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Abstract: A controlled suspension usually consists of a high-level and a low-level controller.
The purpose the high-level controller is to analyze external data on vehicle conditions and make
decisions on the required value of the force on the shock absorber rod, while the purpose of the
low-level controller is to ensure the implementation of the desired force value by controlling the
actuators. Many works have focused on the design of high-level controllers of active suspensions, in
which it is considered that the shock absorber can instantly and absolutely accurately implement
a given control input. However, active shock absorbers are complex systems that have hysteresis.
In addition, electro-pneumatic and hydraulic elements are often used in the design, which have a
long response time and often low accuracy. The application of methods of control theory in such
systems is often difficult due to the complexity of constructing their mathematical models. In this
article, the authors propose an effective low-level controller for an active shock absorber based on a
time-delay neural network. Neural networks in this case show good learning ability. The low-level
controller is implemented in a simplified suspension model and the simulation results are presented
for a number of typical cases.
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1. Introduction

The existing vehicle suspension systems can be divided into three categories: passive, adaptive or
semi-active, and active [1,2].

Passive suspensions are completely dissipative systems in which the energy of motion of the
unsprung mass is transformed into thermal energy. In such structures, the shock absorber performance
is predetermined at the stage of suspension design, and cannot be changed further. Adaptive or
semi-active suspensions are also dissipative systems. However, in such designs, the performance
of the shock absorber can be changed during vehicle movement in accordance with the objectives
of the control system. Some authors do not distinguish the terms “adaptive” and “semi-active”
suspension, while others notice the difference in operating frequencies [1]. Further in the article the
term “semi-active shock absorber” is proposed. These designs can only limit the movement of the
sprung mass. For the problem of fully stabilizing the mass in a given position, active suspension
should be used [3].

Active shock absorbers are equipped with an external source of energy so that these systems
can generate forces on the rod, regardless of the unsprung mass displacement. The dissipative
characteristics of passive, semi-active, and active shock absorbers are presented in their general forms
in Figure 1a–c, respectively. The following notation is used in the figure: F—force on the shock absorber
rod, N; v—rod movement velocity, m/s. As can be seen in Figure 1b, the set of dissipative characteristics
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of a semi-active shock absorber lies in I and III quadrants; thus, the force vector F is always in one
direction with the velocity vector v.
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In an active shock absorber, the set of dissipative characteristics cover all IV quadrants due to an
external energy source, and force and velocity vectors can be oppositely directed. This property is
the great advantage of active shock absorbers, and it allows, in theory, the achievement of a complete
absence of movement of the vehicle body for the given planes.

Presently, among controlled suspension systems, designs of semi-active shock absorbers are the
most widely spread on the market [4–6]. This is largely due to their minimal energy requirements.
These are dissipative devices for which input power is needed only to control the valves [6]. One of
the classes of such devices are the shock absorbers with the possibility of stepwise changes in working
characteristics. Servomotors are generally used in this design, the following works on such shock
absorbers are most notable: [7–9]. Solenoid valves are also often used in the construction of shock
absorbers [8–14]. The next step in the development of semi-active shock absorbers is the usage of
valves that allow dissipative characteristics to change continuously [15,16].

Active suspensions have not received wide commercial distribution until recently. The main
reasons for this are their extremely high power consumption requirements. Concepts [17–21], as
well as research work on the control of active suspension systems [21–29], can be found in the
literature. There have also been a few approaches to the design of high-level controllers for active
suspension that have dealt with the delays and failures of actuators [30,31]. On the other hand, current
trends in the development of vehicles with increased supply voltage, as well as improvements in the
design of external energy sources, have allowed the creation of promising new solutions for active
shock absorbers.

As noted in [2], a big disadvantage of existing low-level controllers of active and semi-active shock
absorbers is their usage of idealized dynamical models. A large number of mass-produced controllers
based on dissipative characteristics have been provided in the form of lookup tables. However, this
approach does not ensure the high accuracy of the control system, since it does not take into account
the dynamics of actuators. Moreover, the performance of the shock absorber has a strong hysteresis
property, with origin loops that are asymmetrical to the coordinates (Figures 2 and 3). Recently, there
have been works in which authors have modeled real dissipative characteristics and develop control
algorithms. In papers [32–37], approaches have been considered that model the hysteresis property of
the shock absorber; however, the dissipative characteristic is assumed to be symmetrical.

