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Highlights

What are the main findings?

¢ Cloud-type compositions are nearly identical between Northeast China Cold Vortex
(NCCV) and non-NCCYV situations, while microphysical properties differ markedly
between the two, with the liquid water path (LWP) showing the most contrast and being
evidently larger in NCCV than in non-NCCV cloud systems.

¢ In the NCCV domain, LWP and IWP tend to have stronger spatial heterogeneity than
Re_liq and Re_ice. LWP gets notably larger in the northern to northwestern sectors,
whereas IWP shows much higher variations in both radial and azimuthal dimensions.

What are the implications of the main findings?

* The statistical features and spatial structures of the microphysical characteristics of cloud
systems associated with NCCV were revealed.

* The results provide a reference for a deeper understanding of the unique cloud and
precipitation physical processes of NCCV cloud systems.

Abstract

The Northeast China Cold Vortex (NCCV), a typical synoptic-scale system in Northeast
China, North China, and the Jianghuai region, frequently triggers thunderstorms, strong
winds, and heavy precipitation, making it significant for meteorological monitoring and
operational forecasting. However, the cloud microphysical properties of NCCV-associated
cloud systems remain poorly characterized, as long-term cloud microphysical observations
are limited. This study utilizes cloud products from the Moderate Resolution Imaging
Spectroradiometer (MODIS) to analyze cloud-type frequencies and four key cloud micro-
physical properties under NCCV conditions: liquid effective radius (Re_liq), ice effective
radius (Re_ice), liquid water path (LWP), and ice water path (IWP). Nearly identical cloud-
type compositions are found for the two groups, NCCV and non-NCCV samples with
similar cloud fractions on the regional scale, which are dominated by stratocumulus (Sc),
altostratus (As), cumulus (Cu), and stratus (St), with Sc accounting for above 40% of total
cloud occurrence. Yet microphysical properties differ markedly between these two groups.
LWP shows the most contrast and it is evidently larger in NCCV than in non-NCCV cloud
systems. As for the spatial structure of cloud microphysics in the NCCV domain, it is found
that Sc, As, St, and nimbostratus (Ns) constitute the primary background, and Sc remains
the dominant cloud type in almost all spatial sectors. LWP and IWP tend to have stronger
spatial heterogeneity than Re_liq and Re_ice. LWP gets notably larger in the northern
to northwestern sectors, whereas IWP shows much higher variations in both radial and
azimuthal dimensions. These results reveal the statistical microphysical characteristics

Remote Sens. 2026, 18, 2165

https://doi.org/10.3390/rs18132165


https://crossmark.crossref.org/dialog?doi=10.3390/rs18132165&domain=pdf&date_stamp=2026-07-03
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com
https://orcid.org/0009-0007-0916-7551
https://orcid.org/0000-0001-5454-2655
https://doi.org/10.3390/rs18132165

Remote Sens. 2026, 18, 2165

2 of 26

of cloud systems associated with NCCV from the perspective of satellite observations,
providing a reference for a deeper understanding of their unique cloud and precipitation
physical processes.

Keywords: Northeast China Cold Vortex; cloud type; cloud microphysical properties;
spatial structure; Moderate Resolution Imaging Spectroradiometer

1. Introduction

The Northeast China Cold Vortex (NCCV) is a major warm-season synoptic system
affecting Northeast China and adjacent regions. It is generally characterized by a cold-core
cyclonic circulation in the mid to upper troposphere, usually accompanied by a closed
geopotential-height contour near 500 hPa and a vortex center located over Northeast China
or nearby areas. NCCV often persists for several days, moves slowly, and influences broad
regions through persistent rainfall, localized severe convection, low-temperature events,
and other hazardous weather. Because of these impacts, the definition, identification,
climatology, and weather effects of NCCV have long been central topics in studies of mid-
and high-latitude weather systems in China [1-8].

Previous studies have mainly examined NCCV from synoptic and dynamical per-
spectives. The formation and maintenance of NCCV have been linked to blocking circula-
tion, Rossby wave activity, cold-air intrusions, terrain effects, transient eddy forcing, and
large-scale teleconnection patterns [2,6,9,10]. Objective identification studies have further
quantified the occurrence frequency, duration, active regions, and seasonal variations of
NCCV, especially during May—-August, when NCCV is most relevant to warm-season
precipitation over Northeast China [3-5]. These studies have established a relatively ma-
ture understanding of the synoptic evolution, circulation background, and climatological
behavior of NCCV.

NCCV-related precipitation has also received considerable attention. Case studies
and diagnostic analyses have shown that NCCV precipitation is closely associated with
moisture transport, vertical motion, convective instability, potential-vorticity evolution, and
the interaction between cold-vortex circulation and embedded mesoscale systems [11-17].
These studies have clarified many aspects of rainfall formation under NCCV backgrounds.
However, most of them focus on precipitation processes and circulation conditions, while
the cloud physical characteristics of NCCV cloud systems, especially their cloud micro-
physical properties, remain less systematically documented.

Cloud microphysical properties provide important information on cloud develop-
ment, precipitation formation, and radiative effects. Cloud effective radius and cloud
water path are key optical and microphysical quantities because they are directly related
to cloud particle size, condensed water amount, and cloud radiative behavior [18-21].
Therefore, examining NCCV cloud systems from a microphysical perspective can comple-
ment traditional circulation and precipitation-based analyses and provide a more complete
description of cloud physical processes within cold-vortex systems.

Existing studies on NCCV cloud microphysics are mainly based on individual cases.
Aircraft observations of an NCCV convective cloud band revealed pronounced variability
in both macrophysical and microphysical cloud properties. The observed cloud band con-
tained abundant supercooled liquid water, high ice-particle concentrations, and differences
in particle size distributions under different dynamical conditions [22]. CloudSat-based
analyses further documented the vertical structures of convective cloud bands associated
with cold vortex, including stage-dependent echo structures, dry-air intrusion, and ver-
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tical layering of ice and liquid water contents [23]. Shi et al. [24] used multiple datasets,
including CloudSat radar observations, to reconstruct the three-dimensional structure and
precipitation evolution of an atypical NCCV case. More recent aircraft measurements
also showed distinct vertical variations in particle number concentration, liquid water
content, particle spectra, and hydrometeor types within an NCCV cloud system [25].
Recent satellite-based work has also examined the typical precipitation structures and
microphysical characteristics of NCCV systems using GPM dual-frequency precipitation
radar observations [26]. These studies provide useful case evidence, but they cannot fully
describe the statistical microphysical characteristics of NCCV cloud systems.

Satellite observations have enabled broader statistical analyses of cloud microphysical
properties. The bispectral retrieval framework established by [18] provides the theoretical
basis for retrieving cloud optical thickness and effective particle radius from reflected solar
radiation. MODIS cloud products further provide cloud optical and microphysical vari-
ables, including optical thickness, effective particle radius, and water path for liquid and
ice clouds [19,21,27]. Based on MODIS observations, ref. [28] showed that effective-radius
retrievals can differ among spectral bands and are sensitive to cloud regime, optical thick-
ness, and horizontal heterogeneity. Using CloudSat/CALIPSO data, ref. [29] characterized
the vertical structures of cloud microphysical properties for different cloud types over East
Asia. These studies demonstrate the value of satellite observations for cloud microphysical
statistics, but their samples generally include multiple weather regimes and do not isolate
NCCYV as a specific synoptic background.

Two issues motivate this study. Existing studies of NCCV cloud microphysics have
mainly focused on individual cases, so multi-event statistical evidence remains limited.
In addition, broader satellite-based studies usually describe regional or global cloud
statistics without explicitly separating NCCV backgrounds. Therefore, the cloud micro-
physical characteristics and internal spatial organization of NCCV cloud systems remain
insufficiently documented.

To address these issues, this study uses MODIS satellite cloud products, identified
NCCV samples, and non-NCCV samples constrained by similar cloud fractions. We exam-
ine cloud-type composition, cloud microphysical differences, characteristics of different
cloud types, and spatial structures within NCCV cloud systems. We first compare cloud
types and microphysical properties between NCCV and non-NCCV conditions and test the
statistical significance of the observed differences. We also assess how these differences
vary among cloud types. For spatial structure analysis, we construct an NCCV spatial
framework by normalizing each NCCV to its equivalent radius and analyze cloud-type
frequency and microphysical properties across radial zones and azimuthal sectors. By
examining cloud-type distributions and microphysical properties in a common NCCV
framework, this study provides satellite-based statistical evidence for understanding the
cloud physical characteristics of NCCV systems.

