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Highlights

What are the main findings?

• A two-step supercooled water cloud (SWC) identification method using Himawari-8
is presented, and validation against CALIPSO shows that the proposed SWC identifi-
cation method has a high hit rate of 89.3%.

• Supercooled water clouds (SWCs) exhibit significant spatial heterogeneity and distinct
diurnal and vertical evolution in late spring 2021 during Northeast China Cold Vortex
(NCCV) weather events.

What are the implications of the main findings?

• This study provides a validated, two-step Himawari-8 SWC identification method with
a high hit rate, which satisfies the requirements for operational cold-cloud seeding,
enhances precipitation efficiency, and facilitates the integration of satellite remote
sensing into weather modification practices.

• The significant presence of SWCs in NCCV offers improved observational constraints
for cloud microphysical studies and cold-vortex-related weather forecasting.

Abstract

Accurate identification of supercooled water cloud (SWC) is critical for precipitation en-
hancement, reducing the risk of aircraft icing, and advancing our understanding of Earth’s
radiative energy budget. However, SWC detection is frequently missed in the current
official satellite products. To fill this observational gap and to investigate the potential
use of the Himawari-8 satellite observation in the Northeast China Cold Vortex (NCCV)
research, this study introduces an efficient algorithm to detect SWC from the Advanced
Himawari Imager (AHI), which first uses a random forest (RF) model to classify the cloud
into nine cloud types—high ice cloud, high water cloud, high mixed cloud, middle ice
cloud, middle water cloud, middle mixed cloud, low water cloud, low ice cloud and low
mixed cloud. Then, with the level 2 products, i.e., cloud optical thickness (COT), cloud
effective radius (CER) and cloud-top temperature (CTT), the SWCs will further be identified
from the water clouds and the mixed clouds. Validated by the dataset from AHI and labels
derived from the Cloud-Aerosol LiDAR and Infrared Pathfinder Satellite Observation
(CALIPSO) vertical feature mask (VFM), our algorithm can correctly detect 89.3% of SWC
pixels in the dataset, which satisfies the requirements for operational cold-cloud seeding,
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enhances precipitation efficiency, and facilitates the integration of satellite remote sensing
into weather modification practices. Based on AHI data in late spring 2021 during the
NCCV weather event, SWCs exhibit significant spatial heterogeneity and distinct diurnal
vertical evolution. These clouds occur most frequently in the southwest quadrant and
evolve progressively from mid- and low-level layers to the high-level layer.

Keywords: supercooled water cloud (SWC); cloud phase; satellite observation; Northeast
China Cold Vortex (NCCV); precipitation enhancement

1. Introduction
Clouds constitute one of the most significant sources of uncertainty in present-day

climate modeling and projections of global warming [1,2]. A major contributor to this
uncertainty lies in the representation of cloud microphysical properties, among which the
cloud thermodynamic phase plays a pivotal role. The phase state of clouds—whether com-
posed of ice, liquid, or a mixture of both—critically governs cloud-radiation interactions by
modulating the cloud albedo, emissivity, and lifetime [3,4]. Consequently, accurate phase
discrimination directly impacts the simulation of Earth’s energy budget and the magni-
tude of climate sensitivity in general circulation models (GCMs). Beyond radiative effects,
knowledge of cloud phase is also fundamental to understanding cloud and precipitation
development processes, such as the Wegener–Bergeron–Findeisen (WBF) process, wherein
ice crystals grow at the expense of supercooled liquid droplets in mixed-phase environ-
ments [5]. Based on the thermodynamic phase of hydrometeors, clouds are conventionally
classified into three categories: ice clouds, liquid water clouds, and mixed-phase clouds [6].
Notably, clouds with liquid cloud droplets below 0 ◦C are defined as supercooled water
clouds (SWCs) [7]. Under this definition, both sub-zero liquid water clouds and mixed-
phase clouds fall within the broader SWC category. Given that SWCs serve as the primary
target for precipitation enhancement operations—such as glaciogenic cloud seeding—and
are a critical consideration in aircraft icing certification and aviation safety [8,9], their accu-
rate identification carries implications that extend beyond climate and weather research.
Precise SWC detection not only reduces uncertainties in cloud radiative feedback estimates
but also supports operational meteorology and meteorological engineering applications.

