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Abstract: With the rapid development of the automobile industry, the ride comfort and maneuverability of
automobiles in the process of driving have been paid more and more attention. In order to solve the problem of
mutual coupling of automobile suspension smoothness and maneuvering stability, the research constructed a
multi-objective optimization model of automobile suspension. The model takes the automobile suspension
smoothness and handling stability as the objective function, and the particle swarm algorithm is designed in a
distributed manner to obtain a distributed discrete particle swarm algorithm to solve the multi-objective optimization
model. After adopting this multi-objective optimization method, the root mean square value of the acceleration in the
vertical direction of the body and the maximum body roll angle when the car is steering and driving are reduced by
4.65% and 9.27%, which effectively improves the smoothness of the vehicle and the stability of the high-speed
vehicle maneuvering, and provides a reference opinion for the tuning and matching of the suspension stiffness, the
stiffness of the transverse stabilizer bar and the damping, and provides a certain basis for the designer to choose the
appropriate suspension parameters.
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1. Introduction

Suspension is an important component of the car, the car driving, due to road surface unevenness or
changes in the vertical load of the wheel, resulting in changes in wheel positioning parameters, will affect
the performance of the whole car, a good suspension system not only improves the comfort and safety of
the car, but also reduces the dynamic load of the tires on the ground [1-4]. And the vibration isolation
effect of automobile suspension system has an important impact on the comfort and safety of automobile
driving [5]. The traditional passive suspension system is widely used due to its advantages of simple
structure, stable performance and low price [6]. However, the structural parameters such as stiffness and
damping of the passive suspension cannot be adjusted during automobile driving, making it unable to
adapt to complex road conditions [7-8]. In order to overcome this defect, active and semi-active
automotive suspension systems have been proposed, in which active suspension systems are gradually
becoming mainstream through real-time suspension parameter adjustments in order to realize vehicle
performance improvement [9-11]. For automotive suspension optimization, most of them consider to
optimize the body acceleration (AS) as the comfort index of the vehicle, but due to the unity of vehicle
comfort and handling stability, the requirements of elastic element stiffness and damper damping
parameters are conflicting, and the traditional single-objective optimization is difficult to balance the
conflicting indexes, and multi-objective optimization becomes a breakthrough of this problem [12-16].

Multi-objective optimization of suspension system, in general, comprehensively considers
multi-dimensional parameters such as AS of head or seat, vibration dose value (VDV) of tire dynamic
load, and tire deformation (TD), balances parameter conflicts, and seeks for optimal solutions. Literature
[17] takes ISO 2631-1 standard as the vehicle ride comfort and health standard, and takes
frequency-weighted rms AS, VDV of the head, rms suspension space, and rms TD as the evaluation
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indexes, and adopts genetic algorithm (GA) to adjust the proportional-integral-derivative (PID) control
parameter and the fuzzy logic control (FLC) membership function, so as to reduce the relevant indexes to
achieve a better vehicle comfort and health standards. Literature [18] optimized the ride comfort and
vehicle exercise stability of the suspension using multi-objective GA using jitter in vehicle response as
the design criterion, and introduced a ranking algorithm considering dissipated energy and vibration
control performance to seek the optimal solution from the multi-objective optimization scheme.
Literature [19] designed a numerical computational procedure based on non-dominated sorting GA-II
(NSGA-II) with vertical dynamic analysis in the time domain, which simultaneously optimizes the two
objectives of ride comfort and safety of a suspension system driving under random road contours. Due to
higher stiffness and damping coefficient of the suspension better maneuverability can be obtained, but
lower damping coefficient can achieve good ride comfort. Literature [20] used the method of
approximate ideal solution sequencing (TOPSIS) to determine the optimal range of stiffness and
damping of the suspension while reducing the maximum AS and displacement of the springs to complete
the multi-objective optimization of the suspension system. Literature [21] used the minimum processing
time and stability as the evaluation criteria, listed the pitch center height, equivalent steering stiffness,
and lateral steering coefficient of the suspension as the optimization parameters, and used insight
sensitivity analysis to determine multiple evaluation indexes such as driver burden, vehicle skid hazard,
rollover hazard, and dynamic performance for multi-objective optimization of the vehicle suspension.
Literature [22] conducted a multi-objective lightweight optimization of two suspension components
(control arm and torsion beam) by means of Kriging model and NSGA-II algorithm under consideration
of fatigue life, stiffness, and modal frequency of the suspension components, which resulted in a weight
reduction of more than 0.5 kg after optimization. Literature [23] adjusted the stiffness and damping
coefficients of damping springs under consideration of dynamic deformation of suspension and dynamic
loads, and used adaptive particle swarm algorithms to optimize the AS (vertical and pitch angles) of the
body as well as the vertical impact of the wheel motors, resulting in high ride comfort and safety.
Literature [24] used seven objective indexes such as AS, VDV, stiffness, and damping coefficient as
optimization variables, and performed multi-objective optimization by NSGA-II algorithm based on PID
and FLC, which improved ride comfort and health labeling, and reduced the amplitude of vibration of the
suspension system. Literature [25] proposed a multi-objective optimization method for suspension
system based on NSGA-II algorithm and entropy weight TOPSIS method to optimize ride comfort and
controller energy consumption simultaneously. Literature [26] proposed a multi-objective optimization
framework for suspension systems based on computer-aided design tools and computer-aided
engineering, which achieves ride comfort, stability and mobility, extended life and safety by minimizing
chassis pitch AS, reducing the volume and mass of the suspension system, and decreasing the maximum
stresses, respectively. Literature [27] constructed a suspension parameter tuning simulation test bed to
optimize stiffness and damping coefficients with the help of NSGA-II algorithm to improve ride comfort
and stability by testing three ride comfort metrics and two deformation objective functions. Most of the
above methods use NSGA-II algorithm and TOPSIS method, which have some defects. In
multi-objective optimization problems, the NSGA-II algorithm has high computational complexity,
insufficient diversity is maintained, and a variety of parameters need to be adjusted, while the TOPSIS
method relies on the influence of weight subjectivity [28-29]. In addition, the multi-objective
optimization design method for automotive suspension is still a difficult topic to overcome in the
characteristics of suspension systems such as parameter volatility and system nonlinearity, as well as
transient performance demands and complex environments [30-32].

