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The environmental loads of the bridge structures in these 
areas are more intense and complex than those in plain 
areas. When designing long-span bridges in these areas, 
it is essential to comprehensively consider the impact of 
extreme environmental parameters, particularly air tem-
perature, solar radiation, and wind, which are often corre-
lated (Valipour 2015; Abid et al. 2022). Changes in ambient 
air temperature, solar radiation, and wind can significantly 
affect the temperature field in structures (Emerson 1976). 
Therefore, field measurement and analysis of these param-
eters are crucial for determining design load values of long-
span bridges in complex mountainous areas.

In studies related to the field-measured wind environ-
mental parameters at bridge sites, scholars have mainly 
focused on wind parameters such as wind speed, attack 
angle, gust factor, turbulence intensity, and turbulence inte-
gral scale with the ultimate goal of evaluating their effects 
on bridge structural loads and dynamic responses (Li et al. 
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In complex mountainous areas with high mountains and deep valleys, bridge sites are prone to strong winds, solar expo-
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2015; Yu et al. 2019; Liao et al. 2020; Zhang et al. 2021b; 
Fenerci et al. 2017). However, none of these factors con-
siders the load effects of air temperature and solar radia-
tion on the structure, and the actual combined loads on the 
structure are difficult to determine. Solar radiation and air 
temperature are generally interrelated. In studies related to 
the actions of air temperature and solar radiation on bridge 
structures based on field measurements, Chen et al. (2012) 
studied the impact of solar radiation and environmental air 
temperatures on environmental thermal effects and estab-
lished a two-dimensional heat transfer model for the tem-
perature variation of the bridge tower over time. Abid et al. 
(2016) constructed a large concrete box girder segment and 
installed sensors to measure temperature and solar radia-
tion. They also proposed an empirical formula to predict the 
maximum vertical temperature gradient at the top surface 
of concrete superstructures. Dilger et al. (1983) predicted 
the temperature distribution in composite beam bridges by 
analyzing the diurnal temperature difference of structures 
exposed to solar radiation and summarized the temperature 
stress distribution in box sections under the most unfavor-
able temperature field. However, wind has a significant 
impact on the study of the aforementioned thermal effects 
and has not been considered.

The abovementioned literature mainly focuses on wind 
characteristics or thermal effect characteristics of air tem-
perature and solar radiation individually, and the discussion 
on the joint effects of measured air temperature, solar radia-
tion, and wind speed is absent, with even fewer measure-
ments taken in mountainous areas. To explore the effect 
of the combined air temperature, solar radiation, and wind 
speed on temperature action values of bridges in complex 
mountainous areas, establishing the joint distribution of 
air temperature, solar radiation, and wind models based 
on field-measured data is necessary. An effective strategy 
for establishing multi-parameter joint distribution models 
is based on the Copula theory, first introduced by Sklar 
(1959) to describe the correlation between multiple vari-
ables and provide an appropriate tool for calculating mul-
tivariate joint distributions. It splits the joint distribution of 
multiple variables into the marginal distributions of inde-
pendent variables and the Copula function that connects 
them based on the decomposition idea. The Copula theory 
has been further refined in recent decades (Kampé de Fériet 
1973; Genest and Rivest 1993; Nelsen 2006) and applied 
in numerous research fields. In wind engineering research, 
many scholars have used various Copula functions to study 
the correlations between wind speed, wind direction, angle 
of attack, and turbulence intensity (Chen et al. 2022; Zhang 
et al. 2022, 2023a, b; Huang et al. 2023). In the field of 
temperature research, some researchers have also used cop-
ula functions to establish joint probability models for solar 

radiation, environmental temperature, sunshine duration, 
and temperature difference (Yet et al. 2019; Panamtash et 
al. 2020; Abraj and Hewaarachchi 2021; Zhang et al. 2021a; 
Ramírez et al. 2021). Currently, there are few studies uti-
lizing Copula theory for joint analysis of air temperature, 
solar radiation, and wind speed. Moreover, the applicabil-
ity of this approach to multiple environmental parameters 
in mountainous regions remains to be thoroughly evaluated.

Moreover, these environmental parameters rarely reach 
extreme values simultaneously, making it essential to con-
sider their combined effects. Current specifications (Euro-
pean Committee for Standardization 2004; Ministry of 
Transport of the People’s Republic of China 2015; American 
Association of State Highway and Transportation Officials 
2020) overlook the impact of solar radiation on temperature 
distribution in mountainous regions and neglect its contri-
bution to uniform temperature calculations. Furthermore, 
the simple superposition of air temperature and wind loads 
often results in overestimated combined loads, leading to 
conservative structural design and high construction costs. 
The varying regularity of temperature actions on bridges in 
mountainous sites under the combined influence of air tem-
perature, solar radiation, and wind speed still needs further 
clarification. Therefore, it is necessary to establish a joint 
distribution model considering multiple environmental 
parameters to provide a reference for the design loads of 
long-span Bridges in mountainous areas.

The remaining sections of this paper are as follows. 
Section 2 introduces the methodology, including concepts 
such as marginal distribution models, Copula functions, 
the most-likely combination value, and return periods. Sec-
tion 3 describes the data sources and provides preliminary 
analysis and classification. Section 4 presents the results and 
discussion of the data analysis, and Sect. 5 summarizes the 
main conclusions of this study.

2  Methodology of the joint distribution of 
air temperature, solar radiation, and wind 
speed

This section primarily introduces the methodology for 
investigating the joint distribution of temperature, solar 
radiation, and wind speed. Figure  1 shows a step-by-step 
schematic for the study.

This study utilizes environmental parameter data from 
field measurements in complex mountainous bridge sites 
for data segmentation and statistical analysis. We then 
establish joint distribution models of extreme air tempera-
ture and its corresponding solar radiation and wind speed 
using various Archimedean Copula functions. These models 
are used to derive the joint values of air temperature and 
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its corresponding solar radiation and wind speed under dif-
ferent return periods, which are subsequently converted to 
extreme temperature action values for bridge structures. 
Finally, a reduction coefficient of temperature action is pro-
posed to reflect the differences in temperature action values 
between univariate and multivariate return periods.

