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Abstract 

Acquiring aerodynamic coefficients of a high-speed train considering its shape parameters and environmental yaw angles typically 
r equir es r esource-intensi v e model tests or n umerical sim ulations. To addr ess this issue, this paper pr oposes an innov ati v e surr ogate 
model approach to cost-efficiently predict the aerodynamic coefficients. Six critical shape variables are chosen to construct a para- 
metric train model, concurr entl y integrating the yaw angle (0–90 ◦) to generate a sample space using optimal Latin hypercube design. 
Then, four original r egr ession algorithms [pol ynomial r egr ession, support v ector r egr ession (SVR), least squar e support v ector r e- 
gression (LSSVR), and Kriging] and three improved regression algorithms (IPSO-SVR, IPSO-LSSVR, and IPSO-Kriging), incorporating an 

impr ov ed particle swarm optimization (IPSO) algorithm with SVR, LSSVR, and Kriging, are introduced to construct surrogate models. 
Finall y, the pr ediction accuracy, pr ediction uncertainty and generalization potential of each surrogate model are compared in terms 
of the side force coefficient ( C s ), lift force coefficient ( C l ) and rolling moment coefficient ( C m 

). The results show that the IPSO-Kriging 
model outperforms the other surrogate models by exhibiting higher prediction accuracy and generalization performance, although 

the IPSO-LSSVR model provides a better assessment of the prediction uncertainty in the C l . The absolute percentage error of IPSO- 
Kriging is within 5% for all test samples, which implies that this model can provide an effecti v e and economical alternati v e for model 
tests or computational fluid dynamic simulations to acquire aerodynamic coefficients. 

Ke yw or ds: Tr ain shape design, aerodynamic coefficients, pol ynomial r egr ession, support v ector r egr ession, Kriging r egr ession 
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. Introduction 

igh-speed trains, as an important form of transportation, have
een widely used throughout the world due to their fast, ef-
cient, comfortable, and environmental friendly characteristics

Tian, 2019 ). When a high-speed train encounters a strong cross-
ind, its aerodynamic performance and operational stability will
eterior ate dr amaticall y, leading to a significant incr ease in the
isk of overturning or derailment (Chen et al., 2022b ; Guo et al.,
024 ; Huo et al., 2023a ; Mohebbi & Rezv ani, 2018a ). Rele v ant r e-
earc hers hav e performed extensiv e explor atory studies on the
bove issue (Heleno et al., 2021 ; Mohebbi et al., 2023 ; Montenegro
t al., 2022 ; Zeng et al., 2024 ). They found that the intrinsic geo-
etric features of the train, including the head shape (Hemida &

rajnovi ́c, 2010 ), streamlined head length (Chen et al., 2018 ), train
eight (Wang et al., 2023 ), and bogie structure (Guo et al., 2020 ),
ave notable influences on the aerodynamic response of a train
ubjected to cross winds . In addition, the external en vironmental
nformation, such as the incoming flow at different yaw angles,
lso has an important effect on the aer odynamic pr operties of
r ains (Baker, 2013 ). Ther efor e, it is essential to comprehend the
er odynamic c har acteristics of tr ains r esulting fr om the combi-
ation of diverse train shapes and varying yaw angles. This un-
erstanding is critical for ensuring the safe operation of trains in
aily scenarios. 
ecei v ed: November 19, 2024. Revised: February 10, 2025. Accepted: February 12, 20
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istributed under the terms of the Cr eati v e Commons Attribution License ( https://
istribution, and r e pr oduction in any medium, pr ovided the original work is pr ope
In recent years, the aerodynamic performances of trains un-
er cross winds ha ve been studied experimentally by wind tunnel
ests (Brambilla et al., 2022 ; Mohebbi & Rezvani, 2018b ) and full-
cale measurements (Gao et al., 2021 ; Liu et al., 2022 ), and ana-
 yzed systematicall y by computational fluid dynamics (CFD; Chen
t al., 2019 ; Niu et al., 2022 ). In general, full-scale measurements
ac k r epr oducibility and ar e c hallenging to implement (Chen et
l., 2022a , 2023 ); wind tunnel tests ar e expensiv e and complex to
et up; while CFD (Mohebbi et al., 2024 ; Mohebbi & Rezvani, 2019 ,
021 ), despite its r elativ e simplicity, r emains time-consuming and
 esource-intensiv e. A substantial effort has been made to obtain
he aerodynamic loads of trains with diverse shape dimensions
nder different incoming flow conditions, for a particular train
hape dimension at a specific yaw angle, ho w e v er, wind tunnel
ests or CFD simulations are still required to determine the spe-
ific aerodynamic loads. 

Given the development of machine learning techniques,
r oposing surr ogate models to pr edict the aer odynamic loads
n trains under different parameters is becoming possible.
egression-type algorithms in machine learning techniques, in-
luding pol ynomial r egr ession (PR), support v ector r egr ession
SVR), r andom for est r egr ession (RFF), Kriging r egr ession, and neu-
al network (NN), are capable of representing complex nonlin-
ar relationships between multiple variables through available
25 
 for Computational Design and Engineering. This is an Open Access article 

cr eati v ecommons.org/licenses/by/4.0/ ), which permits unrestricted reuse, 
rl y cited.
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Figure 1: Prototype train model. 
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data, and they have been successfully applied in several engineer- 
ing fields (Keane & Voutchkov, 2020 ; Lee & Kang, 2023 ; Wu et al.,
2023 ). Ne v ertheless, the a pplication of r egr ession-type algorithms 
is still in its preliminary stages in terms of train aerodynamics. To 
shorten the design cycle of train nose shape, Yao et al. ( 2016 ) ob- 
tained the nonlinear relationship between design variables and 

aer odynamic dr a g based on SVR model. Muñoz-P ania gua & Gar- 
cía ( 2019 ) emplo y ed a feedforw ar d NN model combined with ge- 
netic algorithm (GA) to optimize the train nose shape in terms of 
the crosswind stability of a train under crosswind and passing-by 
scenarios. Kriging surrogate models were constructed by Zhang 
et al. ( 2018 ) and Xu et al. ( 2017 ) to hasten the optimization effi- 
ciency of train head design under crosswinds and the streamlined 

sha pe of tr ains without cr oss winds , r espectiv el y. He et al. ( 2022b )
hybridized polynomial response surface (PRS) with radial basis 
function (RBF) to build a surrogate model, which improves the ac- 
cur acy of pr edicting the aer odynamic coefficients of trains run- 
ning in an open air. To examine the prediction performance of the 
surrogate model, Zhang et al. ( 2021 ) constructed different Kriging 
and NN models using low-dimensional and high-dimensional de- 
sign variables of train shape at 90 ◦ yaw angle. They found that 
the NN model had higher prediction accuracy compared to the 
Kriging model under a ppr opriate par ameters, especiall y for high- 
dimensional variables. 

The prediction accuracy of the surrogate model will directly af- 
fect the reliability in determining train aerodynamic results. Al- 
though a few enhancements have been made to the surrogate 
model, most of the studies mentioned above have essentially used 

the original surrogate model to predict train aerodynamic coef- 
ficients . Moreo ver, these researches mainly focus on the aerody- 
namic loads of trains designed with different nose shape at spe- 
cific yaw angles, while the aerodynamic loads of trains with the 
sim ultaneous c hanges of global sha pe par ameters and yaw an- 
gles are rarely studied. T herefore , this study systematically inves- 
tigates the effects of diverse shape parameters and varying yaw 

angles on aerodynamic forces, with the objective of developing 
a ppr opriate surr ogate models for r a pidl y and accur atel y pr edict- 
ing tr ain aer odynamic coefficients under m ultiv ariate combina- 
tions. It is anticipated that the proposed surrogate models can 

provide an efficient and economical alternative to the traditional 
odel test or CFD simulation for acquiring train aerodynamic co-
fficients, thereby establishing a robust framework for practical 
 pplications in sha pe design and aer odynamic anal ysis . T he re-
earc h motiv ations outlined abov e determine the scope of this pa-
er, focusing on the following objectives: 

� Optimization of hyper par ameters for surr ogate models to en-
hance their performance. 

