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Wheel profile optimization of high-
speed locomotive to improve railway
line adaptability

Fanyu Meng1 , Xiaoxing Deng1,2 and Yuan Yao1,3

Abstract
Aiming at the low-frequency carbody swaying phenomenon of the locomotive belonging to the power concentrated
electric multiple unit (EMU) for high-speed passenger transport, which operated in the early stage after the wheel
profile is repaired as the JM3-32 thin flange profile according to the standard, the profile is optimized to improve the
locomotive’s dynamic performance. The optimization objective is to improve the equivalent conicity and its distribution
concentration of the wheel profile under various rail profiles and rail cants conditions, as well as to improve its wear
performance. The mapping relationship between the design variables and the objective functions is realized by
constructing the radial basis function neural network (RBFNN) surrogate model. The Nondominated Sorting Genetic
Algorithm II (NSGA-II) is used to optimize the position and size of the four arcs in the rolling circle contact area of the
wheel profile. The wheel-rail contact characteristics and vehicle dynamics simulation of the wheel profile before and
after optimization are compared to reveal the optimization effects. The results show that under different wheel-rail
matching conditions, the equivalent conicity of the optimized wheel profile is significantly improved compared with the
original wheel profile, and the dispersion degree of its distribution is significantly reduced at the same time. The
nominal equivalent conicities corresponding to the 3 mm lateral displacement of the wheelset are all about 0.1. The
nonlinear critical velocity is increased by more than 290 km/h under the condition of 1/20 rail cant. Under the four
wheel-rail matching conditions, the Locomotive will not have the problem of lateral ride comfort deterioration and
vehicle swaying when running at high speed. The curve passing performance and wear performance are also improved.
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Introduction

With the rapid development of rail transit in China,
in order to improve the ride comfort and operation
speed of passengers on the existing general-speed pas-
senger trunk lines, China has integrated resources
with various host factories to develop a variety of
power centralized EMUs on the basis of the existing
HEXIE electric fast passenger locomotive and 25T
passenger train technology.1 With the large-scale
operation of the power concentrated EMUs, some
dynamic problems have been exposed while greatly
improving the passenger transport efficiency. For
example, after the locomotive adopts the JM3-32 thin
flange wheel profile in the current standard, the sway-
ing occurs, but the swaying phenomenon disappears
after the train runs for a period of time or the tread
profile is repaired to the newly created JM3 profile.
However, the use of standard flange thickness profile
to repair the wheel profile will reduce the service life

of the wheel and increase the operating cost.
Therefore, it is necessary to optimize the design of
JM3-32 profile to improve the wheel-rail contact geo-
metry and improve the dynamic performance.

At present, the generation methods of wheel pro-
file include discrete point curve spline fitting method,2

element combination method (e.g. straights, arcs, and
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splines)3 and rotary-scaling fine-tuning (RSFT)
method.4 Based on these methods, many scholars
have carried out a large number of wheel profile opti-
mization studies to solve various vehicle dynamics
problems. Shevtsov et al.5 optimized the wheel profile
of trams by giving the target rolling circle radius dif-
ference (RRD) and rail profile, and characterizing the
optimization area by discrete points and cubic inter-
polation polynomials to reduce wheel-rail wear.
Markine et al.6 used the discrete point curve spline fit-
ting method to describe the wheel profile to optimize
the subway wheel profile based on the RRD optimal
criterion, which improved the lateral stability and
wheel wear performance of the subway train. Choi
et al.7 used discrete points to characterize the wheel
profile, and used NSGA-II genetic algorithm to opti-
mize the wheel profile of urban commuter railway,
which reduced the wheel flange wear and surface fati-
gue of the wheel profile on small radius curve track.
Cheng et al.8 used the wheel profile arc parameters as
the design variables to perform multi-objective opti-
mization on the wheel profile of HXD2 electric loco-
motive, which reduced the wheel-rail wear of the
locomotive when passing the curve and improved the
curve passing performance. Dabin et al.9 used the dis-
crete point curve spline fitting method to characterize
the optimization area, and carried out multi-objective
optimization of LMA and LMD wheel profiles,
which reduced the flange wear when the small radius
curve passed while ensuring the linear stability of the
vehicle. In order to improve the curve passing perfor-
mance of metro vehicles and reduce the flange wear,
Ren et al.10 optimized the wheel profile based on
RRD and discrete point curve spline method, and
verified the performance of the new tread by numeri-
cal simulation. Yamashita et al.11 proposed a wheel
profile optimization method that considers the evolu-
tion of wheel profile wear to minimize flange wear,
which overcomes the shortcomings of the previous
wheel profile optimization methods that can only
maintain the best dynamic performance at the initial
stage of vehicle operation. Qi et al.12 used the RSFT
method to characterize the wheel profile, combined
with the radial basis function (RBF) surrogate model
and the particle swarm optimization (PSO) algorithm
to optimize the subway wheel profile, which improved
the wear performance of the wheel profile and the
ride comfort of the subway vehicle. Qi et al.13 used
the RSFT method to generate wheel profile. Based on
a radial basis function neural network-particle swarm
optimization (RBF-PSO) algorithm, the multi-
objective optimization of XP55 wheel profile is car-
ried out to reduce wheel wear and wheel surface fati-
gue, as well as to improve running stability and
safety. The optimization was well verified by dynamic
simulation. Both de Paula Pacheco et al.14 and Pires
et al.15 adopted the NSGA-II genetic algorithm to
optimize the wheel profile of the freight wagons to

