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A B S T R A C T

The metro-based underground logistics system (ULS) offers an effective solution to alleviate traffic congestion, 
environmental degradation, and energy inefficiency caused by intensive road-based freight transport. Unlike 
passengers, cargo exhibits variable mass properties, significantly influencing the dynamic performance of metro 
vehicles. To enhance both operation safety and energy efficiency of metro-based ULS, this study proposes an AI- 
driven optimization framework for optimizing the cruising speed of metro vehicles using multibody dynamics 
(MBD), Random Forest (RF) surrogate modeling, and adaptive reference point-based multi-objective evolu
tionary algorithm (AR-MOEA) that establishes a complete intelligent decision pipeline. MBD simulations under 
5625 designed working conditions generate training data covering comprehensive working conditions. An RF- 
based surrogate model learns the complex vehicle dynamics to enable rapid performance prediction. AR- 
MOEA optimizes cruising speeds across segments in 4.9 s to simultaneously improve safety and energy effi
ciency. Compared to a uniform speed profile, the proposed AI-powered strategy can improve the operation safety 
by up to 23.51 % and energy efficiency by up to 20.75 %. This study provides valuable insights for the sus
tainable development of metro-based ULS.

1. Introduction

1.1. Background and motivation

Urban logistics has become a critical bottleneck for sustainable urban 
development, characterized by a triad of interconnected challenges: 
traffic congestion, environmental degradation, and energy inefficiency. 
Specifically, road-based freight transport accounts for approximately 30 
%-40 % of traffic congestion and 25 % of mobility-related greenhouse 
gas (GHG) emissions (Muñoz-Villamizar et al., 2020; Coulombel et al., 
2018). In recent years, these adverse effects have intensified due to rapid 
urbanization and e-commerce growth. Therefore, exploring innovative, 
sustainable, and efficient alternatives for freight distribution is imper
ative (Di et al., 2022).

In response to these challenges, attention has turned to underground 

space as a potential solution, leading to the concept of the underground 
logistics system (ULS) (Hu et al., 2025; Li & Yuen, 2025). Typically, ULS 
is an independent system comprising dedicated tunnels or pipelines and 
specially designed transport units (Visser, 2018). However, imple
menting the ULS is not straightforward. The primary challenge involves 
multi-faceted coordination across urban planning, logistics manage
ment, and public infrastructure. This complexity results in high initial 
costs, intricate engineering, and prolonged construction periods (Di 
et al., 2022). In contrast, metro systems, known for their efficiency 
and environmental benefits, often have surplus capacity during off-peak 
hours. Utilizing this capacity for urban freight transport presents an 
opportunity to optimize resources without additional infrastructure in
vestment (Hu et al., 2023). Thus, the metro-based ULS, illustrated in 
Fig. 1, has emerged as a viable and effective approach to mitigating 
urban logistics issues.
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Unlike passengers, cargo characteristics, e.g. size, density, and center 
of gravity, are highly variable. In particular, cargo distribution changes 
with loading and unloading at each station, whereas passengers tend to 
distribute themselves more uniformly within the vehicle to maximize 
personal space and minimize physical contact with others. Since vehicle- 
cargo interaction significantly affects wheel-rail contact forces, the in
fluence of load characteristics on metro vehicle performance warrants 
detailed investigation. Consequently, the operation of metro-based ULS 
should incorporate these effects to enhance both operation safety and 
energy efficiency. Given the underground setting and low operating 
speed of ULS, the influence of wind forces is considered negligible in this 
research.

1.2. Literature review

To the best of our knowledge, existing research on metro-based ULS 
operations has primarily focused on tactical and strategic aspects, such 
as network planning and urban co-modality. For instance, An et al. 
(2024) developed a Wasserstein distributionally robust optimization 
model to schedule freight trains and assign cargo within a metro-based 
ULS, effectively managing demand uncertainty while minimizing oper
ating costs through strategies like flexible skip-stopping. Chen et al. 
(2023) developed a decision-making framework integrating benefit 
quantification, stakeholder dynamics, and network optimization to plan 
the metro-based ULS. Di et al. (2022) presented an optimization 
framework to simultaneously determine carriage allocation and 
passenger-freight flow control for minimizing operational costs and 
delays during off-peak hours. Behiri et al. (2018) proposed an optimi
zation and simulation framework to assess the feasibility of integrating 
urban freight transportation into existing passenger rail systems, 
focusing on scheduling, resource utilization, and operational impacts. 
However, few studies have addressed the operational control of metro 
vehicles used for freight transport, especially considering the impact of 
carriage.

To elucidate the relationship between loading offset and operation 
safety, a quasi-static analysis of a loaded wagon negotiating a curve at 
constant speed was conducted, deriving an analytical expression be
tween the three-dimensional center of gravity and the wheel unloading 
ratio (Zhang et al., 2021b). Building on this, a wagon-cargo coupling 
model was developed to incorporate changes in the moment arm and 
shifts in the center of rotation due to variations in the center of gravity 
(Zhang et al., 2019). Multibody dynamics (MBD) simulations confirmed 
that the loaded wagon’s center of gravity must remain within a safety 
space, determined by cruising speed, to ensure operation safety (Zhang 
et al., 2022). Beyond loading offset, cargo density and quantity also 
influence wheel-rail interaction. For high-speed freight trains, 

increasing cargo density and quantity generally improves operation 
safety (Zhang, D. et al., 2023a; Zhang, D. et al., 2024c).

Actually, the coupling relationship between the cargo and vehicle 
not only affects the operation safety significantly, but also plays an 
important role in the energy efficiency of trains. (Zhang et al., 2023b) 
proposed a model to evaluate the energy consumed by motion re
sistances (ECMR) using MBD simulations. Subsequent work demon
strated the effect of loading offset on ECMR under varying speeds and 
curve radii (Zhang et al., 2023c).

Although prior studies have proved that running performance of 
trains is affected by load characteristics (i.e., loading offset, density, and 
quantity) and running conditions (i.e., speed and curve radius), a 
practical and efficient method for improving loaded vehicle perfor
mance remains lacking. Among these factors, vehicle speed is the most 
readily controllable (Zhou et al., 2024; Zou et al., 2025). Kinds of train 
operation control strategies have been proposed to save the energy 
consumption of trains. Feng et al. (2022) proposed a convex optimiza
tion formulation for the energy-efficient train control problem, 
addressing the computational bottleneck that limits online applications 
of existing methods. Xiao et al. (2023) proposed a computationally 
efficient approach to minimize total electrical energy consumption from 
traction substations. A real-time iteration sequential quadratic pro
gramming algorithm was proposed, yielding near-optimal solutions with 
high computational efficiency. Chen et al. (2023) addressed the chal
lenge of simultaneously achieving timetable adherence and energy ef
ficiency in high-density metro lines subject to frequent disturbances. A 
hierarchical optimal control framework was proposed based on the 
model predictive control method. Peng et al. (2024) proposed a realistic 
model incorporating hybrid braking characteristics and reduced-power 
characteristics at high speeds into the energy-efficient train control 
problem to improve both control precision and modeling accuracy of 
energy consumption and time. Although various models were estab
lished and different algorithms were proposed, the fundamental 
simplification of these energy consumption models is regarding the train 
as a single particle. Thus, the internal forces of the vehicle, e.g. spring 
and damping forces, are overlooked, and the wheel-rail forces are 
idealized. The effects of loading characteristics on the energy con
sumption of trains are neglected. Consequently, previous control algo
rithms are not applicable to the real-time, dynamic, and uncertain 
underground logistics scenarios.

Meanwhile, advanced weigh-in-motion (WIM) systems have 
matured, enabling accurate real-time measurement of wheel loads 
(D'Adamio et al., 2016). For example, Obrien et al. (2018)evaluated the 
accuracy of two independent WIM systems, while Allotta et al. (2015)
developed a method for estimating axle and wheel loads at high vehicle 
speeds based on vertical forces on track sleepers, then deriving the 
center-of-gravity position of the railway vehicle. With WIM systems, 
load characteristics can be assessed conveniently and transmitted to the 
decision system wirelessly, making it feasible to optimize vehicle speed 
in real time according to the obtained load characteristics for enhanced 
running performance of metro-based ULS. In practice, WIM systems for 
moving rail vehicles are subject to sensor noise, latency, and calibration 
drift. Typical inaccuracies are within ± 5 % for axle load measurements 
(ISWIM, 2020). Advanced algorithms can achieve estimation errors 
below 2 % under favorable conditions (D'Adamio et al., 2016). Even 
though the error is acceptable, WIM systems should be periodically 
calibrated using static weighing references to maintain accuracy. Mul
tiple measurement stations can be placed along the track to improve 
reliability through redundancy.