And literature [33] constructed a comprehensive model by considering the association between
electromagnetic excitation of hub motor and vehicle transient dynamics in electric vehicles, identified the
key characteristics of electromagnetic excitation and the key influencing factors of vehicle transient
dynamics, and optimized these key characteristics and key factors with the help of Particle Swarm
Optimization (PSO) algorithm, which reduces the sensitivity of electromagnetic excitation, and also
retains the dynamic advantages of the vehicle. However, the traditional multi-objective PSO algorithm is
inefficient, for this reason, literature [34] designed a distributed parallel POS algorithm for solving
multi-objective and multi-objective large-scale optimization problems. Literature [35] proposed a novel
multi-objective quantum POS algorithm for suspension optimization, and compared with NSGA-II
algorithm, the multi-objective quantum PSO algorithm provides a better suspension optimization
solution. PSO algorithm is essentially a distributed optimization algorithm. It improves the speed of
solving large-scale problems by performing global information search through local information and
performing parallel computation while optimizing the global [36]. Distributed algorithm (DA) is an
algorithm for solving large-scale optimization problems, which can decompose a large-scale
optimization problem into several small-scale subproblems and solve these subproblems by parallel
computation to obtain the optimal solution of the original problem [37]. This algorithm has the
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characteristics of high efficiency, scalability and fault tolerance, so it has been widely used in the field of
distributed computing and multi-objective optimization [38-40]. The application of DA in the optimal
design of automobile suspensions, on the other hand, is still in the preliminary exploration stage.

Based on the contradiction between automobile smoothness and maneuvering stability, this paper
constructs a multi-objective optimization model of automobile suspension by taking the
root-mean-square (RMS) value of the acceleration in the vertical direction of the body and the maximum
body inclination angle of the steering vehicle as the indexes of maneuvering stability and smoothness,
based on exploring the basic theory of automobile smoothness and the stochastic road generation model,
respectively. In order to solve the multi-objective optimization model more efficiently, a distributed
structure is introduced into the particle swarm algorithm, and a distributed discrete particle swarm
algorithm is designed. Finally, the multi-objective optimization effect of the model is examined by case
analysis. The development of this topic can be based on the relevant parameters, the use of
computer-aided design in the design stage, an effective and accurate tool for the theoretical prediction
and optimization of the car's handling stability and smoothness, thus improving the level of
computer-aided design, shortening the development cycle and improving the quality of design.

2. Vehicle smoothness and random road surface generation
2.1. Basic theory of smoothness
2.1.1. Human response to vibration

Mechanical vibration due to its frequency, amplitude, direction and time of action of different, will
have a different degree of impact on the human body, at the same time, due to the different physical and
psychological tolerance, so each individual response to vibration also has a great difference. For vehicle
occupants, the mechanical vibration is divided into local and whole-body vibration.

The human body is composed of a variety of tissues and organs, so in the analysis can be regarded as
a vibration system with multiple degrees of freedom, although there are differences between the
individuals, but also has its specific inherent frequency. When vibration of different frequencies acts on
the human body, the subjective feelings are not the same, so when evaluating the impact of vibration on
the human body, the frequency can be used as the basic standard. The human body's response to vibration
there are three main resonance zone, 4 to 8Hz for the first resonance zone, 10 to 12Hz for the second
resonance zone, 20 to 25Hz for the third resonance zone. The first resonance zone vibration transmitted
by the largest energy, the impact on the human body is also the most serious, and with the increase in
vibration frequency, the energy transmitted by the gradual attenuation of the trend, the impact on the
human body is also reduced accordingly. Human posture also has a great influence on the transmission of
vibration. When vibration of the same frequency is applied to the human body, individuals in a standing
position will have a weakening effect, while those in a sitting position will have an enhancing effect,
especially when the frequency is between 3 and 4.5 Hz, which is the most obvious.

2.1.2. Evaluation method of smoothness

As can be seen from the foregoing, the human body's response to vibration is closely related to both
physical and psychological factors, making it difficult to accurately evaluate the smoothness of a
vehicle's ride. Currently, subjective and objective evaluation are the two main methods used to evaluate
the smoothness of driving.

Subjective evaluation relies on experienced test drivers to actually drive the vehicle and directly
evaluate the smoothness of the vehicle by analyzing their intuitive feelings. Objective evaluation takes
the frequency, amplitude, acceleration and other physical quantities of vibration as indicators, and
quantitatively analyzes the vibration to which the human body is subjected in order to evaluate the
smoothness of the entire vehicle. Compared with subjective evaluation, this method does not require test
drivers to actually drive the vehicle, so individual differences are excluded from the evaluation results,
and there is less human intervention, which helps to more accurately and directly analyze the influencing
factors of smoothness, which is also an important reason why this method has been widely used.