improve the wear performance of the wheel profile
and prolong the service life.

Due to the excessive optimization parameters and
the need to consider the monotonicity and concavity
of the wheel profile, the discrete point curve spline fit-
ting method has low computational efficiency when
describing the wheel profile. Although the RSFT
method has few optimization parameters, the height,
width and flange angle of the generated new wheel
profile flange will change. The element combination
method (e.g. straights, arcs, and splines) can ensure
the smoothness and convexity of each curve connec-
tion while ensuring less optimization parameters,
which can greatly improve the calculation efficiency16

and better quantify the size parameters of wheel pro-
file. As shown in Figure 1, the JM3-32 profile is com-
posed of arc and straight line, so this paper uses the
combination of geometric elements such as arc and
straight line to describe the wheel profile. Then, the
vehicle dynamics model is established, and the radial
basis function neural network (RBFNN) surrogate
model with design variables associated with the objec-
tive function and the constraint function is con-
structed. Based on the NSGA-II genetic algorithm, the
four arc parameters (EI range) of the rolling circle con-
tact area of the JM3-32 wheel profile are optimized to
improve the wheel-rail contact equivalent conicity and
wear performance. At the same time, considering the
discreteness of the rail cant in the actual line,17 while
the traditional wheel profile optimization rarely con-
siders the influence of the change of the rail cant on
the wheel-rail contact. Therefore, when optimizing the
profile, this paper will reduce the equivalent conicity
dispersion of the wheel-rail contact when the profile is
matched with the CN60 and CN60N rail profiles
under different rail cants as one of the objective func-
tions, so as to reduce the influence of the rail profiles
and the rail cants on the equivalent conicity, and
improve the lateral dynamic performance of the loco-
motive and the adaptability of the line. Finally, the
wheel-rail contact geometry analysis and vehicle
dynamics simulation of the optimized wheel profile
are compared and verified. The wear performance and
dynamic evolution performance of the optimized pro-
file were also verified by wear simulation.

Figure 1. Circular arc wheel profile diagram.
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Analysis of wheel profile

As shown in Figure 2(a), the line tracking test is car-
ried out on the test power concentrated EMU. The
EMU runs on Kunming-Mengzi intercity railway.
The vibration sensor was arranged on the floor
behind the seat in the cab of the tail locomotive.
According to the test results of the vibration sensor
installed in the locomotive cab, it can be seen that in
the initial operation of power concentrated EMU
after the locomotive adopts the wheel profile which is
repaired as the JM3-32 thin flange profile according
to the current standard TB/T 449-2016, the lateral
ride comfort of the locomotive will deteriorate, and
the low-frequency carbody swaying phenomenon will
occur. When the train runs for a period of time or the
wheels are repaired to the standard JM3 wheel profile,
the swaying disappears. By comparing the two profile
shapes in the standard,18 as shown in Figure 2(b) and
(c), it can be found that the circular arc positions of
R450, R250, and R100 from JM3-32 thin flange pro-
file have changed, resulting in the nominal equivalent
conicity of its matching with CN60 rail profile
decreasing from 0.10 in the original JM3 wheel profile
to 0.05. The low equivalent conicity of wheel-rail
matching leads to problems such as the deterioration
of the lateral dynamic performance of the locomotive.
Therefore, the JM3-32 wheel profile in the current
standard may not have considered the lower wheel-
rail contact equivalent conicity and the resulting vehi-
cle dynamics problems at the beginning of the design,
so it is not suitable for the locomotive of the high-
speed power concentrated EMU.

