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Abstract This study investigates the decoupling relation-
ship between meteorological comfort and urban rail transit
ridership in China. Daily meteorological data and passenger
volume data from 28 major cities were processed to con-
struct a meteorological comfort index using the entropy
weighting method, in which precipitation levels were con-
verted into continuous values based on national standards. A
decoupling model was then applied to examine the dynamic
interaction between weather comfort and transit use. The
analysis identifies three classes of decoupling states: Class
A, where passenger travel remains stable despite unfavora-
ble weather; Class B, where moderate sensitivity to mete-
orological variation is observed; and Class C, where travel
is strongly influenced by weather conditions. Results show
that most cities predominantly fall under Class B, but with
notable fluctuations across seasons and regions. The findings
highlight that meteorological comfort does not uniformly
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determine ridership, but instead reveals differentiated pat-
terns of resilience and vulnerability across urban rail sys-
tems. This contributes to a deeper understanding of how
external environmental factors interact with public transit
demand and provides methodological guidance for improv-
ing the robustness of transport planning under climate
variability.

Keywords Urban rail transit ridership - Weather -
Meteorological comfort - Decoupling

1 Introduction

The interdisciplinary study of meteorology and transporta-
tion has always been a very interesting topic, and almost all
countries around the world are conducting studies in this
area. For example, Toronto has conducted studies on the
relationship between meteorology and rapid transit [1] and
conventional transit [2]; Seoul, South Korea, has analyzed
the change patterns of citizens choosing public transporta-
tion modes under different meteorological conditions [3];
and Qatar has analyzed the change patterns of meteorologi-
cal conditions and public transportation volume in differ-
ent seasons [4]. With the intensification of studies, many
interesting conclusions have been drawn: the rainfall may
reduce the demand for bicycles and buses, but may increase
the demand for taxis [5]; when rainfall and low temperature
are encountered on weekends, the passenger volume of pub-
lic transportation will significantly decrease as compared
to weekdays [6]. Nicole examined the effects of extreme
weather events on bus ridership and the extent to which this
relationship varies by income and destination [7]. In terms
of the spatial variation, the operation of high-speed rail in
the southeast coastal region was affected more frequently
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by rain and thunderstorms, whereas the system operated in
central—eastern China was more vulnerable to snowstorms
[8].These study conclusions can explain the patterns of dif-
ferent meteorological conditions and choice of transporta-
tion modes, so as to help various cities better organize the
operation when facing meteorological challenges.

Urban rail transit is one of the important components of
urban transportation. However, meteorological changes may
have adverse effects on the infrastructure of urban rail tran-
sit, thereby affecting operational efficiency and reliability,
and potentially causing safety hazards. Understanding the
impact of meteorological changes on urban rail transit can
help develop more effective emergency plans and appropri-
ate measures to reduce operational interruptions caused by
meteorological changes, extend the service life of infrastruc-
ture, reduce the operating costs, and ensure the safety of pas-
sengers and employees. Therefore, studying the relationship
between meteorological changes and urban rail transit can
not only improve the safety and reliability of urban rail tran-
sit systems, but also optimize the operational management,
reduce the negative impacts on the environment, improve
the resilience of cities, and provide support for sustainable
urban development.

In this paper, the impact of each single factor among
maximum temperature, minimum temperature, precipita-
tion, wind speed, and dressing index on the urban rail tran-
sit ridership is studied. In order to explore the relationship
between the five factors and urban rail transit ridership, a
meteorological comfort index model is firstly established
based on the five factors, with the five factors grouped into
one factor. Then, by establishing a decoupling evaluation
model between passenger volume and meteorological com-
fort, the internal relationship between urban rail transit pas-
senger volume and meteorological comfort is explained.
Finally, through decoupling stability analysis, more rules
were revealed, so as to further promote the progress of traf-
fic management and meteorological study. This paper is
organized into five parts: Literature Review, Theoretical
Basis, Methods and Data, Results and Discussion, and Con-
clusions and Prospects.

2 Literature Review

Urban rail transit is an industry highly sensitive to mete-
orology [9]. The weather conditions such as strong wind,
rainstorms, thunder, snow, and fog are likely to lead to fail-
ure of some equipment and facilities of trains, resulting in
delay or even shutdown of trains and then causing panic
among passengers [10]. Compared with sunny weather,
97% of urban rail transit stations show an increasing trend
in daily average passenger volume under rainy and snowy
weather conditions, which poses significant challenges to
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operational organization and management [11]. Extreme
weather can cause serious interference to urban rail transit
systems, leading to obvious economic, social and environ-
mental consequences [12]. Using big data to analyze travel
patterns in Washington, D.C., it is found that travel cost,
natural environment, land use diversity, and network con-
nectivity significantly affect the probability of individuals
choosing taxis, shared bicycles, or rail transit [13]. In order
to improve the comprehensive ability of urban rail transit to
cope with different weather conditions, scholars have made
many contributions in improving passenger service levels,
mainly focusing on improving urban rail transit facilities and
equipment, and studying the relationship between meteorol-
ogy and urban rail transit passenger volume.

When studying how to improve and enhance the level of
urban rail transit facilities and equipment, one direction is
to study meteorology and urban rail transit stations. Com-
mon study directions also include studying how meteorol-
ogy affects temperature changes within urban rail transit
stations [14, 15], studying the connection situation of urban
rail transit stations under different meteorological conditions
[16] or willingness to choose travel modes [17], studying the
impact of rainfall on passenger volume at different types of
rail transit stations at different time periods throughout the
day [18-20] and the sensitivity thereof [21], and studying
the relationship between meteorological factors and stopping
time of urban rail transit trains at stations [22].

