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Abstract 
 
A semi-active controller-based neural network for a suspension system with magnetorheological (MR) dampers is presented and 

evaluated. An inverse neural network model (NIMR) is constructed to replicate the inverse dynamics of the MR damper. The typical 
control strategies are linear quadratic regulator (LQR) and linear quadratic gaussian (LQG) controllers with a clipped optimal control 
algorithm, while inherent time-delay and non-linear properties of MR damper lie in these strategies. LQR part of LQG controller is also 
designed to produce the optimal control force. The LQG controller and the NIMR models are linked to control the system. The effective-
ness of the NIMR is illustrated and verified using simulated responses of a full-car model. The results demonstrate that by using the 
NIMR model, the MR damper force can be commanded to follow closely the desirable optimal control force. The results also show that 
the control system is effective and achieves better performance and less control effort than the optimal in improving the service life of the 
suspension system and the ride comfort of a car.   
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1. Introduction 

Suspension systems have long been of great concern for car 
manufacturing industries. They perform multiple tasks such as 
maintaining contact between vehicle tires and the road, ad-
dressing the stability of the vehicle, and isolating the frame of 
the vehicle from road-induced vibration and shocks. In general, 
ride comfort, road handling, and stability are the most impor-
tant factors in evaluating suspension performance. 

In the present study, the suspension system of a passenger 
car is modified to reduce the amplitude of the car vibration 
caused by applied road profile. In the passive suspension sys-
tem, the stiffness and damping parameters are fixed and effec-
tive over a certain range of frequencies. 

To overcome this problem, the use of semi-active suspen-
sion systems which have the capability of adapting themselves 
to changing road conditions by using an actuator has been 
considered; therefore an MR damper is added to an ordinary 
suspension system while the other parts of the suspension 
system are intact. The significance of the MR damper is that 
its viscosity changes as the magnetic field changes. A sche-
matic model of the MR damper is shown in Fig. 1. 

The considered suspension model is controlled by the ap-
plied LQR and LQG controllers. By using employed control-
ler results, the amount of viscosity of the MR damper incorpo-
rated with the clipped optimal strategy can be calculated. Un-
fortunately, due to the inherent nonlinear nature of the MR 
damper to generate force, a model like that for its inverse dy-
namics is difficult to mathematically obtain. For this reason, 
an inverse neural network model is constructed to copy the 
inverse dynamics of the MR damper. 

Interest in a new class of computational intelligence systems 
known as Artificial Neural Networks (ANNs) has grown in 
the last few years. This type of network has been found to be a 
powerful computational tool for organizing and correlating 
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Fig. 1. Schematic model of MR damper. 
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information in ways that have been proven to be useful for 
solving certain types of complex and poorly understood prob-
lems. The applications of ANNs to the area of structural con-
trol have rapidly grown through system identification, system 
inverse identification or controller replication. 

The intelligent neuro-fuzzy and fuzzy inverse model strate-
gies for semi-active suspension system are utilized by Zareh et 
al. [1, 2]. Narayanan et al. [3] applied a half car model for 
simulating the semi-active suspension system. They modeled 
MR damper parameters by the modified Bouc–Wen model 
and determined that they fit the hysteretic behavior. Vibration 
control of a passenger car utilizing a half car model was dis-
cussed by Yahaya et al. [4]. To improve the accuracy of car 
model Zareh et al. [5], modeled the vehicle suspension system 
using a full car model in which the accuracy of the model 
improved components to quarter-car and half-car models. 

Semi-active and active control methods have been devel-
oped using different actuators such as Electro-Rheological 
(ER) and MR dampers. Salem et al. [6] controlled an active 
quarter-car suspension system by fuzzy logic controller. Sohn 
et al. [7] utilized an adaptive LQG controller for semi-active 
suspension systems for a quarter-car model. Golnaraghi et al. 
[8] controlled a semi-active quarter car suspension system 
intelligently. They utilized an inverse mapping model to esti-
mate the current based on an artificial neural network and 
incorporated it into the fuzzy logic controller. 

The previous studies made full use of the advantages of the 
neural network and the optimal controllers and solved the 
different problems which lay in the suspension system. Few 
studies included the combination of the two techniques (LQG 
and neural network in that it is more applicable) to solve the 
time-delay and the inherent nonlinear nature of the MR damp-
er to generate force instantaneously choosing control parame-
ters in semi-active control or active control for full car models 
with high degrees of freedom. In this paper, four MR dampers 
are added to a suspension system between body and wheels in 
parallel with the passive dampers. 

