
A convolutional neural network driven suspension control strategy to 
enhance sustainability of high-speed trains

Duo Zhang a,1, Hong-Wei Li b,* , Fang-Ru Zhou c,1, Yin-Ying Tang c,d, Qi-Yuan Peng c,d

a Department of Mechanical Engineering, Politecnico di Milano, Milan, Italy
b Department of Civil and Environmental Engineering, The Hong Kong Polytechnic University, Hong Kong, People’s Republic of China
c School of Transportation & Logistics, Southwest Jiaotong University, Chengdu, People’s Republic of China
d National Engineering Laboratory of Integrated Transportation Big Data Application Technology, Southwest Jiaotong University, Chengdu, People’s Republic of China

A R T I C L E  I N F O

Keywords:
High-speed train
Energy efficiency
Riding comfort
Suspension control
Convolutional neural network
Bi-objective optimization

A B S T R A C T

With the accelerated expansion of rail networks and the increase in operation speeds, railway undertakings are 
under considerable pressure to curtail energy consumption of high-speed trains to achieve sustainability goals, 
while still maintaining passenger satisfaction. For addressing this challenge, a convolutional neural network 
driven control strategy is proposed for the suspension system of high-speed vehicles to simultaneously reduce 
energy consumption and carbody vibration on curved tracks. Firstly, a co-simulation platform is established 
between the multibody dynamics simulation software and MATLAB/Simulink, and a series of running conditions 
are designed. Based on the co-simulation results, the roles that train’s velocity, track curvature, and scale factor 
of the Skyhook controller play in energy efficiency and lateral carbody vibration are systematically studied. 
Subsequently, a convolutional neural network is constructed based on the simulation data to predict the energy 
consumption and riding comfort under complex operation scenarios. In conjunction with the neural network 
algorithm, a bi-objective optimization model is further developed and solved to adjust scale factor of the Skyhook 
controller according to different running conditions. The optimization results indicate that energy consumption 
and lateral vibration of a high-speed train on curved tracks can be respectively reduced by up to 15.90 % and 
47.78 % through employment of the proposed control strategy.

1. Introduction

In recent decades, the high-speed railway (HSR) has been intensively 
developed by many countries to effectively enhance national and 
regional accessibility as the link between cities [1]. While HSR has a 
great reputation for safety, celerity, and punctuality, the rising speed 
poses significant challenges for its sustainability, particularly in terms of 
energy efficiency and passenger comfort [2].

Compared with road and aviation, the railway is a more 
environment-friendly transport mode [3]. However, the energy con
sumption of HSR increases significantly because the rising vehicle speed 
will aggravate the mechanical resistances, which can consume up to 30 
% of the traction energy [4]. It is critical to take effective measures to 
decrease the energy consumed by motion resistance (ECMR) for high- 
speed trains (HST). Furthermore, with the development of HSR, peo
ple have higher requirements for the riding comfort [5]. The lateral 

carbody vibration on the curved track should be specifically paid 
attention to because it will bring more inconvenience to the passengers 
with the joint action of centrifugal force. Thus, an energy-efficient and 
comfortable HST is needed to benefit the environment and passengers.

Currently, there are three methods extensively employed to decrease 
the ECMR of HST: optimizing the train operation control strategy 
(TOCS), weakening the wind drag force, and vehicle mass reduction. 
Howlett et al. [6] regarded the train as a mass point to optimize the 
schedule of accelerating, cruise, coasting, and braking for decreasing 
ECMR. Subsequently, different mathematical models and algorithms 
were proposed to investigate the energy-efficiency TOCS [7–10]. 
Because the wind resistance will consume a lot of energy when the 
vehicle speed is high, the train composition, shape of train’s head, and 
nose length were optimized to weaken the wind drag force [11]. In order 
to decrease the motion resistance, kinds of lightweight materials were 
employed to manufacture the railway vehicle. Mistry et al. [12] used the 
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fibre reinforced polymer composite materials to identify key compo
nents for lightweighting of a rail vehicle. Carruthers et al. [13] proposed 
a systematic approach to select materials that match the design re
quirements and constraints of a given application. All these strategies 
can play a positive role in improving the energy efficiency of HST, but 
they have few effects or even negative effects on riding comfort.

Apart from the mentioned commonly used methods, Zhang et al. 
[14] demonstrated that nearly 4 % ECMR can be reduced through 
optimizing suspension damping coefficients. Obviously, adjusting sus
pensions has a direct effect on riding comfort because the suspension is 
the primary component of HST for restraining the carbody vibration. 
Thus, it is challenging and meaningful to realize the bi-objective opti
mization for energy efficiency and vibration isolation when improving 
suspensions.