The most common study direction is to study the relation-
ship between meteorological types and urban rail transit pas-
senger volume. The studies only involving one meteorological
type mainly focus on rainfall [23, 24] or temperature [25]; the
studies involving two meteorological types mainly focus on
temperature and humidity [26], rainfall and snowfall [27], or
rainfall and temperature [28]; the studies involving three mete-
orological types mainly focus on temperature, rainfall, and
wind [29]; and the studies involving five meteorological types
mainly focus on temperature, relative humidity, air pressure,
wind speed, and rainfall [30]. The commonly used methods
for studying the relationship between meteorological types and
urban rail transit passenger volume include regression model
[31], mixed logit model [32], and elastic model [33]. Usually,
the change patterns of meteorological conditions and urban rail
transit passenger volume are analyzed on an annual, quarterly
and daily basis under the scenarios such as working days [34]
and non-working days [35]. Timely meteorological warnings
and sufficient emergency preparedness can effectively evacuate
urban rail transit ridership, minimize the occurrence of urban
rail transit accidents, minimize the damage to facilities, and
improve the level of urban rail transit operation services [36].
Therefore, the prediction of meteorological conditions and
urban rail transit passenger volume [37] is also one of the hot
study topics. The commonly used data include meteorologi-
cal data, urban rail transit passenger volume data, time data,
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and location data, among which the meteorological data, time
data, and location data are independent variables; the urban
rail transit passenger volume data are dependent variable. The
commonly used methods include the feature set simplification
based on time series correlation and fuzzy means [38], the
spatiotemporal loyalty prediction model [39], the real-time
passenger volume-sensing meteorological system [40], the
seasonal autoregressive comprehensive moving average pre-
diction model [41], Multi-fusion residual network methods
[42] and the deep learning neural network prediction model
[43]. For deep learning neural network prediction model, the
recurrent neural network (RNN) prediction model [44], the
long short-term memory network (LSTM) prediction model
[45, 46], or the combined prediction model based on these two
models [47] may be adopted based on different independent
variables. For the purpose of processing meteorological data,
the feature value encoding method is often used [48]. The big-
gest advantage of this method is that it transforms string data
into numbers, and thus is suitable for ordered data. However,
its disadvantage is the poor interpretability. Xiu proposed a
metro passenger flow prediction framework based on deep
learning, combining correlation feature selection (Cor-STFS)
and parallel spatiotemporal network (STA-PTCN-BIGRU)
to improve prediction accuracy and computational efficiency
[49]. Nian evaluated the subway line location based on net-
work vulnerability, and optimized the new subway line plan-
ning of Pudong New Area by quantitatively analyzing the
network performance under different interruption scenarios
and adopting the tabu search algorithm, to improve operational
reliability and resilience [50]. Optimizing the data sampling
strategy can systematically evaluate the impact of bike-sharing
data sample size on model estimation, inference and prediction
[51].With the advent of the big data era, further study should
be conducted on how to use big data to simultaneously con-
sider historical passenger volume data and external meteoro-
logical factors [52], so as to comprehensively analyze the char-
acteristics of urban rail transit passenger volume. At present,
there are two approaches to study the travel behavior of urban
rail transit. One focuses on the external environmental factors,
such as the impact of meteorological comfort on rail transit
passenger flow. The other focuses on the structural constraints
of the built environment on commuting spatial behavior. The
gradient boosting decision tree model is used to analyze the
commuting behavior of low-income rental workers in Bei-
jing. It is found that their commuting distance is nonlinearly
affected by built environment factors such as public transport
density, road density and land mix, and the commuting mode
has a significant mediating effect [53]. Compared with the
research focusing on the demand side of travel, some scholars
have discussed how the built environment and technical engi-
neering factors affect the supply structure of the rail transit
system from the supply side of rail transit. Considering the
five dimensions of geology and geomorphology, population

coverage and earthquake risk, the multi-criteria decision-
making method (MCDM) is used to realize the quantitative
evaluation of route optimization [54]. This decision-making
mechanism from the three-dimensional perspective of “space-
engineering-serving population” provides another perspective
of supply and demand for this paper to explore how meteoro-
logical comfort leads to the “decoupling effect” on the demand
side. It shows that the track system itself contains structural
constraints and selectivity in the construction stage.

In general, in the current studies on the impact of meteor-
ology on urban rail transit travel, the focus is mainly placed
on the impact of meteorological changes on rail transit as
well as the and prediction thereof, and the urban rail transit
passenger volume and various meteorological conditions are
not evaluated and analyzed as a whole. The meteorological
types still need to be improved, and the factors such as wind
level, dressing index, and meteorological comfort indicators
have not been taken into account. The fact that the meteorol-
ogy in different regions varies at the same time has also not
been taken into account. In terms of displaying daily urban
rail transit passenger volume data, the scholars mentioned
above mostly use bar charts and line charts for data display.
There is a lack of exploration into data visualization when
comparing and displaying the massive daily urban rail transit
passenger volume data in different cities. Compared with
existing studies, this research expands both the analytical
dimension and methodological framework by integrating
multiple meteorological indicators, adopting a decoupling
perspective, and emphasizing multi-city comparative analy-
sis. It is shown in Table 1.

In summary, prior research has made substantial progress
in analyzing the relationship between meteorological fac-
tors and urban rail transit ridership. However, most studies
have focused on single weather types, forecasting models, or
supply-side infrastructure factors, while few have compre-
hensively evaluated the combined effect of multiple mete-
orological indicators through a comfort-based framework. In
addition, issues such as variability in regional meteorology,
daily-scale fluctuations, and novel visualization approaches
remain underexplored. To address these gaps, this study
constructs a meteorological comfort index integrating tem-
perature, precipitation, wind speed, and dressing index, and
applies a decoupling evaluation model to reveal differen-
tiated resilience patterns in rail transit demand across 28
Chinese cities.

3 Theoretical basis
3.1 Supply and demand theory and urban rail transit

In economics, the relationship between supply and demand
is usually used to describe the relationship between

@ Springer
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commodity prices and quantity demanded. In this study,
this theoretical framework is extended to the context of
urban rail transit. The passenger volume of urban rail tran-
sit is considered as demand, because it reflects the travel
needs of passengers. Meteorological comfort is consid-
ered as supply, as it influences the service capacity of rail
transit and constrains the effective realization of demand.
When meteorological comfort deteriorates beyond a cer-
tain threshold, passenger demand for rail transit may stag-
nate or shift to other modes of transport as the supply
approaches its operational limit. Therefore, it is essential
to construct a model to examine the interaction between
meteorological comfort and urban rail transit ridership.

3.2 Meteorological Comfort Index Model

A mathematical model is established based on the maxi-
mum temperature, minimum temperature, precipitation,
wind speed, and dressing index. The calculation is shown
in Eq. (1).

C= }/lPMax—tem + YZPMin—tem'H/SPpre + y4pwsp + ySPdco (1)

where C is the meteorological comfort index;
v, i=1,...,5 are the weight coefficients, of which the
calculation results are shown in Table 9; Py;,, _erm 1S the pro-
portion of maximum temperature; Py, _rm 1S the proportion
of minimum temperature; P, is the proportion of precipi-
tation; P, is the proportion of wind speed; and Py, is the
proportion of dressing index. The calculation of weight coef-
ficients and proportions can be found in Step 3 as specified
in 3.7 “Calculation Steps,” namely using the entropy method
to calculate the meteorological comfort index.