For the intelligent system, a three-layer feed forward neural 
network, trained on-line under the Levenberg–Marquardt 
(LM) algorithm, is adopted. In order to verify the effective-
ness of the proposed NIMR control strategy, the uncontrolled 
system and the clipped optimal controlled suspension system 
are compared with the NIMR controlled system. Through a 
numerical example under actual road profile excitation, it can 
be concluded that the control strategy is very important for 
semi-active control, that the NIMR control strategy can de-
termine currents of the MR damper quickly and accurately, 
and that the control effect of the NIMR control strategy is 
better than the others. 

 
2. Full car model 

In the full-car model, 11-DOFs are assumed, and all wheels 
and passengers are dependent on each other and on the car 
body. It is assumed that each wheel has an effect on the spring 

and the damper of other wheels, and the two axes of the vehi-
cle are relevant. The MR actuator is utilized to damp the effect 
of road profile on the passengers. Note that the MR shock 
absorber is added to the axel and the car body. In the full-car 
model, the effect of body rotations around roll and the yaw 
axis is simulated. The suspension system using the full-car 
model has 11-DOFs, four of which for the four wheels, three 
for the body displacement and its rotations and the last four for 
passengers. The schematic of the full-car model with 11-
DOFs and an additional MR damper is shown in Fig. 2. 

The state space form and the corresponding matrices are ob-
served in Eqs. (1)-(7) [1]. E is the location matrix of the actua-
tors. Matrices K, S and T are defined as stiffness, damping 
coefficient and input matrix due to the wheels stiffness, re-
spectively.  

In Eq. (1) x, u and w are states of system, control signal 
from actuators and input road profile respectively. 

 
x·=Ax+Bu+Gw   (1) 
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Fig. 2. Full-car model with 11-DOFs [1]. 
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where Mb, m1, m2, m3, m4, m5, m6, m7 and m8 stand for the mass 
of the car body, masses of the four wheels and mass of pas-
sengers, respectively. I1 and I2 are the moments of inertia of 
the car body around the two axes, respectively.  

The terms k1, k2, k3, k4, k5, k6, k7 and k8 are the stiffness of 
the springs of the suspension system and the stiffness of the 
springs of the passenger seat, respectively. The terms kt1, kt2, 
kt3 and kt4 are the stiffness of the tires. The terms b1, b2, b3, b4, 
b5, b6, b7 and b8 are the coefficients of the car and the passen-
ger seat dampers, respectively.  

Then, br1, br2, br3 and br4 are the coefficients of the MR 
dampers, respectively. x1, x2, x3, x4, x5, x6, x7, x8, x9, φ and θ 
indicate the DOFs of the suspension system model, respec-
tively. The terms xi1, xi2, xi3 and xi4 indicate the load profile 
disturbance, respectively. 

The numerical values of the model dimensions for obtaining 
the responses are shown in Table 1 [1]. 

 
3. NIMR control strategy 

Fig. 3 illustrates the proposed NIMR control strategy. There 

is basically no restriction on the type of control algorithm that 
should be used as long as it calculates a desirable control force 
fc based on the response and/or excitation. The desirable con-
trol force and the response of the systems are passed in to the 
inverse NN model. This NN model emulates inverse dynam-
ics of the MR damper. The output of this inverse NN model is 
the voltage required to produce the desire control force under 
the current response condition. This voltage is an/the input to 
the MR damper which then produces force f acting on the 

 
Fig. 3. NIMR control strategy block diagram. 
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suspension system. Note that, the NN part of control strategy 
will be trained by the results of clipped optimal strategy. 

 
4. Clipped optimal algorithm 

The clipped optimal control strategy for an MR damper 
usually involves two steps. The first step is to assume an ideal 
actively–controlled device and construct an optimal controller 
for this active device. In the second step, a secondary control-
ler finally determines the input voltage of the MR damper [19]. 
That is, the secondary controller clips the optimal force in a 
manner consistent with the dissipative nature of the device. 

The block diagram of the clipped optimal algorithm is shown 
in Fig. 4. 

The clipped optimal control approach is to append a force 
feedback loop to induce the MR damper to produce approxi-
mately a desired control force fc. It is known as a control sig-
nal (u). The Linear Quadratic Regulator (LQR) algorithm has 
been employed both for active control and for semi-active 
control. Using this algorithm, the optimal control force fc for f, 
which is force generated by an MR damper, may be obtained 
by minimizing the following scalar performance index:  

 

( )
0

t f T TJ x Qx F RF dt
t

= +∫   (10) 

 
where Q and R are weighting matrices and their values are 
selected based on the relative importance given to different 
terms in their contributions to the performance index J.  

