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ABSTRACT:

This paper presents an optimum network structure based on a BBO tuned adaptive neuro-fuzzy inference system
(ANFIS) to control an active suspension system (ASS). The unsupervised learning via Biogeography-Based
Optimization (BBO) algorithm is used to train the ANFIS network. The optimal proportional-integral-derivative
controller tuned based on the LQR method is used to generate the training data set. ANFIS base on Fuzzy c-means
(FCM) clustering algorithm is applied to approximate the relationships between the vehicle body (sprung mass)
vertical input velocity and the actuator output force. BBO algorithm is used to optimize fuzzy ¢ means clustering
parameters. The numerical simulation results showed that the proposed optimized BBO-FCMANFIS based vehicle
suspension system has better performance as compared with the optimal LQR-PID controller under uncertainties in
both of reducing actuator energy consumption and the suppression of the vibration of the sprung mass acceleration,
with a 43% and 9.5% reduction, respectively.

KEYWORDS: Active Suspension System, Optimal Vibration Control, Biogeography-Based Optimization, Fuzzy c-
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1. INTRODUCTION

Modern suspension system is one of the
fundamental components of automotive vehicles. The
main task of vehicle suspension system (VSS) is to
provide passengers' comfort by separating passenger
and vehicular body interactions from oscillations
caused by road irregularities while still keeping
continuous wheel-road contact under any condition to
maximize traction. In general, the three most common
types of suspension system are: passive suspension
systems which is also called conventional lumped
mass-spring-damper system [1], semi-active [2], and
active suspension systems [2] and [3]. In recent
decades, ASS has attracted the interest of the scientific
community because of their advantages over the
traditional passive suspension systems. The adaptation
potential of suspension characteristics in the face of
road unevenness is the main important benefit of using
an ASS [5]. The main component of an ASS that
distinguishes it from the conventional passive
suspension system is the use of an active element called
actuator which is connected in parallel with the spring
and damper to exert a desired force between the vehicle
body (sprung mass) and wheel and suspension
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assembly (unsprung mass). The vehicle control unit is
used to determine the desired force for controlling the
dynamic behavior of suspension system in order to
adapt to road profile, surpass the vibration of sprung
mass acceleration and thus to achieve riding comfort.

Over the past decades, various control strategies have
suggested to improve the vehicle suspension [6], [7],
(81, [91. [10], [11], [12], [13], [14], [15], [16], [17], [18]
and [19]. In [6], a robust control scheme based on
FOFPD controller is presented for uncertain and
nonlinear ASS. In [8], fuzzy fault-tolerant H> control
scheme is proposed for nonlinear ASS. Some have
provided an adaptive backstepping-based tracking
control scheme for nonlinear ASS [13] and [18]. In
[11], a hybrid ANFIS PID approach is proposed for
modeling and control of ASS. Some have proposed a
linear fuzzy logic control method combined with
genetic algorithm optimization for a half-car model of
ASS [19], [20]. In [21], a back stepping method is
presented for ASS. In [22] and [23], the authors used a
sliding mode control (SMC) method for VASS. In [24]
and [25], a FSMC controller is designed to control the
VSS. In [26], a neural network based SMC is proposed
for VASS. In [27], vehicle body vertical acceleration is
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minimized by fuzzy logic control scheme. In [28], a
novel robust neural network control system is presented
for vibration control of VASS. In [29], a deep learning
structure is designed to control an ASS. Intelligent
control is a new interesting area that has recently made
significant advances in computing technology. ANFIS
control is one of the most important of intelligent
control approaches which is a combination of the
characteristics of an artificial neural network and the
FLC technique.

The neuro-fuzzy system is a powerful tool which
has been widely employed in various fields of
engineering and medical sciences [30]. It has been
shown that neuro-fuzzy controllers can also enhance
the performance of ASS [31] and [34]. The
conventional neuro-fuzzy methods utilizes the learning
algorithms such as the backpropagation algorithm to
determine the best values for parameters in fuzzy logic
system [28] and [29]. However, the performance of the
neuro-fuzzy system can be enhanced by the meta-
heuristic method. In this paper, an optimum network
structure is presented based on a BBO tuned ANFIS to
control an ASS. The ANFIS network was trained by the
BBO unsupervised learning algorithm. The full
replacement of the traditional optimal LQR-PID
controller with a BBO tuned ANFIS controller is the
main contribution of this article. A BBO tuned ANFIS
control is rarely utilized on its own in the control of
ASS as presented here. Simulation results show the
effectiveness of the proposed optimized BBO-
FCMANFIS controller over the optimal LQR-PID
controller under uncertainties in terms of improving
actuator power consumption and the suppression of the
vibration of the sprung mass acceleration, and as a
result riding comfort. The main objectives of the
present work are as follows:

i. Design an optimum network structure based
on a BBO tuned ANFIS system to improve the
performance of a nonlinear ASS.