One of the promising modern approaches to shock absorber controller design is the development
of algorithms based on the use of artificial neural networks (NNs). Among all the numerous topologies,
time delay neural networks (TDNNs) are noticeable. TDNNs were first introduced in [38]. The following
works represent the results of the successful implementation of time delay neural networks in the
design of magnetorheological damper controllers [39–43].

The objective of the article is to design a low-level controller for a fully active shock absorber with
asymmetric hysteresis loops of dissipative characteristics, and to test its effectiveness on an existing
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vehicle model. Active shock absorbers have two types of control inputs: currents on electromagnetic
valves and hydraulic pump flow rate. The proposed controller is based on a neural network with a
time delay. The resulting control system can then be used to control a real shock absorber. In view
of the parameters of the studied shock absorbers, developed control system is assumed to be used
for passenger vehicles. However, the proposed approach is universal, and can be applied to design
controllers for the shock absorbers of various vehicles (e.g., trucks, motorcycles, etc.). This article is
organized as follows: the methodology is described in Section 2; Section 3 describes the active damper
used for controller design and deals with designing neural networks, training, and proposed controller
architecture; Section 4 describes the simulation results; in Section 5, the developed controller is
implemented into a quarter vehicle suspension model. Finally, the obtained conclusions are discussed.

2. Methodology

The procedure of this research is as follows: first, experimental dissipative characteristics of
the active shock absorber were obtained for different control inputs. Next, the training dataset was
collected. The neural network was then trained using the dataset. The structure of the neural network,
inputs, and outputs, and the number of layers, as well as the number of neurons in each layer, were
selected by trial and error. To design a low-level controller, it was proposed to use a neural network
with 3 Proportional-Integral-Derivative PID controllers. The controller then was tested on different
reference signals. To test the effectiveness of the low-level controller, it was implemented in a quarter
vehicle model. NN training and simulation were performed in Matlab R2016b. Trained NN, as well as
the training dataset, are attached to the paper.

3. Time Delay Neural Network Controller Design

3.1. Active Shock Absorber Description

The fully active shock absorber has two types of input control signals:

1. The currents on the solenoid valves of the compression and rebound strokes iC, iR, whose values
lie in the range 0 . . . 1.8 A. Applying the current value to the valve changes its capacity. The values
of the force on the shock absorber rod and the values of the speed of the rod always have the same
sign. Thus, a shock absorber controlled only by the currents on the valves works as semi-active.
The set of a dynamic dissipative characteristics of the shock absorber for different values of
currents is shown in Figure 2. In Figures 2 and 3, the following notation in used: F force on the
rod, v—velocity of the rod, i—control current, Q—hydraulic pump flow rate.

2. The hydraulic pump flow rate Q lies in the range of −24 . . . 24 l/min, where the sign determines
the direction of the fluid flow. The set of dissipative characteristics obtained for different values of
Q are presented in Figure 3. A pump is essentially an external source of energy in the system, and
thus it becomes possible to generate forces on the rod opposite to the direction of the movement
of the rod. This is how the “active” property of the shock absorber is realized.

As can be seen from Figures 2 and 3, the dynamic dissipative characteristics are substantially
nonlinear. In addition, the hysteresis property can be seen in the system. It is also important to note the
asymmetry of the hysteresis loops relative to the origin of coordinates. Thus, to develop an efficient
and accurate control system, it is mandatory to take into account not only the instantaneous values of
the states of the dynamic system, but their time series.

.
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3.2. Neural Network Training

An artificial time-delayed neural network is in principle an extension of a multi-layer perceptron
that allows time sequences to be taken into account to work with problems in which the signals
are functions of time and previous values. In this case, the neurons had an interesting property of
memorizing the sequence of values of the input signals. This property also made it possible to train
NNs to approximate dynamic systems with hysteresis. A schematic diagram of the TDNN with n time
delays and m hidden layers is presented in Figure 4.
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In the learning process, the backpropagation algorithm is usually used; accordingly, all methods
for accelerating backpropagation can be applied.