2. Data and Methods
2.1. Data Sources and Cloud Parameters

This study analyzes cloud microphysical properties associated with NCCV using
cloud products from the Moderate Resolution Imaging Spectroradiometer (MODIS) aboard
the Aqua satellite. MODIS provides multispectral observations in visible, near-infrared,
and thermal infrared bands, enabling the retrieval of cloud-top, optical, thermodynamic,
and microphysical properties [19,21,27].

We used the MODIS/Aqua Level-3 daily atmosphere product MYD08_D3, Collection
6.1. This product provides daily global gridded atmospheric variables at a spatial resolution
of 1° x 1°, including cloud fraction, cloud optical thickness, cloud effective radius, cloud
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water path, cloud phase, and related atmospheric parameters [30]. MYD08_D3 aggregates
quality-controlled pixel-level retrievals onto a regular daily grid, making it suitable for
regional statistical analyses of cloud properties for synoptic backgrounds.

The study period spans April-August of 2020-2024, corresponding to the main warm
season activity period of NCCVs. For each day, MODIS cloud variables were extracted over
the study domain. The classification of these daily samples into NCCV and non-NCCV
groups is described in the following section.

In addition to MODIS cloud products, this study uses the 500 hPa geopotential height
field from ERAS reanalysis to characterize the circulation structure and horizontal scale of
each NCCV [31]. The 500 hPa level is commonly used in NCCV identification because it is
typically manifested as closed cold-core cyclonic systems in the middle troposphere [3-5].
In this study, the 500 hPa geopotential height field is used to determine the vortex-center
position and the outer closed geopotential-height contour. The area enclosed by this contour
is then converted into an equivalent radius, which provides the geometric basis for the
NCCYV spatial analysis.

We selected four MODIS cloud microphysical variables: Re_lig, Re_ice, LWP, and
IWP. These variables represent two complementary categories of cloud microphysical
information. Re_liq and Re_ice describe the characteristic particle size of liquid and ice
clouds, respectively, whereas LWP and IWP describe the column-integrated liquid and ice
condensate amounts. Hereafter, cloud effective radius (Re) refers to Re_liq and Re_ice in
a general sense. Liquid water path (LWP) and ice water path IWP) denote the column-
integrated liquid and ice condensate amounts, respectively, with units of gm 2. Cloud
water path (CWP) is used only as a collective category referring to LWP and IWP; it is not
treated as a separate retrieved or analyzed variable in this study. This separation allows us
to examine whether NCCV-related cloud microphysical differences are mainly reflected in
particle size, condensate loading, or both.

The retrieval of cloud optical thickness and effective particle radius from reflected solar
radiation follows the bispectral framework established by Nakajima and King [18]. MODIS
cloud products provide effective radius and water path for liquid and ice cloud phases
based on cloud optical and microphysical retrieval algorithms [19,21]. Effective radius is
closely related to cloud optical properties and radiative transfer, while cloud water path
characterizes the bulk condensate amount within the atmospheric column. For ice clouds,
the interpretation of effective radius also involves uncertainties associated with particle
habit, mass, and projected area assumptions [20]. Together, Re_liq, Re_ice, LWP, and IWP
provide a compact description of the particle size and condensate amount characteristics of
NCCYV cloud systems.

2.2. NCCV Samples

To characterize cloud microphysical statistics associated with NCCV, we assembled
two sample sets representing NCCV and non-NCCYV conditions. The NCCV days were
taken from an existing NCCV event list, rather than identified independently in this
study. The event list was constructed using ERA5 500 hPa geopotential-height fields
following commonly used synoptic and objective identification methods for NCCV. In
these methods, an NCCV is generally identified as a cold-core cyclonic circulation in
the middle troposphere with a closed geopotential-height contour near 500 hPa, and the
500 hPa geopotential-height field is used to determine vortex occurrence, center position,
and closed-contour structure [3-5,7,10,32].

The event records include the year, month, day, vortex-center longitude and latitude,
the outermost closed geopotential-height contour value, the minimum geopotential-height
contour value, their difference, the maximum anomaly of the closed contour relative to
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climatology, and the anomaly at the vortex center. These fields provide the basis for
selecting NCCV days, defining the vortex-center position, and determining the outer closed
contour used for equivalent-radius normalization. Because this study focuses on cloud
microphysical statistics rather than developing a new NCCV identification algorithm, the
existing event list was used as the NCCV sample basis.

We compared NCCV and non-NCCV samples over an East Asian domain spanning
10°-55°N and 70°-140°E. This domain covers Northeast China and adjacent regions influ-
enced by NCCV, while remaining broad enough to provide stable regional cloud statistics.

Cloud fraction can strongly affect the statistical distribution of cloud microphysical
properties. Therefore, when selecting non-NCCV samples, we applied a cloud fraction
constraint to reduce the influence of different overall cloudiness between the two groups.
Here, CA denotes the cloud fraction at the MYDO08_D3 grid-cell scale. For each NCCV day,
we calculated four cloud fraction metrics over the East Asian domain: the domain mean
cloud fraction and the proportions of grid cells with a cloud fraction above 0.7, 0.8, and 0.9.
These metrics are defined as follows:

CA = % 3 CA;, )
i=1
and
R % I(CA; > t), t€{0.7,08,09}, @)
N

i=1

where CA; denotes the cloud fraction of grid cell 7, N denotes the number of valid grid
cells in the domain, I(-) is an indicator function, and F; denotes the fraction of grid cells
exceeding threshold .

We then calculated the mean and standard deviation of each cloud fraction metric from
the NCCV samples. The same four metrics were calculated for all candidate non-NCCV
days. A candidate non-NCCV day was retained if its domain mean cloud fraction fell
within one standard deviation of the NCCV day distribution and its F; values satisfied
broader tolerance ranges:

|CAcana — HSEY| < oDCCY, 3

and
|Ficana = 1RCEY| < KoY, t € {07,08,09}, )
where y%cv and U%CV are the mean and standard deviation of the domain mean cloud

fraction for NCCV days, and FECCV and UFI\ECCV are the corresponding statistics of F;. The
tolerance factor K; was set to 2 or 3 depending on the threshold-based metric. The stricter
constraint on CA ensured comparable overall cloudiness between the two groups, while
the broader constraints on F; retained sufficient variability in cloud spatial structure.

The original NCCV day list contained 218 NCCV days during April-August 2020-2024.
However, MYDO08_D3 data were unavailable for 5-7 April 2022. Therefore, 215 MODIS-
available NCCV days, corresponding to 49 distinct NCCV events, were used for the
MODIS-based cloud microphysical analysis. The selected non-NCCV control sample
included 346 days. The 49 NCCV events had a mean duration of 4.39 days, a median
duration of 3 days, and a duration range of 3-11 days.

2.3. Cloud-Type Classification

To examine how cloud microphysical properties vary among cloud types, this study
employs the International Satellite Cloud Climatology Project (ISCCP) nine type cloud
classification. The ISCCP scheme classifies clouds using cloud top pressure (CTP) and
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cloud optical depth (COD), thereby combining information on cloud vertical position and
optical thickness [33]. This CTP-COD framework has been widely used in satellite-based
cloud climatology and in comparisons among ISCCP, MODIS, and other satellite cloud
products [34].

Following the ISCCP framework, clouds are first divided into high, middle, and
low categories according to CTP. Within each height category, clouds are further divided
by COD into optically thin, intermediate, and thick classes. Combining the three CTP
categories with the three COD categories yields nine cloud types: cirrus (Ci), cirrostratus
(Cs), deep convective clouds (Dc), altocumulus (Ac), altostratus (As), nimbostratus (Ns),
cumulus (Cu), stratocumulus (Sc), and stratus (St). This classification provides a consistent
basis for subsequent analysis in different cloud types.

