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Abstract

In this paper, a Pareto multiobjective and grasshopper optimization algorithm

(GOA) based optimum proportional-integral-derivative (P-I-D) controller design is
proposed for improving the vehicle active suspension system dynamics under road
disturbance conditions. The Pareto objectives considered are minimization of sprung
mass suspension deflection, tyre deflection, sprung mass acceleration minimization
and eigenvalue-based objective function. State space model for quarter vehicle active
suspension system with P-I-D controller is developed for analyzing the stability and
dynamic performance of the system. The sinusoidal-based bump road disturbances
are used for testing the robustness of the proposed control technique. Simulation
results have been presented to show the advantage of the proposed Pareto multiob-
jective and GOA-based P-I-D controller over the weighted multiobjective and genetic
algorithm-based P-I-D controller in terms of stability and dynamics of the active
suspension system.

Keywords: Active suspension system, Grasshopper optimization algorithm, Pareto
multiobjective function, Genetic algorithm, P-I-D controller

Introduction

Active suspension systems have become an integral part of modern-day automobiles for
providing passengers better ride comfort and minimizing vehicle tires’ wear and tear.
Designing controller strategies for active suspension systems to improve ride quality
under road disturbance conditions is a major challenging task for the automobile indus-
try and academicians. Many researchers have proposed conventional and artificial intel-
ligence-based techniques for the last few decades.

Gordon [1] proposed a non-quadratic cost function-based optimum control tech-
nique for semi-active vehicle suspension systems for minimizing suspension deflection
and body acceleration during bumpy and random road conditions. Hrovat [2] pre-
sented a detailed survey of active suspension’s advanced developments and control tech-
niques from quarter car vehicle models to full car models. Baumal et al. [3] developed a
genetic algorithm-based approach for designing active suspension system parameters to
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minimize the vehicle body acceleration. Kuo and Li [4] proposed a genetic algorithm-
based optimum fuzzy PI/PD controller design for a four-wheeler’s active suspension sys-
tem to improve the passengers’ ride quality. Lin and Lian [5] developed a hybrid fuzzy
and neural networks-based intelligent controller to improve the ride comfort of the car
and service life of the active suspension system. Prabhakar et al. [6] proposed non domi-
nated sorting genetic algorithm (NSGA II)-based multiobjective approach for improving
the active suspension system of a car considering a half-car vehicle model with a mag-
netorheological damper. Du and Zhang [7] proposed the H infinity control technique for
active suspension systems with an actuator time delay to minimize sprung mass accel-
eration, suspension deflection and tyre deflection. Gao et al. [8] proposed robust sample
data-based H-infinity control technique for uncertain active vehicle suspension systems.
Lu and DePoyster [9] developed a control technique based on H-two and H-infinity
norms for minimizing vehicle body acceleration and tyre deflection derivatives. Koch
and Kloiber [10] proposed an adaptive vehicle suspension system to adjust the controller
parameters dynamically to enhance ride comfort and maintain the suspension deflec-
tion within safety limits. Vaijayanti et al. [11] designed a disturbance observer-based
sliding mode controller to improve the vehicle’s active suspension system performance
in terms of sprung mass displacement and acceleration. Li et al. [12] designed a reliable
fuzzy H-infinity controller for active suspension systems with actuator delay and fault.
Deshpande et al. [13] developed a nonlinear control law for an active suspension system
to improve passenger ride comfort and minimize the suspension deflection of a four-
wheeler vehicle. Gampa and Das [14] proposed a PSO-based optimum P-I-D controller
design methodology considering the objective of minimizing sprung mass acceleration
to improve the dynamics of the active suspension system. They developed MATLAB
Simulink-based models for the active suspension system and bump road disturbances
in their methodology. Pan et al. [15] developed an adaptive tracking control strategy for
active suspension systems to improve the vehicle’s dynamic performance in the presence
of external disturbances. Na et al. [16] proposed an adaptive control technique for active
suspension systems with unknown nonlinear sprung mass and damper dynamics.
Utkarsh et al. [17] proposed a sliding mode control technique based on linear dis-
turbance observer for active suspension systems with nonideal actuators. Cao et al.
[18] proposed a multiobjective H-infinity parameterized controller using Lyapunov
and symbolic computation for vehicle active suspension systems. Na et al. [19] devel-
oped a novel control technique for active suspension systems with unknown nonlin-
earities using suspension error for full-car active suspension systems with unknown
nonlinearities without function approximation. Li et al. [20] proposed a Pareto opti-
mality-based particle swarm optimization approach for the active suspension sys-
tem of electric vehicles for compensating electromechanical coupling effects. Reza
and Mortaza [21] have developed an interval type 2 fractional order fuzzy control-
ler for a tractor active suspension system to minimize the fluctuations due to une-
ven road surfaces. Zhao et al.[22] developed an adaptive radial basis function neural
network for an active suspension system with actuator saturation to deal with the
parametric uncertainties and road disturbances. Moradi and Fekih [23] designed
an adaptive PID sliding mode-based fault-tolerant controller to handle the uncer-
tainties and actuator faults for an active suspension system. Liu et al.[24] proposed
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adaptive neural network controller for active suspension systems considering time-
varying constraints. Chen and Huang [25] proposed an adaptive sliding mode con-
troller for active suspension systems with time-varying loads. Guimin et al. [26]
developed a new regenerative active suspension system with dual actuators Based on
the advanced-dynamic-damper mechanism for in-wheel motor-driven electric vehi-
cles, Sun et al. [27] proposed a multiobjective-based adaptive backstepping control
strategy for vehicle active suspension systems considering time-domain constraints.
Min et al. [28] developed an adaptive fuzzy inverse optimal output feedback control
strategy for vehicular active suspension systems with unknown nonlinearities. Min
et al. [29] developed an adaptive fuzzy optimal controller for active suspension sys-
tems with nonlinearities and dynamic characteristics. Taghavifar et al. [30] designed
a state observer-based sliding mode interval fuzzy type 2 neural network controller
to mitigate the vibrations of a nonlinear suspension system. Ghazally et al. [31] pro-
posed particle swarm optimization-based model free fuzzy intelligent PID controller.
Hurel et al. [32] proposed a fuzzy PSO-based algorithm to improve the dynamics of
the active suspension system.