The dressing index is a model established on the basis
of maximum temperature, minimum temperature, wind
speed, solar constant, human metabolic rate, and lati-
tude of city. This model improves the model proposed
by Freitas C in 1979 [55], with the main improvement
being changing the maximum temperature from 33 °C
to the maximum temperature within the statistical range.
This is because that, with global warming, the tempera-
ture is also increasing [56], and still using 33 °C as the
maximum temperature will result in a negative dressing
index, which is obviously incorrect. This model also takes
into account the different characteristics of meteorology
affected by terrain characteristics, as expressed in Eq. (2).
The constants (0.155, 0.62, and 19.2) follow the empirical
parameters established in the Freitas (1979) model, which
quantify the balance between air temperature, wind veloc-
ity, and human thermal regulation, and have been retained
to ensure methodological consistency and comparability.

Tmax - Tave
0.155H

H + aRcosa

O = ) (0.62+ 192478 @

Qico 18 the dressing index; T, is the maximum tem-
perature occurring in the previous year in the place under
study; T,,. is the average daily temperature, namely the
average of the sum of the maximum and lowest tempera-
tures in a day; H is 75% of the human metabolic rate, which
is set as 87 W/m?; R is the solar constant, namely 1357 W/
m?; a is the solar altitude angle, the latitude of the place
under study is f, the specific values are shown in Table 1,
the solar altitude angle @ during spring and autumn is
90° — B, the a during summer is 90° — f + 23°26’, and the
a during winter is 90° — f — 23°26'; and v is the daily wind
speed, expressed in m/s.

3.3 Passenger Volume-Meteorological Comfort
Decoupling Evaluation Model

In order to more accurately describe the relationship
between passenger volume increase and environmental
degradation, a decoupling evaluation model for passenger
volume and meteorological comfort is established. Due
to the fact that the meteorological comfort is established
based on five factors (namely maximum temperature, min-
imum temperature, precipitation, wind speed, and clothing
index), the meteorological comfort index can be used as an
indicator of environmental impact, and can also be used to
comprehensively analyze the relationship between urban
rail transit passenger volume and such five factors. The
calculation formula for this model is shown in Eq. (3).

_(©-0.)/01 _ A0/0,., )
(Cx - Cx—l)/cs—l AC/Cs—l

DI

Q is the daily rail transit passenger volume of the place
under study; s is the date; DI is the decoupling index, of
which the judgment rules are shown in Table 2; AQ is the
increase rate of urban rail transit passenger volume; AC is
the increase rate of meteorological comfort index, and if
AC > 0, it can be understood as environmental degradation.
s denotes the observation period (day). Since the calculation
requires both period s and s—1, the minimum value of s is 2,
corresponding to the second observation day.

The judgment rules for decoupling are interpreted as
follows:

“Expansion-based negative decoupling” refers to the situ-
ation that the urban rail transit passenger volume increases
under environmental degradation, with the increase rate of
urban rail transit passenger volume being greater than the
increase rate of meteorological comfort index.

@ Springer
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Table 2 Rule of decoupling

Evaluation Decoupling State DI AQ AC
A Expansion-based negative decoupling DI> 1.2 AQ>0 AC>0
B Strong negative decoupling DI<0 AQ>0 AC<O0
B Expansion-based coupling 0<DI<12 AQ >0 AC>0
C Decline-based decoupling DI> 1.2 AQ <O AC<O0
C Weak negative decoupling 0<DI<12 AQ <O AC<O0
C Strong decoupling DI<0 AQ <O AC>0
“Strong negative decoupling” refers to the situation that 1 ! DI —DI )
urban rail transit ridership increases when the meteoro- 6 = -1 Z XDI > 4
T s=2 s—1

logical comfort index decreases.

“Expansion-based coupling” refers to the situation that
the urban rail transit passenger volume increases under
environmental degradation, with the increase rate of
urban rail transit passenger volume being smaller than the
increase rate of meteorological comfort index.

“Decline-based decoupling” refers to the situation that
the urban rail transit passenger volume decreases when the
meteorological comfort index decreases, but the increase
rate (negative value) of passenger volume is smaller than
the increase rate (negative value) of meteorological com-
fort index.

“Weak negative decoupling” refers to the situation that
the urban rail transit passenger volume decreases when the
meteorological comfort index decreases, but the increase
rate (negative value) of passenger volume is greater than
the increase rate (negative value) of meteorological com-
fort index.

“Strong decoupling” refers to the situation that the
urban rail transit passenger volume decreases under envi-
ronmental degradation.

Class A is the most ideal state, representing that peo-
ple’s travel is not affected by environmental degradation;
Class B represents that people’s travel can resist limited
environmental degradation; Class C represents that peo-
ple’s travel is affected by the environment to a relatively
large extent.

3.4 Passenger Volume-Meteorological Comfort
Decoupling Stability Model

The passenger volume—meteorological comfort decoupling
situation varies in each city, so that it is necessary to ana-
lyze the stability of passenger volume—meteorological
comfort decoupling in each city. Regarding the indicator
of decoupling stability, a passenger volume—meteorologi-
cal comfort decoupling stability indicator is constituted
by reference to the method proposed by Qi Jing[57], as
shown in Eq. (4).

@ Springer

I is the total study time, DI is the decoupling index on
the date s, the lower value of 6 indicates the more stable
decoupling state, and the higher value indicates the more
unstable decoupling state.

4 Methods and Data
4.1 Study Assumptions and Data Resources

In the study, the following assumptions are made: (1) The
passengers voluntarily choose rail transit as their travel
mode. (2) There is no decrease in the availability of rail
transit and other transportation modes, provided that the sus-
pension of a mode for no more than 24 hours does not count
as a decrease in availability.

