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Abstract

Low visibility (VIS) involves haze, fog, rain, snow, or their combination, while VIS prediction 
commonly treats aerosol and hydrometeor extinction separately. Observations and the 
coupled chemistry–weather model are used to quantify their contributions to low VIS in 
four subregions over eastern China in November 2024. Haze, fog, rain, and snow can all 
cause low VIS (≤10 km). For 3 < VIS ≤ 10 km and 1 < VIS ≤ 3 km, haze is the most 
frequent weather record in Harbin and Beijing, whereas fog prevails in Shanghai and 
Wuhan; for VIS ≤ 1 km, fog dominates in four cities. For 3 < VIS ≤ 10 km, aerosols 
contribute 87.1–97.3% of the model-estimated total extinction and hydrometeors 2.7–12.8%; 
for 1 < VIS ≤ 3 km, aerosols contribute 33.9–68.1% and hydrometeors 31.9–66.1%; for 
VIS ≤ 1 km, hydrometeors contribute 71.6–87.4%, mainly from fog, and fog and snow 
dominate Northeast China, while aerosols contribute 12.3–28.4%. Jointly considering aerosol 
and hydrometeor extinction generally produces the lowest root-mean-square error across all 
VIS grades and the highest threat scores for all VIS levels, especially for VIS ≤ 3 km. These 
results demonstrate that including both aerosol and hydrometeor extinction is essential for 
reliable low-VIS prediction.

Keywords: atmospheric visibility; atmospheric extinction; haze; fog; precipitation; 
chemistry-weather model

1. Introduction
Atmospheric visibility (VIS) degradation frequently accompanies haze, fog, rain, and snow 

and has direct impacts on transportation, aviation, navigation, and public health [1,2]. Light 
extinction caused by the scattering and absorption of aerosols, fog droplets, and precipitation 
particles can lead to severe low VIS events [3–5]. Fog droplets and precipitation particles are 
hydrometeors formed through natural microphysical processes in the atmosphere, while aerosols 
can be emitted mainly from industrial and vehicular sources and from biomass and crop-residue 
burning [6–9]. Aerosol extinction generally dominates during haze [10–12], while hydrometeor 
extinction prevails during fog and precipitation [13–15], and the two often act jointly during 
transitions among these weather conditions [16–18]. Accurately predicting low VIS therefore 
requires reasonably quantifying the extinction contributions of aerosols, hydrometeors, and 
their combination under multiple weather processes.
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Numerical prediction based on coupled chemistry–weather models with reliable 
atmospheric extinction schemes has been widely applied to VIS prediction in many re-
gions [19–21]. For both research and operational purposes, different extinction calculation 
methods are often employed to address low-VIS conditions induced by diverse weather 
processes. For low VIS induced by aerosol pollution, current extinction algorithms com-
monly consider aerosol mass concentration, hygroscopic growth, and chemical composition, 
with some additionally including size distribution and mixing state to better represent 
aerosol optical properties [22–24]. Among commonly used aerosol extinction schemes, 
empirical relationships directly link VIS or extinction to PM2.5  and meteorological variables 
such as relative humidity (RH); these methods are simple but can be strongly data- and 
region-dependent [25,26]. The Mie theory [27] retrieves aerosol optical properties from 
particle size distribution and refractive index, which is determined by chemical composition 
and mixing state; Mie-based calculations are physically detailed but require microphysical 
and optical information that is not available in every operational system [28]. Chemically 
speciated mass-reconstruction methods, such as the IMPROVE algorithm, estimate extinc-
tion from main aerosol species and corresponding hygroscopic growth factors [29,30]. The 
IMPROVE algorithm provides more stable performance than empirical fitting methods and 
Mie model calculations while being simpler to implement [31], and has thus been widely 
adopted in aerosol extinction calculations [32,33].

When low VIS is accompanied by fog and precipitation, the hydrometeor extinction 
contribution increases substantially, and most studies apply algorithms that calculate hy-
drometeor extinction directly, without including aerosol extinction [33,34]. When aerosol 
particles activate to form fog or cloud droplets under high ambient humidity, or when rain 
and snow particles are present near the surface, extinction depends on condensed water 
content, particle or droplet size, number concentration, and hydrometeor phase [1,35]. Fog, 
rain, and snow are usually parameterized using distinct diagnostic relationships. Low VIS 
induced by fog has long been linked to liquid water content (LWC) [36], while observations 
have increasingly shown that droplet number concentration (Nd ) also plays an important 
role, indicating the need for parameterizations that jointly consider LWC and Nd  [37–40]. 
Rain and snow extinction is commonly derived from precipitation rate or model-predicted 
hydrometeor mass using empirical or theoretically guided relations [13,41,42]. These meth-
ods are convenient for numerical models because the required cloud-water, rain, and snow 
variables are provided directly by model microphysics.

The individual extinction calculation methods for aerosol and hydrometeor are 
well established and have been widely applied in low-visibility prediction for the cor-
responding weather processes. Atmospheric chemistry models typically account for 
low VIS during haze through aerosol extinction and its hygroscopic growth, while nu-
merical weather models attribute low VIS during fog, rain, and snow to hydrometeor 
extinction [42,43]. This separation is acceptable when a single weather process clearly 
dominates, but during haze–fog transitions and aerosol changes with precipitation, con-
sidering aerosol or hydrometeor extinction separately often overestimates VIS and misses 
the observed low-VIS events because each individual component calculation omits the 
other extinction source [16,21,44].

The coupled chemistry–weather (CW) model GRAPES_Meso5.1/CUACE CW inte-
grates aerosol transport, chemical transformation, and meteorological processes and pro-
vides a suitable framework for multicomponent extinction calculations and low-VIS predic-
tion [43]. Previous work has shown that the revised IMPROVE extinction algorithm used 
in this model captures the VIS variation associated with haze but tends to overestimate 
extremely low VIS (≤3 km, even ≤1 km) [45]. In this study, the observed relationships 
among VIS, PM2.5 , RH, and the occurrence of haze, fog, rain, and snow in November 2024 
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are first analyzed. Three experiments based on this model with identical configurations 
and driving fields are then conducted for this period, in which VIS is calculated considering 
aerosol extinction alone, hydrometeor extinction alone, and their combination, respectively. 
The three experiments are compared at regional and city scales and during typical low-VIS 
episodes, with particular attention to three VIS grades (3 < VIS ≤ 10 km, 1 < VIS ≤ 3 km, 
and VIS ≤ 1 km), and the model-estimated relative contributions of aerosol, fog, rain, and 
snow extinction are quantified for each grade. The performance of the three experiments is 
finally evaluated with the root-mean-square error (RMSE) for the VIS grades and threat 
score (TS) for 10, 3, and 1 km VIS levels.

