ryzhkov, Alexander V,, et al. [21]; Park, Hyang Suk, Hydrometeor classification algorithm used Active
et al. [22]; Scharfenberg, Kevin A, et al. [23] for U.S. NEXRAD system

Recent examples of continued efforts on

Yang, Ji, et al. [24]; Lukach, Maryna, et al. [25] further improved hydrometeor Active

classification methods

Spaceborne passive microwave data have

Klaes, K. Dieter, etal. [26] been available for five decades Passive
Dolant, Caroline, et al. [27]; Bennartz, Ralf, and Grant W. Passive microwave measurements are
Petty [28]; Petty, Grant W., and Ke Li [29]; articularly useful for global Passive
Skofronick-Jackson, Gail M., and James R. Wan [30]; Wilheit, preci ita tiz),n stud &
Thomas T [31]; Kedem, Benjamin, et al. [32] precip y
Simulated passive microwave data are
Bennartz, Ralf, and Grant W. Petty [28] responsive to hydrometeor scatter to Passive
different degrees between 19 and 150 GHz
Leppert, Kenneth D., and Daniel J. Cecil [33]; Chen, Ruiyao, Studies using spaceborne and airborne Passive

and Ralf Bennartz [34,35]

microwave data agree with [28]

Although efforts have been continuously carried out by many researchers to improve
hydrometeor classification, most studies have focused on using polarimetric radar mea-
surements [24,25]. In this paper, we aim to explore the potential of passive microwave
measurements, which have not been fully explored for hydrometeor classification. Passive
microwave radiation measurements have proven useful for retrieving unique signatures
that identify Earth surface features and obtain atmospheric temperature and composition.
Microwave measurements interact with various types of hydrometeors through the vertical
columns of precipitating clouds, making them particularly beneficial for global precipita-
tion study [26-31]. The first spaceborne radiometer, the electrically scanning microwave
radiometer (ESMR), was aboard NASA’s Nimbus-5 launched in 1972. Since then, various
microwave radiometers have flown aboard satellites worldwide, collecting an increasingly
large volume of radiation measurements emitted from the Earth at selected frequencies be-
tween 6 and 190 GHz, such as the advanced microwave sound unit-A and unit-B (AMSU-A
and AMSU-B) and the microwave humidity sounder (MHS) [32].

Previous research has indicated that the relationship between hydrometeor scattering
intensity and passive microwave brightness temperature varies across the frequency range
of 19 to 150 GHz. In a study by Bennartz and Petty [27], the correlation between hydrom-



Remote Sens. 2023, 15, 2670

30f18

eteor scattering intensity and passive microwave brightness temperature was examined
using radiative transfer modeling data, revealing variations in the relationship for the four
frequencies studied within the aforementioned range. Later studies that explored the rela-
tionship between airborne and spaceborne microwave data and signatures of hydrometeor
types have supported this finding [33-35]. To augment existing precipitation algorithms
and to exploit passive microwave observation capabilities to their full potential, herein
we explore a deep-learning approach which uses passive microwave radiance to diagnose
hydrometeor types from liquid, mixed, and ice phases in an unprecedented manner. Mc-
Culloch and Pitts first proposed and developed the conceptual model of an artificial neural
network in 1943. Since then, its application has expanded tremendously over the past
few decades [36]. Recently, convolutional neural networks (CNN) have emerged as one
of the most popular deep-learning approaches to deep in various fields, including mete-
orological studies that involve remote sensing observations [37]. Because meteorological
applications tend to have large earth observation datasets with spatially and temporally
coherent information, conventional statistically based methodologies may not be accurate
enough to capture the spatio—temporal patterns in the vast amount of earth observation
data, especially for ice particles and snowflakes which are of non-spherical shape and,
hence, are more sophisticated and have imperfectly known ice particle scattering properties.
The pattern recognition abilities of CNN models fit well with this type of data [38]. They are
especially suited to approximate complicated nonlinear relationships between input values
and output results through learning phases and to extract information from image-like
data and sequential data. Because the idea is relatively new and it is more challenging to
classify hydrometeor types using passive microwave observations compared to conven-
tionally used precipitation radar measurements, developing a deep-learning algorithm that
eliminates the need for a well-defined function to describe the relationship between the
input passive microwave radiance and the output hydrometeor types is desirable. Herein,
we leverage a CNN-based model in conjunction with an attention mechanism to learn
meaningful feature representations from the spatial and temporal dimension space of a
passive microwave data for the task of hydrometeor classification.