The data used in this study are as follows: (1) Passenger
volume data from rail transit systems in 28 cities, which,
according to the first-level regional division of land mete-
orological geography in China, are classified into North
China region, including three cities (namely Beijing, Tian-
jin, and Shijiazhuang), northeast region, including four cit-
ies (namely Shenyang, Harbin, Dalian, and Changchun),
East China region, including eight cities (namely Shanghai,
Nanjing, Suzhou, Qingdao, Hefei, Nanchang, Xiamen, and
Changzhou), Central China region, including three cities
(namely Wuhan, Changsha, and Zhengzhou), South China
region, including five cities (namely Guangzhou, Shenzhen,
Nanning, Foshan, and Dongguan), southwestern region,
including four cities (namely Chengdu, Chongqing, Kun-
ming, and Guiyang), and northwest region, including one
city (namely Xi’an); the latitude data of each city is shown
in Table 3. (2) Meteorological Data: The daily maximum
temperature, minimum temperature, weather, wind direction,
and date in 2023 in study cities were obtained using Python
on the “Weather+” website (https://lishi.tianqi.com/); the
data types and samples are shown in Table 4. Specifically,
the meteorological data collection was carried out between
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Table 3 City classification and latitude data sheet

Region

Latitude  Region City Latitude

City

Region

Latitude

City

Region

Latitude

City

30.58203 Central China region

28.25591

‘Wuhan

24.48405 East China region

36.30744 East Chinaregion Xiamen

Qingdao
Hefei

45.54774 Northeast region
43.83327 Northeast region
41.80515 Northeast region

38.95223 Northeast region

Harbin

Central China region

Changsha

23.15792  South China region
23.02067  South China region
22.90026 South China region

22.78121

31.79322 East Chinaregion Guangzhou

Changchun

34.23053 Northwest region

Xi’an

31.72322 East China region Dongguan
31.40527 East Chinaregion Foshan

31.32751

Changzhou

Shenyang

30.65984 Southwest region

Chengdu

Shanghai

40.22077 North China region Nanjing

Dalian

Chongqging 29.40268 Southwest region

South China region

East China region Nanning

Beijing

26.67865 Southwest region
24.88554 Southwest region

Guiyang

22.55329 South China region

31.30227 East Chinaregion Shenzhen

39.71755 North China region Suzhou

Tianjin

34.72468 Central China region Kunming

28.54538 East China region Zhengzhou

Shijiazhuang 38.03647 North China region Nanchang

February and March 2024 using a Python-based crawler
script (Python 3.9, requests 2.28, BeautifulSoup 4.11),
ensuring complete coverage of all daily records for 2023.
(3) Date Data: Distinguished by national public holidays
in 2023, where “non-working days” refer to Saturdays and
Sundays (excluding those designated as statutory compensa-
tory leave) and public holidays (including New Year’s Day,
Spring Festival, Tomb Sweeping Day, Labor Day, Loong
Boat Festival, Mid-Autumn Festival and National Day) in
2023; working days refer to the days other than non-working
days. The definition and classification of working days and
non-working days in 2023 are shown in Table 5. (4) Special
Events. In response to complex and ever-changing mete-
orological conditions, from the perspective of ensuring per-
sonal and property safety, Beijing, Guangzhou, Shenzhen,
Foshan, Dongguan and Xiamen have all taken measures to
interrupt the operation of urban rail transit; from the per-
spective of encouraging citizens to choose public transporta-
tion to alleviate the impact of meteorological deterioration,
Shijiazhuang has taken measures to encourage travel. The
measures taken by various cities and the timing thereof are
shown in Table 6.

4.2 Principle and Analysis of Heatmap

To visualize the large-scale passenger volume matrix across
28 cities, this study adopts the heatmap approach, which
has been widely used in transportation and environmental
studies for pattern recognition and anomaly detection [58].
In this study, to avoid data concentration in the alloca-
tion of color for the heatmap caused by different orders of
magnitude of urban rail transit passenger volume, the range
normalization method is adopted for the daily rail transit
passenger volume of each city in 2023, as shown in Eq.
(5). Firstly, the data normalization is carried out, and then,
a heatmap of daily urban rail transit passenger volume is
established. Due to the use of the range method for data
normalization, the data of different orders of magnitude can
be normalized, so as to effectively compare them; however,
the disadvantage is that, for a certain city, the maximum pas-
senger volume may increase sharply due to special policies,
which will affect the distribution of data for that city.

4.3 Entropy Method and Correlation Coefficient
Analysis

The entropy method, widely used in multi-indicator evalua-
tion, objectively determines indicator weights based on their
information entropy and variability [59]. In this study, it is
employed to evaluate the relative contribution of maximum
temperature, minimum temperature, wind speed, precipita-
tion, and dressing index to meteorological comfort.
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Table 4 Meteorological data
types and samples

Type City Maximum  Minimum  Weather Wind direction Date
temperature tempera-
ture
Data Type Text Text Text Text Text Text
Sample Data Shanghai 17 °C 9°C Moderate rain  Northeast wind level 1  Friday,
January
13,2023

Table 5 Definition and scope of 2023 working days and non-working days

Type Non-working days Working days
Meaning Regular rest days and national public holidays Days other than non-working days
Scope Saturday Excluding those designated  Including regular Monday, Tuesday, Wednesday, Thursday, and Friday,
as compensatory working as well as compensatory working days as stipulated in the Labor Law
day of the People’s Republic of China
Sunday Excluding those designated
as compensatory working
day
New year’s day January 1-2
Spring festival January 21-27
Tomb sweeping day April 5
Labor day April 29-May 3
Loong boat festival June 22-24

Mid-autumn festival and September 29—October 6

national day

Days A total of 115 days A total of 250 days

Table 6 Special events in 2023

City Type of measure Special event

Shijiazhuang Measures to encourage travel From December 16 to December 31, 2023, Shijiazhuang began implementing free subway and
bus activities, so as to cope with the complex and changing weather conditions and facilitate
citizens to choose public transportation for travel.

Beijing Operation interruption measures From July 30 to 31, 2023, due to the impact of rainstorm, Beijing Urban Rail Transit Line 2

implemented the measures such as closure and nonstop passage, with 5 key lines extending
their operating hours; 175 bus/tram lines took measures such as stopping, interval measures,
bypassing stations, and connecting at night.

Guangzhou  Operation interruption measures From 19:00 on September 1, 2023 to 08:33 on September 2, 2023, some urban rail transit lines

and bus/tram lines in Guangzhou were partially suspended due to the impact of Typhoon

“Saola.”

Shenzhen Operation interruption measures From 19:00 on September 1, 2023 to 08:33 on September 2, 2023, some urban rail transit
lines and bus/tram lines in Shenzhen were partially suspended due to the impact of Typhoon
“Saola.”

Foshan Operation interruption measures From 22:30 on September 1, 2023 to 11:00 on September 2, 2023, some urban rail transit lines

and bus/tram lines in Foshan were partially suspended due to the impact of Typhoon “Saola.”

Dongguan Operation interruption measures From 20:00 on September 1, 2023 to 08:00 on September 2, 2023, some urban rail transit

lines and bus/tram lines in Dongguan were partially suspended due to the impact of Typhoon
“Saola.”