2.4. Statistical Scheme

We characterize the statistical distributions of cloud microphysical properties using
probability density functions (PDFs). For a random variable X representing a cloud micro-
physical property, its PDF fx(x) satisfies

+o0
. fx(x)dx =1, (5)

and )
Pa< X <b)= / Fx(x) dx. ©)

The PDF describes the full distributional shape of a variable, including its central
tendency, dispersion, skewness, and tail behavior. Compared with simple comparisons of
means or extremes, PDF analysis captures more complete differences in cloud microphysical
distributions. Accordingly, we construct PDFs for NCCV and non-NCCV samples and
compare the distributional differences of each cloud microphysical variable under the two
weather backgrounds.

To quantify differences between two PDFs, we use the first-order Wasserstein distance.
The Wasserstein distance originates from optimal transport theory and measures the mini-
mum cost required to transform one probability distribution into another [35,36]. For two
probability distributions P and Q, the first-order Wasserstein distance is defined as

WPQ) = inf /}MR [x —yldv(x,y), (7)
where T'(P, Q) denotes the set of all joint distributions with marginals P and Q. Unlike
conventional scalar statistics, the Wasserstein distance accounts for the displacement of
probability mass along the variable axis and therefore captures both location and shape
differences between distributions.

Because the four cloud microphysical variables have different units and magnitudes,
we normalize the Wasserstein distance by the standard deviation of each variable:

Whorm = M’Q)/ (8)
X
where oy is the standard deviation of the corresponding variable calculated from the
pooled NCCV and non-NCCV samples. This normalization permits direct comparison of
distributional differences among Re_liq, Re_ice, LWP, and IWP. Hereafter, unless otherwise
specified, “Wasserstein distance” refers to the normalized Wasserstein distance.
To evaluate the statistical significance of distributional differences between NCCV and

non-NCCV samples, we apply a month-stratified nonparametric permutation test [37,38].
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This method builds an empirical null distribution of the normalized Wasserstein distance
by reshuffling sample labels while preserving the monthly sampling structure. Specifically,
NCCV and non-NCCYV labels are randomly exchanged only within the same month, and
the original monthly sample sizes of the two groups are retained. The permuted samples
from April to August are then pooled, and a single full-period normalized Wasserstein
distance is recalculated. This procedure is repeated 500 times to construct the stratified
null distribution.

The reported standardized statistic and permutation p-value are derived from this
full-period stratified null distribution, rather than from an average or sum of monthly
statistics. Details of the test statistic, monthly label permutation, null distribution, z-value,
and p-value are provided in Appendix A.

Because several NCCV days can belong to the same synoptic event, daily NCCV
samples should not be interpreted as fully independent event realizations. To examine the
sensitivity of the distributional results to event-level dependence, we further conducted
an event-pooled bootstrap analysis. In each bootstrap realization, the 49 NCCV events
were resampled with replacement as complete units, and all valid MODIS samples within
each selected event were retained. The 346 non-NCCV control days were also resampled
with replacement. The normalized Wasserstein response index was then recalculated
using the same definition as in the main distributional analysis. This procedure was
repeated 500 times to estimate the uncertainty range of the response index under event-
level resampling.

As a more conservative sensitivity test, we also compared event-mean NCCV val-
ues with control-day and control-block means. In this comparison, each NCCV event
contributed one equally weighted mean value, and temporally continuous control days
were additionally grouped into consecutive control blocks. This test was used to assess
whether the distributional contrasts could also be interpreted as stable shifts in event-mean
microphysical properties.

3. Results
3.1. Cloud-Type and Cloud Microphysical Features of NCCV

All subsequent cloud-type analyses are based on the nine ISCCP cloud types intro-
duced in Section 2.3: Ci, Cs, D¢, Ac, As, Ns, Cu, Sc, and St.

To characterize the cloud structure and microphysical features associated with NCCYV,
the frequency distributions of the nine cloud types were first compared between NCCV
and non-NCCV samples. The constraint on similar cloud fractions is described in the
Methods and is not repeated here. Shown in Figure 1, both exhibited broadly similar
cloud-type compositions. Sc, As, Cu, and St dominated in both NCCV and non-NCCYV,
with Sc occupying the highest rank in two samples. Sc frequency was about 42.5% in the
NCCV sample and 44% in the non-NCCV sample, exceeding 40% in both cases. By contrast,
Ci, Dc, and Ac appeared much less often. Differences in cloud-type composition between
the two samples were minor. The NCCV sample had slightly higher frequencies of Ci, Cs,
Dc, Ns, and St, while the non-NCCV sample had slightly higher frequencies of Sc and Cu.
However, these deviations were small relative to the dominant cloud-type pattern.

After the comparison of cloud-type compositions between NCCV and non-NCCYV, the
distributions and distribution differences of Re_liq, Re_ice, LWP, and IWP were examined.

Although the overall distribution shapes were similar, differences emerged in specific
portions of the property distributions in Figure 2. For cloud effective radius (Re, including
Re_liq and Re_ice), deviations were confined to particular radius intervals, indicating that
NCCV conditions did not produce a uniform shift of the entire particle size distribution. In
contrast, LWP showed more pronounced deviations across a broader range of values, implying
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that LWP provided the strongest signal among the microphysical differences. The APDF
of IWP remained near zero across most of its range, indicating no consistent overall shift
between the two samples. This aggregate behavior describes the pooled NCCV and non-
NCCYV distributions only and does not address whether IWP varies among cloud types or
across vortex-relative locations within NCCV. Together, these findings indicate that, for samples
with comparable cloud-type backgrounds, NCCV-related microphysical differences manifest
primarily in LWP rather than as synchronous changes across all microphysical properties.

050 mmm Nccv
[ Non-NCCV 0.440
0.425

0.40 1
2030
=
D
=
=
[}
L=
= 0.20

0.1270.126 01150120
0.10 0.0970.096
) 0.066 ) 55 0.0670,063
0.0360,031 oosiags S2E0ME
0.00 -

As Ns Cu Sc St
Cloud type

Ci Cs D¢

Figure 1. Frequency distributions of the nine cloud types in NCCV and non-NCCV. The bar height
denotes the frequency of each cloud type in the corresponding sample. The frequency is calculated as
the ratio of valid pixels of each given cloud type to all valid cloud-type pixels.
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Figure 2. Probability density distributions of and differences in major cloud microphysical properties
under NCCV and non-NCCV conditions. (a) Probability density functions (PDFs) of cloud effective
radius (Re). (b) PDFs of cloud water path (CWP). (c) PDF differences (APDEF) of Re. (d) PDF differences
(APDF) of CWP. Here, Re refers collectively to Re_liq and Re_ice, and CWP refers collectively to LWP
and IWP. The units are um for Re_liq and Re_ice and gm‘2 for LWP and IWP. Red and blue curves
denote liquid and ice phase properties, respectively. Dashed and solid curves denote NCCV and
non-NCCV samples, respectively. Here, APDF = PDFyccy — PDFyon—Ncev-
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To quantify these differences, a month-stratified permutation test was applied. Within
each month, the NCCV and non-NCCYV labels were randomly shuffled 500 times to con-
struct a null distribution of the difference magnitude. A standardized statistic, z, was then
computed to locate the observed difference within the null distribution, and a permutation-
based p-value was calculated to express the probability of obtaining the observed difference
or a larger one under random relabeling.