2.1  The marginal distribution models of air 
temperature, solar radiation, and wind speed

The premise of establishing a reliable joint distribution 
model of environmental parameters is to determine the 
most suitable marginal distribution models for each envi-
ronmental parameter. The distribution model for extreme 

environmental parameters varies across areas and types, 
with no definitive conclusion on its applicability (Riera and 
Nanni 1989). The commonly used distribution model and its 
probability density function (PDF) and cumulative distribu-
tion function (CDF) are listed in Table A1 in the Appendix, 
including the Generalized Extreme Value distribution (Jen-
kinson 1955), Log-Normal distribution, Gamma distribu-
tion, and Logistic distribution. This research will first test 
the applicability of these distribution models to the samples 
of the measured air temperature, solar radiation, and wind 
speed in the study area. The parameters of the distribution 
model were determined using the maximum likelihood esti-
mation (MLE) method (Casella and Berger 2024).

Fig. 1  Flowchart of the joint distribution study of air temperature, solar radiation, and wind speed
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yi, then xj >yj ), and N represents the number of statistical 
objects.

The relationship between the Kendall rank correlation 
coefficient τ  and the generator functionφof the Copula is 
defined as follows:

τ = 1 + 4
ˆ 1

0

φ(t)
φ′(t)

dt� (2)

where φ′(t) is the first derivative of φ(t).
Through Eq. (2), the relationships between the Kendall 

rank correlation coefficient τ  and the three typical Archime-
dean Copula parametersθare shown in Table 1.

The parameters of the bivariate Copula functions are 
estimated using Eq. (1) to Eq. (5), while the parameters of 
the trivariate Copula functions are estimated using the MLE 
method described in Sect. 2.1.

2.3  Goodness-of-fit evaluation metrics

For the marginal distribution models of air temperature, 
solar radiation, and wind speed, the Kolmogorov–Smirnov 
test (K–S test), the coefficient of determination (R²), the root 
mean square error (RMSE), and the Bayesian information 
criterion (BIC) are commonly used to assess the goodness-
of-fit of the target parameters.

The Kolmogorov–Smirnov (K–S) test evaluates the con-
sistency between the empirical distribution Fn(x) and the 
theoretical distribution F0(x) by measuring their maximum 
divergence D, defined as:

D = sup
x

|Fn(x) − F0(x)|� (6)

where the operator sup (supremum) denotes the least upper 
bound of absolute differences across all observed data points. 
The null hypothesis H0 states that the sample data distri-
bution conforms to the assumed distribution function. The 
hypothesis is accepted if the distance value D < D(n, α) 
or the p-value p > α(α is the significance level (typically 
set at 0.05) and p is the probability of the null hypothesis 
being true).

For the Copula joint distribution models of air tempera-
ture, solar radiation, and wind speed, the evaluation metrics 
listed in Table A3 are used to assess the fitting performance.

2.2  The joint distribution of air temperature, solar 
radiation, and wind speed

After obtaining the optimal marginal distribution models for 
air temperature, solar radiation, and wind speed during hot 
and cold seasons, the Archimedean Copula family was used 
to construct the joint distributions of air temperature, solar 
radiation, and wind speed.

2.2.1  Archimedean copula family

The Archimedean Copula family is a type of Copula func-
tion used to model and analyze the dependence relationships 
among multivariate random variables (Genest and Mackay 
1986). It simplifies complex dependence issues into uni-
variate problems and converges quickly, making it widely 
applicable. This study employs the Clayton, Frank, and 
Gumbel Copulas (Nikoloulopoulos 2013) to establish the 
joint distribution of environmental parameters. These three 
Copula functions can completely describe the characteris-
tics of environmental data (Li et al. 2016; Yin et al. 2017), 
including upper tail dependence, lower tail dependence, and 
symmetric dependence. A detailed description of these three 
copulas can be found in Table A2 in the Appendix.

2.2.2  Parameter estimations of copula functions

The key step of establishing the Copula model is the deter-
mination of parameters, and the correct parameters play a 
decisive role in the Copula model. This study utilizes the 
relationship between the Kendall rank correlation coeffi-
cient and the generator function φ of the Copula function to 
deduce the parameterθof the Copula function. The Kendall 
rank correlation coefficient measures the strength of mono-
tonicity between two variables, determined.

as follows:

τ = P − Q

N(N − 1)/2
= 4P

N(N − 1)
− 1� (1)

where P denotes the number of concordant pairs( two sam-
ples (xi,yi), (xj,yj), when xi >yi, then xj >yj or when xi < yi, 
then xj < yj ), Q denotes the number of discordant pairs( two 
samples (xi,yi), (xj,yj), when xi >yi, then xj < yj or when xi < 

Table 1  The relationship between the Kendall rank correlation coefficient and the parameters of copula functions
Copula functions The relationship betweenτandθ

Clayton τ = θ
2+θ

(3)

Frank τ = 1 + 4
θ [ 1

θ

´ θ

0
t

exp(t)−1 dt − 1] (4)

Gumbel τ = 1 − 1
θ

(5)
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2.4.3  The most-likely combination values of air 
temperature, solar radiation, and wind speed

Salvadori et al. (2015) introduced the concept of “most-
likely combination value” for multivariate return periods, 
which identifies the most probable situation on a contour 
line or surface, as shown in Fig. 3. The most-likely com-
bination value occurs at the intersection of the line where 
the distribution functions of the random variables U and V 
are equal (Fu=Fv) and the contour line of the return period, 
where the joint probability density function f (u, v) attains its 
maximum. This approach is applied to determine the joint 
values of air temperature, solar radiation, and wind speed 
for different return periods during hot and cold seasons.

2.4  The joint values of air temperature, solar 
radiation, and wind speed under return periods

This section introduces the concepts of univariate and mul-
tivariate return periods for the comparative analysis of tem-
perature effect values in the following sections.

2.4.1  Univariate return period

The univariate return period is the average interval between 
two consecutive occurrences of a specified event. Assuming 
that a random variable follows a distribution FX (x), then the 
expression of the univariate return period T(x) is:

T (x) = λT

1 − P (X ⩽ x)
= λT

1 − FX(x) � (7)

whereλT is the time interval between events.

2.4.2  Multivariate return periods

Under the bivariate joint distributionC(u, v), the return 
period corresponding to either variable exceeding a specific 
value is called the “OR” return period, and the return period 
associated with both variables simultaneously exceeding a 
specific value is called the “AND” return period. The Ken-
dall return period. To solve the limitations of the above two 
traditional return periods, Salvadori et al. (2013) proposed 
the concept of the Kendall return period, which defines haz-
ardous regions of return periods based on joint distribution 
values. The expressions for the above multivariate return 
periods are provided in Table A4 of the Appendix.