Xiamen Operation interruption measures From 20:00 on July 27, 2023 to 15:00 on July 28, 2023, Xiamen implemented the “three sus-

pensions and one rest” policy due to the impact of Super Yyphoon “Doksuri,” with the public
transportation such as urban rail transit, BRT, and bus/tram suspended.
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The Pearson correlation coefficient is a classical statis-
tical measure of linear association between two variables
[60]. Here, it is applied to assess the correlation between
meteorological indicators and urban rail transit ridership in
each city, with scatter plots illustrating the sign and strength
of these relationships.

4.4 Calculation Steps

There are a total of six calculation steps, which are detailed
as follows.

Step 1 is processing the data. The textual data are con-
verted into numerical data by using Python as the tool. The
maximum temperature, minimum temperature, and date are
extracted by segmenting characters and extracting numbers,
while the wind direction is extracted by segmenting char-
acters, extracting the last two characters and placing the

extracted content into “wind level.” The textual data about
weather and wind level are converted into numerical data in
accordance with the classification standards for precipitation
(snowfall) intensity level (see Table 7) and the classification
standards for wind power level (see Table 8) issued by the
National Meteorological Administration. This is because the
snowfall level standard usually refers to the standard for con-
verting continuous snowfall or snowfall amount into precipi-
tation amount within a specified time period, so that snowy
days can be converted into precipitation amount. Python is
used to randomly generate numbers within the correspond-
ing level range, where the classification standard for precipi-
tation (snowfall) intensity level adopts the 12-hour interval
with the total precipitation amount (mm) being a random
number, and the wind speed is the wind speed at a standard
height of 10m on open flat ground. After data preprocessing,
the textual weather is transformed into precipitation amount,

Table 7 Classification standard

LS Item Total precipitation in 12 Item Total precipita-
of precipitation (Snowfall) hours (mm) tion in 12 hours
intensity (mm)
Sporadic rain <0.1 Light snow <0.1
Light rainfall 0.1~4.9 Moderate snow 0.1~0.9
Moderate rain 5.0~14.9 Major Snow 1.0~2.9
Heavy rain 15.0~29.9 Blizzard 3.0~5.9
Torrential rain 30.0~69.9 Great blizzard 6.0~9.9
Downpour 70.0~139.9 Extremely great blizzard 10.0~14.9
Heavy downpour >140.0 Extremely heavy rainstorm > 15.0

T?bl,eg Classification standard Wind level Name Wind speed (m/s) Wind level Name Wind speed (m/s)

of win
0 Windless 0-0.2 7 High wind 13.9-17.1
1 Soft wind 0.3-1.5 8 Gale 17.2-20.7
2 Gentle breeze 1.6-3.3 9 Great gale 20.8-24.4
3 Breeze 34-54 10 Fierce gale 24.5-28.4
4 Gentle wind 5.5-7.9 11 Storm 28.5-32.6
5 Strong wind 8.0-10.7 12 Hurricane 32.7-36.9
6 Heavy wind 10.8-13.8 13 - 37.0-41.4

Table 9 Results of sample data preprocessing

Type City Maximum Minimum Weather Wind direction Date

temperature  temperature
Data type Text Text Text Text Text Text
Sample data Shanghai 17 °C 9°C Moderate rain ~ Northeast wind level 1 ~ Friday, January 13, 2023

The preprocessing of data is carried out, where the weather is ultimately represented by precipitation amount and the wind direction is ulti-

mately represented by wind speed
Text Number Number
Shanghai 17 9

Data type (after processing)
Sample data (after processing)

Date
January 13, 2023

Number
1.43

Number
12.73
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and the wind direction is transformed into wind speed. The
results of sample data conversion are shown in Table 9. All
parameter values in this model are determined according to
the official classification standards of the China Meteoro-
logical Administration. When applying the model to other
countries or regions, the corresponding local meteorological
classification standards and climatic conditions should be
adopted to ensure validity.

As the available datasets contain only categorical descrip-
tions, rather than precise millimeter values, a random sam-
pling approach is used to convert precipitation levels to
continuous numerical values. Specifically, for each day, a
random number is generated within the range of standard
values at the corresponding classification level. There are
two reasons for this decision. First, it preserves the natu-
ral randomness of weather conditions, which better reflects
real-world variability than a fixed average. Second, the core
purpose of this study is to analyze the decoupling effect
between meteorological comfort and traffic travel on a daily
basis, where it is crucial to capture subtle fluctuations. Using
averages will artificially smooth the weather comfort index
and may underestimate the actual environmental changes
that influence behavior. At the same time, under the condi-
tion of the same weather before and after the encounter, the
use of the average value will cause the same meteorological
comfort index, which will cause the denominator of the pas-
senger volume—meteorological comfort decoupling evalu-
ation model to be zero, so that the model cannot operate
normally. The calculations were carried out in the passenger
volume-meteorological comfort decoupling stability model
with random numbers and average values. It is found that
the results of average values are far greater than those of
random numbers, which also proves the above statement.
The calculation results are shown in Table 11.

Step 2 is calculating the dressing index. According to Eq.
(2), the daily dressing index is calculated.

Step 3 is using the entropy method to calculate the mete-
orological comfort index. Using the entropy method, the
meteorological comfort index is calculated according to Eq.
(1). The specific steps are as follows:

Step 3-1: Using the range normalization method to nor-
malize the original data set, so as to eliminate the dimen-
sional differences in each indicator, and compress the value
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of each indicator within the range of [0,1]. Assuming that
the original data matrix X is composed of m samples and
n indicators, namely X = (X;;) . then the calculation of
range standardization is shown in Eq. (5).

X;j—min(X, ;, X, 5, ..., X, )

1 i
ij X, ) — mi X

m.
Yoo max(X, Xy, ., X, ) — minX X 5,

X, ®

X}J is the range-standardized data; i is the sample i; j is
the indicator j; and m is the number of samples. In this
study, when calculating the meteorological comfort,
m = 365; n is the number of indicators, and is set asn = 5,
indicating maximum temperature, minimum temperature,
precipitation, wind speed, and dressing index. When han-
dling the range normalization of urban rail transit passen-
ger volume, m = 365; n is the number of cities, and is set
as n = 28, indicating Shanghai, Beijing, Guangzhou, Shen-
zhen, Chengdu, Wuhan, Chongqing, Xi’an, Nanjing,
Changsha, Zhengzhou, Tianjin, Suzhou, Shenyang, Qing-
dao, Hefei, Nanchang, Nanning, Kunming, Harbin, Xia-
men, Dalian, Changchun, Shijiazhuang, Guiyang, Chang-
zhou, Foshan, and Dongguan.

Step 3-2: Calculating the value proportion of the sample
i of the indicator j, with the calculation formula shown
in Eq. (6).

