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Abstract

As high-energy-consumption underground public space, subway stations are responsible
for a particularly significant proportion of air-conditioning energy use, especially dur-
ing the cooling season, making the investigation of cooling-load characteristics highly
important. However, the determination of independent influencing factors in different
situations has not yet reached a consensus, and the role of interaction effects is lacking,
which hinders the development of energy-saving strategies. For this purpose, this study
proposes a sensitivity analysis framework based on 10 typical influencing factors from
thermal parameters, meteorological parameters, internal heat disturbances, and indoor
environmental setpoints. An input set was generated by integrating equal-step parameter
discretization and Saltelli quasi-MonteCarlo sampling. A database containing 11,264 sam-
ples was constructed through an EnergyPlus–Python co-simulation method. Based on
the Sobol global sensitivity analysis, the key influencing factors of subway station cooling
load were identified and quantified, and the impact of these 10 factors was systemati-
cally analyzed. Results show that occupant density (Si

T = 0.5605) and fresh air volume
(Si

T = 0.4546) are the dominant factors, contributing more than 50% of the load variance.
In contrast, the characteristics of an underground structure significantly weaken the influ-
ence of the building-envelope heat transfer coefficient (Si

T = 0.1482) and soil temperature
(Si

T = 0.0884). Furthermore, five groups of strong interaction effects were identified in this
study, including occupant density–fresh air volume (Sij = 0.1094), revealing a nonlinear
load response mechanism driven by multi-parameter coupling. This research provides a
theoretical foundation and quantitative tool for the refined design and optimized dynamic
coupled operation of underground transportation hubs.

Keywords: subway station; cooling load; co-simulation; sensitivity analysis; interaction;
Sobol method; Monte Carlo

1. Introduction
1.1. Research Background

With the continuous progression of society, people have placed higher demands on the
speed and safety of urban transportation [1]. As a vital component of modern urban public
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transportation systems, the subway plays an indispensable role due to its convenience,
efficiency, environmental friendliness, and relatively low impact on surface traffic [2,3].
By the end of 2024, a total of 58 cities in China had opened 361 urban rail transit lines,
encompassing 5609 subway stations and exceeding 12,160 km in length [4]. Alongside
the rapid expansion of subway system, subway stations have become one of the major
contributors to societal energy consumption. The energy intensity of subway stations
can exceed 200 kWh/m2, which is 2 to 4 times that of conventional public buildings [5].
Among energy-consuming systems, air-conditioning (AC) systems account for 30% to 50%
of the total energy consumption (including train traction energy). Given the large number
of subway stations, even a minor reduction in the energy use of AC systems could lead
to substantial energy savings. Typically, air-conditioning-system energy consumption is
closely correlated with the load [6,7]; as heating is rarely provided in subway stations, the
energy consumption of AC systems is primarily attributable to handling cooling loads.
Therefore, analyzing the cooling-load characteristics is of significant importance.

China proposed the carbon peaking and carbon neutrality strategy in 2020, bringing
energy conservation and emission reduction in the transportation sector to the forefront.
As a critical part of urban public transportation, subway systems have received significant
attention. The Energy Saving and Carbon Reduction Action Plan for 2024–2025 [8] issued in
2024 clearly involves advocating for advancing low-carbon transportation infrastructure,
promoting the electrification of transportation hubs like subway stations, and ensuring
that advanced technologies account for 80% of key energy-consuming equipment, such as
subway station cooling systems. Furthermore, General Technical Conditions for Energy-saving
Control System of Ventilation and Air Conditioning in Urban Rail Transit Stations [9] states that
subway stations should adopt intelligent group control, frequency conversion regulation,
dynamic load forecasting, and other technologies to achieve the goal of reducing the energy
consumption of the air-conditioning system by more than 20%.

1.2. Literature Review

This section systematically reviews and summarizes existing research from two aspects:
factors influencing building loads and sensitivity analysis methodologies. It highlights the
differences in load characteristics between above-ground buildings and underground sub-
way stations and provides a comprehensive overview of major global sensitivity analysis
methods and their current applications in the field of building energy performance.

1.2.1. Research on Influencing Factors of Building Load

The energy consumption characteristics of subway stations are different from those of
general underground buildings; subway energy use primarily comprises station building
energy consumption and train traction energy consumption. As this study focuses on the
factors influencing the energy consumption of subway station air-conditioning systems,
traction-related aspects are not considered. For public areas within subway stations,
passenger flow has a more significant impact on the energy use of environmental control
equipment [10]. Additionally, environmental factors such as temperature and precipitation
play critical roles [11], since high temperature and humidity will lead to an increased cooling
load, thereby elevating energy demand for environmental control. Su et al. [12] developed
a subway station energy benchmark based on integrating simulation and multiple linear
regression. This model demonstrates the significance of environmental factors.

However, operational data indicate that current subway stations suffer from subop-
timal air-conditioning system design and inefficient operation. Li et al. [13] conducted
field measurements on air-conditioning equipment in subway stations to address the prob-
lems of excessive equipment selection, the results showed that the actual cooling load
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was only 42.33% of the designed load, indicating a serious overestimating. Furthermore,
air-conditioning systems in subway stations are typically configured according to the long-
term extreme peak-hour scenarios, with summertime setpoint temperature are often too
low, resulting in energy waste [14]. During peak hours, cooling loads from passengers and
ventilation increase by 100% and 42%, respectively, compared to off-peak hours [15]. The
over-sizing phenomenon arises from the static worst-case scenario method algorithm in
summer under current design standards: station hall design temperatures are set 2–3 ◦C
below the outdoor dry-bulb temperature, while platform temperatures are set 1–2 ◦C
lower than the station hall. The outdoor design dry-bulb temperature allows for up to
30 non-guaranteed hours during subway evening peak periods, which tends to inflate load
estimations. Meanwhile, occupant density and fresh air volume are taken as the maximum
values, ignoring their changing patterns.