2. Materials and Methods
This section is organized into four parts. Section 2.1 describes the dynamic core, 

physical and chemical configurations, and the VIS calculation of GRAPES_Meso5.1/CUACE 
CW, including the aerosol and hydrometeor extinction schemes adopted in this study. 
Section 2.2 presents the model domain and the experimental design. Section 2.3 describes 
the emission inventory, meteorological analysis fields, and station observations used for 
observational analysis and model driving, including the visibility observation methodology 
and preprocessing. Section 2.4 describes the evaluation metrics and the definitions of the 
VIS grades and VIS levels used in this study.

2.1. GRAPES_Meso5.1/CUACE CW Model
GRAPES_Meso5.1/CUACE CW is a fully coupled chemistry–weather model that in-

tegrates the GRAPES_Meso5.1 mesoscale weather model with the Chinese Unified Atmo-
spheric Chemistry Environment (CUACE) chemistry module [43]. This model includes 
detailed descriptions of aerosol physical and chemical processes and has been widely ap-
plied to VIS, air pollution and dust prediction, pollutant transport, and aerosol–weather 
interaction studies [45–51].

The GRAPES_Meso5.1 model [52,53], developed by the China Meteorological Ad-
ministration (CMA), comprises a fully compressible non-hydrostatic dynamic core and 
a physical parameterization package. The dynamic core handles the advection and hor-
izontal diffusion of both meteorological and chemical tracers, and the physical package 
provides multiple physics options for large-scale condensation, cumulus convection, ra-
diation, surface processes, and boundary layer physics [54]. In particular, the Thompson 
microphysics scheme predicts cloud water, rain, and snow, providing the microphysical 
quantities required for hydrometeor extinction calculation in this study [55]. The specific 
physics and chemistry configurations are summarized in Table 1.

The CUACE chemistry model [56] integrates the CAM aerosol module, the CB05CL 
gaseous chemistry module, and the ISORROPIA II thermodynamic equilibrium module. 
The CAM module [57] covers sulfate (SF), nitrate (NI), ammonium (AM), organic carbon 
(OC), elemental carbon (EC), soil dust (SD), and sea salt (SS), and represents key aerosol 
processes including aerosol generation, hygroscopic growth, aerosol activation, dry and 
wet deposition, and below-cloud scavenging [50]. Aerosol species are distributed across 
12 size bins spanning a radius range of 0.005 to 20.48 μm, except for AM, which uses 
a single bin. The CB05CL module [58] contains 62 gases and 177 reactions, including 
23 photolytic reactions, and the ISORROPIA II module [59] treats gas–particle partitioning 
and thermodynamic equilibrium.
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Table 1. Physical and chemical configurations used in GRAPES_Meso5.1/CUACE CW.

Physical Process Option Reference

Advection transport PRM Shen et al. [60]
Cumulus convection Kain-Fritsch ETA Kain [61]
Cloud microphysics Thompson Thompson et al. [55]
Shortwave radiation Goddard Chou et al. [62]
Longwave radiation RRTMG Price et al. [63]

Surface layer SFCLAY Pleim [64]
Planetary boundary layer MRF Hong and Pan [65]

Land-surface model Noah Ek et al. [66]
Aerosols CUACE Gong and Zhang [56]

Gas-phase chemistry CB05CL Sarwar et al. [58]
Gas–particle partitioning ISORROPIA II Fountoukis and Nenes [59]

VIS in this model is calculated from the Koschmieder relationship between VIS and 
the near-surface extinction coefficient [67], with the total atmospheric extinction (bext ) 
expressed in Mm−1  and VIS in km:

VIS = 1000⋅K/bext (1)

where K = 3.912, corresponding to a contrast threshold of 0.02 [67].
For aerosol extinction calculations, the revised IMPROVE algorithm is adopted in this 

study. In this scheme, SF, NI, and organic matter (OM) are each partitioned into small 
and large modes based on mass concentration, with mode-specific dry mass extinction 
efficiencies and hygroscopic growth factors assigned accordingly; the scheme adopts an OM-
to-OC conversion factor of 1.8 and additionally includes sea salt extinction with hygroscopic 
growth, nitrogen dioxide (NO2 ) absorption, and Rayleigh scattering [30]. The extinction 
contributions from aerosols (bext _aero , Mm−1 ) in this study are then calculated as

𝑏ext_aero = 2.2𝑓𝑆(RH)[Small SF] + 4.8𝑓𝐿(RH)[Large SF] + 2.4𝑓𝑆(RH)[Small NI] + 5.1𝑓𝐿(RH)[Large NI]
+2.8[Small OM] + 6.1[Large OM] + 10[EC] + [Soils] + 1.7𝑓SS(RH)[SS] + 0.6[CM]
+0.33[NO2(ppb)] + 𝑏rayleigh

(2)

where fS (RH), fL (RH), and fSS (RH) are the hygroscopic growth factors for the small 
mode, large mode, and sea salt, respectively, with values adopted from the IMPROVE 
program (available at https://vista.cira.colostate.edu/Improve/ (accessed on 4 May 2026)) 
(Figure S1). [SF], [NI], [OM], [EC], [Soils], [SS] and [CM] (coarse mass, aerodynamic 
diameter 2.5–10 μm) denote the mass concentrations (μg m−3 ) of the corresponding aerosol 
species. Large and Small denote the size modes for SF, NI, and OM [30]. The Rayleigh 
scattering coefficient brayleigh  is fixed at 10 Mm−1 .

For the extinction contributed by fog, rain, and snow, this study adopts the bulk 
framework proposed by Stoelinga and Warner [42], as implemented in version 2.2 of the 
Unified Post Processor (UPP2.2) developed by the U.S. National Centers for Environmental 
Prediction (NCEP). The total hydrometeor extinction (bext _hydro , Mm−1 ) is calculated as

bext _hydro  = 103 ⋅(bext , fog  + bext , rain  + bext , snow ) (3)

where the subscripts fog, rain, and snow denote near-surface cloud water, rain, and snow at 
the lowest model level, respectively; each component is expressed in km−1 , and the factor 
103  converts the sum to Mm−1 .
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For rain and snow, the original UPP2.2 bulk relations are applied unchanged:

𝑏ext,rain = 2.24·𝐶0.75
rain ; 𝑏ext,snow = 10.36·𝐶0.78

snow (4)

where Crain  and Csnow  are the near-surface mass concentrations (g m−3 ) of rain and snow, 
respectively.