For the sake of better shock absorption performance, kinds of active 
and semi-active control strategies have been applied to suspensions. The 
active control strategy has the shortcomings of high energy consumption 
and high cost [15]. Thus, in this research, we prefer to adopt the semi- 
active control strategy which can adjust the damping forces according 
to signals picked up by the sensors with very little external energy [16].

In recent years, different types of semi-active control strategies have 
been proposed [17–20]. Among which, elementary semi-active control 
strategy of Skyhook is the most widely used pattern [20], leading to 
successful practical applications in different countries, e.g. Germany 
[21] and Japan [22]. Due to its simplicity and efficiency, Skyhook 
controllers were employed for secondary lateral dampers (SLDs) [23], 
secondary vertical dampers (SVDs) [24], yaw dampers (YDs) [25], and 
primary vertical dampers (PVDs) [26], as is shown in Fig. 1. In this 
paper, we plan to improve the lateral riding comfort of HST as 
mentioned in the Introduction. Thus, the SLD will be focused on.

The ideal Skyhook control strategy supposes that a virtual damper 
exists between the carbody and a virtual wall for constraining the lateral 
acceleration of carbody, as illustrated in Fig. 2, where yb and ys denote 
the lateral displacement of the carbody and sideframe respectively, C 
denotes the damping coefficient of SLD. But actually, we have to make 
use of SLD to achieve Skyhook control strategy.

To be specific, the Skyhook control strategy is generally divided into 
two types, as described in Eqs. (1) and (2), where Cmax and Cmin 
respectively represent the maximum and minimum damping coefficients 
generated by SLD, cs represents the ideal damping coefficient of the 
virtual Skyhook damper [27]. Since the on–off version has a poor per
formance at high frequencies, we adopt the continuous Skyhook control 
strategy to address this issue [28].

On-off Skyhook: 

C =

{
Cmaxẏb • (ẏb − ẏs) ≥ 0
Cminẏb • (ẏb − ẏs) < 0 (1) 

Continuous Skyhook: 

C =

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

Cmaxcs
ẏb

ẏb − ẏs
≥ Cmax

cs
ẏb

ẏb − ẏs
Cmin < cs

ẏb

ẏb − ẏs
< Cmax

Cmincs
ẏb

ẏb − ẏs
≤ Cmin

(2) 

Because the values of Cmax and Cmin depend on the property of the 
damper, cs obviously has a critical effect on the performance of the semi- 
active control. For better expression cs is usually evaluated by a scale 
factor (k), which is the ratio between cs and Cmax. In terms of passenger 
comfort, Wu et al. [20] and Zhao et al. [23] assigned k as 1, while Oh 
et al. [29] adopted 1.6 as the value of k. However, these values were 
typically determined through trial and error, relying on empirical 
judgment rather than systematic optimization, which may not yield the 
most effective vibration control. We argue that k should instead be a 
variable parameter, dynamically adjusted in response to real-time 
vehicle operating conditions. Yet, due to the inherent nonlinearity of 
the wheel-rail coupling system, achieving real-time adjustment of k re
mains a challenge.

Recent advancements in deep learning have opened new avenues for 
suspension control, particularly in addressing nonlinearities and un
certainties inherent in dynamic systems [30]. Konolko et al. [31] 
formulated a deep neural network controller for active suspension sys
tems. The automated structure search method identified a six-layer deep 
neural network with mixed activation functions as optimal. The exper
imental validation demonstrated a 4 % reduction in sprung mass ac
celeration when compared to conventional PID control. Zhang and Ji 
[32] developed a high-stability control strategy for magnetic suspension 
systems. This strategy employed the convolutional neural network 
(CNN) to facilitate adaptive PID parameter tuning. The efficacy of the 
proposed method was evidenced in addressing rotor stability under four 
typical driving conditions. Li et al. [33] introduced a CNN-based model 
for predicting the suspension gap of high-speed maglev trains. It inno
vatively integrated graph convolutional networks with gated recurrent 
units to effectively process spatiotemporal sequence data. Experimental 
results showed that the CNN model outperformed the LSTM baseline, 
achieving a 5.7 % increase in accuracy. Ye et al. [34] designed a 1D 
CNN-based fault diagnostic method for the suspension system of the 
high-speed train. To enhance the robustness of the method, the Gaussian 
white noise strategy and the edge sample training strategy were both 
adopted for immunity to track irregularities and wheel wear. The 

Fig. 1. The dampers of a bogie.