So far, many researchers have used a conventional weighted multiobjective
approach for solving the active suspension system problem considering the objectives
of minimizing suspension deflection, tyre deflection and sprung mass acceleration
minimization. In the present work, in addition to the above objectives, eigenvalue-
based stability objective is also considered for improving the active suspension system
stability. In the multiobjective approach, when some of the objectives are decreasing
and others are increasing in nature, the weighted objective function approach is not
suitable. Therefore, in such a case, Pareto multiobjective is very effective. In the pre-
sent work, the objectives of suspension deflection, tyre deflections and acceleration
are decreasing nature and the eigenvalue stability-based objective function is increas-
ing in nature. Hence, grasshopper optimization and Pareto multiobjective approach is
considered for improving the vehicle’s active suspension system dynamics.

The following assumptions and constraints have been considered [33]

+ The vehicle body is considered to be rigid.

+ The suspension system is modeled with spring and damper system, and their
behavior is assumed to be linear.

« Single point contact has been assumed between the wheel and rail of the vehicle.

+ In this work, quarter vehicle model for the active suspension system is considered

for state space modeling.

State space modeling of active suspension system for quarter vehicle model
An active suspension system can be modeled considering the quarter-vehicle car model,
as shown in Fig. 1. The active suspension system model consists of a mass spring damper
system with an actuator which provides the required control force to the suspension sys-
tem. The actuator is modeled as an ideal force generator neglecting the dynamics.



