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Abstract: This article presents a neural algorithm based on Reinforcement Learning for optimising
Linear Quadratic Regulator (LQR) creation. The proposed method allows designing such a target
function that automatically leads to changes in the quality and resource matrix so that the target
LOR regulator achieves the desired performance. The solution’s stability and optimality are the
target controller’s responsibility. However, the neural mechanism allows obtaining, without expert
knowledge, the appropriate Q and R matrices, which will lead to such a gain matrix that will realise
the control that will lead to the desired quality. The presented algorithm was tested for the derived
quadrant model of the suspension system. Its application improved user comfort by 67% compared
to the passive solution and 14% compared to non-optimised LQR.

Keywords: LOR; neural networks; optimal control; MIMO systems; suspension control; active
suspension system; suspension performance index; wheeled vehicle

1. Introduction

Control issues of multidimensional systems are very complex. There are many strate-
gies for controlling such structures. One of the most widespread is the LQR method [1-9].
It provides an optimal solution for the assumed values of the parameters of the quality
matrix Q and resources R [10]. In addition, it allows us to determine the robustness of the
system [11] and ensure its stability [12]. Unfortunately, although LOR is the most optimal
control scheme, it has shortcomings. It is not very robust to parametric uncertainties in the
model. The solution to this problem may be Machine Learning. It provides a direct link
between optimal and adaptive regulation [13]. As reported by [14], learning adaptation can
solve optimal control tasks using Reinforcement Learning (RL). The principle underlying
this class of methods is to improve its performance based on rewards and punishments
received as a result of actions taken in an environment.

A system for optimising the parameters of the quality matrix Q and resources matrix
R was applied to the active suspension control system in [15]. In this case, the linearisation
of the nonlinear model of hydraulic actuators was used. The parameter selection algorithm
was based on a random parallel check of the parameters limitations, the deviation for the
displacement of the protected mass and the acceleration of its vibration. Unfortunately,
the random selection of these matrices parameters did not significantly improve the quality
of the control of the suspension quarter.

Another method for optimising those parameters is Particle Swarm Optimization
(PSO) [16]. In the search for better Q and R settings, the authors used this meta-heuristic
algorithm to mimic the movements of swarms in nature. This biomimetic algorithm
allows searching for a better solution by mimicking the interactions in a swarm of birds
or fish when searching for food. This algorithm improved control quality compared with
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the heuristically tuned PI, LOR and LQG regulators for the SISO system. Unfortunately,
the algorithm did not improve control quality for a MIMO object with added disturbance.
The authors in [17] proposed a PSO algorithm for tuning the LQR regulator by indirectly
finding the gain matrix for the assumed coefficients of the matrix Q and R. The authors
point out that small changes in the parameters in the PSO algorithm can result in the
degradation of the control quality of the LQR regulator.

The authors in [18] and in [19,20] sought a solution using fuzzy logic of 1 and 2 type.
In those cases, fuzzy logic was used to linearise the input model to the LOR mechanism.
The fuzzy model was reduced to interpolating the nonlinearity of the system and control
inputs. Similarly, in [21], attempts were made to identify stable operating states of the
3-link robot Gymnast using fuzzy logic. Nevertheless, its role was reduced to interpreting
the results of the LQR controller with a priori assumed parameters of the Q and R matrices.

A different approach was proposed in [22]. Fuzzy logic was also used to tune online
non-zero parameters of Q and R. In this method, the membership functions were selected
based on expert knowledge regarding the effect of Q and R matrices characteristics on
the dynamic performance of the system. However, the approach was based on the fact
that after each time selecting the equivalent rules for fuzzy logic, the expert evaluated the
control quality and then modified the rule basis and membership functions to improve
the system’s performance. In this case, supervision of the system was needed not only in
defining the initial parameters of the system but also in validating the results obtained.
Therefore, the optimality of the solution needed continuous intervention in the operation
of the reasoning system.

There are other works regarding tuning the LQR controller using fuzzy logic. However,
they are concerned only with the selection of parameter settings of the R matrix [23,24] or
the evaluation of control quality itself. [25,26].

