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Abstract

The Active Suspension System (ASS) can effectively generate active control forces to
suppress vehicle body vibrations. This article presents a Deep Reinforcement Learning
(DRL)-based control strategy for the ASS, where a Deep Q-Network (DQN) is integrated
with the Particle Swarm Optimization (PSO) algorithm to optimize the DQN
hyperparameters. The control objectives are to enhance ride comfort by minimizing the body

acceleration | Z,| and its Root Mean Square (RMS) value, while maintaining good road

holding and ensuring feasible, energy-efficient control forces. The DQN employs a discrete
action space with 11 control force levels and a deep neural architecture to learn adaptive
control policies. The PSO algorithm optimizes critical DQN parameters such as the learning
rate and exploration decay coefficient. To accelerate convergence, 12 PSO particles are
executed in parallel using Python’s multiprocessing.Pool framework. Simulation results
demonstrate that the proposed DRL-PSO-based controller achieves superior ride comfort
and road-holding performance under complex road disturbances, outperforming conventional
control schemes including PID, Linear Quadratic Regulator (LQR), and modern Model
Predictive Control (MPC).

Keywords: Active suspension; Deep Reinforcement Learning (DRL); Deep Q-Network (DQN);
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1. Introduction

Active suspension systems play a crucial role in the automotive industry by
improving ride comfort, enhancing driving safety, and maintaining good road-holding
performance under complex road conditions. These systems use active control forces to
reduce vehicle body vibrations, improve ride experience, and sustain wheel-road contact.
Many studies have been published to develop control methods for active suspension
systems. In [1], [2] the authors applied a PID controller to an active suspension system.
In [2], [3] a Linear Quadratic Regulator (LQR) controller was implemented, but its
effectiveness declined significantly in the presence of random road disturbances.
Similarly, [4] and [5] employed a Model Predictive Control (MPC) approach, but at the
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cost of high computational demand and sensitivity to model accuracy. Traditional control
methods such as PID, LQR and modern MPC perform well under ideal conditions with
accurate system models but show significant performance degradation in the presence of
nonlinear or stochastic road disturbances. Although the PID controller is simple and easy
to implement, it is difficult to adapt to complex road excitations [6]. Recent studies on
active suspension systems have explored a wide range of control strategies, including
classical PID controllers [1], [2], [7], optimal control approaches such as LOQR [2], [3],
[8], advanced model-based methods like MPC [4], [5], [9], [10], robust sliding mode
control [11], intelligent control techniques such as fuzzy logic [12], [13], and data-driven
approaches including neural networks [14].

Recently, the Active Rotary Inertia Driver (ARID) system has been developed,
which utilizes a rotary inertial actuator to simulate realistic road disturbances and provide
active control forces [15]. ARID exhibits several outstanding advantages: fast response
to road inputs, the ability to emulate real-world road conditions, and energy efficiency
through the inertial drive mechanism [15], [16]. The ARID system, also referred to as
RIDAS in the context of suspension systems, has been extensively studied as an advanced
vibration control mechanism based on the principle of rotational inertia. In [15], the
authors proposed a dynamic model of the ARID system and demonstrated its superior
performance compared to conventional vibration control devices such as Tuned Mass
Dampers (TMD) and Active Mass Dampers (AMD) under various excitation conditions.
The study presents a mathematical model derived using the Lagrangian formulation with
two primary degrees of freedom, namely the structural oscillation angle and the relative
rotational angle of the inertia rotor, corresponding to a full-order model that explicitly
accounts for the dynamics of the rotary inertia actuator. Essentially, the ARID system can
be interpreted as a generalized form of an active mass damper in which rotational inertia
is utilized instead of translational mass. Compared with traditional vibration control
devices such as TMD and AMD, the ARID utilizes rotational inertia instead of
translational auxiliary masses. This allows the system to generate significant control
forces without requiring large physical masses, leading to improved performance,
compact design, and enhanced adaptability.