We trained neural networks using observations from the Fengyun-3C (FY-3C) Micro-
Wave Humidity Sounder-2 (MWHS-2) at frequencies between 89 and 190 GHz. The training
was supervised by “ground truth” data of hydrometeor types derived from measurements
of the global precipitation measurement (GPM) mission’s core observatory which carries
two critical instruments: GPM microwave imager (GMI) and dual-frequency precipitation
radar (DPR). It is worth noting that MWHS-2 carries five channels that are centered at the
118 GHz oxygen line, which is of tremendous significance because it is the first instrument
measuring Earth’s radiance from space at 118 GHz. The thermal emission spectrum of the
atmosphere near 118 GHz provides us with exceptional data to probe the atmosphere at
118 GHz with the combination of other channels at 90, 150, and 183 GHz. To best prepare
datasets for training and testing models, we performed a series of data preprocessing, such
as removing biases from observations, collocating observations and hydrometeor types
as well as data sub-setting (which will be explained in detail in Section 2). We used the
trained model to predict the type of hydrometeor given an input of MWHS-2 observations.

Our model is capable of learning spatial and temporal feature representations from
satellite observations through sophisticated neural networks [39]. We also innovated and
enhanced its functionality with two mechanisms, context and channel-attention networks.
These mechanisms allow us to exploit contextual information around each channel feature
and emphasize their contributions to the output of the classification task. We will elaborate
on each of those components in the following sections.

This study presents a novel approach to combining 118 GHz channels with other
conventional channels between 89 and 190 GHz. By doing so, this study provides new
insights into the distribution and variation of global hydrometeor types. Moreover, this is
the first study to use spaceborne passive microwave observations to classify various types
of hydrometers globally over ocean. This approach represents a significant advancement
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in the application of deep-learning techniques to investigate hydrometeor characteristics
using passive microwave observations. Furthermore, the proposed deep-learning scheme
has significant implications for algorithm development in future missions. Specifically, the
scheme can pave the way for innovative algorithm development for the forthcoming time-
resolved observations of precipitation structure and storm intensity with a constellation of
smallsats (TROPICS) mission and its pathfinder in hydrometeor classification work [40].

The remainder of this article is structured as follows. In Section 2, we provide in-
formation about the instrument and data used in our study. Section 3 elaborates on the
data-driven deep-learning model mechanism we proposed. We present the experimen-
tal evaluation of our model in Section 4. Finally, in Section 5, we discuss the obtained
classification accuracy and describe future work.

2. Instruments and Data
2.1. Input Feature

The MWHS-2 is an improved total power cross-track millimeter-wave radiometer
onboard FY-3C midmorning polar-orbiting operational satellite launched by the China
Meteorological Administration/National Satellite Meteorological Center (CMA /NSMC)
in September 2013. Carrying 15 channels ranging from 89 to 190 GHz listed in Table 2
along with polarizations, the MWHS-2 has proven to be successful in observing global
atmospheric thermodynamics information and monitoring storms in all-weather conditions
as well as providing observations for improved numerical weather-prediction modeling.
There are two window channels at 89 and 150 GHz, and five sounding channels around
183.31 GHz. In addition, eight sounding channels near 118.75 GHz were added to MWHS-2
based on its earlier version onboard Fengyun-3A, which makes MWHS-2 the first space-
borne microwave radiometer that carries 118 GHz channels whose content information is
critical for improved understanding atmospheric composition. This unique channel feature
allows us to perform an unprecedented global assessment of such channels in combination
with other traditional sounding channels from the perspective of hydrometeor type identifi-
cation. The MWHS-2 has a swath width of 2700 km, and its spatial resolution is about 16 km
at nadir for 183 GHz and 29 km for 89 GHz. In this paper we used MWHS-2 Level-1B files
downloaded from the CMA /NSMC (http:/ /satellite.nsmc.org.cn/portalsite/default.aspx,
accessed in 31 March 2018). These data were preprocessed using the methods described in
Sections 2.2-2.5 and then used at input features to the deep-learning model. We can simply
consider one column of the preprocessed MWHS-2 data to be one feature and the number
of features are the data dimensions.

Table 2. MWHS-2 channel frequencies and polarization at nadir used in RTTOV.

Channel Number Frequency (GHz) Polarization at Nadir Used in RTTOV
1 89 H
2 118.75 £ 0.08 v
3 118.75 £ 0.2 v
4 118.75 £ 0.3 A%
5 118.75 £ 0.8 v
6 118.75 £ 1.1 A%
7 118.75 £ 2.5 AY
8 118.75 £ 3.0 v
9 118.75 £5.0 A%
10 150 H
11 183.31 £1.0 v
12 183.31 £1.8 A%
13 183.31 £ 3.0 A%
14 183.31 £ 4.5 v
15 183.31 £ 7.0 v
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2.2. Ground Truth

We used the GPM Combined Precipitation L2B (2BCMB) product at matched scans
(MS swath) to acquire the precipitation structure as the ground truth to train the model.
The 2BCMB product uses data from DPR at Ku and Ka bands, and GPM microwave imager
(GMI) [41]. The MS swath we used contains 25 rays per scan that match the 25 Ka-band
precipitation radar (KaPR) rays. The resolution of the 2BCMB product is 5 km horizontally
and 250 m vertically. The GPM core observatory has an orbit inclination of 65° which it
allows the orbit to cut across the orbits of sun-synchronous satellites, including FY-3C. It
also has the advantage of sampling at various times of the day at latitudes where most
high-accumulation-precipitation events occur.