The policy of model-free gradient algorithms is mainly concerned with the continuous
state space. Systems are often preprocessed into a partially observable Markov problem [27].
Such a system has its action space, transformed state space and transitions between states,
which are stochastic. Model-free policy gradient algorithms are mainly used for models
whose action domain and state space are continuous. Before applying RL methods, the sys-
tem is first transformed into a partially observable Markov decision problem with an action
space, state space and stochastic state transitions depending on the action taken [28]. RL
algorithms can account for perturbations in the system due to nonlinearities because they
are a class of solutions that map to any control hyperplane.

As described in [29], it is possible to significantly improve gradient methods by
iterating only over the state space to create a gradient that matches the surface of the
state space.

Combining convolutional neural networks with existing Q-learning methods has led
to the development of the Deep Q-Learning (DQN) method [30]. These results support
the concept that the Q-Learning algorithm can find application in various direct control
tasks. In this case, the CNN part is responsible for feature extraction after multiple layers
of sensory data extraction. On this basis, the learning table is updated. Unfortunately,
the main drawback of this method is the limited action space in direct control.

Unfortunately, all direct control methods using neural networks have significant
shortcomings regarding stability. First, it is impossible to determine whether the system
will behave stably at a given learning epoch. Unfortunately, this results in the fact that
they cannot be learned directly on the target of the basic object because they can lead
to its destruction. This happens despite the adaptive properties of direct control using
neural networks.

This article presents a new methodology for applying Reinforcement Learning net-
works to control an automotive quarter suspension model. In this method, the classical
LOR controller is responsible for the optimal control, which ensures the system’s stability
by assuming constraints on the quality matrix, Q, and the resource matrix, R, parameters.
Then the Reinforcement Learning method will be used to modify the parameters of these
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matrices. It is a method in probabilistic space that leads to the most practical solution.
The generalisation of such a system learning policy for continuous time dynamic systems
is complex. Unlike current solutions, the presented method will not be limited to policy
iteration to teach direct controllers. The LQR controller takes over this role, so it will be
possible to assume that the stabilising control policy is known a priori.

The proposed algorithm provides an intuitive way to influence the target control quality.
By determining the penalty function, the DQN network in probabilistic space equates the
values of the parameters of the Q and R matrices to those that achieve the assumed control
quality with the LQR controller. Different from classical methods, expert knowledge will
be optional here. This knowledge usually defines the exact effect of the parameters of both
matrices on the final quality of control for each state variable. The added value of the
presented solution is that the operator, according to their intuition and by specifying the
penalty function, indicates the direction in which the neural network should operate to
achieve acceptable control quality. Of course, the stability and optimality of the solution
will be provided by the LQOR controller. On the other hand, the DQN will allow such
parameterisation of the two matrices to ultimately achieve control of a certain quality for each
state variable while consuming the resources assumed by the system designer. The proposed
solution guarantees the stability of the control system due to the use of the LQR controller.
The neural network is used only to select the coefficients of the quality matrix, Q, and the
resource matrix, R. Unlike a purely neural regulator, there is no need to search for a candidate
Lapunov function to test the system’s stability.

The proposed Reinforcement Learning method fills the gap between traditional op-
timal and adaptive control. This paper presents an example of implementing a novel,
model-free, RL-based continuous optimal adaptive controller for an automotive suspension
model. The controller uses a novel Reinforcement Learning (RL) approach to develop an
optimal policy online. The RL controller observes the state space and determines its actions
based on a penalty function, which is defined in such a way as to guide the actor’s actions
toward receiving a certain quality of control. This method can be transferred to nonlinear
systems in the future, where the values of the Q and R matrices at discrete operating points
will be selected so that the quality of control does not degrade despite the change in the
linearised model.

2. Methodology

Several specific milestones in the presented solution allow us to achieve the target
results. The functional diagram is shown in Figure 1. First, a numerical model based on
the fundamental laws of mechanics was developed. This model is described in more detail
in Section 2.1. The numerical model was crucial for learning the network and obtaining
control quality indicators.