Gampa et al. Journal of Electrical Systems and Inf Technol (2022) 9:24 Page 4 of 18

Zs
) Wehicle body
Vehicle body mass
3 Ms

T oo [Py
Ks ’ Actuator
Vehicle Suspension fa
system

y

Zu
T Vehicle wheel
Wheel mass
4 Mu

Tire Spring Zr
kt

Road disturbances

Fig. 1 Quarter vehicle active suspension system

The dynamics of the sprung and unsprung masses of the quarter-vehicle suspen-
sion system can be derived from Newton’s second law and expressed by the following

equations

MsmZsm + Ks(Zsm — Zum) + Ca(Zsm — Zum) — Fa =0 (1)

MumZum + Ks(Zum — Zsm) + Cq (ZUM - ZSM) +Ki(Zum — Zy) +Fa =0 (2)

where Mgy, and My are sprung mass and unsprung mass, representing mass of car
chassis and wheel assembly, respectively. Kj is the suspension spring stiffness constant,
and C, is the damping coefficient of the suspension system. K| is the stiffness of the pneu-
matic tyre. Zgy, and Z;,, are the vertical displacements of sprung mass and unsprung
mass, respectively. Z, is the displacement of the tyre from the base-level position.

In the present work, grasshopper optimization-based PID controller is designed to
improve the performance of the active suspension system. The state space model of the
active suspension system with the PID controller can be developed with the help of ver-
tical dynamic equations described by Egs. (1) and (2), and the block diagram is shown in
Fig. 2.

The actuator force F, is generated from the output of the PID controller and can be
written as follows

Fa = Kpe® + K / e()dt + Ky d(z(;)) o

where K|, K; and K are the proportional, integral and derivative gains of the PID con-
troller and the e() is the error function.

The state variables for the quarter vehicle model with PID controller-based active sus-
pension system, including the road inputs, are chosen as follows:

X1 = Zsm is the sprung mass of the vehicle (4)
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Fig. 2 State space modeling of active suspension system

Xy = Zuywm is the displacement of unsprung mass (5)

X3 = Zswm is the sprung mass vertical velocity (6)

X4 = Zym is the unsprung mass vertical velocity (7)

X5 =K; / e(t)dt. (8)

The input to the P-I-D controller law can be written as an error function by the follow-
ing equation.

e(t) = Reef — (X1 — X2) ©)

The state space model can be described by the following state equation,
X = AX + BR (10)

where X and R are state and input vectors, respectively, and P and I are constant matri-
ces of an active suspension system with the P-I-D controller.

X' = [X1, X2, X3, X4, X5] (11)

R = [Rref Rd] (12)

Ref and Ry are reference input and road disturbance of the active suspension system. The
X’ and R’ are transpose matrices of X and R.
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The constant matrices A and B of the active suspension system are derived from the
block diagram shown in Fig. 2 and are represented with Egs. (13) and (14).

The discrete form of state equation can be written for the continuous form state
equation by the following equation [34].

X[k+DT]=>X [(OT]+ VY R[(KT] (15)
where

& = AT (16)

w= (eAT - 1) A~1B. 17)

In general, many road disturbances are due to bumpy roads. The bumpy road dis-
turbances that appear with high intensity will cause severe distress to the passengers
and may also lead to loss of holding of the road surface. The road disturbances are
modeled with simple sinusoidal functions for studying the dynamic performance of
the vehicle suspension system on a rough road.

The road disturbance with one bump (Ry;) can be modeled by the following
equation.

Rai(t) = { Y(1-cos(2n () forta =t = teng (18)
0 Otherwise

where Ry, (2) is the bump road disturbance with a single bump. T} is the bump duration.
The starting and ending times of the bumps are ¢, and ¢,, 4. H is the height of the bump.

The road disturbance with two bumps (Ry,) of different magnitudes is modeled
using sinusoidal functions, and the expression is shown in Eq. (19).
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% 1—cos(2m Til , for ts <t < tenai
Rap(8) = (1 — cos (2 T% , for tsp <t < tenan (19)
0 Otherwise

Ry, is the bump road disturbance with two bumps. H; and H, are the heights of the
first bump and second bump. 7; and T, are the durations of first bump and second
bump. The starting and ending times of first bump are ¢, and ¢,,4;- The starting and
ending times of the second bump are ¢, and t,, 4.

Multiobective function formulation

In the present work, Pareto multiobjective approach-based PID controller design meth-
odology is proposed for improving the vehicle active suspension system dynamics. The
PID controller gains are tuned using the grasshopper optimization technique. Further-
more, the Pareto multiobjective-based methodology is compared with the genetic algo-
rithm-based conventional weighted multiobjective function.