Each of the precipitation profiles in the GPM 2BCMB product is classified as liquid-
phase, mixed-phase, or ice-phase precipitation. To determine the falling hydrometeor type,
we first define the two different precipitation quantities as ice water content or liquid water
content. The vertical integral of each of these two quantities represents the total mass of
the corresponding precipitation phase in a vertical column, known as ice water path and
liquid water path. For each profile, the falling hydrometeor is considered as liquid-phase
(rain) if there is zero ice water path, and ice-phase (snow) if there is zero liquid water
path. Otherwise, it is mixed-phase (sleet). To ensure the input data are as unbiased as
possible, we performed several conventional preprocesses to clean and prepare datasets,
including collocate coincidental measurements, bias removal, and noise cleaning that will
be described in detail in Sections 2.3-2.5, respectively.

2.3. Collocated and Coincidental Measurements

Due to the more complex simulation of surface emissivity over land, in this study we fo-
cus on oceans where the surface emissivity is generally homogenous and well-characterized.
To project the MWHS-2 observations and DPR profiles into the same geographical fields,
we divide the whole globe into individual grids with each grid being 0.25° latitude X
0.25° longitude. As a result, we count a collocated and coincidental measurement, or a
matchup when a MWHS-2 observation and a DPR profile fall into the same grid and their
observing time difference is within 15 min time window. This process is summarized in
Table 3 along with the data sources and preprocessing techniques, which were elaborated
previously in Sections 2.1 and 2.2. Herein, we use Figure 1 as an example to show single
orbital track overlap between MWHS-2 (gray) and DPR (black). The color bar is the time
difference in between ranging from 0 to 15 min. In other words, only the colorful overlap
can be considered as useful collocations before applying other criteria. The DPR footprint
is 5 km which is much smaller than the grid size, therefore, dozens of DPR observations
fall into one 25 km grid. As a result, we average all the DPR profiles within one grid
to represent the mean over this grid. On the contrary, the MWHS-2 footprint is about
29 km for channels 1-9 at nadir, which is comparable to the preselected grid size of 25 km.
Consequently, only a few, typically less than three, MWHS-2 pixels fall into the same grid.
To avoid the sparse sampling issue, instead of averaging as for DPR, we take the MWHS-2
measurements from the pixel closest to the center of the grid in distance to represent that
grid. The cross-tracking scanning mechanism of the MWHS-2 provides measurements with
varying footprint size and Earth incidence angle across the scanline. The accuracy at the
two outer edges of a scan from a cross-scan radiometer such as MWHS-2 is usually not as
high as the rest of the scanline due to the high zenith angles and the low spatial resolutions,
to ensure the high training-data quality, the five outermost scan positions on each side of
the scanline are disregarded from the collocated dataset. By collocating the whole year of
2017 data, we eventually obtained a total of more than 1.5 million samples over oceans. We
used a commonly used data-splitting ration of 8:1:1 to divide this dataset, which means
80% of the data was for training, 10% for testing, and 10% for validation.



Remote Sens. 2023, 15, 2670

6 of 18

Table 3. Data sources and preprocessing.

Data Source

Passive Measurements from Retrieval Profiles from DPR Simulated TBs from RTTOV

MWHS-2
Resolution (km) 16-29 depend on channels 5 N/A
11 Measurements of the pixel Average of all profiles over
Gridding method closest to the center of the grid the grid N/A
Sampling resolution (km) 25
Time difference (min) 15
Year 2017 for model training/testing; 2016 for model validation
Orbital track on 01/05/2016 starting from 0117UTC s
80 - ‘T“.'. s P TRRS - ~
60 o
=
40 1o £
—
& 20 8
N :
= S
20 =
40 > 3
- &
E
-60 - 3
80 L. =g ;
-150 -100 -50 0 50 100 150
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Figure 1. Comparison of Orbit Tracks between MWHS-2 and DPR on 5 January 2016. The gray line
represents one orbit track of MWHS-2, while the black line represents that of DPR. The color bar
indicates the time difference between the two, ranging from 0 to 15 min.

2.4. Bias Correction

It is important for any model training that the input data are bias-free to ensure that
the trained model is as unbiased as possible. In consequence, we applied a bias-correction
method developed by Chen and Bennartz [35] to correct the MWHS-2 observations based
on clear-sky radiative transfer simulations from RTTOV (radiative transfer for TOVS). This
bias-correction method is based on the fact that most observations are non-precipitating
and being impacted at a minimum level. Therefore, the data value that occurs the most
often in the data set, which is the mode of the histogram of the brightness temperature
(TB) differences between observations and clear sky simulations, can be treated as an
estimated bias.