As illustrated in Fig. 2, the blue area represents the haz-
ardous zone. For events P1 and P2, both the “OR” return 
period and the “AND” return period may lead to misjudg-
ments in engineering event assessment. In contrast, the 
Kendall return period provides a more reasonable and reli-
able estimate for event evaluation.

Fig. 3  The definition of the most-likely combination value

 

Fig. 2  Multivariate return periods
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or lowest temperature. The negative value will be taken 
when the temperature is below 0 °C.

2.5.2  The reduction coefficient of temperature action

To investigate the variation of the temperature action values 
on the bridge structure under multivariate return periods, the 
temperature action reduction coefficient is defined asα, and 
its expression is as follows:

α = ∆T1

∆T0
= TD − Tmean

TM − Tmean
� (14)

where ∆T1 represents the difference between the extreme 
value and the mean value of temperature action on the 
bridge structure under the multivariate return period,∆T0
represents the difference between the extreme value and the 
mean value of temperature action on the bridge structure 
under the univariate return period. TD and TM represent the 
temperature action values for bridge structures under mul-
tivariate and univariate return periods, respectively. Tmean 
represents the mean value of temperature action on the 
bridge structure under the univariate return period.

2.5  Temperature actions of bridge structures

As illustrated in Fig.  4, environmental loads on bridge 
structures in mountainous areas involve multiple factors. 
The temperature action value is defined as the structure’s 
comprehensive response to environmental thermal effects. 
This study converts the joint values of air temperature, solar 
radiation, and wind speed under various return periods into 
extreme temperature action values based on the Chinese 
specification(Ministry of Transport of the People’s Repub-
lic of China 2015). The impact of multiple environmental 
parameters on bridge temperature effects is then examined 
using a proposed temperature action reduction coefficient.

2.5.1  Temperature action value

According to the Chinese specification, the maximum and 
minimum temperature actions on bridge structures with dif-
ferent materials can be determined based on the local ambi-
ent temperature, as shown in Table 2.

where Tt represents the air temperature. For concrete 
structures, it is the local historical highest daily average 
temperature or lowest daily average temperature, and for 
steel structures, it is the local historical highest temperature 

Table 2  The temperature actions on Bridge structures
Maximum temperature action value Minimum temperature action 

value
Steel bridges with steel deck slabs Tg,e1 = 38.00 + Tt−20

2.00
(8) Td,e1 = −1.48 + Tt

0.91
(9)

Steel bridges with concrete deck slabs Tg,e2 = 28.23 + Tt−20
1.44

(10) Td,e2 = −0.12 + Tt

1.21
(11)

Concrete bridges and stone bridges Tg,e3 = 24.14 + Tt−20
1.40

(12) Td,e3 = Tt+1.85
1.58

(13)

Fig. 4  The thermal environment in which the bridge structure is located
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at an altitude of approximately 3800  m and about 400  m 
above the canyon floor. The bridge site area features criss-
crossing valleys and significant terrain undulations, coupled 
with complex and variable weather conditions and frequent 
extreme weather events, which greatly impact the bridge. 
Therefore, the monitoring system is deployed near the trans-
verse side of the bridge, at a vertical height of about 300 m, 
to collect environmental parameters.

A 10  m high CAWS600-RT six-element automatic 
weather station (AWS) and a 50 m high meteorological mast 
have been installed in the research area to collect environ-
mental parameter data. Figure 6 provides a detailed descrip-
tion of the sensors installed on the automatic weather station 
and the meteorological mast. The design for the anemom-
eters and the meteorological mast follows the provisions 
specified in the International Electrotechnical Commission 

3  Data sources

In complex mountainous areas with undulating terrain and 
variable climate, the distribution of air temperature, solar 
radiation, and wind speed is strongly affected by topogra-
phy, altitude, and local circulation. These unique climatic 
features directly influence the temperature field of bridge 
structures. Hence, installing environmental monitoring 
devices is essential to support large-span bridge construc-
tion in such regions.

3.1  Research area and measuring system

The research area was located in a typical high-altitude 
V-shaped deep canyon, as shown in Fig. 5. The bridge spans 
from the southwest to the northeast, with the deck situated 

Fig. 6  Layout of the field measuring devices

 

Fig. 5  The topography and geomorphology surrounding the research area
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3.2  Data processing and classification

The measurement period spans two years, during which a 
comprehensive dataset of environmental parameters was 
collected. This study primarily utilized air temperature data 
collected by the temperature sensor mounted on the auto-
matic weather station near the meteorological mast where 
ultrasonic anemometers are installed. The air temperature 
data recorded by the ultrasonic anemometer at the 20  m 
height is generally more continuous and complete, although 
it is subject to inaccuracies due to virtual temperature 
effects. To address this limitation, the ultrasonic anemom-
eter data is used to fill in the missing values of the tem-
perature sensor in the automatic weather station, providing a 
more comprehensive and reliable temperature dataset. Due 
to the proximity of the AWS to the meteorological mast, the 
temperature measurements from both sites exhibit strong 
spatial consistency, allowing for a regression analysis to be 
conducted using their shared air temperature data.

As shown in Fig. 8, a regression analysis yields an R² of 
0.99 and an RMSE of 0.89. Based on this relationship, ultra-
sonic anemometer data at corresponding time points were 
converted to match the AWS measurements, enabling the 
interpolation of missing temperature sensor values on AWS. 
The overall missing rate of the AWS temperature sensor was 
less than 1% and the interpolation records account for only 
a small portion of the complete extreme temperature data-
set, which was subsequently used in the joint distribution 
analysis.