In the next step, extortion in accordance with the standard in [31] was introduced. This
standard refers to unifying vertical profile data for roads, streets, highways and off-road
profiles. It uniquely defines the ground vertical profile data. From there, it was used
to generate a standardised input in the form of an assumed road profile, which became
the input signal for the numerical model. Such a system generated the response for each
state variable for the passive solution and the classical LQR controller. In the case of a
neural network, a design in which a reward function is present was applied. This function
is explained in more detail in Section 2.2. This approach aims to replace the relatively
laborious and challenging process of selecting the parameters of the Q and R matrices by
introducing an intuitive mechanism for rewarding the agent for the modifications applied
to the values of these matrices. Based on its previous actions, the current action and the
effects of the agent’s actions on the system under study, subsequent modifications are made
to the Q and R matrix coefficients. The modification of the parameters occurs after the
entire road is generated according to the ISO standard, so one epoch of learning the agent
(iterative calculation of new Q and R parameters) was performed not point by point but
after passing the entire generated road profile. Learning is terminated when the required
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control quality is achieved. In order to evaluate each type of control, the control evaluation
indicators included in Section 3 are proposed.
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Figure 1. Scheme of conducted experiments.

2.1. Mathematical Modeling

A mathematical model with lumped parameters of a quarter suspension of a wheeled
vehicle (Figure 2) was subjected to simulation analysis. This model corresponds to one
strut of the vehicle’s suspension. It consists of a sprung mass m;, which represents the
chassis part per suspension strut, and an unsprung mass ;, which represents the moving
elements of the suspension, such as the tire, including the rim, the swing arm and the
steering knuckle. The tire is represented as a spring element k;. The tire viscous damping
was omitted due to its negligible effect on the dynamics of the whole model. The vehicle
suspension components were modelled as a spring element k; and a viscous damping
element c;. In the case of an active suspension system, the important element is the actuator,
which can be a hydraulic actuator or another actuator with linear motion, such as an
electric actuator. The force generated by the actuator is denoted as F;. Displacements
in the vertical direction of the sprung mass ms and unsprung mass m; are denoted as z;
and z;, respectively. The presented model reduces the complex motion of the suspension
components to linear motion and has been widely used in the literature [32-36]. The model
does not include an additional degree of freedom representing the driver’s seat, assuming
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that minimising the vibration of the entire body improves travel comfort. The model
parameters were determined from [32] and are presented in Table 1.

Table 1. Model parameters.

Symbol Value Unit Meaning
ms 400 K Sprung mass
mg 50 & Unsprung mass
ks 30 x 103 N Suspension linearised stiffness
ke 200 x 10° m Tire stiffness
Cs 200 Nxs Active suspension linearised damping
b 1500 m Passive suspension linearised damping
g 9.81 2 Gravitational acceleration

Figure 2. Model of the active suspension strut.

The model was described by a system of two second-order differential equations that
include the equilibrium force equations for each mass (1) and (2) [32,37]. The model was
described at the static equilibrium point of the system, where the gravity force is balanced
by the static deflection of the suspension spring and tire. Therefore, the gravity force has
yet to be included explicitly in the equations describing the system.

mszs+cs(zs_zt)+ks(zs_zt) =F (1)

mZy + Cs (Zt — Zs) + ks (Zt — Zs) -+ kt(Zt — ZU) = —F (2)

A representation of the active suspension strut model in the state space is given by the
following Equations (3)—(5):

X = Ax + Byu + Byw 3)
y==Cx 4)
X = 25 25 24 z't]T,y: [zs zt]T,u:Fs,w:w (5)

The input matrix B of the system was decomposed into a matrix of controllable input,
B, related to the force generated by the actuator and non-controllable input, By, related to
the kinematic excitation, w, from the road irregularity. We may consider the uncontrollable
input w as a disturbance acting on our object. The controllability and stability conditions
have been fulfilled.
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The aim of the control is to keep the system in equilibrium or at a preset operating
point, despite the disturbances acting on it. This task involves determining the control that
minimises the standard squared performance index:

J= / (xTQx + uTRu)dt (6)
0
by determining the matrix K of the control signal, () is then given by the relation:
u(t) = —Kx(t) @)

The matrix K is the gain matrix of the state variables uniquely determined by the
LOR method [3,6,9]. Then, a closed-loop system with feedback from state variables to
controllable input is then described by a state equation:

% = (A — B,K)x + Byw = Ax + Byw (8)

and the output of Equation (4).