In metro-based ULS, speed optimization must be performed online 
based on real-time measurements from WIM systems rather than offline 
based on fixed schedules. This real-time requirement rules out tradi
tional offline approaches that pre-compute a single speed profile for the 
entire journey. Instead, the optimization framework must be capable of 
predicting vehicle performance for any loading condition instanta
neously. This is a task that MBD simulation cannot fulfill within the 

Fig. 1. The example of metro-based ULS (Xinhua News Agency, 2025).
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required time window. Recent advances in machine learning-based 
predictive modeling have demonstrated the power of data-driven ap
proaches for complex engineering systems. Wu, J. et al. (2025) proposed 
a multi-view fully connected graph approach to fuse multi-sensor signals 
for remaining useful life prediction of mechanical equipment, show
casing how advanced neural network architectures can model system 
degradation patterns from heterogeneous sensor data. Furthermore, 
digital twin frameworks have been increasingly applied to railway sys
tems for performance prediction, predictive maintenance and fault 
diagnosis (Guo et al., 2026; He et al., 2025a,b), establishing the viability 
of virtual-physical mapping for real-time decision support. In the 
domain of train operation optimization, deep reinforcement learning 
and bi-objective optimization methods have been applied to metro train 
control for energy conservation and timetable rescheduling under un
certainty (Sun et al., 2024; Tan et al., 2025). These studies collectively 
demonstrate the growing integration of AI and optimization techniques 
in railway engineering, yet none address the specific challenge of 
dynamically optimizing cruising speed in response to real-time, struc
turally uncertain cargo loading conditions.

1.3. Contributions

To improve the operation safety and energy efficiency of metro- 
based ULS, this study proposes an AI-driven optimization framework 
that integrates MBD simulation, Random Forest (RF) surrogate 
modeling, and adaptive reference point-based multi-objective evolu
tionary algorithm (AR-MOEA) into a closed-loop intelligent decision 
pipeline. The main contributions are as follows:

(1) A novel MBD model for evaluating the running performance of 
loaded metro vehicles under comprehensive loading and running 
conditions.

Metro-based ULS represents a unique transport mode combining 
vehicle features of traditional metro trains and the load characteristics of 
freight wagons. For a typical metro vehicle, we built a special-designed 
MBD vehicle-cargo coupling model to evaluate its running performance 
under diverse loading and running conditions, including cargo quantity, 
lateral and longitudinal loading offsets, curve radius, and running speed. 
This is the first time the joint effects of loading offset and cargo quantity 
on railway vehicle running performance have been evaluated. More
over, the variable cargo quantity introduces a significant challenge in 
designing the loading conditions for MBD simulations. The feasible 
longitudinal offset range changes with cargo height due to regulatory 
constraints, requiring a non-uniform experimental design across the 
loading parameter space. This represents a methodological break
through in railway freight transport simulation and provides a physics- 
based training data foundation for the AI-driven optimization pipeline.

(2) AI-based surrogate modeling for real-time performance 
prediction.

Using MBD simulation results under designed working conditions, 
surrogate models based on the Random Forest (RF) algorithm are 
developed to predict the operation safety and energy efficiency of metro 
vehicles under arbitrary conditions. The RF surrogate model serves as an 
AI-based digital twin of the MBD vehicle model. It learns the complex, 
nonlinear mapping from five input features to two performance in
dicators, enabling instantaneous performance prediction without 
rerunning computationally expensive MBD simulations. This capability 
is the essential enabler of the entire optimization pipeline, transforming 
the problem from one requiring hours of computation to one that can be 
solved in seconds. The accurate surrogate model is the foundation of 
real-time, online optimization for vehicle cruising speed, a capability 
that has not been previously demonstrated in surrogate-assisted railway 
optimization studies.

(3) A novel integration architecture for online, closed-loop speed 
optimization.

A bi-objective optimization model is formulated to determine the 
optimal cruising speed in real time given specific load characteristics 

and curve radii. Optimization objectives, maximizing operation safety 
and energy efficiency, are evaluated via the surrogate models. Using an 
adaptive reference point-based multi-objective evolutionary algorithm 
(AR-MOEA), optimal speeds are derived to simultaneously enhance 
operation safety and energy efficiency of metro-based ULS. Unlike 
existing studies that address offline, static design optimization, our 
framework tackles online, operational control that optimizes cruising 
speed dynamically in response to real-time WIM measurements of cargo 
mass, longitudinal offset, and lateral offset. This WIM-driven closed-loop 
capability enables the system to adapt to the inherent uncertainty and 
variability of freight operations, where loading conditions change sto
chastically at each station. Compared to uniform speed profiles, the 
proposed AI-powered strategy improves operation safety by up to 23.51 
% and energy efficiency by up to 20.75 %.

The paper is structured as follows: Section 2 outlines the research 
methodology. Section 3 presents numerical simulation and analysis. 
Section 4 details the surrogate model for performance prediction. 
Section 5 formulates and solves the bi-objective optimization model for 
speed optimization.

2. Methodology

This study aims to develop a framework for sustainably optimizing 
train cruising speed in metro-based ULS according to load characteristics 
obtained from advanced data sources (e.g., WIM systems), as illustrated 
in Fig. 2. Based on MBD simulations under various conditions, the sur
rogate model is constructed using RF to dynamically predict vehicle 
performance. Upon receiving load characteristics from the WIM system, 
the surrogate model feeds predictions into an optimization model. Using 
AR-MOEA, the optimal cruising speed corresponding to specific load 
characteristics is determined. The proposed framework consists of three 
AI-enabled stages: (1) data generation via MBD simulation; (2) surrogate 
modeling using Random Forest to learn the vehicle’s dynamic response; 
and (3) intelligent optimization using AR-MOEA to derive optimal speed 
profiles. This three-stage pipeline transforms the conventional offline, 
physics-based approach into an online, AI-driven decision system.

As noted in the Introduction, WIM systems are well-established in 
railways. Assuming accurate detection of load characteristics, this study 
focuses on the remaining three tasks of the proposed framework.

2.1. Dynamics equation of the loaded vehicle

This study considers a B-type metro vehicle, commonly used in metro 
systems. As illustrated in Fig. 3, the vehicle consists of one loaded car
body, two sideframes, and four wheelsets. There are primary and sec
ondary suspensions systems between the wheelset and sideframe, 
sidefame and carbody respectively. The cargo shifts the carbody’s center 
of gravity from point O (empty) to point C (loaded). The definitions of 
the symbols in Fig. 3 are listed in Table 1.

For a given metro vehicle, the position of C is depending on the load 
characteristics, as illustrated in Fig. 4, where O, O#, and C denote the 
gravity centers of the empty carbody, cargo, and loaded carbody 
respectively, Mv and M denote the masses of the empty carbody and 
cargo respectively, Mc denotes the mass of loaded carbody and equals 
the sum of M and Mv, h denotes the height of the cargo model, Hfloor 
denotes the vertical distance from the vehicle floor to O, x and y denote 
the longitudinal and lateral loading offsets respectively, xc and yc denote 
the longitudinal and lateral distances from O to C respectively. The 
metro-based ULS is mainly used to transport the small cargoes, espe
cially packages. Usually the cargoes with similar characteristics are 
typically located within the same area. But cargoes in different areas of 
the vehicle may have significant differences. Thus, the cargo is modeled 
as a cuboid with uneven horizontal mass distribution and uniform ver
tical distribution. Because the packaged goods (e.g., parcels, boxes, 
containers) are stacked in fixed configurations, secured by packaging 
that limits internal relative motion, and subject to load restraint 
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practices (e.g., dunnage, bracing, void fillers) that prevent shifting 
during transit, the nonlinear sloshing effects (e.g., fluid-like or granular 
sloshing effects) caused by loose stacking in real-world logistics are not 
considered. The vertical distance from the vehicle floor to O# is h/2. 

According to the formula for the gravity center, the position of C in three 
directions can be derived based on the load characteristics as:

Vertically, 

Fig. 2. Overview of the proposed framework.

Fig. 3. The model of the loaded vehicle.
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Hco =
Mh − 2MHfloor

2(M + Mv)
(1) 

Longitudinally, 

xc =
Mx

M + Mv
(2) 

Laterally, 

yc =
My

M + Mv
(3) 

Given the substantial influence of cargo on the carbody’s center of 
gravity, the dynamics equations of loaded carbody are updated from 
prior studies where the geometric center of carbody was assumed to 
coincide with the center of gravity (Zhang et al., 2024a; Zhang et al., 
2024b; Zhang et al., 2021a; Ahmad et al., 2025; Bustos et al., 2025; D. 
Zhang et al., 2021a,2024a,2024b; P. Zhang et al., 2026). Generally, the 
loaded carbody is subject to various external forces and moments, as 
illustrated in Fig. 5 and defined in Table 2.