The original bulk fog relation, which scales with liquid water content alone, is super-
seded by the formulation of Gultepe et al. [39], in which extinction is governed jointly by the 
mass concentration (Cfog , g m−3 ) and the number concentration (Nd , cm−3 ) of fog droplets:

𝑏ext,fog = 4.46·(𝐶fog·𝑁𝑑)
0.49

(5)

Both Cfog  and Nd  are taken from the lowest model level. The Nd  is a diagnosed quantity 
obtained through the grid-scale aerosol–cloud coupling of the model [43,51]: the CUACE 
aerosol module provides the real-time number concentration of hydrophilic aerosols in 
12 size bins spanning 0.005–20.48 μm, from which the activated fraction at the ambient 
supersaturation is computed following the Köhler theory look-up-table approach of Thomp-
son and Eidhammer [68], with the activation fraction determined by temperature, vertical 
velocity, aerosol number concentration, and the prescribed hygroscopicity parameter and 
mean radius [69]; the activated droplet number concentration is passed to the Thompson 
microphysics scheme and is adopted as the Nd  in Equation (5).

The total atmospheric extinction combines the aerosol and hydrometeor components:

bext _total  = bext _aero  + bext _hydro (6)

The resulting total extinction is converted to VIS through the Koschmieder relationship 
(Equation (1)). This linear superposition rests on the independent-scattering approxima-
tion, whereby distinct particles attenuate light additively while multiple scattering and 
mutual shadowing are neglected [70]. Several constraints are applied to ensure physically 
reasonable extinction estimates. The hygroscopic growth factors of the revised IMPROVE 
algorithm are defined only up to 95% RH [30], so the model RH used to determine them 
is capped at 95%, with the growth factors at 95% RH applied whenever the modeled RH 
exceeds this value (Figure S1). To avoid double counting between aerosol hygroscopic 
growth and fog-droplet extinction, the fog term is activated only when the near-surface 
RH ≥ 95% and the lowest-level cloud-water mixing ratio exceeds 0.015 g kg−1 , following 
UPP2.2 [71], and the rain and snow terms are active whenever their respective hydrometeor 
mass concentrations are nonzero.

2.2. Model Domain and Experimental Design
In this study, the model domain covers eastern China (25.0–55.0° N, 105.0–135.0° E, 

Figure 1a) with 0.1° × 0.1° horizontal resolution and 49 vertical layers extending from the 
surface to approximately 31 km. The lowest model level is located at approximately 52 m 
above the surface in the terrain-following coordinate, varying little across the study domain. 
The model was run from 28 October to 30 November 2024, cycled every 72 h, with hourly 
output. The simulations of the first cycle were discarded as spin-up, and the simulation 
results during 1–30 November were used for evaluation. A multiyear climatological chemical 
field was used for the first initialization, and subsequent cycles were warm-started from the 
chemical tracer fields of the preceding cycle [43].
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Figure 1. (a) Model domain and topography, with the key subregions indicated by blue boxes and the 
representative cities by yellow stars. Panel (b) shows the locations of meteorological stations (purple 
dots) and PM2.5  observation stations (red triangles).

The three experiments (EXPs, Table 2) use identical model configurations, meteorolog-
ical driving fields, and chemical input data; they differ only in the extinction components 
included in the VIS calculation. EXP1 retains aerosol extinction together with NO2  ab-
sorption and Rayleigh scattering, following the revised IMPROVE algorithm [30]; EXP2 
calculates extinction from near-surface fog/cloud water, rain, and snow, with rain and snow 
following the UPP2.2 bulk formulations [42] and fog following Gultepe et al. [39]; and 
EXP3 sums the extinction components represented in EXP1 and EXP2 before converting 
total extinction to VIS.

Table 2. Experimental design in this study.

Experiment Description

EXP1

Aerosol extinction (bext _aero ): chemically speciated aerosol 
extinction with hygroscopic growth, plus NO2  absorption 
and Rayleigh scattering, following the revised IMPROVE 

algorithm [30].

EXP2
Hydrometeor extinction (bext _hydro ): rain and snow 

extinction following the UPP2.2 bulk formulations [42], 
with fog extinction following Gultepe et al. [39].

EXP3 Total extinction (bext _total ): sum of all components in EXP1 
and EXP2 (bext _aero  + bext _hydro ) before conversion to VIS.

To sample contrasting combinations of aerosol loading and hydrometeor occurrence 
across eastern China during the study period, four subregions were delineated: Northeast 
China (NEC, 43.0–48.5° N, 123.0–129.0° E), where multiphase precipitation coincided with 
high aerosol loading during November 2024; the North China Plain (NCP, 35.0–41.0° N, 
113.5–118.5° E), which experienced low VIS involving severe haze and rapid transitions 
among haze, fog, and precipitation during the study period; the Yangtze River Delta (YRD, 
29.0–33.0° N, 118.5–123.0° E), with lower emissions, where fog and liquid-phase precipita-
tion prevailed during November 2024; and Central China (CC, 27.5–33.5° N, 110.5–115.5° E), 
similar to the NCP but with more frequent fog and precipitation throughout the study 
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period. The city-scale evaluation focuses on four representative cities: Harbin (HRB, 45.5° N, 
126.5° E), Beijing (BJ, 40.0° N, 116.3° E), Shanghai (SH, 31.2° N, 121.3° E), and Wuhan (WH, 
30.4° N, 114.0° E). The locations of the key subregions and representative cities are shown 
in Figure 1a.

2.3. Data Used
The datasets used in this study comprise meteorological and chemical inputs for the 

coupled model and station observations for observational analysis and model evaluation. 
The anthropogenic emissions were obtained from the Multi-Resolution Emission Inventory 
for China (MEIC) provided by Tsinghua University (http://meicmodel.org.cn/ (accessed 
on 4 May 2026)), as described by Zheng et al. [72]. The gaseous and particulate emissions 
were mapped to the chemical species and grid required by CUACE before use [73]. The 
NCEP Final Operational Global Analysis (FNL, https://rda.ucar.edu/datasets/ds083.3/ 
(accessed on 4 May 2026)) at 0.25° × 0.25° horizontal resolution and 6 h intervals provided 
the meteorological initial and lateral boundary conditions.