The permutation test showed that the magnitude of microphysical differences varied
considerably across properties in Figure 3. LWP exhibited the largest aggregate distri-
butional difference between NCCV and non-NCCV conditions (z = 12.18, p = 0.002),
indicating a strong LWP contrast under NCCV conditions. Re_ice also reached signifi-
cance (z = 8.04, p = 0.002), but its signal was weaker than that of LWP. Re_liq reached
the significance level as well (z = 2.06, p = 0.026), but its statistical evidence was much
lower. By contrast, IWP did not differ significantly in the aggregate NCCV and non-NCCV
comparison (z = —1.64, p = 0.952), indicating that the pooled IWP distribution does not
show a consistent domain-wide shift between the two samples. This aggregate nonsignif-
icance should not be interpreted as spatial uniformity within NCCV or as an absence of
cloud-type-dependent IWP differences. Instead, it indicates that IWP differences may vary
in sign and magnitude across cloud types and vortex-relative locations when all samples

are pooled.
Re liq
1 T
! Null Null
2000 - i === Obs 1250 ——— Obs
zison{ [ A T T95 = 10001 [ M\ e T95
z -—l»— T99 Z 7501 —-—-—I T99
s 1000 A I S 5001 :
500 { : 250 | I
1
| P D 0 1 T 1 1
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1250 ] Null i |
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2| [\ el = T At 2 N
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“ 0.0
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Figure 3. Permutation test results for the overall differences in cloud microphysical properties
between NCCV and non-NCCV conditions. The upper panels show the null distributions of the
differences in liquid effective radius, ice effective radius, LWP, and IWP. Solid curves denote the
null distributions generated from 500 month-stratified random permutations, and dashed vertical
lines denote the observed differences. Gray dashed and dash-dotted lines denote the 95th and 99th
percentile thresholds of the null distribution, respectively. The lower panel shows the standardized
statistic z and the permutation-based p-value for each property.
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To examine whether the distributional contrasts between NCCV and non-NCCV
samples were dominated by a small number of long-lived NCCV events, we further
conducted an event-level bootstrap sensitivity analysis. The 215 MODIS available NCCV
days corresponded to 49 distinct NCCV events. The event pooled bootstrap showed that
the original Wasserstein response indices of all four variables fell within the corresponding
95% confidence intervals. The bootstrap mean response indices were 0.0025 for Re_liq,
0.0042 for Re_ice, 0.0064 for LWP, and 0.0039 for IWP. LWP retained the largest event-level
distributional contrast, followed by Re_ice. This result indicates that the main Wasserstein
distributional distances between NCCV and non-NCCV samples were not controlled by a
few long-lived NCCV events.

However, the more conservative event mean and control-block mean comparisons
produced wider uncertainty, and the signed mean difference confidence intervals between
NCCV and non-NCCV samples crossed zero for all four variables. Therefore, the differences
between NCCV and non-NCCV samples reported here should be interpreted primarily as
distributional contrasts rather than as robust shifts in event mean microphysical properties.

For similar cloud-type structures, microphysical differences between NCCV and non-
NCCV samples are uneven across properties. LWP exhibits the clearest overall signal,
followed by Re_ice. The difference in Re_liq is weaker, and IWP is not significant in the
aggregate statistics. The lack of a significant aggregate IWP difference does not imply that
IWP is insensitive to NCCV conditions. Rather, it reflects that IWP differences vary in
sign and magnitude among cloud types and may partly compensate when all cloud types
are pooled.

Within a single cloud-type classification framework, mean values of Re_liq, Re_ice,
LWP, and IWP were computed for each cloud type. For each bin, the difference was defined
as the NCCV mean minus the non-NCCV mean for the same cloud type. This approach
determines whether overall differences reflect consistent changes across multiple cloud
types or are restricted to specific cloud-type conditions.

Differences in Re across cloud types were generally small in Figure 4. Re_liq varied
little and was close to zero in most cloud types. Re_ice showed clearer but inconsistent
differences across cloud types. In some types, the NCCV sample had slightly larger Re_ice,
whereas in Sc, St, and Ns the differences were negative. These patterns indicate that
particle size changes depend on specific cloud types rather than on a uniform shift across
all cloud types.

Figure 5 shows that CWP differences varied markedly by cloud type. In terms of
raw mean differences, LWP was higher in the NCCV sample for most cloud types, with
larger increases in Cs, D¢, Ns, As, and Sc. This pattern indicates that the rise in LWP was
not confined to a single cloud class. IWP exhibited a more complex dependence on cloud
type: positive differences appeared mainly in several thick-cloud categories, while weak or
negative differences occurred in Sc, Cu, and Ac. Thus, although some cloud types show
substantial IWP changes, these cloud-type-dependent differences do not combine into a
consistent aggregate signal when all cloud types are pooled.

To test whether the mean differences in each cloud type exceeded random fluctuations,
the month-stratified permutation test was applied separately to each cloud type. The stan-
dardized statistic z was used to locate the observed difference within the null distribution.
The p-value was reported as the probability of obtaining the observed difference or a larger
one under random relabeling.
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Figure 4. Re means in different cloud types of NCCV and non-NCCYV, and differences in Re between
NCCV and non-NCCV. Rows in each panel denote high, middle, and low clouds, and columns denote
thin, moderate, and thick optical-depth categories, corresponding to Ci, Cs, Dc, Ac, As, Ns, Cu, Sc,
and St. The left and middle columns show the NCCV and non-NCCV means, respectively. The right
column shows the mean difference, defined as NCCV minus non-NCCV. Numbers in parentheses
indicate the number of valid samples in each cloud-type bin.

NCCV Mean Non-NCCV Mean Mean Difference »
D
Vi Y. y, <9
45.43 ICAXIR 571.15 46.81 ICINLA 561.74 138 424 9.41 15 §
(14497) | (27484) (9976) (21003) | (40158) [GEIZI) 0 E
s =
=

A ‘) A 4 54

41.02 LRI 496.30 40.54 IBRDA 49231 0.47 2.92 4.00 R g
(20264)  (65631) [NEZEIL)) (33273)  (105194) WECEIL)) £
-5 g
29.59  122.60 PYRENL 29.19  120.19 10 E
- ‘ . ) : 0.39 2.42 0.90 I~
(62675)  (241648) WNEEAL: (106686)  (403698) BN(ILKS '15%

- " 20

NCCV Mean Non-NCCV Mean Mean Difference »
D
<9
RIE) 152.69 30.37 150.67 0.52 2.02 8.88 15 §
(19433)  (36553) @7139)  (51942) 08
S
b=
02 5 =
2695 14487 JEIEKT 27.64 114166 069 321 605 o Z
(19187)  (55851) NENIES (30460)  (87739) £
5 g
£

/ 5 -10
2154 | 17219 EEEREN 2233 17513 [EITXEY o 20 R =
(16827)  (52301) [NEZPXR)) (27193)  (86741) NGy} -15 E

|
[
S

Thin Medium Thick Thin Medium Thick Thin Medium Thick

Figure 5. Means of CWP (LWP and IWP) for different cloud types in NCCV and non-NCCV samples,
and their differences between the two samples. LWP and IWP are shown separately, and cloud water
path (CWP) is used only as a collective category referring to LWP and IWP. Same as Figure 4, but for
water-path properties.

As is shown in Figure 6, the permutation test in different cloud types indicates that
differences in Re vary by cloud type. Re_liq achieved statistical significance in several
cloud types, but the associated z-values were generally small, indicating limited statistical
evidence. In contrast, Re_ice reached significance in a larger number of cloud types and
produced clearer signals in Ns, Ci, Cs, and St. This pattern suggests that Re_ice shows
more distinct differences across cloud types than Re_liq.
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Figure 6. Statistical signal magnitude of mean microphysical differences among different cloud types
between NCCV and non-NCCV. The upper row shows the dimensionless difference index for each
cloud type, and the lower row shows the corresponding standardized statistic z. The z-value is
calculated from the null distribution generated by 500 month-stratified random permutations. The
p-value represents the probability of obtaining the observed or a larger difference under random
relabeling. The symbols “*” and “**” indicate p < 0.05 and p < 0.01, respectively.

For CWP properties, significant LWP differences occurred primarily in Ci, As, Cu,
Sc, and Ac. Sc and As exhibited relatively high z-values, indicating that LWP differences
remained relatively stable across several major cloud types. The significance pattern for
IWP was more dispersed. Ci, Cs, Ac, As, and Cu reached the significance threshold, while
Sc and Ns did not show significant positive differences. Considering the mean differences,
this pattern implies that IWP differences vary in both sign and magnitude among cloud
types, which helps explain why IWP does not produce a significant aggregate difference.
Thus, the cloud-type analysis reveals IWP sensitivity that is partly masked in the aggregate
distributional comparison.