As shown in Fig. 4, the position of loaded vehicle’s gravity center, 
which is affected by the load characteristics, can be clarified by its 
relative displacement to the empty vehicle’s gravity center as OC̅→

=
(
xc, yc, − Hco

)
. When the vehicle negotiates the right-hand curved track 

whose radius is R with the cruising speed of v, the equivalent curve 
radius corresponding to the loaded carbody is (R-yc). Applying the 
Newton’s second law, the dynamics equations of the loaded carbody are 
formulated as below. 

• Lateral motion:

Mc

[

Ÿc +
v2

R − yc
+
(
r0 + Hco + Hos + Hsf + Hfw

)
¨ϕsec

]

= FL
ys1 + FL

ys2 + FR
ys1 + FR

ys2 +Mcgϕsec (4) 

• Vertical motion:

Mc
¨[Zc − (a0 − yc) ¨ϕsec −

v2

R − yc
ϕsec] = − FL

zs1 − FL
zs2 − FR

zs1 − FR
zs2 +Mcg (5) 

• Roll motion:

Table 1 
Definitions of symbols for the vehicle model.

Symbol Physical meaning

Yc, Yf, Yw Lateral displacements of carbody, sideframe, and wheelset
Zc, Zf, Zw Vertical displacements of carbody, sideframe, and wheelset
ϕc, ϕf, ϕw The roll angles of carbody, sideframe, and wheelset
Mc,Mf, 

Mw

The masses of carbody, sideframe, and wheelset

Icx, Ifx, 
Iwx

Mass moment of inertia of carbody, sideframe, and wheelset about X- 
axis

Kpy, Ksy Lateral stiffness coefficients of primary and secondary suspensions
Kpz, Ksz Vertical stiffness coefficients of primary and secondary suspensions
Cpy, Csy Lateral damping coefficients of primary and secondary suspensions
Cpz, Csz Vertical damping coefficients of primary and secondary suspensions
KrX Stiffness coefficient of anti-roll spring
Hco Vertical distance between the centers of empty carbody and loaded 

carbody
Hos Vertical distance between the center of empty carbody and the 

secondary suspension
Hsf Vertical distance between the secondary suspension and the center of 

sideframe
Hfw Vertical distance between the centers of sideframe and wheelset

Fig. 4. Effects of loads on the gravity center of carbody: (a) front view, and (b) side view.
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Icx

(
ϕ̈c+

¨ϕsec

)
= −

(
FL

ys1+FL
ys2+FR

ys1+FR
ys2)(Hco +Hos)+(FL

zs1+FL
zs2)(ds +yc)

− (FR
zs1+FR

zs2

)
(ds − yc)− Mr1 − Mr2

(6) 

• Pitch motion:

Icyβ̈c = (FL
zs1 + FR

zs1)(lb − xc) −
(
FL

zs2 + FR
zs2
)
(lb + xc)−

(
FL

xs1 + FL
xs2 + FR

xs1

+ FR
xs2

)
(Hco +Hos) −

(
FL

xa1 + FL
xa2 + FR

xa1 + FR
xa2

)
(Hco + Hos)

(7) 

• Yaw motion:

Icz
¨[ψc + v

d
dt

(
1

R − yc
)] =(FL

ys1 + FR
ys1)(lb − xc) − (FL

ys2 + FR
ys2)(lb + xc)+

(
FR

xs1

+ FR
xs2)(ds − yc) + (FR

xa1 + FR
xa2)(dsc − yc)

− (FL
xs1 + FL

xs2

)
(ds + yc)− (FL

xa1 + FL
xa2)(ds + yc)

(8) 

Additional symbols in Eqs. (4)-(8) are introduced in Table 3.
The load characteristics do not have direct effect on the motions of 

sideframes and wheelsets. Hence, the dynamics equations of these 
components can be referenced from previous studies (Zhai et al., 2009; 
ZHAI, W., , 2019).

2.2. Multibody dynamics model of the metro vehicle

Using the commercial software VI-Grade, an MBD model of the metro 
vehicle is constructed based on the above equations, as shown in Fig. 6. 
The cargo is modeled as a cuboid with uneven horizontal mass distri
bution. The center of gravity and cargo height vary with loading con
ditions. A fixed joint connects the cargo to the carbody. Primary and 
secondary suspensions are modeled using appropriate forces, joints, and 

constraints. The S1002 wheel profile and UIC60 rail profile are adopted. 
Key vehicle parameters are listed in Table 4.

To validate the model, an in-situ test was conducted for a B-type 
metro vehicle on Chengdu Metro Line 1 (Fig. 7). The empty vehicle 
traveled at 60 km/h on tangent track. Carbody accelerations were 
measured using three-axis piezoelectric accelerometers installed on the 
carbody floor. Data were acquired at a sampling frequency of 1000 Hz. 
Measurements were recorded continuously over a duration of 120 s 
during stable operation. Because the track condition of Chengdu Metro 
is similar as the German railway spectra of low irregularity (Chen & 
Wan, 2023), it is applied to the track model as the external excitations of 
the MBD vehicle model.

The comparison of the results between the MBD simulation and in- 
situ test are displayed in Fig. 8. The good agreement can indicate the 
accuracy of the MBD vehicle model.

Fig. 5. Forces and moments applied to the carbody.

Table 2 
Definitions of force symbols.

Symbol Physical meaning

FL
xsi, FR

xsi Left and right longitudinal forces at secondary suspension of the ith bogie
FL

ysi, FR
ysi Left and right lateral forces at secondary suspension of the ith bogie

FL
zsi, FR

zsi Left and right vertical forces at secondary suspension of the ith bogie
FL

xai, FR
xai Left and right longitudinal forces at anti-hunting dampers of the ith bogie

MRi Anti-roll torque of the ith bogie

Table 3 
Definitions of emerging symbols.

Symbols Physical meaning

Icy Mass moment of inertia of carbody about Y-axis
Icz Mass moment of inertia of carbody about Z-axis
r0 Nominal contact rolling radius of the wheel
ϕsec The superelevation angle of the curve where the car body center locates
g Gravity acceleration
lb Half-distance between bogie centers
a0 Half of track gauge
βc The pitch angle of carbody
ψc The yaw angle of carbody
ds Half-distance between the secondary suspension of the two sides of the 

bogie
dsc Half-distance between the anti- hunting dampers on the two sides of the 

bogie

Fig. 6. The MBD model of the loaded vehicle.
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3. Numerical results and analysis

3.1. Design of working conditions

By means of the established MBD vehicle model, the running per
formance of metro vehicles can be evaluated. In order to imitate the 
complex realistic scenarios by MBD simulations, it is necessary to design 
comprehensive working conditions, including the running conditions 
and loading conditions.

3.1.1. Running conditions configuration
In this study, the curve negotiation process on various tracks with 

different radii under different cruising speeds will be simulated to 
establish the predict model for the running performance of the metro 

vehicle in Section 4. Because the design speed of the adopted metro 
vehicle is 120 km/h and it is not necessary to restrict the cruising speed 
for the metro-based ULS to consider the requirement on passenger riding 
comfort, the maximum speed is set as 120 km/h. Moreover, the mini
mum speed of the metro vehicle running on the main line is 40 km/h 
(Ministry of Housing and Urban Rural Development of the People's 
Republic of China, 2013). Therefore, the ranges of the cruising speed 
are designed as 40, 60, 80 100, and 120 km/h.

The superelevation for all the curved tracks is set as 120 mm for 
negotiating curves with a high speed and simultaneously meeting with 
the safety requirements (Ministry of Housing and Urban Rural 
Development of the People's Republic of China, 2013). Because the 
maximum cruising speed is set as 120 km/h, the curve radius should not 
be smaller than 600 m to guarantee the operation safety (Ministry of 
Housing and Urban Rural Development of the People's Republic of 
China, 2013). Thus, the running performance of metro vehicles on five 
right-hand curved tracks will be tested, whose radii are 600, 900, 1200, 
1500, and 1800 m respectively. The length of the transition curve is 
designed as 100 m according to the requirement for the 600-meter 
curved track. The length for all the curved tracks is 360 m. The 
German railway spectra of low irregularity introduced in Section 2.2
are adopted as the external excitation in the simulations.

In conclusion, the radius of curved tracks (denoted by R) and cruising 
speed of the metro vehicle (denoted by v) are two parameters which can 
represent the running conditions. Their ranges are listed in Table 5.