1

P..:— l=l,...,m,

Ui m 1’
Zi:]Xij

P;; is the value proportion of the sample i of the indica-
tor j.

Step 3-3: Calculating the weight y; of the indicator j,
with the calculation formula shown in Eq. (7).

j=1,...,n 6)

1+ (=X PyInPy)

" [+ (x| @

v; is the weight coefficient.

Step 4 is calculating the passenger volume—meteoro-
logical comfort decoupling evaluation model and stability
model, and then carrying out analysis and discussion.

The pseudocode for meteorological data preprocessing
and comfort index calculation is as follows.
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Algorithm 1 Meteorological data preprocessing and comfort index calculation

Input: Raw daily meteorological text data (temperature, weather, wind), 365 days
Output: Normalized meteorological comfort index for each day

1. Initialize empty arrays:

MaxTe emp[ ], I\/IjnTemp[ ],Precipitation[ ],WindSpeed[ ],Dresslndex[ ]

2. FOR each day in dataset:
a. Extract maximum temperature and minimum temperature from text
b. Extract wind direction; convert to numerical wind speed using national standard (Table 8)

c. Identify weather description (e.g., “light rain”, “moderate snow”’)

d. Convert weather description into numeric precipitation:
IF using random method:
Generate a random value within the standard range of the level (see Table 7)
ELSE IF using midpoint method (for robustness test):
Use midpoint of corresponding level
e. Store extracted values into arrays

3. Compute daily dressing index using Formula (2); store in Dress[ndex[ ]
4. Form the raw data matrix X with 72 =365 rows (days) and # =5 columns:
X = [MaxT emp, MinTemp, Precipitation, WindSpeed, Dresslndex]

5. Normalize X using range normalization (Formula 5):

FOR each column jin X :

Compute min(X[:,j]) and max(X[:,j])
FOR each row 1i:
X _norm[i][ j]=(X[i][/]-min_j)/(max_j—min_j)

6. Compute proportion matrix P using Formula (6):
FOR each j in columns:

col sum= sum(X_norm[:,j])
FOR each 1:
P[i][j]:X_norm[i][j]/col_sum

7. Compute entropy weights » j using Formula (7):
FOR each indicator j :

e_j= —(l/ln(m)) *sum(P[i][j]*ln(P[i][j]))

y_j=(-e_j)/sum(l—e_j) overall j

8. Compute daily meteorological comfort index:
FOR each day i:

Comfort]ndex[i] zsum(P[i][j]*}/_jforj =1to 5)

Return: Comfort]ndex[ ]
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Fig. 1 Daily distribution of urban rail transit ridership in different cities

5 Results and Discussion

5.1 Analysis on Daily Travel Differences in Urban Rail
Transit

In this section, the daily urban rail transit passenger volume
of 28 cities in 2023 is visualized using a heatmap, with daily
dates as the horizontal axis and cities ranked by annual pas-
senger volume as the vertical axis.

As shown in Fig. 1, all cities except Shijiazhuang exhibit
clear weekday/non-weekday patterns, reflecting differences
in passenger volume between working and non-working
days. In most cities, weekday ridership is higher, while in
nine cities (e.g., Dongguan, Foshan, Changzhou, Nanning)
non-working day ridership exceeds weekday levels. Shi-
jiazhuang shows no obvious pattern due to special travel
encouragement measures implemented on December 16,
which gradually boosted ridership. Meteorological disrup-
tions also led to temporary suspensions in six cities (e.g.,
Beijing, Guangzhou, Shenzhen), where passenger volumes
dropped markedly.

Seasonal and holiday effects are also apparent. During the
Spring Festival, passenger volume across all 28 cities reached
its annual minimum, reflecting both family gatherings and the
large-scale holiday migration. Conversely, during the Labor
Day holiday, 12 tourist cities (e.g., Wuhan, Chongging, Xi’an,
Nanjing) recorded their annual peak ridership, while Shanghai
and Beijing showed relatively lower demand. These findings
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highlight the strong influence of holidays and special events on
ridership and suggest that cities should adjust train schedules
accordingly—reducing services in low-demand periods and
enhancing capacity during peaks.

5.2 Impact of Meteorological Factors on Meteorological
Comfort Index

In this section, the meteorological comfort index is dis-
cussed, along with the weights assigned to maximum tem-
perature, minimum temperature, wind speed, precipitation,
and clothing index. According to Fig. 2 and Table 10, pre-
cipitation has the greatest contribution to the comprehensive
evaluation of meteorological comfort index among all cities.
The city with the highest weight (0.06) for maximum tem-
perature is Zhengzhou, and the city with the lowest weight
(0.02) for maximum temperature is Kunming; the city with
the highest weight (0.06) for minimum temperature is Xi’an,
and the city with the lowest weight (0.03) for minimum tem-
perature is Shenzhen; the city with the highest weight (0.82)
for precipitation is Shijiazhuang, and the city with the lowest
weight (0.68) for precipitation is Guiyang; the city with the
highest weight (0.15) for wind speed is Chongqing, and the
city with the lowest weight (0.06) for wind speed is Shiji-
azhuang; the city with the highest weight (0.11) for dressing
index is Nanning, and the city with the lowest weight (0.05)
for dressing index is Shijiazhuang.
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Fig. 2 Weight coefficient distribution of each factor in meteorological comfort index

The weight of the factors maximum temperature, mini-
mum temperature, wind speed, precipitation, and dressing
index in the meteorological comfort index varies in each
city, which also verifies that the meteorology exhibits dif-
ferent characteristics in different regions, and indicates that
it is necessary to conduct analysis between different regions
when comprehensively analyzing the relationship between
various meteorological factors and urban rail transit pas-
senger volume.

5.3 Impact of Meteorological Factors on Urban Rail
Transit Travel

In this section, the data from 28 cities are used to calculate
the Pearson correlation coefficient between daily maxi-
mum temperature, minimum temperature, wind speed,
precipitation, or dressing index, and passenger volume
in each city, in order to explore the relationship between
individual meteorological factors and urban rail transit
passenger volume.e

The cities are classified according to the first-level
regional division of land meteorological geography in
China, the cities in each region are sorted in descending
order of latitude, and a scatter plot of the Pearson cor-
relation coefficient calculation results is made, as shown
in Fig. 3. It can be found that the city most affected by

maximum temperature is Qingdao, and the city least
affected by maximum temperature is Shenyang; only Shi-
jiazhuang is negatively correlated, while all other cities
are positively correlated. The city most affected by mini-
mum temperature is Qingdao, and the city least affected by
minimum temperature is Zhengzhou; only Shijiazhuang is
negatively correlated, while all other cities are positively
correlated. The city most affected by wind speed is Harbin,
and the city least affected by wind speed is Shanghai; only
Dalian, Wuhan, Chongqing, Shijiazhuang, and Qingdao
are negatively correlated, while all other cities are posi-
tively correlated. The city most affected by precipitation
is Xiamen, and the city least affected by precipitation is
Harbin; only Chongqing, Kunming, Changchun, Qing-
dao, Chengdu, Guiyang, Shanghai, Suzhou, and Harbin
are positively correlated, while all other cities are nega-
tively correlated. The city most affected by dressing index
is Qingdao, and the city least affected by dressing index
is Hefei; only Shijiazhuang is positively correlated, while
all other cities are negatively correlated.