2.2. Stochastic pavement generation

2.2.1. Road surface unevenness

The height of a road surface in relation to a reference surface is called the road surface unevenness,
which varies according to the road surface direction. Since road surface unevenness is the main cause of
vehicle vibration, accurate road surface modeling is the first task to analyze the smoothness of driving.
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Since the smooth, random, and various states of experience are the characteristics of the road surface
unevenness, it can be analyzed by using the theory of smooth stochastic process. When analyzing the
samples taken from the longitudinal section of the road and the road surface of the transaction line, the
samples to obtain the power spectral density function (PSD) or variance and other mathematical
characteristics to depict the road surface. When the mean value is equal to zero, the power spectral
density function can depict the distribution of pavement unevenness energy in the spatial frequency
domain, thus demonstrating the structure of pavement waves or pavement unevenness. Therefore, the
power spectral density function is an important mathematical feature used to depict the pavement.

The following equation is used as the fitted expression for the pavement power spectral density

Gq (n) in the Draft Method for the Representation of Pavement Unevenness in I[SO/TC108/SC2N67 as
well as in the GB7031 Method for the Representation of Vehicle Vibration Input Pavement Flatness:

G,(n)=G, (no)(niJ (1)

0

where 7 is the spatial frequency (mi1 ) ,n=1/A,A is the wavelength, 7, is the reference spatial

frequency, n, = 0.lm™, Gq (710) is the pavement unevenness coefficient <m3) ,and W is the

frequency exponent, which has an important influence on the structure of the pavement power spectral
density.

2.2.2. Modeling of pavements

The Ride module in ADAMS/Car provides a pavement profile generator, which is based on Sayers,
an empirical model that synthesizes the profile parameters of several types of pavements and also gives
the left and right rutting displacements.

The Sayers model has the following equation relationship between the spatial power spectral density

Ge and 7 :
G,(n)=G,+ S T+ % 7 )
(2zn)” (27n)

The right three terms of Eq. are obtained in three independent white noises: Ge is the spatial power

spectral density amplitude, Gs is the velocity power spectral density amplitude, and Ga is the

acceleration power spectral density amplitude. The three parameters Ge , GS , Ga are set by the pavement

profile generator to generate the desired pavement spectrum.

3. Multi-objective optimization of automobile suspension smoothness and
handling stability

Driving smoothness and handling stability as a very important performance in the use of automobiles,
this paper proposes a multi-objective optimization method for the suspension system of automobile

smoothness and handling stability, using distributed discrete particle swarm algorithm to teach the
solution.

3.1. Multi-objective optimization design

Multi-objective optimization design methodology studies the optimization problem with more than
one objective function under the given constraints. In a certain sense, the actual optimization problem is
generally multi-objective, especially for some complex mechanical design system or the design of the
whole machine, often with a variety of design indicators.

The general form of the mathematical model of the multi-objective optimization design problem is:

min F(x) = [ fi(x), £,(2), £5(X),eeeen. £ ()]
st.g(x)<0  i=L2,...p 3)
h(x)=0 j=12,—-¢

The above general form contains the following problems:
(1) Comparison of two vectors:



Let F I,F ? be two m -dimensional vectors:

F'=[F.F.F,F]
“4)
J& :[leanz’Ez’sz:'T

If F| = Fk=1,2,...m then F' =F".

If Fk] > szk =1,2,...m and there is at least one component Fk1 > F?, then Fk] > sz.

If F}: >F}€2k=1,2,...m,call F'>F*. Similarly, if F}{l Ska:l, 2,...m, and at least one
component F' < F? call F}(l Sﬂz,andif F'<F*k=12,...m,call F' <F?*.

If there exist at least two components F, and F_, Fr1 > F,2 and F, "< F, 2 then it is said that F",

F? are not comparable.
(2) Inferior and non-inferior solutions:

For the above multi-objective optimization problem, there are feasible solutions X’

If there exists at least one feasible solution x' such that F' ( xl) <F (xo) , then x° is said to be an
inferior solution.

If there exists no feasible solution x' such that F (xl) <F (xo) , then x° s said to be a

non-inferior solution.
(3) Geometric representation of a multi-objective optimization problem:
1) The set of feasible solutions:

R={x|g,(x)<0i=12,..p,h(x)=0/=12,..q} (5)
2) Target set:
G={F(x)|xeR} (6)
3) like a graph
4) Geometric representation of inferior solutions, non-inferior solutions: one-dimensional

unconstrained problems, two-dimensional unconstrained problems, three-dimensional constrained
problems.

3.2. Maneuvering Stability Model

The multi-objective optimization model of the whole vehicle considers 10 degrees of freedom,
including vertical, pitch, and lateral tilt of the body mass, vertical degrees of freedom of the four wheel
masses, lateral motion of the whole vehicle, traverse motion, and rotation of the front wheels around the
main pins, and the ones related to the maneuvering stability include lateral tilt of the body mass, lateral
motion of the whole vehicle, traverse motion, and rotation of the front wheels around the main pins, etc.
The model is designed to provide a model of the steering wheel angle and force input. The maneuvering
stability of a vehicle traveling at equal speeds on a smooth road surface is usually investigated by the
response to steering wheel angle inputs or force inputs. In order to obtain satisfactory computational
accuracy, it is simulated using the appropriate mathematical model. The force and moment balance
equations are listed according to D'Alembert's principle, and the moment balance equation for the

transverse pendulum motion around the Z axis is obtained as follows:

7 =aF,, ~bF, 7)

yr
Where: [ is the moment of inertia of the vehicle, 7 is the angular velocity of the pendulum, and

Fy , Fyr are the lateral deflection force of the front and rear axles, respectively.