Fig. 2. Schematic diagram of Skyhook control.
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1DCNN model was further validated using the tracking data of a CRH3 
train. Sun and Cong [35] presented a deep learning-based road recog
nition framework for intelligent suspension systems, with the objective 
of optimizing vehicle comfort and stability. The proposed framework 
incorporated the semi-active suspension model with magneto
rheological dampers, leveraging CNN for real-time road classification. 
Simulation results indicated that the control strategy can significantly 
improve the suspension performance. These studies underscore the 
effectiveness of deep learning techniques in optimizing suspension sys
tems, providing a robust framework for tackling complex control chal
lenges in high-speed trains. However, current research primarily focuses 
on utilizing deep learning algorithms to predict and optimize the dy
namic performance of suspension systems, while the relationship be
tween suspension control and vehicle energy consumption remains 
underexplored. Given that the interactions between suspension control 
and vehicle energy consumption also involve complicated nonlinear 
mechanisms, deep learning-based modeling and optimization ap
proaches can offer substantial potential for characterizing these in
teractions and developing more efficient control strategies.

Moreover, the establishment of an effective indicator system is a 
critical prerequisite for parameter optimization. Previous studies have 
primarily focused on ride comfort and safety metrics in semi-active 
suspension design: Jin et al. [36] developed a versatile semi-active 
suspension system targeting improved ride comfort, quantified by car
body acceleration in the global coordinate system. Similarly, Liao et al. 
[37] assessed various semi-active control strategies using a ride index 
derived from carbody accelerations, while Zhao et al. [23] proposed a 
coordination control strategy to enhance both running safety (evaluated 
via derailment coefficient) and ride comfort (measured by carbody ac
celeration) compared to the passive control. However, these studies 
notably omitted energy consumption during curve negotiation as a 
performance metric.

Building on these foundations, we propose an intelligent control 
strategy which can adjust the value of k automatically for better energy 
efficiency and ride comfort, assisting society in achieving carbon 
neutrality and providing a superior passenger experience. The main 
contributions of this work can be summarized as follows: 

(1) While numerous studies have developed various semi-active 
control strategies for HSTs, most have overlooked two critical 
aspects: the influence of these control strategies on energy con
sumption, and the impact of varying running conditions on 
strategy effectiveness. To address these gaps, this study employs 
multibody dynamics (MBD) simulations to systematically eval
uate how the scale factor affects both carbody acceleration and 
ECMR under different operational scenarios. The findings pro
vide a foundational basis for optimizing semi-active control 
strategies to simultaneously enhance ride comfort and energy 
efficiency.

(2) Existing research integrating suspension control strategies for 
HSTs with deep learning techniques has predominantly concen
trated on single-objective optimization and lacks investigation of 
energy efficiency metrics. This study overcomes this deficit by 
proposing a CNN-based predictive model to capture the nonlinear 
relationships between the scale factor, ECMR, and carbody ac
celeration across diverse operational scenarios. The CNN model 
enables accurate real-time predictions and establishes the foun
dation for the multi-objective optimization framework that 
dynamically balances energy savings and vibration reduction. 
This comprehensive approach advances semi-active suspension 
control beyond empirical methods by combining data-driven 
modeling with adaptive optimization. This would further 
enhance the sustainability and intelligence of modern suspension 
systems.

The following parts are structured: Section 2 establishes a co- 

simulation platform which can realize Skyhook control for SLD of HST 
and evaluate the energy efficiency and riding comfort of HST during 
operations. Section 3 demonstrates the effects of k on the energy con
sumption and lateral carbody vibration of HST according to simulation 
results and optimizes the value of k by convolutional neural network 
(CNN) and the non-dominated sorting genetic algorithm (NSGA-II). 
Conclusions are drawn in Section 4.

2. Methodology

2.1. Multibody dynamics model of high-speed trains

MBD simulation is a popular method when optimizing the parame
ters of the railway vehicle because it is low-cost, accurate, and conve
nient [38]. In this paper, the MBD model of HST is built by VI-Rail. As 
illustrated by Fig. 3, the vehicle is mainly made up of carbody, two 
sideframes, and four wheelsets. The notations of the symbols in Fig. 3
are given in Table 1. Each component of the vehicle has five DOFs: the 
vertical displacement, the lateral displacement, the roll angle, the yaw 
angle, and the pitch angle. All these components are connected by 
different kinds of joints and constraints. The primary suspension can 
decrease the relative vibration between the sideframe and wheelset, and 
the secondary suspension can restrain the movement of carbody.

As the train operates, carbody vibrations respond directly to the 
external forces and moments applied. These load conditions are illus
trated in Fig. 4, and described in Table 2. Based on the Newton’s second 
law, the motion equations of the carbody can be formulated. 