Existing research indicates that a clear understanding of the composition and influ-
encing mechanisms of cooling loads in subway stations remains lacking. Hu et al. [16]
identified the optimal input parameters for subway station cooling load from 15 candi-
dates including system variables, meteorological conditions, time, indoor parameters, and
historical load. The results showed that all parameters expect meteorological conditions
were included in optimal combination. The relationship between cooling load and input
parameters is not simply additive. Zhang et al. [17] found that electrical equipment load
accounting for the highest proportion at 42%. Meanwhile, other research [18] demonstrated
that train frequency, passenger volume, and outdoor temperature are the major factors
causing fluctuations in subway station electricity consumption.

In recent years, scholars conducting research on building load have paid close attention
to the influence of factors such as building-envelope performance, intelligent shading,
building orientation, and the synergy of light and heat on the building’s cooling load.
Lian et al. [19] developed a real-time load-forecasting model by incorporating occupancy
and meteorological data in dynamic building environments, achieving a mean absolute
percentage error (MAPE) of only 6%. In 2025, Guan et al. [20] conducted a numerical
simulation-based study on three representative office buildings in Chengdu, analyzing the
contribution of the building envelope to cooling load under intermittent operation of air-
conditioning systems. Their results demonstrated that enhancing the thermal performance
of building envelopes, along with optimized operational strategies, can significantly reduce
cooling demand. Also in 2025, Ao et al. [21] proposed an integrated lighting–thermal
design optimization method for office buildings using the Rhino–Grasshopper platform.
By optimizing variables such as building orientation, window-to-wall ratio, and the heat
transfer coefficient of exterior walls, their study explored synergies between building energy
load reduction and visual comfort. Furthermore, Lian et al. [22] established a data-driven
framework for dynamic load prediction based on an EnergyPlus simulation database and
LightGBM algorithm, analyzing five categories of influencing factors, building physical
parameters, weather conditions, internal disturbances, operational schedules, and indoor
control parameters.

Compared to the emphasis on the building envelope in above-ground buildings, un-
derground buildings pay more attention to dynamic factors such as ventilation disturbances
and personnel situation, particularly in transportation facilities. Yu et al. [23] conducted an
empirical study on the impact of train-induced airflow (TIA) on the cooling load of subway
stations. The study showed that traditional estimation methods may underestimate cooling
demand, and they proposed incorporating TIA into load models to improve the assessment
accuracy. Kong et al. [24] developed a probabilistic model for the cooling load of subway
stations through Latin hypercube sampling and the Monte Carlo algorithm, followed by
uncertainty and sensitivity analyses. Their results indicated that the load is primarily
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influenced by outdoor temperature and equipment parameters—markedly different from
the envelope-dominated feature of above-ground buildings. However, this study was
limited to equipment management areas and did not account for passenger factor.

The shift in focus is fundamentally driven by the diminished influence of external con-
ditions and the inherent stability of the building envelope and surrounding soil. Compared
to above-ground structures, both the magnitude and fluctuation of heat transfer through
the envelope are significantly decreased. Several related studies have substantiated this
phenomenon. Jiang et al. [25] systematically investigated the spatial distribution character-
istics of the thermal environment in public areas of an underground station, finding that the
effective penetration depth of outdoor temperature fluctuations is limited to the entrance
and exit zones. Ren et al. [26] conducted a theoretical analysis of heat and moisture transfer
in underground ventilation corridors. Their numerical simulations revealed that incoming
air temperature and velocity are the most influential factors on the corridor’s cooling and
dehumidification efficiency, while the corridor wall temperature has a relatively minor
impact. Akram et al. [27] studied an underground factory using Fluent for numerical
heat transfer simulations. The results demonstrated that, unlike its above-ground coun-
terpart, the underground factory remains unaffected by surface climate conditions, and
heat transfer through the envelope is small. Wang et al. [15] analyzed the load composition
in a subway station, concluding that the load from the fresh air system is a significant
component, accounting for 31.52% of the total load. Heat transfer through the envelope and
from tunnels only contributed 10.5%. Another study shows [28] that heat transfer through
the building envelope accounted for 2% of the total load, with equipment heat dissipation
being the primary source. Similarly, a study [29] found that heat gain through the envelope
constituted only 1% of the total cooling load, while heat generated by occupants accounted
for a substantial 44%.

Ahn et al. [30] developed a metro station energy benchmark regression model for
157 metro stations in Seoul, considering variables such as climate, building year, building
area, operation time, and passenger flow to assess energy usage. Guan et al. [31] studied
341 stations in five climate zones in China and determined that the air conditioning system
and lighting were the main drivers of non-traction energy use. Ren et al. [32] proposed
an integrated methodology coupling passenger flow simulation with building energy
modeling to develop a occupancy-adaptive control model. It could save maximum 24.4%
of cooling energy in a certain subway station in Hong Kong. Additionally, Su and Li [33]
conducted a sensitivity analysis on the air-conditioning energy consumption of a subway
station, indicating that humidity, outdoor temperature, and fresh air volume have the
strongest impact. Nevertheless, existing studies often rely on limited data from partial
scenarios, failing to cover the full range of parameters, which can compromise the accuracy
and applicability of their findings.

1.2.2. Sensitivity Analysis Methods

Sensitivity analysis is a method used to evaluate the extent to which input parameters
influence output results. It enables the identification and quantification of the impact of
key parameters on a certain outcome and rank them [34]. Sensitivity analysis is primarily
categorized into global sensitivity analysis and local sensitivity analysis [35]. Global
sensitivity analysis evaluates the importance of each input parameter by simultaneously
varying all input parameters across their entire ranges, so its results are more reliable
compared with local sensitivity.