The PDFs, permutation tests, and cloud type analyses collectively show that CWP,
particularly LWP, exhibits the clearest microphysical difference in NCCV. This signal is
most prominent in the aggregate statistics and is confirmed across multiple cloud types.
Changes in Re are weaker overall, although Re_ice shows clearer signals than Re_liq. IWP,
by contrast, depends strongly on cloud type: its mean differences vary across types and
therefore do not produce a consistent aggregate signal, even though several individual
cloud types show evident IWP differences. In sum, when cloud-type structure is similar,
NCCV-associated microphysical changes are primarily marked by increased LWP, with
more localized adjustments in Re and IWP confined to specific cloud types.

3.2. Spatial Structure of Cloud Microphysical Characteristics in the NCCV Domain

The previous section demonstrated that NCCV and non-NCCV samples still differ
in their microphysical properties under similar cloud fraction backgrounds. This contrast
is most pronounced for LWP, while Re_liq, Re_ice, and IWP vary more with cloud type.
Furthermore, this study examines the internal spatial structures of NCCV cloud systems.
We first define a normalized NCCV coordinate framework and map the spatial distribution
of different cloud types. This framework is then used to characterize the overall spatial
structures of Re_liq, Re_ice, LWP, and IWP, quantify their radial and azimuthal heterogene-
ity, and compare their spatial anomaly patterns using Spearman correlation coefficients.
Finally, the mean microphysical properties are summarized for different cloud types, and
their spatial structures are examined within individual cloud types.
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Previous cold vortex composite studies have commonly used the vortex center as the
reference point and analyzed the mean structure within a fixed-size domain [32]. This
method is effective for large-scale circulation analysis, but it is less suitable for examining
cloud microphysical properties inside the vortex body. An individual cold vortex can differ
substantially in horizontal scale; therefore, for smaller vortices, a fixed-size domain may
include cloud systems or surrounding environments that are not part of the vortex itself.
To reduce the impact caused by changes in the scale of the cold vortex itself, this study uses
an equivalent-radius normalization to map NCCV cases of different sizes onto a common
spatial framework relative to the NCCV.

ERADS5 500 hPa geopotential height data at 08:00 were used to identify the outermost
closed contour for each NCCV case, with adjustments applied when necessary. The area
enclosed by this contour defines the NCCV region. If the area of the NCCV is A, then R is
the radius of a circle whose area is equivalent to this area.

R=+/=. 9
. ©)

For any point in the NCCV domain, the horizontal distance from the vortex center is
denoted by d. The normalized radius r is then defined as

r=—. (10)

Here, r is a dimensionless coordinate that denotes a point’s position relative to the
NCCV scale. This normalization is applied for internal spatial structure analysis. It does not
change the physical size of any NCCV case. Instead, it maps NCCV of different absolute
sizes onto a common relative radius coordinate, providing a consistent reference for radial
and azimuthal statistics.

Using this framework, we subdivided the NCCV domain into two dimensional spatial
cells. The normalized region 0 < r < 1 was divided into three radial layers: inner
(0 <r<1/3), middle (1/3 < r <2/3), and outer (2/3 < r < 1). Then it was azimuthally
divided into eight sectors: E, NE, N, NW, W, SW, S, and SE. These radial and azimuthal
divisions yielded 24 spatial cells, which were used to compute cloud-type frequencies and
microphysical properties at different NCCV locations. All subsequent references to radial
position denote r rather than geographic distance.

We also evaluated the sampling support of the 1° MYDO08_D3 grid for this normalized
24-cell framework. For the 212 NCCV days with both valid MODIS retrievals and matched
ERADS closed-contour masks, the equivalent radius had a mean of 635.1 km, a median of
599.3 km, and a 10th-90th percentile range of 368.9-957.5 km. The grid-support diagnostic
showed that each inner-sector cell contained 1.8-3.7 MYD08_D3 1° grid cells per centered-
mask day on average, while the corresponding ranges were 4.7-10.1 for the middle layer
and 8.2-17.8 for the outer layer. Across the 212-day composite, even the sparsest inner-
sector cells accumulated 378 grid samples. Therefore, the normalized framework is used
to describe broad radial-azimuthal composite patterns, whereas localized anomalies in
individual inner-sector cells are interpreted cautiously because of the coarse 1° sampling.

The equivalent-radius normalization is also a geometric simplification. It does not fully
preserve the asymmetric shape of individual NCCV systems, such as elliptical structures,
frontal extensions, or elongated cloud bands. Therefore, the normalized framework is
intended to support comparable vortex relative composite statistics across many NCCV
cases, rather than to reconstruct the exact geometry of each individual vortex.

ANl NCCV samples were mapped to the common normalized spatial framework, and
all valid pixels were pooled for statistics. For cloud-type frequency, pixel counts of each
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cloud type were accumulated within each NCCV spatial cell. The overall frequency of
cloud type k was defined as the ratio of valid pixels of type k to all valid cloud-type pixels
in the NCCV sample.

The conditional spatial distribution of each cloud type was computed across the
24 spatial cells to determine where it is concentrated in the NCCV domain. Let N(r,d, k)
denote the number of pixels of cloud type k in radial layer r and azimuthal sector 4. The
conditional spatial distribution is defined as follows:

N(r,d, k)
N(k) ~’

where N(k) is the total number of pixels of cloud type k in all spatial cells. This metric

P(r,d | k) = (11)

gives the probability that a pixel falls in a particular spatial cell, conditional on the pixel
belonging to cloud type k. Thus, it characterizes the spatial distribution of cloud type k
within the vortex rather than its absolute occurrence frequency. Because the outer cells
cover larger areas than the inner cells, directly comparing P(r,d | k) can overemphasize
the outer region owing to geometric area effects. To mitigate this bias, the conditional
probability was normalized by the fractional area of each spatial cell, A(r, d), yielding the
area normalized conditional probability density:

P(r,d | k)

Dlrd k) = 5

(12)
When D(r,d | k) > 1, cloud type k is more concentrated in that spatial cell than its
area fraction predicts. When D(r,d | k) < 1, cloud type k occurs less frequently in that cell.
Microphysical properties were composited using the same normalized spatial frame-
work. Let X; denote a valid pixel value of a given property within spatial cell (r,d) for
cloud type k. The corresponding spatial mean is calculated as follows:

C(r,dk
Z,:(Z )Xz'

X(r,d,k) = AC(}’ d k) 7

(13)
where C(r,d, k) is the number of valid pixels. Thus, the microphysical means reported
in this study are pooled pixel-level composites from all NCCV samples that meet the
spatial cell, cloud type, and variable validity criteria. This pooling maximizes use of
available samples and maintains a consistent statistical framework across spatial cells and
cloud types. Because a pooled pixel-level composite may give greater weight to larger or
longer-lived NCCV events, we further evaluated event support for each vortex-relative
spatial cell. This diagnostic was performed for the 212 NCCV days for which both valid
MODIS retrievals and matched ERA5 closed-contour masks were available. For each of the
24 spatial cells and each microphysical property, we counted the number of distinct NCCV
events contributing valid samples and calculated the maximum fractional contribution
from a single event.

We also constructed an event normalized spatial composite as a sensitivity test. In this
analysis, the mean value of each property was first calculated within each NCCV event
and each spatial cell. These event-level cell means were then averaged with equal event
weight. This procedure reduces the influence of events with more valid pixels or longer
duration and provides a direct comparison with the original pixel-pooled composite.

Based on the normalized framework, the following analysis first describes the spatial
structure of cloud types within NCCV, then examines the overall spatial structures and
radial-azimuthal variability of Re_liq, Re_ice, LWP, and IWP, and finally analyzes the
means and spatial structures of these microphysical properties in different cloud types.
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Figure 7 presents two complementary metrics for the nine cloud types: overall fre-
quency and area normalized conditional probability density. The left panel gives the overall
frequency distribution of cloud types inside NCCV. It shows that the NCCV cloud system’s
background is dominated primarily by Sc, As, St, and Ns. Sc occurred most frequently,
with a frequency of 0.270, followed by As, St, and Ns, with frequencies of 0.184, 0.175, and
0.135, respectively. All other cloud types had frequencies below 0.10, with Ci, Ac, and Cu
especially rare. These values indicate that the NCCV background is primarily composed of
stratiform, relatively thick clouds in the low and middle layers.
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Figure 7. Cloud-type frequency and area normalized conditional probability density of the nine
cloud types in the NCCV domain. The bar chart shows the overall frequency of each cloud type in
NCCV. The polar plots show the area normalized conditional probability density of each cloud type
across the 24 spatial cells. Red colors indicate that the cloud type is relatively concentrated in the
corresponding spatial cell.