• Lateral motion:

Mc

[

Ÿc +
v2

Rc
+
(
r0 + Hcs + Hsf + Hfw

)
¨ϕsec

]

= FL
ys1 + FL

ys2 + FR
ys1 + FR

ys2 +Mcgϕsec (3) 

• Vertical motion:

Mc
¨(Zc − a0 ¨ϕsec −

v2

Rc
ϕsec) =− FL

zs1 − FL
zs2 − FR

zs1 − FR
zs2 +Mcg (4) 

• Roll motion:

Icx

(
ϕ̈c +

¨ϕsec

)
= −

(
FL

ys1 + FL
ys2 + FR

ys1 + FR
ys2)Hcs+(FL

zs1 + FL
zs2 − FR

zs1 − FR
zs2

)

ds − Mr1 − Mr2

(5) 

• Pitch motion:

Icyβ̈c = (FL
zs1 + FR

zs1 − FL
zs2 − FR

zs2)lc −
(
FL

xs1 + FL
xs2 + FR

xs1 + FR
xs2

)
Hcs

−
(
FL

xa1 + FL
xa2 + FR

xa1 + FR
xa2

)
Hcs

(6) 

• Yaw motion:

Icz
¨[ψc + v

d
dt

(
1
Rc

)]
= (FL

ys1 + FR
ys1 − FL

ys2 − FR
ys2

)
lc

+
(

FR
xs1 + FR

xs2 − FL
xs1 − FL

xs2

)
ds +

(
FR

xa1 + FR
xa2 − FL

xa1 − FL
xa2

)
dsc

(7) 

The definitions of emerging symbols from Eq. (3) to Eq. (7) are listed in 
Table 3.
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Based on the dynamics analysis of the carbody and other related 
descriptions in [39], the established MBD model of HST is illustrated in 
Fig. 5, which utilizes a PID controller to enforce precise tracking of the 
target velocity during operation. The PID controller implements a so
phisticated three-term control strategy to accurately regulate the trac
tion force of HST in real-time. Its control strategy combines a 
proportional term (Kp) for immediate response to velocity errors, an 
integral term (Ki) to eliminate steady-state offset through continuous 
error integration, and a derivative term (Kd) to provide predictive 
damping and mitigate system oscillations [40]. The control law is 
mathematically expressed as 

Ft(t) = Kpe(t)+Ki

∫t

0

e(t)dt+Kd
de(t)

dt
(8) 

where Ft denotes the traction force, and e(t) denotes the error between 
the target velocity and the actual velocity.

Thus, ECMR of HST can be calculated as 

W =

∫ t

0
(Ftv)dt (9) 

The calculation function of Eq. (9) has been validated by the law of 
conservation of energy in [14] and utilized in [41].

The parameter values of the MBD model are set according to [42]. 
The German low-interference track irregularities are adopted as the 
external excitation of the railway vehicle, and their power spectral 
density (PSD) functions are as below [43]. 

• Vertical irregularity:

Sv(Ω) =
Av • Ω2

c(
Ω2

c + Ω2)( Ω2
r + Ω2) (10) 

• Lateral irregularity:

Sa(Ω) =
Aa • Ω2

c(
Ω2

c + Ω2)( Ω2
r + Ω2) (11) 

• Cross irregularity:

Sc(Ω) =
(Av

/
b2)Ω2

c • Ω2

(
Ω2

c + Ω2)( Ω2
r + Ω2)( Ω2

s + Ω2) (12) 

where Ω is the spatial angular frequency; Ωc, Ωr, Ωs are the truncation 
angular frequencies; Aa, Av are the scalar factors; b is the half of the 
reference distance between the rails, usually equals to 0.75 m. The 
values of these parameters are shown in Table 4.

When the vehicle runs at 350 km/h along a tangent track, the lateral 
acceleration of the carbody is revealed in Fig. 6. It is observed that the 
peak value is around 0.5 m/s2, indicating good agreement with field test 
results introduced in [42]. The accuracy of the MBD model is 
demonstrated.

2.2. Semi-active control model

Although the MBD software of VI-Rail can establish the vehicle 
model accurately, it is difficult to apply the Skyhook control strategy to 
the SLD by VI-Rail. Thus, the co-simulation platform based on VI-Rail 

Fig. 3. Schematic diagram of the vehicle.

Table 1 
Notations for parameters of the vehicle model.

Notation 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
Hcs Vertical distance from the center of carbody to the secondary 

suspension
Hsf Vertical distance from the secondary suspension to the center of 

sideframe
Hfw Vertical distance from the center of sideframe to the center of wheelset
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and MATLAB/Simulink is established as revealed in Fig. 7.
As for the adams_sub, there are five inputs, which are the damping 

coefficients of four SLDs and the ideal damping coefficient of cs. The 
lateral speeds of carbody above each SLD (denoted by vb), the relative 
lateral speeds between carbody and each SLD (denoted by vr), the lateral 
carbody acceleration (denoted by ACCY), and ECMR (denoted by W) are 
the outputs of the adams_sub. Based on the outputs of the previous 
simulation step of adams_sub, the inputs for the next simulation step of 
adams_sub can be calculated by the MATLAB function, which is defined 
as Eq. (2).