Multi-objective optimization method of
wheel profile

Wheel profile optimization process

The multi-objective optimization method of wheel
profile is mainly composed of four parts: wheel profile
generation program, vehicle dynamics model, surro-
gate model and optimization algorithm. The specific
optimization process is shown in Figure 3, and the
process is as follows:

(1) Based on MATLAB software, the wheel profile
generation program with design variables as
input was written.

(2) Establishing a vehicle dynamics model based on
SIMPACK software.

(3) A surrogate model is constructed that reflects
the mapping relationship between design vari-
ables and objective functions and constraint
functions. Latin hypercube sampling is per-
formed on the design variables within the value
range to obtain a certain number of sample
parameters. The wheel profiles corresponding to

the sample parameters are obtained by using the
vehicle profile generation program. The wheel
profiles are imported into the vehicle dynamics
models for dynamic simulation to obtain the cal-
culated values of the objective function and the
constraint function. The objective function
selects the dynamic indexes related to wear, and
the constraint functions select the dynamic
indexes related to vehicle ride comfort and run-
ning safety. Using the sample parameters, the
objective function value and the constraint func-
tion related calculation value to construct the
surrogate model and verify its accuracy.

(4) The surrogate model is applied to the multi-
objective optimization algorithm to optimize the
wheel profile. The optimal parameters obtained
by optimization are input into the wheel profile
generation program to obtain the optimized pro-
file, and imported into the vehicle dynamics
model for simulation to verify.

Wheel profile description method

The common wheel profile is shown in Figure 1. It is
composed of multiple line segments and arcs, and the
EI segment is selected as the optimization area. It

consists of four arcs, which are EG
_

, GH
_

, HI 0
_

, and

I 0I
_

. Let the center of the four arcs and their coordi-
nates are O5(xO5, yO5), O6(xO6, yO6), O7(xO7, yO7),
O8(xO8, yO8), and the radii are R5, R6, R7, R8, respec-
tively. By using the arc parameters to characterize the
wheel profile through the geometric constraints, the
12 arc parameters (center horizontal and vertical
coordinates and radii) describing the four arcs of the
EI section can be reduced to R5, R6, xO6, R7, xO7, and
R8. According to the constraint conditions, the fol-
lowing formula (1)–(4)19 is obtained:

From the arc HI 0
_

passing through the base point
O (0, 0), we can get

yO7 =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
R7

2 � xO7
2

q
ð1Þ

It can be obtained by inscribing arc GH
_

and arc
HI 0
_

yO6 = yO7 �
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
(R7 � R6)

2 � (xO7 � xO6)
2

q
ð2Þ

From the fact that the arc EG
_

is tangent to both
the straight line gg# and the arc GH

_
, the simultaneous

equations can be obtained:

xO5 = �b1 +
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
b21 � 4a1c1

q� �
=2a1

yO5 = yO6 �
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
R5 � R6ð Þ2 � xO5 � xO6ð Þ2

q
8<
: ð3Þ

Meng et al. 3



Figure 2. Line tracking test and comparison of wheel profile: (a) line tracking test, (b) wheel profile, and (c) comparison of
equivalent conicity.
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In equation (3),

a1 =1+ k2gg0

d1 = bgg0 +R5

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1+ k2gg0

q
� yO6

b1 =2 kgg0d1 � xR6
� �

c1 = x2O6 + d2
1 � R5 � R6ð Þ2

kgg0 = � tan 708

bgg0 = yD � kgg0xD

Where xD and yD are the horizontal and vertical coor-
dinates of point D.

From the fact that the arc I 0I
_

is tangent to both
the straight line IM and the arc H 0I

_
, the simultaneous

equations can be obtained:

xO8 = �b2 +
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
b22 � 4a2c2

q� �
=2a2

yO8 = yO7 �
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
R8 � R7ð Þ2 � xO8 � xO7ð Þ2

q
8<
: ð4Þ

In equation (4),

a2 =1+ k2IM

d2 = bIM � R8

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1+ k2IM

q
� yO7:

b2 =2 kIMd2 � xO7ð Þ

c2 = x2O7 + d2
2 � R7 +R8ð Þ2

kIM= � 0:1

bIM = yM � kIMxM

where xM and yM are the horizontal and vertical coor-
dinates of point M.