� De v elopment of surrogate models to efficiently predict aero- 
dynamic coefficients across varying parameters. 

The paper is organized as follows. Section 2 describes the
ethodology, including parametric geometry model, sampling de- 

ign, surrogate model algorithm, optimization algorithm, and per- 
ormance e v aluation metrics. CFD sim ulation is pr esented in de-
ail in Section 3 . This section emphasizes the reliability of the nu-

erical methods . T he r esults and anal yses ar e shown in Section 4 ,
hic h primaril y discusses the data distribution c har acteristics of

r ain aer odynamic coefficients, performance comparisons of sur- 
ogate models, and model generalization capabilities. Section 5 
ummarizes the main conclusions of this study. 

. Methodology 

.1. Geometric model 
o construct a pr edictiv e model for aerodynamic coefficients, a
ar ametric tr ain model is r equir ed to obtain aer odynamic data.
 simplified model of the ICE 3 leading car is emplo y ed as the
ase model due to its popularity worldwide. All attached struc-
ures on the train surface, such as pantographs and doorknobs,
r e ignor ed to r educe the computational expenses of numerical
imulation, and the bogie position is dir ectl y r eplaced by a flat
urface, as shown in Figure 1 . Considering primary parameters of
 train such as nose shape, streamline length, width, and height
ignificantl y affect tr ain’s aer odynamic c har acteristics, and the
ose tip height and the gap below the train body’s also affect the
eneration of the train’s exterior shape, six design parameters are
hosen to construct the train profile, including streamlined head 

ength ( L st ), uniform section length ( L uni ), nose height ( h n ), train
eight ( h tr ), the gap between the bottom of the train and the top of
he rail ( h gap ), and train width ( w ). The value range of train design
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Table 1: Variation ranges of train shape parameters. 

Design variable L st L uni h n h tr h gap w 

Min (m) 4.0 4.0 0.5 3.0 0.1 2.8 
Max (m) 20.0 25.0 1.5 5.0 0.3 4.8 
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arameters is listed in Table 1 , and each parameter has a consider-
ble variation range to obtain a more widely series of train shapes.
ll models using parametric modeling in this study are three-car-
r oup tr ains, namel y the head v ehicle, middle v ehicle, and tail v e-
icle . T hr ee v ehicles of one tr ain hav e identical lengths, v arying
im ultaneousl y between 20 and 30 m in different cases . T he head
nd tail vehicles have identical streamlined noses and uniform
ross-sectional bodies, while the middle vehicle consists solely of
 uniform cross-sectional body. 

Inspired by the principle of idealized train generation (Chiu &
quir e, 1992 ), an impr ov ed function contr ol method is pr oposed to
onstruct tr ain pr ofiles in terms of tr ain sha pe par ameters. Since
he shape of the uniform section remains unchanged, only the
utline of the streamlined head is demonstrated in Figure 2 . First,
he equation of the cr oss-sectional pr ofile of the idealized train
an be written as 

∣∣y i ∣∣n + | z i | n = c n , (1) 

here n is equal to five and uniformly reduced to two towards the
ose tip; c follows a semi-elliptical curve with a large diameter of
 L st and a small diameter of w ; y i and z i r epr esent the y -coordinate
nd z -coordinate on the i th cross-section of idealized train (Chiu
 Squire, 1992 ), respectively. 
Second, the contour equations of Line 1 and Line 2 are obtained

y fitting a series of coordinate points, which can be represented
y Equations 2 and 3 , r espectiv el y: 

y max ,i = 

0 . 5 w × ( e −0 . 4795 x i + e −1 . 984 x i − 2) 
e −0 . 4795 L st + e −1 . 984 L st − 2 

, (2) 

z max ,i = 

( h tr + h gap − h n ) × ( e −0 . 3921 x i − 1) 
e −0 . 3921 L st − 1 

, (3) 

here, x i , y max , i , and z max , i are the x -coor dinate, y -coor dinate, and
 -coordinate of the i th cr oss-section, r espectiv el y. Equation 2 de-
nes the maximum half-width variation of the streamlined head.
ue to the symmetry of the tr ain, the expr essions for positiv e and
egativ e y max , i ar e identical. Equation 3 determines the change in
aximum height above the nose tip. Because the train bottom can

e a ppr oximated as a plane, the height variation below the nose
ip can be considered as a constant equal to h n –h gap . 

Finally, according to the relationship between the y -coordinate
 y i ) and z -coordinate ( z i ) obtained by Equation 1 and the actual y -
oor dinate and z -coor dinate of the ICE3 leading vehicle and using
igure 2: Shape outline curves of streamlined train head. 
 max , i and z max , i to adjust, the final y -coordinate and z -coordinate
f the i th cross-section can be expressed as 

y ±real ,i = ±
∣∣∣∣∣ y max ,i × log ( 

∣∣y i ∣∣ + 1) 

log ( c i + 1) 

∣∣∣∣∣ , (4)

z + real ,i = 

z max ,i × log ( z i + 1) 
log ( c i + 1) 

, (5)

z −real ,i = − h gap − h n 
c i 2 

× z 2 i + 

2( h gap − h n ) 
c i 

× z i , (6)

here y ±real ,i and z ±real ,i are the positive or negative y -coordinate and
 -coordinate on the i th cross-section of the ICE3 leading vehicle. 

A geometric sample is generated by the above functional con-
r ol equation. Figur e 3 compar es the sha pe of a functional tr ain
nd a prototype train. It can be seen that two models have a very
igh degree of similarity, in spite of certain deviations in some de-
ails . T hus , the impro ved functional equations enable a construc-
ion of train shapes in a design space. 

.2. Sampling design 

he spatial sampling is critical to design of experiments. The se-
ection of sample points needs to meet spatial sampling r equir e-

ents to ensure that the samples ar e r epr esentativ e of the entire
arameter space. If the sample space distribution is inadequate or
onuniform, the surrogate model may not accurately reflect the
ehavior of the complex system. In this study, a sampling strat-
gy called optimal Latin hypercube design (OLHD) is adopted to
enerate the sample design points (Jin et al., 2005 ). In addition to
he six tr ain sha pe v ariables mentioned abov e, the yaw angle ( β)
s chosen as the seventh design variable to construct the sam-
le space . Besides , the ya w angle v aries fr om 0 ◦ to 90 ◦. A tr ain-

ng dataset consisting of 100 samples is gener ated thr ough OLHD,
nd 10 additional different samples are randomly generated as
he test dataset. All data are normalized in Figure 4 to better re-
ect the spatial distribution of design points. Design points num-
ered 1 to 100 are training samples, while those numbered 101 to
00 are test samples. 

.3. Basic theory of algorithms 

n this paper, four regression algorithms including PR, SVR, least
quare support vector regression (LSSVR), and Kriging are used as
urrogate models to predict aerodynamic force coefficients. Ad-
itionall y, an impr ov ed particle swarm optimization (IPSO) algo-
ithm is introduced to seek the optimal parameters of SVR (IPSO-
VR), LSSVR (IPSO-LSSVR), and Kriging (IPSO-Kriging). To simplify
he algorithm description, the detailed mathematical derivations
f the PR, SVR, LSSVR, and Kriging algorithms are provided in the
ppendix, while only the construction of the IPSO is presented. 
Particle swarm optimization (PSO) is an evolutionary compu-

ational technique that simulates the behavior of a flock of birds
or a ging for food (Banks et al., 2007 ). In PSO, each solution is called
 ch 2026
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Figure 3: Shape comparison of the functional and prototype trains: (A) top view, (B) side view, and (C) outline curves of both models (The black curve 
r epr esents the realistic model and the red curve represents the functional model.). 