The coefficients of the diagonal matrix Q result from assuming the performance index
as a weighted arithmetic mean of the indicators corresponding to each vehicle suspension’s
evaluation criteria, such as comfort, safety (grip) and ground clearance (suspension travel).
The R coefficient was selected to ensure that the system operates within the relevant range
of control signals [38].

2.2. Neural Model Architecture

The primary purpose of the neural algorithm is to obtain Q and R matrices for cal-
culating the gain matrix K by the LQR algorithm. In order to achieve such functionality,
the Reinforcement Learning (RL) algorithm was modified. A relatively simple DQN agent
with continuous observation and discrete action space was used. Since the goal was not to
obtain an agent with a specific behaviour but a specific one-time response, the choice of
agent is of secondary importance. The system’s architecture is shown in Figure 3. The entire
learning algorithm is based on taking action through an agent.

Initial Q & R
% / Training algorithm \
: [ Agent ]
05 =
E -
{ Road ] g
K simulation / 2
stop | ; _
[ criteria | —{ Result:t Q&R |

Figure 3. The architecture of the system for selecting quality matrix settings Q and resources R.

2.2.1. Observation Vector

The environment provides the agent with a vector of observations consisting of the
results of a simulated road trip and the current parameters (or initial parameters for the first
iteration) of the matrices Q and R. The observation vector includes the following constant
vectors (C) and modified vectors (M):

- ms—sprung mass (C);
- my—unsprung mass (C);
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- ks—suspension spring stiffness coefficient (C);
—  ky—stiffness coefficient of tyre (C);

- cs—suspension viscous damping coefficient (C);
- Q—quality matrix (M);

—  R—resources matrix (M).

Constant vectors were introduced because adaptability to nonlinear system parameters
will be tested in future studies. In contrast, the agent modifies the parameters of the Q and
R matrices in each iteration.

2.2.2. Reward Function

Based on the observations of the system state, the agent decides on the following
action. As shown in the [27], it is impossible to fully understand the sequence of actions
performed from the current observation. Therefore, the agent remembers previous states
and the impact of subsequent actions taken on the reward. Therefore, the agent analyses
the subsequent actions and observations sequence and, based on this, learns the strategies
for changing the matrices Q and R. All the agent’s actions are carried out in such a way so
as to maximise the reward function. This is a crucial element of the method, as it leads to
obtaining the assumed quality of control by intuitively determining the critical parameters
for the user. The reward function is defined by the relations (9)—(14):

—1 3o0r, > 5000
Ry = { 0 elsFeS ©)
—1 3op, > 0.75x Ftatie
Ry = { 0 elsFet t (10)
10 oz, < 0.005
Ry = { 0 elZ;e (11)
1000 o, < 0.004
Ry = { 0 ef;e (12)
—11  Q not positively defined
Rs =4 —10 R not positively defined (13)
—500 Other LQR creation errors
Rew = —0;, + Ry + Ry + R3+ R4+ Rs (14)

where

- op,—standard deviation of the force generated by the actuator;

- op—standard deviation of the dynamic component of the wheel load force on the

ground;

F;static__static component of the contact force;

- 0z, —standard deviation of the sprung mass displacement;

—  Ry—penalty for exceeding the forces realisable by the actuator according to the three-
sigma rule;

-  Rpy—penalty for exceeding the dynamic component of the wheel load force according
to the three-sigma rule;

—  Rg—reward for reducing the standard deviation of the sprung mass displacement to a
level below 0.005 m;

-  Ry—reward for reducing the standard deviation of the sprung mass displacement to a
level below 0.004 m;

—  Rs—penalty for errors in creating the LQR;

- Rew—reward.