Multi-objective optimization mathematical model

The multi-objective optimization mathematical model
of wheel profile used in this paper is:

min
xkl4xk4xku

: ffi(x)gi=1, 2, 3, 4, 5 ð5Þ

s:t: : gj(x)40j=1, 2, 3 ð6Þ

where xkl and xku are the upper and lower bounds of
the design variable xk, k=1, 2, ., 6. fi(x) is the
objective function, gj(x) is the constraint function.

Design variables. According to the introduction of
Section 2.2, the six arc parameters of R5, R6, xO6, R7,
xO7, and R8 are selected as the design variables, and
the vectorx=(x1, x2, x3, x4, x5, x6)= (R5, R6, xO6,
R7, xO7, R8) is formed. Refer to the dimensions of
various wheel profiles in the standard TB/T 449-2016,
the upper and lower limits of the design variables are
given, and their settings are shown in Table 1.

Figure 3. Multi-objective optimization process of wheel profile.
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Objective functions.

(1) In order to improve the wheel-rail matching
equivalent conicity of JM3 thin flange profile
and reduce the sensitivity of wheel-rail matching
equivalent conicity to rail profile and rail cant.
Two rail profiles of CN60 and CN60N and two
rail cant conditions of 1/40 and 1/20 are selected
for combination. The norm of the difference
between the equivalent conicity and the target
equivalent conicity of the wheel profile matching
with the rails of these two different rail cant con-
ditions is taken as the objective function:

fn(x)= jjln � lobjjjn=1, 2, 3, 4 ð7Þ

where lobj is the equivalent conicity of the given tar-
get, and ln is the equivalent conicity corresponding to
each matching condition,

l1: The rail profile is CN60 and rail cant is 1/40.
l2: The rail profile is CN60 and rail cant is 1/20.
l3: The rail profile is CN60N and rail cant is 1/40.
l4: The rail profile is CN60N and rail cant is 1/20.

(2) Since the wear number is an important indicator
to judge the wheel wear,20 it is close to the actual
wear of the wheel. Therefore, the objective func-
tion f5(x) related to tread wear is defined as:

f5(x)= max fWngn=1, 2, 3, 4 ð8Þ

Wn =Tnxgnx +Tnygny ð9Þ

where Wn is the corresponding wear number under
the above matching conditions, and the working con-
dition is R300 curve; Tx and Ty are longitudinal and
transverse creep forces respectively; gx and gy are
longitudinal and transverse creep rates respectively.

Constraint functions.

(1) The constraint function g1(x) related to lateral
ride comfort is:

g1(x)= max f(Wy)ng � (Wy)0 ð10Þ

where Wy is the lateral ride index of the locomotive,
(Wy)0 is the limit value given in the standard GB/T
5599-201921 to evaluate the ride index as excellent,
(Wy)0=2.75.

(2) The constraint function g2(x) related to the
derailment coefficient is:

g2(x)= max f(Q=P)ng � (Q=P)0 ð11Þ

where Q is the lateral force of the wheel, P is the ver-
tical force of the wheel, (Q/P)0 is the limit value of
the derailment coefficient limit given by the standard,
(Q/P)0=0.8.

(3) The constraint function g3(x) related to the
wheelset lateral force is:

g3(x)= max fHng �H0 ð12Þ

where H is the wheelset lateral force, H0 is the wheel-
set lateral force limit calculated according to the stan-
dard, H0=77kN.

Vehicle dynamics model

The multi-body dynamics commercial software
SIMPACK is used to establish the dynamic model of
a high-speed locomotive of a power concentrated
EMU. The model parameters in this paper come from
Li et al.22 and Song et al.23 They have verified the
model, so this paper no longer verifies the model. The
whole vehicle model includes 25 rigid bodies and 90
degrees of freedom, including wheelsets, axle boxes,
frames, hollow axels, motors, traction rods, and car-
body. The two-line suspension is adopted, and the
nonlinear contact relationship between wheel and rail,
the nonlinearity of the primary and secondary lateral
stops and the nonlinear characteristics of each vibra-
tion damper are considered. The established dynamic
model is shown in Figure 4.

Surrogate model

In the optimization process, in order to make the
wheel profile meet the constraint function and select
the optimal variables in the objective function, it is
necessary to calculate the dynamic performance of a
large number of wheel profiles. If only SIMPACK
software is used for simulation, it will take a lot of
time and seriously affect the computational efficiency.
The introduction of the surrogate model can reduce

Table 1. Upper and lower limits of design variables.