The Northeast China cold vortex (NCCV) is a large-scale upper-level synoptic system
characterized by a quasi-stationary, cold-core low-pressure circulation that develops over
or in the vicinity of northeastern China [10]. As a deep and dynamically active system,
the NCCV is capable of persisting for 3–4 days or even longer, often maintaining its struc-
ture while propagating slowly across the region. Although it can occur throughout the
year, its frequency and intensity peak during the late spring to early summer transition
period, when the large-scale circulation undergoes significant seasonal adjustment [11].
Northeast China serves as the country’s most important commodity grain production
base, contributing a substantial proportion of national cereal output. Consequently, grain
yield in this region exerts a direct and profound influence on national food security as
well as on broader socioeconomic and ecological stability [12,13]. Within this climatic con-
text, the NCCV frequently acts as a dominant precipitation-producing system, generating
widespread stratiform cloud decks that are rich in supercooled liquid water. As such, artifi-
cial precipitation enhancement operations conducted under NCCV conditions have long
been regarded as a critical technological measure to alleviate drought, stabilize agricultural
production, and safeguard food security in Northeast China [14]. Given the central role
of supercooled water in both the microphysical evolution of cold vortex clouds and the
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efficacy of glaciogenic seeding, the accurate identification of supercooled water clouds
(SWCs) within NCCV systems is not only vital for optimizing precipitation enhancement
strategies but also holds considerable significance for national food security planning and
meteorological disaster mitigation.

Knowledge of supercooled water clouds (SWCs) within the Northeast China cold
vortex (NCCV) system can be acquired through two primary approaches: in situ airborne
measurements and remote sensing observations [8]. In situ airborne probes provide direct,
high-resolution microphysical measurements of cloud particle size distributions, phase
states, and liquid water content, offering a level of accuracy that is currently unmatched by
other techniques. However, airborne campaigns are inherently limited by high operational
costs, flight restrictions, and safety concerns under severe weather conditions, making it
difficult to sustain long-term, continuous monitoring of cloud system evolution across the
entire lifecycle of an NCCV event. In contrast, remote sensing platforms, particularly space-
borne satellite sensors, are capable of providing continuous, long-duration, and large-scale
monitoring of cloud properties. Satellites offer the unique advantage of consistent temporal
coverage and spatial extent, enabling the observation of SWC distribution and temporal
variability across the vast geographic area influenced by the cold vortex. Furthermore,
advances in passive and active satellite remote sensing—such as multi-spectral imagers
and cloud radar—have significantly improved the ability to retrieve cloud thermodynamic
phase and estimate supercooled liquid water paths. Consequently, utilizing satellite data to
observe and characterize supercooled cloud water within NCCV events represents a highly
effective strategy. This approach not only complements the limitations of airborne mea-
surements but also provides critical, operationally relevant data for weather monitoring,
nowcasting, and the planning and evaluation of weather modification activities, such as
precipitation enhancement operations.

The Himawari-8 (H-8) geostationary satellite was launched by the Japan Meteorolog-
ical Agency and became operational in July 2015 [15]. It provides a significant increase
in the spatial (2–5 km) and temporal (10 min) resolution of imagery. The satellite has an
Advanced Himawari Imager (AHI) in it, which allows for aerosol and cloud retrievals.
Owing to the nearly uninterrupted sampling capability of Himawari-8, its datasets are
well-suited to analyze how the SWCs in NCCV weather systems change spatially and
temporally as they develop across its observation coverage. Although official cloud phase
(CPH) outputs—including ice, liquid water, and mixed-phase hydrometeors—are publicly
available, they lack explicit classification of SWCs. Wang et al. [16] utilized H-8’s Level
2 cloud products—including cloud phase (CPH), cloud optical thickness (COT), cloud
effective radius (CER), and cloud-top temperature (CTT)—to identify SWCs by applying
empirically derived thresholds. Although this method yielded a high detection rate, it
also incurred a substantial false alarm rate, partly attributed to inherent limitations in the
initial cloud products. Fu et al. [17] leveraged thermal infrared (TIR) channels of H-8 and
a machine learning technique to develop an all-day SWC identification model. But the
model’s accuracy rate is limited.

In this study, four L1-level infrared band products from AHI (with a spatial resolution
of 2 km) were used as inputs to a random forest-based cloud phase classification model,
which can classify the cloud phase into water cloud, ice cloud and “mixed-phase” cloud.
Then, with the AHI Level 2 products—cloud optical thickness (COT), cloud effective radius
(CER), cloud-top temperature (CTT)—the water cloud and the mixed-phase cloud will be
further identified as SWCs. Based on the cloud phase information from Cloud-Aerosol
Lidar and Infrared Pathfinder Satellite Observations (CALIPSO) Level 2 products [18], we
constructed four-category labels to serve as benchmarks for model evaluation.
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The rest of this paper is organized as follows. The data utilized and the constructed
dataset are provided in Section 2. The algorithm developed for SWC identification is
described and validated in Section 3. Based on the SWC identification suggested, the SWC
distribution in NCCV weather is presented in Section 4. Conclusions are then presented in
Section 5.