3.1.2. Loading conditions configuration
Loading conditions for a metro vehicle are defined by the loading 

offset (denoted by x and y) and the quantity of the cargoes (denoted by 
h), as illustrated in Fig. 4. For the metro vehicle adopted in this study, 
the length, width, and height of its inner room are 19 m, 2.8 m, and 2.1 
m respectively. Considering the space that the seats occupy and the 
necessary passage for moving cargoes, we assume the cargoes can be 
loaded within an oblong area whose length and width are 15 m and 2 m 
respectively. The maximum height of the cargo is set as 2 m. In the 
meanwhile, the minimum value of h is set as 0.2 m to guarantee that the 
vehicle is loaded.

The cargo’s center of gravity is represented as a point in Fig. 9, where 
O# and O denote the gravity centers of the cargo and vehicle respec
tively, M denotes the mass of the cargo, l denotes half of the distance 
between center pivots which is 12.6 m for this metro vehicle. Based on 
the experience, if the lateral loading offset exceeds 0.2 m, the uneven 
load distribution will significantly worse the performance of the sus
pension system. Thus, the maximum value of y is defined as 0.2 m. 
According to regulations published by Chinese Railways and the Asso
ciation of American Railroads (AAR) (Chinese Railway, 2006; Trans
portation Technology Center Inc., 2010), the longitudinal loading offset 
should follow two basic requirements as: (1) the gravity center of the 
cargo should be located between the two bogies; (2) the load distributed 
on either bogie should not exceed half of the maximum static load, 
which is 21.12 t. Consequently, the limited value of xmax (unit: m) can be 
calculated as: 

xmax =

⎧
⎨

⎩

6.3M < 10.56t
10.56 • 12.6

M
− 6.3M ≥ 10.56t

(9) 

Because the maximum volume of the cargo is 60 m3 considering the 
constraint of the vehicle’s inner room and the maximum static load is 
21.12 t, the minimum density of the cargo can be calculated as (21.12E 
+ 3)/60 = 352 kg/m3 if the vehicle is fully loaded, which is the best 
condition for improving the transport efficiency and saving the cost. 
When the mass of the cargo remains constant, lower cargo density will 
result in higher gravity center that brings with larger moment torque of 
the gravity on curve tracks. Thus, generally speaking, lower cargo 
density worsens the running safety of freight trains. For revealing the 
impact of cargo density, the simulations were conducted with the largest 

Table 4 
Values of key parameters for the vehicle model.

Parameters Value

Mass of empty carbody(kg) 2.19E + 04
Carbody rolling moment of inertia(kg ⋅ m2) 1.49E + 04
Carbody pitching moment of inertia(kg ⋅ m2) 6.17E + 05
Carbody yawing moment of inertia(kg ⋅ m2) 6.17E + 05
Load limit stenciled on the car(kg) 2.112E + 4
Length of carbody (m) 19
Width of carbody (m) 2.8
Height of carbody (m) 2.1
Sideframe mass(kg) 2550
Sideframe rolling moment of inertia(kg ⋅ m2) 1050
Sideframe pitching moment of inertia(kg ⋅ m2) 1750
Sideframe yawing moment of inertia(kg ⋅ m2) 1980
Wheelset rolling radius(m) 0.42
Wheel base (m) 2.3
Tape circle distance (m) 1.493
Axle length (m) 2.6
Distance between center pivots (m) 12.6
Wheelset mass(kg) 1420
Wheelset rolling moment of inertia(kg ⋅ m2) 985
Wheelset pitching moment of inertia(kg ⋅ m2) 97
Wheelset yawing moment of inertia(kg ⋅ m2) 985
Primary spring longitudinal stiffness(MN/m) 6.6
Primary spring lateral stiffness(MN/m) 10.4
Primary spring vertical stiffness(MN/m) 1.7
Primary spring vertical damping(Ns/m) 5000
Secondary spring longitudinal stiffness(MN/m) 0.13
Secondary spring lateral stiffness(MN/m) 0.13
Secondary spring vertical stiffness(MN/m) 0.28
Secondary spring lateral damping(Ns/m) 30,000
Secondary spring vertical damping(Ns/m) 40,000

Fig. 7. In-situ tests for the carbody vibration.
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loading offset when the vehicle is half-loaded. To be specific, the cargo 
mass is 10.56 t, x=±6.3 m, y=±0.2 m, the cargo density increased from 
the smallest value of 352 kg/m3 to 704 kg/m3 in increments of 70.4 kg/ 
m3. For evaluating the running performance of the vehicle under the 
worst condition, the vehicle speed is set as the maximum value of 120 
km/h and the curve radius is set as the minimum value of 600 m. The 
wheel unloading ratio (denoted by UN) is adopted as the safety index 
because it is significantly affected by the loading offset (Zhang et al., 
2021b). The simulation results are illustrated in Fig. 10.

For all investigated (x, y) pairs, UN gently decreases (or remains 
nearly flat) as density increases. In other words, the highest UN value 
always occurs at the minimum density (density = 352 kg/m3). This 
monotonic trend is consistent across both positive and negative offsets. 
Therefore, any (x, y) pair that achieves a low UN under the mini
mum‑density condition will produce equal or lower UN under all higher 
densities. This ensures that the optimized solution remains safe and 
effective over the entire practical density range. Moreover, the variation 
in UN due to density is relatively small compared to the overall 
magnitude of UN and basically does not alter the ranking of the 

candidate (x, y) configurations. Hence, in order to reduce the number of 
independent variables for the feasibility of large-scale simulations, the 
cargo density is assumed as its smallest value of 352 kg/m3. This 
simplification is robust and does not introduce any risk of under
estimating UN. According to the assumed density and geometric pa
rameters of the cargo model, Eq. (9) can be derived into Eq. (10) as 

xmax =

⎧
⎪⎨

⎪⎩

6.3h < 1m
(

12.6
h

)

− 6.3h ≥ 1m
(10) 

For better expression, x* is used to represent the calculation result of 
(

12.6
h

)

− 6.3. Based on the aforementioned analysis, the loading condi

tions of the metro vehicle in simulations are listed in Tables 6 and 7, 
where the positive x means the gravity center of the cargo is closer to the 
front bogie and the positive y means the cargo is located on the right of 
the vehicle. Because there should not be loading offset when the vehicle 
is fully loaded (h = 2), the maximum value of h is designed as 1.8 m in 
this study.

Experimental studies on bulk cargo displacement showed axle load 
variations in the range of 1.4 % to 4.9 % (Scherbakov et al., 2023). Such 
variations, while not entirely negligible, are of a secondary order 
compared with the wide range listed in Tables 6 and 7. Thus, neglecting 
the nonlinear sloshing effects caused by loose-stacking packages will not 
compromise the robustness of the conclusions.

3.2. Evaluation of running performance

The running performance of the metro vehicle will be evaluated from 
the perspective of operation safety and energy efficiency to provide the 
optimization objectives for cruising speed. The operation safety is 
evaluated by UN. The energy efficiency can be evaluated through the 
value of ECMR. As shown in Fig. 11, by means of a PID controller, the 
traction force will be adjusted in real time to keep the metro vehicle 
cruising at a constant speed by overcoming the motion resistances such 
as the wheel-rail contact forces and suspension forces. According to the 
energy flows of the vehicle system, the ECMR can be calculated as 
(Zhang et al., 2023b). 

Fig. 8. The carbody accelerations: (a) in lateral direction, and (b) in vertical direction.

Table 5 
Design of running conditions.

Parameter Values
R (m) 600 900 1200 1500 1800

v (km/h) 40 60 80 100 120

Fig. 9. Loading offset of the metro vehicle.
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ECMR =

∫ t

0
(Ftv)dt (11) 

where Ft denotes the traction force, and t denotes the total time 
required for the vehicle to negotiate the fixed 360 m curved track.

According to the values illustrated in Tables 5, 6, and 7, 5625 
simulation cases were performed in total. The input variables contain 5 
parameters which can describe the specific working condition: R, v, x, y, 
and h. Regarding the curve negotiation process, the maximum absolute 
value of UN and the calculation result of ECMR based on Eq. (11) are 
adopted as the output variables.

As an effective technique for visualizing high-dimensional data 
(Tang et al., 2021; Wu, X. et al., 2025), the parallel coordinate plot (PCP) 
is employed in this study to present the simulation results. In a PCP, each 
parallel axis represents a variable, with individual values marked as 
points along the respective axes. The value of the output variable is 

encoded in the color of the polyline connecting these points across all 
axes.