Another study by the same group of authors [17] presented the modeling and
experimental validation of the ARID system. In this work, the model is formulated using
two primary state variables, namely the structural oscillation angle and the rotor angular
position, while explicitly considering the control torque applied directly to the rotor. More
recent studies have further extended the application of ARID systems to modern control
problems. For instance, the work in [18] proposed an adaptive control strategy based on
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fuzzy logic for ARID systems with partially unknown dynamics. In addition, the study in [19]
further developed intelligent control approaches for the ARID system, highlighting a
growing trend toward the use of nonlinear and intelligent control techniques for such
systems. According to IEEE Transactions on Vehicular Technology, machine learning
methods — particularly Deep Reinforcement Learning (DRL) — have shown the capability
to learn adaptive control policies without requiring a full system model [20]. DRL
provides flexible policy learning suitable for control tasks with complex dynamic
disturbances. However, DRL faces challenges such as slow convergence and inefficient
exploration of the action space, especially in dynamic optimization problems like the
active suspension control [21]. The control problem of the ARID system under complex
road disturbances is essentially a dynamic optimization problem, since the disturbances
vary continuously and require an approach different from traditional control techniques.

This article proposes a control approach for the Active Suspension System (ASS)
based on a Deep Q-Network (DQN) trained using DRL, integrated with the Particle Swarm
Optimization (PSO) algorithm for hyper-parameter tuning. The combination aims to
overcome the limitations of DRL and achieve control performance. The article is organized
as follows: Section 2 introduces the dynamic model and formulates the control problem
of the ASS. Section 3 describes the design of the DRL-based DQN controller combined
with PSO-based hyperparameter optimization. Section 4 presents the simulation results
along with performance analysis and discussion. Finally, Section 5 summarizes the main
conclusions and outlines future research directions.

2. Problem formulation

2.1. Dynamic model of the active suspension system

The active suspension system consists of several main components: the vehicle
body, wheel, suspension spring, damper, and rotary inertial actuator. The vehicle body is
subjected to the spring force, damping force, and the active control force generated by the
actuator. The wheel is connected to the road surface through the tire spring and damper,
and it is influenced by road disturbances. The rotary inertia actuator provides active
control forces to reduce body vibration and improve road-holding capability [15].

Although the ARID system inherently exhibits higher-order dynamics due to the
inclusion of rotary inertia actuator states, most existing studies derive a simplified
analytical model with reduced degrees of freedom for control design purposes. In the
full-order representation, the ARID system includes additional states corresponding to
the rotor dynamics, resulting in a sixth-order system when applied to quarter-car
suspension models.
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However, by introducing an equivalent inertial force generated by the rotary
actuator, the ARID system can be reformulated into a reduced-order model where the
actuator dynamics are lumped into the main system. Specifically, the inertial effect is
expressed as an equivalent control force, allowing the ARID system to be represented in
the same form as a conventional ASS.

This reduced-order formulation offers several advantages:

« It enables direct comparison with classical controllers such as PID and LQR, which
are typically designed for second-order or fourth-order mechanical systems.

* It ensures fair benchmarking with MPC, which often relies on simplified
linear models.

« It significantly reduces computational complexity, facilitating efficient training of
DRL-based controllers.

Therefore, in this study, the reduced-order ARID model is adopted to evaluate the
performance of the proposed DRL+PSO control strategy against traditional (P1D, LQR)
and modern (MPC) control approaches. Meanwhile, it is acknowledged that the full-
order model is more accurate and should be considered in future work for high-fidelity
control design. This article focuses on the 1/4 vehicle two-degree-of-freedom ASS for
computer simulation analysis. The 1/4 vehicle ASS can be described by the following
equations [4], [5]:

mZ, =—c,(Z, —-2,)—k,(z,-2,)—F
m,Z, =c,(Z, —2,)+Kk,(z, —z,) -k (z,—2)-c(Z,-%)+F

1)

where m, is sprung mass (vehicle body mass), m, is unsprung mass (wheel mass), k, is
suspension spring stiffness, c, is suspension damping coefficient, k, is tire stiffness,
¢, is tire damping coefficient, z_ is vertical displacement of the vehicle body, z, is
vertical displacement of the wheel, z, is road disturbance; z, z, are vertical velocities
of the body and wheel, respectively, 7., Z, are vertical accelerations of the body and

wheel, respectively, F is active control force generated by the actuator.
According to Eq. (1), the state-space equation of the quarter-car ASS can be
represented as follows [4]:
X=AX+Bu+Ew
_ )
y=Cx
where x=[z,z,z,2,]'; u=F and w=[z, 2, ]T are state variables, control input, and road
disturbance, respectively.
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where AcR** is the system matrix, BeR** is the input matrix, EcR*? is the
disturbance matrix, and CeR** is the output matrix of the active suspension system.
2.2. Active suspension control problem statement