Because the original damping coefficient of SLD is (3.88e + 4) N/(m/ 

s), Cmax is defined as (3.88e + 4) N/(m/s). Based on previous experience, 
we define Cmin as 100 N/(m/s). For better expression, cs is defined as 
k*Cmax. The step size of co-simulation is 0.01 s.

2.3. Design of running conditions

On one hand, the centrifugal force will aggravate lateral carbody 
vibration when HST goes through the curved track [44]. On the other 
hand, ECMR on the curved track is much larger than that on the tangent 
track [14]. Thus, this paper will investigate the running performance of 
HST on different curved tracks with different speeds.

According to TB10621-2014 [45], the general curve radius for HSR is 
between 7000 m and 12000 m. Based on the requirements of [46,47], 
the superelevation of the curved tracks is set as 150 mm. The track gauge 
is 1435 mm, and the simulation results through a 1000-meter-length 
curved track will be collected.

Usually, the minimum and maximum speeds of HST are 250 km/h 
and 350 km/h respectively considering actual operations [48,49]. 
Because the optimal value of k is between 1 and 1.6 in previous studies 
[20,23,29], we will test the lateral vibration and energy-consumption 
indices of HST when its SLDs are controlled by Skyhook strategy 
whose k ranges between 0.2 and 2. The detailed running conditions for 
simulations are listed in Table 5, where R represents curve radius while v 
represents vehicle speed.

Fig. 4. Forces and moments on the carbody.

Table 2 
Notations for forces in the carbody.

Notation 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
zsKi, FR

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

zsCi, FR
zsCi Left and right vertical damping forces at secondary suspension of the ith 

wheelset
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 
Notations for the emerging parameters.

Notation Physical meaning

Mc Car body mass
Rc The curvature radius of the track where the car body locates
v Train speed
r0 Nominal contact rolling radius of the wheel
ϕsec The super elevation angle of the curve high rail where the car body center 

locates
g Gravity acceleration
lc 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. 5. MBD model of HST.

Table 4 
Track irregularities parameters.

Ωc (rad ⋅ m− 1) Ωr (rad ⋅ m− 1) Ωs (rad ⋅ m− 1) Aa (rad ⋅ m) Av (rad ⋅ m)

0.8246 0.0206 0.4380 2.119E-7 4.032E-7
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3. Results and discussions

3.1. MBD simulation results

Based on parameter values listed in Table 5, 300 cases are simulated 
to investigate the roles that k plays in carbody vibration and ECMR of 
vehicle whose SLDs are integrated with continuous Skyhook controller.

3.1.1. Evaluation of riding comfort
The lateral carbody acceleration in a global coordinate system can 

reflect riding comfort of a vehicle, and its maximum allowed value is 2.5 
m/s2 [39,50]. As examples, when HST negotiates the curved track with a 
radius of 7000 m at a speed of 97 m/s, lateral carbody accelerations 
affected by the value of k are shown in Fig. 8. The peak value of ACCY 
can be used to evaluate the riding comfort.

Fig. 6. Lateral acceleration of HST on tangent track.

Fig. 7. Simulink model for Skyhook control.

Table 5 
Simulation conditions.

R(m) 7000 8000 9000 10,000 11,000 12,000
v(m/s) 65 73 81 89 97
k 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8 2
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After all the cases are simulated, the peak lateral carbody accelera
tions are illustrated in Fig. 9. Obviously, HST with the Skyhook-control 
SLD can always meet the minimum requirement on riding comfort. 
Under most circumstances, the carbody vibrates more severely when the 
curve radius is small due to the impact of centrifugal force. However, if 
the k is too small, the lateral carbody acceleration can also be at a high 
level even though the radius is large.

For sake of highlighting effects of k on the riding comfort, Fig. 10
reveals the peak lateral carbody acceleration in the track coordinate 
system (represented by ACCtrack) that can be derived based on Eq. (13). 

ACCtrack = ACCY −
v2

R
(13) 

Because the maximum lateral acceleration of carbody relative to the 
track is about 0.5 m/s2 as introduced in Section 3.1, all the cases whose 
ACCtrack is over 0.5 are regarded as unsuccessful attempts and not dis
played in Fig. 10.

As illustrated in Fig. 10, the optimal value of k is associated with the 
curve radius and vehicle speed. With growth of vehicle speed, the curved 

track with larger radius has better performance in riding comfort. 
Basically, it is beneficial for the riding comfort to keep k around 1, which 
is similar with previous studies. But it is necessary to adjust k specifically 
based on the running conditions to minimize ACCtrack.

3.1.2. Evaluation of ECMR
By means of Eq. (9), the ECMR can be calculated during simulations. 

For each simulation case, its ECMR during negotiating the 1000-meter- 
length curved track is illustrated in Fig. 11. Basically, W decreases 
sharply before k rises to around 1 and the trend slows down afterwards. 
Moreover, the minimum values in all the subgraphs demonstrated that 
the HST with Skyhook-control SLD consumes less energy when it is at 
high speed. Similar conclusions can be found in [41].