In the North China region, the maximum temperature,
minimum temperature, and wind speed decrease as the lati-
tude of city decreases, there is no significant relationship
between precipitation/dressing index and latitude of city, and
the precipitation is concentrated around —0.06. In the North-
east region, these five factors are not significantly related to
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Table 10 Weight coefficient of each factor in meteorological comfort index

18

Dressing index

Precipitation ~ Wind speed
temperature

Minimum

temperature

Maximum

Precipitation ~ Wind speed  Dressing index City
temperature

Minimum

temperature

Maximum

City

Springer

0.07
0.07
0.08
0.08
0.09
0.09
0.10
0.11
0.09
0.07
0.07
0.10
0.08
0.06

0.12
0.08
0.07
0.12
0.10
0.09
0.07
0.08
0.07
0.09
0.15
0.12
0.09
0.10

0.75
0.75
0.76
0.70
0.75
0.76
0.76
0.73
0.79
0.75
0.69
0.68
0.76
0.74

0.03
0.05
0.06
0.05
0.04
0.04
0.04
0.04
0.03
0.05
0.04
0.05
0.05
0.06

0.03
0.06
0.04

0.

Xiamen

0.06
0.06
0.05
0.09
0.10
0.09
0.07
0.07
0.09
0.09
0.08
0.08
0.07

0.08
0.06
0.06
0.08
0.06
0.09
0.10
0.08
0.07
0.08
0.09
0.08
0.07
0.09

0.80
0.82
0.82
0.74
0.75
0.76
0.78
0.79
0.75
0.75
0.73
0.76
0.77
0.74

0.03
0.03
0.03
0.05
0.05
0.04
0.03
0.03
0.04
0.04
0.05
0.05
0.04
0.04

0.03
0.03
0.03
0.04
0.04

Beijing

Zhegnzhou
Wuhan

Tianjin

Shijiazhuang
Harbin

04

Changsha

0.03
0.03
0.03
0.03
0.03
0.04
0.05
0.04
0.02
0.04

Guangzhou

Changchun

Dongguan

0.03
0.03
0.03
0.04
0.03

Shenyang

Foshan

Dalian

Nanning

Qingdao
Hefei

Shenzhen

Chengdu

Changzhou

Chongqing

0.04
0.04
0.04
0.04

Shanghai

Guiyang

Nanjing

Kunming

Xi’an

Suzhou

0.09

Nanchang

latitude of city, and the precipitation is concentrated around
0. In the East China region, there is no significant relation-
ship between maximum/minimum temperature/dressing
index and latitude of city, the precipitation is concentrated
around 0, and the wind speed is concentrated around 0.05.
In Central China region, the maximum/minimum tempera-
ture increase as the latitude of decreases, the dressing index
decreases as the latitude of city decreases, and the precipi-
tation is concentrated around —0.07. In the South China
region, the wind speed is concentrated around 0, the precipi-
tation is concentrated around — 0.04, and the locations with
maximum temperature are generally higher than those with
minimum temperature, indicating that the urban rail transit
passenger volume in the South China region is more affected
by maximum temperature. In the southwest region, there is
no significant relationship between these five factors and the
latitude of city, and the precipitation is concentrated around
0. In the northwest region, the locations with maximum tem-
perature are higher than those with minimum temperature,
indicating that the urban rail transit passenger volume in the
northwest region is more affected by maximum temperature.

In general, the precipitation and wind speed in most cities
are concentrated in a numerical range, indicating that the
impact of precipitation and wind speed on urban rail transit
passenger volume is consistent in such cities. The maximum/
minimum temperatures show a positive correlation with the
urban rail transit passenger volume in all cities. However,
the relationship with latitude of city varies depending on
the region. For example, in the North China region, there
is a positive correlation with latitude of city, but in the East
China region, there is a negative correlation with latitude
of city, which also proves the climatic differences between
different regions. The dressing index shows a negative cor-
relation with urban rail transit passenger volume in all cit-
ies, and there is no changing pattern in its relationship with
latitude of city.

5.4 Analysis and Evaluation on Decoupling

In this section, the relationship between meteorological
comfort and urban rail transit passenger volume is studied,
namely the relationship between the five meteorological
factors as a whole and the urban rail transit passenger vol-
ume. Based on the calculation results, a classified heatmap
is established, as shown in Fig. 4. According to statistics,
the cities with the most Class A, Class B, and Class C days
are Tianjin (24 days), Xiamen (188 days), and Hefei (205
days), respectively; the cities with the fewest are Changsha
(6 days), Hefei (145 days), and Beijing (163 days).

With respect to the distribution pattern of Class A days
in various cities, it is quite obvious that such days are
mainly distributed on Mondays and the first day of work
after holidays in Beijing, and on Fridays in Chongqing; the
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Fig. 3 Scatter plot of pearson correlation coefficient

regularity that appears in other cities is not very strong.
Therefore, it is necessary to analyze the decoupling stabil-
ity and further identify the relationship between meteoro-
logical factors and urban rail transit passenger volume.
The analysis results of decoupling stability are shown in
Table 11. Chongqing has the strongest decoupling stabil-
ity. Eight Class A days occurred in Chongqing, of which
5 days are distributed on Mondays, with 1 day each on
Spring Festival, Labor Day and Friday. Although Tianjin
has the most Class A days, its decoupling stability is 5.50,
not very high. Based on the daily distribution chart of
meteorological comfort, the occurrence of extreme mete-
orological comfort in China is rare, as shown in Fig. 5. By
observing the timing of Class A days occurring in Tian-
jin and Chonggqing, it can be found that the reason why
Chongqing is stable is because the meteorological comfort
did not change significantly in the two consecutive days.
Similarly, comparing all cities, it can be found that,
firstly, the number of Class A days occurring is not very
high; secondly, the Class A days often occurred in the
manner that the change in meteorological comfort was
not significant in two consecutive days, and the mete-
orological environment on the second day deteriorated
slightly as compared to the first day. In such case, the rapid
increase in passenger volume seems to be more affected
by the weekly travel patterns. After statistical analysis, the