Fig. 12 illustrates the values of UN in the 5625 cases. The PCP en
ables a preliminary identification of the influence of each input variable 
on operation safety. Operation safety is most compromised when the 
vehicle is approximately half-loaded. Improved performance is observed 
when the cargo is positioned on the left side, near the transversal 
centerline of the vehicle. Additionally, reducing the curve radius or 
increasing the cruising speed appears to enhance safety by alleviating 
cant excess effects. It should be noted, however, that these observations 
represent general statistical trends. To ensure operation safety in prac
tice, each specific scenario must be accurately evaluated using more 
advanced techniques.

In contrast, the distribution characteristics of ECMR are less 
straightforward to interpret. Therefore, the axis arrangement in Fig. 13
is reconfigured to examine ECMR patterns from multiple perspectives. 
The results clearly indicate that energy consumption decreases as the 
curve radius increases. Furthermore, positioning the cargo toward the 
left and rear of the vehicle is associated with higher energy efficiency in 
a greater number of cases. Both cruising speed and cargo quantity 
exhibit positive correlations with ECMR.

Although PCP provides intuitive insights into the role of each vari
able in vehicle performance, the inherent uncertainties in vehicle-track 
coupled system result in the complex nonlinearity. Especially facing the 
limited sample data, the machine learning model can be a useful tool for 
performance prediction (Zhang, Y. et al., 2025; Dandiwala et al., 2024; 
Singh et al., 2023). Thus, it is necessary to develop precise surrogate 
models for the accurate and rapid prediction of these indices. Such 
models are essential to support the optimization of cruising speed in 
response to specific load characteristics.

Fig. 10. Effects of cargo density on the running safety.

Table 6 
Load characteristics when the vehicle has not been half-loaded.

Parameter Values (m)

h 0.2 0.4 0.6 0.8
x − 6.3 − 3.15 0 3.15 6.3
y − 0.2 − 0.1 0 0.1 0.2

Table 7 
Load characteristics when the vehicle has been half-loaded.

Parameter Values (m)
h 1 1.2 1.4 1.6 1.8

x − x* − x*/2 0 x*/2 x*
y − 0.2 − 0.1 0 0.1 0.2
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4. Establishment of the surrogate model

The RF algorithm was chosen for its lightweight efficiency in 
modeling complex, non-linear relationships with minimal data pre
processing. Unlike computationally heavy alternatives, such as deep 
neural networks or Gaussian process regression, RF provides an optimal 
balance of robust performance and low computational cost for 
moderate-sized tabular datasets adopted in this research (5625 sam
ples). It requires minimal hyperparameter tuning, thereby enabling 
accelerated training and inference times. Additionally, it inherently 
delivers engineering interpretability via Mean Decrease Impurity, 
making it an ideal, low-overhead surrogate model.

4.1. Parameter tuning

This study utilized the Scikit-Learn library for all experimental 
implementations. Model performance was evaluated using the root 
mean squared error (RMSE) and the coefficient of determination (R2), 
where a lower RMSE indicates superior accuracy and an R2 value closer 
to 1.0 signifies a better fit. The dataset was split into 4,500 samples for 
training and 1,125 for testing, and the training process employed 5-fold 
cross-validation to ensure robustness. Furthermore, the standard RF 

architecture was extended by adding a constrained layer prior to the 
input layer to explicitly encode the feature relationships as defined in 
Eq. (10).

This section investigates two key hyperparameters: the number of 
trees and the maximum tree depth. These parameters directly control 
model complexity. The objective was to train a model that is as simple as 
possible to facilitate its integration into subsequent optimization 
simulations.

Fig. 14(a) illustrates the variation in the R2 for the UN regression 
model with respect to the number of trees, while the maximum depth 
was fixed at 50. The results indicate that R2 values for both the training 
and test datasets stabilized with 500 or more trees. Similarly, Fig. 14(b) 
shows the R2 variation with maximum tree depth for three different 
ensemble sizes (500, 600, and 700 trees). Model performance stabilized 
at a maximum depth of 18, irrespective of the number of trees. Conse
quently, the optimal RF configuration for predicting UN employs 500 
trees and a maximum depth of 18. This model achieved an RMSE of 
0.0061 (training) and 0.014 (test), and an R2 of 0.9949 (training) and 
0.9735 (test).

Fig. 15(a) illustrates the variation in R2 for the ECMR regression 
model as a function of the number of trees, with the maximum depth 
fixed at 50. The results show that the R2 values for both the training and 

Fig. 11. The control of traction force.

Fig. 12. Simulation results of UN.
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test datasets stabilized when 50 or more trees were used. Due to the 
minimal variation in R2 observed in Fig. 15(a), the corresponding RMSE 
values are also superimposed as dashed lines to provide further insight. 
The RMSE values for both datasets stabilized when 70 or more trees 
were used.

Similarly, Fig. 15(b) presents the RMSE as a function of the 
maximum tree depth for three ensemble sizes (60, 70, and 80 trees). The 
model’s performance stabilized at a maximum depth of 13, regardless of 
the number of trees. Therefore, the optimal RF configuration for ECMR 
prediction utilizes 70 trees and a maximum depth of 13. This model 

Fig. 13. Simulation results of ECMR with different orders of axis.

Fig. 14. Parameter tuning for RF model for UN: (a) influence of number of trees with max depth fixed at 50, and (b) influence of max depth with given optimal 
number of trees.
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achieved an exceptionally high performance, with RMSE values of 178.2 
(training) and 371.8 (test), and near-perfect R2 scores of 1.0000 
(training) and 0.9999 (test).

4.2. Performance of selected RF regression models

This section examines the regression performance of the proposed 
surrogate models on the test dataset and analyzes feature importance. 
Fig. 16(a) illustrates the relationship between the predicted and actual 
UN values, with a superimposed linear fit. The high R2value of 0.9735 
indicates a strong linear correlation, confirming the model’s predictive 
accuracy for UN. Furthermore, Fig. 16(b) presents the feature impor
tance, evaluated using the mean decrease impurity (MDI) metric 
(SCOMET, E., , 2023). The results demonstrate that all five input fea
tures contribute to the prediction, with R being the most important and 
x the least. Curve radius dominates UN predictions because it directly 
governs the lateral dynamics of the vehicle during curve negotiation. As 
the vehicle traverses a curved track, centrifugal force acts on the car
body, generating an overturning moment that redistributes vertical 
wheel-rail contact forces. On sharp curves, the centrifugal acceleration is 
larger, causing greater unloading of the inner wheels and consequently a 
higher wheel unloading ratio.

To interpret the underlying decision logic, a SHAP (Shapley Additive 
exPlanations) analysis was conducted on the trained UN surrogate 
model using the testing dataset. The resulting SHAP summary plot, as 
shown in Fig. 17, illustrates both the marginal contribution and the 
impact direction of each feature on the model's output.

Fig. 15. Parameter tuning for RF model for ECMR: (a) influence of number of trees with max depth fixed at 50, and (b) influence of max depth with given optimal 
number of trees.

Fig. 16. Performance and feature importance of RF model for UN: (a) model prediction performance on test dataset, and (b) importance ranking among the five 
input features.

Fig. 17. SHAP summary plot for trained UN surrogate model.
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Consistent with Fig. 16(b), the features R, v, y, and h demonstrate 
comparable importance in predicting UN, all of which are slightly more 
influential than the longitudinal offset x. Notably, the velocity exhibits a 
non-linear relationship with UN. Below a specific threshold, v is nega
tively correlated with UN, whereas beyond this threshold, the correla
tion becomes positive. From a vehicle dynamics perspective, this U- 
shaped trend captures the balance speed physics during curve negotia
tion. Similarly, the curve radius displays a non-linear effect, shifting to a 
positive correlation once it exceeds a certain threshold. Furthermore, 
the lateral offset y and the cargo height h exhibit overall positive and 
negative correlations with UN, respectively. Finally, the longitudinal 
offset x correlates positively with UN after surpassing a certain 
threshold.

Fig. 18(a) illustrates the relationship between the predicted and 
actual ECMR values, with a superimposed linear fit. The near-perfect 
R2value of 0.9999 indicates an exceptionally strong linear correlation, 
confirming the model’s high predictive accuracy for ECMR. Further
more, the feature importance results in Fig. 18(b) show that R dominates 
the prediction, while x the least. Curve radius also dominates ECMR 
predictions because it is a primary determinant of curve resistance, 
which is the additional running resistance that a train encounters when 
negotiating a curved track. This additional resistance increases signifi
cantly as curve radius decreases, requiring the traction system to exert 
greater force to maintain the same cruising speed, thereby consuming 
more energy.