2. Data
2.1. Reanalysis Data for NCCV Determination

In this study, the fifth generation of atmospheric reanalysis produced by the European
Centre for Medium-Range Weather Forecasts (ECMWF), known as ERA5, is utilized to ob-
jectively identify and select Northeast China Cold Vortex (NCCV) events. ERA5 represents
a major advancement over its predecessor, ERA-Interim, offering significant improvements
in spatial resolution, temporal consistency, and physical parameterizations. The ERA5
dataset provides global atmospheric variables at a horizontal resolution of approximately
1◦ × 1◦ (longitude–latitude) and includes 37 vertically resolved isobaric levels extending
from 1000 hPa to 1 hPa, with temporal coverage from 1940 to the present; however, for
the purposes of this study, the analysis focuses on the period from 1979 to 2022 [19]. The
reanalysis assimilates a vast array of observational data from radiosondes, satellites, and
surface stations using a state-of-the-art 4D-Var data assimilation system, thereby ensuring
high fidelity in representing large-scale circulation features. Conventional atmospheric
variables extracted from ERA5—including the horizontal wind field, geopotential height
field, and temperature field—are employed to characterize the dynamical and thermal
structure of the cold vortex systems. The identification of NCCV days follows the well-
established and widely adopted definition originally proposed by Sun et al. (1994) [11].
According to this criterion, a synoptic system is formally classified as an NCCV event
only if it satisfies two conditions simultaneously: first, the presence of at least one closed
geopotential height contour on the 500-hPa isobaric surface within the geographic domain
bounded by 35–60◦N and 115–145◦E; and second, the coexistence of a discernible cold
center—defined by a local temperature minimum—or a well-defined cold trough at the
same pressure level. This robust and physically consistent definition ensures that the
identified NCCV events accurately reflect the characteristic thermodynamic and dynamic
structure of this important regional circulation pattern.

2.2. Satellite Data and Datasets
2.2.1. Data from H-8 Satellite

The Advanced Himawari Imager (AHI) onboard the Himawari-8 (H-8) geostationary
satellite is equipped with 16 observational bands spanning the visible to thermal infrared
spectral regions. These bands offer varying nadir spatial resolutions to accommodate
diverse observational requirements: 0.5 km for one visible band, 1 km for two near-infrared
bands, and 2 km for the remaining thirteen thermal infrared bands [15,20]. For the specific
objectives of this study, we exclusively utilized Bands 7, 11, 13, and 15 from the AHI Level
1 (L1) products. These bands are centered at wavelengths of 3.9 µm, 8.6 µm, 10.4 µm, and
12.4 µm, respectively. According to the findings of Wang et al. (2020) [21] and Zhou et al.
(2022) [22], these specific channels are the most effective for cloud phase identification,
as their spectral characteristics are highly sensitive to differences in cloud microphysics,
particularly in distinguishing between water, ice, and mixed-phase clouds. To further refine
the identification accuracy, this research also incorporated cloud physical properties from
the AHI Level 2 (L2) product suite, specifically cloud effective radius (CER) and cloud-top
temperature (CTT). While the native spatial resolution of these AHI L2 cloud products is
5 km, a box kernel interpolation method was applied to resample the data to a 2 km grid.
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This step was crucial to ensure spatial consistency with the L1 brightness temperature data,
thereby providing a robust and high-resolution dataset for subsequent analysis.

2.2.2. Data from CALIPSO Satellite

This study also utilizes the Cloud–Aerosol Lidar with Orthogonal Polarization
(CALIOP) Level-2 Vertical Feature Mask (VFM) cloud phase product, acquired by the
Cloud-Aerosol Lidar and Infrared Pathfinder Satellite Observation (CALIPSO) satellite, as
the primary reference dataset for independent evaluation. CALIOP is a dual-wavelength
polarization-sensitive lidar operating at 532 nm and 1064 nm, capable of providing high-
vertical-resolution profiles of cloud and aerosol optical properties. The CALIPSO satellite
was a collaborative mission between the National Aeronautics and Space Administration
(NASA) of the United States and the Centre National d’Études Spatiales (CNES) of France,
successfully launched on 28 April 2006 [18]. The CALIOP instrument onboard provides
Level-2 Cloud Layer Products that report cloud thermodynamic phase—categorized as wa-
ter, randomly oriented ice, or horizontally oriented ice—at a horizontal resolution of 5 km
along the satellite track. While layer boundaries are detectable at a finer resolution of 333 m
horizontally and 30 m vertically within the troposphere, the standard vertical resolution
for phase retrieval is 60 m, varying between 30 and 60 m depending on altitude [23]. Cloud
phase discrimination is achieved through the CALIOP cloud phase algorithm [24], which
integrates multiple scattering metrics: the layer-integrated particulate depolarization ratio,
the 1064/532 nm attenuated backscatter color ratio, the layer-mean attenuated backscatter
at 532 nm, and ambient temperature derived from ancillary meteorological reanalysis (e.g.,
MERRA-2). Physically, water clouds—composed of nearly spherical droplets—exhibit
minimal depolarization, whereas ice clouds, particularly those with randomly oriented
non-spherical crystals, generate significant depolarization of the backscattered signal. By
performing a spatial coherence analysis on these combined optical and thermodynamic pa-
rameters, CALIOP achieves a robust classification of cloud phase, making it an authoritative
benchmark for validating passive satellite retrievals.