The control objective of the ASS is to ensure high ride comfort for passengers,
maintain good road-holding capability, and keep the control force physically feasible
while minimizing energy consumption. Specifically, the body acceleration (Z,) should

be small, and the root-mean-square (RMS) value of Z_ over each time interval (or

episode) should be minimized to enhance ride comfort without causing suspension
bottoming. The relative displacement between the wheel and road surface (z,—z,) should

be small to ensure proper tire-road contact; the active control force (F) should vary
appropriately: when Z_ is large, F force must be strong enough to suppress vibrations

quickly; however, it must remain within the physical limits of the suspension actuator and
when both Z_ and the RMS of Z_ are small, F should also be minimized to save energy.

3. Controller design based on DRL algorithm combined with meta-
heuristic optimization
3.1. Design of DQNAgent — Deep Q-Network combined with reinforcement learning
The control problem of the ARID suspension system is a dynamic optimization
problem, where the road disturbance changes continuously and the suspension dynamics
contain modeling uncertainties. Traditional control methods such as PID, LQR, and
modern MPC face difficulties in handling complex disturbances while maintaining
optimal performance [1]-[6]. Deep Reinforcement Learning combines deep neural
networks with reinforcement learning, allowing flexible control policy learning suitable
for nonlinear systems such as ARID [22]. In this study, the Deep Q-Network is selected
due to the following advantages:
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* Model-free learning capability: DQN uses a deep neural network to approximate
the action-value function Q(s, a) = Q*(s, @), making it suitable for systems with modeling
uncertainties.

+ Adaptation to disturbances: DQN can learn adaptive control policies under various
types of complex road disturbances.

« Capability to handle large state spaces: The deep neural network can represent the
Q-value function over a continuous and high-dimensional state space.

* Discrete action space: The control action space consists of 11 discrete force levels
within the range ([-500, 500]) N, which fits well with the DQN framework.

« Stable learning process: The use of experience replay memory and a target
network in the DQNAgent ensures learning stability and prevents divergence.

The architecture of the DQNAgent is designed as follows:

« Input layer: 5 neurons corresponding to the system state vector [z,,7,2,,2,,2,]

« Hidden layers: Two hidden layers with 128 neurons (ReLU activation) and 64
neurons (ReL.U activation).

« Output layer: 11 neurons corresponding to 11 discrete active control force levels.

* Parameters: Learning rate « = 0.001; exploration decay rate cdecay = 0.995 with
emin = 0.01 (these parameters are later optimized using the PSO algorithm); discount
factor y = 0.99.

* Loss function: Mean squared error.

* Optimizer: Adam optimizer, with its learning rate tuned by the PSO algorithm.

The Double-DQN algorithm employs the Q-learning update rule as follows [22]:

Q,(5:2) ¢~ Q,(s.2) +afr +7Q, (s arg max Q, (s',2) ~Q, (5.2)] ®)

where s is current state of the active suspension system; a is action selected at the current
time step (i.e., the active control force F); Q,(s,a) is estimated Q-value of action a at
state s, representing the “goodness” of action a under the current physical conditions of
the system, estimated by the policy network; s' is next state of the system after applying
action a; a' is optimal action in the action space at the next state s'; @ is parameters
(weights) of the policy network currently being trained; 6 is parameters of the target
network, a temporally delayed copy of the policy network used to improve stability;
arg maxQ,(s',a’) is best predicted action for the next state s', determined from the policy
o

network; its Q-value is evaluated using the target network to mitigate overestimation; o
is learning rate that controls the step size of Q-value updates; r is immediate reward
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received after executing action a at state s; y is discount factor determining the

importance of future rewards; Q, (s',arg maxQ,(s’, a")) is estimated Q-value of the next
o

state—action pair, representing the expected future cumulative reward when taking the
optimal action a' at state s'.

For the active suspension control problem based on the DRL approach using
Q-learning, the function Q(s, a) depends on the full physical state vector of the system
and the RMS value of body acceleration. The Double-DQN network learns to map the
full physical state of the vehicle to the Q-value of each possible control force F, thereby
enabling the selection of the optimal action that minimizes body vibration, tire deflection,
and long-term energy consumption.