Hourly observed VIS (km), RH (%), precipitation (mm), and weather records 
were obtained from approximately 2400 CMA stations (http://data.cma.cn (accessed on 
4 May 2026)). The instrument types, installation, calibration, observation procedures, 
and data processing follow the unified specifications of the CMA surface observation sys-
tem [74,75]; all data passed strict quality control before use, and only records marked as 
‘good’ were retained. Hourly PM2.5  concentrations (μg m−3 ) were obtained from approx-
imately 1500 stations operated by the China National Environmental Monitoring Centre 
(http://www.cnemc.cn (accessed on 4 May 2026)). These data were subjected to additional 
quality control following Zhong et al. [76]: values deviating from the 1-month moving 
average at each site by more than three standard deviations were excluded. The locations 
of the observation stations are shown in Figure 1b. All observational and simulated data 
were converted to UTC before analysis.

VIS is continuously monitored by meteorological optical rangefinders operating on 
transmission or scattering principles, which report the meteorological optical range (MOR), 
i.e., the path length over which the luminous flux of a collimated beam is attenuated to 5% 
of its initial value (contrast threshold 0.05, K = 2.996) [77]. Meteorological VIS is defined 
at a contrast threshold of 0.02 (K = 3.912) [67], and the instrument-measured MOR has 
been converted to VIS according to the theoretical ratio of 2.996/3.912 derived from the 
Lambert–Bouguer and Koschmieder laws [78,79]; the released VIS product is therefore 
consistent with the Koschmieder definition of Equation (1). The coefficient 3.912 is also 
widely used in VIS studies based on the IMPROVE algorithm [31,80–82] and is the standard 
formulation in the VIS algorithms of the bulk-extinction framework [42]. To ensure data 
reliability, VIS was restricted to the range of 0–30 km: observed values of 30 km and above 
were capped at 30 km, samples with VIS = 0 km were removed, and the same limits were 
applied to the simulated VIS. The low-visibility grades (≤10 km) are the focus of this study; 
therefore, the truncation has little effect on the grade-based evaluation or on the relative 
performance of the three experiments.

Following World Meteorological Organization (WMO) Code Table 4677 [83], each 
station-hour provides one designated present-weather record, allowing each sample to be 
assigned to one of five categories: haze, fog, rain, snow, or other (Table S1). All records 
are produced automatically: precipitation phenomena are identified by precipitation phe-
nomenon sensors, and visibility-obstruction phenomena (fog, mist, haze, and dust) are 
generated by the national-level multi-source integrated discrimination from surface VIS, 
RH, and related meteorological variables; when multiple phenomena coexist within one 
hour, the highest applicable code figure is selected [83]. In Table S1, mist (ww = 10; VIS 
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of 1–10 km reduced by suspended droplets) and shallow fog (ww = 11–12) are grouped 
with ‘fog’, and drizzle (ww = 20, 50–57) is grouped with ‘rain’, according to their extinc-
tion mechanisms. Note that the present-weather record does not exclude co-occurring 
hydrometeors or aerosol pollution.

2.4. Evaluation Metrics
For model evaluation, the simulated VIS at the nearest model grid point to each station 

was paired with the station observation, and only pairs with valid observations were 
retained. Three metrics are used to evaluate the paired samples: the root-mean-square error 
(RMSE), the Pearson correlation coefficient (R), and the threat score (TS).

The RMSE is defined as

RMSE = [(
1
𝑁 )∑

𝑁

𝑖=1
(VISsim,𝑖 − VISobs,𝑖)

2]
1/2

(7)

where N is the number of valid pairs, VISsim  denotes the simulated VIS, and VISobs  denotes 
the observed VIS.

The R is defined as

𝑅 =
∑𝑁

𝑖=1 (VISsim,𝑖 − VISsim)(VISobs,𝑖 − VISobs)

√∑𝑁
𝑖=1 (VISsim,𝑖 − VISsim)

2
·∑𝑁

𝑖=1(VISobs,𝑖 − VISobs)
2

(8)

where the overbars denote the mean values, and is used to measure the temporal covariation 
between simulated and observed VIS.

For a given VIS threshold V, the TS is defined as

TS =
𝐻

𝐻 + 𝑀 + 𝐹 (9)

where H, M, and F denote the numbers of hits (both observed and simulated VIS ≤ V), 
misses (observed VIS ≤ V but simulated VIS > V), and false alarms (simulated VIS ≤ V 
but observed VIS > V), respectively.

The component fractions are computed as the arithmetic mean of the individual sample 
fractions, and all station-hour samples are equally weighted with no area weighting. The 
RMSE and the extinction-fraction analysis are reported for three mutually exclusive VIS 
grades (3 < VIS ≤ 10 km, 1 < VIS ≤ 3 km, and VIS ≤ 1 km), which are defined solely by 
the observed station-hour VIS; the same valid station-hour samples are used to evaluate 
all three experiments, so their RMSE values are directly comparable. Separately, the TS is 
evaluated at three cumulative VIS levels (VIS ≤ 10, 3, and 1 km). For a given threshold, the 
TS incorporates all events with visibility at or below that threshold, which emphasizes the 
model performance for low-visibility conditions.

3. Results and Discussion
Severe and widespread VIS degradation in eastern China is often associated with 

haze, fog, rain, or snow [26,33]. November 2024 contains several regional low-VIS episodes 
involving different weather processes and is therefore selected for the controlled comparison 
of the three experiments. Section 3.1 examines the observed relationships among VIS, PM2.5 , 
and RH, and the accompanying weather records for the three VIS grades. Section 3.2 
evaluates the performance of the three experiments at regional and city scales and during 
typical low-VIS episodes. Section 3.3 statistically evaluates the modeled low VIS (≤10 km) in 
the three experiments, with particular attention to severely low VIS (≤3 km) and extremely 
low VIS (≤1 km).
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3.1. Characteristics of Observed Low VIS Under Haze, Fog, Rain, and Snow
PM2.5  concentration and ambient RH are the most important factors influencing 

VIS [84,85], and their relationship with VIS varies considerably across regions and weather 
conditions. Figure 2 shows the relationship between hourly observed VIS and PM2.5  under 
different RH conditions in the four representative cities in November 2024, with marker 
shape distinguishing weather records. Haze, fog, rain, and snow can all lead to low VIS 
(≤10 km). Under relatively dry conditions (RH < 80%), VIS generally exhibits an in-
verse relationship with PM2.5 , and weather records predominantly show haze, indicating 
that aerosol extinction dominates the VIS degradation [86]. Under high-RH conditions 
(80% ≤ RH < 95%), a given PM2.5  concentration corresponds to lower VIS, which reflects 
enhanced extinction from aerosol hygroscopic growth [80,87], and rain or snow under high 
RH can also reduce VIS substantially. Near saturation (RH ≥ 95%), fog occurs frequently 
and results in extremely low VIS (≤1 km) [88].