Design variables Lower (mm) Upper (mm)

R5 10.0 20.0
R6 50.0 150.0
xO6 –9.0 –0.5
R7 400.0 500.0
xO7 10.0 30.0
R8 200.0 500.0
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the calculation time and improve the calculation effi-
ciency while ensuring the accuracy of the calculation
results. Common surrogate models include polyno-
mial response surface model, Kriging model and
neural network model et al. Among them, the radial
basis function neural network (RBFNN) surrogate
model is simple to train, has a fast learning speed
while maintaining good approximation ability, and is
widely used in practical engineering fields. The struc-
ture of RBFNN surrogate model24 is shown in
Figure 5(a). The model consists of three layers of for-
ward network, which are input layer, hidden layer
and output layer. Its working principle is that the
input layer inputs m input parameters into the model
in the form of vectorx=[x1, x2, ., xm]

T, and per-
forms nonlinear transformation by the radial basis
function neurons in the hidden layer. Finally, the out-
put layer performs linear transformation, and outputs
a vector y=[y1, y2, ., yn]

T composed of n responses.
Theoretically, RBFNN has the ability to approxi-

mate any complex nonlinear mapping, which can be
expressed as:

f=Rm ! Rn ð13Þ

According to the definition, the calculation for-
mula of the output response is:

y= f(x)=w0 +
Xh
i=1

wif(jjx� uijj) ð14Þ

where x 2 Rm, y 2 Rn. h represents the number of
neurons in the hidden layer; ui is the center vector of
the hidden nodes in the hidden layer and ui 2 Rm; w0

is the deviation value; wi is the weighting coefficient;
||�|| is the Euclidian norm; f(�) is the Gaussian radial
basis function.

In order to ensure the accuracy of the surrogate
model, the decision coefficient R2 is introduced to
evaluate the accuracy of the model.25 The calculation
formula is as follows:

Figure 5. The principle diagram of RBFNN surrogate model
and training results of the surrogate model: (a) the principle
diagram of RBFNN surrogate model, (b) lateral ride index of
the carbody, and (c) wear number.

Figure 4. Dynamic model of high-speed locomotive.
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R2 =1� (
Xn
i=1

(yi � ŷi)
2)=(

Xn
i=1

(yi � �yi)
2) ð15Þ

where n is the number of test samples; yi is the test
value of the test sample; ŷi is the calculation result of
the surrogate model; �yi is the average value of the test
value in the test sample. The R2 value is between 0
and 1, and the closer the R2 value is to 1, the more
accurate the surrogate model is.

In this paper, the optimal latin hypercube sampling
method is used to sample the design variables to
ensure the uniformity of the spatial distribution of
the sample points. In the range of design variables,
300 sets of wheel profile samples are generated and
imported into the vehicle dynamics model for simula-
tion. 270 sets of data were randomly selected to con-
struct the surrogate model, and the remaining 30 sets
of data were used for model verification. Taking the
lateral ride index of the carbody and wear number as
an example, Figure 5(b) and (c) shows the results of
the training sets and the testing sets of the surrogate
model samples. Experience shows that when the
deterministic coefficient R2 is greater than 0.8, the
surrogate model can predict the value that meets the

accuracy requirements of optimization design.26 The
deterministic coefficient R2 of the surrogate model
constructed in this paper is greater than 0.95, which
indicates that the model has good fitting ability and
high accuracy. So it can meet the requirements of
optimization design.

Optimistic algorithm

Because the NSGA-II genetic algorithm can acceler-
ate the convergence speed of the algorithm and
improve the computational efficiency while retaining
the elite solution set of different emphases, the algo-
rithm is used to optimize the five objective functions at
the same time, and the obtained pareto front is shown
in Figure 6(a)–(c). According to the calculation results,
in order to ensure that the equivalent conicities of the
wheel profile are similar under the four wheel-rail
matching conditions, and there is a smaller wear num-
ber, the triangle position in the solution set is selected
as the optimal solution, and the corresponding design
variable is x=(R5, R6, xO6, R7, xO7, R8)= (17.73,
90.55, 22.90, 415.04, 23.79, 315.41).