ii. Full replacement of the traditional optimal
LQR-PID controller with a BBO tuned ANFIS
controller.

iii. Comparison of the effectiveness of the
proposed optimized BBO-FCMANFIS
method with the conventional optimal LQR-
PID controller under road disturbance and
parameters’ uncertainties.

The rest of this paper is structured as follows: The
material and method is addressed in Section 2. The

mX +b,sign(x, — X, ) | X, — X, |° +K, (X, —%,) = F,

m
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where mgrepresents the sprung mass, my
represents the unsprung mass, kg and bg are the spring
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proposed optimized BBO-FCMANFIS method is
introduced in Section 3. Simulation results are provided
in Section 4. Eventually, the conclusions are given in
Section 5.

2. MATERIAL AND METHOD
2.1. Quarter car modelling

This section presents a dynamic model of a
nonlinear ASS. The dynamic vehicle model is a two
Degree Of Freedom (DOF) quarter-car (QC) of ASS. It
is a double mass-spring-damper system consists of two
masses (sprung and unsprung mass) which is coupled
to each other via a spring and a damper as depicted in
Fig. 1.

|

my
+F
ks b, F,
-F
- —

Fig. 1. A nonlinear two DOF quarter-car active
suspension model.

The following assumptions are made for a
nonlinear QC model:
Assumption 1: A nonlinear spring-damper system
model is considered for the suspension system.
Assumption 2: There will be no rotational motion in the
wheel and the body.
Assumption 3: The dynamic behavior of the spring-
damper model is nonlinear.
Assumption 4: The tire and road surface are always in
contact and the effect of friction is considered as a
linear damper in the vehicle active suspension
modeling.

The dynamic equations of a nonlinear two DOF QC
model of ASS are given as follows [35]:

)

a

stiffness and damping coefficient of damper of ASS,
respectively. k,s and b, represent tyre stiffness and
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tyre damping coefficient, respectively. F, represents the
actuator force which it is exerted to sprung mass and
unsprung mass, p >0 represents the nonlinear
damping force index (see [36]). The common linear
form of damping force is obtained by setting p = 1.

X, (1) = X5(t) — X, (t)

(0 =0 () - 25ign (4, O~ X ) X, O - 6O +F,

S S

X3 (t) = X, (t) %, (1

XA (t) = ks

Yo (t) = %, (t) = X (t) = X, (1)
kS

¥, (t) = Tm x,(t)

where x; is the vertical deflection of suspension
system (x, — x,5), x5 is the vertical velocity of sprung
mass x , x, is the wheel displacement (x,; — x,.), and
x, is the vertical velocity of the wheel x,. The
actuator force F, is the control input signal wand X,
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%)+
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By choosing the state vector as x(t) = [x.(t) —
Xy (8) % (t) xy5(t) — x,(t) x,(£)]" the state-space
representation of nonlinear QC model is given by:

@)
):(r (t) - mi I:a

us

b b

us us

X, (0) +
m

us us

B Gigna ) - 6 ®) % - %O + L F, = %0
m m,

represents the external disturbance input. The first
output of ASS is the suspension deflection (x, — x,5),
and the second output of ASS is the vehicle body
acceleration %,. The parameters of the QC model are
given in Table 1.

Table 1. Physical parameters of suspension system.

Parameter Description Value
mg Sprung mass 2.45 (kg)
my Unsprung mass 1 (kg)
kg Stiffness of the car suspension 900 (N/m)
Kys Stiffness of the tyre 2500 (N/m)
bg Suspension damping coefficient 7.5 (Ns/m)
bus Tyre damping coefficient 1 (Ns/m)

p Nonlinear damping force index 3

2.2. Passive Suspension System

The passive suspension system can be considered as
the open loop response of the system by choosing F, =
0 in (2). In this situation, the suspension system
receives no control signal from the actuator.