Global sensitivity analysis includes four common methods: regression-based, variance-
based, screening-based, and metamodel-based model, as summarized in Table 1. Regression-
based sensitivity analysis is straightforward and easy to interpret, making it one of the
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most widely used methods. Its core principle involves fitting a regression model between
input parameters (X1, X2, . . ., Xn) and output variables (Y1, Y2, . . ., Yn), and analyzing the
sensitivity indicators to determine the degree of influence of the parameters. Screening-
based methods are generally used in cases where the input data is complex and large.
Its advantage is that it can filter out parameters irrelevant to the output, emphasizing
qualitative analysis, and rapidly ranking parameters by importance, while a key limitation
is their inability to precisely quantify the magnitude of the impact. The Morris method
is the most common screening-based method, employing measures µ and σ to evaluate
parameters. Here, µ represents mean coefficient value, directly reflecting the influence
intensity of parameter, σ represents standard deviation of effects, used to evaluate the
relationship between input parameters or the degree of nonlinearity. Variance-based sen-
sitivity analysis quantifies the importance of input parameters by measuring how much
each parameter’s uncertainty contributes to the total variance of the output. The most
representative methods in this category are the Sobol method and the Fourier Ampli-
tude Sensitivity Test (FAST). Metamodel-based sensitivity analysis method consists of two
stages: first, build an input–output surrogate model (e.g., machine learning model), and
then performing sensitivity analysis on the surrogate model. Methods such as MARS
(Multivariate Adaptive Regression Splines) and ACOSSO (Adaptive Component Selection
and Smoothing Operator) use such approximations to significantly improve computational
efficiency while maintaining analytical accuracy. These methods are particularly suitable
for handling complex simulation models with high computational time.

Table 1. Classification and feature comparison of global sensitivity analysis methods.

Category Method Significance Mathematical Expression

Regression-based
sensitivity method [36]

PEAR

Measures the linear correlation coefficient
between the output variable Y and a

single input parameter Xi Suitable for
linear regression models.

ρXi ,Y = cov(Xi ,Y)
σXi σY

SRC
Computes the strength of correlation

between Y and Xj via a linear regression
model. Applicable to linear models.

Y = β0 + ∑
j

β jXj + ε

PCC

Partial Correlation Coefficient; quantifies
the independent linear influence of Xj on

Y through regression, ignoring
interactions among input parameters.

ρX,Y·Z =
ρX,Y−ρX,ZρZ,Y√

(1 −ρ2
X,Z)(1 −ρ2

Y,Z)

Screening-based
sensitivity method [37] Morris

A model-agnostic method that computes
partial derivatives of the model at

uniformly distributed points across the
input parameter space and averages

these derivatives as an indicator of each
parameter’s influence.

EEi(x) =
f (x1,··· ,xi+∆,··· ,xk)− f (x)

∆

Variance-based sensitivity
analysis method [11] Sobol

A model-independent method based on
variance decomposition; quantifies the

contribution of input parameters to
output uncertainty. Capable of accurately
distinguishing main effects, interaction

effects, and total effects.

Var(Y) = ∑
i

Vi +

∑
i<j

Vij+ ∑
i<j<l

Vijl+ · · ·+ V12···k

Metamodel-based
sensitivity

analysis method
MARS

Multivariate Adaptive Regression
Splines; combines spline regression with

stepwise model fitting and
recursive partitioning.

/
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Sensitivity analysis generally consists of five basic steps [38]: (1) Determine the studied
parameters based on the research objectives, (2) define the probability density functions
of input parameters, (3) select an appropriate sampling method to generate a data sample
library for the model, (4) input the sample set library into the calculation model to be
studied and obtain output samples, and (5) perform sensitivity analysis on the input and
output results to identify key parameters and rank their importance. Among them, the
most critical step in conducting sensitivity analysis is to determine the input ranges and
define the probability distribution of the inputs [35]. When exploring variations in energy
use in buildings, continuous uniform distributions, normal distributions, and Monte Carlo
methods are typically employed to define the distributions of input factors [39–41].

In the field of building load and energy consumption analysis, previous researchers
have extensively used sensitivity analysis to predict and evaluate different types of build-
ings, including residential buildings, apartment buildings, and office buildings. These
applications of sensitivity analysis cover upgrading the thermal performance of building
envelopes, building energy retrofits, optimization of building heating and cooling systems,
and investigation of factors influencing building energy loads. Neale et al. [42] used both
Morris and Sobol method to perform sensitivity analysis and ranking, identifying the
most influential parameters on building energy consumption. The results showed that the
sensitivity results of the two methods were very similar. Ebrahimi-Moghadam et al. [43]
conducted sensitivity analysis on design variables related to building system performance
to facilitate energy retrofitting in buildings. Tootkaboni et al. [44] evaluated the impact
of building envelope on climate adaptability based on Sobol sensitivity analysis. The
results showed that ventilation cooling and super-selective glass windows were powerful
factors affecting the cooling load, which proved the important role of sensitivity analysis in
optimizing building cooling and heating systems. Tajuddeen et al. [45] used Morris method
to conduct a sensitivity analysis on 29 independent design parameters of an office building
in Africa, and found that the parameter settings of the east wall is the key influencing
factor for the cooling load in summer. Zhu et al. [46] proposed a new Monte Carlo method
based on building performance simulation and further applied a tree-structured Gaus-
sian process metamodel combined with standardized regression coefficient (SRC)-based
global sensitivity analysis to identify major factors affecting building heating and cooling
loads.Pang et al. [47] conducted a large-scale Monte Carlo simulation using EnergyPlus
for a domestic hot water system, selecting 151 input parameters and 8 output parameters
across five typical cities in the United States. Subsequently, they calculated the PEAR
and Sobol indices and found that the maximum capacity and efficiency of the main water
heater were the two most important factors affecting domestic hot water usage. Delgarm
et al. [48] employed one-factor-at-a-time (OFAT) and Sobol sensitivity analysis method
to identify the key factors influencing energy performance of buildings in Iran. Under
four predominant climate conditions, parameters including building orientation, window
size, glass characteristics, and envelope characteristics were evaluated. The results high-
lighted glass characteristics as the most critical factor affecting energy performance. Zhang
et al. [49] introduced a novel sensitivity analysis procedure using Bayesian Adaptive Spline
Surfaces (BASS) for building energy sensitivity assessment, enabling assessment across
multiple time scales. Gauch et al. [50] used variance-based sensitivity analysis to examine
the importance of input parameters on annual heating and cooling loads in multi-story
buildings. Their study found that building compactness and window-to-wall ratio were
the most important factors. These studies demonstrate that sensitivity analysis has been
extensively applied in various aspects of building performance. However, the same factors
often have different degrees of influence on different buildings.
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When conducting sensitivity analysis, regression-based methods are usually chosen
for the model is simple and linearly monotonic. For models that are nonlinear or the
monotony cannot be determined with a small number of input parameters (<20), variance-
based sensitivity analysis methods, such as Sobol and FAST methods are appropriate.
In case the number of input parameters is large, sensitivity analysis methods based on
meta-models or screening should be considered. Current studies often focus on the Morris
screening method for the selection and allocation of input parameters. Although the Morris
method has a low computational cost, it cannot distinguish between independent and
interaction effects. The relationship between building-load input variables and building
load is nonlinear and interactive. Thus, the variance-based Sobol method is selected to
evaluate the sensitivity of each input parameter. To efficiently generate input variable
combinations, the Saltelli quasi-Monte Carlo sampling method was applied, ensuring
uniform coverage of the parameter space.