Figure 2. Relationship between hourly observed visibility (VIS) and PM2.5  concentration in (a) Harbin 
(HRB), (b) Beijing (BJ), (c) Shanghai (SH), and (d) Wuhan (WH) in November 2024. Marker color 
denotes relative humidity (RH), and marker shape denotes the weather records (haze, fog, rain, snow, 
or other).

The weather processes associated with low VIS also differ across the different VIS 
grades and among the four representative cities (the percentages reported below are calcu-
lated relative to all valid hourly samples with VIS ≤ 10 km in each city during November 
2024; Table S2). For 3 < VIS ≤ 10 km, haze dominates the records in HRB (37.5%) and BJ 
(27.9%), and fog is the most frequent record in SH (17.8%) and WH (26.8%), exceeding 
haze (13.6% and 17.8%, respectively). Rain occurs most frequently in SH (9.9%) and is 
minor elsewhere (1.0–3.6%). For 1 < VIS ≤ 3 km, haze remains the most frequent record 
in HRB (17.1%) and BJ (24.1%), and fog prevails in SH (18.6%) and WH (19.0%). Rain 
occurs in all four cities (1.3–3.7%), and snow appears in HRB (3.5%). For VIS ≤ 1 km, haze 
is nearly absent in all four cities (0–1.2%), fog accounts for most of the records, and rain 
(0.5–1.8%) and snow (0.8%) contribute only minor shares, with snow occurring in HRB 
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only. Overall, haze records account for 54.7% and 53.1% of the low-VIS samples in HRB and 
BJ and 16.1% and 20.9% in SH and WH; fog records account for 42.2% and 49.9% in SH and 
WH and 11.1% and 19.9% in HRB and BJ, indicating that low VIS in the northern cities is 
more frequently associated with haze and snow, whereas that in the southern cities is more 
frequently associated with fog and rain. These weather records are used only to describe 
the synoptic context of the low-VIS samples, such as which weather processes dominate in 
each city and grade; they are not treated as independent evidence for attributing extinction 
in this study.

Multiple weather processes can also act within a single synoptic period (Figure 3). 
From 21:00 UTC 13 November to 03:00 UTC 14 November 2024, observed VIS was generally 
lower than 10 km, reaching 0–1 km in much of the NCP and YRD and 1–3 km in the CC 
and NEC (Figure 3a). In the NCP, YRD, and CC, the low VIS coincides with widespread 
fog and rain records with high RH (>85%) (Figure 3b,d). Observed PM2.5  was about 
40–60 μg m−3  in the YRD and CC and over 75 μg m−3  in the NCP (Figure 3c). The NEC 
exhibits severe low VIS with high PM2.5 , and its weather records involve snow, fog, and haze 
(Figure 3b,c). Different weather processes act together to reduce VIS over different regions 
within a single period, indicating that a VIS scheme considering aerosol or hydrometeor 
extinction separately is insufficient for such compound conditions. Moreover, the rain 
records in such episodes may partly arise from drizzle, which is coded as ‘rain’ under the 
present-weather classification but may contribute extinction through the modeled fog term 
because of its small droplets. The model-estimated fog and rain extinction accordingly 
carries additional uncertainty, particularly in the YRD and CC, where drizzle frequently 
accompanies fog [89].

 

Figure 3. Mean (a) observed (Obs.) visibility (VIS), (b) weather records, (c) Obs. PM2.5 , and (d) Obs. 
RH from 21:00 UTC 13 November to 03:00 UTC 14 November 2024.

Given that aerosol and direct hydrometeor extinction can coexist, with their relative contri-
butions varying with humidity, weather process, and different VIS grades, the following section 
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uses the three experiments to compare the three extinction representations and examine how 
their differences evolve across representative low-visibility episodes and the three VIS grades.

3.2. Performance of the Three Experiments in Low-VIS Prediction
Severe VIS reduction can result from aerosol extinction during haze and from hy-

drometeor extinction during fog, rain, and snow. The three experiments share identical 
meteorological and chemical fields (Figures S2 and S3) and differ only in the extinction com-
ponents included in the VIS calculation; their differences therefore isolate the contributions 
of aerosol and hydrometeor extinction during typical low-VIS episodes.

Figure 4 compares the observed and simulated hourly VIS over the four key subregions, 
with background shading showing the fractional contributions of aerosol, fog, rain, and 
snow to the total modeled extinction in EXP3. EXP1 reproduces the observed VIS variations 
reasonably in all four regions, with R of 0.75, 0.86, 0.73, and 0.92 in the NEC, NCP, YRD, 
and CC, respectively, although it overestimates VIS during some hydrometeor-affected 
episodes (green boxes). EXP3 increases the correlation in the NEC (0.87) and YRD (0.90), 
remains nearly unchanged in the NCP (0.87), and is slightly lower in the CC (0.91). EXP2 
is only weakly correlated with observed VIS except in the YRD, where its R reaches 0.58; 
elsewhere, it often remains near the 30 km upper bound except during fog and precipitation 
episodes. The background fractions show that aerosol extinction provides the persistent 
contribution throughout the month, and fog, rain, or snow becomes dominant only during 
hydrometeor-affected episodes, which explains why the differences between EXP3 and 
EXP1 are most evident in the NEC and YRD.

 

Figure 4. Hourly visibility (VIS) in (a) Northeast China (NEC), (b) North China Plain (NCP), (c) Yangtze 
River Delta (YRD), and (d) Central China (CC). Black dashed lines denote observations; red, blue, 
and purple lines denote EXP1, EXP2, and EXP3, respectively. Background shading shows the fractional 
contributions of aerosol, fog, rain, and snow to total modeled extinction in EXP3. The green boxes denote 
episodes affected by hydrometeors within the study period (1–30 November 2024).
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At the city scale (Figure 5), the performance differences among the three experiments 
also differ among the four cities. EXP1 attains R of 0.60, 0.84, 0.64, and 0.81 in HRB, BJ, SH, 
and WH, respectively. EXP3 increases the correlation to 0.71 in HRB and 0.80 in SH but 
slightly decreases it to 0.82 in BJ and 0.80 in WH. Thus, the combined extinction calculation 
does not uniformly increase the temporal correlation. EXP2 shows moderate correlation in 
SH (0.49) but remains weak in HRB, BJ, and WH (0.20–0.23). These city-level differences 
are consistent with the regional patterns and indicate that the simulated hydrometeor 
occurrence controls when EXP2 or EXP3 departs from EXP1.