Solving the optimal control problem with J defined by Eq. 
(10) results in an optimal force vector fc regulated only by the 
state vector x, such that: 

 
1( )Tf R B P x K xc lqr
−= − = −    (11) 

 
where matrix Klqr represents the gain matrix; and the matrix P 
is the solution of the Riccati equation given by Eq. (12). 

 
1 0T TPA A P PBR B P Q−+ − + =    (12) 

 
Here, Q22*22 is an identity matrix (I22*22) because all states 

are important and the best responses are obtained by this value. 
R4*4 is 45*I4*4, which is obtained by trial and error to receive 
the desired response. 

The force generated by the MR damper cannot be com-
manded. When the MR damper is providing the desired opti-
mal force (i.e., f = fc), the voltage applied to the damper 
should remain at the present level. If the magnitude of the 
force produced by the damper is smaller than the magnitude of 
the desired optimal force and the two forces have the same 
sign, the voltage applied to the current driver [9] varies con-

Table 1. Numerical values of model. 
 

Symbol Quantity Value 

Mb Mass of car body (kg) 670 

I1 Inertia around yaw (kg/m2) 800 

I2 Inertia around roll (kg/m2) 1100 

m1-4 Mass of wheels (kg) 30 

m5-8 Mass of passengers (kg) 120  

k1-4 Stiffness of car springs (N/m) 17500 

k5-8 Stiffness of seats (N/m) 1750 

b1-4 Viscosity of car dampers (Ns/m) 1460 

b5-8 Viscosity of seat damper (Ns/m) 700 

kt1-4 Stiffness of wheels (N/m) 175500 

r11 
Length distance between the front left 

wheel and the mass center (m) 1.9975 

r12 
Width distance between the front left 

wheel and the mass center (m) 0.8025 

r21 
Length distance between the front right 

wheel and the mass center (m) 1.9975 

r22 
Width distance between the front right 

wheel and the mass center (m) 0.8025 

r31 
Length distance between the back right 

wheel and the mass center (m) 1.9975 

r32 
Width distance between the back right 

wheel and the mass center (m) 0.8025 

r41 
Length distance between the back left 

wheel and the mass center (m) 1.9975 

r42 
Width distance between the back left 

wheel and the mass center (m) 0.8025 

r51 
Length distance between the driver seat 

and the mass center (m) 1.9975 

r52 
Width distance between the driver seat 

and the mass center (m) 0.8025 

r61 
Length distance between the front right 

seat and the mass center (m) 1.9975 

r62 
Width distance between the front right 

seat and the mass center (m) 0.8025 

r71 
Length distance between the back left 

seat and the mass center (m) 1.9975 

r72 
Width distance between the back left 

seat and the mass center (m) 0.8025 

r81 
Length distance between the back right 

seat and the mass center (m) 1.9975 

r82 
Width distance between the back right 

seat and the mass center (m) 0.8025 

 

 
Fig. 4. Clipped optimal algorithm block diagram. 
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tinuously in the range of [0-Vmax]. The secondary controller for 
continuously varying the command voltage can be stated as: 

 
{ }( )v V H f f fi ci ci i i= −    (13) 

, max
,max max

f for f fi ci ciVci V for f fci

μ⎧ ≤⎪= ⎨ >⎪⎩
  (14) 

 
where Vmax is 12v and fmax is the maximum force produced by 
the damper (=3,000 N); μ is the coefficient relating the voltage 
to the force (=Vmax /fmax); H (.) is the heaviside step function 
expressed as 0 or 1 [9]; and fi is the force produced by ith MR 
dampers and applied to the structure. 

In this paper, a simple mechanical model consisting of a 
Bouc-Wen element shown in Fig. 5 in parallel with a viscous 
damper is used. This model has been verified to accurately 
predict the behavior of a prototype shear-mode MR damper 
over a wide range of inputs in a set of experiments and is also 
expected to be appropriate for modeling a full-scale MR 
damper. 