The SHAP summary plot for trained ECMR surrogate model was 
shown in Fig. 19. R emerges as the most dominant variable, exhibiting a 
strong negative correlation with ECMR predictions, alongside a broader 
distribution of SHAP values indicating significant variability across its 
parameter range. h and speed v rank as the second and third most 
influential factors, respectively, each demonstrating a clear positive 
correlation. The remaining inputs present comparatively marginal 
importance.

Leave-One-Condition-Out cross-validation experiments were con
ducted to validate the surrogate model’s generalization capability under 
unseen operating conditions. Given that the fundamental mathematical 
logic of the RF algorithm is predicated on stepwise weighted averaging, 
the supplementary validation experiments primarily verified the 
model’s interpolation efficacy within the parameter space boundaries. 
Initially, a Leave-One-Speed-Out validation was conducted, wherein the 
data associated with the 60 km/h speed were strictly isolated to serve as 
an unseen test set. Model training was subsequently performed using the 
residual dataset (40, 80, 100, and 120 km/h) under consistent hyper
parameter settings. The evaluation revealed a satisfactory 

generalization capacity for the unseen 60 km/h condition: the UN model 
attained an R2 of 0.8376 (RMSE = 0.0337), while the energy con
sumption model recorded an R2 of 0.9879 (RMSE = 2967.9949). 
Following this, a Leave-One-Loading-Condition-Out validation was 
performed by sequestering all data for a specific height combination (h 
= 1.0). The predictive performance on this reserved dataset also 
remained favorable, yielding R2 values of 0.9176 and 0.9899, along with 
RMSE values of 0.0255 and 2950.0438 for the Max_UN and ECMR 
models, respectively. Cross-validations across other conditions yielded 
similar accuracy. These outcomes demonstrate that the selected RF 
model, coupled with the adopted design of experiments (DoE) sampling 
interval, adequately fulfills the criteria for predicting unseen operational 
states. In the ensuing optimization stage, the specified curve radii, 
loading combinations, and the optimized speeds are strictly bound 
within the training Design Space. Consequently, the RF surrogate model 
is proven capable of reliably predicting vehicle dynamic behaviors for 
unprecedented combinations within the trained parametric domain, 
thereby justifying its deployment in speed optimization tasks.

5. Optimization of the cruising speed

5.1. Problem description

Based on the analyses presented in Section 3 and Section 4, it is 
evident that the operation performance of metro vehicles, including 
both operation safety and energy efficiency, is significantly influenced 
by the loading and running conditions. Notably, the role that cruising 
speed plays in vehicle running behavior varies substantially under 
different loading and track scenarios. For the metro-based ULS, the track 
conditions of a given line or section are typically predetermined, 
whereas the cargo loading patterns across stations can be precisely 
monitored using WIM systems, as described in the Introduction. 
Therefore, adaptively regulating the cruising speed of metro vehicles in 
response to specific loading and track conditions represents a promising 
approach to enhancing the operation safety and energy efficiency of the 
metro-based ULS.

To implement such an adaptive speed optimization strategy, we first 
partition a metro section into multiple segments based on the consis
tency of loading and track characteristics, as illustrated in Fig. 20, where 
R denotes the curve radius, h denotes the quantity of the cargoes, x and y 
denote the loading offset of the cargoes. Subsequently, by leveraging the 
dependence of vehicle operation performance on cruising speed under 
diverse loading and track conditions, the cruising speed of each segment 
is optimized to simultaneously minimize the UN and ECMR. The 

Fig. 18. Performance and feature importance of RF model for ECMR: (a) model prediction performance on test dataset, and (b) importance ranking among the 
five inputs.
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resulting optimal cruising speeds are then sequentially applied to the 
corresponding segments, thereby forming a complete cruising speed 
profile for the metro section.

5.2. Mathematical formulation and solution approach

5.2.1. Bi-objective optimization model
The decision variable of the optimization model is the cruising speed 

of the considered segment. Two objectives are considered in this model: 
minimizing the UN to improve operation safety and minimizing the 
ECMR to reduce energy consumption.

Based on the established surrogate models, the UN and ECMR of a 
segment can be expressed as 

fUN = UN(R, v, y, h, x) (12) 

fECMR = ECMR(R, v, y, h, x) (13) 

where fUN and fECMR denote the regression functions of the UN and 
ECMR derived from the surrogate model, respectively, v denotes the 
cruising speed of the segment, R denotes the curve radius of the track, h 
denotes the quantity of the cargoes, x and y denote the loading offset of 
the cargoes.

Thus, the objective function of the optimization problem can be 
formulated as 

Min f =
(
fUN, fECMR

)
(14) 

To ensure practical operation, the cruising speed is constrained by 

vmin ≤ v ≤ vmax (15) 

where vmin and vmax denote the lower and upper speed limits, 
respectively.

Furthermore, to satisfy operational efficiency requirements, the 
running time of each segment is constrained by 

L
v
≤ Tmax (16) 

where L denotes the length of the segment, Tmax denotes the 
maximum allowable running time for the segment.

5.2.2. Adaptive evolutionary algorithm
In order to tackle multi-objective models, various evolutionary al

gorithms have been developed to obtain the Pareto fronts (Guo et al., 
2026). Among these, dominance-based algorithms such as NSGA-II 
(Deb et al., 2002) prioritize Pareto-dominance relationships to guide 
population evolution, while decomposition-based methods such as 
MOEA/D (Zhang & Li, 2007) transform multi-objective problems into a 
series of scalar subproblems. Indicator-based algorithms, by contrast, 
employ performance indicators such as the hypervolume to drive the 
search toward well-distributed Pareto fronts (Bader & Zitzler, 2011). In 
addition, given that fitness evaluations in many engineering applica
tions rely on time-consuming simulations or physical experiments, 
surrogate-assisted evolutionary algorithms (SAEAs) have been devel
oped to replace costly evaluations with computationally efficient sur
rogate models. Representative SAEAs such as SAMOEA-TL2M (Liu et al., 
2025) and SADE-KT (Liu et al., 2023) demonstrate that embedding 
surrogate models within the evolutionary framework can improve 
search efficiency and solution quality under limited evaluation budgets. 
The surrogate modeling framework embedded in these algorithms offers 
a principled means of approximating expensive objective functions.

The optimization problem proposed in this study similarly relies on 
surrogate models to evaluate the objectives, and presents two major 
challenges. First, the objective functions are derived from surrogate 
models, which may lead to irregular, discontinuous, or degenerate 
Pareto fronts. Second, due to the black-box nature of these objective 
functions, no gradient information is available.

To overcome these problems, this study employs the adaptive 
reference point-based multi-objective evolutionary algorithm (AR- 
MOEA) to solve the proposed model. AR-MOEA is an indicator-based 
multi-objective evolutionary algorithm characterized by its reference 
point adaptation mechanism, thereby enabling automatic adjustment to 
Pareto fronts of various shapes (Tian et al., 2017). This allows the al
gorithm to effectively approximate both regular and irregular Pareto 
fronts without requiring prior knowledge of the front shape (Cheng 
et al., 2019; Zhang, X. et al., 2025). Besides, AR-MOEA does not require 
derivative information and relies solely on objective function evalua
tions (Long et al., 2022), rendering it ideal for regression-model-driven 
objectives.

Fig. 19. SHAP summary plot for trained ECMR surrogate model.

Fig. 20. Schematic diagram of a metro section.
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The flow of AR-MOEA can be summarized in three main phases: 

Step 1. Initialization.
Step 1.1. Generate the population set P and predefine a set of uni
formly distributed reference points Z.
Step 1.2. Initialize the archive A to the population. Set the adapted 
reference point set Z’ as a copy of the uniform set Z.
Step 2. Main Evolutionary Loop.
Step 2.1. Use binary tournament strategy to select mating pool P’ 
from population P. Apply genetic operators (e.g., crossover, muta
tion) to the mating pool P’ and generate offspring Q.
Step 2.2. Update the archive A by incorporating the new offspring Q 
and removing any dominated or duplicate solutions.
Step 2.3. Adapt the reference point set Z’ by combining the initial 
uniform points Z with points from the archive A.
Step 2.4. Combine the parent population and the offspring to form a 
candidate pool.
Step 2.5. Select the best solutions through a two-stage process: 
Perform non-dominated sorting to prioritize solutions based on 
convergence; Calculate the enhanced inverted generational distance 
indicator and select those that optimize diversity and spread.
Step 3. Termination check.
Step 3.1. The loop terminates when the maximum number of gen
erations or another stopping criterion is met.
Step 3.2. Output the final population P as an approximation of the 
Pareto front.