2.3. Datasets

Generating labeled datasets is one of the most fundamental parts of the supervised
machine learning approach. As the SWC identification algorithm suggested in this paper is
composed of two steps, they are random forest (RF)-based cloud type classification and
threshold-based SWC identification. In this study, two datasets were constructed. They are
the cloud type dataset and the SWC dataset. Before the construction of these two datasets,
spatio-temporal matching between the H-8 satellite data and the CALIPSO satellite data
was executed.

In this study, the AHI observations acquired within ±5 min of the CALIPSO overpass
time were selected to ensure quasi-simultaneous measurements. For spatial matching, the
nearest-neighbor method was adopted to assign each CALIOP VFM pixel to the closest
AHI pixel, with only matches having a spatial distance of less than 0.01◦ retained. When
multiple CALIOP pixels fell within the same AHI pixel, a majority voting rule was applied
to determine the cloud phase label for that pixel; pixels with inconsistent labels and no
clear majority were discarded to avoid contamination from cloud edge data.

With the spatio-temporal matching rule, the first dataset—the cloud type dataset—was
created. They are obtained from the 1st and 15th day of each month in 2021, collocated
with AHI observations and CALIOP Vertical Feature Mask (VFM, hereafter referred to
as C-V) data under strict quality control (QC). The AHI data comprise full-day Level-1
(L1) data at 2 km spatial resolution and Level-2 Cloud Properties (L2-CLP) data. The
training dataset incorporates samples from both daytime and nighttime, ensuring robust
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temporal generalization of the algorithm. The C-V cloud phase product classifies clouds
into ice clouds and water clouds. Pixels with vertically uniform phase throughout the cloud
layer are categorized as either ice or water clouds, whereas those containing two distinct
phases are identified as mixed-phase clouds. Following Tan et al. (2022) [25], cloud
vertical layers are defined as low-level (1000–800 hPa), mid-level (800–450 hPa), and high-
level (<450 hPa), corresponding to altitudes above 6.3 km, between 2 and 6.3 km, and
below 2 km, respectively. Consequently, clouds are partitioned into ten categories. In
descending order of occurrence frequency, they are: High-level Ice (HI), High-level Mixed
(HM), Mid-level Water (MW), Low-level Water (LW), High-level Water (HW), Mid-level Ice
(MI), Mid-level Mixed (MM), Low-level Ice (LI), and Low-level Mixed (LM). Given their
relatively low frequencies, LI and LM are aggregated into an “Other” category (OT) for
subsequent training.

The second dataset is the SWC dataset for evaluation. The collocated AHI observations
and CALIOP C-V cloud phase product on the first day of January, May, July and October
2021 were collected to form the dataset. Although the evaluation dataset only comprised
four days of data, it included 10 CALIPSO tracks covering various latitudinal zones and
seasonal cloud regimes. Given that CALIPSO’s sun-synchronous orbit systematically tra-
verses a wide range from low to high latitudes within the Himawari domain, the validation
set is considered spatially and seasonally representative. Then all collocated CALIOP cloud
phase samples were matched within ±5 min of simultaneous CALIPSO and H-8 overpasses.
A total of 10 CALIPSO orbits were identified, yielding 632,880 validated pixels.

3. Methods
The SWC identification algorithm presented in this study is a two-step method. The

first step is to use a random forest (RF) model to classify the clouds into eight types,
as mentioned in the above section; the second step is to combine the L2-level data to
identify SWCs.

3.1. Cloud Phase Classification with RF Model

RF is a machine learning method based on ensemble learning, which combines multi-
ple base learners to form a more powerful model [26]. The weak learner in RF is a decision
tree. Each decision tree is constructed through bootstrap sampling from the original train-
ing data, and the splitting of each node is achieved by randomly selecting a subset of
features from all available ones. For classification prediction, the final prediction is made
based on a majority vote computed from the probability (Pi) of each class (ith):

Pi =
wi Ni

j=m
∑

j=1
wjNj

, (1)

where m is the number of categories, Ni and Nj are the number of decision trees predicting
the i-th and j-th categories, respectively, and wi and wj are the weights of the i-th and j-th
categories. If the weights of all decision trees are equal, then the weight w of each category
is 1. In this way, RF can avoid the problem of overfitting of a single decision tree and
improve the accuracy and robustness of the model by integrating the results of multiple
decision trees.