The following equations define the objectives functions suspension deflection, tyre
deflection, sprung mass acceleration, and eigenvalue stability. The role of the active sus-
pension system is to improve ride comfort by minimizing the acceleration and the tyre
and suspension deflections.

The suspension deflection (Zp,) is defined as the difference between the vertical dis-

placement of the sprung mass and the unsprung mass.
Zsp(k) = (X1(k) — Xa(k)) (20)

The excessive vertical movement of the vehicle wheel results in hard impact with body
of the vehicle. To maintain quality ride and conformability, the suspension deflections
of the vehicle during the bump road disturbance period should be minimized as little
as possible. The performance index for minimizing suspension deflection Jg, can be
expressed by the following equation.

N
Jsp =Y (Zsp(k))? (21)

k=1

Jsp is the performance index of the suspension deflection and can be calculated by the
sum of N samples considered during the period crossing the bump road disturbance.

Excessive tyre deflections lead to poor contact between the tyre and the road surface
(for the tyre extended) and hence a reduced ability to control the vehicle, for example,
during braking. The tyre deflection (Zp) is the difference between the vertical displace-
ment of unsprung mass and road input.

Z1p(k) = (Xa(k) — Rq(k)) (22)

The following equation shows the performance index for minimizing the tyre
deflection.
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N

Jtp =Y (Zrp(k))® (23)
k=1

Jrp is the performance index of the tyre deflection calculated from the N samples con-
sidering road disturbance input.
The sprung mass acceleration can be calculated from the following expression.

X3(k) — X3(k — 1))
T

Zsm(k) = (24)
The performance objective for minimizing the vertical acceleration of the sprung mass

can be expressed by the following equation.

N

Fa =Y (Zsu)® (25)
k=1

Jua is the sum of the acceleration samples calculated over N samples.

Conventional weighted multiobjective function
For formulating a multiobjective function, all the above objectives are normalized with
respect to passive suspension system performance. The normalized conventional weighted
multiobjective [35] function (J-) can be formulated as follows:
A A A
]c=W1]STD+W2]?TD+W3]VTA- (26)
Jsp Jtp Jva
In the above expression, W;, W, and W; are weighting factors for the three objective
functions considered and can be selected based on the importance given to the objective
functions. In the present case, equal importance is considered for all the objectives. The ]{} A
is the objective function for acceleration in the case of an active suspension system, and ]\1,) A
is the objective function for vehicle acceleration in the case of a passive suspension system.

Pareto-based multiobjective function formation

An active suspension system is a multiobjective problem where suspension deflection and
ride quality are equally important. In addition, the system’s stability with a controller should
also be satisfactory for the successful function of the active suspension system. In the pre-
sent case, the objectives are suspension deflection, vehicle acceleration and tyre deflection.
In addition to the three objectives mentioned, it is also essential to consider the stability of
the system. The system is said to be stable if all the eigenvalues lie on the s plane’s left half.
Furthermore, the real values of the eigenvalues must be far from the origin. Hence the fol-
lowing objective function is considered to improve the stability of the vehicle’s active sus-

pension system with a PID controller.

¢ = max(real(4;); i=1,2,...n (27)

if 0
= {5 G a9
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where /; is the ith eigenvalue of the system. Jp. is the eigenvalue-based objective func-
tion to improve the stability of the system. A solution is said to be Pareto optimal if and
only if all the objectives are improved compared to the solution obtained in the previous
iteration [36].

The Pareto objective set can be defined as

Jo' = b Jin Riao Tiv]- (29)

]5”“ is a better solution

According to Pareto optimality, the (m+ 1)th solution vector
than the mth solution vector if and only if at least one of the Pareto objectives related to
(m+1)th solution vector must be improved over the mth solution vector J§* while the
others retain their advantage. The Pareto optimality conditions on four objectives con-
sidered are shown by the following equations.

If m is the iteration number, the solution ]Iﬁ” +1is Pareto optimal only when all the fol-

lowing conditions are satisfied.

JO < T (30)
Jit < Jib (31)
R = Fon (32)
JE = I8, (33)

The Pareto objectives for suspension deflection, tyre deflection and vehicle accel-
eration must be less than the previous generation’s best values before moving to next
generation while the eigenvalue-based objective must be greater than the previous gen-
eration’s best value to improve the system’s stability.