3.2. Training data for the DQN network
Unlike traditional machine learning problems that rely on static datasets, the DQN

network in this study uses dynamically generated training data through interaction with
the QuarterCarEnv environment under the DRL framework.
3.2.1. Training dataset

The training dataset consists of transition tuples in the form of (state, action,
reward, next_state, done), which are generated from episodes in the QuarterCarEnv
environment. These tuples are stored in the replay buffer of each DQNAgent class
instance. Each particle initializes its own QuarterCarEnv and an independent DQNAgent.
During each episode loop, the environment returns (next_state, reward, terminated,
truncated, info) after an action (control force F) is executed. The resulting transitions are
stored in self.memory and the replay buffer is later used to sample mini-batches during
performing the Q-learning update process. With episodes = 500 and max_steps = 200 per
episode, and 12 particles in total, the training data can reach approximately 12 x 500 x
200 = 1.2 million transitions, though constrained by the buffer capacity (self.memory).
The dataset is non-stationary — it evolves with the agent’s policy (epsilon-greedy) and the
stochastic noise in the environment. Each particle maintains its own replay buffer,
ensuring data independence.

The QuarterCarEnv simulates the 1/4 vehicle active suspension system, with road
disturbances generated using Gaussian noise or sinusoidal waves. Hence, each episode
produces unique data. The system state variables are computed directly from the dynamic
Eq. (1), so no external dataset is required to train the DQN.
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3.2.2. Test dataset for evaluation

After optimizing the DQN hyper-parameters (learning rate, epsilon decay) using
the PSO algorithm, the best parameters are used to retrain a DQN model and evaluate its
performance over 100 test episodes.

The test data is also generated dynamically from the QuarterCarEnv environment,
similar to the training data. Each test episode produces transitions (state, reward,
next_state, done, info) through calls to reset() and step() functions. The test dataset
contains about 100 x 200 = 20,000 transitions.

Importantly, the test dataset is not reused from the training phase (i.e., it is not
sampled from any particle’s replay buffer). Instead, it is newly generated from
QuarterCarEnv using initial conditions and random road disturbances. Both training and
testing phases use the same physical model (QuarterCarEnv) and configurations,
providing statistically consistent data distributions while maintaining independence
between datasets.

During testing, the agent focuses on policy exploitation, so the test results
accurately reflect the DQN’s real performance. Thus, while both training and test data
originate from the same simulation model, the test data is freshly generated, ensuring a
fair and unbiased evaluation of the DQN’s performance.

3.3. Reward design in the DRL-based DQN training

Reward design is a critical component in the DRL algorithm since the agent learns
exactly what the reward function encodes. Therefore, the reward must accurately reflect
the control objectives of the active suspension system. The reward function contains both
penalty and bonus components. Penalties are applied when the RMS of the sprung mass
acceleration is large; the instantaneous acceleration |z, | exceeds a threshold; the tire

deflection exceeds limits, or excessive control effort (|F|) is used. Bonuses are granted
when RMS of the body acceleration decreases over successive steps; the system remains
stable over consecutive steps; the agent applies appropriate control forces (e.g., large
forces between 300-500 N to rapidly suppress large oscillations, but smaller forces
100-200 N when acceleration | Z| is small to save energy).

Among these factors, achieving a low RMS value is the most challenging.
Therefore, the reward-to-penalty ratio related to RMS value must be higher, helping the
agent to “perceive” and “remember” its importance during training. The designed reward
function for the active suspension control is as follows:
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components = {
"tire_penalty": -float(tire_penalty),
"ddz_penalty": -float(ddz_penalty),
"rms_reward": float(rms_reward),
"energy_penalty": -float(energy_penalty),
"action_bonus": float(action_bonus), (4)
"action_penalty": -float(action_penalty),
"progress_reward": float(progress_reward),
"stable_step reward": float(stable_step_reward),
"long_stable_bonus": float(long_stable_bonus),

}

reward = sum(components.values()) + float(long_bonus)

Here, progress_reward measures improvement in body acceleration values
following the applied control action F, while stable step reward, long_bonus, and
long_stable_bonus are associated with maintaining system stability over multiple steps.
The agent learns to maximize the total reward (4). Therefore, the reward structure must
be balanced — it must not allow the agent to gain “easy points” by applying large control
forces F regardless of their actual effect. The action_bonus must be linked to the
progress_reward, i.e., large forces are only rewarded when they effectively improve the
body acceleration and RMS value.