2.5. Data Sub-Setting

To ensure the best possible dataset for model training, we implemented a data-cleaning
process. This process is critical in creating a reliable and high-quality dataset for accurate
relationships acquisition. There are two aspects need to be considered: noisy and duplicated
data. Bennartz and Bauer previously found that passive microwave radiances at 150 GHz
channel are highly sensitive to changes in ice scattering using radiative transfer simulations
at 90, 150, and 183 GHz [42]. Based on the DPR retrievals, the vast majority (84%) of the
over 1.5 million collocated data are non-precipitating. Therefore, this largely skewed non-
precipitating data can be considered as noise and should be removed as fully as possible.
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To do this, we defined a scattering index as the difference between MWHS-2 observed
and simulated TBs at 150 GHz and any data with a scattering index larger than 2 K are
considered as non-precipitating and, therefore, noisy. As a result, 56% of the data were
removed, of which 88% were found to be non-precipitating.

Despite the data-cleaning process, a significant proportion of the remaining data are
still non-precipitating, accounting for 80% of the dataset. This severe class imbalance is a
common challenge in classification problems such as spam detection and fraud detection,
where the minority class (liquid, mixed, or ice hydrometeor) is of more interest. A naive
model tends to focus on exclusively learning the characteristics of the excessive observations
(non-precipitating observations) and underemphasizes the cases from the minority class
that are of more interest and whose projections are more needed. This class imbalance poses
a difficult problem for accurate classification, and must be addressed on a case-by-case
basis. To address this, we randomly selected 10% of the non-precipitating data (removing
90%), resulting in a final training dataset composed of 20% liquid, 35% mixed, 13% ice, and
32% non-precipitation.

3. ResNet-18 Network by Attention Mechanism

In this section, we present the enhanced ResNet-18 architecture using stacked convo-
lutional and self-attention modules for hydrometeor classification. While there are several
other CNN architectures, such as VGG16, Densenet, and Mobilenet, we conducted extensive
experimentation and evaluation and found that ResNet-18 provided the best performance
for our specific problem of classifying hydrometeors using passive microwave observations.
Furthermore, recent research has shown that ResNet variants with self-attention have
achieved state-of-the-art results in various classification tasks [43-46]. Figure 2 illustrates
the entire workflow of our proposed architecture, where ResNet-18-based neural networks
are employed, comprising stacked convolutional layers with varying filter sizes. ResNet-18
is a variant of ResNet families, and also an ensemble of 18 layers of residual nets to reduce
prediction error on the ImageNet test set [39]. As shown in Figure 3a, the input of MWHS-2
passive microwave observation features is converted into vector representations by a layer
of convolutional embedding, and then fed into a stack of bottleneck blocks to exploit spatial
and temporal knowledge in MWHS-2 observations for predicting hydrometeors types. To
capture spatial knowledge of observations between a channel and its neighboring ones, we
extend the functionality of the vanilla bottleneck block in ResNet-18 by (1) using a context-
attention layer to replace spatial convolution, (2) embedding a channel-attention module
before the last down-sampling convolution layer. To improve the performance of the model
and stabilize its output, we repeat the modified bottleneck layer multiple times, in which
an output of one block is fed into the next one. Unless otherwise specified, we use the
notation of “N x N” to specify the size of a filter in a convolutional layer in the following
sections and figures. For example, “3 x 3” in Figure 3 indicates a convolutional module
with a 3 x 3 filter. Finally, the output probabilities of hydrometeor types are produced by
a generator model comprising a linear neural network and a softmax activate function.
In the implementation process, we split the data into training, testing, and validation in
a ratio of 8:1:1 to build and evaluate our proposed model. Furthermore, we leverage the
early stopping strategy to avoid issues with model overfitting during training process [47].
We will depict all sub-components in the remainder of this section.
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Figure 2. Proposed model architecture for hydrometeor classification using satellite-borne passive
microwave observations.
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Figure 3. A ResNet-18 model enhanced by context and channel self-attention.
3.1. Model Configuration
Typically, according to Equation (1) and softmax-based weight function «(Q, K) =
softmax S/K;), the matrix production QK has a cost O(n? x d) if assuming Q, K €
k

R"*4_ Therefore, the complexity of the self-attention layers becomes O ((n /k)? x d) in the

context and channel self-attention modules, where k is the kernel size of the convolution
layer. In addition, the complexity of the initial convolution is O(n x d?). Hence, the
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overall complexity becomes (n X d2 + (n/k)* x d). In this paper, we implemented the

algorithm using Pytorch 1.7.1 and trained it using Adam optimizer [48,49]. During training,
we leveraged early stopping with 10 patience to avoid overfitting according to model
performance on the validation dataset. To be consistent with the experimental settings of
baselines, we conducted both training and testing on NVIDIA RTX 2080Ti GPU. The host
server is configured with Intel(R) Xeon(R) Gold 6130 CPU @ 2.10GHz and 503 GB memory.

In addition, we leveraged the Adam optimizer with f; = 0.9 and B, = 0.98 to compute
and update gradients, and cross-entropy is used as loss function. Notably, instead of using
hard label directly, we used a regularization technique called label smoothing with ratio
0.1. It computes cross-entropy, not with hard labels, but with a weighted mixture of hard
labels with a uniform distribution, to weight average of the hard labels and the uniform
distribution on the labels. In addition, we set up the learning rate and dropout as 0.001
and 0.2.