Tuning of PID controller using the grasshopper optimization algorithm

The grasshopper optimization algorithm [37, 38] is a bioinspired evolutionary optimi-
zation technique [39] developed by imitating the swarming behavior of grasshoppers
hunting for food. The positions of the grasshopper are dependent on the social behavior,
gravitational impact and wind advection. The position of the grasshopper, influenced by
the three factors, i.e., social, gravitational and wind forces, can be modeled mathemati-
cally by the following equation.

X = S+ Gy + Wy, (34)

where X, is the mth grasshopper position in the search domain. S,, is the influence fac-
tor of social behavior. G,, and W, are the gravitational force and wind force effects on
the mth grasshopper.

NG 5y — 27)
Sm = Z S(Dmn)ﬁ (35)

n=1

n#m
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s(t) =fe /T — et (36)

In the above Egs. (35) and (36), D,,, is the distance between mth and nth grasshopper,
and the ‘s’ function represents the social forces. In the present work, the values of fand
7 are taken 0.5 and 1.5 in the algorithm. The gravitational force factor G,, is negligible
as the mass of the grasshoppers are not significant, and the wind advection factor W,,, is
considered as the global best of the swarm.

In this work, the PID controller parameters are required to be tuned to satisfy the Pareto
objectives for improving the performance quality of the active suspension system. The
minimum and maximum limits the PID controller gains K}, K| and K, are considered sep-
arately for improving the flexibility in tuning the parameters using GOA optimization algo-
rithm. Hence the equations for updating the gain parameters in the GOA algorithm are
considered separately for proportional, integral and derivative gains.

k k k

— X, — X
-C Z C( max mm) (DP ) ( VIDP m) +xlg(best (37)

mn
n;ém
Cmax — Ci
C = Cmax — itrM (38)
1trmax

In the above Eq. (37), xfn is the mth position of the kth variable in the swarm population
where the variables k=1, 2,3 corresponding to the proportional, integral and derivative

gains. DX is Euclidean distance between mth and nth position of the kth variable, and

x’g‘best is the global best value of kth variable population upto the current iteration. The con-
stants C,,, and C,;, are taken as 1 and 0.00001.

Step-by-step algorithm for P-I-D controller tuning using GOA
The proposed Pareto optimality-based PID controller design using GOA is explained by the
following step-by-step algorithm.

Step-1: Read vehicle active suspension system data.

Step-2: Initialize the population vector for P-I-D controller gains for K, K; and K.

Step-3: Set generation count gen=1.

Step-4: Evaluate the objectives Jsp, Jp, Jya and Jiy for each member of the population.

Step-5: Apply Pareto optimality conditions among the first generation population and
identify the Global best.

Step-6: Set generation count gen=gen+ 1.

Step-7: Update the population vector.

Step-8: Evaluate the objectives Jgp,, /1, Jya and Jiy for each member of the population of
current generation.

Step-9: Apply Pareto optimality conditions for the current population comparing with the
global best solution of the previous generation.

Step-10: Update the global best value.

Step-11: If gen < MaxGen, go to step-6 otherwise go to Step-12.

Step-12: Store the Results.
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Fig. 3 Flowchart for tuning of PID controller using GOA

The procedure for optimum P-I-D controller design for vehicle active suspension sys-
tem using Pareto-based multiobjective function and grasshopper optimization algorithm is
given in the flowchart shown in Fig. 3.

Page 11 0f 18
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Table 1 Parameters of active suspension system [32]

Sprung mass M., =250kg
Unsprung mass Mum=50kg
Suspension damping C4=1500 Ns/m
Suspension stiffness K;=16,000 N/m
Tire stiffness K.=160,000 N/m

E

= 0.04

£ 0.02

=

E

2 0

0 2 4 6 8 10
Time (Sec)

Fig. 4 Road disturbance with a single bump

Results and discussions

This work proposes optimum P-I-D controller tuning using the grasshopper optimi-
zation technique for improving vehicle active suspension system dynamics considering
the Pareto optimality-based multiobjective approach. The objectives considered are sus-
pension deflection, tyre deflection, vertical acceleration of sprung mass and eigenvalue
stability of the state space model. The optimization is performed with bump road distur-
bance, and the performance is analyzed for both single bump and double bump distur-
bances. In this work, a quarter vehicle active suspension system model is considered and
the parameters [32] are shown in Table 1.