As revealed in Fig. 11, ECMR keeps decreasing gently when k ap
proaches 2. ECMR with larger value of k can only be inferred. Moreover, 
it is useful to refine the values of k for further improvement in energy 
saving and vibration isolation. Due to the limited time and computing 
power, it is difficult to evaluate the performance of HST with every 
possible k by co-simulations. Consequently, an appropriate regression 

Fig. 8. Lateral carbody vibration of 3 cases.

Fig. 9. Simulation results for lateral carbody acceleration.
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method needs to be employed to provide a more detailed description of 
the complex associations between the variables. Through analysis of the 
simulation data, we find that the effects of k on ACCtrack and ECMR under 
different running conditions exhibit diverse nonlinearities, which are 
difficult to generalize with traditional regression methods. By contrast, 
the latest developments in deep learning have demonstrated the po
tential of this technology to be a highly effective tool with applications 
across a range of domains. It offers substantial advantages in terms of 

computational power, parallelization, and accuracy when solving 
intricate nonlinear problems [51]. Thus, we hope to establish the deep 
learning model to reveal effects of k on ACCtrack and ECMR in a broad 
range.

3.2. Regression functions by CNN

CNN is one of the most significant networks in the deep learning 

Fig. 10. The lateral vibration of carbody relative to the track: (a) v = 65 m/s, (b) v = 73 m/s, (c) v = 81 m/s, (d) v = 89 m/s, and (e) v = 97 m/s.

Fig. 11. ECMR of HST through the curved track: (a) v = 65 m/s, (b) v = 73 m/s, (c) v = 81 m/s, (d) v = 89 m/s, and (e) v = 97 m/s.
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field, which is capable of modeling nonlinear responses and extracting 
hidden features from raw data [52]. It has been shown to outperform 
classical machine learning models with respect to accuracy and 
robustness [53]. In particular, CNN processes all input dimensions 
simultaneously via convolutional operations, making them faster to 
train than recurrent neural network (RNN), which suffers from 
sequential dependency and vanishing gradients [54]. Meanwhile, CNN 
shares weights across spatial locations, reducing the risk of overfitting 
compared to fully connected networks or machine learning methods, 
which scale poorly with high-dimensional data [55]. Moreover, from the 
analysis in Section 3.1, we find that k, vehicle speed, and curve radius 
exhibit grid-like spatial correlations when mapped to ACCtrack and 
ECMR. In contrast to RNN, which is engineered for sequential data and 
would inefficiently model these geometric relationships, CNN excels at 
capturing local spatial dependencies through the use of convolutional 
filters. In light of the aforementioned characteristics, a CNN regression 
model is constructed in this study to further explore the roles that k, 
vehicle speed, and curve radius play in riding comfort and energy 
consumption.

3.2.1. CNN configurations
A typical CNN architecture is the stack of convolutional layers, 

pooling layers, and fully-connected layers [56]. Convolutional layers 
comprise a set of learnable kernel filters that enable the feature 
extraction of input data. After acquiring the convolved output, neurons 
often undergo an activation operation to introduce nonlinearity in the 
network. The pooling operation filters some features of the convolu
tional layer to realize data dimensionality reduction and accelerate 
parameter convergence. Several fully-connected layers bring the CNN 
architecture to an end for performing the regression task.

Considering the characteristics of the simulation data, the proposed 
CNN model is configured with 2 convolutional layers, 2 pooling layers, 
and 2 fully-connected layers, as depicted in Fig. 12. Inputs to this 
network are curve radius, vehicle speed, and k, and outputs are ACCtrack 
and ECMR. For convolutional layers, the kernel size is set to 64 × 1 with 
stride as 1. The Rectified linear unit (ReLU) is applied as the non-linear 
activation function.

3.2.2. Training process and performance evaluation
The objective of training process is optimizing the parameters of the 

layers’ filters to minimize a specific loss function. In this paper, the mean 
square error (MSE) is selected as the loss function to assess the output 
layer’s error. We partition 80 % of the simulation results randomly as the 
training set, reserving the remaining 20 % for testing purposes. Data 
processing is implemented using the MATLAB programming language.

The network performance is evaluated using the test set, which re
mains independent throughout the training phase. Fig. 13 provides the 
comparison of actual and predicted values of ACCtrack and ECMR. It can 
be noted that the predictions and observed values are strongly in 
agreement.

To quantitatively assess model performance, we adopt two common 
metrics, i.e., R-square (R2) and mean absolute percentage error (MAPE), 
which can be calculated based on Eqs. (14) and (15). The R2 and MAPE 
for ACCtrack are 0.96 and 4.9 %, and those for ECMR are 0.94 and 3.4 %, 
respectively. It confirms the high accuracy of the proposed CNN model. 