For the best results, the training sample of the neural network should cover as much of the working
range of the system states as possible. To form a training dataset, the simulation was performed for
40 sec. In this case, the inputs on the system were as follows:

1. Displacement of the shock absorber rod x was defined as the product of two chirp signals, with a
frequency varying from 0.01 to 2 Hz, and from 1 to 4 Hz. The gain of the multiplication is 0.03 m.

2. The velocity of movement of the rod v was defined as the time derivative of the displacement.
3. Electrical currents and volumetric flow rate of a hydraulic pump were also defined as the product

of two chirp signals, with frequencies variable for iR from 1 to 1.2 Hz, for iC from 1 to 1.3 Hz, and
for Q from 1 to 1.3 Hz, with amplitudes in the range of their possible values.

The output of the system was the force on the shock absorber rod. Training sample signals are
presented in Figure 5.
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There are no universal methods for choosing the NN topology, its training algorithm, and its
parameters. Known patterns are mainly obtained empirically and are advisory in nature. By trial and
error, the following was defined:

TDNN input
q =

(
x, x−1, x−2, v, v−1, v−2, F, F−1, F−2

)
, (1)

where x is rod movement, v is rod velocity, and F is force on the rod, as well as their time delays up to
the second step. Thus, the input layer of the neural network consisted of nine neurons. For the output
layer of the neural network, we choose three neurons corresponding to the control signals; then, the
output of the neural network could be written as a vector.

y =
(
iRNN , iCNN , QNN

)
. (2)

The network structure was then written as 9-20-10-3, so that it had nine input layer neurons, two
hidden layers (with 20 and 10 neurons, respectively), and three neurons in the output layer. Sigmoid
function was chosen as an activation function for neurons in the hidden layers and linear function for
output layer neurons.

The training process diagram is shown in Figure 6.Energies 2020, 13, 1091  6  of  15 
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The following parameters were chosen for the training process:

1. Algorithm: Levenberg-Marquardt backpropagation
2. NN performance criteria: mean squared error (MSE)
3. Training epoch: 2000
4. Maximum number of validation degradation checks: 10
5. Data division: random, 60% for training, 20% for validation and 20% for testing

After 544 epochs, training stopped because 10 validation checks had been reached. The NN MSE
performance is presented in Figure 7. The figure shows that with an increase in the number of training
epochs, the MSE of the neural network decreased for all three phases (blue line for training, green for
validation, and red for testing).

Figure 8 shows a histogram of errors with 20 bins. Similar to the previous dependency, blue,
green, and red colors represent training, validation, and testing phases, respectively. It can be seen
from the figure that the errors were distributed relative to zero.
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The graph in Figure 9 shows a regression analysis between the outputs of the NN and the
desired targets. The solid line represents the best fit linear regression line between outputs and targets.
The dashed line represents the best results (i.e., when targets were equal to NN outputs). The R value
is an indication of the relationship between the outputs and targets, taking values from 0 to 1, where
0 means no linear relationship, and 1 means an exact linear relationship. The overall R value was
0.95211, so a strong relationship can be concluded.

Analyzing the graphs presented here, as well as conducting simulation experiments, conclusions
about the successful training of the neural network can be drawn.
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3.3. Controller Design

After the training process, the neural network is able to act as a controller. It can be said that the
resulting neural network is an inverse dynamic model of the shock absorber, since the input variables of
the shock absorber were the output of the neural network and vice versa. However, when using only a
neural network in the control system, acceptable results can’t be achieved, because there is no feedback
in such a system. For a feedback circuit, it is proposed to use the developed neural network together
with other controllers that could compensate for inaccuracies in the NN approximation. The control
system in this article is built using PID controllers. The PID control law is simple, and using it alone
is not enough to precisely control the active shock absorber. However, the control system based on
PIDs with the developed neural network shows good results. The architecture of the proposed control
system is presented in Figure 10.
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Here, we introduce three PID controllers—PIDiC , PIDiR and PIDQ—to compensate for NN errors
in compression, rebound valve currents, and the volumetric flow rate, respectively.