The complete online optimization procedure, integrating the trained 
Random Forest surrogate models with the AR-MOEA algorithm, is 
summarized in Algorithm 1. Given the trained RF surrogate models 
together with the current track and loading conditions, the AR-MOEA 
algorithm is employed to optimize the cruising speed of an individual 
metro segment. Candidate cruising speeds are first initialized within the 
prescribed speed limits and then evaluated using the RF surrogate 
models to obtain the corresponding UN and ECMR values. Through 
iterative crossover, mutation, reference-point updating, and environ
mental selection, the Pareto-optimal solution set is gradually obtained. 
Finally, a representative solution is selected from the Pareto front as the 
cruising speed control target for the current segment.

Algorithm 1: Online Data-Driven Multi-Objective Optimization for 
Train Speed.

Input: Trained Random Forest models: RFUN(⋅), RFECMR(⋅)
Real-time state variables: R, x, y, h
Algorithm parameters: Population size N, Max generations Gmax

Decision space bounds: [vmin , vmax]

Output:Optimal speed control target: v*

1: while train is in operation do
2:Read current state parameters (R, x, y, h) from system
3:Initialize P0← randomly sample N velocities vi ∈ [vmin, vmax]

4:g ← 0
5:while g < Gmax do
6:for each individual vi ∈ Pg do
7:Xi ← [R, x, y, vi, h]
8:UNi ← RFUN(Xi), ECMRi ← RFECMR(Xi)

9:F(vi) ← (UNi , ECMRi)

10: end for
11:Qg←Generateoffspring fromPgviaCrossover&Mutation
12:Evaluate fitness F(Qg) using RFUN and RFECMR

13:Rg ← Pg ∪ Qg

14:Update Auto-Reference points based on non-dominated solutions in Rg

15:Pg+1 ← Select N individuals from Rg via reference-point criteria
16:g ← g + 1
17: end while
18:PF ← Extract the Pareto Front (non-dominated set) from PGmax

19:v* ← Select the best compromise solution from PF
20:Output and apply v*to the train control system
21: end while

5.3. Case study

5.3.1. Experimental design
To illustrate the effectiveness of the proposed approach, a repre

sentative numerical metro section is constructed based on realistic 
design ranges to demonstrate the applicability of the proposed optimi
zation framework under heterogeneous track and loading conditions. 
This metro section is partitioned into ten distinct segments according to 
variations in track curvature and cargo distribution patterns. Specif
ically, the curve radii are chosen within the operating range considered 
in Section 3.1.1, while the loading parameters are selected within the 
feasible loading domain defined in Section 3.1.2, including the limits on 
cargo height, lateral loading offset, and longitudinal loading offset. 
These ranges are defined to reflect the operational characteristics of 
metro-based ULS. The specific track and loading parameters for each 
segment are listed in Table 8.

The lower and upper speed limits of the metro vehicle are set at 40 
km/h and 120 km/h, respectively, and each segment is assumed to have 
a length of 360 m. Under the prescribed speed limits, the corresponding 
running time of a segment ranges from approximately 10.8 s to 32.4 s. 
To represent a practical operational requirement while allowing suffi
cient flexibility for speed optimization, the allowable running time for 
each segment is set to 21.6 s, corresponding to the midpoint of the 
feasible running-time interval.

5.3.2. Algorithm settings and performance analysis
The performance of AR-MOEA is influenced by several algorithmic 

parameters, including the population size, the maximum number of it
erations, the crossover probability, the mutation probability, and the 
reference-point generation strategy (Tian et al., 2017). Among these, the 
population size and the maximum number of iterations primarily 
determine the search capability and computational budget of the algo
rithm (Deb et al., 2002), whereas the crossover probability, mutation 
probability, and reference-point settings are standard algorithmic pa
rameters with well-established default values (Chugh et al., 2016). 
Therefore, the sensitivity analysis in this study focuses on the population 
size and the maximum number of iterations, while the remaining pa
rameters follow the default settings recommended in the original AR- 
MOEA study (Tian et al., 2017).

All numerical experiments were performed on a PC equipped with an 
AMD Ryzen 9 9950X processor (4.30 GHz) and 192 GB of RAM. The 
simulations were conducted using MATLAB R2020b.

To determine an appropriate population size and to identify a suf
ficient number of iterations for convergence, a sensitivity analysis was 
conducted by varying the population size (N = 20,50,100), while fixing 
the number of iterations at 50, with 10 independent runs performed for 
each setting. Fig. 21 presents the average hypervolume (HV) conver
gence curves for Segment 1 as a representative example. The HV indi
cator measures the volume of the objective space dominated by the 
obtained Pareto front, where a larger HV value indicates better 
convergence and diversity of the solution set (Zitzler et al., 2003).

Table 8 
Track and loading parameters for each metro segment.

Segment R (m) y (m) h (m) x (m)

1 600 − 0.17 1.62 − 1.4
2 1600 0 1.22 0
3 1700 0.16 1.47 1.25
4 1000 0.1 0.73 − 0.54
5 700 0 1.54 − 1.85
6 1800 − 0.12 0.6 5.19
7 1000 − 0.2 0.92 − 6.3
8 600 0.2 1.8 0.4
9 1600 0.15 0.25 3.84
10 1200 − 0.18 1.6 − 1.58
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As shown in Fig. 21, the average HV values rapidly stabilize during 
the early generations for all population sizes and remain nearly un
changed thereafter, indicating that 50 generations are sufficient to 
achieve convergence for the proposed optimization problem. Increasing 
the population size from 20 to 50 leads to a noticeable improvement in 
the final HV value, whereas a further increase to 100 yields only a 
marginal improvement while incurring a substantially higher compu
tational cost. Therefore, a population size of 50 and a maximum number 
of generations of 50 are adopted in the subsequent optimization, 
providing a good compromise between solution quality and computa
tional efficiency.

Based on the above analysis, the AR-MOEA is configured with the 
parameter settings summarized in Table 9.

To further evaluate the performance of AR-MOEA, a comparative 
analysis with NSGA-II was conducted on Segment 1. Both algorithms 
were independently executed 10 times with different random seeds 
under identical parameter settings. Fig. 22 presents the average HV 
convergence curves obtained from these independent runs.

As shown in Fig. 22, both algorithms rapidly converge during the 
early generations, demonstrating that the proposed optimization prob
lem can be efficiently solved by evolutionary algorithms. Nevertheless, 
AR-MOEA consistently achieves higher HV values than NSGA-II 
throughout the optimization process. This trend reflects stronger 
convergence performance and a better balance between convergence 
and solution diversity.

In terms of computational efficiency, the average execution time of 
AR-MOEA over the 10 independent runs was 4.9 s, compared with 5.3 s 
for NSGA-II, corresponding to a reduction of approximately 7.5 % in 
computational time. Together with the consistently higher HV values, 
these results indicate that AR-MOEA provides better solution quality 
while requiring less computational effort, making it a more suitable 
optimization algorithm for the proposed optimization problem.

5.3.3. Optimization results
To illustrate the optimization results of the proposed framework, 

Segment 1 is taken as a representative example. Fig. 23 presents the 
Pareto front obtained for this segment. The Pareto front consists of a set 
of non-dominated solutions, revealing the trade-off between operational 
safety and energy efficiency.

Since the obtained Pareto front contains a set of non-dominated so
lutions rather than a unique optimum, a multi-criteria decision-making 
method is required to identify representative solutions for practical 
engineering applications. In this study, the technique for order prefer
ence by similarity to ideal solution (TOPSIS) is employed to rank the 
obtained Pareto solutions. TOPSIS evaluates each Pareto solution ac
cording to its relative distance to the ideal and anti-ideal solutions. A 
solution closer to the ideal solution and farther from the anti-ideal so
lution receives a higher ranking (Behzadian et al., 2012).

To represent different operational priorities, two extreme weighting 
scenarios are considered. When the objective weight is assigned as (1,0), 
priority is given entirely to operational safety, and the highest-ranked 
solution is referred to as the safety-optimal solution. Conversely, when 
the objective weight is (0,1), priority is given entirely to energy effi
ciency, and the highest-ranked solution is referred to as the energy- 
optimal solution.

Fig. 21. Average hypervolume convergence curves of AR-MOEA for Segment 1 
under different population sizes over 10 independent runs.

Table 9 
Parameter configuration of the AR-MOEA.

Parameter Value

Population size 50
Maximum number of iterations 50
Reference point Das and Dennis’s approach
Crossover probability 1
Mutation probability 0.1

Fig. 22. Comparison of the average hypervolume convergence curves of AR- 
MOEA and NSGA-II over 10 independent runs.

Fig. 23. Pareto front for Segment 1 with the representative solutions.
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As shown in Fig. 23, the safety-optimal solution is highlighted by the 
blue star, whereas the energy-optimal solution is indicated by the orange 
square. These two representative solutions provide practical operating 
strategies for safety-oriented and energy-oriented decision making, 
respectively.