Under the action of lateral force, the body tilts sideways around the lateral tilt axis, and the body
tilting that occurs when the car is traveling along the curve has a great influence on the handling stability.
To establish the mathematical model of the body tilting motion around the X-axis, the differential
equations of the body tilting motion are obtained from the moment balance as follows:

Lo=mhvir+B)=(mgh=K, K, )o~(C,r +C, ) ©

Where: [ is the moment of inertia of the car around the X-axis, V is the speed of the center of mass
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of the car, 3 is the lateral deflection angle of the center of mass of the car, 71, is the mass on the spring,

@ is the lateral inclination angle of the car body, and % is the lateral inclination force arm, i.e., the
difference between the center of mass and the height of the center of lateral inclination on the suspension.

K of > K or Are the total lateral camber stiffnesses of the front and rear suspensions, and C of> C por are

the lateral camber damping of the front and rear suspensions, respectively.

Suspension camber stiffness refers to the total elastic recovery moment of the suspension system to
the body under the unit body angle in the case of camber. For the front and rear axles of the car, the total
camber stiffness value consists of two parts: the angular stiffness of the suspension spring and the angular
stiffness of the lateral stabilizer bar. To wit:

Krpf - wal + kwl ©)
Kgpr = K(prz + k¢2

Where K of is the front suspension spring camber stiffness, k ol is the front suspension lateral

1
stabilizer bar camber stiffness, K o2 is the rear suspension spring camber stiffness, and & 2 is the rear

suspension lateral stabilizer bar camber stiffness. The stiffness of the lateral stabilizer bar is related to its
structural arrangement and stabilizer bar diameter. Generally, its arrangement is determined with the
arrangement of the whole vehicle, therefore, the adjustment of the lateral stabilizer bar stiffness can only
be completed by changing the diameter of the stabilizer bar.

If the linear stiffness of the spring is known, the lateral camber stiffness of the suspension spring can
be calculated. For non-independent suspension, the lateral camber stiffness of the suspension spring can
be approximated as follows:

K,, =05k -d’

(10)
K,,=05k-d’

where ksaké are the front and rear suspension spring line stiffnesses, respectively, and d is the

wheelbase. Lateral sway damping refers to the elastic restoring moment given by the suspension to the
body system under the unit lateral sway angular velocity in the case of lateral sway, which can be
obtained by a similar definition.

Following the force balance equation of lateral motion along the Y-axis, the differential equation of
motion for the lateral motion of the car is shown as follows:

mu(r+ f)+mhp=F, +F, (11)
Where: m is the overall vehicle mass and 71 is the spring loaded mass.

For actual steering system configurations, the steering angle of the wheel becomes another degree of
freedom when steering system input is applied to the steering wheel in the form of angular input or torque.
The moment balance equation for wheel rotation around the main pin under steering wheel force input:

[T-1,(6+7Fcosa~gsina)li+F, D, ~1,6-C,6-K,56=0 (12)
Where: 1" for the steering wheel input torque, / , for the steering wheel moment of inertia, 0 for the

steering wheel angle of rotation, & for the steering column and Z-axis angle, I for the steering system

ratio, Dy, for the tire back to the righting arm, /;,, for the front wheels around the main pin moment of

inertia, O for the front wheels, CW for the coefficient of resistance to the steering force, and KW for the

steering system to the body stiffness.

When the car is traveling normally, the side deflection angle is small, and the side deflection angle
and side deflection force are linearly related. The relationship between the side deflection force and the
side deflection angle can be written:

Fy =2k,

(13)
F;)r = 2kr52

where k o k. are the front and rear wheel lateral deflection stiffnesses, and 51 5 52 are the front and

rear wheel lateral deflection angles, respectively. From the geometric relationship:



a
5=p+r—Ep=3

b (14)
52 =ﬂ_;”_EV§0

where E P E are the front and rear wheel roll steering coefficients, respectively.

3.3. Multi-objective optimization model

3.3.1. Objective function

In order to improve the smoothness of vehicle driving, the minimum root mean square value of
acceleration in the vertical direction of the body is selected as the first optimization objective; in order to
improve the stability of vehicle handling, the minimum maximum body roll angle during steering driving
is taken as the second objective function. The objective function is established as follows:

min f,(X) = o, (X)

(15)
min f,(X) = max ¢(X)
3.3.2. Design variables

The main function of the suspension system is to transfer the forces and moments acting between the
wheels and the frame, and to moderate the impact of the car driving on uneven road surface, attenuate the
body vibration caused by it, and ensure the comfort and safety of automobile driving. In view of the
influence of suspension spring, lateral stabilizer bar and damper damping parameters on the smoothness
and stability of automobile driving, the optimization design variables are selected as:

X = ks kg C5Co ko, | (16)

3.3.3. Constraints

The frequency of the vibration system composed of the front and rear suspension springs and their
spring mass is one of the main parameters affecting the smoothness of automobile driving. In the
suspension design, the body vibration bias frequency is too large, the spring is stiffer, which is not
conducive to the improvement of smoothness. Suspension structure arrangement limits the dynamic
deflection can not be too large, so the body vibration bias frequency can not be too small.