The cloud type dataset was divided into a training dataset and a test dataset using
stratified random sampling with a 7:3 proportion, preserving the original class distribu-
tion. Then the RF-based cloud phase identification model was trained with the cloud
type training dataset. To mitigate class imbalance, low-frequency categories—specifically
low-level ice and mixed-phase clouds—were consolidated into an “Other Types (OT)”
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group. Furthermore, the random forest algorithm leveraged bootstrap aggregating, which
naturally down-samples majority classes. Combined with class weighting during training,
this approach effectively reduces the misclassification risk for minority classes. After mul-
tiple rounds of testing and tuning, the parameters for the phase classification model are
determined and listed in Table 1.

Table 1. Random forest model parameters.

Parameters Values

Number of decision trees 100
Feature dimension of training set [560,473 × 4]
Label dimension of training set [560,473 × 1]

Method Classification
Number of features 4

Number of sampled features 2
Minimum samples per leaf 1

Proportion of in-bag samples 1
Sampling with replacement Yes

The remaining 30% of the model dataset was used to evaluate model performance,
with the metric accuracy. The detailed formula for accuracy is as follows:

Ac =
Ncorrected

Ntotal
× 100%, (2)

where Ncorrected represents the count of correctly identified pixels. Ntotal refers to the total
count of pixels.

Besides the accuracy metric, the hit rate, false alarm rate, bias and Brier score were
also used in the evaluation. The detailed formulas are as follows:

HitRate =
NTP

NTP + NFP
, (3)

FalseAlarmRate =
NFP

NTN + NFP
, (4)

Bias =
NTP + NFP
NFN + NTP

, (5)

BrierScore =
1
N ∑N

i=1(pi − oi)
2
, (6)

where NTP represents the count of correctly identified positive pixels. NFP refers to the
count of negative pixels incorrectly labeled as positive. NTN denotes the count of negative
cases accurately classified as negative. NFN is the number of positive pixels mistakenly
identified as negative. pi is the predicted probability and oi is the observed value.

The random forest model demonstrates exceptional overall performance in cloud
type classification, achieving a total accuracy of 97.910% across 235,284 pixels, as shown in
Table 2. Among individual categories, high-ice (HI) and middle-water (MW) clouds exhibit
near-perfect recognition, with accuracies of 99.187% and 97.878%, respectively, supported
by high hit rates (0.992 and 0.979) and low false alarm rates. While most classes maintain
accuracy above 95%, the middle-mixed (MM) type shows the lowest accuracy (90.638%)
and hit rate (0.906). Generally, the model yields low Brier scores (e.g., 0.0108 for HI) and
bias values close to 1 (ranging from 0.9376 to 1.0139), indicating highly reliable probability
forecasts and minimal systematic deviation overall.
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Table 2. Random forest model test results.

Cloud Types Total Pixels Corrected ID Accuracy
(%) Hit Rate False Alarm Rate Bias Brier Score

HI 115,990 115,040 99.187 0.992 0.0214 1.0139 0.0108
HW 18,597 17,870 96.091 0.961 0.0017 0.9811 0.0043
HM 25,777 24,603 95.446 0.954 0.0030 0.9788 0.0068
MI 6740 6566 97.418 0.974 0.0004 0.9886 0.0011

MW 37,362 36,569 97.878 0.979 0.0037 0.9983 0.0055
MM 737 668 90.638 0.906 0.0001 0.9376 0.0004
LW 29,580 28,585 96.636 0.966 0.0024 0.9828 0.0058
OT 501 469 93.613 0.936 — — —

ALL 235,284 230,370 97.910

3.2. Identification for SWCs

According to the definition of SWCs, water clouds below 0 ◦C and mixed-phase clouds
can both be considered SWCs. However, the definition of mixed-phase clouds in the RF
model output differs fundamentally from that of the reference cloud phase product. Since
the model output labels ice-above-water, water-above-ice, and mixed-phase cloud layers
indiscriminately as ‘mixed-phase clouds’, we must distinguish ice-above-water cases to
accurately identify SWCs.

After the phase of the cloud pixel is classified, the SWC pixels can be identified with
the help of the Level 2 data from H-8 products, such as COT, CTT and CER, which is quite
similar to the work by Wang et al. (2019) [16]. The whole flowchart of SWC identification is
shown in Figure 1. When the cloud is identified as a water cloud or mixed-phase cloud,
it will flow into the next stage to be further discriminated. Using COT and CTT, the
water cloud will be classified into SWCs and warm clouds. With the addition of CER,
mixed-phase clouds can further be identified as SWCs or not.

 

Figure 1. This is the flowchart for SWC identification.
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SWC pixels are predominantly observed in optically thick cloud regions. The identifi-
cation of potential supercooled water cloud (SWC) pixels is closely linked to cloud physical
thickness [27]. Following Minnis et al. (1995), cloud physical thickness can be inferred
from the combined use of cloud optical thickness (COT) and cloud-top temperature (CTT),
with thickness increasing monotonically with COT at a given CTT [28]. Consistent with
Wang et al. (2019) [16], the minimum COT threshold of 1 is selected to detect SWC pixels.