Taking an analytical approach to the penalty function, the actor receives the smallest
penalty in the case of R; and R». In the first case, the system is penalised when the control
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developed based on the matrix coefficients selected by the system is not realisable by the
actuator. According to the three-sigma rule, such a situation occurs when three times the
standard deviation of the active force 3or, exceeds the maximum force that the actuator
can provide. In the second case, the wheel is detached from the ground (according to the
three-sigma rule with a probability of 99.7%) when three times the standard deviation of
the dynamic component of the load force, 30F,, exceeds the static load force, F£'9. It is an
unacceptable situation leading to a loss of traction; therefore, a safety factor of 0.75 was
assumed. The actor will already be penalised 25% before the developed control allows the
wheel to detach from the roadway. It is a penalty that affects the driving safety rating. The
R3 and R4 penalties are related to the user’s sense of comfort. They are positive, so the actor
is rewarded for providing adequate comfort for the person being transported. Note that
the system designer selected an Rz penalty more than an order larger than the previous
two penalties because it was considered that user comfort is a significant component of the
system’s performance assessment. In addition, if the actor finds values for the parameters
of the quality matrix, Q, and the resources matrix, R, that further reduce the standard
deviation of the vehicle’s body displacement. The reward Ry is two orders higher than the
reward Rj. The Rs penalty is due to the assumption that the obtained coefficients of the
matrix should make it positive definite so that stable operation of the LQR controller can
be obtained. It is dictated by the requirements of a correct operation of the control system.
The aggregate reward function also takes into account the standard deviation, o, of the
vehicle body displacement directly. The larger it is, the more the agent is penalised.

2.2.3. Agent Definition

The agent’s action space is discrete. It is necessary to force small (on the order of 10~°)
steps in the space of possible Q and R. Action space was provided by generating a matrix
of all combinations of the vector [—10’5, —-1073,-0.1,0.1,1073, 10’5}. The agent can move
through Q and R space with only such discrete steps. It allows for small and large values
of Q and R in a single learning episode. In order to force an agent’s specific behaviour,
the value of R is multiplied by 10-, which increases the possible forces applied by the
LQOR controller.

2.2.4. Training Algorithm

Each learning step begins by loading the stored values from the previous step (or
injtial values), and then the action taken by the agent is transformed into the change value
of Q and R, which is summed with the loaded values. The positivity condition of the Q and
R matrices is then checked, ensuring that the LOR controller can be formed and is stable.
If any of the matrices are not positive definite, the environment generates a penalty and
skips the simulation run. If the matrices meet the conditions, the environment generates
the LOR and loads the road data for simulation. The simulation of driving the specified
road is then carried out, and the measurement results are passed on to calculate the reward
value. The reward is calculated based on the standard deviation of the z; value (multiplied
by —1). In addition, an additional penalty was added for exceeding permissible forces
and permissible tire deflection. Then the condition for writing Q and R was checked. If it
was met, the values were written to the file, and the agent received a reward. A single
learning cycle consisted of 2000 episodes of up to 250 steps each. At the end of the learning
cycle, the stored Q and R values were compared in terms of extended integral indicators of
control quality and the best one was selected. The functional diagram is shown in Figure 4.



Energies 2023, 16, 1677

90f17

Create new LQR

Y

Simulate new LQR

&

J

Y

Calculate Reward

Is reward
igher than targe

Y

Read memory

Y

Calculate new

Qand R

IsQand R
positive defined

Save Q and R to file

\ 4

Penalty

Save to memory [«

Figure 4. Diagram of a single learning step.