This study aims to address the current lack of research on subway station cooling loads
and to fully leverage the unique environmental characteristics of underground spaces for re-
ducing summer cooling demand. To achieve this aim, this study sets the following research
tasks: (1) establish a simulation cooling-load database in several situations; (2) quantify the
effect of various influencing factors; (3) identify dominant factors and interactions.

A novel integrated method combining co-simulation and global sensitivity analysis
was proposed. This method uses Saltelli quasi-Monte Carlo sampling to extract parame-
ter combinations of various load-influencing factors, and utilizes an EnergyPlus–Python
co-simulation to generate a simulation database. Subsequently, Sobol global sensitivity
analysis is used to extract key characteristic variables that affect subway station loads,
revealing the coupled influencing mechanisms of subway station energy loads. Distin-
guished from previous studies, this study employs Saltelli sampling method to efficiently
generate a high-fidelity simulation database. In the sensitivity analysis, this study uses
Sobol global sensitivity analysis method to quantify the interaction effects which are often
not mentioned in prior sensitivity analysis. The proposed method is applied and validated
using a real subway station in Suzhou as a case study. As an integrated co-simulation
and sensitivity analysis framework, it is validated in the specific context of a subway
station. However, its core principles—constructing a large load database under numerous
conditions, systematically ranking the influencing factors, and evaluating the interaction
effects—are universally applicable. This method provides a flexible and powerful analyti-
cal foundation for identifying the load drivers and optimizing strategies in underground
transportation hubs across diverse global climates and operational conditions.

2. Materials and Methods
This study proposes a research method for studying the air-conditioning load char-

acteristics of subway stations based on simulated databases and Sobol global sensitivity
analysis. The specific technical route is shown in Figure 1, and it consists of the following
five core steps:

(1) Parameter determination

Determine the types of input and output parameters. Based on the characteristics of
subway station, four categories of key input parameters are determined: thermal parame-
ters, meteorological parameters, internal disturbances, and control conditions.

(2) Variable values

Determine the range and step size of the values of the influencing factors according to
design codes, relative standards, and existing research.

(3) Saltelli quasi-Monte Carlo sampling
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A uniformly distributed sample of input parameter is generated to cover the multi-
dimensional parameter space.

(4) EnergyPlus–Python co-simulation

Build a subway station model and calculate the load in batches.

(5) Sobol global sensitivity analysis
Quantify the degree of influence of each parameter and the impact of
interaction effects.

Figure 1. Technology roadmap for the proposed cooling-load analysis methodology.

2.1. Saltelli Quasi-Monte Carlo Sampling Method

Monte Carlo is a widely used numerical computation method based on probability
and statistics. Its core principle lies in using randomness to solve deterministic problems.
The method is mathematically founded on the Law of Large Numbers, which states that as
the number of random experiments approaches infinity, the sample mean converges to the
expected value, as shown in Equation (1).

lim
N→∞

1
N ∑N

i = 1 f (Xi) = E[ f (X)] (1)

For a large and simple input and output sample set, the Monte Carlo method can
utilize randomness to approximate a mathematical model from a large number of sam-
ples. Different from the classical Monte Carlo method, the randomness of the sampling
in the Saltelli method is essentially quasi-random based on a deterministic low-difference
sequence. The Monte Carlo samples are randomly distributed in the parameter space
when sampling, which can easily lead to clustering or gap. In contrast, the Saltelli method
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sampling uses a seemingly random but special method to fill the entire parameter space,
ensuring that samples are uniformly distributed on each direction of projections of pa-
rameter space. This strategy avoids issues such as clustering or voids, and has a faster
convergence speed.

When conducting sensitivity analysis using the Sobol method, the sampling method
of Saltelli can significantly reduce the required number of samples while completely pre-
serving the complex interactions among parameters, making it a crucial step in generating
input parameters. However, due to its unique random process, the Saltelli method has rela-
tively strict requirements for the number of samples. When used for Sobol variance-based
sensitivity analysis, the sample size N should satisfy the following Equation (2) [51].

N = 2(2m + 2 ) (2)

where n is the minimum number of evaluations (often taken as 2p), and m is the number of
input parameters in model.

A large sample size generally leads to higher accuracy of the Sobol index. When the
base sample size reaches or exceeds 512, the error of the Sobol index can be controlled
within 5% [11]. It is a common choice for high-precision variance-based sensitivity analysis.