Figure 5. Hourly visibility (VIS) in (a) Harbin (HRB), (b) Beijing (BJ), (c) Shanghai (SH), and 
(d) Wuhan (WH). Black dashed lines denote observations; red, blue, and purple lines denote EXP1, 
EXP2, and EXP3, respectively. Background shading shows the fractional contributions of aerosol, 
fog, rain, and snow to total modeled extinction in EXP3. The green boxes denote episodes affected by 
hydrometeors within the study period (1–30 November 2024).

Figure 6 isolates three episodes (EPs) selected according to the temporal evolution of 
observed VIS, PM2.5 , precipitation, and RH over the NCP and YRD (Figure 4 and Figure S3). 
During EP1 (haze; 21:00 UTC 11 November to 03:00 UTC 12 November), EXP1 and EXP3 
are spatially similar over most key subregions and EXP2 is confined to limited areas, con-
sistent with the dominant aerosol contribution supported by the PM2.5  enhancement and 
generally weak precipitation (Figure S4). During EP2 (haze–rain; 21:00 UTC 13 November 
to 03:00 UTC 14 November), modeled rain structures produce narrow low-visibility fea-
tures in EXP2, while EXP1 retains the broader aerosol-related pattern and EXP3 contains 
both contributions (Figure S5). During EP3 (haze–fog–rain; 21:00 UTC 14 November to 
03:00 UTC 15 November), fog becomes widespread after the preceding precipitation and 
aerosol changes, especially over the YRD and its adjacent coastal areas; the low-VIS areas in 
EXP2 expand accordingly, and EXP3 departs more strongly from EXP1 in the fog-affected 
areas (Figure S6). Across the three episodes, EXP3 more closely matches the observed 
low-VIS areas than EXP1 and EXP2, although it broadens or deepens some low-VIS areas 
relative to observations.
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Figure 6. Mean visibility (VIS) for three low-VIS episodes (EPs); columns show, from left to right, 
observed (Obs.) VIS and simulated (Sim.) VIS from EXP3, EXP1, and EXP2: (a–d) EP1 (21:00 UTC 
11 November to 03:00 UTC 12 November), (e–h) EP2 (21:00 UTC 13 November to 03:00 UTC 14 Novem-
ber), and (i–l) EP3 (21:00 UTC 14 November to 03:00 UTC 15 November 2024).

Figure 7 presents a focused YRD case dominated by fog. From 21:00 UTC 15 November 
to 00:00 UTC 16 November, fog is reported at most YRD stations, RH commonly exceeds 
90%, PM2.5  is generally modest, and precipitation is weak (Figure S7). EXP1 captures the 
minor aerosol contribution but overestimates VIS, and EXP2 reproduces the widespread 
low VIS associated with fog. EXP3 combines both contributions and better reproduces the 
observed VIS ≤ 3 km, demonstrating that this low VIS arises from hydrometeor extinction 
superimposed on the aerosol background, in line with recent findings for haze–fog processes 
in SH and eastern China [44].

Figure 7. Mean (a) observed (Obs.) visibility (VIS), (b) weather records, (c) Obs. relative humidity 
(RH), (d–f) simulated (Sim., EXP1, EXP2, and EXP3) VIS from 21:00 UTC 15 November to 00:00 UTC 
16 November 2024.
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The 24–25 November event provides a typical case involving rain and snow extinction 
(Figure 8). From 22:00 UTC 24 November to 00:00 UTC 25 November, observed low VIS 
extended along a broad rain corridor across the NCP, YRD, and CC (Figure S8), while snow 
was recorded further north in the NEC. EXP1 and EXP2 depict the aerosol and hydrometeor 
contributions separately along the modeled precipitation corridor, and EXP3 includes both. 
The model reproduces the broad precipitation and humidity structure satisfactorily, and the 
modeled extinction remains sensitive to displacement and amplitude biases in the modeled 
hydrometeors.

Figure 8. Mean (a) observed (Obs.) visibility (VIS), (b) weather records, (c) Obs. precipitation 
(Prec.), (d–f) simulated (Sim., EXP1, EXP2, and EXP3) VIS from 22:00 UTC 24 November to 00:00 UTC 
25 November 2024.

Collectively, these episodes show that both aerosol extinction and hydrometeor (fog, 
rain, and snow) extinction are important within low-VIS periods, and that their relative 
contributions can differ across different regions and VIS grades. The following monthly 
statistics quantify their contributions for the three VIS grades in the four key subregions.

3.3. Aerosol and Hydrometeor Extinction Contributions Across Graded VIS
This section statistically evaluates the performance of EXP1, EXP2, and EXP3 and 

quantifies the model-estimated contributions of aerosol, fog, rain, and snow extinction for 
the full month. Figure 9 shows the mean model-estimated extinction contribution fractions 
in EXP3 (Figure 9a–c) and the regional mean RMSE of the three experiments (Figure 9d–f) 
for 3 < VIS ≤ 10 km, 1 < VIS ≤ 3 km, and VIS ≤ 1 km, with the RMSE computed on the same 
conditional samples. The grades are defined by the observed station-hour VIS, the same set 
of valid observation–simulation pairs is used for all three experiments, and the component 
fractions are the arithmetic mean of the individual sample fractions with equal weighting.

For 3 < VIS ≤ 10 km, aerosol extinction contributes 87.1–97.3% of the model-estimated total 
extinction in all four subregions, with hydrometeor contributions of 2.7–12.8% (Figure 9a). The 
hydrometeor contribution is largest in the NEC (12.8%), with comparable contributions from 
fog (5.7%) and snow (5.7%), followed by the YRD (11.5%), consisting mainly of fog (7.5%) and 
rain (3.9%). The smaller hydrometeor fractions in the CC (4.6%) and NCP (2.7%) are mainly 
from rain. EXP2 shows much higher RMSE (22.3–23.5 km) than EXP1 (8.2–11.5 km), and EXP3 
reduces the regional mean RMSE relative to EXP1 by 1.0–12.6%, with the largest reductions in 
the NEC and the YRD, where the hydrometeor contributions are largest (Figure 9d). Aerosol 
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extinction alone outperforms hydrometeor extinction alone for the 3–10 km VIS grade, and the 
combined extinction achieves the best overall performance.