Figure 4: Spatial distribution of design points. 
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a “particle,” and each particle has a position and a velocity. The 
particle updates its velocity and position by following the best par- 
ticle in the current population, thus finding the optimal solution 

in the search space . T he optimal solutions found for each particle 
and all particles in the history are called the individual best posi- 
tion ( P (t) 

i ) and the global best position ( P (t) 
g ), r espectiv el y. For the d -

dimensional search space, the position and velocity of the i th par- 
ticle in generation t can be r epr esented by x (t) 

i = (x (t) 
i 1 , x 

(t) 
i 2 , . . . , x 

(t) 
id ) 

and v (t) 
i = (v (t) 

i 1 , v 
(t) 
i 2 , . . . , v 

(t) 
id ) . The information update on the veloc- 

ity and position of each particle in generation t + 1 can be ex- 
pressed as the following equations: 

v (t+1) 
id = wv (t) 

id + c 1 r 1 (P 
(t) 
id − x (t) 

id ) + c 2 r 2 (P 
(t) 
gd − x (t) 

id ) , (7) 

x (t+1) 
id = x (t) 

id + v (t+1) 
id , (8) 

where w denotes the inertia weight, and a linearly decreasing 
inertia weight is used here (i.e., w = w max − ( w max − w min ) t/ t max ,
w max = 0.9, w min = 0.4); c 1 and c 2 r epr esent the cognitive and so- 
cial factors, and c 1 = c 2 = 2; r 1 and r 2 are random values ranging 
from 0 to 1. A detailed explanation of parameters w , c 1 , and c 2 can 

be found in Kennedy ( 2010 ). 
Traditional PSO tends to fall into local optima resulting in poor 

solution quality (Naka et al., 2003 ). Ther efor e, c haos ma pping em- 
bedded PSO (called IPSO) is proposed in this study to increase the 
diversity and randomness of the population, thereby improving 
he global search capability of the algorithm. The classical and
onvenient logistic equation is chosen to construct IPSO with the
ollowing expression: 

x n +1 = μx n (1 − x n ) , 0 < x 0 < 1 , (9) 

here μ (0 < μ ≤ 4) r epr esents the contr ol v ariable, and the sys-
em is in a fully chaotic state when μ = 4; x n represents the chaotic
ariable, and x n / ∈ { 0 . 25 , 0 . 5 , 0 . 75 } . Although Equation 9 has a de- 
erministic r epr esentation, its sensitivity to initial values allows
 haos ma pping to pr oduce c haos sequences with pseudor andom-
ess and unpredictability. 

Chaos mapping should be executed when the algorithm falls 
nto a local optimum during iteration. T hus , a benchmark value
s needed to make a judgment. In this paper, we choose the mean
article spacing ( D mean ) as this e v aluation index, whic h is defined
s follows: 

D mean = 

1 
N 

N ∑ 

i =1 

√ √ √ √ √ 

d ∑ 

j=1 

( p i j − p̄ j ) 
2 
, (10) 

here N denotes the swarm size; d denotes the dimensionality of
he search space; p ij denotes the j th value of the i th particle; and

p̄ j denotes the av er a ge v alue of all particles in dimensionality j . A
maller D mean indicates a more concentrated population, and vice 
ersa. 
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F igure 5: Flo w dia gr am of the IPSO algorithm. 
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Given a threshold δ, the chaotic search behavior will be per-
ormed if D mean is smaller than δ. First, the decision variable x (0) 

i j 

f the j th dimension of the i th particle is mapped to chaotic initial
ariable cx (0) 

i j , and the transformation takes the following form: 

cx (0) 
i j = 

x (0) 
i j − x min ,i j 

x max ,i j − x min ,i j 
, (11) 

here x max, ij and x min, ij are the maximum and minimum values
f the particle iterations . T hen, the next chaotic variable in the
 haotic searc h pr ocess can be obtained by Equation 9 in the fol-
owing form: 

cx (k +1) 
i j = 4 cx (k ) i j (1 − cx (k ) i j ) . (12) 

Further, the chaotic variable cx (k +1) 
i j is transformed into the cor-

esponding decision variable x (k +1) 
i j through the following formula: 

x (k +1) 
i j = x min ,i j + cx (k +1) 

i j ( x max ,i j − x min ,i j ) . (13) 

Finall y, the fitness v alues of the ne wl y gener ated particle x (k +1) 
i 

nd the current particle are evaluated and compared. If the new
olution is better than the current particle, the current particle
s replaced by the new solution. Otherwise, it goes directly to the
ext iteration (i.e., let k = k + 1) until the condition terminates. 

The flow dia gr am of the IPSO algorithm is shown in Figure 5 .
he detailed steps are described below: 

Step 1: Initialize the algorithm parameters, including the pop-
lation size N , the maximum number of iterations t max , the space
earch dimensionality d , the variable range, the maximum num-
er of chaos search k max , the threshold δ, etc. Randomly generate
he initial population. 

Step 2: Calculate the fitness value of each particle, and update
ndividual and global best solutions. 

Step 3: Determine whether the termination condition is
 eac hed, and if so, output the best solution. Otherwise, execute
he next step. 

Step 4: Judge whether the c haotic searc h behavior is satisfied,
.e., D mean < δ? If it is satisfied, the position of each particle is up-
ated by chaos mapping based on Equations 11 –13 . Otherwise,
quations 7 and 8 are used to update the velocity and position
f each particle . T hen, return to Step 2. 

.4. Performance e v alua tion of surroga te models 

ac h surr ogate model is compar ed not onl y for its accur acy in pr e-
icting aerodynamic coefficients, but also for its ability to quantify
he prediction uncertainty. The k -fold cross-validation technique
s emplo y ed to e v aluate the model performance. Numer ous stud-
es (Hu & Kwok, 2020 ) have shown that k -fold cr oss-v alidation has
 easonable v ariability and helps to avoid overfitting. In addition, k
s taken 10 in this paper based on the suggestion of Refaeilzadeh
t al. ( 2009 ). Some classical validation metrics, including mean ab-
olute error (MAE), mean square error (MSE), and model efficiency
oefficient (MEC; Wadoux et al., 2018 ), are used to assess model
r ediction accur ac y. The absolute per centa ge err or (APE) of a sin-
le test point and the mean absolute percenta ge err or (MAPE) of
ll test points are also adopted to e v aluate the potential gener-
lization ability of the surrogate model. Moreover, for the perfor-
ance e v aluation of the prediction uncertainty, the prediction in-

erv al cov er a ge pr obability (PICP) is used in this study (Malone et
l., 2011 ). A 95% confidence le v el is specified to define the predic-
ion bounds encompassing the true but unknown values of times
n av er a ge. Confidence interv als (CIs) r anging fr om 5% to 95% ar e
elected to e v aluate the model sensitivity by sequentially decreas-
ng the confidence limits. In general, the PICP value close to the
orresponding confidence level implies a better performance in
erms of the prediction uncertainty. 

. CFD Sim ula tion 

.1. Computational domain and boundary 

conditions 

he size of the computational domain for all numerical cases is
he same as 90 H m 

× 60 H m 

× 20 H m 

in Figur e 6 . Her e, H m 

is the max-
mum height in the range of train shape variables. To meet the grid
eed of the turbulence model, a 1/8 scaled model is used for the
im ulation anal ysis. Resultant v elocity method is intr oduced to
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Figure 6: Computational domain: (A) top view and (B) side view. 

Figure 7: Dia gr am of r esultant wind speed. 
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ac hie v e differ ent yaw angles in Figur e 7 . The r esultant wind speed 

( U in ) is composed of train speed ( U tr ) and crosswind speed ( U w ),
and the desired β can be obtained by changing the magnitude of 
U tr and U w . The incoming velocity (i.e., the resultant wind speed) 
is a fixed value of 60 m/s, and U tr = U in cos β and U w = U in sin β. The 
upstream boundary and the windw ar d side (WW) boundary are 
set as velocity inlets with a uniform velocity U in , and the down- 
stream boundary and the leew ar d side (LW) boundary are defined 

as pr essur e outlets with a zero static pr essur e . T he symmetry con- 
dition is imposed to the top surface of the computational domain,
and no-slip wall condition is applied to the train surface. To reflect 
the r elativ e motion of the train and the ground, the floor and rail 
ar e tr eated as moving no-slip wall conditions with the train speed.
The Reynolds number is equal to 2.57 × 10 6 considering H m 

and 

U in . 