To verify the robustness of the imputation method, addi-
tional sensitivity tests were performed by randomly remov-
ing 3% and 5% of the AWS data. The remaining AWS data 

(IEC) 61400-50-1:2022 (International Electrotechnical 
Commission (IEC) 2022). According to the provision, 
regarding the optimal mounting orientation, the lateral lay-
out of the anemometers should be oriented perpendicular to 
the prevailing wind in the canyon to minimize wake effects 
from both the meteorological mast and nearby anemome-
ters, ensuring reliable wind speed measurements. Further, 
the guideline emphasizes that meteorological masts should 
maximize flow permeability to reduce wake effects on ane-
mometers and ensure measurement accuracy and reliability. 
Moreover, the mast flow distortion should be under 1%. In 
our setup, the triangular lattice mast is installed perpen-
dicularly to the predominant wind direction, and has a high 
permeability of 0.82. The ultrasonic and propeller anemom-
eters were mounted at the same height, separated by 2.5 m 
(each positioned 1.25 m from the mast center). The mast leg 
spacing is 0.5 m, and the mast-to-sensor distance exceeds 
2.5 times the leg spacing. Given the setup of the mast, the 
flow distortion rate is below 1%. The design fully satisfies 
the recommended requirement and provides a practical bal-
ance between minimizing wake effects and maintaining 
structural stability, ensuring reliable wind measurements.

To confirm the reliability of this spacing setup, cross-
validation measurements were conducted at the same site, 
where the two anemometers were directly compared. As 
shown in Fig. 7, the daily wind speed records from the ultra-
sonic and propeller anemometers were highly consistent, 
with no abnormal discrepancies observed, thereby verifying 
that the 2.5 m separation between the instruments provides 
dependable wind speed measurements.

Fig. 7  Illustration of daily wind speed data
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when evaluating the additional deformations in bridge 
structures caused by uniform temperature changes. There-
fore, it is necessary to divide the data samples into hot and 
cold seasons.

As illustrated in Fig.  9, the hot and cold seasons are 
defined according to the variation patterns of daily extreme 
temperatures and the mean temperature. Specifically, the 
hot season is defined as the period spanning from May 1st to 
October 31st each year, while the cold season is defined as 
the period from November 1st to April 30th of the following 
year. This seasonal classification offers a structured founda-
tion for analyzing and comparing temperature changes over 
distinct periods.

This study focuses on extreme environmental loads 
relevant to temperature actions on large-span bridges in 
complex mountainous areas. The samples of minimum air 
temperature and corresponding wind speed from the hot 
season and the samples of maximum air temperature and 
their corresponding solar radiation and wind speed samples 
from the cold season are disregarded due to their low appli-
cation values for determining the temperature action values 
on large-span bridges in complex mountainous areas. The 
solar radiation corresponding to the minimum temperature 
is also excluded due to its weak correlation and small value. 
The distributions of extreme air temperatures and their cor-
responding solar radiation and wind speeds during hot and 
cold seasons are presented in Fig. 10.

It can be seen from Fig. 10 that the corresponding solar 
radiation and wind speed are much smaller than their 
extreme value when the air temperature reaches its extreme 
value in both hot and cold seasons. The extreme values 
of air temperature, solar radiation, and wind speed do not 
occur simultaneously, so it is necessary to establish joint 
distribution models of air temperature, solar radiation, and 
wind speed to explore their combined effects on large-span 
bridges in complex mountainous areas.

4  Results and discussion

4.1  Determination of marginal distributions of air 
temperature, solar radiation, and wind speed

The K–S test results (Table 3) confirm that the selected mar-
ginal distribution functions for environmental parameters 
are suitable, with all p-values exceeding 0.05 at a 0.05 sig-
nificance level.

The fitting results (Fig.  11; Table  3) show that GEV, 
Gumbel, Weibull, and Logistic distributions perform well 
in modeling maximum temperatures in the hot season, with 
R² values up to 0.99 and RMSE less than 0.03. Although 
GEV shows the best fit, its complexity leads to selecting the 

and the corresponding ultrasonic anemometer records were 
used to re-establish the regression model. The imputed val-
ues were then compared against the actual AWS observa-
tions, and the evaluation metrics (R² and RMSE) remained 
unchanged, indicating the deviations between imputed and 
actual values were negligible. These results confirm both 
the accuracy and stability of the proposed approach. The 
same interpolation method is also applied to wind speed. 
Since there is no solar radiation measurement data on the 
anemometer towers, the missing data are directly filled out 
using temporal interpolation methods (Dhevi 2014). The 
complete dataset after imputation provides a foundation for 
subsequent analysis.

Air temperature dominantly influences bridge tempera-
ture action values, most significantly impacting thermal 
expansion and contraction. The solar radiation and wind 
speed corresponding to extreme temperatures reflect the 
environmental effects most likely to accompany extreme 
temperature conditions, representing a climatic combina-
tion that significantly impacts the temperature effect values 
of the bridge. This study focuses exclusively on extreme air 
temperatures and their corresponding solar radiation and 
wind speed to ensure that the analysis results can directly 
contribute to evaluating the most unfavorable load combi-
nations in bridge design. Future research may expand the 
data range to further validate and complement the current 
findings.

Due to the varying frequency and intensity of the com-
bination occurrence of extreme air temperature, solar radia-
tion, and wind speed during different observation periods, 
a single model is insufficient to capture the overall data 
distribution. Additionally, the aforementioned specification 
considers the effects of uniform temperature increase (hot 
season) and uniform temperature decrease (cold season) 

Fig. 8  Regression analysis of air temperature data
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cold and hot seasons is established by choosing different 
Copula functions.

4.2.1  Joint distribution of air temperature, solar radiation, 
and wind speed during the hot season

Through Eq.  (1), the Kendall rank correlation coefficients 
between maximum air temperature and its corresponding 
solar radiation and wind speed are 0.38 and 0.25, respec-
tively. This indicates a predominantly positive correlation 
during hot seasons, with a stronger relationship between 
maximum air temperature and solar radiation compared to 
wind speed. Through Eq. (1) to Eq. (5), the parameters of 
the bivariate Copula models for the maximum air tempera-
ture and its corresponding solar radiation and wind speed 
in the hot season can be calculated, with results shown in 
Table 4.

The fitting results of the bivariate joint distributions of 
the maximum air temperature and its corresponding solar 
radiation and wind speed established using different Copu-
las are shown in Figs. 12 and 13, and Table 5.