Figure 9. (a–c) EXP3 modeled mean extinction-component fractions and (d–f) regional mean RMSE 
of EXP1, EXP2, and EXP3 for three visibility grades (3 < VIS ≤ 10 km, 1 < VIS ≤ 3 km, and VIS ≤ 1 km) 
over Northeast China (NEC), the North China Plain (NCP), the Yangtze River Delta (YRD), and 
Central China (CC). The component fractions are the arithmetic mean of individual sample fractions, 
with all samples equally weighted. The total number of valid samples and contributing stations for 
each VIS grade are annotated in panels (d–f).

For 1 < VIS ≤ 3 km, aerosol extinction contributes 33.9–68.1% and hydrometeor ex-
tinction contributes 31.9–66.1% of the model-estimated total extinction (Figure 9b). Fog 
dominates in the YRD (56.7%), NCP (20.2%), and CC (18.0%), and rain contributes 9.4%, 
14.3%, and 13.9%, respectively. The NEC shows comparable fog (31.7%) and snow (28.5%) 
contributions. EXP2 outperforms EXP1 in the NEC and YRD, reflecting the large hydrome-
teor contribution in these two regions, but it remains clearly worse than EXP3 (3.6–4.9 km) 
because the aerosol contribution is not considered in EXP2. For NCP and CC, where aerosols 
contribute the most extinction, EXP1 shows better performance than EXP2. Correspond-
ingly, EXP3 reduces the regional mean RMSE by 31.1–77.5% relative to EXP1 in all four 
subregions (Figure 9e).

For VIS ≤ 1 km, hydrometeors contribute 71.6–87.4% of the model-estimated total 
extinction in all four subregions and aerosols contribute 12.3–28.4% (Figure 9c). Fog is 
the largest contributor in the NEC (54.6%), NCP (66.7%), YRD (80.7%), and CC (63.2%), 
and rain contributes 7.2%, 4.2%, and 8.4% in the NCP, YRD, and CC, respectively; snow 
contributes 31.4% in the NEC. EXP2 achieves an RMSE of 1.1–3.1 km, compared with 
4.9–16.8 km for EXP1 and 0.6–1.3 km for EXP3 (Figure 9f). Relative to EXP1, EXP3 reduces 
the RMSE by 94.6%, 82.2%, 95.0%, and 81.6% in the NEC, NCP, YRD, and CC, respec-
tively. Hydrometeor extinction dominates the occurrence of extremely low VIS, and aerosol 
extinction remains an important contributor to total extinction.
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Figure 10 compares threat scores (TS) of the three experiments for 10, 3, and 1 km VIS 
levels. For 10 km VIS level, EXP1 achieves regional TS of 0.33–0.47, compared with 0.05–0.18 
for EXP2. EXP3 shows regional TS of 0.42–0.48, with differences from EXP1 of 0.01–0.09, 
indicating that the occurrence of low VIS (≤10 km) is primarily determined by aerosol 
extinction. For 3 km VIS level, EXP1 shows regional TS of 0.08–0.15 and EXP2 shows TS 
of 0.08–0.30. EXP3 shows TS of 0.17–0.33, exceeding both EXP1 and EXP2 in every region, 
with differences from EXP1 ranging from 0.08 to 0.23; the largest difference occurs in the 
YRD, consistent with the large hydrometeor contribution identified in Figure 9b.

 

Figure 10. Threat score (TS) for (a–d) 10 km, (e–h) 3 km, and (i–l) 1 km VIS levels: (a,e,i) EXP1, 
(b,f,j) EXP2, (c,g,k) EXP3, and (d,h,l) the TS difference (ΔTS) between EXP3 and EXP1. Dots indicate 
observation sites, boxes denote the evaluation regions, and regional mean values are annotated in 
each panel.

For 1 km VIS level, EXP1 shows very limited capability in the four regions (regional 
TS of only 0.00–0.11). EXP2 achieves markedly higher TS in the NCP (0.24) and YRD (0.17), 
and EXP3 remains close to EXP2 there (0.20 and 0.17). EXP3 is therefore higher than EXP1 in 
the NCP, YRD, and CC, but only marginally lower than EXP1 in the NEC (0.10 versus 0.11). 
Relative to EXP2, EXP3 is slightly lower in the NCP (0.20 versus 0.24). These differences 
indicate that directly adding the two extinction components retains uncertainty where the 
modeled fog or precipitation is excessive or displaced, because the added aerosol extinction 
can further increase an already overestimated total extinction.

These results also define the limits of the three extinction calculations. First, the com-
ponent fractions reported above are model estimates that depend on the adopted extinction 
parameterizations; the component partitioning may be subject to compensating biases not 
reflected in the total-extinction evaluation, and independent observations are therefore 
needed in future work to validate the estimated contributions. Second, the combined extinc-
tion is based on the independent-scattering approximation and uses activation thresholds 
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for fog extinction, which may introduce additional uncertainty under compound conditions 
involving both high aerosol loading and dense fog. Third, the 0.1° grid cannot resolve 
every local fog or precipitation structure sampled by point observations. The lowest model 
level (~52 m) is well above the instrument level of surface stations: shallow radiation 
fog may occupy a layer thinner than, or sit below, the lowest model level, so the model 
may underestimate fog occurrence at valley and low-lying stations while overestimating 
it over grid-cell-averaged elevated terrain, as illustrated by fog observed at the summit 
of Mt. Oyama while a nearby lower-site instrument reported no fog [90]. Moreover, the 
30-day November experiment samples haze, fog, rain, and snow but not their full seasonal 
cycle; warm-season convection, coastal sea fog, and deep-winter snowfall may alter the 
relative contributions of aerosol and hydrometeor extinction. Jointly considering aerosol 
and hydrometeor extinction offers a viable way forward for reliable compound low-visibility 
prediction; further work is needed to improve the predicted hydrometeor fields and the 
way the two extinction components are combined, particularly the treatment of aerosols 
activated into fog droplets.