Opverall frequency measures how common a cloud type is, while conditional probabil-
ity density characterizes its spatial distribution within the NCCV body. The area normalized
conditional probability density indicates that cloud types occupy distinct preferred posi-
tions within the NCCV domain. Ci, Ac, and Cu concentrate primarily in the southern to
southeastern sectors of the outer layer. Sc is more concentrated in the southwest of the
outer layer. Dc tends to be mainly gathered on the east side of the inner layer of the NCCV.

The relative ranking of the nine cloud types within each spatial cell is shown in
Figure 8, which identifies the dominant cloud types in each cell. The rankings across the
24 spatial cells indicate that the cloud-type composition of NCCV is generally stable. Sc
ranked first in 23 of the 24 cells, reflecting that its dominance reflects a broad spatial pattern
rather than a few localized concentrations. St, As, and Ns also occupied consistently high
ranks in most cells, and together they form the primary cloud-type assemblage in the
NCCV domain. In contrast, Ci, Ac, and Cu typically ranked lower, implying that although
these types can be locally concentrated, they do not constitute the dominant cloud types in
most cells.
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Figure 8. Relative ranking of the nine cloud-type frequencies across the 24 spatial cells in the NCCV
domain. Each pie chart corresponds to one spatial cell defined by three normalized radial layers and
eight azimuthal sectors. Colored sectors denote the frequency fraction of each cloud type within that
cell, calculated as the ratio of pixels of a given cloud type to all valid cloud-type pixels in the same
spatial cell.

Two figures collectively indicate the features of the NCCV cloud-type spatial structure.
Sc, As, St, and Ns constitute the primary background cloud-type assemblage. Additionally,
Sc is the most frequent type in nearly all spatial cells and thus represents the vortex’s most
persistent dominant cloud type. Several low-frequency cloud types show pronounced local
concentration, particularly in the southern or southeastern sectors of the outer layer. In other
words, the NCCV cloud system combines a relatively stable dominant cloud-type composi-
tion with the spatial distribution of specific cloud types at particular NCCV positions. The
following microphysical spatial analysis is performed within this cloud-type background.

The overall spatial structure of microphysical properties within NCCV was then
examined. At this stage, the spatial means and standardized anomalies of Re_liq, Re_ice,
LWP, and IWP were computed across the 24 NCCV spatial cells. The numeric value shown
in each cell gives the original mean of the property. Cell color represents the standardized
anomaly relative to the 24-cell mean for that property. Thus, the numbers convey the
absolute magnitude of each property, and the colors indicate whether a given spatial cell is
higher or lower than the NCCV mean state for that property.

Distinct structures among microphysical properties in the NCCV domain are shown
in Figure 9. CWP properties exhibit markedly greater spatial heterogeneity than Re, with
IWP showing the strongest variability and LWP the next most pronounced. IWP tends
to be higher in the inner northern and southwestern portions of the composite and lower
in the outer eastern sector, indicating combined radial and azimuthal contrasts. LWP is
chiefly larger in the northern and northwestern sectors and smaller in the southern sector,
which produces a marked azimuthal asymmetry. By contrast, Re_liq varies less in space
and displays a pattern broadly opposite that of LWP. Larger Re_liq values occur mainly
in the southern outer layer. This contrast indicates that regions with greater liquid water
within the NCCV do not correspond to larger liquid droplet sizes. Re_ice shows relatively
weak spatial fluctuations overall but a clearer radial gradient, increasing from the inner to
the outer layer, especially in the northern and northwestern outer sectors.
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Figure 9. Spatial structures and standardized anomalies of overall cloud microphysical properties
within NCCV. Each panel corresponds to one cloud microphysical property. Numbers denote the
original mean values in each spatial cell, and colors denote standardized anomalies relative to the
24-cell mean of the same property. The units are um for Re_liq and Re_ice, and gm 2 for LWP and
IWP. Red and blue indicate positive and negative anomalies, respectively.

The radial and azimuthal analyses further quantify the spatial structures described
above. In Figure 10, the upper row boxes show the spread of the eight azimuthal cell
means within each radial layer, whereas the lower row boxes show the spread of the three
radial layer means within each azimuthal sector. Thus, the box height provides additional
information on within-layer azimuthal variability or within-sector radial variability.
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Figure 10. Radial and azimuthal variations of overall cloud microphysical properties in the NCCV
domain. The upper and lower rows show variations among radial layers and azimuthal sectors,
respectively. The statistics are calculated from property means in the 24 spatial cells rather than
from raw pixel values. The units are um for Re_liq and Re_ice, and gm_2 for LWP and IWP. In the
radial panels, each box represents the eight azimuthal cell means within a given radial layer. In the
azimuthal panels, each box represents the three radial cell means within a given azimuthal sector.
Lines denote mean values, and error bars denote the dispersion among spatial cell means.

After radial averaging, IWP decreases from the inner to the outer layer, while Re_ice
increases outward, indicating opposite radial trends between ice water amount and ice
particle size. The relatively large IWP boxes in each radial layer further indicate that
azimuthal differences remain evident even within the same radial zone. In contrast, Re_ice
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shows a clearer mean radial increase, while its within-layer spread is smaller, suggesting
that its spatial variation is more strongly organized by radius than by direction.

LWP shows only a weak radial gradient, but its azimuthal variation is much clearer.
Its mean values are larger from the northern to northwestern sectors and smaller in the
southern sector. The azimuthal boxes further show that some sectors retain noticeable radial
spread, but the dominant signal is the north-south contrast in the azimuthal mean. Re_liq
also varies mainly with azimuth, with larger values from the southern to southeastern
sectors. This pattern is broadly opposite to that of LWP, reinforcing the result that greater
liquid water amount does not coincide with larger liquid droplet size.

Furthermore, the CV statistics in Table 1 quantify the spatial structures shown in
Figure 10. IWP has the largest spatial CV, followed by LWP, whereas Re_liq and Re_ice
show weaker spatial fluctuations. This result addresses a different question from the
aggregate NCCV and non-NCCV comparison: the nonsignificant aggregate IWP difference
indicates no consistent pooled between-sample shift, whereas the large spatial CV indicates
strong internal IWP heterogeneity within the NCCV domain. The azimuthal/radial ratio
further separates the dominant modes of variability: LWP and Re_liq are mainly controlled
by azimuthal differences, Re_ice is more strongly radial, and IWP contains both radial and
azimuthal contrasts. Together, Figure 10 and Table 1 show that the spatial heterogeneity of
CWP properties is stronger than that of Re, and that the liquid and ice components differ
in how their spatial variability is organized within the vortex. In particular, IWP shows a
weak aggregate distributional difference between samples but a strong spatial-structure
signal within NCCV.

Table 1. Spatial coefficient of variation (CV) statistics for overall cloud microphysical properties in
the NCCV domain. CV is calculated as the standard deviation divided by the mean. Spatial CV is
calculated from the 24 NCCV spatial cells. Azimuthal CV and radial CV quantify variability among
azimuthal sectors and radial layers, respectively. An azimuthal/radial ratio larger than 1 indicates
stronger azimuthal variability, whereas a value smaller than 1 indicates stronger radial variability.

Spatial Statistics CV Azimuthal/ Main
Property Spafi - ' Radial Ratio Variabilit
patial Azimuthal Radial ability
LWP 0.069 0.056 0.018 3.12 Azimuthal
IWP 0.085 0.054 0.044 1.22 Radial + Azimuthal
Re_liq 0.027 0.025 0.004 6.13 Azimuthal
Re_ice 0.022 0.007 0.016 0.45 Radial

The event support diagnostic suggested that the 24-cell spatial composites were not
dominated by a small number of NCCV events. Re_liq and LWP had at least 41 contributing
events in each spatial cell, whereas Re_ice and IWP had at least 39 contributing events. The
largest single event contribution was 7.77% for Re_liq and LWP and 9.59% for Re_ice and
IWP, and no spatial cell exceeded the 15% single event contribution threshold. Thus, the
main 24-cell composites were supported by multiple NCCV events rather than by a few
large or long-lived cases.