According to the definition of SWCs, the water clouds below 0 ◦C can be considered
SWCs. Hence, using the threshold of CTT, warm water clouds and supercooled water
clouds can be easily identified by differentiating their cloud-top temperature. Here, we
restrict the cloud-top temperature to 0 ◦C to −40 ◦C (273 K~233 K), since supercooled liquid
water generally undergoes homogeneous freezing and transitions to ice at temperatures
colder than −40 ◦C [5].

Besides the water clouds below 0 ◦C, SWCs can also exist in “mixed-phase” clouds
according to the model output. Since ice-above-water, water-above-ice, and mixed-phase
layers are all labeled indiscriminately as “mixed-phase clouds” in the model output, and
apparently SWCs exist in the water-above-ice and mixed-phase layer situations, it is nec-
essary to identify the ice-above-water cases for accurate SWC retrieval. As the water
layer under ice can be warm water or supercooled water, it is difficult to use the particle
radiative properties to differentiate them. According to in situ measurements, the homo-
geneous freezing of large droplets typically occurs at temperatures as high as −19 ◦C [29]
and −21 ◦C [30], representing the warmest temperatures at which homogeneous freezing
occurs. It was also observed that a liquid-to-ice phase transition occurs at−20 ◦C at an
altitude of 8 km [31]. Hence, the cloud-top temperature around −20 ◦C can be used as
a threshold for determining whether droplets of a certain diameter remain in or transit
between phases. According to the work of Rosenfeld et al. (2006) [32], in adiabatic LWCs
at −38 ◦C, the radius of supercooled droplets remains below the 50 µm threshold. The
work by Wang et al. (2019) [16] shows that the CER distribution of supercooled droplets
in liquid- and mixed-phase clouds exhibits distinct characteristics. Liquid-phase clouds
are predominantly concentrated at smaller radii (peaking below 10 µm), whereas mixed-
phase clouds show a broader distribution extending to larger radii. The 18 µm threshold
effectively separates the two phases, with CER values largely below this limit in liquid
clouds and frequently exceeding it in mixed-phase clouds [16]. Hence, −20 ◦C(253 K) and
18 µm are selected as the thresholds of CTT and CER respectively. With the thresholds of
COT, CTT and CER, the SWCs can be preferentially distinguished from the “mixed-phase
clouds” category in the RF model output. That is, water-above-ice and mixed-phase layers
are successively and sequentially detected from the mixed-phase cloud category, as shown
in Figure 1.

Figure 1 is a flowchart illustrating the systematic methodology for identifying SWCs.
The overall workflow integrates multi-spectral observations with machine learning and
physical thresholding to systematically identify SWCs. Initially, four thermal infrared
bands (3.9 µm, 8.6 µm, 10.4 µm, and 12.4 µm) from the Himawari-8 AHI Level 1 products
are fed into a random forest (RF) classifier, which performs a primary categorization of
cloud pixels into three macro-phases: water, “mixed-phase”, and ice. Following this initial
classification, a series of physically constrained threshold filters are applied to extract
SWCs from the water and “mixed-phase” branches. For pixels initially classified as water
clouds, the algorithm retains those satisfying the criteria of COT > 1 and CTT ranging
between 233 K and 273 K. For the “mixed-phase” branch, the identification is refined
through two sequential checks: pixels are classified as SWCs if they meet the condition of
253 K ≥ CTT > 233 K combined with 18 µm ≥ CER > 1 µm, or alternatively, if they satisfy
273 K > CTT > 253 K combined with 50 µm > CER > 18 µm, provided COT > 1 is met
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in both cases. Pixels classified as ice clouds by the RF model are excluded from further
processing. Consequently, the final output converges all qualified pathways to delineate
the spatial distribution of SWCs.

The SWC dataset served as the reference to assess the performance of the proposed
identification algorithm. The spatial distribution of validation samples along CALIPSO
tracks is shown in Figure 2. Here, blue and red pixels represent ice and supercooled
water clouds, respectively, where the H-8 cloud-top phase retrievals match those from the
CALIPSO VFM products. The false alarm rate (FAR), hit rate (HR), bias and Brier Score
(BS) [33] were used to examine the performance of the detection results. The false alarm
rate (FAR) and hit rate (HR)are shown in Equations (7) and (8). The FAR represents the
fraction of pixels that are misclassified as SWCs, and the HR suggests the probability of
correctly identifying SWCs.

FAR =
AHISWC&CALIPSOnon−SWC

AHISWC
(7)

HR =
NSWC + Nnon−SWC

Ncollocated
(8)

where FAR is the false alarm rate, HR is the hit rate, AHISWC is the number of SWC
pixels in AHI SWC detections and CALIPSOnon−SWC is the number of non-SWC pixels in
CALIPSO results. “&” indicates the pixels in agreement. NSWC is the number of SWC pixels
in agreement, Nnon−SWC is the number of non-SWC pixels in agreement, and Ncollocated is
the total number of collocated pixels.