3.4. PSO algorithm for hyper-parameter optimization of the Deep Q-Network

The PSO algorithm is a swarm intelligence-based optimization technique designed
to solve nonlinear problems with large search spaces. In PSO, each particle represents a
potential solution in the search space. Assume there are N particles in a D-dimensional
search space. The position and velocity of the i-th particle at time t are denoted by

Xt = (XX, x5) and Vi =(Vi,V, ..,V ), respectively. The personal best position of
the i-th particle (pbest) is P; = (0,1, Pz, Ppp), and the global best position of the swarm

is 9,=(9,,9,,.-.9p5) . The velocity and position are updated according to the following
equations [21], [23]:

VEH :a)V:+Clrl(pi _XE)"'Czrz(gi _X}): (5)
X =x + v, (6)
where @ is the inertia weight, which typically decreases linearly from a higher value to
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a lower one to smoothly shift from exploration to exploitation; ¢, and C, are cognitive
and social learning coefficients, usually chosen within [1.0, 2.0] to encourage global
exploration while ensuring convergence to an optimal solution; r; and r, are uniformly
distributed random numbers in [0, 1], which introduce stochasticity and help prevent
premature convergence to local optima. The fitness function is used to evaluate the quality
of each particle’s position. The PSO process terminates after a maximum number of

iterations or when convergence is achieved (i.e., when the global best value remains
unchanged over several iterations).

The ARID active suspension control problem is a dynamic optimization problem,
since the road disturbance Z, continuously changes over time. The DQN learns an initial

control policy through the estimated Q(s, a) values, but the exploration of the action space
and optimization of hyper-parameters such as the learning rate (a) and epsilon decay
(¢_decay) require meta-heuristic techniques. The research team employs the PSO
algorithm to optimize these DQN hyper-parameters (a, € decay). The fitness function in
PSO algorithm is defined as the average reward obtained over the last 200 episodes of
DQN training process under the DRL framework.

The PSO optimization process for the DQN hyper-parameters can be executed in
parallel using Python’s multiprocessing.Pool library to reduce computation time [23],
which is as follows:

for iter = 1 to max_iter do
Parallel with multiprocessing.Pool:
for i =1to n_particles in parallel do
Initialize QuarterCarEnv environment and DQNAgent with x_i = [alpha, epsilon_decay]
for ep = 1 to num_episodes do
Run episodes (max_steps per episode)
Compute dynamics and reward function
Update replay buffer and train DQN using Q-learning algorithm
end for
Compute fitness = mean(rewards of last 200 episodes)
if fitness > pbest_scores[i] then
Update pbest[i]: pbest[i] < x[i], pbest_score[i] <« fitness
end if
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end for
if pbest_scores[best_idx] > gbest_score then
Update gbest: ghest «<— pbest[best _idx], ghest_score <« pbest_score[best _idx]

end if
Update velocity v_i using Eq. (5)
Update position x_i using Eq. (6)
Constrain x_i within bounds:
a € [0.0001, 0.01], & _decay € [0.95, 0.999]
end for
Return gbest, gbest_score, best_particle_id

4. Simulation, evaluation, and discussion
4.1. Simulation data and setup

The research team conducted simulations of the ARID active suspension control
based on the DRL algorithm. The parameters of the system are set as follows [4]:
System parameters: ms = 406 kg, my = 48.3kg, ks = 26800 N/m, ¢s = 2950 Ns/m,

ki = 240000 N/m, ¢t = 1200 Ns/m, F € [-500, 500] N. Road disturbance types: The

road disturbance profiles were simulated: Sine disturbance (z- = 0.013*sin(0.1t + phase))
and Step disturbance (zr = 0.013*1(t)). Control force discretized into 11 levels using the
linspace function. DQN architecture: Two hidden layers: Dense(128, relu) — Dense(64, relu).
Exploration strategy: The minimum exploration rate was set to emin = 0.005 to prolong
the exploration phase, thereby achieving a lower RMS of body acceleration. The initial
exploration rate (epsilon) started at 1.0 and gradually decayed according to the
epsilon_decay coefficient, which was optimized using the PSO algorithm. PSO tuning
scheme: The personal ¢, and social c, learning coefficients were adjusted in each

iteration to balance personal experience and global search, preventing premature
convergence to local optima. The inertia weight » was linearly decreased from 0.9 to 0.4
across iterations, allowing broad exploration in the early stage and smooth convergence
later, while maintaining moderate exploration for longer stability.
4.2. Simulation results, evaluation and discussion