Based on goodness-of-fit metrics in Table 5, the Clayton 
model is the best fit for the joint distributions of maximum 

Weibull distribution, with a relatively lower BIC value, for 
maximum air temperature. Similarly, the Logistic distribu-
tion is chosen for solar radiation, and the Log-Normal dis-
tribution for wind speed, under hot seasons. The minimum 
temperature samples are predominantly negative values 
under the cold seasons, which precludes the use of distribu-
tions with strictly positive domains, such as the Log-Normal, 
Gamma, and Weibull distributions. In contrast, the Logistic 
distribution is well-suited for describing the distribution of 
minimum air temperatures, as it can accommodate nega-
tive values and provide a good fit to the data. On the other 
hand, the Gamma distribution is found to be an appropriate 
choice for characterizing the wind speed distribution corre-
sponding to the minimum air temperature, due to its ability 
to model skewed and non-negative distributions (Table 3).

4.2  Joint distributions of air temperature, solar 
radiation, and wind speed

After selecting the optimal distribution functions for the 
environmental parameters, the optimal joint distribution of 
air temperature, solar radiation, and wind speed under both 

Fig. 9  The variation law of daily extreme temperatures
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distribution of minimum air temperature and wind speed, 
with R2 = 0.988, RMSE = 0.023, and BIC = − 2758.

4.3  The joint values of air temperature, solar 
radiation, and wind speed under return periods

In this section, a multi-parameter optimal joint distribution 
model is employed to estimate the joint values under multi-
variate return periods. These joint values are then compared 
with the univariate extreme values corresponding to the 
same return periods to highlight the differences. The statis-
tics of environmental parameter extremes under univariate 
return periods are presented in Sect. 4.3.1.

4.3.1  Extreme values of air temperature and its 
corresponding solar radiation/wind speed under the 
univariate return period

The extreme values of air temperature and its corresponding 
solar radiation and wind speed under the univariate return 
period are shown in Fig.  16. It can be seen from Fig.  16 
that during the hot season, the extreme value of the maxi-
mum temperature is 38.1 °C, the extreme solar radiation is 

air temperature with solar radiation and wind speed. In 
subsequent analysis, a trivariate joint distribution of maxi-
mum air temperature, solar radiation, and wind speed is 
constructed. Using the MLE method, the parameters for the 
Clayton, Frank, and Gumbel models are estimated as 0.19, 
0.69, and 1.06, respectively. The fitting results of the trivari-
ate joint distributions using different Copulas are presented 
in Table 6; Fig. 14.

According to Table  6, the Clayton Copula shows the 
best fit for the distribution of the maximum air temperature 
and its corresponding solar radiation and wind speed, with 
R², RMSE, and BIC values of 0.983, 0.028, and − 2589, 
respectively.

4.2.2  Joint distribution of air temperature and wind speed 
during the cold season

The Kendall rank correlation coefficient between maximum 
temperature and corresponding wind speed is − 0.17, indi-
cating a negative relationship under cold season conditions. 
The Clayton, Frank, and Gumbel Copula models yielded 
parameters of 0.01, − 1.47, and 1.00, respectively. As shown 
in Fig. 15, the Frank Copula provides the best fit to the joint 

Fig. 10  Distribution of extreme air temperatures and their corresponding solar radiation and wind speed
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return period increase with return periods. The growth rates 
of both parameters decrease over time. Notably, univariate 
return periods yield significantly higher extreme values for 
maximum air temperature, solar radiation, and wind speed 
compared to bivariate joint distributions. A similar pattern is 
observed for the joint values of maximum temperature and 
wind speed (Fig.  17b; Table  7). Considering multivariate 
joint distributions provides a more realistic assessment of 
risk, avoiding overestimations and highlighting the impor-
tance of accounting for multiple environmental factors in 
long-term engineering projects.

Under the bivariate return periods, the maximum air tem-
perature values in the joint values under the “OR” return 
period are usually the highest, followed by the Kendall 
return period, and the lowest for the “AND” return period. 
This analysis validates that joint extreme air temperature 
values derived from the “OR” return period tend to yield 
overly conservative designs, potentially leading to unneces-
sary costs and excessive safety margins. Conversely, those 
based on the “AND” return period may result in unsafe 
design conditions, compromising the structural integrity 
and reliability of the bridge. Therefore, it is recommended 
to adopt a more balanced approach by selecting the maxi-
mum air temperature value from the bivariate joint values 

2840 W/m2, and the extreme wind speed is 33 m/s under 
the 100-year return period. During the cold season, the 
extreme value of the minimum temperature is − 20.3  °C, 
and the extreme wind speed is 34.9 m/s under the 100-year 
return period. It can be observed that directly superimpos-
ing these environmental loads during bridge design would 
significantly overestimate the bridge design loads. Based on 
Sect. 2.4.3, the joint values of temperature, solar radiation, 
and wind speed during different seasons are calculated as 
follows.

4.3.2  The joint values of air temperature, solar radiation, 
and wind speed during the hot season

(1)	 Bivariate joint distribution

During the hot seasons, the contour maps of the bivariate 
joint distribution of maximum air temperature and its cor-
responding solar radiation and wind speed under different 
return periods are shown in Fig. 17, and the corresponding 
joint values are shown in Table 7.

As shown in Fig. 17a; Table 7, the joint values of maxi-
mum temperature and solar radiation under the Kendall 

Table 3  Fitting results of environmental parameters
Parameter 
classification

Environmental 
parameter

Distribution type K–S Parameters Evaluation index

µ σ k R2 RMSE BIC
During the hot 
seasons

The maximum air 
temperature

GEV 0.71 − 0.44 4.72 19.17 0.998 0.012 − 3184
Log-Normal 0.75 2.99 0.25 – 0.964 0.055 − 2095
Gamma 0.36 – 17.87 1.14 0.978 0.043 − 2265
Gumbel 0.76 22.49 3.76 – 0.993 0.025 − 2677
Weibull 0.62 22.11 5.52 – 0.997 0.015 − 3057
Logistic 0.44 20.61 2.52 – 0.996 0.019 − 2880

The solar radiation 
corresponds to 
the maximum air 
temperature

GEV 0.70 0.07 287.29 303.65 0.976 0.044 − 2221
Gumbel 0.76 684.61 389.84 – 0.945 0.067 − 1929
Logistic 0.63 464.01 222.07 – 0.970 0.049 − 2150

The wind speed 
corresponds to 
the maximum air 
temperature

GEV 0.32 − 0.02 1.20 3.87 0.998 0.013 − 3161
Log-Normal 0.72 1.46 0.32 – 0.998 0.012 − 3221
Gamma 0.77 – 9.85 0.46 0.998 0.012 − 3175
Gumbel 0.64 5.34 1.78 – 0.917 0.083 − 1794
Weibull 0.68 5.07 3.17 – 0.983 0.037 − 2376
Logistic 0.50 4.43 0.82 – 0.995 0.020 − 2832