For the present analysis of the vehicle dynamics, a bump road disturbance of height
(H) 0.04 m and length (L) 5 m is chosen and the vehicle velocity (V) is considered as
18 km/h. The duration of the bump T}, is (L/V) and is 1 s in the present case. The time
interval for vehicle crossing the bump road is taken for 2—3 s. The bump road distur-
bance with a single bump is shown in Fig. 4.

The optimum P-I-D controller gains for improving the dynamics of the active sus-
pension system are obtained using grasshopper optimization algorithm using the Pareto
multuobjective function described by Egs. (27) to (32). The performance is compared
with GA-based conventional multiobjective function described by Eq. (26). The PID
controller gains obtained with Pareto-based GOA algorithm are K,=25,897, K;=1500
and K;=1000. The PID controller gains obtained with GA-based conventional objective
function are K,=1765.70, K;=189.14 and K;=884.97.

The convergence of the Pareto objectives using GOA while obtaining optimum PID
controller gains for the active suspension system is shown in Fig. 5.

The convergence of the conventional objective function with GA is shown in Fig. 6.

The simulation results for suspension deflection dynamics with proposed Pareto
objective-based GOA and conventional GA-based approach are compared in Fig. 7.
From Fig. 7, it can be observed that with the proposed GOA-based approach the sus-
pension deflection of the active suspension system significantly reduced compared
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Fig. 7 Comparison of results for suspension deflection

to GA-based approach and passive suspension system. In the present work, the state
space modeling is developed for the total active suspension system with the P-I-D
controller incorporated. The P-I-D controller gains K, K; and K, are part of the
developed state space modeling matrices A and B represented by Eqgs. (13) and (14).
The controller gains K|, K; and K are obtained by the proposed Pareto GOA approach

Page 130f 18
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Table 2 Eigenvalues of the suspension system

Eigenvalues with passive suspension  Eigenvalues with GA-based PID Eigenvalues with
system controller proposed GOA-based PID
controller

—8.7294+458.1529i —1.2770459.3639i —0.66394-62.9605i

—8.7294 —58.1529i —1.2770—59.3639i —0.6639 —62.9605i

—1.4694 4 7.1995i —2.94264-7.0564i —2.76674-10.5725i

—1.4694 — 7.1995i —2.9426 —7.0564i —2.7667 —10.5725i
—0.0102 + 0.0000i —0.0352 4 0.0000i

The bold values represnt the nearest Eigen values to the origin

considering the objectives of minimizing suspension deflection, tyre deflection and
suspension acceleration and improving eigenvalue stability when the bump road input
(Ry) is given as disturbance. The bump road disturbance (R,) mentioned by the state
space modeling represented in Egs. (10) and (11) is modeled by the sinusoidal equa-
tions given by Egs. (18) and (19). The performance improvement shown in Figs. 7, 8
and 9, and the stability improvement shown in Table 2 is obtained by the optimum
P-I-D controller gains obtained using proposed Pareto GOA-based multiobjective
approach for the bump road input shown in Fig. 4.
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The dynamics for tyre deflection and sprung mass acceleration are shown in Figs. 8
and 9. From Figs. 8 and 9, it can be observed that the with PID-based active suspen-
sion system tyre deflection and sprung mass acceleration are improved compared to
passive suspension system. From Figs. 8 and 9, it can also be observed that the active
suspension system’s performance in tyre deflection and acceleration is almost similar
to the proposed GOA- and GA-based optimum PID controllers.

The eigenvalues of the passive and active suspension system with GOA- and GA-
based methods are shown in Table 2.

From Table 2, it can be observed that the stability of the active suspension system is
much better since the real eigenvalue is much farther with the proposed Pareto-based
methodology compared to other methods considered for comparison.