The simulation results are summarized in Tab. 1, which presents the average
reward, the mean body acceleration, and the average RMS value. These metrics were
computed based on the average reward, mean body acceleration, and RMS of body
acceleration of 100 episodes in the testing phase after completing DQN training.
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During the DQN training phase (using DRL with PSO-based hyper-parameter
optimization), the team employed sine-type road disturbances with random phase variations
to increase the learning difficulty, ensuring better policy generalization. The representative
results corresponding to particle #8 are shown in Figs. 1-3 where Fig. 1 is body acceleration
response (z,), Fig. 2 is RMS of body acceleration, indicating ride comfort, and Fig. 3 is

vertical displacements of both the vehicle body z, and the wheel z, .

In the testing phase, the data were generated directly from the QuarterCarEnv
environment — identical to the training phase. The optimized hyper-parameters were used,
and the best-performing DQN network structure (saved at the end of training) was
reloaded based on the optimal hyper-parameters obtained. During testing phase, the sine-
type road disturbances had random variations in phase (z- = 0.013*sin(0.1t + phase)),
while the step-type disturbances had random step-change timings (step_shift = int(50 +
np.random.randint(-3, 3))). This setup was designed to evaluate the generalization
capability of the trained agent. Figures 4-6 show the results obtained in the test phase.

Tab. 1. Simulation results of the ARID suspension control

Road disturbance Average reward | Avg RMS (m/s?) AV9_|zs| (m/s?)
Sine (z- = 0.013*sin(0.1t + phase)) 537708.0858 0.3692 0.2952
Step (z- = 0.013*1(t)) 46672.7533 0.6151 0.3809
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Fig. 1. Body acceleration Z; (for particle #8) during the training phase.
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Fig. 2. RMS values of Z; (for particle #8) in the training phase.
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Fig. 3. Displacement signals (zs, zu) (for particle #8) in the training process.

In the training phase, the road disturbance phase were gradually randomized to
increase difficulty step by step. This enabled the agent to learn progressively from simple,
stable conditions (fixed phase), to more diverse conditions (slightly randomized), and
finally to strongly randomized scenarios, allowing the agent to generalize and achieve
robust policy learning.
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As a result, Figs. 1-3 demonstrate the convergence of system parameters toward
the target control objectives. Thanks to robust training and environment generalization,
the test-phase results (Figs. 4-6) show that all performance metrics — across 100 episodes
— remained within the desired value range, confirming the reliability and generalization
capability of the trained DQN+PSO controller.
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Fig. 4. Acceleration responses ( Z;) during the testing phase with road disturbances:
(a) sine-type; (b) step-type.
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Fig. 5. RMS values of Z in the testing process with road disturbances:
(a) sine-type; (b) step-type.
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Fig. 6. Displacements (zs, z,) in the testing phase with road disturbances:
(a) sine-type; (b) step-type.

The research team also simulated the ARID suspension control using DQN+PSO,
with the following DQN structure: two hidden layers Dense(128, relu) and Dense(64,
relu), emin = 0.005, action_size = 11, and sine-type road disturbance with fixed amplitude
(0.065 m): z, =0.065(1-cos(2.14x rxt)) and parameters: ms = 406 kg, mu = 48.3 kg,

ks = 26800 N/m, ¢s = 2950 Ns/m, k: = 240000 N/m, c: = 0.0 Ns/m, F € [-500, 500] N [4].
The results were compared against traditional controllers PID, LQR and modern MPC,
as summarized in Tab. 2.

Tab. 2. Comparison of DQN+PSO with PID, LQR, and MPC controllers

Method Avg_|Z,| (mis) MinMax_|Z,| () | RMS_Z, (m/s?)
DQN+PSO 2.0437 -3.0/3.0 22753
PID 24337 ~3.908 / 3.9892 27112
LOR 31271 '5.026/5.026 3.4917
MPC 2.2683 -3.9919/ 3.9893 2.6051