2.3. Active Suspension System
The passive suspension system can be turned to an

PID Controller |

PID Controller 11

active suspension includes an actuator that can supply
active force regulated by an optimal PID controller
algorithm [37]. In this control scheme, two QC
suspension parameters namely the vertical deflection of
suspension system (x; — x,c) and the sprung mass
vertical velocity x, are fedback to the controllers to
reduce the impact of road irregularities. The block
diagram representation of control is shown in Fig. 2.

Road Profile l X,
Xs
Quarter-Car
Model of Active | Xs
Suspension X — Xus
System

Suspension Deflection

Sprung Mass Velocity

Fig. 2. Closed-loop control system of ASS.
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To achieve the best robust performance for both
PID controllers, Auto tuning has been accomplished by
using the MATLAB simulation software. The optimum
gain values of the PID controllers are given in Table 2..

Table 2. Tuned gain values of PID controllers

Kp K; Kp
Controller
PID 100.9862 | 0.5621 | 0.0163
Controller
|
PID 100.9862 | 0.4137 | 0.0030
Controller
Il

3. BBO TUNED ANFIS
3.1. Training of ANFIS

Training, testing, and validation are the three main
stages of training procedure. In this work, we used a
random portions of the same data to generate the
training and testing data. Thus, we used 70% of the
data set for training and hold out 30% of the data set for
testing. Data set using an actual road profile were used
for validation. In this paper, a training data set is used
to create an initial fuzzy inference system (FIS) in
which, the hybrid optimization algorithm has been used
to adjust membership functions. The aforementioned
closed loop optimal PID controller scheme is used to
achieve the training data. Data collection is generated
by considering a double mass-spring-damper system as

1% input

2%input

Output
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a QC model of ASS in the face of a random road
profile excitation. The actuator force F, is employed as
target data while suspension deflection (x; — x,,) and
sprung mass vertical velocity x, are used as input
variables data to the ANFIS. In this paper, the
following first order Sugeno model fuzzy inference
with two inputs is used for ANFIS:

Rule;: If suspension deflection is A; and sprung
mass velocity is B;, then u = f(xg — x5, Xs).

3.2. Adaptive Neuro-Fuzzy Inference controller

The adaption potential of ANFIS makes it suitable
for learning control. ANFIS has been employed in
various fields of science and it has good capability and
effectiveness in system identification, state estimation,
and control. In this work, an optimized BBO tuned
ANFIS model is used to control an ASS. The training
data sets are: the actuator force signal, the suspension
displacement, and the sprung mass vertical velocity
data points per millisecond. The training data set was
used to train the ANFIS for modeling the dynamic
behavior of the optimal PID controller. Thus, the
ultimate goal is that the ANFIS will be able to estimate
the appropriate actuator force signal to minimize the
sprung mass vertical acceleration under unknown road
unevenness. The proposed optimized BBO-
FCMANTFIS controller scheme is depicted in Fig. 3.

X Sprung Mass Acceleration

X Sprung Mass Velocity

e

Road Profile

Xs = Xys

Suspension Deflection

Fq

Proposed optimized BBO-ANFIS controller

Actuator Force

Active Suspension System

Fig. 3. Block diagram representation of proposed optimized BBO-FCMANFIS controller scheme.

The proposed optimized BBO-FCMANFIS
controller is shown in Fig. 3. A typical architecture of
ANFIS is depicted in Fig. 4. As can be seen from Fig.
4, the ANFIS structure has two inputs (the suspension
deflection and the sprung mass velocity) and one output
(the actuator force signal). Moreover, the ANFIS has
five layers which is detailed in [32] . For a first order
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Sugeno fuzzy inference model, a typical rule set with
two fuzzy IF-THEN rules of Takagi and Sugeno's type
is as follows:

Rule,: If x is A; and y is By, then f; =p;x+
1y tn

Rule,: If x is A, and y is By, then f, =p,x +
Gy t 12
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Where A; and B; are the antecedent part in the fuzzy
sets and f; is the consequent part in the fuzzy sets. p;,

1" layer

2t layer

Vol. 11, No. 1, March 2022

q; and r; are the node outputs of the updated linear
consequent parameters.