R2 = 1 −

∑N
k=1(yk − ŷk)

2

∑N
k=1(yk − y)2 (14) 

MAPE =
1
N

∑N

k=1

⃒
⃒
⃒
⃒
ŷk − yk

yk

⃒
⃒
⃒
⃒ (15) 

where N represents the data volume, yk and ŷk represent the actual and 
predicted values, respectively, y represents the mean of all actual values.

3.3. Bi-objective optimization of Skyhook controller

For sake of balancing vibration isolation and energy consumption, 
we propose a bi-objective optimizing problem by adjusting k of Skyhook 
controller. ACCtrack and ECMR are selected as optimization objectives, 
both of which should be minimized.

3.3.1. Model formulation
According to the CNN regression model, ACCtrack and ECMR of HST 

under various running conditions are calculated, as shown in Fig. 14. 
With k ranging from 0.2 to 15, ECMR generally declines, while the 
opposite is true for ACCtrack. Therefore, ACCtrack and ECMR can be 
chosen as two conflicting objectives, formulated by Eqs. (16) and (17). 

Objfun1 = min[net ACC(v,R, k)] (16) 

Objfun2 = min[net ECMR(v,R, k)] (17) 

where net ACC( • ) and net ECMR( • ) denote the CNN regression func
tions for ACCtrack and ECMR, respectively, v denotes the vehicle speed, R 
denotes the curve radius, k denotes the scale factor of the Skyhook 
control strategy.

To get a more detailed insight into the trends of ACCtrack and ECMR 
with varying k, Fig. 15 and Fig. 16 display the relationship between k 
and ACCtrack as well as ECMR for various curve radii. Apparently, when k 
exceeds 10, ACCtrack tends to be greater than 0.5 and the downtrend of 
ECMR becomes flat. As a result, the value of k in this model is restricted 
by Eq. (18).

3.3.2. Solving approach and optimization results
According to Eqs. (16)-(18), the bi-objective optimization model of 

Skyhook controller can be constructed. Since values of the objective 
functions basically contradict, the goal of optimization is to obtain the 
Pareto optimal set that satisfies each objective. In this paper, NSGA-II is 
adopted to search for Pareto optimal solutions on MATLAB platform. 
NSGA-II has been extensively employed in mechanical system optimi
zation due to advantages such as high speed and good convergence 
[57–59]. It incorporates fast non-dominated sorting and crowding dis
tance mechanisms, which reduce computational complexity while 
maintaining diversity among solutions [60]. This is beneficial for the 
high-dimensional input space derived from the CNN regression model. 
Furthermore, NSGA-II is adept at handling nonlinear relationships [61], 
making it suitable for optimizing the CNN-predicted responses of ACC
track and ECMR, which exhibit highly nonlinear dependencies on k, 
vehicle speed, and curve radius.

The optimization process is conducted using MATLAB R2020b on a 
PC equipped with an Intel Core i5-13500H processor (3.19 GHz) and 32 
GB of RAM. In order to achieve comprehensive exploration of the search 
space and identify the optimal configuration for minimizing the objec
tive functions, multiple executions of NSGA-II are conducted with sys
tematic variations of its critical parameters. Following 300 generations 
of optimization, the best-performing parameter combination was 
determined, as detailed in Table 6. For each vehicle speed and curve 
radius, the computation takes approximately 70 min to complete. 

Fig. 12. Proposed CNN structure.
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Although the initial optimization requires significant computational 
time, the Pareto optimal solutions obtained can be stored offline and 
retrieved quickly in practical applications. This enables real-time 
adjustment of the scale factor of k, tailored to specific requirements 
for riding comfort and energy consumption. Consequently, efficient and 
responsive control of the suspension system is ensured under varying 
operational conditions.

Pareto fronts under different curve radii and vehicle speeds are 

shown in Fig. 17. For comparative analysis, we also mark the corre
sponding objective values when the passive control strategy is applied 
for the same running scenario, which means the damping coefficient of 
SLD remains constant. Taking Fig. 17(a) and (b) as examples, the solu
tions denoted within the red, green, and pink circles are termed as the 
preferred solutions, the comfort-optimal solution, and the energy- 
optimal solution at a speed of 65 m/s, respectively. The associated 
values of k are revealed in Fig. 18. In contrast to the passive control, 

Fig. 13. Comparison of actual and predicted values: (a) ACCtrack and (b) ECMR.

Fig. 14. CNN regression results: (a) ACCtrack and (b) ECMR.

Fig. 15. ACCtrack for different curve radii: (a) R = 7000 m, (b) R = 9000 m, and (c) R = 12000 m.
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preferred solutions can enhance both vibration isolation and energy 
efficiency. For the comfort-optimal and energy-optimal solution, they 
are capable of minimizing one optimization objective without adversely 
affecting the other.