During the cold 
seasons

The minimum air 
temperature

GEV 0.43 − 0.24 4.56 − 3.27 0.999 0.008 − 3462
Gumbel 0.47 0.82 4.69 – 0.977 0.044 − 2270
Logistic 0.53 − 1.59 2.70 – 0.997 0.016 − 3022

The wind speed 
corresponds to 
the minimum air 
temperature

GEV 0.35 − 0.04 0.99 3.23 0.987 0.033 − 2471
Log-Normal 0.46 1.28 0.32 – 0.988 0.032 − 2497
Gamma 0.40 – 10.25 0.37 0.989 0.030 − 2539
Gumbel 0.61 4.39 1.36 – 0.953 0.062 − 2008
Weibull 0.45 4.20 3.36 – 0.988 0.032 − 2500
Logistic 0.41 3.70 0.69 – 0.984 0.036 − 2406

The bolded data indicate the selected marginal distribution for the corresponding environmental parameter.µ represents the location parameter, 
σ represents the scale parameter, and k represents the shape parameter
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(2)	 Trivariate joint distribution

For the trivariate joint distribution of maximum tempera-
ture, solar radiation, and wind speed, the Clayton Copula 
model is selected for its superior regression performance. 

under the Kendall return period as the basis for determining 
the design value of the bridge’s maximum air temperature. 
This approach provides a more accurate and reliable esti-
mate of extreme air temperature values.

Fig. 11  The marginal distribution fitting of air temperature, solar radiation, and wind speed. a–c During the hot season; d and e During the cold 
season
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The joint values for different return periods (10, 20, 30, 50, 
and 100 years) are presented in Table 8 and visualized in 
Fig. 18.

From Table 8, the Kendall return period yields joint val-
ues that fall between those of the “OR” and “AND” return 
periods. For the same return year, the trivariate return period 
results in lower maximum air temperature values compared 

Table 5  Fitting results of the bivariate joint distribution of the maxi-
mum air temperature and its corresponding solar radiation, and wind 
speed
Bivariate distributions Copula 

functions
Evaluation index
R2 RMSE BIC

The maximum air tempera-
ture and corresponding solar 
radiation

Clayton 0.983 0.028 − 2589
Frank 0.982 0.030 − 2554
Gumbel 0.980 0.031 − 2514

The maximum air tempera-
ture and corresponding wind 
speed

Clayton 0.994 0.016 − 2986
Frank 0.993 0.018 − 2910
Gumbel 0.991 0.020 − 2836

Blackened data is the selected bivariate joint distribution

Table 6  Fitting results of the trivariate joint distribution of the maxi-
mum air temperature and its corresponding solar radiation/wind speed 
during the hot season
Copula functions Evaluation index

R2 RMSE BIC
Clayton 0.985 0.019 − 2882
Frank 0.980 0.022 − 2780
Gumbel 0.976 0.024 − 2711
Blackened data is the selected bivariate joint distribution

Fig. 13  The PDF of the bivariate joint distribution of the maximum air temperature and corresponding wind speed

 

Fig. 12  The PDF of the bivariate joint distribution of the maximum air temperature and corresponding solar radiation

 

Copula functions Joint distributions of maximum air temperature 
and its corresponding solar radiation during the 
hot season

Joint distributions of 
maximum air temperature 
and its corresponding wind 
speed during the hot season

Clayton 0.18 0.20
Frank 0.60 0.91
Gumbel 1.06 1.06

Table 4  The parameters of the 
copula functions for different 
environmental parameters
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corresponding wind speed gradually increases, and the 
growth rates of both parameters gradually decrease. For 
the same return year, the absolute values of the minimum 
air temperature and wind speed under the univariate return 
period are greater than the joint values under the bivariate 
return period. The joint values of the minimum air tempera-
ture under the Kendall return period can be selected for the 
design value of the bridge’s minimum temperature.

4.4  Temperature action values of Bridge structures

After obtaining the joint values of air temperature and its 
corresponding solar radiation and wind speed for different 
return periods, the temperature action values on the bridge 
structure for different return periods can be calculated 
according to Sect. 2.5. The classification by seasonal condi-
tions is as follows.

4.4.1  Maximum temperature action value

Under hot season conditions, the maximum air temperature 
values in the joint values calculated from different joint 

to univariate and bivariate return periods. The “OR” return 
period consistently produces the highest joint values, fol-
lowed by the Kendall return period, with the “AND” return 
period yielding the lowest values. Moreover, as the return 
period increases, the growth rate of joint values under all 
return periods slows down. Based on this analysis, the maxi-
mum air temperature under the Kendall return period is rec-
ommended for analyzing design values for the maximum 
bridge temperature.

4.3.3  The joint values of the minimum air temperature and 
corresponding wind speed during the cold season

During the cold seasons, the contour map of the joint distri-
bution of minimum air temperature and corresponding wind 
speed under different return periods is shown in Fig. 19, and 
the corresponding joint values are shown in Table 9.

Figure  19; Table  9 indicate that the minimum air tem-
perature values in the joint values under the Kendall return 
period fall between those of the “OR” return period and 
the “AND” return period. As the return period increases, 
the minimum temperature gradually decreases while the 

Fig. 15  The PDF of the bivariate joint distribution of the minimum air temperature and corresponding wind speed

 

Fig. 14  The trivariate Clayton Copula model for maximum air temperature and its corresponding solar radiation and wind speed in the hot season
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Fig. 16  The extreme values of air temperature, solar radiation, and wind speed under the univariate return period. a–c During the hot season; d, e 
During the cold season
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Table 7  The bivariate joint values of maximum air temperature and its corresponding solar radiation and wind speed under different return periods 
during the hot season (Clayton)
Bivariate distributions Return years “OR” return period “AND” return period The Kendall return period

Maximum air 
temperature

Solar 
radiation

Maximum air 
temperature

Solar 
radiation

Maximum air 
temperature

Solar 
radiation

The maximum air 
temperature and 
corresponding solar 
radiation

10-year 27.8 1026 21.0 783 24.1 720
20-year 29.0 1175 21.9 920 25.0 822
30-year 29.4 1273 22.2 1000 25.4 880
50-year 30.2 1373 22.9 1080 26.2 925
100-year 31.1 1520 23.4 1206 27.0 1000