Figure 2. The H-8 cloud-top phase validated against CALIPSO VFM production at 03:50 UTC on
1 January 2021.

Table 3 presents the validation statistics of the supercooled water cloud (SWC) iden-
tification results for 10 CALIOP orbit tracks sampled on 1 January, 1 May, 1 July, and 1
October. For each track, the hit rate (HR) and false alarm rate (FAR) are listed, with AVE
denoting the average value across all tracks.
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Table 3. SWC identification test results.

CALIOP Orbit
Track

Total Pixel
Numbers HR (%) FAR (%) Bias BS

Track 1 (1 January) 63,120 90.8 13.0 1.043 0.0915
Track 2 (1 January) 63,360 89.5 10.6 1.001 0.0966
Track 3 (1 January) 63,360 91.7 15.7 1.088 0.0876

Track 1 (1 May) 63,360 96.3 30.8 1.391 0.1236
Track 2 (1 May) 63,360 89.0 14.3 1.039 0.0830
Track 3 (1 May) 63,120 82.9 22.7 1.073 0.1372
Track 1 (1 July) 62,880 80.7 60.8 2.058 0.1218
Track 2 (1 July) 62,880 95.7 12.8 1.098 0.0850

Track 1 (1 October) 63,840 91.5 5.3 0.966 0.1078
Track 2 (1 October) 63,600 84.4 20.5 1.062 0.2240

AVE 89.3 20.7 1.182 0.1158

Overall, the proposed method achieves an average Hit Rate (HR) of 89.3%, indicating
generally high detection capability for SWCs, alongside an average false alarm rate (FAR)
of 20.7%, a bias of 1.182, and a Brier score of 0.1158, suggesting a moderate level of
misclassification. While performance remains relatively stable in January, with HRs ranging
from 89.5% to 91.7% and FARs mostly below 16%, noticeable variability emerges across
months and individual tracks. The HR spans from 80.7% (Track 1, 1 July) to 96.3% (Track
1, 1 May), while the FAR fluctuates dramatically from 5.3% (Track 1, 1 October)—where
Bias is closest to unity (0.966), indicating precise detection—to a pronounced spike of 60.8%
(Track 1, 1 July), accompanied by a Bias of 2.058 reflecting substantial over-prediction.
This particularly high FAR in early July implies increased difficulty in discriminating
SWCs during that period, possibly due to complex cloud phase conditions or greater
contamination by ice and mixed-phase clouds. In contrast, the consistently high HR values
in January and May, coupled with the low FAR in October, demonstrate more reliable
identification under those conditions.

4. SWCs in the NCCV
As a mid-latitude cutoff low situated in the mid- to upper troposphere, NCCV can

develop all year round, yet its activity peaks predominantly from late spring to early
summer [11]. Intense NCCV episodes are frequently associated with extreme precipitation,
cold anomalies, and severe convective storms across Northeast and East China [34]. These
impacts are particularly pronounced during its climatological peak from May to mid-
June [35]. For example, strong tornado events in Suzhou and Wuhan and a hailstorm that
struck Jiangxi province in May 2021 were closely related to the persistent NCCV activity
background [36]. The spatial distribution of supercooled liquid water (SLW) clouds serves
as a critical microphysical nexus linking the macroscale circulation of NCCV to its surface
impacts. Specifically, the large-scale dynamics (e.g., frontal lifting and moisture transport)
determine the formation and geographical extent of SLW within the NCCV system. In
turn, the spatial heterogeneity of SLW—such as its horizontal extent and vertical overlap
with ice phases—modulates the cloud radiative effect and precipitation efficiency, which
directly dictate the surface temperature and hydrological response. Hence, characterizing
the spatial distribution features of SWCs in the NCCV is essential not only for mapping
their occurrence but also for elucidating the mechanisms through which NCCV influences
surface weather and climate.

This study investigates the SWCs in the NCCV activity during late spring (April–May)
2021. According to the definition by Sun et al. (1994) [11], there were 43 NCCV days in that
period. Using the SWC identification method presented in this work, the SWC distributions
in NCCV between April and May 2021 were identified. The study region (35–60◦N, 115–
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145◦E) was partitioned into four quadrants relative to the center point (47.5◦N, 130◦E).
Combined with cloud phase products and vertical stratification into low, middle, and high
levels, statistical analyses were conducted for the 02:00, 06:00, and 10:00 UTC time steps to
elucidate the spatial distribution and diurnal evolution of supercooled water clouds.