3.2. Convolutional Embedding Layer

As discussed in Section II, MWHS-2 TBs of 12 channels and the corresponding relative
airmass were combined and represented as a low-level input feature with original values
to the proposed model. Technically, we needed to convert the input matrix to high-level
space vectors of 3D dimension with the following considerations: (1) the proposed model
works on vectors of 3D dimension directly, rather than 2D matrix; (2) transforming the
inputs into a new and larger high-level space without losing too much primary features
can result in a better performance. To this end, we followed the similar strategies used in
ResNet-18 to process the input matrix, as shown in Figure 3b. More specifically, we first
slid (more precisely, convolved) a filter with size of 7 x 7 across the width of the input
(the height is equal to 1 in our case) and performed a convolution operation between the
entry of the filter and the input at the corresponding position to summarize the presence
of those features in the input which are known as feature maps. An example convolution
operation using 3 x 3 filter is shown in Figure 3c. Typically, a sliding box with the size
of 3 x 3 over the input matrix filters an input block with identical size (blue color area
in the input), and then we performed dot products with the entry of the filter to produce
an output of feature maps (the output of first cell is 16 in this case). Similarly, the sliding
box was moved across the width with a specified step size (the value of stride was equal
to 2 in this case) to obtain all values of feature maps. With consideration of updating the
gradients of previous layers in a backward way, it was a challenging and complicated
task to train a deep neural network since parameters of previous layers changed during
training. Therefore, we adopted several strategies to reduce the number of training epochs
and stabilize the learning process. For example, batch normalization technique was used to
standardize the inputs to a layer for each mini batch [50].

Once a feature map was created and standardized by batch normalization technique,
a nonlinearity function was applied on the feature map to approximate such a nonlinear
relationship in the underlying data. We used a rectified linear activation function (ReLU),
much as we do for the outputs of a fully connected layer [50]. Technically, the ReLU is defined
as a max selector between 0 and x: f(x) = max(0,x). In other words, it returns 0 if it receives
any negative input, otherwise returns any positive value x. Usually, the output feature maps
were sensitive to the location of the features in the input. In the domain of convolutional
network, pooling layers were utilized to address this sensitivity by down-sampling the feature
maps. There are two practical pooling methods: average and max pooling layers. The former
summarizes the average of a feature while the latter chooses the most activated presence of a
feature. In this paper, we applied a max pooling layer using a 3 x 3 filter on the output of
ReLU to reduce the size of each feature map by a factor of 3.

3.3. Bottleneck Residual Block

In this module, we depicted and designed a novel bottleneck block for hydrometeor
classification. As shown in Figure 3a, there was a stack of five layers for each residual
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functionF:1 x 1,3 x 3,1 x 1,1 x 1,and 1 x 1 convolutions. The first and third layers were
convolutional layers using 1 x 1 filters to reduce and then increase (restore) dimensions.
The second layer was designed to capture spatial knowledge of observations at each
channel using a 3 x 3 convolutional layer. In our implementation, we also expanded
its capability to exploit contextual information around each channel by using attention
mechanism (explained in the next subsection). The fourth layer performed a global attention
mechanism among channels to emphasize the relationships among each channel. In the
last layer, we conducted down-sampling directly by convolutional layers with 1 x 1 filter.
In order to address the degradation problem of a complicated and deeper neural network
and improve accuracy, we simply performed an identity mapping between the input
and the end of the stacked layers, and added their yields to the outputs of the stacked
layers: F(X) + X. Then, a layer of ReLU was followed up to approximate such a nonlinear
relationship in the underlying data. We repeated the modified bottleneck layer multiple
times (in our case), with which the output of one block was being used as the input of the
next block.

3.4. Attention Mechanism

There is a growing number of attention-style neural designs with competitive results
in numerous tasks of various fields, such as the domain of natural language processing and
computer vision [51,52]. Recently, earth observation studies have also benefited from its
success in enhancing model prediction accuracy. Qiao et al. proposed an novel algorithm
that combines an attention mechanism with recurrent neural networks to predict future sea-
surface temperature (SST) using historical SST data, and experimental results showed that
it outperformed other SST prediction approaches [37]. Nevertheless, none of existing deep-
learning-based algorithms employ attention over satellite passive microwave observations
to exploit contexts among neighboring channels for improving accuracy of the hydrometeor
classification task. In this paper, we designed two novel context and channel-attention
modules and orchestrated them with the core bottleneck block in ResNet-18 elaborately to
capture spatial knowledge of the microwave radiances around neighbor channels.

An attention mechanism maps a query Q for a set of key-value pairs (K, V) to produce
a sum of weighted values and its formal equation is defined as:

Attention(Q, K, V) =a(Q,K) x V 1)

where Q, K, V e N x dy, N is the number of input observations and dy is the dimension of
features. In addition, the weights a(Q, V) for V are computed following a compatibility
function of the query with the corresponding key [53-55].