The equations governing the force fi exerted by this model 
are as follows: 

 

0f c x zi α= +&    (15) 
1n nz x z z x z A xmγ β−= − − +& & && &    (16)  

 
where x is the displacement of the device, and z is the evolu-
tionary variable that accounts for the history dependence of 
the response. The parameters γ, β, n and Am are adjusted to 
determine the linearity in the unloading and the smoothness of 
the transition from the pre-yield region to the post-yield region. 
The device model parameters α and c0 are determined by the 
dependency on the control voltage u as follows: 
 

( )u ua bα α α α= = +    (17) 

( ) .0 0 0 0c c u c c ua b= = +    (18) 

 
Moreover, to account for a time-lag in the response of the 

device to the changes in the command input, the first-order 
filter dynamics are introduced into the system as follows: 

( )u uη υ= − −&    (19) 
 

where v is a command voltage applied to the control circuit, 
and η is the time constant of the first-order filter. 

The numerical values of the parameters are shown in Tables 
2 and 3 [10]. 

The hysteretic behavior of the MR damper model according 
to the input voltage is shown in Fig. 6. 

 
5. Road profile simulation 

The random road excitation is generated using white noise 
as a road irregularity as a disturbance. The Power Spectral 
Density (PSD) function of the road irregularity is assumed to 
be in the form of Eq. (20). 

 
2

2 2( ( ) )

VrSh Vr

σ α
π ω α

=
+

   (20) 

 
where σ2 is the variance of the road profile, ω is the excitation 
frequency of the road input V is the vehicle forward constant 
velocity and αr is a coefficient depending on the type of road 
surface. The typical properties of the unpaved road profile are 
shown in Table 4 [3]. The PSD of the road surface is obtained 

 
 
Fig. 5. Mechanical model of a shear mode type MR damper [1]. 

 

Table 2. Numerical values of MR damper model. 
 
αa (N cm-1) αb (N cm-1 V-1) γ (cm-2) β (cm-2) 

140 695 363 363 

 
Table 3. Numerical values of MR damper model. 
 

c0a (Nscm-1) c0b (Nscm-1 V-1) n η (s-1) Am 

21 3.5 1 190 301

 
Table 4. Typical properties of unpaved road profile. 

 
σ2 (m2) ω (rad/s ) V (m/s) αr (rad/m) 

3e-4 200π 16.66 0.45 

 

 
Fig. 6. Hysteretic behavior of an MR damper [1]. 
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using MATLAB®. 

 
6. Neural network inverse dynamics of MR damper 

The MR damper model discussed earlier in this paper esti-
mates damper forces based on the inputs of the reactive veloc-
ity and the issued voltage as described by Eqs. (15)-(19). Thus, 
the voltage signal is the only parameter that can be modified 
to control the damper force to produce the required control 
force. The control algorithm, LQG, estimates the required 
optimal control force but the MR damper force is controlled 
by voltage. In this case, it is essential to develop an inverse 
dynamic model that predicts the corresponding control voltage 
to be sent to the damper so that an appropriate damper force 
can be generated. Unfortunately, due to the inherent nonlinear 
nature of the MR damper, a model like that for its inverse 
dynamics is difficult to mathematically obtain. For this reason, 
a feed-forward back-propagation neural network that is shown 
in Fig. 7 is constructed to copy the inverse dynamics of the 
MR damper. The purpose in a vehicle suspension system is 
reduction of transmittance of vibrational effects from the road 
to the vehicle’s passengers, hence providing ride comfort. To 
accomplish this, one can first design a clipped algorithm for 
the suspension system, using an optimal control method and 
use it to train a neuro controller. Consider network can be 
trained using the clipped controller output error on an online 
manner (clipped output selected as a desire targets for train-
ing). Once trained, the clipped controller is automatically re-
moved from the control loop and the neuro controller takes on. 
In case of a change in the parameters of the system under con-
trol, the clipped optimal controller enters the control loop 
again and the neural network gets trained again for the new 
excitation [16]. An important characteristic of the proposed 
controller is that no mathematical model is needed for the 
system components, such as the non-linear actuator or shock 
absorbers. At the initial time, the inputs of the network will be 
taken to have the value of zero in accordance with the actual 
initial circumstance and simplicity in simulation [1, 19, 21]. 
Before online training, the network trained off-line to achieve 

update weights near to desired. 
This model is denoted as NIMR. This neural network model 

is trained using input-output data generated analytically by 
using the simulated MR model based on Eqs. (15)-(19). This 
NIMR calculates the voltage signal as an output based on the 
current and a few previous histories of measured velocity and 
desirable control force as inputs. Then the voltage signals are 
sent to the MR damper so that it can generate the desirable 
optimal control forces.  