Significant spatial disparities in the extent of supercooled water clouds exist among the
quadrants of the NCCV (Figure 3). The southwest quadrant exhibits the highest total pixel
count (approximately 1.2 × 106), identifying it as the most enriched region for supercooled
water clouds. The northeast and southeast quadrants follow closely, with comparable totals
(1.0 × 106 and 9.8 × 105, respectively), while the northwest quadrant records the lowest
total (approximately 8.0 × 105). Across all quadrants, high-level clouds contribute the most
to the SWCs, followed by mid-level clouds, with low-level clouds making the smallest
contribution. Overall, a distinct spatial pattern of “higher in the southwest and lower in
the northwest” is observed.

Figure 3. Distribution characteristics of supercooled water clouds across different quadrants of NCCV
activity during late spring (April–May) 2021.

At 02:00 UTC (10:00 BT, morning), supercooled water clouds were relatively concen-
trated in the mid- and low-level layers. The northeast quadrant exhibited the highest
proportion of mid-level clouds (48%), while the southwest quadrant recorded the highest
low-cloud fraction across the entire domain (41%). Distributions across the three vertical
levels in the northwest and southeast quadrants remained relatively balanced.

By 06:00 UTC (14:00 BT, afternoon), the vertical centroid of the cloud mass shifted
progressively upward, with high-cloud fractions increasing and low-cloud fractions de-
creasing across all quadrants. This shift was most pronounced in the southwest quadrant,
where the low-cloud fraction dropped to 23% and the high-cloud fraction rose to 35%.

Figure 4 shows the vertical distribution and diurnal variation in supercooled water
clouds associated with the NCCV. The vertical structure of supercooled water clouds
exhibits distinct diurnal evolution, characterized by a persistent upward shift from the
middle and low levels to the high level throughout the day, as shown in Figure 4.
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Figure 4. Vertical distribution and diurnal variation in supercooled water clouds during NCCV
activity in late spring (April–May) 2021.

At 10:00 UTC (18:00 BT, evening), high-level clouds became the dominant component
of supercooled water clouds. The high-cloud fractions in the southwest and northeast quad-
rants reached nearly 100% and 92%, respectively, accompanied by a substantial dissipation
of supercooled water in the mid- and low-level layers. In the southeast and northwest
quadrants, high-cloud fractions accounted for 74% and 50%, respectively, representing the
largest contributions within these sectors.

Aggregated statistics for the entire period indicate that high-level clouds contributed
the most to supercooled water content in the northwest, southwest, and southeast quadrants
(39–44%), whereas mid-level clouds dominated in the northeast quadrant (41%). Low-cloud
fractions remained within the range of 19–28% across all regions.

In summary, supercooled water clouds under the influence of the Northeast Cold
Vortex exhibit significant spatial heterogeneity and distinct diurnal vertical evolution. Spa-
tially, the southwest quadrant is characterized by the highest total abundance and the most
intense diurnal variability, while the northwest quadrant shows the lowest total abundance
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and a relatively stable vertical structure. Temporally, a consistent upward migration occurs
from morning to evening, indicating an evolutionary pattern wherein supercooled water
shifts progressively from mid- and low-level layers to the high-level layer.

5. Conclusions
Accurate identification of SWCs is essential for weather modification, aviation safety,

and climate research. In this study, we developed a two-step algorithm to detect SWCs
using observations from the AHI onboard Himawari-8. The first step employed a RF model
to classify clouds into nine categories—high ice, high water, high mixed, middle ice, middle
water, middle mixed, low water, low ice, and low mixed clouds—based on four Level-1
infrared bands (3.9, 8.6, 10.4, and 12.4 µm). The second step further identified SWCs from
the water and mixed-phase clouds by integrating AHI Level-2 products, including COT,
CER, and CTT.

The algorithm was rigorously validated against collocated CALIPSO VFM data. Re-
sults demonstrated an overall hit rate of 89.3% across 632,880 validated pixels, confirming
the high detection capability of the proposed method. Although the average false alarm
rate was 20.7%, with notably higher values in July, the algorithm generally satisfied the
accuracy requirements for operational cold-cloud seeding and precipitation enhancement.

Applying the validated algorithm to late spring (April–May) 2021 NCCV events, we
revealed pronounced spatial heterogeneity and distinct diurnal vertical evolution of SWCs.
The southwest quadrant of the NCCV consistently exhibited the highest SWC abundance
(approximately 1.2 × 106 pixels), forming a “higher in the southwest and lower in the
northwest” spatial pattern. Diurnally, SWCs underwent a progressive upward migration:
they were initially concentrated in mid- and low-level layers during the morning (02:00
UTC), and gradually shifted to the high-level layer by evening. These findings provide
valuable observational constraints for understanding cloud microphysical processes within
cold vortices and offer practical guidance for optimizing weather modification operations
in Northeast China.

Future work should focus on reducing the false alarm rate, particularly during sum-
mer months, by incorporating additional spectral bands or advanced machine learning
techniques. Moreover, extending the algorithm to other geostationary satellites could en-
able broader monitoring of SWCs, ultimately supporting improved precipitation efficiency
and aviation safety on a global scale.
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