The rear suspension bias frequencies 7, and 7, should be satisfied:

R <Ny <Npg
n, <n, <n, (17)
N, <N=n,/n <N,

1 L 1 L
where n, =——(2-k;(a+b)/(m;-b))*,n, = —(2-ko(a+b)/ (ms-a )P.ny.n, are
2 2
the upper and lower bounds of the front suspension bias frequency n ;o MpsN, are the upper and lower
bounds of the rear suspension bias frequency 7, , respectively and Ny, N, are the upper and lower
bounds of the front and rear suspension bias frequency ratio NV , respectively.
The center of mass side deflection £ has a high regression coefficient with the driver's subjective

evaluation, and its size has a great influence on the handling stability. If the center of mass side deflection
is too large, the maneuvering stability becomes worse; if the center of mass side deflection is too small,
the steering of the car is not sensitive. The constraint of the center of mass lateral eccentricity is:

B, <B< Py (18)
where [, 3, are the upper and lower bounds of the center-of-mass lateral deflection angle,

respectively.
The understeer gain in the transient maneuvering process is defined as the ratio of the body swing
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angular velocity to the front wheel angle. If the understeer gain is too large, the car is easy to turn and skid
or roll over; if the understeer gain is too small, the car is not sensitive to the steering wheel input. The
transient understeer gain of the car should be satisfied:

G,<G =r/o6<G, (19)
where G,R and GVL are the upper and lower bounds of the transient understeer gain Gr of the car,

respectively.

Lateral acceleration steering wheel moment gradient is the main evaluation index of force input
motion, and it is a parameter that can reflect its steady state characteristics. The lateral acceleration
steering wheel moment gradient is statistically derived for various small cars:

(20)

where a, denotes the lateral acceleration, and T’ OR and T oo are the upper and lower bounds of the
gradient of the steering wheel moment of the vehicle's lateral acceleration, T’ e respectively.

The damping ratio ¢ is usually used to evaluate the speed of vibration decay. Too large a value of £

will transmit a large road shock and even cause the vehicle to jump off the ground and lose traction.
When the value of ¢ is small, the duration of vibration becomes longer, which is unfavorable to the ride

comfort. Therefore, there are:

ngézﬁgé/R 21

Where ¢ denotes the damping coefficient of the damper matched with the spring k , and & r and ¢ L

are the upper and lower constraints of the damping ratio £, respectively.

In summary, the multi-objective optimization model for the handling stability and smoothness of
automobile engine mounting system can be established as follows:

min F(X) = {a (X), max go(X)} (22)
s.t.

n, <n,<n

JL J JR

an < nr < nrR

NL<N:nf/nr<NR

B, <P <Py

G,<G. =r/o<G,
STp:T/aySTpR

(23)

pL

$, <G =cl/2\Nkxm<{,
X = ks ks €550k ok, |

3.4. Distributed Discrete Particle Swarm Algorithm

In this paper, we improve the teaching of classical particle swarm optimization algorithm and design
a distributed discrete particle swarm algorithm, DDMPSO, to solve the multi-objective optimization
model of automobile suspension smoothness and handling stability.

3.4.1. Particle Representation and Initialization

In the classical particle swarm optimization algorithm, the solution of the optimization problem is
represented by the positions of the particles in the search space, and the velocities of the particles guide
the search direction of the particles to find better positions. For the multi-objective optimization problem
of automobile suspension smoothness and handling stability, the definitions of particle positions and
velocities need to be re-given with respect to the problem characteristics and optimization approach. In
this paper, we adopt discrete PSOA and use direct coding to define the position of the particle. The
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position of particle I is defined as:
X, ={x,%,,....x,} (24)
where 7 is the number of nodes and X; is the position of the particle. When X = X, , it means that

node a and node b are located in the same position.

In particle swarm optimization algorithm, the speed of the particle directly determines its search
direction, the proper definition of the speed can find out the more accurate solution and speed up the
convergence process of the algorithm, this paper defines the speed of the particle i as:

I/iz{vl,v2,...,vn} (25)
where the element v, (j =1,2,...,n) is a binary variable taking the value 0 or I. When v, =1, the

position corresponding to the particle i changes in some way. Conversely, the position corresponding to
particle i does not change.

Traditional particle swarm optimization algorithms set an upper limit on the particle velocity to
prevent it from flying out of the boundary, however, the particle velocity in this chapter only contains two
values, 0 and 1, and the position updated according to this velocity form will not go out of the range, so
there is no need to set the maximum velocity.

In order to accelerate the convergence of the algorithm, this paper adopts the label propagation
method to initialize the population, i.e., each node determines its own number based on the number of its

neighboring nodes. Assume that the set of neighboring nodes of node i is {2(i) = (xl B P ) ,and

/(i) denotes the position number to which node i belongs. Next, each node in the network is added to

the position to which the most of its neighboring nodes belong, and the mathematical representation of
the process is:

I(i)=argmax Y SU()),r) (26)

" JeQ(@)
When node i and node j belong to the same location, then O(i, j) =1 and vice versa, then
O(i, ) =0. The process is performed iteratively, and in each iteration each node updates its own label

using the labels of its physical neighbors. The method is simple in principle and the computational
complexity is close to linear, so the algorithm runs very efficiently.