Bivariate distributions Return years “OR” return period “AND” return period The Kendall return period
Maximum air 
temperature

Wind speed Maximum air 
temperature

Wind speed Maximum air 
temperature

Wind 
speed

The maximum air 
temperature and corre-
sponding wind speed

10-year 27.8 6.9 21.8 5.5 24.6 5.2
20-year 28.6 7.7 22.6 6.1 25.4 5.7
30-year 29.0 8.2 23.0 6.5 25.8 6.0
50-year 29.4 8.9 23.4 7.0 26.2 6.4
100-year 29.8 10.0 24.1 7.5 26.6 6.9

The unit of Solar radiation is W/m2, the unit of wind speed is m/s, and the unit of maximum air temperature is °C

Fig. 17  The contour map of the bivariate joint distribution of maximum air temperature and its corresponding solar radiation and wind speed under 
different return periods during the hot season (Clayton)
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of the trivariate joint distribution, followed by those under 
the bivariate joint distribution, while the maximum tempera-
ture action values obtained under the univariate return period 
are the largest. The multivariate joint distribution accounts 
for the synergistic effects among environmental parameters, 
thereby more accurately reflecting the joint probabilities of 

distributions under the different return periods are converted 
into temperature action values for three different bridge 
structures, as shown in Table 10.

As shown in Table 10, for the different bridge structures 
under the Kendall return period, the maximum temperature 
action values are the smallest when considering the influence 

Table 8  The trivariate joint values of maximum air temperature and its corresponding solar radiation and wind speed under different return periods 
during the hot season (Clayton)
Return years “OR” return period “AND” return period The Kendall return period

Maximum air 
temperature

Solar 
radiation

Wind 
speed

Maximum air 
temperature

Solar 
radiation

Wind 
speed

Maximum air 
temperature

Solar 
radiation

Wind 
speed

10-year 23.3 700 6.5 18.5 452 3.0 22.5 500 5.5
20-year 25.1 800 7.0 18.9 535 3.1 23.0 600 6.0
30-year 26.0 900 7.0 19.5 596 3.2 23.6 650 6.0
50-year 27.0 991 7.5 20.0 683 3.3 24.2 700 6.5
100-year 28.0 1073 8.5 20.5 799 3.5 24.8 750 6.5

Fig. 19  The contour map of the bivariate joint distribution of minimum air temperature and corresponding wind speed under different return peri-
ods during the cold season (Frank)

 

Fig. 18  The contour map of the trivariate joint distribution of maximum air temperature and its corresponding solar radiation and wind speed under 
different return periods during the hot season (Clayton)
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that directly comparing temperatures (TD/TM) may result in 
unreliable values when the temperature approaches 0  °C, 
potentially failing to capture actual thermal variations accu-
rately. Therefore, we defined the temperature action reduc-
tion factor as the ratio of the difference between the extreme 
temperature under different return periods and the mean tem-
perature of the univariate return period. This definition effec-
tively quantifies the reduction in thermal effects by capturing 
the fluctuation range of the extreme temperature relative to a 
baseline. Furthermore, validation using three representative 
bridge types confirmed that the proposed temperature action 
reduction factor accurately reflects the reduction in ambient 
temperature variation, thereby substantiating the universal-
ity of the proposed definition approach. Under the bivariate 
return period, as the return period increases, the temperature 
reduction coefficients for the three types of bridge structures 
under the joint distribution of maximum temperature and 
corresponding wind speed gradually decrease from 0.56 to 

extreme events. This approach avoids the overestimation of 
loads caused by the independence assumption in univariate 
analysis, making it more aligned with the practical design 
requirements for bridges in complex mountainous areas. To 
investigate the changes in the maximum temperature action 
values for bridge structures under multivariate return peri-
ods, the reduction coefficients for the maximum tempera-
ture action of different bridge structures through Eq.  (14) 
are shown in Table 11.

As presented in Table  11, for a given return year, the 
reduction coefficients of maximum temperature action for 
various bridge types under the same joint distribution are 
identical. This consistency can be attributed to the linear 
nature of the temperature load equations specified in bridge 
design codes for different structural types. When calculating 
the reduction factor, the result is solely dependent on the air 
temperature values corresponding to different return years. 
In defining the reduction factor, we considered the limitation 

Table 9  The bivariate joint values of minimum air temperature and its corresponding wind speed under different return periods during the cold 
season (Frank)
Return years “OR” return period “AND” return period The Kendall return period

Minimum air temperature Wind speed Minimum air temperature Wind speed Minimum air temperature Wind speed
10-year − 11.0 5.6 − 3.8 4.6 − 6.5 4.5
20-year − 12.4 6.2 − 5.1 5.0 − 7.0 5.0
30-year − 13.0 6.6 − 5.5 5.2 − 7.7 5.2
50-year − 14.0 7.0 − 6.4 5.5 − 8.5 5.4
100-year − 15.0 7.8 − 7.1 5.8 − 9.0 5.9
The unit of wind speed is m/s, and the unit of maximum air temperature is °C

Table 10  The maximum temperature action values of Bridge structures (unit: °C)
Joint distributions Return Periods Return years Air temperature 

values
Steel bridges with 
steel deck slab

Steel bridges with 
concrete deck slab

Concrete 
bridges, 
stone 
bridges

Univariate 10-year 31.6 43.8 36.3 32.4
20-year 33.4 44.7 37.5 33.7
30-year 34.6 45.3 38.4 34.6
50-year 36.0 46.0 39.3 35.6
100-year 38.1 47.1 40.8 37.1

The bivariate joint distri-
butions of maximum air 
temperature and corre-
sponding solar radiation

Kendall 10-year 24.1 40.1 31.1 27.1
20-year 25.0 40.5 31.7 27.7
30-year 25.4 40.7 32.0 28.0
50-year 26.2 41.1 32.5 28.6
100-year 27.0 41.5 33.1 29.1

The bivariate joint distri-
butions of maximum air 
temperature and corre-
sponding wind speed

Kendall 10-year 24.6 40.3 31.4 27.4
20-year 25.4 40.7 32.0 28.0
30-year 25.8 40.9 32.3 28.3
50-year 26.2 41.1 32.5 28.6
100-year 26.6 41.3 32.8 28.9

The trivariate joint distri-
butions of maximum air 
temperature and its cor-
responding solar radiation/
wind speed

Kendall 10-year 20.1 38.1 28.3 24.2
20-year 21.3 38.7 29.1 25.1
30-year 22.4 39.2 29.9 25.9
50-year 23.3 39.7 30.5 26.5
100-year 24.8 40.4 31.6 27.6
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the reduction effect on the maximum temperature action for 
bridge structures.