3. Results

In the classic approach to designing a linear quadratic controller, the values of matrix
coefficients Q and R are iteratively selected by the designer so that the control system meets
the assumed requirements and physical constraints of the actuators. This paper presents a
method of selecting the Q and R matrix elements using a neural network. Such an approach
relieves the designer from selecting specific numerical values of the elements of the weight
matrices, instead expecting them to specify the desired comfort level and safety of the
active suspension strut at the stage of creating the neural network reward function. For the
system with a classic Linear Quadratic Regulator (LOR system), the form of the diagonal
Q matrix and R coefficient are adopted according to (15), while for the system supported
by a neural network (NN LQR system), the Qnn matrix and Ry coefficient are adopted
according to (16).
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1 0 0 0

o 1070 o 0 _ 10

Q=10 o o0s o [[R=1x10 (15)
0 0 0 10°
0.7960 0 0 0
B 0 0.9120 0 0 B ~10
QNN = 0 0 0.6961 0 rRNN = 94 X 10 (16)
0 0 0 0.0009

One of the basic criteria for evaluating vibroisolation systems is the vibration trans-
missibility ratio. This ratio is considered in the frequency domain and can be defined as a
displacement transmissibility function. In order to assess comfort, the displacement trans-
missibility function, L, «(f), described by the relation (17) was adopted. Non-logarithmic
displacement transmissibility functions, T, are defined as the ratio of modulus from the
Fourier transform of the selected input and output signals (F). This function illustrates
how the kinematic excitation from the road irregularity affects the vertical displacement of
the sprung mass. For linear objects, this function is the modulus of the spectral transfer
function of the object from input w to output zs. The displacement function of the tire de-
flection, Lz, —w,»(f), given by the relation (18) was used to evaluate the safety. This function
illustrates how the kinematic excitation from road irregularity affects the dynamic defor-
mation of the tire. In the case of both functions, smaller values of the function mean better
suspension performance in a given aspect. The function U, (f) given by Equation (19) is
a function of the force generated by the actuator in the frequency domain.

Ly, (f) =20log(Tzw(f)) = 2010g<m> (17)

Lz—ww(f) = 20log(Tz—ww(f)) = 20 108( |]:(|Z‘t7_£2l)zt;;|(t))|> (18)

uster(f) =20 log<m> "

The obtained frequency characteristics are shown in Figure 5. For active suspension
systems, the function L, (f) takes values less than zero for the entire analysed frequency
range. It can be seen that the vehicle’s active suspension systems improve travel comfort
in almost the entire analysed frequency range, especially in the low frequency range.
The ability to reduce vibrations at low frequencies is one of the main advantages of using
active vibration reduction systems over passive vehicle suspension systems. It is worth
noting that the NN LQR system reduces both the values of the functions L., (f) and
Lz, —ww(f) in the neighbourhood of the higher resonant frequency compared to the LQR
system. In addition, for excitations in the frequency range from 1 to 6 Hz, the NN LOR
system has the highest comfort among the analysed systems.

Moreover, frequency domain integral performance indexes are given by Equation (20) and
were introduced to evaluate the suspension.

comf __ 1 /fl . safe _ 1 /fl
z fl _ fO X TZs/w (f)df 4 z fl _ fO o Tzf—wlw (f)df (20)

These performance indexes correspond to the average value of a given vibration
transmissibility function in the analysed frequency range from start frequency fo = 0.5 Hz
to final frequency f; = 20 Hz. The performance index J<°™ determines the comfort level of
a given suspension strut; smaller values of the performance index mean a smaller average
displacement of the sprung mass and thus a higher level of comfort provided by a given
suspension system. Similarly, the performance index J$¢ determines the safety level of
a given suspension strut; smaller values of the performance index mean smaller average
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dynamic deformation of the vehicle’s tire and therefore a higher level of safety provided by
a given suspension.

|

Passive LQR NN LQR |

T T

dB
[}

dB
zt-w,w
o

) e ‘ 1
10° 10!
8 100f ]
~ P——
§ o 1
g
5
b"’ 60 i
10° 10!
f[Hz]

Figure 5. Comparison of the frequency characteristics of the analysed systems.