2.2. Sobol Global Sensitivity Analysis Theory

The Sobol method was first proposed in 1993, it decomposes the calculation model
into 2n additive components. This decomposition idea is applicable to independent input
variables. Assuming that f 2(X) is integrable and input parameters are uniformly distributed
variables within [0, 1], the expression of the model decomposition is as Equation (3) [52].

f (X) = f0 + ∑n
i = 1 fi(Xi) + ∑1 ≤i≤j≤n fij

(
Xi, Xj

)
+ · · ·+ f(1,2,··· ,n)(X1, · · · , Xn) (3)

where f (X) is the mathematical representation of the output parameter under study, X = (X1,
X2, . . ., Xn) is a random vector comprising n input parameters, and f 0 is a constant term
whose value should be equal to the expected value of f (X).

For the overall model f (X), when all the input parameters follow a uniform distribution
within the range of [0, 1], the total variance V can be used to represent the degree of influence
of all input parameters on the output parameter, as shown in the following Equation (4).

V =
∫

Ω
f 2(X)dX − f 2

0 (4)

Among them, the first-order partial variance Vi represents the degree of influence
of a single input parameter Xi on the output parameter, while the higher-order partial
variance Vi,j,. . .,n represents the degree of influence of the interaction among multiple
input parameters on the output parameter. The calculation method for these variances is
as follows:

Vi =
∫ 1

0
f 2
i (Xi)dXi (5)

Vi,j,··· ,n =
∫ 1

0
· · ·

∫ 1

0
f 2
i,j,··· ,n

(
Xi, Xj, · · · , Xn

)
dXidXj · · · dXn (6)

The sensitivity index of Xi for each order is the ratio of the partial variance containing
Xi to the total variance V, its calculation method is as Equation (7).

Si,j,··· ,n =
Vi,j,··· ,n

V
(7)
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In the calculation result, Si is the first-order sensitivity of Xi, indicating the degree
of change in the output parameter when a single input parameter Xi changes. Sij is the
second-order sensitivity index of two different input parameters Xi and Xj, reflecting the
degree of influence that the interaction between the two input parameters has on the output.
The larger the value, the stronger the interaction between the two parameters.

For the second-order interaction effect index Sij of parameters Xi and Xj, its relative
contribution rate can be expressed as Equation (8).

Rij =
Sij

∑n
k = 1 Sik

(8)

The total sensitivity index Si
T for a given input parameter Xi is defined as the sum of

all sensitivity indices of all order effect indices involving Xi, represented as Equation (9).

ST
i = ∑i∈{i1,··· ,iz} Si1···iz (9)

To calculate the Sobol index, the most common approach is based on the original
model, which performs direct simulations at relatively low computational cost when
the number of parameters is small. In recent years, a novel method based on surrogate
model has been proposed and widely used [53,54]. This method constructs a data-driven
approximate mathematical model to replace the original model, it significantly reduces the
computing time especially for complex simulations. However, the accuracy of this method
heavily depends on the train quality and the model structure, so it is generally lower than
that of the original model.

In this study, the Saltelli quasi-Monte Carlo sampling method was applied to directly
conduct Sobol analysis using the original model. This strategy avoids the errors introduced
during the development and training of surrogate models, thereby improving the reliability
of the sensitivity analysis index.

2.3. Co-Simulation Method for the Subway Station Cooling Load

This study adopts an EnergyPlus–Python co-simulation method. The ideal air-
conditioning system module in the EnergyPlus 23.2.0 was used to construct the air-
conditioning cooling-load calculation model for the subway station. The parameters
of the EnergyPlus model were automatically adjusted according to the predefined variable
range and discrete method through Python programming, thereby obtaining scientific and
reasonable simulation data samples, thereby obtaining scientific and reasonable simulation
data sample set. This co-simulation method efficiently generated a comprehensive and
scientific cooling-load array, which servers as the basis for the study.

3. Establishment of the Cooling-Load Simulation Database
3.1. Baseline Model of the Case Subway Station
3.1.1. Basic Information of the Case Subway Station

This study develops an EnergyPlus benchmark model based on a certain subway
station in Suzhou. The station is a typical two-level underground island platform station
with a total floor area of 3960 m2. The spatial layout is shown in Figure 2. The station
is equipped with comprehensive monitoring systems, providing historical records of
meteorological data, energy consumption, indoor environmental parameters, and the
cooling output of the conditioning system. Suzhou is located in a hot summer and cold
winter climate zone; the annual outdoor dry-bulb temperature and relative humidity of
Suzhou is as shown in Figure 3.
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(a) Integral construction (highlighted in red). 

 
(b) Platform and hall (highlighted in blue). 

Figure 2. Schematic diagram of the public area of the subway station.

Figure 3. Hourly outdoor dry-bulb temperature and humidity in Suzhou.

3.1.2. Verification of Simulation Results for the Case Station

In this study, an ideal air conditioning system module in the EnergyPlus 23.2.0 software
was used to simulate the air-conditioning load of the subway station. Input parameters
were set based on the field measured data and the given building envelope and internal
disturbance information in the subway station construction drawings, and the hourly
load simulation results of the subway station for the entire year were obtained from the
calculation model. The model results were verified based on the actual measured cooling
load on 21 July. The station is equipped with meters, which record the supply temperature,
return temperature, and flow rate of chilled water. The actual measured cooling load is
calculated through these records.

Figure 4 compares the daily variation profiles of the measured and simulated cooling
loads on a representative day. The relative error between the two sets of data is 3.2%,
confirming the high accuracy of the simulation model.
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Figure 4. Comparison between calculated load and actual load on 21 July.