3.4.2. Particle Velocity Update Method

When the particle swarm optimization algorithm is used to solve a multi-objective optimization
problem, the positions of the particles can be defined as a 7 -dimensional vector, where 7 is the number
of nodes in the network. In addition, the velocity of the particles is also represented as a 7 -dimensional
vector, where each element is a value of either 0 or 1, which is used to indicate whether or not
adjustments need to be made to the division of the particle positions at that particular node. The classical
discrete particle swarm optimization algorithm velocity update formula is as follows:

V. =sig [a)K +ar (pBestl. DX, ) +c,r, (gBest,. DX, )] (27)
where @ is the inertia weight, ¢, is and C, is the learning factor, #; and 7, are two random numbers
between 0 and 1, and @ denotes the different-or operation between two vectors. From the description, it

can be seen that V: is a binary quantity, so the classical discrete particle swarm optimization algorithms

use the sig function to take the binary operation. Suppose there exist vectors Y, = {xl D P xn} and
X, = {xl,xz,...,xn} and that ¥, :sig(Xi), then:
v, =1 When sig(x, ) > random(0,1)

. (28)
¥, =0 When Slg(xk ) <random(0,1)
Here the sig function is defined as follows:
1
sig(x) = — (29)
l+e

From equation (27), it can be seen that the velocity of the particle after updating is determined by
three factors, including: the velocity of the particle in the last iteration, the relationship between the
9



position of the particle in the last iteration and the historical optimal position, and the relationship
between the position of the particle in the last iteration and the global optimal position. According to Eq.
(27) can achieve better particle swarm optimization results, but there are some limitations in its
mathematical significance, a detailed theoretical analysis is given next. The part of the sig function in

parentheses in Eq. (27) is expressed as follows:
V.=awV, +cn (pBesti (-DXl.)+c2r2 (gBestl. (-DXi) (30)

For ease of understanding, Eq. (30) is transformed into an update of the elements in the particle
velocity:

v =wv" +cn (pBest,.'" @ x" ) +c,r, (gBestl.’" ® xf”) (31)
where pBest” @ x" =0 or 1, and gBest, ®x" =0 or 1. Assuming that the parameters

w,C,,C,,1 and 7, are known, the maximum value of equation (31) and the minimum values are

respectively:
When:
v' =1, pBest” @ x" =1,gBest, ® x;" =1, max (ﬁi"’ ) =w+cn +oyr, (32)
When:
v' =0, pBest” ®x" =0, gBest, ®x" =0, min (\7,.'”) =0 (33)
It can be seen that Eq. 3D takes values in the range

Ve [min(ﬁl.’” ),max(f/i’" )} =[0,¢1; +cy1 ]

In order to correct the velocity update results, this chapter uses the tanh function instead of the sig
function in Eq. (27), and the proposed velocity update formula is as follows:

V.= tanh[wK +¢,7; (pBest, ® X, ) +c,r, (gBest, ® X, )] (34)

where the parameters @,c;,C,,#; and ¥, are defined in the same way as in Eq. (27), and the

description will not be repeated in the rest of this chapter. Suppose that there exist vectors

Y ={x1,x2,...,xn} and X, ={xl,x2,...,x”} and that ¥, =tanh()(i),then:
{ ¥, =1 When tanh (x, ) > random(0,1)

35
¥, =0When tanh(x, ) < random(0,1) )
Here the tanh function is defined as follows:
e —e”
tanh(x) = (36)
e +e’

In the tanh function, 0 < tanh(x) <1 when the value of X is in the range of [0, an+ 027'2] . At

this point, using Eq. (28) for binary judgment, the binary judgment result will be more accurate when
comparing the tanh(x) values to random numbers in the range (0, 1).

3.4.3. Particle Position Update Method

After obtaining the binary-based velocity estimation, the particle position update method proposed in
this chapter is described:

X/ = {Xl.‘,pBestl., gBest} V (37)

Where the special symbol & is the key to the particle state update process, which directly affects the
performance of the algorithm. Suppose the particle position is X, = {x“,xn,. . .,xln} , the historical
optimal position is  pBest, = { P> Pras--+s Py } , the global optimal position is
gBestl. = {gll, L2581 } , and the velocity is V' = {vl,vz, eV, } , then the operation symbols &

uses these positions and velocities to produce a new particle position X, . The elements in can be

defined by the following equation:
10



ifv, =0

38
ifv. =1 %)

{xZi =X
x,, = Jbest,

where Jbest ,l( denotes an integer between 1 and 72 . Assuming that the set containing all neighboring

nodes of node i is N = {I’I1 NP (A } , then Jbest,i can be computed by the following equation:

Jbest' = argmax a)z (o(xlj,r) +qr, Zgo(plj,r)+czrz Z(ﬂ(gl_i,r) (39)
r jeN jeN jeN
where @(i, j) =1 when i = j, otherwise, @(i, j)=0.
Next, theoretical analysis is used to illustrate the effectiveness of the proposed position update
method. In the standard PSOA, the updating equations of particle velocity and position are as follows:

v (E+1) = v/ (t)+cr ( pBest! (t)—x/ (t)) +c,r1, ( gBest! (t)—x/ (t)) (40)
x/(t+1)=x/ () +v/(t+]1) (41)