4. Simulation Results

The testing of the developed controller was carried out using several scenarios of a desired force
on the rod, covering a wide range of possible tasks for an active shock absorber: wave with changing
frequency, wave with initial time delay, sawtooth, and step signals.

4.1. Providing the Desired Force in the Form of a Wave Signal with Increasing Frequency

One of the main tasks in controlling active suspension is to provide the desired force in the form
of a wave. In this case, the frequency and phase of the wave can be arbitrary with respect to the input
periodic effect on the rod. The simulation results were presented when the displacement of the shock
absorber rod is in the form of x = 0.02 sin(2π·2·t). In this case, we defined the desired value of the
force to be specified as a chirp signal, with an amplitude increasing linearly from 1 to 3 Hz in 10 s.
The gain of multiplication was 10,000. Since the dissipative characteristics were not symmetrical in the
compression and rebound phases, the chirp signal was shifted up by 1500. The dependences obtained
are shown in Figure 11. Discussions of the results are below.
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4.2. Providing the Desired Force in the Form of a Wave Signal with Initial Time Delay

We selected the input of the shock absorber rod as in the previous scenario, but the frequency was
increased to 1.5 Hz. The desired output value of the force on the rod was set as a wave signal with a
frequency of 1 Hz and an initial delay of 1 s. The value of the force on the rod was equal to 1000 N.
The results are shown in Figure 12.

Energies 2020, 13, 1091  9  of  15 

 

Next we  considered  the  implementation of  the output value of  the  system  in  the  form of  a 

sawtooth function. The input was the same as in the previous example. The results are presented in 

Figure 13. The maximum values of the error in the sawtooth rose sharply to the 15% limit, and the 

error stabilized around 0 in a short time (about 0.02 sec). 

 

 
 

Figure 11. Desired force as a sine wave with increasing frequency. Top: velocity of the rod; bottom: 

force on the rod (red—desired, blue—actual). 

 

 
 

Figure 12. Desired force as a delayed sine wave. Top: velocity of the rod; bottom: force on the rod 

(red—desired, blue—actual). 

 

 
 

Figure  13.  Desired  force  as  a  sawtooth.  Top:  velocity  of  the  rod;  bottom:  force  on  the  rod 

(red—desired, blue—actual). 

4.4. Providing the Desired Force in the Form of a Step Signal 

The step signal was considered, since it can be used to draw conclusions about the performance 

and accuracy of  the control system  in extreme scenarios of an  instant change and  in maintaining 

Figure 12. Desired force as a delayed sine wave. Top: velocity of the rod; bottom: force on the rod
(red—desired, blue—actual).



Energies 2020, 13, 1091 10 of 16

4.3. Providing the Desired Force in the Form of a Sawtooth Signal

Next we considered the implementation of the output value of the system in the form of a sawtooth
function. The input was the same as in the previous example. The results are presented in Figure 13.
The maximum values of the error in the sawtooth rose sharply to the 15% limit, and the error stabilized
around 0 in a short time (about 0.02 s).
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4.4. Providing the Desired Force in the Form of a Step Signal

The step signal was considered, since it can be used to draw conclusions about the performance
and accuracy of the control system in extreme scenarios of an instant change and in maintaining
constant value of the outputs. The signal levels were -1000 and 4000 N. Step time was 1 s. Results are
shown in Figure 14.
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5. Implementation of the Developed Controller in the Quarter Vehicle Model

To test the efficiency of the developed controller, a simulation of a quarter-mass model of the
vehicle was also carried out. The mass of the body was denoted by mb, and the mass of the wheel by
mw. We denoted the vertical displacements of the body and the wheel as xb, xw, respectively. The road
profile was set as xr. For demonstration purposes, a simple model was used, where the operating
characteristics of elastic and dissipative elements are considered to be linear and denoted by the
stiffness coefficient ks and the damping coefficient cs, respectively. The tire damping properties were
ignored. The elastic properties of the tire were expressed as a linear characteristic with the coefficient kt.
A sketch of the quarter vehicle model is presented in Figure 15. The parameters used in the simulation
are listed in Table 1.
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Table 1. Quarter vehicle suspension parameters.