3.2. Input Parameter Range and Distribution

Before applying a Sobol variance-based sensitivity analysis method to identify key
influential inputs and parameter interactions in the load model. It is essential that the
distribution patterns and value ranges of the input parameters must be determined first.
Based on the previously discussed research summary on the mechanism and influencing
factors of air-conditioning load, four categories of influencing parameters are identified for
subway station loads, including thermal properties of the building envelope, meteorological
parameters, internal load disturbances, and indoor environmental control conditions.
Since the study mainly focuses on underground subway stations, there are no windows
and exterior walls adjacent to soil rather than air, which is a key distinction from above-
ground buildings. Therefore, the influence of solar radiation on the exterior walls can be
ignored and the main thermal parameter is the building-envelope heat transfer coefficient.
Meteorological parameters include outdoor dry-bulb temperature, air relative humidity,
and soil temperature. Internal load disturbances include occupant density, equipment
power density, and lighting power density. The body’s heat dissipation of people is
approximately taken as 120W per person [55], with the latent heat accounting for 30% of
the total. Indoor environmental control conditions include temperature setpoint, humidity,
and fresh air volume.

The probability distributions of input parameters are related to the purpose of sensi-
tivity analysis. Defining the reasonable range in variable discretization ranges can improve
the applicability of the simulation database. Therefore, it is necessary to determine the
discrete intervals for each variable [22]. To ensure the generated database is both repre-
sentative and practical, the discrete ranges for each variable were determined according
to engineering standards, historical data, or typical design practices. For instance, the
range of outdoor dry-bulb temperature was derived from typical year meteorological data,
while the range of occupant density was derived from historical passenger flow records.
Meanwhile, to effectively maintain unbiased sampling, all input parameters are selected as
discrete uniformly distributed variable. To avoid sparse distribution in the sample space,
the step size should not be too large. The specific variable categories, step sizes, discrete
ranges, and value determination basis are shown in Table 2. Figure 5 shows the discrete
value levels of all input parameters.
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Table 2. Parametric configuration for subway station load influence factors.

Sort Parameter Label Value
Range

Discrete
Step Unit Selection

Basis

Basic thermal
parameters of

the station
Heat transfer coefficient Wk 0.1–1.9 0.3 W/(m2·K) [56]

Meteorological
information

Dry-bulb temperature T 26–40 2 ◦C
[57]

Relative humidity H 20–100 10 /

Soil temperature ST 18–26 2 ◦C [58]

Internal load
disturbance

Occupant density PD 0–5000 500 p/h From history
data

Equipment power
density EPD 5–30 5 W/m2 [59]

Lighting power density LPD 0–15 3 W/m2 [60]

Indoor
environment

control

Temperature Tc 26–30 1 ◦C

[61]Relative humidity Hc 40–70 5 /

Fresh air FAP 0–30 5 m3/(h·p)

Figure 5. Discrete value levels for all input parameters.

3.3. Saltelli Sampling Implementation

In order to ensure the accuracy and reliability of the Sobol global sensitivity analysis
results, the input parameter sample size should not be less than 5000 sets [62,63]. According
to Equation (8), when the number of input parameters is 10, the sample size should be
22 × 2n. Balancing the accuracy requirements of the Sobol analysis and the complexity of
the input samples, n was set to 11, yielding a total of 11,264 sample sets. Figure 6 shows the
three-dimensional parameter space distribution of the samples obtained through the Saltelli
sampling. The projections onto any two-dimensional distribution plane exhibit a uniform
discrete distribution without clustering or gaps, which proves the spatial uniformity of the
Saltelli quasi-Monte Carlo sampling.
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(a) T—H—TC    (b) EPD—LPD—FAP 

Figure 6. Three-dimensional projections of the Saltelli sample distribution.

3.4. Generation of Simulated Database

The simulation process involved a total of 11,264 input parameter combinations. Using
a traditional single-simulation method would have resulted in prohibitively high compu-
tational time costs. Thus, in this study, the automatic simulation method of EnergyPlus–
Python was adopted, which automatically executes simulations according to the predefined
variable combinations to efficiently generate the database. The entire data generation
process was conducted on a computer equipped with an i7 processor and required approxi-
mately 1 h.

4. Result
This section applies Sobol global sensitivity analysis to quantify the influence degree

of each input parameter on subway station cooling load and ranks these parameters based
on their importance. Additionally, the top five parameter combinations with the strongest
interaction effects were identified through the analysis.

4.1. Single-Parameter Sensitivity Analysis Results

Table 3 and Figure 7 presents the sensitivity analysis calculation results of the input
parameters for the total cooling load based on the Sobol method. In practical engineering
applications, the total-effect index captures both independent influence of each parameter
and its interaction effects with other inputs, which can better reflect the actual influence
of the input parameters. As shown in the figure, among all the input parameters, the
order of the total load impact of the subway station is as follows: occupant density > fresh
air volume > outdoor relative humidity > outdoor temperature > station set temperature
> lighting power density > equipment power density > station set humidity > building-
envelope heat transfer coefficient > soil temperature. Overall, the total-effect index ranges
from 0.0881 to 0.5605, while the first-order index varies between 0.0151 and 0.2471, all of
which fall within expected and reasonable intervals.

The dominant parameters (with Si
T > 0.4) influencing the total cooling load are oc-

cupant density and fresh air volume. Occupant density exhibits the highest total-effect
index (0.5605) and first-order index (0.2471), making it the most influential independent
variable. The thermal impact of occupants arises from a typical temperature difference of
approximately 10 ◦C between the human body and indoor air, leading to significant heat
release. In addition, the human body generates latent load through breathing and sweating,
resulting in an approximately linear increase in total load with rising occupant density. The
influence of the fresh air volume is slightly lower than occupant density, with a total-effect
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index of 0.4546 and a first-order index of 0.1196. Fresh air volume directly determines the
total fresh air load. Furthermore, it also increases the cooling load through strong coupling
effects with occupant density.

Table 3. Sobol index for each parameter.

Label Si Si
T Si

T − Si

PD 0.2471 0.5605 0.3134
FAP 0.1196 0.4546 0.335

H 0.095 0.3642 0.2692
T 0.0572 0.2768 0.2196
Tc 0.0217 0.2069 0.1852

EPD 0.0961 0.1973 0.1012
LPD 0.1022 0.1876 0.0854
Hc 0.0202 0.1869 0.1667
Wk 0.0294 0.1482 0.1188
ST 0.0151 0.0881 0.073

Figure 7. Input parameter first-order and total effect Sobol index.