As shown in Figure 3d, we conducted interactions across different spatial feature
locations in the channel-attention module. Specifically, the input X was transformed into Q,
K, and V using three separated 1D 1 x 1 convolutions, respectively. Next, we performed a
dot product between Q and K, divided each resulting element by their dimension size dy,
and then applied a softmax function to obtain the corresponding weights for all values in
V:a(Q, K) = softmax(QKT /+/dy). Eventually, the output Y was achieved using «(Q,K) x V.

There are advantages and disadvantages by applying a channel-attention module over
feature maps. While better performance can be achieved, it lacks scalability and does not
consider contextual information among neighboring keys because it handles queries and
keys as a group of isolated pairs and investigates their pairwise relationships individually
without learning the contexts between them. As a result, we additionally designed a
novel local attention for inertial navigation, considered as a context attention module, as
shown in Figure 3e. We first employed 3 x 3 group convolution over all the neighbor keys
within a grid of 3 x 3 to extract local contextual representations for each key, denoted by
Z1 = XWk 3x3. Then, we investigated a form of concatenation-based weight function:

%(Q, Z1) = ReLU(W,[Q; Z1]) @)
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where [;] denotes a concatenation operation on input vectors and W_a was a weight
vector that projected the concatenated vector to a scalar [56]. Next, we computed the
attended feature map Z, using (Q, Z1) x V, through which it captured the global contextual
information among all observations. We adopted an attention mechanism between local
context Z; and global context Z, to produce a result. Further, in order to allow the model to
learn and summarize information jointly, we split the input into multi-heads to represent
subspace features at different spatial positions.

3.5. Precipitation Generator

We used the usual learned linear transformation and softmax function to convert the
bottleneck output to predicted precipitation probabilities [54]. Technically, the softmax
function ¢ : RK — [0, 1]1< takes as input a vector z of K real numbers (i.e., the number of
hydrometeor type in the case of generator) and normalizes it into a probability distribution
consisting of K probabilities proportional to the exponentials of the input numbers, which
is defined as follows: .

" fori=1,..., K 3)

o(z); = W
1=

z=(z1,..., zx) €RE 4)

The output of the softmax function represents a categorical distribution over hydrometeor
class labels, and we can obtain the probabilities of each input element belonging to a label.

4. Experimental Setting and Results
4.1. Model Training

Following the data preprocessing described in Section 2, about 1.5 million collocations
were produced for the full year of 2017 which were then further enhanced with data noise
cleaning and data balance checking. 80% of the resulting data were used for training to es-
tablish the deep-learning-based model describing the relationships between the microwave
observations and hydrometeor types, 10% were for testing, and 10% were for validating the
model, as illustrated in Section 3. Another full year of data from 2016 was used to validate
the model by comparing predicted results with benchmark DPR data.

We used MWHS-2 TBs and relative airmass, defined as 1/cosine (zenith angle), as in-
put features, and hydrometeor types from DPR as output targets to build a CNN model that
projects the relationships between the inputs and outputs. The relative airmass can account
for the atmospheric attenuation due to slant path variation. As we needed to understand
how much the different features contribute and then choose the optimal combination of
features, we first used 10 different sets of MWHS-2 channels in the input features to train
the model. The details of these feature sets are listed in Table 4 which strategically displays
observations from 90, 118, and 183 GHz channels, relative airmass, and freezing level
altitude. All 15 MWHS-2 channels were used in V1 along with relative airmass. V3-V10 are
only different from V1 in their removal of certain channels or relative airmass from input
features. As a result, the difference in model accuracies allowed us to determine the impact
of the removed features on the model training. For example, compared with V1, V3-V6
miss channels at 89, 150, 118, and 183 GHz, respectively. In addition, the freezing-level
altitude was added into V1 and V9, respectively, to create the configurations of V2 and V10,
and the resulting two highest average true rates for all three hydrometeor types shown
in Figure 4 demonstrate that the freezing-level altitude can increase the model accuracy.
Because the focus of this paper is to explore the passive microwave observations, in the rest
of this study we leave out the freezing-level altitude and will continue this investigation in
our future study by adding ancillary data, including freezing-level altitude. Figure 4 shows
the true/false rates of liquid, mixed, and ice precipitation using testing data for 10 different
combinations of features. L, M, and I are short forms of liquid, mixed, and ice, respec-
tively. As such, LL is the liquid true positive rate, L1 is the liquid false negative rate that is
falsely identified as ice, and LM is the liquid false negative rate that is falsely identified
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as mixed. The sum of LL, LI, and LM is 100%. Eventually we selected V9 which achieved
the optimal combination of model accuracy and performance included all 12 MWHS-2
channels (excluding high-peaking channels 2—4 around 118 GHz) and relative airmass.
Our feature selection process aligned with previous research findings. For instance, Chen
and Bennartz [35] identified that the same set of channels can be utilized for precipitation
retrieval as they are responsive to ice particle scattering to varying degrees. These findings
are consistent with earlier work by Bennartz and Petty [27] conducted more than 20 years
ago when observations were not as readily available as they are now. The prior research
on this topic, combined with our current study, further highlights the importance of these
specific channels for precipitation retrieval and underscores the potential utility of passive
microwave observations for hydrometeor classification.