By comparison with passive control strategy, the average percentage 
reduction of preferred solutions in ACCtrack and ECMR is illustrated in 
Fig. 19. It is proved that the adjustable Skyhook control strategy can 
reduce ACCtrack and ECMR by up to 47.78 % and 15.90 %, respectively. 

The effectiveness of Skyhook controller basically enhances with 
increasing vehicle speed.

Fig. 20 depicts the percentage decrease in ACCtrack for the comfort- 
optimal solution and ECMR for the energy-optimal solutions. Without 
jeopardizing energy consumption, the comfort-optimal solution can 
improve riding comfort by up to 64.25 %. Besides, a maximum energy 
consumption savings of 25.56 % can be achieved through the energy- 
optimal solution.

However, the aforementioned three types of solutions are not 
available when R = 11000 m, v = 65 m/s and R = 12000 m, v = 65 m/s. 
As can be inferred from Fig. 17(e) and (f), all the Pareto optimal solu
tions cannot effectively decrease ACCtrack if there is no more energy 
consumption. For these cases when the vehicle cruises at low speed on 
large radius curves, the centrifugal acceleration is small and the 
requirement for lateral riding comfort is low. Thus, the optimization of 
the Skyhook control can focus on saving energy.

In summary, we suggest adjusting the control strategy based on the 
vehicle speed and curve radius. When the Skyhook control strategy is 

Fig. 16. ECMR for different curve radii: (a) R = 7000 m, (b) R = 9000 m, and (c) R = 12000 m.

Table 6 
NSGA-II algorithm parameter settings.

Parameters Value

Population size 200
Crossover percentage 0.8
Mutation percentage 0.2
Maximum number of iterations 300

Fig. 17. Pareto fronts for different curve radii: (a) R = 7000 m, (b) R = 8000 m, (c) R = 9000 m, (d) R = 10000 m, (e) R = 11000 m, and (f) R = 12000 m.
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adopted, preferred solutions should be given priority to, and the 
comfort-optimal and energy-optimal solutions can be accepted if the 
riding comfort or energy efficiency is emphasized.

4. Conclusions

In this study, the CNN driven control strategy of SLD is proposed by 
modifying the original skyhook strategy to improve energy efficiency 
and vibration isolation of HST on curved tracks. According to co- 
simulation results, a CNN regression model is constructed for deriving 
Pareto optimal solutions of the scale factor (denoted by k). The main 
conclusions drawn from this study are as follows: 

(1) By means of co-simulation between VI-Rail and MATLAB/Simu
link, k is proved to play different roles in energy consumption and 

vibration isolation of HST on curved tracks. From the perspective 
of reducing the lateral vibration of carbody, k should be around 1. 
But ECMR keeps decreasing when k is larger than 1. Thus, we 
need to improve the value of k if we want to conserve energy.

(2) It is necessary to adjust the value of k according to the running 
conditions. Based on the co-simulation results, a CNN regression 
model is built to reveal the roles that k, vehicle speed, and curve 
radius play in carbody vibration and energy consumption. Due to 
the different effects of k on ACCtrack and ECMR, NSGA-II is used to 
derive Pareto fronts under various running conditions. It is 
strongly recommended to adopt the corresponding preferred so
lutions in different running conditions because these values of k 
can enhance both energy efficiency and vibration isolation, 
compared to the passive control strategy.

Fig. 18. Pareto optimal values of k for different curve radii: (a) R = 7000 m, (b) R = 8000 m, (c) R = 9000 m, (d) R = 10000 m, (e) R = 11000 m, and (f) R =
12000 m.

Fig. 19. Average percentage reduction for preferred solutions compared to the passive control: (a) ACCtrack and (b) ECMR.
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(3) Although the preferred solutions have priority, the comfort- 
optimal and energy-optimal solutions respectively have signifi
cant effects on improving the vibration isolation and energy ef
ficiency. By contrast with the passive control strategy, preferred 
solutions can respectively decrease ACCtrack and ECMR by up to 
47.78 % and 15.90 % on average. By contrast, the comfort- 
optimal solution can improve riding comfort by up to 64.25 %, 
and at most 25.56 % of ECMR can be saved by the energy-optimal 
solution, on the premise of not making the other index worse.

In the future, we plan to improve the CNN driven control strategy of 
SLD considering the phases of vehicle coasting, accelerating, and 
braking to develop a smarter suspension applicable for any running 
status. Additionally, this study assumes the ideal physical state for the 
Skyhook controller. To bridge the gap between simulation and real- 
world deployment, subsequent research will integrate time-delay ef
fects and nonlinear damping characteristics into the co-simulation and 
optimization framework and validate the control algorithm under 
hardware-in-the-loop conditions with a variety of commercial dampers.
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