Training the NIMR requires the compilation of input-output 
data. To completely identify the underlying MR system model, 
the data must contain information about the entire operating 
range of the system. The generated forces are the results of the 
MR model described in Eqs. (15)-(19). The sampling data for 
10-second periods results in 10000 patterns for training, test-
ing and validation, Fig. 8.  

The next step is to select the network architecture. To do so 
it is required to determine the number of inputs, outputs, hid-
den layers, and nodes in the hidden layers, and this is usually 
done by trial and error. The most suitable input data for our 
case was found to be the current and the three and two previ-
ous histories for the velocity (x·k+2, x·k+1, x·k) and the force ( fk+1, 
fk), respectively. Also one hidden layer, which it has six nodes, 
were adopted as one of the best suitable topologies for the 
NIMR as can be seen in Fig. 7. This structure obtained by trial 
and error, because it required minimum time for online train-
ing with acceptable accuracy. 

The logsigmoid (ranging from 0 to 1) activation function is 
used for the hidden layer’s nodes and the linear function for 
the output layer’s nodes which represents the voltage. 10000 
patterns of the provided data were chosen for training which 
required 5000 training epochs to achieve desired. The training 
is carried out upon the generated data using the Levenberg–
Marquardt (LM) algorithm, which is encoded in neural net-
works toolbox in MATLAB® under ‘trainlm’ routine. 

Neural network is a simplified model of the biological 
structure found in human brains. This model consists of ele-
mentary processing units (also called neurons). It is the large 
amount of interconnections between these neurons and their 
capabilities to learn from data to enable neural network as a 
strong predicting and classification tool. In this study, as men-
tioned, three-layer feed forward neural network, which con-

 
 
Fig. 7. NN of inverse dynamics of MR damper (NIMR). 

 

 
Fig. 8. Training of NIMR. 
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sists of an input layer, one hidden layer, and an output layer is 
selected to predict the responses with MR dampers. The net 
input value netk of the neuron k in some layer and the output 
value Ok of the same neuron can be calculated by the follow-
ing Eqs. (21)-(22): 

 
net w O jk jk= ∑   (21) 

( )O f netk k kθ= +    (22) 

 
where wjk is the weight between the jth neuron in the previous 
layer and the kth neuron in the current layer, Oj is the output of 
the jth neuron in the previous layer, f(.) is the neuron’s activa-
tion function which can be a linear function, a radial basis 
function, and a sigmoid function, and yk is the bias of the kth 
neuron. Feed forward neural network often has one or more 
hidden layers of sigmoid neurons followed by an output layer 
of linear neurons. Multiple layers of neurons with nonlinear 
transfer functions allow the network to learn nonlinear and 
linear relationships between input and output vectors. In the 
neural network architecture as shown in Fig. 7, the logarithmic 
sigmoid transfer function is chosen as the activation function 
of the hidden layer, Eq. (23): 

 
1( ) .( )

1
O f netk k k netk ke

θ θ= + = − +
+

   (23) 

 
The linear transfer function is chosen as the activation func-

tion of the output layer, Eq. (24): 
 

( ) .O f net netk k k k kθ θ= + = +    (24) 

 
We note that neural network needs to be trained before pre-

dicting responses. As the inputs are applied to the neural net-
work, the network outputs ( .)ˆ are compared with the targets 
(.). The difference or error between both is processed back 
through the network to update the weights and biases of the 
neural network so that the network outputs match closer with 
the targets. The input and output data are usually represented 
by vectors called training pairs (fk+1, fk, x·k+2, x·k+1, x·k, v^

k+1). 
The process as mentioned above is repeated for all the training 
pairs in the data set, until the network error converged to a 
threshold minimum defined by a corresponding performance 
function. In this research, the Mean Square Error (MSE) func-
tion is adopted (desired MSE is 1e-5). 

As mentioned, LM algorithm is adapted to train the neural 
network, which can be written as Eq. (25): 

 
121

2
E Ei iw w I ii ww

μ
−

⎡ ⎤∂ ∂+ = − +⎢ ⎥
∂⎢ ⎥⎣ ⎦∂

   (25) 

 
where i is the iteration index, / iE w∂ ∂ is the gradient descent 
of the performance function E with respect to the parameter 
matrix ,iw 0μ ≥ is the learning factor, and I is the unity ma-

trix. 
During the vibration process, the neural network updates the 

weights and bias of neurons real time in accordance with sam-
pling pairs till the objective error is satisfied, i.e. the property 
of the system is acquired. As we know, the main aim of the 
neural network is to predict the desired voltage responses of 
the system and to provide the desired force of MR dampers. 
Thus outputs of the neural network are predicted values of 
voltage v^

k+1. In order to accurate prediction, the most direct 
and important factor which affect the predicted voltage is the 
feedback of predicted voltage (v^

k+1). 
 