Table 4. Feature selection of MWHS-2 channels, relative airmass, and freezing-level altitude.

Version Channels of TBs Relative Airmass Freezing Level
1 1-15 Y* N *
2 1-15 Y Y

3 2-15 Y N
4 1-9,11-15 Y N
5 1,10-15 Y N
6 1-10 Y N
7 2-9,11-15 Y N
8 1,10 Y N
9 1,5-15 Y N
10 1-15 N Y

*Y denotes the feature is used and N denotes that the feature is not used in this version.

V2 V3 V4 \& V6 V7 V8 V9 vio

Figure 4. True and false classification rates for liquid, mixed, and ice precipitation using different
feature combinations. Here, L, M, and I represent liquid, mixed, and ice precipitation, respectively.
For instance, LL denotes the true positive rate for liquid precipitation, LI represents the false negative
rate where liquid is mistakenly identified as ice, and LM signifies the false negative rate where liquid
is incorrectly labeled as mixed. The sum of LL, LI, and LM totals 100%. It is worth noting that the
values of LI and IL, being in close proximity to zero, are not visually discernible in the figure.

The corresponding confusion matrix of the classification results using the testing data
on the trained model are shown in Table 5, to visualize the performance of the proposed
approach. Each row of the matrix shows actual instances of classification labels while each
columns represents the predicted ones, or vice versa. The true positive rates of all three classes,
the number of positive samples identified by the proposed approach, are above 83%, and the
average accuracy is 84.7%. The false positive cases of both liquid and ice precipitation are all
misclassified as mixed with 0% ice or liquid. Mixed precipitation is incorrectly classified into
liquid or ice with very close false positive rates (6.0% and 7.5%, respectively).
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Table 5. Confusion matrix of the CNN classification results using testing data.

Precip. Type Liquid Mixed Ice

Liquid 8902 (84.3%) 1465 (6.0%) 1 (0.0%)
Mixed 1662 (15.7%) 21,124 (86.5%) 2002 (16.7%)
Ice 0(0.0%) 1829 (7.5%) 10,006 (83.3%)

4.2. Model Validation

It is desirable to have a trained model that allows one to predict the hydrometeor types
given a new set of MWHS-2 data. Therefore, we fed the full year of 2016 MWHS-2 obser-
vations into the trained deep-learning model and output the corresponding hydrometeor
types into liquid, mixed, and ice phases. These data and the DPR-derived hydrometer types
were then both gridded into 5° latitude x 5° longitude boxes for comparison. For each grid
the occurrences of liquid, mixed, and ice precipitation were counted and the corresponding
occurrence fractions of these three types were calculated, which add into one. The top panel
in Figure 5a—c are global occurrence fractions of liquid, mixed, and ice precipitation over
ocean during January 2016 for MWHS-2. Figure 5d—f are the corresponding occurrence
fractions during the same time period but derived from DPR.

100

(b) Predi
50 BN

cted Mixed Precipitation (¢) Predicted Ice Precipitation

- 50 "‘&J‘ P

80

100 -100 0 100 -100 0 100
) DP Ice Precipitation 40

50

Occurrence Fraction (%)

wn
=]
Fracton bias (%)

100 -100 0 100 -150-100 -50 0 50 100 150
Long. (deg) Long. (deg) Long. (deg)

Figure 5. Global distribution of liquid, mixed, and ice precipitation occurrence fractions over the
ocean in January 2016. The top panel shows the predicted results using our CNN model, while the
middle panel displays the corresponding fractions obtained from DPR data. The bottom panel shows
the difference between the two.

Their differences are shown in the bottom panel of Figure 5g—i. The occurrence
fractions from MWHS-2 are in good agreement with those from DRP. The vast majority of
precipitations over tropical and sub-tropical are liquid. Over higher latitudes between 35°
and 55° north and south, it is dominated by mixed precipitation, and ice precipitation is
more likely to occur elsewhere. The liquid precipitation fractions from MWHS-2 show over-
estimation in areas such as the intertropical convergence zone (ITCZ) and the southern
hemisphere. Reversely, the mixed precipitation shows the opposite trend of an under-
estimation in those areas. The DPR-derived occurrence fractions are noisier than the
MWHS-2 derived ones because of the lower DPR data density due to its narrower swath
width which is less than one 10th of MWHS-2's (245 km compared with MWHS-2’s 2700 km
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as shown in Figure 1). The biases of averaged occurrence fractions for different hydrometeor
types are listed in Table 6 which supports that the accuracy of ice precipitation fraction is
the highest among the three hydrometeor types, and that the liquid precipitation fraction
is overestimated while the mixed is underestimated. The biases of averaged occurrence
fraction of the three hydrometeor types are added into zero.

Table 6. Averaged occurrence fraction bias for different precipitation types.