NN

3.3. Fuzzy c-means clustering algorithm

In this section, fuzzy c-means (FCM) clustering
method is used to formulate an ANFIS. FCM algorithm
is a technique of clustering in which each data point
can belong to more than one cluster through varying
degrees of membership from 0 to 100 percent.
Allowing gradual memberships is the main advantage
of FCM clustering in which it provides the opportunity

3th layer 4" layer 5t layer
Xy
w1Z4
z
WyZ,
ANFIS Architecture x Yy
Fig. 4. ANFIS architecture.
N
m
1 QU7X
U= c =12
ij = 2 TN (4)
m-1 m
s(heelr 3
i=
alx-cl
(k+1)

to deal with data points that belong to multiple clusters
at the same time. This method is frequently used in
pattern recognition applications. In FCM clustering
method the aim is to minimize the following objective
function:

NCm
Jy= 20

ENE

m—qﬁ1<m<w (3)

where the number of data points is determined
by N, the number of clusters is represented by C, fuzzy
partition matrix exponent is determined by m which is
used to control the degree of fuzzy overlap and it must
be greater than 1. The degree of membership of x; in
the cluster m is determined by uj;, x; represents the ith
data point, the center of the j™ cluster is indicated by
¢j, and the similarity between any measured data and
the center is determined by ||*|| which can be defined
by any norm expressing. An iterative optimization of
the above objective function is employed for fuzzy
partitioning in which the update of membership u;; and
the cluster centers c; are as follows:

This iteration will stop when max;;(|w;

ufj")|) < € where € represents a termination criterion
between 0 and 1 to stop the iterative process and k
represent the iteration step . The algorithm consists of
the following steps:

Step 1: Randomly initialize the cluster membership
values (initialize U = [u;;] matrix, U®).
Step 2: At k — step: Calculate the cluster centers:
€0 = [¢] with u® ¢, = Zrti =
i i S
Step 3: Update U® and U®+D according to the
following:

1
Ujj = 2

¢ (lxi=cjll\m-1
5., (e

llxi—cll

Step 4: Calculate the J,,,.

Step 5: Repeat steps 2 —4 until ], reaches a
specified maximum number of iterations.

3.4. BBO tuning of FCM-ANFIS

In this section, the BBO tuning of the ANFIS
parameters is explained. The antecedent and the
consequent parameters are two parameter types of the
ANFIS structure that have to be tuned. The Gaussian
function is chosen for membership functions which it is
given by (5):

47



Majlesi Journal of Telecommunication Devices

b.

2 i
X—=C
ool [(=2]T]

where ¢; represents the centers of membership
functions, i. e. mean (u), a; is the standard deviation
(o), and b; is a tunable parameter. The antecedent
parameters of membership functions are illustrated by
(a;,b;,c;) while the consequent parameters are
illustrated by (p;,q;,7;). The process of fuzzy modeling
of the system has been accomplished by the
identification of the FIS parameters to estimate a
suitable form of the dynamics behavior of the system.
The parameters of Gaussian membership functions are
central value ¢ and the width o. After the primary
structure is determined for the fuzzy system, then, the
center of every membership function c, is tuned by the
BBO. The standard deviation of the Gaussian
membership function ¢ was specified by the learning
algorithm. As consequence, to achieve the best fuzzy
model, the parameters of membership function are
optimized over the BBO algorithm. The optimal FIS
will be obtained by considering the following root
mean squared error (RMSE) as an objective function:

P11, . 2
AP i _ 5l (6)
‘](I)_ Z_(Zt _Zout)
i1 P

where p is the total number of the samples, ztj and

zJ . are the target output and the predicted model
output of j** sample, respectively. j(i) denotes the

fitness value of i*" individual.