weekly patterns of Class A days are that they are highly
likely to occur on Mondays in Beijing, Tianjin, Harbin,
Changchun, Dalian, Qingdao, Hefei, Shanghai, Nanjing,
Wuhan, Guangzhou, Shenzhen, Chengdu, Chongqing and
Guiyang, are highly likely to occur on Fridays in Shiji-
azhuang, Shenyang, Changzhou, Suzhou, Nanchang,
Xiamen, Zhengzhou, Changsha, Dongguan, Nanning,
Kunming and Xi’an, and are highly likely to occur on Sat-
urdays in Foshan. This may be due to the characteristics
of urban travel. Those cities with Class A days occurring
on Mondays are often the leading cities in their respective
region, and perhaps Mondays are the beginning of a week
of work; those cities with Class A days occurring on Fri-
days are often non-leading cities in a certain region, which
may take on more travel from leading cities. In order to
understand the relationship between them, the OD travel
data within each region are required.

By adopting the measures to encourage travel, the
urban rail transit passenger volume in Shijiazhuang was
increased, but no Class A phenomenon occurs, which
indicates that travel encouraging measures are effective
for Shijiazhuang, but from a decoupling perspective, their
effect is not obvious, and there is still potential to tap into
passenger volume.
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Fig. 4 Thermodynamic diagram of classification decoupling calculation results

Table 11 Stability of passenger volume decoupling in urban rail
transit

City Stability Stability — City Stability Stability
of aver- of average
age

Chongging 0.90 364.78 Changchun  2.75 205.09

Suzhou 0.96 101.04 Guiyang 3.12 256.34

Wuhan 1.30 334.29 Beijing 332 227.73

Xi’an 1.32 91.64 Nanning 3.33 86.99

Qingdao 1.35 195.62 Shanghai  3.61 69.58

Changsha 1.44 100.03 Harbin 4.44 107.00

Xiamen 1.61 364.88 Nanjing 5.05 216.50

Hefei 1.69 39.19 Tianjin 5.50 584.39

Foshan 1.90 307.35 Changzhou 5.63 146.19

Guang- 2.14 195.93 Dongguan  6.00 202.95

zhou

Chengdu  2.20 167.78 Shiji- 6.15 317.34

azhuang

Zhengzhou 2.22 159.24 Shenyang  6.22 92.13

Kunming 2.4 479.61 Nanchang  6.40 487.27

Dalian 2.65 145.43 Shenzhen  7.92 315.22

5.5 Practical Implications and Policy
Recommendations

Our findings have several implications for urban rail tran-
sit management and policy. First, the decoupling model

@ Springer

provides a quantitative tool for identifying the extent to
which ridership is resilient or vulnerable to meteorological
fluctuations. Transportation authorities can use this informa-
tion to anticipate passenger demand under adverse weather
conditions and to adjust train frequencies, staffing, and emer-
gency preparedness accordingly.

Second, the classification of decoupling states (Classes A,
B, and C) offers a diagnostic framework. For example, cit-
ies frequently exhibiting Class C states may require invest-
ment in weather-resilient infrastructure, such as improved
drainage systems, snow removal capacity, or enhanced sta-
tion design to mitigate environmental impacts on passenger
comfort.

Third, by monitoring the stability of decoupling over
time, policymakers can evaluate whether interventions—
such as improved passenger information systems, integrated
weather alerts, or fare incentives during adverse weather—
effectively enhance system robustness. This aligns with
broader goals of sustainable urban mobility by ensuring
service continuity and minimizing social disruption caused
by weather events.

Finally, the model underscores the importance of incor-
porating meteorological comfort into transport planning
alongside traditional built environment and demand-side
factors. Policy recommendations include (1) integrating
meteorological comfort indices into transport demand fore-
casting models, (2) strengthening cross-sector collaboration
between meteorological agencies and transit authorities, and
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Fig. 5 Daily distribution of meteorological comfort

(3) designing adaptive operational strategies that maintain
ridership stability during environmental degradation.

6 Conclusions and Prospect

This study constructed a meteorological comfort model to
analyze the decoupling relationship between meteorologi-
cal comfort and urban rail transit ridership in 28 Chinese
cities. By incorporating multiple meteorological factors—
including maximum and minimum temperature, precipita-
tion, wind speed, and dressing index—the model provides
a multi-dimensional perspective for understanding how
weather conditions shape daily transit demand.
The main findings can be summarized as follows:

(1) Heatmaps, combined with normalization, provide an
effective tool to visualize daily passenger volume and
meteorological comfort, allowing for intuitive recogni-
tion of travel patterns and stability across cities.
Short-term travel encouraging measures, such as those
observed in Shijiazhuang, can temporarily increase
ridership, but show limited effect from a decoupling
perspective, suggesting they are insufficient to funda-
mentally alter travel behavior.

The relative weights of meteorological factors in the
comfort index differ across regions, reflecting the het-
erogeneity of local climates.

2

3

-0.025

(4) Individual meteorological factors have distinct impacts:
maximum and minimum temperatures are positively
correlated with ridership; dressing index shows a nega-
tive correlation; precipitation and wind speed exhibit
region-dependent effects.

The decoupling analysis reveals significant differ-
ences across cities. For instance, Tianjin recorded the
highest number of Class A days (24 in 2023), though
with unstable distribution, while Chongqing displayed
greater stability, particularly on Mondays.

&)

From a practical perspective, these results suggest that
transportation authorities should integrate meteorologi-
cal comfort indices into demand forecasting and service
planning. The decoupling classification framework can
help identify cities or periods with higher vulnerability,
informing targeted strategies such as adaptive scheduling,
enhanced weather-resilient infrastructure, and improved
passenger information services during adverse conditions.

There are limitations to this study, as it focuses solely
on rail transit ridership while excluding other public trans-
port modes such as buses and trams. Future research could
broaden the scope to multimodal systems, refine prediction
algorithms with real-time meteorological data, and inte-
grate operational scheduling data of rail vehicles. Compar-
ative studies across different climatic regions or countries,
using local meteorological standards, would also enhance
the generalizability of the model. Such efforts will pro-
vide stronger guidance for improving urban resilience,

@ Springer
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enhancing passenger services, and optimizing rail transit
operation under changing meteorological conditions.
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