Precip. Type

Liquid Mixed Ice
Metrics
Bias 10.5% —-12.1% 1.5%
Variance 10.3% 5.9% 1%

Another evaluation technique compares zonal mean likelihood of different hydrometeor
types from MHWS-2 with respect to DPR. The likelihood is defined as the average occurrence
fraction over a given latitude and it indicates the chance of a certain type of precipitation occurs
at that latitude. The mean zonal likelihoods of the three hydrometeors types over ocean for the
whole year of 2016 within latitudes (—67.5°, 67.5°) are presented in Figure 6. The comparison
between MWHS-2 (top) and DPR (bottom) shows that MWHS-2-derived hydrometeor types
are in line with those from DPR that it is likelier to have liquid precipitation over tropical and
subtropical regions and that ice precipitation occurrence is more likely over higher latitudes.
The liquid phase is overestimated by averagely 11.1% while mixed is underestimated by
11.3%. The average bias for ice-phase precipitation is 0.15%, which is extremely low. The
correlation between MWHS-2 and DPR is 0.95, 0.68, and 0.85 for liquid, mixed, and ice phases,
respectively. The correlation using all the data is 0.83.

MWHS-2

100
=
=
8 50
S L
= \
=
|

-60 -40 -20 0 20 40 60

Latitude [deg]
DPR
100 - — -
‘ = Liquid Mixed Ice |
=
=
=3
2 50+
]
0 — | | | SN
-60 -40 -20 0 20 40 60

Latitude [deg]

Figure 6. Zonal mean likelihood (occurrence fractions) for liquid, mixed, and ice precipitation over
the ocean for the entire year of 2016. The top panel shows results from MWHS-2, and the bottom
panel shows results from DPR. The blue, red, and yellow lines represent the average occurrence
fractions of liquid, mixed, and ice precipitation, respectively.

The annual cycles of the averaged fractions for liquid, mixed, and ice precipitation
are also in good agreement with those from DPR, as shown in Figure 6. They both follow
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the trend that ice precipitation occurrences decrease in summer months and increase in
winter months. Their biases are lower in summer months and higher in winter months.
In average, our predicted occurrences for liquid, and ice are overestimated with average
biases/uncertainties of 8.5%/3.9% and 3.4%/2.5%. Predicted occurrences for mixed are
underestimated with average bias and uncertainty being 11.8% and 6.1%.

5. Conclusions
This study has two major goals:

(1) Utilizing CNN in conjunction with the attention mechanism to learn meaningful fea-
ture representations from spatial and temporal dimension space of passive microwave
observations for hydrometeor classification;

(2) Exploiting the information content of passive microwave observations for the purpose
of hydrometeor classification with the unprecedented inclusion of 118 GHz channels.

To achieve these goals, we developed a new deep-learning-based algorithm using
coincident MWHS-2 observations and GPM DPR estimates for training. The algorithm was
composed of independent modules, in particular, convolutional and attention modules,
for learning the non-linear relationships between the input and output and for exploiting
contexts among neighboring channels.

In addition to developing a classification algorithm, this study also investigated the
information content of the different microwave channels ranging from 89 to 190 GHz.
Of all the channels, the three highest-peaking channels around 118 GHz (channels 2—4
of MWHS-2) were demonstrated to be the least significant which aligns with previous
findings. This algorithm has been validated on a different full year of MWHS-2 observations.
The prediction of hydrometeor types for this full year shows high agreement with state-
of-the-art hydrometeor types from the GPM DPR measurements through the combined
algorithm (2BCMB). The global geographical distributions of occurrence fractions for
different hydrometeor types show overestimation in some areas, such as the ITCZ for liquid
precipitation, and underestimation for mixed precipitation. The differences in zonal mean
likelihood of both ice and mixed precipitation occur in higher latitudinal regions.

This work is part of the development of precipitation retrieval algorithms for the
upcoming TROPICS mission that consists of a constellation of CubeSats, each of which
carries a high-performance radiometer. In particular, the similarities in channel configura-
tion between MWHS-2 and TROPICS radiometers cause the former to be an appropriate
substitute to provide passive microwave observations in the higher microwave spectrum
(89-190 GHz) for hydrometeor type classification.

Discussions

While the main purpose of this study is to consider the use of spaceborne passive
rather than active microwave measurements for hydrometer classification, we acknowledge
that the capabilities of the proposed deep-learning-based algorithm are limited without
further verification using independent ground-based references, such as radar networks.
Despite the potential benefits of ground-based radar measurements, the sparse distribution
of such instruments causes global evaluation to be challenging [57,58]. Nevertheless, we
remain committed to pursuing this goal in future research. Our future work related to
this study will also involve testing the potential of CNN in conjunction with attention
mechanism for improved accuracy of hydrometeor classification tasks by incorporating
ancillary information into the input data, including freezing-level altitude and temperature
and humidity profiles. Preliminary analysis of adding freezing altitude data into model
features shows promising results. We are aware of other machine-learning algorithms, such
as inductive logic programming and Bayesian networks, which may also be applicable to
this topic. Exploring such algorithms is beyond the scope of this paper and may be better
suited for future work.
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