According to the design variables obtained from
the above optimization, a new surface is drawn. The

Figure 6. Results of wheel profile optimization: (a) pareto front: f1(x)–f2(x), (b) pareto front: f1(x)–f3(x), (c) pareto front: f1(x)–
f4(x), and (d) comparison of wheel profile.
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shape of the wheel profile before and after optimiza-
tion is shown in Figure 6(d). The optimized wheel
profile is denoted as JM3-32opt. Compared with the
original standard JM3-32 wheel profile, the flange
thickness of JM3-32opt remains unchanged; The slope
of the flange bottom curve becomes smaller; The slope
of the profile curve from the bottom of the flange to
the nominal rolling circle becomes larger; The slope of
the curve from the nominal rolling circle to 40mm on
its right side decreases from large to small; The slope
of the curve in the range of 40–60mm outside the
tread is consistent with the original wheel profile.

Analysis of optimization results

In order to test the performance of the optimized
wheel profile, the wheel-rail contact geometry analysis
and dynamic simulation analysis were carried out
before and after the optimization of the JM3-32
profile.

Geometric analysis of wheel-rail contact

Figure 7(a)–(h) shows the distribution of wheel-rail
contact points corresponding to the original standard
JM3-32 profile and the optimized wheel profile JM3-
32opt under different matching conditions. By com-
parison, under different matching conditions, the dis-
tribution of wheel-rail contact points on the
optimized wheel profile is wider and more uniform
than that on the original wheel profile. Especially
when the rail cant condition is 1/20, the distribution
of wheel-rail contact points is obviously improved,
which avoids the problem that the contact points are
too concentrated in the railhead.

Figure 7(i) and (j) are the equivalent conicity curves
and nominal equivalent conicity comparison under
different rail profiles and rail cants before and after
wheel profile optimization. By comparing Figure 7(i)
and (j), it can be seen that the equivalent conicity of
the optimized wheel profile is larger than that of the
original wheel profile, and the sensitivity to rail pro-
files and rail cants is reduced. Under different match-
ing conditions, the nominal equivalent conicities of
the optimized wheel profile are maintained at about
0.1, which effectively solves the problem that the
equivalent conicity of the original JM3-32 thin flange
wheel profile is too low. At the same time, it also
reduces the dispersion of the equivalent conicity and
improves the adaptability of the track line.

Running stability analysis

The constant speed method27 is used to solve the non-
linear critical speed, and the limit cycle amplitude
greater than 1 mm is used as the reference to deter-
mine the snake instability. Figure 8(a) and (b) shows
the corresponding nonlinear critical speeds under dif-
ferent matching conditions before and after the wheel

profile optimization. It can be seen that the nonlinear
critical speed of the optimized wheel profile JM3-
32opt is significantly improved compared with the
original standard JM3-32 wheel profile. Under the
condition that the rail cant is 1/40, the nonlinear criti-
cal speed is increased from 390 to 400km/h when it is
matched with CN60 rail profile. Matching with
CN60N rail profile, the nonlinear critical speed is
increased from 180 to 450km/h; Under the condition
that the rail cant is 1/20, the nonlinear critical speed
is increased from less than 80 to 360 km/h when it is
matched with CN60 rail profile. Matching with
CN60N rail profile, the nonlinear critical speed is
increased from 150 to 440km/h. Under the above four
matching conditions, especially under the condition
of 1/20 large rail cant, the nonlinear critical speed is
greatly improved to meet the requirements of high-
speed running.

Ride comfort analysis

The vehicle ride comfort calculation uses the mea-
sured track spectrum of Wuhan-Guangzhou line as
the track excitation, and the speed range is set to 80–
240km/h. The corresponding lateral ride indexes
before and after wheel profile optimization are shown
in Figure 8(c) and (d). In this speed range, the lateral
ride index corresponding to the optimized wheel pro-
file JM3-32opt is within 2.75, which meets the stan-
dard that the locomotive ride index is excellent.
However, the original standard JM3-32 thin flange
profile has the problem of deterioration of lateral ride
comfort when the locomotive is running at high speed
under the condition of partial wheel-rail matching.
The lateral ride index is greater than 2.75, and the
phenomenon of low-frequency car swaying occurs,
which does not meet the standard requirements of the
superior level of locomotive lateral ride index.