4.4.2  Minimum temperature action value

Under cold season conditions, the minimum temperature 
action values of bridge structures under different return peri-
ods are shown in Table 12.

As shown in Table 12, the minimum temperature action 
values under the Kendall return period are significantly 
greater than those obtained under the univariate return 
period. The reduction coefficients for the minimum tem-
perature action of different bridge structures are shown in 
Table 13.

As shown in Table  13, with the increase of the return 
years, the reduction coefficients of the three types of bridge 
structures gradually decreased from 0.53 to 0.49, indicat-
ing a strong correlation between minimum temperature and 
wind speed as the return years increase and a significant 
reduction effect of minimum temperature action. The cal-
culated reduction coefficients can provide a reference for 
selecting the most unfavorable design temperature param-
eters for mountain bridges.

0.46. This change is more pronounced than that observed 
for the joint distribution of maximum temperature and cor-
responding solar radiation, indicating that the relationship 
between maximum air temperature and wind speed is gradu-
ally tightened, and the degree of interaction increases as the 
return period increases. Under the trivariate joint distribu-
tion, as the return year increases, the reduction coefficients 
for the three types of bridge structures gradually decrease 
from 0.43 to 0.37, which are smaller than those under the 
bivariate joint distribution. This indicates that the more 
environmental parameters considered, the more pronounced 

Table 11  Reduction coefficients of the maximum temperature action
Joint 
distributions

Return 
years

Steel 
bridges 
with steel 
deck slab

Steel bridges 
with con-
crete deck 
slab

concrete 
bridges, 
stone 
bridges

The bivariate 
joint distri-
butions of 
maximum air 
temperature 
and corre-
sponding solar 
radiation

10-year 0.53 0.53 0.53
20-year 0.53 0.53 0.53
30-year 0.51 0.51 0.51
50-year 0.50 0.50 0.50
100-year 0.48 0.48 0.48

The bivariate 
joint distri-
butions of 
maximum air 
temperature 
and corre-
sponding wind 
speed

10-year 0.56 0.56 0.56
20-year 0.55 0.55 0.55
30-year 0.53 0.53 0.53
50-year 0.50 0.50 0.50
100-year 0.46 0.46 0.46

The trivariate 
joint distri-
butions of 
maximum air 
temperature 
and its corre-
sponding solar 
radiation/wind 
speed

10-year 0.43 0.43 0.43
20-year 0.41 0.41 0.41
30-year 0.41 0.41 0.41
50-year 0.40 0.40 0.40
100-year 0.37 0.37 0.37

Table 12  The minimum temperature action values of Bridge structures (unit: °C)
Joint distributions Return Period Return years Temperature 

value
Steel bridges with 
steel deck slab

Steel bridges with 
concrete deck slab

Concrete 
bridges, 
stone 
bridges

Univariate 10 years − 16.5 − 19.6 − 13.8 − 9.3
20 years − 18.2 − 21.5 − 15.2 − 10.3
30 years − 18.9 − 22.2 − 15.7 − 10.8
50 years − 19.6 − 23.0 − 16.3 − 11.2
100 years − 20.3 − 23.8 − 16.9 − 11.7

The bivariate joint dis-
tributions of maximum 
air temperature and cor-
responding wind speed

Kendall 10 years − 6.5 − 8.6 − 5.5 − 2.9
20 years − 7.0 − 9.2 − 5.9 − 3.3
30 years − 7.7 − 9.9 − 6.5 − 3.7
50 years − 8.5 − 10.8 − 7.1 − 4.2
100 years − 9.0 − 11.4 − 7.6 − 4.5

Table 13  Reduction coefficients of the minimum temperature action
Return years Steel bridges with 

steel deck slab
Steel bridges with 
concrete deck slab

Concrete 
bridges, 
stone 
bridges

10 years 0.53 0.53 0.53
20 years 0.53 0.53 0.53
30 years 0.52 0.52 0.52
50 years 0.51 0.51 0.51
100 years 0.49 0.49 0.49
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5  Conclusions

This study employs different Copula functions to establish 
the joint distribution models of air temperature, solar radia-
tion, and wind speed based on field-measured environmen-
tal parameter data from complex mountainous bridge sites. 
It deduces the joint values under different return periods, 
which are subsequently converted to extreme temperature 
action values for the design of bridge structures. A reduction 
coefficient of temperature action is proposed to reflect the 
differences in temperature action values between univariate 
and multivariable return periods. The main conclusions are 
summarized as follows:

(1)	 Dividing environmental parameters into cold and hot 
seasons overcomes the limitation of a single model in 
capturing distribution characteristics across the entire 
observation period, and is consistent with bridge design 
specifications that categorize temperature actions as 
uniform temperature increases or decreases.

(2)	 Observations at the study’s bridge site reveal that 
extreme air temperature events rarely coincide with 
concurrent extremes in solar radiation and wind speed.

(3)	 The optimal marginal distributions for extreme envi-
ronmental parameters are: Weibull for maximum tem-
perature, Logistic for hot season solar radiation and 
minimum temperature, Log-Normal for hot season 
wind speed, and Gamma for cold season wind speed.

(4)	 The maximum air temperature has a positive correlation 
with its corresponding solar radiation and wind speed, 
best modeled by the Clayton Copula. In contrast, the 
minimum air temperature has a negative correlation 
with wind speed, which is effectively captured by the 
Frank Copula.

(5)	 The absolute values of joint values under multivariate 
return periods are lower than those of corresponding 
extremes under univariate return periods. For bridge 
temperature actions, the joint values of air temperature 
and its corresponding solar radiation and wind speed 
under the Kendall return period provide more realistic 
estimates compared to univariate approaches.

(6)	 The temperature reduction coefficients under the tri-
variate joint distribution are smaller than those under 
the bivariate joint distribution, indicating that the more 
environmental parameters considered, the more pro-
nounced the reduction effect on the temperature action 
for bridge structures.
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