Bringing equation (40) into (41) gives:
x/(t+1)=x/(t)+ v/ (t)+ ¢ (pBestl.j ()—x/ (t)) +c,r, (gBestij (t)—x/ (t)) (42)

Unlike the velocity update formula of the standard particle swarm optimization algorithm, the
proposed discrete particle swarm optimization algorithm has a velocity update result of O or 1. This
binary encoding form can effectively prevent the particles from flying out of the boundary without the
need to set the maximum velocity threshold to prevent the particles from flying out of the boundary. In
addition, since the proposed particle positions are integer encoded, the velocity binary encoding form
also facilitates the position solution. However, the velocity binary form of encoding poses a new problem.
If only the last iteration position and velocity are used to update the position at the current moment, as in
the position update formulation in the discrete particle swarm optimization algorithm:

X=X/ ®V, (43)

At this point, the process of position updating weakens the influence of historical optimal position
and global optimal position on the results. Different from the discrete particle swarm method, the
proposed distributed discrete particle swarm algorithm's particle position updating method
simultaneously uses variables and parameters such as the particle's last iteration position, velocity, the
particle's own historical optimal position, the population's global optimal position, the learning factor,
and the inertia weights, which can fully utilize the population advantage of the particle swarm algorithm.

4. Example analysis

4.1. Establishment of the simulation model of the whole vehicle

The whole vehicle dynamics model studied in this thesis is built up in the. The modeling sequence is
bottom-up, in the model to establish each component, including the front, the software provides the
constraints will be the rear suspension system model, steering system model, tire model, etc., the use of
the various components are connected together, while the introduction of external constraints such as
road surface to establish the whole vehicle rigid body model. Through the front suspension, steering
system, rear suspension, tires and other subsystems are connected to the corresponding constraints on the
center of mass to form the whole vehicle simulation model, the relevant parameters of the whole vehicle
are shown in Table 1.

Table 1. The parameters of the vehicle.

Front axle load
Full load load (140KG) Drive mode Four-wheel electric
(350KG) Rear axle load drive
(195KG)
Long x (mfs x high 2190%1050%900 Wheelbase (mm) 1595
Front wheel pitch 1128 (mm) Back wheel pitch 1252 (mm)
The outward Angle of
Front beam 0.2+0.5deg the front wheel 1+0.5deg
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The inner Angle of the 5£0.5deg The back Angle of the 3£0.5deg
main pin main pin

Front frame form Double arm Front suspension 10100N/m
stiffness

Rear frame form Single transverse arm Rear suspension 14000N/m
stiffness

4.2. Simulation of vehicle handling stability

Steady state steering characteristics is an important aspect of the car's maneuvering performance, the
steady state steering characteristics of the car can be divided into three types: understeer, neutral steering
and oversteer. Oversteering in low speed is good for vehicle adjustment, and understeering in high speed
is good for vehicle stabilization.

The dynamic simulation of the whole vehicle is carried out on the road spectrum to analyze the
influence of wheel positioning parameters, suspension stiffness and center of mass position on the
steering characteristics of the whole vehicle. The driving speed curve of the whole car is shown in Fig. 1,
which is the curve measured when the car is on the horizontal road surface, keeping the steering wheel
angle unchanged and gradually increasing the speed. The whole car is doing smooth acceleration, with
the time and smoothly increase the speed, when t = 50s, the car's traveling speed is close to 30km / h. The
car's turning radius curve is shown in Figure 1, and the steering radius curve is shown in Figure 2.

The turning radius curve of the whole vehicle is shown in Fig. 2. It can be seen that the turning radius
of the whole vehicle with time firstly changes suddenly to large and then suddenly to small and then
smooth, and finally increases slowly. The sudden change is partly due to the fact that the angular velocity
of the vehicle is very small and the turning radius is very large before turning. Figure 3 shows the curve
of the turning radius of the vehicle with respect to the speed. The turning radius of the whole vehicle is
increasing slowly with the increase of speed. The turning radius is basically unchanged until the speed is
less than 18km/h, which is neutral steering. The turning radius increases slowly after the speed is greater
than 18km/h, which belongs to understeer.

The lateral acceleration change curve is shown in Fig. 4. The lateral acceleration increases with time
and the maximum value is -0.65 g. The lateral camber change curve is shown in Fig. 5. It can be seen that
the lateral camber increases smoothly from Odeg to 2.57deg and the lateral camber is small. Figure 6
shows the motion trajectory of the center of mass of the whole vehicle. The motion trajectory of the
center of mass can visualize the characteristics of understeer.

Simulation analysis conclusion: the original vehicle in the original suspension parameters, can realize
the vehicle understeer characteristics, and the carriage side tilt angle is smaller, basically meet the design
requirements.

30
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>
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Figure 1. The curve of the car's speed.
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Figure 2. The curve of the turning radius of the vehicle.
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Figure 3. The change curve of the turning radius relative to velocity.
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Figure 6. The motion trajectory of the vehicle center.

4.3. Analysis of multi-objective optimization results

The distributed discrete particle swarm algorithm is utilized for solving to obtain the optimal Pareto
solution set based on handling stability and smoothness, and a set of better values is selected by
comparing the various design results and finally balancing the objectives. Table 2 shows the final
optimization results of the design variables and the vehicle performance comparison before and after
optimization. The results of the front and rear suspension spring line stiffness, front and rear damper
damping coefficients, and total front and rear suspension camber stiffness after optimization are 1.54,
1.53, 1.50, 1.06, 1.14, and 1.08, respectively; the root mean square value of the acceleration in the
vertical direction of the bodywork is reduced from 0.43 to 0.41, and the maximum body camber of the car
when steering is reduced from 3.56 to 3.23, after optimization. After optimization, the root mean square
value of acceleration decreases significantly, which is in a more comfortable range, and at the same time,
the body inclination angle decreases after optimization, and the stability and smoothness of the car is
enhanced.