Parameter Symbol Value (Unit)

Mass of the body mb 375 (kg)

Mass of the wheel mw 29.5 (kg)

Suspension stiffness ks 20.58 (kN/m)

Damping coefficient cs 772 (Ns/m)

Tire stiffness kt 200 (kN/m)

The force generated by the active shock absorber is fd. Using Newton’s Second Law, we get [44]:

mb
..
xb + ks(xb − xw) + cs

( .
xb −

.
xw

)
+ fa = 0,

mw
..
xw − ks(xb − xw) − cs

( .
xb −

.
xw

)
+ kt(xw − xr) − fa = 0.

(3)

After corresponding transformations, the state space model is obtained:

.
x = Ax + B fd + Dx,

A =


0 0 1 0
0 0 0 1
−

ks
mb

ks
mb

−
cs
mb

cs
mb

ks
mw

−
(ks+kt)

mb

cs
mw

−
c

mw


T

,

B =

(
0 , 0, −

1
mb

,
1

mw

)T

,

D =

(
0, 0, 0,

kt

mw

)T

,

x =
(
xb, xw,

.
xb,

.
xw

)T
.

(4)

PID control gains are obtained in [34]. Controller output (desired force on the rod):

u(t) = fd = kpe + ki

∫ t

0
e(τ)dτ+ kd

de
dt

,

e = xb − xw,
(5)
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where e is the control system error; and kp, ki, kd are the proportional, integral, and differential gains of
the controller, respectively.

The driving of a car through a single road bump was chosen to determine the quality of the test
scenario. The road profile was defined in accordance with [34]:

xr =

 a(1− cos(ωr[t− 0.5])), i f 0.5 ≤ t ≤ 0.5 + db
Vc

0, otherwise.
(6)

where a is half the height of the bump, db is the bump width, Vc is the speed of the vehicle, and
ωr =

2πVc
db

. The irregularity profile as a function of time is presented in Figure 16 (the parameters are
as follow: a = 0.035 m, db = 0.8 m, Vc = 0.856 m/s).
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In Figure 17, graphs of the desired force (output of the PID controller, red line) and the actual force
on the shock absorber rod (blue line) are presented. As can be seen from this figure, the developed
controller of the active shock absorber provided, with an acceptable level of error, the realization of
the desired force. Figure 18 depicts a graph of the vertical acceleration of the vehicle body

..
xb with a

passive shock absorber (red line), and an active shock absorber with a developed controller (blue line).
The advantage of using active shock absorbers and the possibility of a significant reduction in the level
of dynamic loads thus can be seen in Figure 18.
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The second type of road input, normally used to analyze the behavior of a vehicle’s suspension,
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Figure 19. Desired force on the rod generated by the high level PID controller in the case of a sine
excitation (blue) and actual force on the rod (red).

By using the sinusoidal input for the quarter vehicle model, overall frequency responses can be
obtained for different frequency ranges. It can be seen that in the case of a sinusoidal excitation, the
designed controller also provided sufficient results. The error peaks were very short in time (less than
0.01 s).

6. Conclusions and Discussion

The article presents an approach to developing a a low-level active shock absorber controller
based on the use of a time-delayed neural network.

Training a neural network does not require high-precision physical and mathematical models of
the control object and identification of its parameters. Thus, for designing the controller, experimental
data are required to form a training dataset.

After the training, the neural network showed a good ability to approximate the inverse model of
the active shock absorber. Combining a neural network with traditional PID controllers allowed it to
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compensate for its learning errors. Various simulations were carried out to assess the performance of
the proposed approach. The results can be considered satisfactory for technical tasks, with a maximal
error that did not exceed 15% with a very short stabilization time (around 0.02 s).

The proposed low-level controller was integrated into the existing high-level active
suspension controller.

The results show the possibility of using time-delay artificial neural networks for the design of
low-level controllers for an active shock absorber. Various combinations of the number of hidden
layers of the neural network, as well as the number of neurons of each layer, can reduce the resulting
errors. In addition, the usage of advanced control algorithms, instead of PID controllers, also can
improve control system performance.
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