A comparison of the calculated performance indexes is shown in Figure 6. It can be
seen that there is a significant improvement in comfort for both active systems compared
to the passive suspension strut. The indexes representing safety in the case of the active
systems, although taking higher values than the passive system, are acceptable for harmonic
excitations. The NN LQR system achieves better performance indexes than the LQR system
in terms of comfort and safety.

Comfort Road-holding
$ $
& (o) & (o)
I RN S RN
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025t
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02F
=
i“ 0.15 1t
0.1r
0.5+
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0 0

Figure 6. Comparison of performance indexes of the analysed suspension systems.
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A random signal of excitation due to road irregularities generated in accordance
with [31], simulating the passage of a tested suspension strut through a road in different
quality classes at a constant speed of 60 km/h, was used to determine the time domain
performance indexes. The standard defines the basic stochastic parameters of acceptable
inequalities for different road classes. The road quality defined by the standard is described
by a given distribution of the power spectral density of the road irregularities as a function
of the angular spatial frequency. The applied kinematic excitation due to road irregularities
is shown in Figure 7. The generator of used random excitation is described in [39,40]. Each
simulation lasted at least 100 s. Simulations were carried out for excitations conforming to
road classes A-B, B-C and C-D [41].

\ ISO C-D —— IS0 B-C ——ISO A-B|

0.04

0.03

0.02

0.01

w [m]

-0.01

-0.02
-0.03

-0.04 1 1 1 1
0 20 40 60 80 100

t[s]

Figure 7. Time courses of excitation due to road irregularities generated according to [31] at a constant

driving speed of 60 km/h.

Sample results of the simulation tests are presented in Figure 8. The figure shows only
the first 10 s of the 100 s simulation time for illustrative purposes. There is zero mean value
of excitation and model response for the entire simulation time. It can be seen that there
is a significant improvement in comfort by both active suspension systems compared to
passive suspension. The displacements of the sprung mass were reduced by the LOR and
NN LQR active systems compared to the passive system. The tire dynamic deformation,
zy — w, remains at an acceptable level.

The time courses of the force generated by the actuator are shown in Figure 9. The max-
imum force values do not exceed the assumed performance of the actuator system. For the
LQR system, this was the main factor in the iterative selection of the value of the coefficient
R. For the NN LQR system, the maximum force values that the actuator can provide were
taken directly into account in the neural network’s reward function, and exceeding them
involved a significant penalty for the neural network.

A comparison of the calculated suspension time domain performance indexes is shown
in Table 2. The table summarises the suspension system quality evaluation indicators
regarding standard deviations of specific displacements or forces. The value 0, indicates
the standard deviation of the excitation displacement from the road’s unevenness.
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Figure 8. Time courses of sprung mass displacement and tire deflection (ISO C-D, 60 km/h).
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Figure 9. Time courses of the force generated by the actuator (ISO C-D, 60 km/h).

Table 2. Comparison of suspension time domain performance indexes.

Performance Index Road
Suspension Road Class
oz, [mm] 0,4 [mm] of, [N] of, [N] 0w [mm]
Passive AB 5.28 0.90 179.89 0.00
LOR 60 km/h 0.99 1.27 253.54 84.86 3.02
NN LOQR 1.09 0.95 190.06 99.79
Passive B_C 10.71 1.89 378.84 0.00
LOR 60 km/h 2.01 2.74 548.85 173.01 6.14
NN LQR 2.20 2.08 416.18 205.77
Passive Cc-D 21.03 4.05 809.90 0.00
LOR 60 km/h 3.95 6.34 1267.64 343.06 12.19
NN LQR m 4.34 4.74 947.42 418.83

The following suspension time domain performance indexes were adopted:

- o0z,—standard deviation of the sprung mass displacement, comfort rating;
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- 0y -_gp—standard deviation of dynamic tire deformation, safety assessment;

- op—standard deviation of the dynamic component of the wheel load force on the
ground, safety assessment;

- op—standard deviation of the force generated by the actuator, evaluation of the
realisability of the algorithm by the actuator unit.