3.2. Numerical method 

The aerodynamic forces acting on the train are not completely 
constant r esulting fr om the inher ent instability of turbulent flow.
Ne v ertheless , the time-a v er a ged aer odynamic forces experienced 

by the train are our primary interest in this study. To balance 
solution accuracy and computational cost, we use the steady 
Reynolds-av er a ged Navier-Stokes (RANS) method, which is com- 
monly emplo y ed to solv e the tr ain aer odynamic pr oblems (Huo et 
al., 2023b ; Li et al., 2019 ; Morden et al., 2015 ; Premoli et al., 2016 ; ). In
addition, the shear-str ess tr ansport (SST) k - ω turbulence model,
which has superior reproducibility for complicated flows with 

str ong separ ations (Catanzar o et al. , 2016 ; Huo et al. , 2023a ; Li et al. ,
2022b ; Zamiri & Chung, 2017 ), is chosen to r epr esent the Reynolds 
str ess. All sim ulations ar e conducted on the basis of the pr essur e- 
ased solver in ANSY S Fluent. T he con vective and diffusive terms
r e tr eated using the second-order upwind scheme in spatial dis-
r etization a ppr oac hes, and the SIMPLE algorithm is adopted to
ouple the pr essur e-v elocity field. All simulations are conducted
or 10 000 iterations, ensuring that the residuals of each equation
rop below 10 –5 to satisfy the convergence criterion. 

Dimensionless side force coefficient ( C s ), lift force coefficient
 C l ) and rolling moment coefficient ( C m 

) are used for the analysis,
nd they are defined as follows: 

C s = 

F s 
0 . 5 ρU 

2 
in S y 

, (14) 

C l = 

F l 
0 . 5 ρU 

2 
in S z 

, (15) 

C m 

= 

M x 

0 . 5 ρU 

2 
in S y h tr 

, (16) 

here, F s , F l , and M x represent the side force, lift force, and rolling
oment, r espectiv el y; ρ means the air density equal to 1.225

g/m 

3 ; S y and S z are the projected areas of the head vehicle in
he y - and z -dir ections, r espectiv el y. 

.3. Mesh str a tegy 

he SnappyHexMesh in OpenFOAM is employed to discretize spa- 
ial grids, and the majority of the grids follows a 2-by-2 growth
attern based on the defined zone divisions. Four different densi-
ies of grids, including coarse grid (1.27 × 10 7 cells), medium grid
2.58 × 10 7 cells), fine grid (4.56 × 10 7 cells), and extra-fine grid
7.25 × 10 7 cells), are used for grid-independent validation. The 
 s and C l values of head vehicle at 30 ◦ yaw angle are compared

or the four grids in Figure 8 . The results for both C s and C l in-
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Figure 8: Grid independence test at 30 ◦: (A) C s of the head vehicle and (B) C l of the head vehicle. 

Figure 9: Fine grid distribution: (A) grid on the symmetrical plane along the longitudinal direction of the train, (B) grid on the cross-section of the head 
vehicle, and (C) grid on the train head surface. 
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icate conv er gence to the fine grid, yielding differ ences of 0.50%
nd 0.93% from those of the extra-fine grid, respectively, which
eans that the fine grid is sufficient to obtain accurate aerody-

amic forces . T hus , the fine-grid str ategy is c hosen for all numeri-
al simulations . T he fine grid distribution for the functional model
f the original train is shown in Figur e 9 . Two r efinement r egions
re constructed to better capture the turbulent vortex structures
r ound the tr ain, and the r ange of r efinement on the LW of the
rain is larger than that on the WW of the train. In addition, six-
een inflation layers are developed from all wall surfaces. Each
rism layer has a uniform grid thickness of 0.04 mm, and the value
f y + ranges from about 1 to 5. 

.4. Numerical verification 

n the absence of experimental data for the functional model we
onstructed, wind tunnel test results of an idealized train (Copley,
987 ) are adopted to verify the accuracy of the numerical algo-
ithm. Yaw angles ranging from 20 ◦ to 35 ◦ are measured in the
xperiments (Copley, 1987 ), and we use the results at 35 ◦ for val-
dation. In Hemida & Krajnovi ́c ( 2010 ), the large ed d y simulation
LES) of this idealized train is conducted in terms of 35 ◦. Addi-
ionally, the Reynolds number for both the test and the LES is
.7 × 10 5 . T hus , same computational domain and boundary con-
itions are set up following their methodology, and detailed de-
criptions can be r eferr ed to Hemida & Krajnovi ́c ( 2010 ). The cross-
ectional profile of the idealized train is defined by Equation 1 ,
here c = 62.5 mm and n = 5. Moreover, n reduced uniformly

rom 5 to 2 to w ar ds the nose tip, and c follows a semi-elliptical
urve with a large diameter of 160 mm and a small diameter
f 125 mm. The length, width, and height of this idealized train
odel are 10 D , D , and D ( D = 125 mm), respectively, as shown in

igure 10 A. 
The pr essur e coefficient ( C p = 

P−P 0 
0 . 5 ρU 2 in 

) distributions at the cr oss-

ections x / D = 2.5 and x / D = 6.5 are presented in Figure 10 B and C.
he LES results at the cross-section x / D = 6.5 reported by Hemida
 Krajnovi ́c ( 2010 ) are also added in Figure 10 C for comparison.
v er all, the sim ulation r esults for both cr oss-sections exhibit a
imilar tendency to the experimental data. Mor eov er, well a ppr ox-
mated r esults ar e observ ed for our sim ulation and LES. Ho w e v er,
here is a significant ov er estimation of the pr essur e fr om the sim-
lation underneath the tr ain compar ed to the test. The reason for
his deviation may be that the floor setup in the simulation is dif-
er ent fr om that in the test. In the test, two identical models ar e

ounted symmetrically on both sides of the floor, whereas in the
im ulation, onl y one model is installed on the sidewall. As a result,
 sta gnation r egion is formed between the train and the sidewall.
his stagnation region induces a larger pressure increase on the
tr eamwise side compar ed to that of the test. T hus , the numeri-
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Figure 10: Numerical validation: (A) simulation model of the idealized train; comparison of pressure coefficients from numerical simulations and 
experimental results at (B) x / D = 2.5 and (C) x / D = 6.5. 
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cal algorithm in this paper can be considered as an appropriate 
choice to obtain accurate CFD results. 

4. Results and Analyses 

4.1. Data distribution characteristics of 
aerodynamic coefficients 

In general, the leading car of a train running under crosswinds 
is identified as the most critical case with a risk of derailment 
or overturning (Li et al., 2022a ; Huo et al., 2021 ). Ther efor e, aer o- 
dynamic coefficients of the leading car are solely investigated in 

this study. To demonstrate the sample data distribution from CFD 

simulations, a series of scatter plots for the C s , C l , and C m 

with dif- 
fer ent tr ain external dimensions of h n , L st , h tr , w , h gap , L uni , and yaw
angle β are presented in Figure 11 . All shape design variables and 

yaw angle are normalized to a range of 0 to 1 for convenient anal- 
ysis. Blue dots correspond to the training data set in the design of 
experiments, while the red pentagram markers represent the test 
data set used to e v aluate the final surrogate models in Section 

4.3 . The data points fr om Figur e 11 A to F exhibit r elativ el y r an-
dom distributions without a ppar ent patterns. Ho w e v er, the aer o- 
dynamic coefficients ( C s , C l , and C m 

) increase with the yaw angle 
in the r ange fr om 0 to 0.6 for the normalized β in Figure 11 G, while 
an opposite tendency appears in the remaining range. 