Among all the secondary input parameters (0.15 < Si
T < 0.4), outdoor relative humidity

has the highest total effect index (Si
T = 0.3642), while its first-order index is only 0.0950,

relatively low compared with total effect index. When the moisture content of outdoor air
is high, it can lead to a significant increase in latent heat load. The next most influential
parameter is the outdoor dry-bulb temperature (Si

T = 0.2768). Although subway station is
not directly exposed to the external atmosphere, outdoor dry-bulb temperature still has a
significant influence on the station’s total cooling load through the temperature difference
in fresh air. However, its influence is significantly reduced compared to above-ground
buildings. The sensitivity of the air-conditioning setpoint temperature is closely followed
by the outdoor dry-bulb temperature, with a total effect index of 0.2069. As the most
frequently used adjustment object, a lower setpoint temperature increases the fresh air
cooling load. Meanwhile, reducing the setpoint temperature also reduces the temperature
difference between the station interior and the surrounding soil, heat transfer through the
building envelope is reduced. These synergistic effects collectively determine the total
influence of setpoint temperature. Both lighting power density and equipment power
density also have a influence on the cooling load, with their total-effect indices exceeding
0.15. The two parameters’ impact is primarily through sensible heat. Their heat dissipation
increases when the their power density increases, giving them a significant independent
influence. Their first-order indices are 0.0961 and 0.1022, respectively, which is the most
independently influential among all secondary parameters.



Buildings 2025, 15, 3858 16 of 23

Low sensitivity parameters (Si
T < 0.15) include the building-envelope heat transfer

coefficient and the soil temperature. The total-effect index and first-order index for the
building-envelope heat transfer coefficient are only 0.1482 and 0.0294, respectively. It
indicates that building-envelope heat transfer coefficient has little effect on the total cooling
load. This phenomenon can be attributed to the unique thermal characteristics of under-
ground buildings. The surrounding soil has high temperature stability, which is a little
lower than the indoor temperature. This results in a stable and small heat exchange, which
greatly diminishes the sensitivity of the building-envelope heat transfer coefficient. And
soil temperature has a narrower range of variation than other parameters due to the high
stability, which may limit its sensitivity.

4.2. Parameter Interaction Effects

As shown in Figure 8, the difference between Si
T and Si values is relatively large

for each input parameter, reflecting the significant influence of interaction effects on the

total cooling load. For a certain parameter, A larger value of ST
i −Si
ST

i
indicates that the main

influence of this input parameter is primarily attributed to its interaction with other input

parameters. In the total cooling-load model, the average ST
i −Si
ST

i
reached 0.72, demonstrating

highly significant interaction effects. It is therefore essential to pay more attention to the
high-order effect index between input parameters. This helps to explore the collaborative
effect between input parameters and prevents the failure of energy-saving strategies caused
by ignoring the interaction effect.

Figure 8. Input parameter interaction effect index and its proportion to the total effect.

Based on the Sobol variance decomposition theory, the total energy model theoretically
has tenth order sensitivity index. Among them, the second-order effect index Sij represents
the contribution of the interact effect of two input parameters to the output variance, which
is most important and meaningful. When the number of input parameters is less than
15, the second-order effect index Sij can approximately explain 85% to 92% of the total
interaction effect contribution. Figure 9 shows the second-order interaction effect between
parameters, where red shades indicate stronger interactive contributions.

Figure 10 displays the top five parameter combinations with the highest second-order
effect index. All five combinations include either occupant density or fresh air volume, and
these interaction effect coefficients all exceed 0.05, exerting a practical influence on the total
cooling load.
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Figure 9. Second-order interaction effect heatmap.

 

Figure 10. Top five parameter combinations with the highest second-order interaction effect index.

As shown in Figure 11a, the second-order interaction effect coefficient between oc-
cupant density and fresh air volume is the largest, reaching 0.1094. Its coupling effect
is derived from the nonlinear in total fresh air volume; the fresh air load surged while
occupant density and fresh air volume rise simultaneously. The second-order interaction
effect index between outdoor temperature and occupant density is 0.07098 (as shown in
Figure 11b), and its coupling effect mainly comes from the increase in sensible heat load. If
the outdoor temperature is high, the temperature difference between indoor and outdoor
increases, further amplifying the total cooling load. The second-order interaction effect
index of outdoor humidity and occupant density is 0.06947. The source of this coupling is
the increased humidity, which causes a significant increase in the total dehumidification
load. In addition, the second-order interaction effect index of outdoor temperature, air-
conditioning setpoint temperature, and fresh air volume are also all over 0.55, and their
coupling origins are similar, relying on the significant increase in fresh air load caused by
their respective changes to affect the total load.
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(a) PD—FAP (T = 36 °C, H = 80%)  (b) PD—T (H = 70%, FAP = 20 m3/(p∙h)) 

Figure 11. Schematic diagram of the two strongest parameter coupling effects.

According to the results of Sobol variance-based sensitivity analysis, the composition
of the total cooling load in subway station is different from the conventional buildings
due to its unique environment and building envelope. During the initial design phase
of subway stations, the occupant density and the fresh air volume should be given more
attention, reducing their values within a reasonable range. In contrast, there is no need to
overly control the building-envelope heat transfer coefficient. For parameters that have a
certain influence and are relatively independent, such as lighting equipment, adjustments
can be made independently based on cooling-load requirements. In addition to direct
controlling individual parameters, applying dynamic strategies for coupling effects can
also significantly reduce the total cooling load. For example, the strong interaction effect
between occupant density and fresh air volume can be diminished by establishing control
over fresh air volume, or optimizing the air distribution position and precisely delivering
the air to areas with high occupant density.