3.5. Biogeography-based optimization algorithm

BBO technique is an evolutionary algorithm (EA)
that was introduced by Dan Simon for the first time
[38]. BBO algorithm optimizes a function by
stochastically and iteratively trying to improve
candidate solutions. The algorithm is founded based on
the phenomenon of migration of animals to different
habitats. In general, habitats that are suitable sites for
geographical species have high habitat suitability index
(HSI). This index is determined by the housing
variables called suitability index variables (SIVs).
Therefore, HSI is a function of SIVs. the immigration
and emigration rate are respectively 1 and p which are
determined by the number of species in a habitat (or
HSI). High HSI habitat resembles feasible solution
while, solution degrades with low HSI habitat. The
biological diversity of the population is increased by
application of mutation in BBO. The immigration A and
emigration rate (u) are given by (7) and (8),
respectively.
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A=10-) o
n
M= E(@) ®)
n

where I and E are respectively the highest rates of
immigration (1) and emigration rate (u) that responses
can get. k(i) represents the number of species for the
it" habitat which is between 1 and n. n represents the
maximum number of species that the habitat can
support. For a condition, where E = [ = 1, we have

_ )
A+ =1
The flowchart of BBO is depicted in Fig. 5.

R
Initialize the BBO
parameters, and Initialize a
random set of habitats

For each habitat, map the HSI to the number
of species n, the immigration rate A, and the
emigration rate |,

Probabilistically use immigration and

emigration to modify each non-elite
habitat, then recompute each HIS

Calculate the objective
function

For each habitat, update the probability of its
species count. Then, mutate each non-elite

habitat based on its probability, and
recompute each Hsl Select the habitat with the

minimum nonzero HSI

Meet the termination No

conde

Yes

Output the optimal
parameters

Fig. 5. Flowchart of the BBO algorithm.

4. SIMULATION RESULTS

Simulations are carried out using
SIMULINK/MATLAB R2016a. ANFIS controller is a
function of suspension deflection (x; — x,,) and
sprung mass vertical velocity x;. The main parameters
of BBO algorithm are chosen as follows: Pop. Size =
50, Max.Iter.No = 250, Keep Rate = 0.2, and
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Init. Mut. Prob.= 0.1. BBO algorithm was used to
adjust the parameters of ANFIS by using FCM
clustering method. The convergence of cost function is
shown in Fig. 6.

Best Cost
S
]

L B— — " J
0 50 100 150 200 250
Iteration

Fig. 6. Convergence rate of the BBO algorithm.

The road profile is set to a 3 (Hz) square waveform
of 0.02 (m) amplitude for simulating worst case
scenario. The road profile is applied to the QC model

0.04
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of ASS. Simulations are accomplished for ASS, ASS
with BBO tuned FCMANFIS and ASS with the optimal
PID controller to evaluate their performances.

4.1. Under ideal conditions

Fig. 7 and Fig. 8 show the simulation results. As
can be seen from the Fig. 8, in uncontrolled passive
system the vertical sprung mass displacement has
significant fluctuations during the whole simulation
time so that the maximum overshoot is close to 100%
which causes severe vibrations that negatively impact
on passengers' health. However, the proposed
optimized BBO-FCMANFIS controller has better
performance over the passive system and the optimal
LQR-PID controller in terms of reducing actuator
power consumption and the suppression of the

vibration of the sprung mass acceleration, and as a
result riding comfort.

0.03

0.02

0.01 —

Sprung mass position (m)

Un-sprung mass position (m)

20 T T

- - - Road Unevenness (x )
- =PID

BBO-FCMANFIS
Passive

= =—Road Unevenness (x)
= =PID

ssssss

9 10

Time (sec)

Fig. 7. Transient responses of the system include sprung mass position comparison and un-sprung mass position
comparison.

T T T T T
[= =P
BBO-FCMANFIS
Passive

Force (N)
) 5

Acceleration (m/s?)
o

- = PID
—— BBO-FCMANFIS
Passive

Time (sec)

Fig. 8. Transient responses of the system include actuator force suspension comparison and body acceleration
comparison.
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4.2. Under parameters’ uncertainties

Next, the impacts of variations in system model
parameters such as the sprung mass (m_s), suspension
stiffness (k_s), and damping coefficient of damper
(b_s) on the system response is evaluated. Thus, the
sprung mass was increased to 5.5 (kg); suspension
stiffness and damper were decreased to 800 (N/m) and
5.5 ((N.s)/m), respectively. The other remaining
parameters of the system was assumed unchanged. To
evaluate the robustness of the proposed BBO-
FCMANFIS controller, this modified model was used

Vol. 11, No. 1, March 2022

to perform simulations. The results were very similar to
those was obtained in Fig. 7 and Fig. 8 with a very
slight difference, which demonstrates successful model
fitting.