Estimated Pearson correlation coefficients (PCCs) are illus- 
trated to further explore the relationship between each variable 
and the aerodynamic coefficients in Figure 12 . Red and blue col- 
ors indicate positive and negative correlations between any two 
v ariables, r espectiv el y. The v alues in the lo w er triangular matrix 
and the color shades of the ellipses in the upper triangular matrix 
ar e symmetricall y distributed about the dia gonal and corr espond 

to each other, and both of them r epr esent the ma gnitude of the 
specific correlation coefficients . T he correlations between C s and 

h n , L st , h gap , and L uni are extremely weak with the absolute values 
of the PCCs of less than 0.1, while the h tr and w show r elativ el y 
bigger correlations with C s with the absolute values of the PCCs 
of more than 0.1. Moreover, C s has positive and negative correla- 
tions with h tr and w , r espectiv el y. A negativ e corr elation exists be- 
tween C l and h n , h gap , and L uni , while the r emaining sha pe par ame- 
ers exhibit a r emarkabl y weak positive correlation with C l due to
he PCCs being less than 0.1. The absolute values of the PCCs be-
ween C m 

and all shape variables are less than 0.1, which implies
hat the C m 

is v ery weakl y corr elated with the sha pe v ariables.
or the yaw angle β, the aerodynamic coefficients are observed
o hav e differ ent degr ees of positiv e corr elation with it. Among
hem, C s and C m 

demonstrate a stronger correlation with the β
han C l . On the whole, although the yaw angle presents a stronger
orrelation with the aerodynamic coefficients, the impact of the 
r ain sha pe par ameters on the aer odynamic coefficients is still not
egligible. 

Descriptive statistics are performed in terms of all data sets, in-
luding both training and test data sets, as shown in Table 2 . The
inim um v alues of C s and C m 

are close to zero, and their maxi-
um and mean values are 1.8889, 0.7662 and 0.7741, 0.3502, re-

pectiv el y. C l r anges fr om −0.1810 to 1.3345 with a mean v alue
f 0.5355. The variability in C s is the largest than the remain-
ng aerodynamic coefficients given the standard deviations (SDs).
o w e v er, C l has been exhibited the gr eatest v ariability consid-
ring the coefficient of variation (CV), which is a relative mea-
ure of variability and accounts for the disparate mean values.
lthough different aerodynamic coefficients demonstrate either 
ositive or negative skewness, the absolute values of these skew-
esses do not exceed 0.2. As a result, all data distributions are
ot significantl y ske wed in an y one side, whic h indicates that the
urrogate model will be more accurate and stable in processing
hese data. 

.2. Performance comparisons of different 
surrogate models 

.2.1. Model parameter selection and calibration 

 total of 100 training samples are used to construct the
urr ogate model. Mor eov er, an important pr epr ocessing step—
ormalization—has been firstly conducted to improve the perfor- 
ance and stability of the surrogate model. For PR, all processes

re performed using the Multiple linear regression in the Statistics
nd Machine Learning Toolbox of MATLAB. PR models of different
rders are compared for C s , C l , and C m 

, and the final orders chosen
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Figure 11: Effect of each variable on aerodynamic coefficients: from left to right, C s , C l , and C m ; from top to bottom, h n , L st , h tr , w , h gap , L uni , and β. 
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Figure 11: Continued. 

Figure 12: Correlation between all design variables and aerodynamic coefficients. 

Table 2: Statistics analysis of aerodynamic coefficients. 

Aerodynamic coefficients Min. Mean Max. SD CV (%) Skewness 

C s −9.31e −05 0.7662 1.8889 0.5086 66.38 0.1279 
C l −1.81e −01 0.5355 1.3345 0.3972 74.18 0.1994 
C m −3.73e −05 0.3502 0.7741 0.2206 63.00 −0.1181 
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Table 3: Comparison of performance metrics for each surrogate model. 

Surrogate models 
C s C l C m 

MAE MSE MEC MAE MSE MEC MAE MSE MEC 

PR 8.46E −02 7.89E −02 0.9195 1.98E −01 2.92E −01 0.8794 5.86E −02 5.56E −02 0.9119 
SVR 6.40E −02 1.03E −02 0.9465 5.77E −02 1.12E −02 0.9309 2.14E −02 1.11E −03 0.9484 
IPSO-SVR 2.96E −02 2.02E −03 0.9814 3.24E −02 3.70E −03 0.9741 1.06E −02 1.36E −04 0.9919 
LSSVR 4.91E −02 6.26E −03 0.9529 4.36E −02 8.12E −03 0.9473 2.12E −02 1.06E −03 0.9538 
IPSO-LSSVR 2.04E −02 8.73E −04 0.9887 2.43E −02 2.06E −03 0.9877 1.02E −02 1.29E −04 0.9946 
Kriging 2.25E −02 1.97E −03 0.9809 3.57E −02 2.50E −03 0.9816 1.85E −02 7.53E −04 0.9821 
IPSO-Kriging 1.02E −02 1.99E −04 0.9994 9.23E −03 1.62E −04 0.9988 3.76E −03 2.81E −05 0.9996 
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re 4, 6, and 5, with the least squar es par ameter estimates of 29,
3, and 36 dimensional v ectors, r espectiv el y. 

For the SVR, LSSVR, and Kriging models, the IPSO algorithm
s emplo y ed to optimize the hyper par ameters of these models,
her eby de v eloping the corresponding IPSO-SVR, IPSO-LSSVR, and
PSO-Kriging models. In the IPSO algorithm, the particle swarm
ize is 80, and the maximum number of iterations is 300. The max-
mum number of chaos search is 100, and the threshold of particle
pacing is set to 0.01. The identical par ameters ar e set in the IPSO
lgorithm for all de v eloped surr ogate models . T he hyper par am-
ters of the SVR, LSSVR, and Kriging models are treated as the
nput variables for optimization, and the minimization of MSE is
elected as the optimization objectiv e her e. Mor eov er, we divide
he training samples into 10 subsets, then each subset contains
0 groups of data. Consequently, the surrogate model is trained
ased on a 10-fold cr oss-v alidation tec hnique . T he penalty factor
 and kernel par ameter γ ar e crucial for the SVR and LSSVR mod-
ls (Bi et al., 2023 ; Pham et al., 2020 ), and thus these two parameters
r e searc hed by the IPSO algorithm for the optimal combination.
he initial combinations of parameters for the C s , C l , and C m 

are ( C ,
) = (0.83, 0.35), (0.12, 0.46), and (1.41, 0.77) in the SVR models, re-
pectiv el y; while the optimal combinations of parameters for the
bov e-mentioned coefficients ar e ( C , γ ) = (2.59, 0.89), (0.39, 2.75),
nd (4.94, 1.01) in IPSO-SVR models, r espectiv el y. Similarl y, the ini-
ial and optimal combinations of parameters for the C s , C l , and
 m 

are ( C , γ ) = {(12.07, 5.62); (8.14, 4.51); (11.98, 6.63)} and {(24.81,
.51); (37.31, 5.04); (48.94, 9.29)} in LSSVR and IPSO-LSSVR models,
 espectiv el y. 

It has been pr ov ed that if the optimal corr elation par ameter θ ∗

n the maximum likelihood sense can be assured under any initial
onditions (Wang et al., 2022 ; Kaymaz, 2005 ), the optimal unbiased
roperty of Kriging prediction can also be guaranteed. T herefore ,
he IPSO algorithm is adopted to seek the optimal correlation pa-
ameter θ ∗. The initial values of parameter θ ∗ for the C s , C l and
 m 

are (0.0315, 0.0050, 0.1714, 0.1470, 0.0002, 0.0043, 1.4932), and
0.0068, 0.0167, 0.1782, 0.0981, 0.0180, 0.0242, 1.4531), and (0.2160,
.0028, 0.1080, 0.0303, 0.0006, 0.0317, 0.9051) in the Kriging mod-
ls, r espectiv el y; and the optimal values of parameter θ ∗ for the
 s , C l , and C m 

are (0.0035, 0.0198, 0.1133, 0.1160, 0.0735, 0.0501,
.9240), (0.0182, 0.0112, 0.1330, 0.0638, 0.1064, 0.0373, 1.3172), and
0.0130, 0.0038, 0.1204, 0.0893, 0.0296, 0.0044, 1.4641) in the IPSO-
riging models, r espectiv el y. 