In the conventional weighted objective approach, the overall sum of all the normal-
ized objectives improvement only considered. Hence, there may be chance of some of
the objectives may be even less better than the previous iteration even though over-
all multiobjective function may be improved compared to the previous iteration. In
the case of Pareto optimality multiobjective approach, the optimum parameters are
updated if and only if all the objectives considered independently are improved com-
pared to the previous iteration. From Fig. 7, it can be observed that the suspension
deflection reduction is much better with the proposed Pareto multiobjective-based
GOA approach. From Figs. 8 and 9, it can be observed that the tyre deflection and
suspension acceleration are almost similar to conventional approach. From Table 2,
it can be observed that the stability of the system with proposed Pareto-based GOA
approach is much better compared to conventional-based approach. Out of the four
objectives considered, the main objectives suspension deflection reduction and stabil-
ity of the system are improved to much better extent with the proposed Pareto-based
GOA while slightly better performance in the case of tyre deflection and sprung mass
acceleration. Hence, the proposed Pareto GOA multiobjective technique is much bet-
ter compared to GA-based conventional approach.

The optimum P-I-D controller gains are obtained for single sinusoidal bump
road disturbance shown in Fig. 4 using proposed GOA-based Pareto multiobjective
approach for minimizing the suspension and tyre deflections and improving stability.
For the same P-I-D controller gains, the robustness of the controller is tested for two
bumps of different heights as shown in Fig. 10.

In this case, a second bump with height 0.06 m during the between 6 and 7 s is
considered in addition to the first bump. The performance comparisons of the active
suspension system for road disturbance with two bumps are shown in Fig. 11.
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Fig. 10 Road disturbance with two bumps
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Fig. 11 Comparison of results with two bumps for suspension deflection

From Fig. 11, it can be observed that the performance of the Pareto objectives-
based optimum PID controller obtained using GOA is much better even in the case of
road disturbance with two bumps for the same controller gains compared to conven-
tional GA methodology.

Conclusions

In this work, Pareto optimality conditions and grasshopper optimization algorithm-based
methodology are proposed for optimum P-I-D controller design for improving the perfor-
mance of the active suspension system. For improving the vehicle ride comfort and minimizing
wear and tear of tyres under road disturbance conditions, the objectives of minimization of sus-
pension deflection, tyre deflection and sprung mass acceleration are considered. For improving
the stability of the system under different bump road disturbance conditions, the Eigenvalue-
based objective function is included in the Pareto optimality. The Pareto optimality has the
advantage of simultaneously handling the objectives of increasing and decreasing nature. The
simulation results show that the dynamic performance of the active suspension system is much
better with the proposed approach in the case of suspension deflection and stability compared
to the GA-based conventional objective technique. The dynamics of tyre deflection and sprung
mass acceleration are almost similar with conventional and Pareto objective-based approaches.
It can also be observed that the suspension deflection, tyre deflection and sprung mass accel-
eration successfully converged with the proposed GOA and Pareto optimality technique while
improving the eigenvalue-based objective which increases to improve the stability. The pro-
posed P—I-D controller’s robustness is successfully verified for the road disturbances with two
bumps for the same gains obtained with a single road bump disturbance.

List of symbols
Cy Damping coefficient of the suspension system

Dy Distance between the mth and nth grasshopper
F, Control force of the actuator

Ks Suspension spring stiffness constant

K Spring stiffness constant of tyre

G Gravitational force effect on the mth grasshopper
v Performance objective of acceleration

Je Conventional multiobjective function

Jp Pareto multiobjective function

Jev Eigenvalue-based objective function

Jsp Performance index of suspension deflection
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Jip Performance index of tyre deflection

Map Mass of the quarter vehicle chassis

Muwm Mass of the quarter vehicle wheel assembly

X, Position of the mth grasshopper in the search domain
Ry Road disturbance

S Influence factor of the social behavior on mth grasshopper
W, Wind force effect on the mth grasshopper

Zoy Sprung mass displacement

Zum Displacement of unsprung mass

ZsM Sprung mass vertical velocity

ZUM Unsprung mass vertical velocity

Z, Displacement of tyre

Zsp Suspension deflection

Zp Tyre deflection

Zsm Sprungmass acceleration
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