It is apparent that there is a significant improvement in ride comfort for active suspen-
sion systems regardless of the simulated road category. In the case of active suspension
systems, the standard deviation of the sprung mass is approximately five times smaller
than in a passive one in all simulated cases. The differences between the LOR and NN
LOR systems in terms of comfort are minor, at around 10%. The forces generated by the
actuator in the NN LQR system are slightly larger than those of the LQR system, but they
are realisable by the actuator. The tire’s dynamic deformation standard deviation for the
NN LQR system is about 2% smaller than the LOR system. The NN LOR system has better
safety rating indicators while maintaining equally good comfort rating indicators compared
to the LOR system.

In terms of driving safety, the ability of a vehicle’s suspension to maintain wheel
contact with the ground plays a key role. The tangential forces that provide traction and
vehicle handling are closely related to the wheel-to-ground forces. In order to better assess
driving safety, an additional quality assessment index was introduced:

Ft = kt<Zt — ZU) (21)

which is the dynamic component of the wheel-ground contact force. According to [42],
in order to ensure safety, it is necessary to minimise the ratio of the dynamic component of
the contact force, 0, to the static component of the contact force, F'#c:

. UF,
min (Ftstattic ) (22)

In the presented system, the static load is 4415 N. The static load was calculated as the
pressure of the suspension system on the ground in static equilibrium. Therefore, it is the
sum of the sprung and unsprung masses multiplied by the gravitational acceleration with
parameters according to Table 1 according to the formula:

Etetic — o(mg + my) (23)

A high dynamic component of the contact force leads to loss of grip. In the reward
function of the neural network, the critical and non-exceedable value is the inequality:

30F, < 0.75F;!tic (24)

taking into account the additionally adopted safety factor of 0.75.

Thus, the NN LOR system met the adopted assumptions. The LOR system is char-
acterised by a larger o, performance index than the NN LOR system. Despite this, even
for the C-D road class, it met the criterion 3¢; however, without the assumed safety factor
of 0.75.

4. Conclusions

A vehicle’s suspension can be excited to oscillate by surface irregularities on a road.
In order to prevent such a phenomenon and to improve stability, a system with an LQR
controller is proposed, in which the coefficients of the Q and R matrices are selected using
a neural reasoning system. The presented research focuses on finding the most optimal
settings possible by simulating vehicle oscillations for a quarter-dynamics model with
forcing from the road surface. The proposed solution is compared with a passive system
and an LOR controller with heuristically selected parameters. The design process of the
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neural optimiser is shown. According to the simulation results, the displacement and
acceleration values of the protected mass were improved, and user comfort increased
compared to the passive and heuristic LQR control.

This article shows how to solve the posed problem using the DQN algorithm. The re-
sults presented allow us to identify the main advantages of the method:

—  The algorithm allows intuitive influence on the quality of the target control. By de-
termining the penalty function, the DQN network in probabilistic space adjusts the
values of the parameters of the matrices Q and R to those that realise the assumed
quality of control with the LQR controller;

—  The algorithm allowed a 67% improvement in user comfort over the passive solution
and a 14% improvement over the LQR controller with parameters selected by an
expert with 20 years of experience in controlling suspension systems;

— At the same time, better road holding performance was achieved relative to the
standard LQR with a significant reduction in impact forces.

In classical and renewable energy, multidimensional actuators related to energy con-
version dominate. In most cases, they are not optimally controlled, and control quality can
be improved even if an LQR controller is used. Unfortunately, due to both the parametric
uncertainty of the model and the lack of sufficient expertise, most often, measures to im-
prove this quality still need to be taken. The proposed solution with neural tuning of the
quality matrix, Q, and resources matrix, R, is scalable and can also be used for such systems.
The basis is the determination of the penalty function, which will allow us to intuitively
guide the DQN network to such learning that will achieve the assumed control quality for
each state variable important to the designer. An additional advantage of the proposed
method is that it can be used for nonlinear systems often encountered in power conversion
systems. In this case, for different operating points, it is necessary to linearise the object
model, and then the network develops sets of parameters of the Q and R matrices that will
lead to high control quality in each of the linearised models. This issue will be the subject
of further research work.
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