.2.2. Analysis of prediction accuracy 

o e v aluate the pr ediction performance of differ ent surr ogate
odels, thr ee accur acy metrics, including MAE, MSE, and MEC,

re emplo y ed for comparison in Table 3 . The PR model underper-
orms the other models by presenting higher MAE and MSE but
o w er MEC values for all three aerodynamic coefficients. More-
v er, the pr ediction accur acies of the IPSO-SVR, IPSO-LSSVR and
PSO-Kriging models are significantly better than those of the
imple SVR, LSSVR and Kriging models. Especially for the MSE
 alues, almost all de v eloped models ar e enhanced b y an or der
f magnitude . T his phenomenon suggests that the optimal hy-
er par ameters searc hed by the IPSO algorithm are beneficial in

mproving the prediction accuracy of the surrogate model. The
IPSO-) SVR and (IPSO-) LSSVR models exhibit similar predic-
ion tendencies due to their identical kernel functions and sim-
lar model structures. Ho w ever, the (IPSO-) LSSVR model has a
lightl y higher pr ediction accur acy than the (IPSO-) SVR model
or eac h aer odynamic coefficient. In essence, the LSSVR algo-
ithm solv es quadr atic pr ogr amming pr oblems under equality
onstr aints r ather than inequality constraints of the SVR al-
orithm, whic h r educes the complexity of solving the problem
nd impr ov es the computational speed and conv er gence accu-
acy of the algorithm (He et al., 2022a ; Wang et al., 2021 ). The
IPSO-) Kriging model is r emarkabl y superior to the other mod-
ls. Gener all y, a better sampling design will have a favorable im-
act on the Kriging algorithm for predicting data trends, fitting
he v ariogr am function and kriging inter polation, thus impr ov-
ng the prediction accuracy of the Kriging algorithm (Ma et al.,
020 ; Mulder et al., 2013 ). The OLHD strategy is chosen to gen-
rate the training samples in this study, which provides a rela-
iv el y pr efer able data set for Kriging modeling. In addition, the
EC values of all aerodynamic coefficients in the IPSO-Kriging
odels are more than 0.99, which indicates that the predictions

f the IPSO-Kriging models ar e extr emel y close to the actual
bservations. 

Based on the aforementioned analysis, the prediction values
r om onl y the PR model and the other models optimized by the
PSO algorithm are further compared with the CFD r esults fr om
he training set in Figure 13 , along with the APE for the aerody-
amic coefficients predicted by each model. The predictions ob-
ained by the IPSO-Kriging model closely align with the CFD re-
ults, with the APE for each training sample remaining below 5%.
he IPSO-SVR and IPSO-LSSVR models can also predict the real
 alues r elativ el y well, although ther e ar e some de viations at in-
ividual locations. Ho w e v er, the pr edictions fr om the PR model
emonstr ate consider able de viations in se v er al locations, espe-
ially for the C l , which has the highest MAPE of 17.62%. Under
xtreme ya w angles , the IPSO-Kriging model ac hie v es a maxim um
PE of 3.48% for aerodynamic coefficients at the yaw angle of
 

◦ and 4.35% at the yaw angle of 90 ◦, outperforming other mod-
ls whose APE values exceed 5%. These results underscore the
PSO-Kriging model’s superior pr edictiv e accur acy and robustnes,

aking it highly suitable for aerodynamic coefficient prediction
n complex and extreme scenarios. 
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Figure 13: Comparison of aerodynamic coefficients from numerical simulations and predictions obtained by different surrogate models, along with 
the APE for the predicted aerodynamic coefficients from each model: (A) C s , (B) APE of C s , (C) C l , (D) APE of C l , (E) C m , and (F) APE of C m . 
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The r egr ession plots of pr ediction v alues a gainst CFD r esults 
are visualized in Figure 14 . More scatter exists around the 1:1 
line for the PR model, thus resulting in a lo w est correlation co- 
efficient ( R 

2 ). The IPSO-SVR and IPSO-LSSVR models show a sim- 
ilar pattern, with both ov er estimating lo w er values and under- 
estimating higher v alues. Mor eov er, the R 

2 v alues of the scat- 
ters for the C m 

in both models are greater than 0.99, while the 
R 

2 value of the scatter for the C l in the IPSO-SVR model is 
no more than 0.98. The scatter is concentrated on the 1:1 line 
for the IPSO-Kriging model, which yields a R 

2 value of more 
than 0.99 for eac h aer odynamic coefficient. This finding corrob- 
orates well with the lower MSE and higher MEC values of the 
IPSO-Kriging model for the three aerodynamic coefficients in 

Table 3 . 

4.2.3. Quantification of prediction uncertainty 

Since the above analyses of prediction accuracy do not provide in- 
formation related to prediction uncertainty, the PICPs for different 
onfidence le v els r anging fr om 5% to 95%, in terms of eac h surr o-
ate model for the C s , C l , and C m 

, are computed and displayed in
igur e 15 . In gener al, the ideal case is that all points fall on the gray
otted line. PICP curves for each model are consistently higher
han the ideal values for the C s and C m 

, which means that all mod-
ls ov er estimate the pr ediction of uncertainty. Ho w e v er, IPSO-SVR
nd IPSO-LSSVR models exhibit r elativ el y lo w er values of PICPs at
o w er confidence le v els (below 40%) for the C l . Ov er all, the lar ger
e viations fr om the 1:1 line occur in the PR model for eac h aer ody-
amic coefficient. This result implies that the PR model not only
as a poor prediction accuracy, but also a poor prediction uncer-
ainty. For the C s , the ov er estimation of the uncertainty for the
PSO-Kriging model is lo w er than that of the other models, and
he same tendencies are identified for the IPSO-SVR and IPSO-
SSVR models. Compared to the other models, the observed PICPs
re closer to the ideal values for the IPSO-LSSVR model regard-
ng the C l . In other w or ds, the IPSO-LSSVR model allo ws for a bet-
er assessment of the prediction uncertainty, although the IPSO- 
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Figure 14: Correlation curves of CFD and predicted results (training data set): from left to right, C s , C l , and C m ; from top to bottom, PR, IPSO-SVR, 
IPSO-LSSVR, and IPSO-Kriging. 
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Figure 15: PICPs for different confidence levels: (A) C s , (B) C l , and (C) C m . 
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Kriging model demonstrates a greater accuracy in predicting the 
C l . For the C m 

, the IPSO-SVR model delivers better uncertainty pre- 
dictions for confidence le v els below 50%, while the IPSO-Kriging 
model presents better uncertainty predictions for confidence lev- 
els above 50%. 