Table 2. The performance comparison of vehicle before and after optimization.

Variables Before optimization After optimization
Front suspension spring stiffness kg 1.92 1.54
Rear suspension spring stiffness A 1.75 1.53
Front lateral dip stiffness ¢s 1.64 1.50
Rear lateral dip stiffness ¢, 1.47 1.06
Front suspension damping coefficient &, 1.56 1.14
Rear suspension damping coefficient &, 1.45 1.08
The average square root of the acceleration 0.43 0.41
Side Angle of car body ¢ 3.56 3.23

4.4. Evaluation and analysis of experimental results

After modifying the vehicle model according to the suspension parameters obtained from the above
optimization method, the validity of the optimization method and the reliability of the optimization
results are verified through simulation experiments. The following is a comparison of the results of the
smoothness experiment and the handling stability experiment of the car before and after the optimization.

(1) Figures 7 to 9 show the vibration acceleration of the car in three different directions in the
smoothness test. The lateral and longitudinal vibration accelerations at the driver's side remain basically
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unchanged before and after optimization, while the vertical vibration acceleration is improved.

(2) Fig. 10 shows the variation of the car's transverse pendulum angular velocity in the angular step
input experiment. The response time of the transverse pendulum angular velocity is reduced after
optimization, so the steering response of the car is more sensitive and rapid.

(3) Figure 11 shows the simulation results of the body lateral inclination angle in the steady-state
slewing experiment, and Figure 12 shows the simulation results of the difference between the front and
rear axle lateral deflection angles in the steady-state slewing experiment. When the acceleration is 6m/s2,
the optimized body lateral inclination angles before and after optimization are -5.74° and -4.89°,
respectively, and the body lateral inclination angle is significantly reduced, which improves the vehicle's
anti-lateral inclination ability. As seen in Fig. 12, the understeer of the vehicle is also increased.

(4) Figures 13 and 14 show the frequency domain response of the experimental transverse pendulum
angular velocity for the steering wheel angle pulse input and the time domain response of the
experimental transverse pendulum angular velocity for the steering wheel angle pulse, respectively.
From Fig. 13, it can be seen that there is not much change in the resonance peak level before and after
optimization, but the resonance peak level (i.e., the increase ratio at resonance) of the vehicle after
optimization has been reduced, which makes the vehicle drive more smoothly with different frequency
inputs. From Fig. 14, it can be seen that the phase lag angle is almost close to 0 at a frequency of 0.1 Hz,
and at a frequency of 1.2 Hz, the time domain response of the pendulum angular velocity is -9.51 and
-22.59 before and after optimization, respectively, and the phase lag angle after optimization is reduced,
so that the vehicle responds faster when turning the steering wheel rapidly.
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Figure 7. The acceleration curve of vertical vibration at driver's seat.
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Figure 8. The acceleration curve of longitudinal vibration at driver's seat.
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Figure 9. The acceleration curve of lateral vibration at driver's seat.
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Figure 11. The vehicle roll angle of steady-state experiments.
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Figure 12. The difference of sideslip angle for front and rear axle.
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Figure 13. The frequency domain characteristics of yaw rate for angle pulse test.
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Figure 14. The time domain characteristics of yaw rate for angle pulse test.
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5. Conclusion

In order to meet the high demand for automobile performance, optimal smoothness and handling
stability have become the common goal pursued by today's automobile enterprises. In this paper,
automobile suspension smoothness and handling stability are taken as the objective functions, a
multi-objective optimization model is established, and a distributed discrete particle swarm algorithm is
used to solve the problem. The optimization results show that the smoothness and handling stability of
the car are improved to different degrees. Specifically, the design variables of the multi-objective
optimization model after optimization are all reduced. The spring line stiffness of the front and rear
suspensions is 1.54 and 1.53, the damping coefficients of the front and rear shock absorbers are 1.50 and
1.06, and the total roll Angle stiffness of the front and rear suspensions is 1.14 and 1.08. Moreover, the
root mean square value of the vertical acceleration of the vehicle body and the maximum body roll Angle
when the vehicle turns during driving have decreased by 4.65% and 9.27% respectively. Through the
comparison of the comprehensive performance of the entire vehicle before and after optimization, it is
found that the handling stability and comfort performance of the optimized vehicle have both been
improved. From the experimental results, it can be seen that the research method of multi-objective
optimization of automobile suspension based on distributed algorithm used in this paper has a certain
degree of credibility and can provide a reference for practical situations.

This topic has made a detailed study on the design method of automobile suspension, and the
proposed design method has some practical significance, but the automobile design itself is a complex
discipline, and its design criteria are different due to the use of working conditions or use requirements.
Therefore, in the future, it is necessary to establish a more accurate dynamic model according to the
actual situation, and in the vehicle suspension optimization design to take other dynamic properties such
as dynamics and throughput, as well as the vehicle to meet a variety of strength requirements and motion
requirements into account, to obtain more satisfactory and accurate results.
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