4. Conclusions
Low VIS may involve aerosol pollution, fog, rain, and snow, or their combination across 

widespread regions, while VIS numerical predictions usually treat aerosol and hydrometeor 
extinction separately. The coupled chemistry–weather model GRAPES_Meso5.1/CUACE 
CW and surface meteorological observations are combined to investigate their relative contri-
butions to atmospheric extinction and low-VIS prediction in eastern China. November 2024, 
which experiences several low-VIS events involving haze, fog, rain, and snow, is selected as 
the study period, and low VIS (≤10 km) is classified into three grades (3 < VIS ≤ 10 km, 
1 < VIS ≤ 3 km, and VIS ≤ 1 km) for detailed discussion. Four key subregions and their 
representative cities, characterized by varying aerosol pollution and weather conditions, are 
focused on in this work. Firstly, the relationships between the graded low VIS and weather 
processes are analyzed based on observations. Three sensitivity experiments, EXP1 (aerosol 
extinction alone), EXP2 (hydrometeor extinction alone), and EXP3 (their combination), are 
then designed to calculate the extinction components separately and to predict VIS, and the 
simulated VIS is evaluated at regional and city scales and during several typical low-VIS 
episodes. Finally, the model-estimated relative contributions of aerosol and hydrometeor 
extinction to graded VIS are quantified, and RMSE for three VIS grades and TS for 10, 3, 
and 1 km VIS levels are adopted to evaluate the three experiments. The major conclusions 
are as follows:

Observations show that the weather processes associated with low VIS differ across 
VIS grades and among regions. For 3 < VIS ≤ 10 km, haze is the most frequent record in 
HRB and BJ in northern China, whereas fog prevails in SH and WH in southern China, and 
snow contributes to low VIS in HRB. For 1 < VIS ≤ 3 km, haze remains the most frequent 
record in HRB and BJ, whereas fog prevails in SH and WH; the haze fractions decrease 
compared with the 3–10 km grade in all four cities, while fog becomes more frequent in 
BJ and SH, and snow remains confined to HRB. For VIS ≤ 1 km, fog is the most frequent 
weather record in all four cities. Low VIS in the northern cities is more frequently associated 
with haze and snow, whereas that in the southern cities is more frequently associated with 
fog and rain, suggesting the necessity of incorporating multi-component extinction from 
aerosols and hydrometeors for low-VIS prediction across eastern China.

The sensitivity experiments show that the relative contributions of model-estimated 
aerosol and hydrometeor extinction differ across the graded VIS in different subregions. 
For 3 < VIS ≤ 10 km, aerosols contribute 87.1–97.3% of model-estimated total extinction in 
all four subregions, with comparable fog (5.7%) and snow (5.7%) contributions in the NEC; 
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for 1 < VIS ≤ 3 km, aerosols contribute 33.9–68.1% and hydrometeors 31.9–66.1%, showing 
their comparable importance. Among the hydrometeors, fog contributes most in the YRD 
(56.7%), while the NEC shows comparable fog (31.7%) and snow (28.5%) contributions; 
for VIS ≤ 1 km, hydrometeors are the dominant contributors (71.6–87.4%), yet aerosols still 
yield appreciable contributions of 12.3–28.4% across the four subregions. Fog contributes 
66.7%, 80.7%, and 63.2% to model-estimated total extinction in the NCP, YRD, and CC, 
with rain contributing 4.2–8.4%; in the NEC, fog contributes 54.6% and snow 31.4%. These 
results further show that neither aerosol nor hydrometeor extinction alone can explain low 
VIS, particularly at extremely low levels.

The extinction calculation jointly considering aerosol and hydrometeor extinction 
shows the overall best performance in low VIS prediction among the three sensitivity 
experiments, especially for VIS < 3 km and VIS ≤ 1 km. For 3 < VIS ≤ 10 km, the RMSE of 
the combined extinction (7.8–10.2 km) is lower than that of aerosol extinction (8.2–11.5 km) 
or hydrometeor extinction (22.3–23.5 km) alone; for 1 < VIS ≤ 3 km, the RMSE of the 
combined extinction is the lowest (3.6–4.9 km) among the three experiments; and for 
VIS ≤ 1 km, the RMSE of the combined extinction (0.6–1.3 km) is much lower than that of 
aerosol extinction (4.9–16.8 km) or hydrometeor extinction (1.1–3.1 km) alone. Similarly, 
for the 10 km VIS level, the TS of combined extinction (0.42–0.48) exceeds that of aerosol 
extinction (0.33–0.47) or hydrometeor extinction (0.05–0.18) alone; for the 3 km VIS level, 
the TS of combined extinction is the highest in all four subregions (0.17–0.33), versus 
0.08–0.15 for aerosol extinction alone and 0.08–0.30 for hydrometeor extinction alone; and 
for the 1 km VIS level, the TS of combined extinction (0.10–0.20) is generally higher than 
those of aerosol or hydrometeor alone, particularly in the NCP and YRD.

The remaining uncertainties reflect both the extinction formulation itself and the 
modeled occurrence and distribution of fog and precipitation; the single-month period, the 
95% RH cap on hygroscopic growth, and the bulk hydrometeor relations, together with the 
fog-versus-rain attribution under drizzle-containing conditions, also delimit the present 
conclusions. Multi-season evaluation, refined hydrometeor extinction parameterizations, 
and direct validation of the near-surface cloud-water and droplet-number fields are the 
next steps toward reliable compound low-VIS prediction.
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(Sim.) PM2.5, relative humidity (RH), and precipitation (Prec.) in (a) Northeast China (NEC), 
(b) North China Plain (NCP), (c) Yangtze River Delta (YRD), and (d) Central China (CC) during 
November 2024; Figure S3. Hourly observed (Obs.) and simulated (Sim.) PM2.5, relative humidity 
(RH), and precipitation (Prec.) in (a) Harbin (HRB), (b) Beijing (BJ), (c) Shanghai (SH), and 
(d) Wuhan (WH) during November 2024; Figure S4. Mean (a) observed (Obs.) PM2.5, (b) Obs. 
relative humidity (RH), (c) Obs. Precipitation (Prec.), (d) simulated (Sim.) PM2.5, (e) Sim. RH, 
and (f) Sim. Prec. from 21:00 UTC 11 November to 03:00 UTC 12 November 2024; Figure S5. As in 
Figure S4, but from 21:00 UTC 13 November to 03:00 UTC 14 November 2024; Figure S6. As in Figure 
S4, but from 21:00 UTC 14 November to 03:00 UTC 15 November 2024; Figure S7. As in Figure S4, 
but from 21:00 UTC 15 November to 00:00 UTC 16 November 2024; Figure S8. As in Figure S4, but 
from 22:00 UTC 24 November to 00:00 UTC 25 November 2024; Table S1. Mapping of WMO Code 
Table 4677 present-weather codes (ww) to the five weather categories used in this study; Table S2. 
Numbers of samples classified by weather records and observed VIS grades (VIS ≤ 1, 1 < VIS ≤ 3, 
3 < VIS ≤ 10, and VIS ≤ 10 km) in Harbin (HRB), Beijing (BJ), Shanghai (SH), and Wuhan (WH) 
during November 2024.
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