4.3. Ev alua tion of gener aliza tion potential of 
surrogate models 

To e v aluate the gener alization potentials of eac h surr ogate model,
ten random test samples have been generated in Figure 4 at the 
beginning in Section 2.2. The scatter plots of CFD data versus pre- 
dicted values are shown in Figure 16 for the test data set. It is 
not surprising that the correlation coefficients of the test data set 
in Figure 16 are generally smaller than those of the correspond- 
ing training data set in Figure 14 , due to the fact that the optimal 
hyper par ameters of the surrogate model are tuned with respect 
to the training data. Similarly, the PR model exhibits the lo w est R 

2 

values for all the aerodynamic coefficients of the test data set, and 

the highest R 

2 value among them is only approximately 0.91 for 
the C s . The R 

2 values of the IPSO-SVR and IPSO-LSSVR models are 
r elativ el y compar able for eac h aer odynamic coefficient. Mor eov er,
although the R 

2 value of the IPSO-LSSVR model is slightly higher,
it is still below 0.99. The IPSO-Kriging model presents the highest 
R 

2 v alues of abov e 0.99 for all the aer odynamic coefficients, whic h 

means that this model has the best performance in predicting the 
C s , C l , and C m 

. 
The APE of each test sample point and the MAPE of all test sam- 

ple points for all surrogate models ar e illustr ated in Figur e 17 .
The maximum APE and MAPE v alues ar e both found in the PR 

model for all these aerodynamic coefficients, approaching 45% 

and 24%, r espectiv el y. Although the maxim um APE and MAPE val- 
ues in the pr ediction r esults of the IPSO-LSSVR model for the test 
samples ar e slightl y lo w er than those of the IPSO-SVR model, they 
are still up to 26.36% and 10.64%, respectively. Ho w ever, the IPSO- 
Kriging model has an APE of less than 5% in predicting all the aero- 
dynamic coefficients for each test sample, and the MAPE value 
across all test samples is within 3%. T herefore , it could be con- 
cluded that the prediction performance of the IPSO-Kriging model 
is m uc h better than the other models, indicating a superiority of 
the IPSO-Kriging model over the other models in terms of the gen- 
eralization potential. 

4.4. General discussion 

Surrogate model techniques have been proven to be successful 
in predicting train aerodynamic coefficients under the combina- 
tion of div erse tr ain sha pe par ameters and v arying ya w angles .
or eov er, the surr ogate model demonstr ates better pr ediction ca-
ability for unknown combinations of input parameters, espe- 
ially for the developed IPSO-Kriging model. Nevertheless, con- 
tructing the surrogate model still requires considerable compu- 
ational effort, particularly when dealing with a high-dimensional 
esign space . T he IPSO algorithm, used to optimize the surrogate
odel, introduces an additional layer of complexity due to its it-

r ativ e natur e and the need for meticulous parameter tuning to
c hie v e optimal conv er gence during model tr aining. Despite these
 hallenges, the IPSO-Kriging fr ame work offers a balance of com-
utational efficiency and pr edictiv e accur acy. As a result, using
urrogate models instead of model tests or CFD simulations to
btain train aerodynamic coefficients will be very promising in 

ractice. 
In this study, the training data for all surrogate models are de-

iv ed fr om CFD sim ulations . To sa v e computational r esources, a
 elativ el y simplified train model is chosen to study the aerody-
amic effects of changes in train shape parameters. While six
esign variables are re presentati ve of the most influential shape
 har acteristics, other factors such as bogies, windshields, pan-
ogr a phs, and v arious attac hed structur es ma y also pla y a role
n tr ain aer odynamic performance . T hese factors could be over-
ooked in the current model, potentially limiting its applicability
n more detailed or real-world scenarios . T hus , the inclusion of
hese elements in the surrogate model is essential for attaining a
igher degree of scientific accuracy and practical relevance. In ad-
ition, r ail way infr astructur e scenarios, including the type of r ail-
ay (Schober et al., 2010 ) and the form of windbreaks ( Mohebbi
 Rezvani, 2018c ; Mohebbi & Safaee, 2022 ; Xia et al., 2022 ), also
ave a nonnegligible impact on the aerodynamic performance of 
r ains under cr oss winds . T he abo ve makes acquiring sufficient rel-
 v ant data from model tests or CFD simulations still a hindrance
n training proper surrogate models . T herefore , future research
fforts will consider the above information under adequate re- 
ources. 

. Conclusions 

his paper focuses on predicting the aerodynamic coefficients re- 
ulting from the combination of div erse tr ain sha pes and v arying
aw angles based on surrogate models that combine r egr ession
lgorithms and CFD simulations. 

CFD r esults r e v eal the r elationships between input and output
 ariables, and pr ovide statistical insights into the aerodynamic co-
fficients. Compared to the train shape parameters , the ya w an-
le exhibits a stronger correlation with the C s , C l , and C m 

, with
he PCCs of 0.84, 0.51, 0.89, r espectiv el y. The absolute ske wness of
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Figure 16: Correlation curves of CFD and predicted results (test data set): from left to right, C s , C l , and C m ; from top to bottom, PR, IPSO-SVR, 
IPSO-LSSVR, and IPSO-Kriging. 
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Figure 17: APE in predicting aerodynamic coefficients by each surrogate model: (A) C s , (B) C l , and (C) C m . 
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all aerodynamic coefficients does not exceed 0.2, indicating stable 
and accurate surrogate model performance. 

Se v en surr ogate models, including four original models and 

three IPSO-optimized versions, are developed to predict the aero- 
dynamic coefficients . T he a pplication of IPSO significantl y en- 
hances the prediction performance of the original models. Among 
them, the IPSO-Kriging model outperforms other surrogate mod- 
els in terms of prediction accuracy. Moreover, the IPSO-Kriging 
model demonstrates better generalization ability by providing an 

APE of less than 5% for each test sample. Although the predic- 
tion uncertainty for the C s is better quantified by the IPSO-Kriging 
model, the prediction uncertainty for the C l is better e v aluated by 
the IPSO-LSSVR model. Ov er all, the IPSO-Kriging model could be 
consider ed an effectiv e and economical alternativ e to wind tun- 
nel tests and CFD simulations for quickly acquiring the aerody- 
namic coefficients under the combination of various train shape 
parameters and different yaw angles. 

Ne v ertheless, this study has effectiv el y emplo y ed surrogate 
models to predict aerodynamic coefficients across various com- 
binations of train shape parameters and yaw angles. This suc- 
cess encour a ges futur e r esearc h to delv e deeper into the a ppli- 
cation of surrogate models in exploring aerodynamic coefficients 
under more complex conditions, including realistic train geome- 
tries, div erse r ail way types, and various windshield designs. By 
incor por ating additional sha pe par ameters that r eflect pr actical 
design consider ations, the tr ain model can be r efined to mor e 
accur atel y r epr esent actual high-speed tr ain configur ations. Fur- 
thermor e, extending the curr ent fr ame work to incor por ate envi- 
ronmental factors would significantly enhance its applicability in 

r eal-world r ail way oper ations. 
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ppendix 

. Ma thema tical Deriv a tions of Algorithms 

.1. Polynomial regression 

ultiple PR is a form of r egr ession anal ysis that models the r ela-
ionship between one or more independent variable and a depen-
ent variable as an n th-order polynomial. Assume that the dataset
 contains m records: t 1 , t 2 , …, t m 

, and has d independent variables
 1 , X 2 , …, X d and a dependent variable Y . Then the d -dimensional
 th-order PR model can be expressed as follows: 

y = 

n ∑ 

i =1 

d ∑ 

j=1 

b i j x 
i 
j + b 0 , (A1)

here b i j is the coefficient of x i j and b 0 is constant term. The fit-
ing of PR can be converted to multiple linear regression by vari-
ble substitution. Each x i j can be equated to a new independent
ariable z i with the following transformation equation: ⎧ ⎪ ⎪ ⎪ ⎪ ⎨ 

⎪ ⎪ ⎪ ⎪ ⎩ 

z 1 = x 1 , z 2 = x 2 , · · · , z d = x d 
z d+1 = x 2 1 , z d+2 = x 2 2 , · · · , z 2 d = x 2 d 
. . . 

. . . 
. . . 

z (n −1) d+1 = x n 1 , z (n −1) d+2 = x n 2 , · · · , z nd = x n d 

(A2)

After the mapping of Equation A2 , the PR can be converted
nto a multiple linear r egr ession on z i , as shown in the following
quation: 

y = zw + w 0 (A3)

here w is the coefficient vector of z , corresponding to the coeffi-
ient b i j of x i j in PR. This new linear model can then be fitted using
he least square method, which minimizes the residual sum of
quares to estimate the model parameters . T hus , the parameter
ector of the regression model can be solved using matrix oper-
tions according to the least square method, with the following
esults: 

w = ( Z 

T Z ) −1 Z 

T Y, (A4)

here Z is the matrix of independent variables, Y is the vector of
ependent variable, and w is the vector of model parameters. 