The event normalized composite further confirmed the robustness of the broad spa-
tial patterns. The Pearson correlations between the pixel-pooled and event normalized
24-cell means were 0.906 for Re_liq, 0.811 for Re_ice, 0.808 for LWP, and 0.680 for IWP.
The corresponding Spearman correlations were 0.917, 0.767, 0.855, and 0.638, respec-
tively. The spatial-CV ranking was unchanged after event normalization, remaining
IWP > LWP > Re_liq > Re_ice. These results indicate that event weighting does not sub-
stantially alter the main spatial heterogeneity pattern, although some localized cells are
sensitive to event weighting and should be interpreted cautiously.
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To clearly summarize the overall microphysical spatial structure, we calculated Spear-
man correlation coefficients among the standardized spatial anomalies of Re_liq, Re_ice,
LWP, and IWP across the 24 NCCV spatial cells. This can describe the spatial correspon-
dence among different microphysical properties. In addition, we calculated the mean
value of each microphysical property for each cloud type in the NCCV domain, without
separating radial layers or azimuthal sectors.

Figure 11a shows that LWP and Re_liq are strongly negatively correlated in space,
indicating that their relative high-value regions are spatially separated within the vortex.
This result is consistent with Figure 9: LWP is larger mainly in the northern and north-
western sectors, whereas Re_liq is larger primarily in the southern outer layer. LWP and
IWP show a weak to moderate positive correlation, suggesting that their high and low
anomalies partly overlap in some spatial cells. By contrast, the correlation between IWP
and Re_ice is weak, indicating that the spatial variation of ice water amount is not simply
represented by the spatial variation of ice particle size.
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Figure 11. Spearman spatial correlations between microphysical properties and microphysical
property means for each cloud type in the NCCV domain. (a) Spearman correlation coefficients
among the standardized spatial anomalies of Re_liq, Re_ice, LWP, and IWP across the 24 spatial cells.
Both the numbers and colors denote Spearman correlation coefficients. (b) Mean values of the four
microphysical properties for each cloud type. Numbers denote original mean values, and colors
denote row-standardized means calculated across cloud types separately for each microphysical
property, i.e., within each row.

Figure 11b shows that the mean values of the four microphysical properties differ
among cloud types. LWP is relatively large in Dc and Ns and is also elevated in St, whereas
Cu has the lowest LWP mean. IWP shows larger values in St, Ns, and Dc, but much lower
values in Cu, Ac, and Ci. Re_ice is relatively large in Cu and St, while Dc has the smallest
mean value. For Re_liq, the cloud-type differences are weaker than those of LWP and IWP,
with relatively larger values in Ci and Ac and smaller values in Dc and Ns. These property
means describe the overall microphysical level of each cloud type in the NCCV domain
and provide a baseline for interpreting the following specific spatial structures.

How these microphysical properties vary spatially within individual cloud types was
then examined. In Figure 12, the numbers represent the original mean values for each cloud
type and spatial cell, and the colors represent standardized spatial anomalies computed
relative to the 24-cell mean for that same cloud type. These standardized anomalies are
calculated independently for each cloud type. Therefore, color intensity indicates relative
spatial variation within a cloud type and should not be interpreted as a direct measure of
absolute anomaly magnitude across different cloud types.
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Figure 12. Spatial structures and standardized anomalies of each cloud type in the NCCV domain
for Re_liq and Re_ice. The left and right panels show Re_liq and Re_ice, respectively. Numbers
denote the original mean values in each spatial cell, and colors denote standardized anomalies
relative to the 24-cell mean within the same cloud type. Red and blue indicate positive and negative
anomalies, respectively.

Re spatial structures show clearer southern enhancement of Re_liq in low-cloud types,
particularly in Cu, Sc, and St, where positive anomalies occur in the southern sectors or
parts of the outer layer. By contrast, although Sc is the most frequent cloud type within the
vortex, its Re_liq exhibits only weak spatial variation overall. Re_ice increases outward in
several cloud types, especially in some middle to high and optically thick categories, which
is consistent with the overall radial pattern of larger ice particle sizes from the inner to the
outer layer. In sum, Re displays spatial variability, but its magnitude is modest and mainly
appears as localized differences tied to particular cloud types and NCCV locations.

The analysis reveals pronounced spatial structures in both LWP and IWP, as shown in
Figure 13. Larger LWP in the northern and northwestern sectors is evident mainly for As,
Ns, and some optically thick cloud types. By contrast, low cloud types show LWP anomalies
that are more localized and patchy. The reduced IWP in the outer eastern sector appears
across most cloud types, indicating that this feature is relatively consistent. Conversely, a
tendency toward higher IWP in the inner southwestern portion is more apparent in several
frequent cloud types, including Sc and As. These results show that LWP and IWP differ
not only among cloud types in their overall mean values, but also within the same cloud
type across radial layers and azimuthal sectors.

Overall, the spatial structure of NCCV cloud systems can be described from both
cloud-type and microphysical perspectives. Sc, As, St, and Ns constitute the primary
cloud-type background in the NCCV domain, with Sc remaining the most frequent type in
most spatial cells. The four cloud microphysical properties show distinct spatial structures.
LWP and IWP exhibit stronger spatial heterogeneity than Re_liq and Re_ice. LWP is
mainly characterized by a north-south azimuthal contrast, whereas INP shows the largest
spatial variability and contains both radial and azimuthal contrasts. Re_liq shows larger
values in the southern to southeastern outer sectors, and Re_ice increases more clearly
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from the inner to the outer layer. Furthermore, the mean values and spatial patterns
of these properties vary among cloud types. Together, these results characterize NCCV
cloud systems from complementary perspectives of cloud-type composition and cloud
microphysical organization.
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Figure 13. Spatial structures and standardized anomalies of LWP and IWP for each cloud type in the
NCCV domain. Same as Figure 12, but for LWP and IWP properties.

4. Discussion

The comparison between NCCV and non-NCCV samples should be interpreted pri-
marily as a distributional contrast under similar regional cloud-fraction conditions. The
month-stratified permutation test indicates that the clearest difference occurs in LWP, while
the differences in Re_ice and Re_liq are weaker and IWP does not show a significant aggre-
gate difference. The event-level bootstrap suggests that the main distributional contrasts are
not dominated by a few long-lived NCCV events. However, the event-mean and control-
block sensitivity tests indicate that these contrasts should not be interpreted as robust shifts
in event-mean values. Therefore, the NCCV-related differences identified in this study
are better understood as changes in the statistical distributions of cloud microphysical
properties, rather than as uniform event-scale mean changes. This point is important
for interpreting the LWP result: the enhanced LWP signal represents a MODIS-based
statistical contrast between the two sample groups and should not be directly equated
with a deterministic liquid water increase in every NCCV event. Previous NCCV studies
have documented cloud and precipitation structures in cold vortex environments using
aircraft observations, CloudSat observations, case analyses, and GPM precipitation radar
data [22-26]. The present study complements these studies by extending the analysis from
individual events and precipitation structures to multi-year MODIS statistics of cloud
microphysical properties under NCCV and non-NCCYV conditions.

The spatial results should also be interpreted in terms of composite organization rather
than exact vortex geometry. The equivalent-radius normalization allows NCCV cases with
different horizontal scales to be compared within a common vortex-relative framework,
and the event-support analysis indicates that the 24-cell composites are supported by
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multiple NCCV events. The event normalized composite further preserves the main spatial-
variability ranking, suggesting that the broad spatial patterns are not simply produced by
events with more valid pixels or longer duration. At the same time, the 1° MYD08_D3 grid
and the use of an equivalent circular radius impose clear limits on spatial interpretation.
This limitation is particularly relevant for small and less frequent cloud types such as Cu
and Dc, whose cloud-type-specific microphysical signals may be more strongly affected
by Level-3 spatial aggregation. The framework is suitable for identifying broad radial
and azimuthal composite structures, such as the northwestern enhancement of LWP and
the combined radial and azimuthal heterogeneity of IWP, but it should not be used to
overinterpret localized anomalies in individual inner-sector cells or to reconstruct the
detailed asymmetric shape of each vortex. This distinction also helps explain the behavior
of IWP: its pooled NCCV and non-NCCV difference is not significant, whereas its cloud-
type dependence and internal spatial heterogeneity remain evident within the NCCV
domain. Future work should combine higher-resolution passive observations, active sensor
measurements, and dynamical diagnostics based on reanalysis data to examine whether
these composite microphysical structures are linked to moisture transport, vertical motion,
cold air intrusion, and cloud-phase conversion within NCCV systems.