It can be seen from Figure 8(c) that under the con-
dition of 1/40 rail cant, when matching with CN60
rail profile, the lateral ride index of JM3-32opt wheel
profile is better than that of the original JM3-32 wheel
profile, and its lateral ride index decreases by 8.1% at
most. When matching with CN60N rail profile,
although the lateral ride comfort of JM3-32opt profile
is slightly worse than that of the original standard
wheel profile at low speed, the lateral ride comfort
will not deteriorate at high speed, and the phenom-
enon of car swaying will not occur. The lateral ride
index of the locomotive decreases by 19.4% at high
speed.

It can be seen from Figure 8(d) that when the rail
cant is 1/20, compared with the original JM3-32 wheel
profile, the lateral ride index corresponding to the
optimized wheel profile JM3-32opt changes little with
the increase of speed, and there is no problem of lat-
eral ride comfort deterioration when the locomotive
runs at high speed. The lateral ride indexes corre-
sponding to CN60 and CN60N rail profiles decreased

Meng et al. 9



Figure 7. Geometric analysis of wheel-rail contact under different matching conditions: (a) JM3-32 CN60 rail cant: 1/40, (b) JM3-
32opt CN60 rail cant: 1/40, (c) JM3-32 CN60 rail cant: 1/20, (d) JM3-32opt CN60 rail cant: 1/20, (e) JM3-32 CN60N rail cant: 1/40,
(f) JM3-32opt CN60N rail cant: 1/40, (g) JM3-32 CN60N rail cant: 1/20, (h) JM3-32 CN60N rail cant: 1/20, (i) equivalent conicity:
JM3-32, and (j) equivalent conicity: JM3-32opt.
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Figure 8. Comparison of dynamic simulation results: (a) nonlinear critical speed: JM 3-32, (b) nonlinear critical speed: JM 3-32opt,
(c) lateral ride indexes: rail cant 1/40, (d) lateral ride indexes: rail cant: 1/20, (e) carbody lateral acceleration, (f) frequency spectrum
of carbody acceleration, and (g) comparison of curve passing performance indexes.
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by 17.6% and 16.5% respectively. At the same time,
the optimized wheel profile has little difference in the
corresponding lateral ride index under the above four
matching conditions, which improves the adaptability
of the wheel profile to different rail profiles and rail
cants.

Taking the running speed of 180km/h as an exam-
ple, the difference of lateral vibration acceleration of
carbody before and after wheel profile optimization is
studied, as shown in Figure 8(e) and (f). When the rail
cant condition is 1/40 and the rail profile is CN60N,
the high-speed locomotive with the original standard
JM3-32 wheel profile has a periodic low-frequency car
swaying phenomenon, while the high-speed locomo-
tive with the optimized wheel profile JM3-32opt runs
smoothly without car swaying. Compared with the
original JM3-32 wheel profile, the lateral vibration
acceleration of the carbody corresponding to the JM3-
32opt wheel profile increases from 1.06 to 1.44Hz,
and the vibration amplitude decreases by 56.4%.

Curve passing performance analysis

The corresponding curve passing performance indexes
before and after the optimization of the wheel profile
are shown in Figure 8(g). The corresponding curve
passing performance indexes before and after the
optimization of the wheel profile are less than the
safety limit. Compared with JM3-32 wheel profile, the
curve passing performance index of JM3-32opt wheel
profile has little difference under small radius curve
condition. As the radius of the curve increases, the
improvement effect will increase. The wheelset lateral
force and derailment coefficient are significantly
improved compared with the wheel unloading rate. In
the R1600 curve working condition, compared with
the JM3-32 wheel profile, when the JM3-32opt wheel
profile is matched with the CN60 and CN60N rail
profiles, under the condition of 1/40 rail cant, the
wheelset lateral force is reduced by 14.9% and 44.5%
respectively, and the derailment coefficient is reduced
by 21.1% and 47.1% respectively. Under the condi-
tion of 1/20 rail cant, the wheelset lateral force
decreases by 38.3% and 44.0% respectively, and the
derailment coefficient decreases by 37.0% and 45.2%
respectively, when matching with CN60 and CN60N
rail profiles.

Wear performance analysis

In addition to improving the dynamic performance,
the optimized wheel profile should also have good
wear performance. In order to further verify that the
optimized wheel has good wear performance, the
USFD model of the University of Sheffield is used to
establish the wheel wear prediction model,28 and the
wear prediction simulation of the wheel profile before
and after optimization is carried out. The wheel pro-
file is updated every 0.1mm of the wear depth, and

the wheel profile with similar operating mileage is
selected for comparative analysis of wear depth and
dynamic simulation.