5. Discussion
Based on the co-simulation and Sobol global sensitivity analysis, this study system-

atically quantifies the influence strength of various parameters on the subway station
cooling load, revealing the dual dominance of occupant density and fresh air volume along-
side significant interaction effects. Compared to previous studies, this study incorporates
soil temperature as a variable, employs Saltelli quasi-Monte Carlo method to generate a
cooling-load database, and introduces interaction effects into the sensitivity analysis.

5.1. Influence Factors and Comparative Analysis

Occupant density and fresh air volume were identified as the dominant factors, which
redefines energy-saving priorities for underground spaces. This finding aligns with the
conclusions of Ahn et al. [30] and Guan et al. [31] regarding the importance of passenger
flow and ventilation systems. Furthermore, the low sensitivity of the building envelope
challenges conventional design paradigms, suggesting a reallocation of resources towards
managing dynamic loads. However, this study provides a quantitative ranking of all
influencing factors, offering an intuitive and comparable hierarchy for guiding optimiza-
tion efforts.

5.2. Significance of Interaction Effects

As listed in Table 4, previous sensitivity studies in this field have primarily focused on
identifying the most influential factors and parameter ranking, while dedicated investiga-
tions into interaction mechanisms have been lacking. The exceptionally strong interaction
between PD and FAP uncovered in this study provides the key to explaining many practical
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energy management challenges. When these two parameters change simultaneously, they
produce a nonlinear amplification effect on cooling load—a crucial mechanistic insight that
remained obscured in earlier studies using regression or local sensitivity methods. This
finding explains why isolated parameter adjustments often yield limited energy savings,
pointing to the necessity of developing integrated control strategies that account for these
coupling relationships.

Table 4. Comparison of key aspects in subway station cooling-load studies.

Aspect This Study Yu et al. [23] Kong et al. [24] Ahn et al. [30]

Key Findings

Quantified
parameter ranking
Strong interaction
effects identified

Train-induced
airflow significantly

impacts load

Outdoor temperature
and equipment

parameters dominate

Passenger flow as a
key variable in

multi-factor
benchmark model

Significance

Systematic
quantification and

ranking
Interaction effects

introduced

Corrects inaccuracies
in traditional design

methods

Highlights load
driver differences by

functional zone

Establishes a energy
benchmark

regression model

Advantages

Comprehensive and
quantitative method

Novel insight into
interaction

mechanisms

Strong empirical
evidence (field
measurements)

Considers parameter
uncertainty

Based on extensive
operational data

(157 stations)

Disadvantages

Excludes dynamic
disturbances

No specific control
strategy

Single-factor focus,
lacks multi-factor

comparison

Excludes passenger
factors

Cannot reveal
physical mechanisms

or interactions

6. Conclusions
This study establishes a novel framework that use equal-step discretization and Saltelli

quasi-Monte Carlo sampling to establish a simulation database containing 11,264 parameter
combinations for subway station cooling-load analysis, along with the EnergyPlus–Python
co-simulation approach. The Sobol global sensitivity analysis is applied to systematically
quantify the influence degree of each influencing parameter of the subway station, including
independent contributions and interaction effects. The results reveal a significant dual-
dominance characteristic in the total cooling load of the subway station. Furthermore,
interaction effects between parameters have a significant impact on the load, indicating
that single-parameter optimization strategies may have limitations. The main conclusions
are as follows.

(1) Based on the total sensitivity index, the ranking of the importance of factors in-
fluencing the cooling load in subway stations is as follows: occupant density >
fresh air volume > outdoor relative humidity > outdoor dry-bulb temperature >
air-conditioning setpoint temperature > lighting power density > equipment power
density > air-conditioning setpoint humidity > building-envelope heat transfer co-
efficient > soil temperature. Among them, occupant density (Si

T = 0.5605) fresh air
volume (Si

T = 0.4546) are the dominant factors influencing the total cooling load. These
two parameters contribute approximately 50% of the total load variance together.

(2) Among meteorological parameters, outdoor relative humidity (Si
T = 0.3642) and

outdoor dry-bulb temperature (Si
T = 0.2768) affect the load by changing the enthalpy

value of fresh air. However, their influence is significantly weaker compared to
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above-ground buildings. This is mainly due to the low and stable soil temperature
in the external environment of the underground building envelope. The influence
of the building-envelope heat transfer coefficient (Si

T = 0.1482) and soil temperature
(Si

T = 0.0881) is very limited.
(3) Passenger density (Si = 0.2471) is the most influential independent parameter, driving

load variations through passenger heat and moisture dissipation. Lighting power
density (Si = 0.1022) and equipment power density (Si = 0.0961) as stable internal
heat sources, also exhibit significant independent influences. Although the total effect
of fresh air volume and outdoor meteorological parameters is high, their first-order
effect index are relatively low, indicating that their independent effects are limited,
and the load influence is highly dependent on the interactions with other parameters.

(4) Five significant second-order interactions were identified according to the Sobol
sensitivity analysis, including occupant density and fresh air volume (Sij = 0.1094),
occupant density and outdoor dry-bulb temperature (Sij = 0.07098), fresh air volume
and outdoor dry-bulb temperature (Sij = 0.06947), fresh air volume and outdoor
relative humidity (Sij = 0.06145), air-conditioning setpoint temperature and fresh
air volume (Sij = 0.05985). These interactions reveal the nonlinear load response
characteristics when multiple parameters change in concert.

Through the parameter sensitivity ranking and interaction effect analysis above, this
study reveals the influencing mechanism of cooling loads in subway stations, providing
a theoretical basis and quantitative tool for the refined design and operation optimiza-
tion strategies of underground transportation hubs. This study outlines clear scientific
prospects for advancing energy efficiency in subway station and can be used under any
climate. Moreover, this study also lays a foundation for future endeavors; specifically, the
formulation of specific energy-saving optimization strategies.

This study focuses on the influence of static parameters and does not account for
highly dynamic transient disturbances, such as train-induced piston wind. In addition,
the findings have not yet been translated into a comprehensive control strategy. Thus,
incorporating these dynamic factors into the framework and formulating corresponding
control strategies will be a key focus of future work.
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