5. Conclusions

This study employed MODIS satellite cloud products, along with a catalog of North-
east China Cold Vortex (NCCV) events and matched non-NCCV samples with similar
cloud fractions. The original NCCV day list contained 218 days, of which 215 days had
available MYDO08_D3 cloud microphysical retrievals and were used in the MODIS-based
cloud microphysical analysis. These 215 NCCV days corresponded to 49 distinct NCCV
events. The selected non-NCCV sample included 346 days. Based on these samples, we
investigated the cloud-type composition, cloud microphysical features, and internal spatial
structure of NCCV cloud systems. Four cloud microphysical properties were concerned,
liquid water path (LWP), ice water path (IWP), liquid effective radius (Re_lig), and ice
effective radius (Re_ice). The main findings are as follows.

(1) The overall cloud-type compositions of the NCCV and non-NCCV samples are broadly
similar. Both samples are dominated by Sc, As, Cu, and St, with Sc being the most
frequent type and accounting for more than 40% in each sample. This result indicates
that, under comparable regional cloud-amount conditions, the NCCV background
does not fundamentally change the overall cloud-type distribution. However, the
two samples still show clear differences in cloud microphysical properties. In the
aggregated statistics, LWP exhibits the largest divergence, followed by Re_ice. The
difference in Re_liq is relatively modest, whereas IWP does not show a significant
aggregate difference between NCCV and non-NCCV samples. These results suggest
that cloud-type frequency alone cannot fully characterize NCCV cloud systems, and
that cloud microphysical properties provide additional information for distinguishing
NCCV from non-NCCV clouds. Event-level sensitivity tests further indicate that these
distributional contrasts are not dominated by a few long-lived NCCV events, although
they should not be interpreted as robust shifts in event-mean microphysical properties.

(2) The microphysical differences between NCCV and non-NCCV samples vary across
cloud types. LWP is larger in the NCCV samples for several major cloud types,
particularly D¢, Ns, As, and Sc, and therefore constitutes the most stable differentiating
signal in the aggregated statistics. In contrast, differences in IWP, Re_ice, and Re_liq
are more concentrated in specific cloud types. IWP differences are more cloud-type
dependent and appear mainly in some optically thick cloud types, while changes in
Re_ice and Re_liq are generally weaker and not fully consistent in sign across cloud
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types. Thus, the overall microphysical contrasts between NCCV and non-NCCV
samples do not arise from a single cloud type alone, but rather depend on whether
similar differences appear across several major cloud types.

(3) In the NCCV domain, Sc exhibits the highest frequency in nearly all spatial cells
and represents the most stable dominant cloud type. As, St, and Ns constitute the
secondary cloud-type background. Compared with the regional statistics, where Sc,
As, Cu, and St dominate, the relative importance of Ns increases inside the NCCV
body, suggesting that the normalized NCCV interior is more closely associated with
stratiform and mid-level optically thick clouds. Several cloud types with relatively low
overall frequencies also show localized concentration, particularly in the outer south-
ern and southeastern sectors. These results indicate that NCCV cloud systems feature
both a stable dominant cloud-type combination and a distribution of individual cloud
types within the vortex.

(4) The four cloud microphysical properties show distinct internal spatial structures in
the NCCV domain. LWP and IWP are more spatially heterogeneous than Re_liq and
Re_ice, with IWP showing the strongest heterogeneity and exhibiting both radial and
azimuthal contrasts. Therefore, the absence of a significant aggregate IWP difference
does not contradict its strong internal spatial organization within the NCCV domain.
LWP mainly displays an azimuthal asymmetry, with larger values in the northern
to northwestern sectors and smaller values in the southern sector. Re_liq is also
dominated by azimuthal variability, but its larger values mainly occur in the outer
southern to southeastern sectors, indicating that high-LWP regions do not necessarily
correspond to larger liquid droplet sizes. Re_ice shows weaker spatial variability and
is mainly characterized by an outward-increasing radial structure. The mean values
for each cloud type further show that the four microphysical properties differ among
cloud types. Moreover, these structures vary with microphysical property and appear
to different degrees within the major cloud types, especially the IWP reduction in the
outer eastern region and the Re_lig enhancement in the southern outer layer.

The enhanced LWP under NCCV conditions may be related to the cold-core cyclonic
circulation, moisture convergence, and persistent ascent associated with cold vortex sys-
tems. These conditions may favor condensation and the maintenance of liquid water in
stratiform and mixed cloud systems. The northwestern LWP maximum may further reflect
sectoral asymmetry in cold air intrusion, moisture inflow, and vertical motion within the
vortex. This interpretation remains at hypothesis level because this study does not directly
diagnose vertical motion, moisture flux, or cloud phase conversion.

Overall, NCCV cloud systems are characterized not only by their cloud-type com-
position but also by their cloud microphysical contrasts and internal spatial organization.
The similarity in cloud-type composition between NCCV and non-NCCV samples, to-
gether with the distributional, cloud-type-dependent, and spatial signals in microphysical
properties, shows that cloud microphysics provides information that cannot be captured
by cloud-type frequency alone. Within the NCCV body, the stronger spatial heterogene-
ity of LWP and IWP further indicates that NCCV cloud systems should be examined
as organized systems with internal radial and azimuthal structures. These findings ex-
tend previous understanding of NCCV from synoptic circulation, precipitation, and cloud
amount to cloud microphysical properties, and provide satellite-based observational ev-
idence for further studies of cloud and precipitation processes associated with NCCV.
Because this study is based on MODIS Level-3 statistical composites, the results should
be interpreted as broad satellite-based composite signals rather than direct dynamical
evidence. Moreover, MODIS passive-sensor retrievals provide two-dimensional cloud
optical and microphysical information and cannot directly resolve vertical cloud structure
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or precipitation microphysics. Future work should combine reanalysis-based dynamical
diagnostics with higher-resolution passive observations, active sensor measurements, or
ground-based observations to further test the physical links between NCCV dynamics and
cloud microphysical structures.
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Appendix A. Month-Stratified Permutation Test

For each cloud microphysical variable, the statistical significance of the NCCV and
non-NCCV distributional difference was evaluated using a month-stratified permutation
test. Let X5, and X} denote the samples from NCCV and non-NCCV days in month 1,
respectively, where m € {4, 5,6,7, 8} represents April to August. The observed full-period
statistic was defined as

Wl (Um Xr(;ﬂ Um X'rl;zj)

Tops = , Al
ob: ox ( )

where W is the first-order Wasserstein distance and oy is the standard deviation of the
corresponding variable calculated from the pooled NCCV and non-NCCV samples.

For the bth permutation, NCCV and non-NCCV labels were randomly exchanged only
within the same month. The original monthly sample sizes 1S, and n}} were preserved. The
permuted samples from all months were then pooled, and the same full-period statistic
was recalculated as

Wi (Up XS o U XN,
T, = ( ’ZX '”), (A2)

where X | and X!V, are the permuted NCCV and non-NCCV samples in month m. Re-
peating this procedure B = 500 times produced the stratified null distribution TbbB:y The
standardized statistic was calculated as

_ Tobs — Hnull (A3)
Onull ’

where i1 and 0y, are the mean and standard deviation of the stratified permutation null
distribution. The one-sided permutation p-value was estimated as
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_ 1 + Yo 1Ty > Tops)
B+1 ’

where I(+) is an indicator function. Thus, the reported z- and p-values were not obtained

(A4)

by averaging or summing monthly statistics. Monthly stratification was imposed during
the label-permutation step, and a single full-period null distribution was constructed after
pooling the permuted April-August samples.
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