The comparison of wheel wear and maximum wear
depth under different operating mileage is shown in
Figure 9(a)–(c). It can be seen that in the early stage
of vehicle operation, the maximum wear amount of
JM3-32 and JM3-32opt wheel profiles is very small.
With the increase of operating mileage, the maximum
wear depth of JM3-32opt wheel profile is significantly
lower than that of JM3-32 wheel profile, indicating
that JM3-32opt wheel profile has a longer service life
than JM3-32 wheel profile.

With the increase of operating mileage, the evolu-
tion of wheel dynamic performance before and after
wheel profile optimization is shown in Figure 9(d)–
(f). It can be seen from Figure 9(d) that with the
increase of operating mileage, the corresponding non-
linear critical speed of JM3-32opt wheel profile is
always greater than that of JM3-32 wheel profile, and
meets the maximum operating speed requirement. It
can be seen from Figure 9(e) that with the increase of
wear depth, the ride comfort of the carbody corre-
sponding to the JM3-32opt wheel profile does not
change much, and the difference between the JM3-32
wheel profile and the JM3-32opt wheel profile is very
small in the later stage of operation. Under the condi-
tion of R300 curve, as shown in Figure 9(f), the
wheelset lateral force and derailment coefficient cor-
responding to JM3-32opt wheel profile are better than
those of JM3-32 wheel profile, and the difference of
wheel unloading rate between JM3-32opt wheel pro-
file and JM3-32 wheel profile is very small. It can be
seen from the wear simulation prediction analysis that
the JM3-32opt wheel profile is superior to the JM3-32
wheel profile in terms of wear rate development and
dynamic performance evolution. The superiority of
the JM3-32opt wheel profile is proved by simulation.

Conclusions

(1) In this paper, the wheel profile is described by
arc and straight line. The position parameters
R5, R6, xO6, R7, xO7, R8 of the four arc para-
meters in the rolling circle contact area are taken
as the design variables. For the wheel profile
matching CN60 and CN60N rail profiles, as well
as the 1/20 and 1/40 rail cants, the RBFNN sur-
rogate model associated with the design vari-
ables and the objective function and constraint
function is established. Based on the NSGA-II
genetic algorithm, the multi-objective optimiza-
tion of the JM3-32 profile is carried out to
improve the equivalent conicity and wear perfor-
mance of the wheel profile under different
matching conditions. Reduce the degree of dis-
persion of the equivalent conicity.
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(2) The optimized wheel profile JM3-32opt has a
wider range and more uniform distribution of
wheel-rail contact points under different match-
ing conditions compared with the standard JM3-
32 wheel profile when matching with CN60 and
CN60N rail profiles under different rail cant
conditions. At the same time, the nominal equiv-
alent conicity is about 0.1. Compared with the
standard JM3-32 wheel profile, the equivalent
conicity of wheel-rail contact is improved, the

dispersion degree of equivalent conicity is
reduced, and the adaptability of wheel profile to
different rail profiles and rail cants is improved.

(3) A high-speed locomotive model of a certain type
of power concentrated EMU is established, and
the dynamic performance of the locomotive cor-
responding to the thin flange wheel profile before
and after optimization is compared. Under the
four matching conditions in this paper, the non-
linear critical speed of the locomotive with the

Figure 9. Comparison of wheel profile wear and dynamic evolution: (a) JM3-32, (b) JM3-32opt, (c) maximum wheel wear depth,
(d) nonlinear critical speed, (e) lateral ride index of carbody, and (f) R300 curve passing performance.
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optimized wheel profile JM3-32opt is greatly
improved under the condition of 1/20 large rail
cant, at the same time the stability is essentially
constant which rail cant is 1/40. The lateral ride
index is within 2.75 in the set speed range, and
the change trend is very small with the increase
of speed. The low conicity car swaying phenom-
enon caused by the original standard thin flange
profile under specific line conditions is elimi-
nated, and the high-speed operation of the loco-
motive will not occur car swaying under these
four matching conditions.

(4) Compared with the original standard thin flange
profile, the curve passing performance has little
difference under the small radius curve condi-
tion. For the large radius curve condition, the
curve passing performance will be significantly
improved, and the wheelset lateral force and
derailment coefficient are decrease by 44.5%
and 47.1% respectively. Through wear simula-
tion prediction, it can be proved that JM3-32opt
has better wear resistance ability and dynamic
evolution performance than JM3-32.
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