After determining the representative solutions for each segment, two 
section-level cruising speed profiles are constructed. The safety-oriented 
cruising speed profile is obtained by selecting the safety-optimal solu
tion for every segment, while the energy-oriented cruising speed profile 
is formed by selecting the energy-optimal solution for every segment. 
The overall operation safety of the section is evaluated by the maximum 
UN among all segments, whereas the total energy consumption is 
calculated as the sum of the ECMR values of all segments.

To evaluate the effectiveness of the proposed optimization strategy, 
four uniform-speed operation scenarios (60, 80, 100, and 120 km/h) are 
adopted as benchmark cases. These benchmark speeds satisfy the 
running-time constraint imposed on each segment. The operation safety 
and energy consumption obtained from the two optimized cruising 
speed profiles are compared with those of the benchmark scenarios.

Fig. 24 presents the maximum percentage reductions in UN and 
ECMR achieved by the optimized cruising speed profiles relative to the 
benchmark operations. As can be observed, the proposed optimization 
strategy consistently improves either operation safety or energy effi
ciency compared with all uniform-speed benchmarks. Relative to the 
120 km/h benchmark, which represents the most demanding operating 
condition, the safety-oriented cruising speed profile reduces the section 
UN by 23.51 %, while the energy-oriented cruising speed profile reduces 
the total ECMR by 20.75 %. Even when compared with the more con
servative benchmark speeds of 60–100 km/h, noticeable improvements 
are still achieved, with UN reductions ranging from 5.45 % to 12.36 % 
and ECMR reductions ranging from 0.99 % to 3.46 %. These results 
demonstrate that adaptively selecting cruising speeds according to the 
track and loading conditions of individual segments can substantially 
enhance both operation safety and energy efficiency at the section level.

Fig. 25 illustrates the Pareto-optimal cruising speeds obtained for all 
metro segments. It can be observed that the optimal cruising speed 
varies considerably among different segments owing to the combined 
effects of track geometry and loading conditions. Segments with tighter 
curves or more unfavorable loading conditions generally require lower 
cruising speeds to maintain operational safety, whereas segments with 
larger curve radii and more balanced loading conditions permit higher 
cruising speeds while preserving energy efficiency. For example, 
Segment 7 (R = 1000 m, y = -0.2 m, h = 0.92 m, x = -6.3 m) exhibits 
relatively low Pareto-optimal cruising speeds because of the combined 
influence of moderate curvature and severe loading imbalance. In 

contrast, Segment 3 (R = 1700 m, y = 0.16 m, h = 1.47 m, x = 1.25 m) 
consistently allows higher cruising speeds owing to its gentle curvature 
and favorable loading conditions.

To further evaluate the effectiveness of the proposed bi-objective 
optimization framework, an additional rule-based speed control strat
egy is considered. Since lateral loading offset has a direct influence on 
vehicle running safety, a speed-limiting rule is established according to 
the lateral loading offset of each segment. The corresponding speed- 
limiting rules are summarized in Table 10. Four rule-based benchmark 
cases are then generated by applying these rules to the uniform-speed 
benchmarks (60, 80, 100, and 120 km/h).

Fig. 26 compares the percentage reductions in section-level UN and 
ECMR achieved by the proposed optimization framework relative to the 
rule-based benchmark strategy. Compared with the rule-based opera
tion, the proposed optimization framework consistently provides better 
performance under all benchmark speeds. The section-level UN is 
reduced by 10.76 %-12.36 %, while the total ECMR is reduced by 1.87 
%-7.38 %. These results indicate that, although the rule-based strategy 
improves operation safety by applying predefined speed limits, it cannot 
simultaneously account for the combined influences of track geometry 
and cargo loading conditions. In contrast, the proposed optimization 
framework adaptively determines the cruising speed for each segment 
based on both track and loading characteristics, thereby achieving a 
better balance between operation safety and energy efficiency.

The optimization results presented above indicate that the adaptive 
adjustment of cruising speeds in response to track and loading condi
tions can effectively improve the operation safety and energy efficiency 
of metro-based ULS. Moreover, the obtained Pareto optimal solutions 
offer substantial operational flexibility, enabling system operators to 
select speed profiles aligned with specific performance priorities. For 
scenarios where safety is paramount, the safety-optimal solution can be 
selected, while energy-efficient operations can be achieved by choosing 
the energy-optimal solution.

6. Conclusions

This study proposes a novel optimization framework for determining 
the cruising speed of metro vehicles in the metro-based ULS, with the 
aim of simultaneously enhancing operation safety and energy efficiency 
under vehicle-cargo coupling effects. Taking into account the variation 
in the carbody’s mass properties due to cargo loading, the dynamic 

Fig. 24. Percentage reductions in section-level UN and ECMR under the pro
posed optimization framework relative to the uniform-speed benchmarks.

Fig. 25. Pareto-optimal cruising speed distributions for different segments.

Table 10 
Rule-based cruising speed limits according to lateral loading offset.

Lateral loading offset y (m) Maximum cruising speed (km/h)

y < 0.10 No speed reduction
0.10 ≤ y < 0.15 100
0.15 ≤ y < 0.2 80
y ≥ 0.2 60
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equations of the loaded carbody are derived to construct the MBD model 
of a B-type metro vehicle, which is validated through in-situ testing on 
Chengdu Metro Line 1. A total of 5625 MBD simulations are conducted 
under designed working conditions covering potential variations in 
loading offset, cargo quantity, curve radius, and cruising speed within 
feasible limits. The simulation results elucidate the influence of working 
conditions on vehicle running performance and serve as the basis for 
developing the surrogate model using the RF algorithm to predict 
vehicle performance based on input features related to load character
istics and running conditions. For predefined segments of a metro sec
tion, a bi-objective optimization model is formulated to optimize the 
cruising speed, with safety and energy efficiency indices evaluated via 
the surrogate model. The optimization model is solved using AR-MOEA, 
yielding a Pareto front of cruising speeds. A case study confirms the 
superiority of the proposed framework.

The following insights from this study contribute to the sustainable 
development of metro-based ULS:

(1) The relationship between working conditions and metro vehicle 
running performance is complex and nonlinear. Nevertheless, several 
general conclusions can be drawn from the MBD simulation results. To 
improve operation safety, it is preferable to avoid half-load conditions. 
The cargo should be located on the outer side of the vehicle, and the 
cruising speed should be high for mitigating the impact of cant excess. In 
contrast, while outer side cargo placement also benefits energy effi
ciency, higher speeds lead to increased ECMR. Given the conflicting 
influence of cruising speed on operation safety and energy efficiency, a 
bi-objective optimization approach is essential.

(2) The RF-based surrogate model accurately predicts metro vehicle 
running performance under any working condition. Feature importance 
analysis reveals that curve radius is the most influential factor. There
fore, cruising speed should be optimized not only according to load 
characteristics but also in response to specific track curvature.

(3) AR-MOEA proves effective for solving the developed bi-objective 
optimization model, particularly given its suitability for regression- 
model-driven objectives. The case study shows that adjusting segment- 
specific cruising speeds according to track and loading conditions can 
significantly improve both operation safety and energy efficiency. 
Compared to a uniform speed profile, the proposed optimization strat
egy reduces the maximum wheel unloading ratio by up to 23.51 % and 
ECMR by up to 20.75 %.

(4) The proposed AI-driven optimization framework demonstrates 
that intelligent decision pipelines, combining surrogate learning, 
evolutionary optimization, and real-time sensing, can effectively 
address complex railway optimization problems where traditional 
physical models alone are insufficient.

This study already incorporates five influencing factors (i.e., longi
tudinal and lateral loading offsets, cargo quantity, curve radius, and 
cruising speed), resulting in substantial computational demands. To 
avoid excessive computation, the cargo model assumes vertical unifor
mity to estimate the height of the carbody’s center of gravity based on 
cargo quantity. Future work will focus on developing a WIM algorithm 
to accurately determine the vertical position of the center of gravity 
using WIM data, thereby further refining the accuracy of the MBD 
vehicle model. The complex coupled simulation approaches (e.g. DEM- 
MBD co-simulation) could be adopted to take the nonlinear sloshing 
effects caused by loose stacking into consideration. The practical 
implementation challenges should also be addressed, including real- 
time communication with WIM systems for seamless load data trans
mission and integration of the proposed optimization engine with 
existing Automatic Train Operation (ATO) and signaling systems. More 
in-situ tests will be carried out in various working conditions to validate 
the effectiveness of the proposed methodology.
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