7. Results 

The full-car model with the MR damper is modeled by the 
dynamic equations and state space matrices. One of the de-
sired points of this study is to decrease the amplitude of pas-
sengers’ displacements and sprung mass accelerations, when 
the suspension system is excited by the road profile. Therefore, 
the effect of LQR and LQG controllers and the NIMR strategy 
are simulated for road excitation with calculating their ampli-
tude, and then comparing them with each other. The random 
road surface is compatibly generated with the power spectral 
density given in Eq. (20) using a sum of bumpers 7 cm high 
and 4 cm wide. The displacement and acceleration trajectories 
for rear-left passenger seat that is excited by the bumper with a 
height 7 cm and a width 4 cm and with 60 km/h constant ve-
locity in the unpaved road under the front left wheel are 
shown in Figs. 9 and 10, respectively (Considered system 
excited by different velocities (e.g. 30, 60 and 75 km/h). Their 
results, to some extend have the same trend with different 
amplitude for each velocity. Therefore the results correspond 
to 60 km/h are shown.). Notice that, in all these graphs, time 
duration is selected for the best resolution and critical re-
sponses happen when the car strikes the bumper. 

The graphs show that this system can be controlled as well 
when the vehicle hits the bumper. The primary oscillations are 
due to the fewer number of network inputs to train.  

On the other hand, there is not a strong history available 
during the transient state; therefore, the transient part of the 

 
 
Fig. 9. Displacement of rear-left seat from front left wheel excited with 
60km/h. 
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response is not as satisfactory as the steady state part. It is also 
shown that comfort driving is attained by decreasing (the am-
plitude of the) acceleration. 

The road holding for rear-left damper that is excited by the 
7-cm high and 4-cm wide bumper with 60 km/h constant ve-
locity under the front left wheel is shown in Fig. 11. 

The stability of the automobile due to using the NIMR 
strategy is better than the other two strategies because the 
oscillation of the rear left wheel due to road excitation is less 
than the others. 

The trajectory for the optimal force which produces the de-
sired displacement and acceleration with a velocity of 60 km/h 
velocity is shown in Fig. 12. 

One of the main advantages of NIMR is that control efforts 
of dampers are less than the LQR and LQG responses, leading 
to less cost and energy consumption. 

The requirement voltage to generate the optimal force is 
shown in Fig. 13. 

According to the graphs above, the trajectories of the NIMR 
strategy can reduce the amplitude of vibration to some extent 
similar the optimal controllers with less control effort and 
oscillation.  

8. Conclusions 

Usual suspension systems are utilized in vehicles and damp 
vibration from road profile. However, passive suspension 
systems have long settling time. When cars are driven in 
bumpy roads, the passive suspension system driver cannot 
react effectively. As a result, the usual suspension system 
cannot damp the excitation with small time intervals. In order 
to remove this problem the properties of the suspension sys-
tem should be variable. This task is done by adding MR 
dampers as actuators to the suspension system. 

In order to send commands to the actuator, the LQR con-
troller is utilized. It can decrease the amplitude of the vibration 
of the passenger seat, but it cannot eliminate the effect of 
bumpy roads as a disturbance. Therefore, the LQG controller 
was designed. Unfortunately, due to the inherent nonlinear 
nature of the MR damper to generate force, a model like that 
for its inverse dynamics is difficult to mathematically obtain. 
For this reason, a neural network is constructed to copy the 
inverse dynamics of the MR damper. According to the graphs 
above, the trajectories of the NIMR strategy can reduce the 
amplitude of vibration to some extent similar the optimal con-

 
 
Fig. 10. Acceleration of rear-left seat from front left wheel excited with
60km/h. 

 

 
 
Fig. 11. Road holding for rear-left damper excited with 60 km/h. 

 
 

 
Fig. 12. Generated force by rear-left MR damper from front left wheel 
excited with 60 km/h. 

 

 
Fig. 13. Requirement voltages to rear-left MR damper from front left 
wheel excited with 60km/h. 
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trollers with less control effort and oscillations. Therefore, it 
can increase durability of damper and low cost of production. 
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