Itis evident that the DQN + PSO method significantly outperforms traditional control
approaches (PID, LQR) and modern MPC in ride comfort (Avg_|z| and RMS_Z).
Parameters of the traditional controllers PID, LQR are as following, PID controller:
K, =10000, K, =100,K, = 200 and LQR: K = [-0.0167, -0.0050, 0.0303, 0.0001] .
And the MPC controller is configured as following: mpcobj.PredictionHorizon = 15;
mpcobj.ControlHorizon = 8; mpcobj.Weights.MV = 0.1; mpcobj.Weights.MVRate = 1;
mpcobj.Weights.OV = [2 0.1 200], where OV(1) is z, —z,, OV(2) -z, and OV(3) is Z,.
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5. Conclusion

This study investigated the ARID active suspension control by integrating DRL
with a Deep Q-Network and the PSO algorithm. The results demonstrated excellent ride

comfort (low body acceleration Z, reduced RMS_ Z, values), and no suspension lock-

up. Moreover, the small wheel — road displacement (zu — zr) indicates enhanced road-
holding performance. The PSO algorithm was employed to optimize the DQN’s hyper-
parameters (learning rate a and exploration decay edecay), €nsuring balanced exploration
and convergence while preventing the DQN from getting trapped in local minima. The

control force F € [-500, 500] N satisfied the system’s physical constraints, and smaller

Z, and RMS_ Z_ values corresponded to lower control forces, thereby achieving energy-

efficient operation. Compared with traditional control methods (PID, LQR) and modern
MPC, the proposed DRL + meta — heuristic approach (PSO) exhibits superior noise
robustness, adaptability, and generalization capability under realistic road disturbances.

A limitation of the proposed method is the relatively high computational cost, as
the integration of PSO and DRL requires a considerable amount of time to optimize the
hyperparameters of the DQN, particularly when employing 12 particles in parallel.
However, this does not affect the real-time applicability of the control strategy in
practice. The training phase is performed offline due to its computational intensity,
whereas the testing (inference) phase operates online with fast response, ensuring real -
time performance.

For future work, the research team plans to integrate advanced DRL algorithms and
enhance the PSO framework with additional meta-heuristic strategies, simultaneously
optimizing both the number of hidden layers and the number of neurons per layer in the
DQN network, and the full-order model of the ARID system will be considered in future
work for high-fidelity control design, to further improve the performance of the ARID
suspension system under real-world conditions.
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DIEU KHIEN HE THONG TREO TICH CUC TREN CO SO HOC SAU
TANG CUONG KET HOP KY THUAT METAHEURISTIC

Nguyén Cong Dinh?
Wién Ky thudr dieu khién, Triong Pai hoc Kj thudt Lé Quy Pén

Tom tat: He thong treo tich cuc ARID (Active Rotary Inertia Driver) c6 kha ning mo
phong nhiéu duong thuc té va cung cap luc didu khién cha dong dé giam dao dong than xe. Bai
bao d& xuat phuong phap diéu khién hé thdng treo tich cuc ARID dua trén hoc sau ting cuong
(Deep Reinforcement Learning - DRL) sir dung mang Deep Q-Network (DQN) két hop vai k§
thuat Meta-heuristic (thuat toan t6i uu bay dan Particle Swarm Optimization - PSO) dé t6i uu siéu
tham s ctia mang DQN. Muc tiéu diéu khién dat dwoc do ém diu cao, gia toc than xe (| Z, |) nho,
dam bao gi4 tri trung binh binh phuong (RMS) ctia Z, nho, dong thoi gitr d6 bam duong tét va
luc diéu khién kha thi, tiét kiém nang lugng. Mang DQN duoc thiét ké véi khong gian hanh dong
roi rac 11 mic lec va mang noron sau dé hoc chinh sach diéu khién linh hoat, trong khi giai thuat
PSO ti uu cac tham s6 nhu hé s6 hoc va tdc do suy giam thiam do cua mang DQN. Dé ting toc
d6 khai phé ciia PSO va huan luyén mang DQN, 12 hat ciia PSO dugc xir ly song song trong moi
truong Python nho ki thuat multiprocessing.Pool. Két qua mé phong cho thiy, phuong phap dé
xuit dat dugc do ém diu cao va bam duong tét trong diéu kién nhidu duong phuc tap, vuot troi
S0 Véi cac phuong phép diéu khién khac nhu PID, diéu khién téi uu toan phuong tuyén tinh
(LQR), va diéu khién du béo (MPC).

Tir khéa: Hé théng treo tich cuc; hoc sdu ting cuwong DRL; mang noron sau DON;
thudt toan toi wu bay dan PSO; do ém diu; do bam dwong; nhieu duong.
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