.2. Support vector regression 

VR is an application model of support v ector mac hine (SVM) to
 egr ession pr oblems (Muthukrishnan et al., 2020 ). Considering the
raining dataset {( x i , y i ), i = 1, 2, …, n , x i ∈ R 

n , y i ∈ R }, the input
ector x is initially transformed from a low-dimensional space
o a high-dimensional ( m -dimensional) space, and the r egr ession
unction is given by 

f (x, w ) = 

m ∑ 

j=1 

w j g j (x ) + b (A5)

her e w j r epr esents the ‘weight’ coefficient, g j ( x ) indicates a set
f nonlinear transformation functions, and b denotes the ‘bias’
erm. In general, the absolute or square error is emplo y ed as a
oss function to minimize the risk of prediction. Ho w ever, the ε-
nsensitive loss function (Vapnik, 1999 ) is introduced in the SVR,
hich is formulated as 

L ε ( y i , f ( x i , w )) = 

{ 

0 , 
∣∣y i − f ( x i , w ) 

∣∣ ≤ ε ∣∣y i − f ( x i , w ) 
∣∣ − ε, otherwise 

. (A6)

Meanwhile, the slack factors ξi and ξ∗
i are proposed to moni-

or the training sample deviations outside the ε-insensitive region.
 hus , the optimization problem of the SVR is defined by minimiz-

ng the corresponding cost function as follows: 

minimize 1 2 ‖ w ‖ 2 + C 

n ∑ 

i =1 
( ξi + ξ∗

i ) 

subject to 

⎧ ⎪ ⎨ 

⎪ ⎩ 

y i − f ( x i , w ) ≤ ε + ξi 

f ( x i , w ) − y i ≤ ε + ξ∗
i 

ξi ≥ 0 , ξ∗
i ≥ 0 

. (A7)

er e, C denotes a positiv e constant, whic h contr ols the tr ade-off
etween a ppr oximation inaccur acy and model complexity. Tr ans-
orming the above optimization into a dual problem to solve, the
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final functional expression of SVR is given as 

 

A.4. Kriging 
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f (x ) = 

n ∑ 

i =1 

( αi − α∗
i ) K( x i , x ) + b. (A8) 

Here, αi and α∗
i are the dual factors , ha ving values in the range 

fr om zer o to C ; and K ( x i , x ) denotes the kernel function, which is
capable of converting sample data to a high-dimensional feature 
space. In this study, the most widely used RBF is chosen as a kernel 
function, and its expression is as follows: 

K( x i , x ) = exp (−γ ‖ x i − x ‖ 2 ) , (A9) 

where γ is the kernel parameter, which is used to control the lo- 
cality of the kernel function. 

A.3. Least square support vector regression 

As a deformation algorithm of SVR, LSSVR (Suykens & Vande- 
walle, 1999 ) transforms the inequality constraint into an equation 

constraint. In addition, the error sum of squares is used as a loss 
function, and the solution algorithm is tr ansformed fr om solving 
a convex quadratic optimization problem to solving a system of 
linear equations . T hus , the optimization problem can be formu- 
lated as 

minimize J ( w, b, e ) = 

1 
2 ‖ w ‖ 2 + 

1 
2 C 

n ∑ 

i =1 
e 2 i , 

subject to y i = wg( x i ) + b + e i , i = 1 , 2 , · · · , n, 

(A10) 

where C is the penalty parameter, e i ∈ R is the error variable, w rep- 
resents the weight vector, and g ( x i ) indicates the nonlinear trans- 
formation function. The La gr ange equation can be established by 
intr oducing a La gr ange m ultiplier α into Equation A10 as follows: 

L (w, b, e, α) = J ( w, b, e ) −
n ∑ 

i =1 

αi [ wg( x i ) + b + e i − y i ] . (A11) 

By the partial deri vati ves of Equation A11 for different vari- 
ables, the following equations can be obtained: ⎧ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎨ 

⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎩ 

∂L (w,b,e,α) 
∂w = 0 ⇒ w = 

n ∑ 

i =1 
αi g( x i ) 

∂L (w,b,e,α) 
∂b = 0 ⇒ 

n ∑ 

i =1 
αi = 0 

∂L (w,b,e,α) 
∂ e i 

= 0 ⇒ αi = C e i 
∂L (w,b,e,α) 

∂ αi 
= 0 ⇒ wg( x i ) + b + e i = y i 

. (A12) 

Equation A12 can be further simplified to the following formula 
by eliminating w and e i : ⎧ ⎪ ⎪ ⎨ 

⎪ ⎪ ⎩ 

n ∑ 

i =1 
αi ( g ( x i ) 

T g( x j )) + b + C 

−1 αi = y i 
n ∑ 

i =1 
αi = 0 

. (A13) 

Kernel function K ( x i , x ) is introduced to Equation A13 , thus the 
final functional expression of LSSVR is constructed as 

f (x ) = 

n ∑ 

i =1 

αi K( x i , x ) + b ∗. (A14) 

Similarly, the RBF is used here as a kernel function. 
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r e pr oduction in any medium, provided the original work is properly cited.
he Kriging r egr ession model consists of two components: a de-
erministic r egr ession model and a stoc hastic pr ocess. Determin-
stic r egr ession model is used to fit the ov er all tr end of the data,
hile stoc hastic pr ocess is used to describe the r andom noise in

he data. Given a set of inputs X = [ x 1 , x 2 , …, x n ] with x i ∈ R 

n and
utputs Y = [ y 1 , y 2 , …, y n ] with y i ∈ R , their a ppr oximate r elation-
hip can be defined by the Kriging model as follows: 

f (x ) = g T (x ) w + z (x ) , (A15) 

here g ( x ) = [ g 1 ( x ), g 2 ( x ), …, g m 

( x )] T is an optional r egr ession func-
ion and 0th order (constant) polynomial model is chosen in this
tudy; w = [ w 1 , w 1 , …, w m 

] T denotes the r egr ession par ameters;
 ( x ) is a Gaussian stochastic process and can be expressed as fol-
ows: 

E( z ( x )) = 0 , (A16) 

Var ( z ( x )) = σ 2 , (A17) 

Cov [ Z ( x i ) , Z ( x j )] = σ 2 R ( x i , x j ) , (A18) 

her e σ 2 r epr esents the pr ocess v ariance and R ( x i , x j ) r epr esents
he correlation function. The most commonly used Gaussian cor- 
elation function is emplo y ed here (Kaymaz, 2005 ), which is for-
ulated as 

R ( x i , x j ) = exp 

p ∑ 

k =1 

[ −θk (x 
(k ) 
i − x (k ) j ) 

2 
] , (A19) 

here p is the dimensionality of the input variable and θk is the
orr elation par ameter. 

Suppose R = ( R ij ) n ×n , R ij = R ( x i , x j ) and G = ( G ij ) n ×m 

, G ij = g i ( x j ),
hen w and σ 2 can be calculated as 

ˆ w = ( G 

T R 

−1 G ) −1 G 

T R 

−1 Y, (A20) 

ˆ σ 2 = 

1 
n 

(Y − G ̂  w ) T R 

−1 (Y − G ̂  w ) . (A21) 

Using the maximum likelihood estimation, the optimal corre- 
ation parameter θ ∗ can be obtained as 

θ∗ = arg min 

θ

1 
2 

( n ln ̂  σ 2 + ln ( det ( R ))) . (A22) 

Once w and θ ∗ are obtained, then the final Kriging model can
e expressed as 

ˆ f (x ) = g T (x ) ̂  w + r T (x ) R 

−1 (Y − G ̂  w ) , (A23) 

here r ( x ) = [ R ( x , x 1 ), R ( x , x 2 ), …, R ( x , x n )] T r epr esents the correla-
ion vector between the test point x and all training points. 
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