4.3. Simulation results with actual road data
Power Spectral Density (PSD) values are
commonly used for the classification of road
unevenness [37]. The real road data like a standard
normal distribution with standard deviation 2 (cm) as
depicted in Fig. 9.

Road unevenness

0.06 —

0.04

0.02

Amplitude (m)
=)

0.08 1 L L 1
0 1 2 3 4

The simulation results are shown in Fig. 10 and Fig.
11. To evaluate the effectiveness of the proposed BBO-
FCMANFIS controller, the RMS values of the four
variables of ASS were calculated as depicted in Table
2. As it can be seen from these values, the BBO-
FCMANFIS uses an average of 0.6547 (N), while the
optimal PID controller uses an average of 1.1504 (N).
This represents that the BBO-FCMANFIS controller
consumes 43% less energy than the optimal PID
controller. This energy saving is very important for
electric vehicles. Moreover, the vertical acceleration of
the sprung mass is the main important parameter that is
very effective in passenger comfort. Rapid variations of
acceleration are more significant over the variations of
displacement or velocity. Thus, it plays main role in
minimizing the vertical acceleration of vehicle body.
As shown in Fig. 11, the BBO-FCMANFIS controller
has better performance as compared with the optimal
PID controller in term of suppressing the peaks and the

troughs. The obtained RMS values are 0.5167 (sﬂz) for

the BBO-FCMANFIS controller and 0.5708 (5;) for

the optimal PID controller which means that the BBO-
FCMANFIS controller provide a lower vertical body
acceleration over the optimal PID controller with a
reduction of 9.5%. Therefore, the presented optimized
BBO-FCMANFIS controller has better performance

50

5

6 7 8 9

Time (sec)

Fig. 9. Road input unevenness.

over the optimal LQR-PID controller in the presence of
the real road input data in terms of reducing actuator
energy consumption and the suppression of the
vibration of the sprung mass acceleration, and as a
result riding comfort.

Table 3. Comparison of two controllers based on
the RMS values of the time responses with the real road

data.
.. m
Controller Xs (m) Xus (m) Xs (S_z) Fa (N)
Passive 0.0 0.01 0.8 0
031 15 786
PID 0.0 0.01 0.5 1.1
027 14 708 504
BBO- 0.0 0.01 0.5 0.6
FCMANFIS | 025 02 167 547

The PSD of the body acceleration is used to
evaluate the quality of vehicle ride which is depicted in
Fig. 12 for passive, PID, BBO-FCMANFIS based ASS
under the road disturbance input data. As it can be seen
from Fig. 12, the acceleration of sprung mass is
suppressed by two controllers in the lower frequency
band, approximately between 0.4 (Hz) to 9 (Hz).
Thus, the proposed BBO-FCMANFIS has good
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performance in
profile.

Sprung mass position (m)
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counter with the road disturbance

—— BBO-FCMANFIS
Passive

€ 0.03 T T T T T T T I
é 0.02 ::IBDO—FCMANFIS
2 0.01 | datad |
4 oS
2 o [ANNIN M L
£ [ | |
§-0.01 L i
L% -0.02
5 .0.03 1 1 1 1 1 1 1 I |
0 1 2 3 4 5 6 7 8 9 10
Time (sec)
Fig. 10. Transient responses of the closed loop suspension system include sprung mass position comparison and

un-sprung mass position comparison with actual road data.
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Fig. 11. Transient responses of the closed loop suspension system include actuator force suspension comparison
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Fig. 12. PSD of body acceleration with random input.
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5. CONCLUSION

In this research an optimum network structure based
on a BBO tuned ANFIS was proposed to improve the
performance of an ASS. To illustrate the efficiency and
the robustness of the proposed control strategy, real-
time simulation was conducted in MATLAB/Simulink.
Simulation results illustrate that the proposed BBO-
FCMANFIS outperforms the optimal PID controller in

bo

th

ideal and uncertainties conditions. Moreover,

simulation was performed with actual road profiles.
Simulation results show that the proposed BBO-
FCMANFIS controller has lower energy consumption
than the optimal PID controller with a reduction of
43% which is significant and very important for electric
vehicles. Besides, The proposed BBO-FCMANFIS
controller provide a lower overall body acceleration
over the optimal PID controller with a reduction of
9.5% which positively impact on the safety, health,
and comfort of passengers.
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