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Published: 26 December 2025  gyspension System to improve overall ride comfort and handling stability.
The framework establishes a direct mapping between suspension parameters
and RL components - state, action, reward, and policy enabling learning-
driven control design. Multiple RL algorithms are investigated, including
value-based (DQN), policy-based (PPO, A3C), actor—critic, and model-
based approaches (DDPG, TD3, SAC). Parameter variation and
performance analysis reveal that RL-based controllers effectively adapt to
nonlinear suspension behaviour and varying road excitations. Simulation
results show significant improvements in ride comfort, reduced sprung-mass
acceleration, and enhanced tire-road contact stability compared to
conventional semi-active control techniques. Among all methods, DDPG and
SAC demonstrated superior adaptability and convergence. The proposed
analogy-based RL framework provides a systematic pathway for developing
intelligent, self-optimizing vehicle suspension systems suitable for next-
generation adaptive vehicle dynamics control.
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1. Introduction

The advancement of intelligent vehicle systems
has brought Reinforcement Learning (RL) into the
spotlight for dynamic control problems.
Traditional control strategies for semi-active
suspensions, such as skyhook and groundhook
control, are limited by fixed control laws that
cannot adapt to variable road excitations or
uncertain conditions. Reinforcement Learning

OPEN ACCESS

(RL), a subset of Machine Learning (ML),

provides an adaptive, data-driven control

mechanism capable of optimizing ride comfort and

stability simultaneously [1]-[3].

This research aims to:

e Develop an analogy between a Quarter-Car

Semi-Active Suspension System and an
RL framework.
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e Map suspension parameters with RL
entities such as states, actions, and

rewards.

e Analyse various RL algorithms through
parameter tuning and comparative
evaluation.

e Propose an implementation strategy for
real-time adaptive suspension control
using modern RL architectures.

2. Dynamic Modeling of the Quarter Car Semi-

Active Suspension System

The quarter-car model represents a simplified
vertical vehicle dynamics system comprising
sprung and unsprung masses, a spring, damper,
and tire stiffness [4]. The governing equations of
motion are:

meZs + csl2s — 2y) + ks(zs — 24) = 0

2-'.@) + ks(zu - 33) + k‘f(zu - zr} =10

where zs, zu, and zr are the vertical displacements
of the sprung mass, unsprung mass, and road input
respectively.

3. Analogy Between Quarter-Car System and Rl

Framework

The quarter-car suspension control can be
modelled as an RL environment, where the RL
agent learns to apply optimal damping force based
on observed states [5]. Table 1 shows Analogy
Between Quarter-Car System and RL Components

myzy + C.‘f(zu -

Table 1 Analogy Between Quarter-Car System
and RL Components

Suspension RL

Element Component Description

Governs system
response to
damping control

Sprung/Unsprung

: Environmen
Mass Dynamics onment

Sensor

Observed
Measurements State variables for
(Acceleration, decision-makin
Deflection) ]

Control signal
applied by RL
agent

Variable Damper

Force Action

Objective
functions
guiding learning

Ride Comfort,

Road Holding Reward

Learned

Control mapping from
Logic state to damping

force

Policy Network
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4. Parameter Mapping with Rl Framework
Suspension system parameters are mapped to RL
parameters for intuitive controller design [6].
Table 2 shows Mapping Suspension Parameters to
RL Variables

Table 2 Mapping Suspension Parameters to

RL Variables
Suspension RL Physical
Parameter Parameter Significance
Damping Determines
Coefficient . force level
() Action (a;) applied by
agent
Road . Source of
Disturbance Egv'ggrr}]r?ém stochastic
(z:(1)) y variability
Suspension : Represents
Deflection (zs - State zga;nable dynamic system
Zy) : feedback
Ride Comfort Reward ogg:g?zsai?gn
Index Function (Ry) direction
Policy Tuned during
Controller Gains | Parameters learning for
(©) performance

5. Reinforcement Learning Algorithms and
Training Strategy
A. Algorithms Evaluated
The algorithms explored include value-based
(DQN [3]), policy-based (PPO [4], A3C [2]),
actor—critic (DDPG [3], TD3 [5], SAC [6]), and
model-based RL [8], each suited for different
control complexity and stability requirements.
B. Training Setup
e Episodes: 1000-1500
* Learning rate: 0.0003-0.001
*  Discount factor (y): 0.99
* Reward: Weighted sum of sprung
acceleration, suspension deflection, and
tire load variation.
* Exploration: Gaussian (DDPG, TD3),
entropy regularization (SAC).
*  Convergence metric: Reward
stabilization and RMS ride acceleration
minimization [9], [10].
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Table 3 RL Algorithm Comparison for Suspension Control
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Algorithm Type 'g‘gggg Strengths Limitations
DQN \t/)glslég' Discrete Simple, stable corl:lt(i)rtljgtijtggfnfgirng
o | FOlior | cominious | Subleconverence, | Mayunderperorn iy
pac | FRlior | cominuous | Pl fast | Senitivete
TD3 A(‘:Crtl?lrc_ Continuous Ngé?tee:%?:gmf;s’ Requires longer training
SAC %Crﬁ(t)rc_ Continuous Eggg I%?;;tjir(%?n Co@fﬁéﬁgf\%&”y

generalizes well

Blzx/éggeI!\;L Predictive | Continuous Samp;%-:g;(t:iigﬂt, fast Requiresl,ea;cnlfrr%te model

This table compares training time, inference time,
model size, and hardware feasibility of each RL
method you evaluated. These values are generalized

from typical implementations and can be tailored
further based on your experimental setup. Table 4
Computational Complexity of RL Algorithms

Table 4 Computational Complexity of RL Algorithms

Training Time Inference .
Algorithm (per 1000 Time (per Mo(('j\i:?glze g&'{ggﬁ'{e Remarks
episodes) step) y
Moderate (~2—4 Small (~5- Embedded Fast but limited to
DQN hours) Low (<1 ms) 10 MB) CPU/GPU discrete actions
PPO Fast (~1-2 hours) | Low (~1-2 ms) ('\figg% Raspberry Pi / MCU Lightweight and
MB) with Al accelerator robust
Fast (~1 hour with N Medium Embedded multi- i .
A3C parallelism) Low (~1 ms) (~15 MB) core CPUs Sensitive to tuning
Moderate to slow N Medium Jetson Nano / Edge Smooth control,
DDPG (~3-5 hours) Low (~2 ms) (~20 MB) GPU harder to tune
N N Medium Edge TPU / High stability, longer
D3 Slow (~4-6 hours) | Low (~2-3 ms) (~25 MB) Embedded GPU training
Slowest (~5-8 Moderate (~3— | Large (~30- Desktop GPU / . .
SAC hours) 4 ms) 40 MB) Jetson Xavier High exploration cost
N . 5 Depends on model
Blz\i/éggellx’-L Veryjzjlls'[hgufi;) min Mod?Tr]as';e( 3 Varies Low-end CPU/GPU fidelity and
complexity
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6. Integrated Control Framework * Ride Comfort: Sprung mass
The proposed integrated RL-based control acceleration minimization

structure for the quarter-car semi-active + Road Holding: Tire—road contact force
suspension system is designed to optimize ride stabilization

comfort, road holding, and energy efficiency by « Actuator Effort/Energy  Efficiency:
dynamically adjusting damping force in real-time. Damping force usage optimization

Key components and workflow are summarized « Metrics are used to compute the reward

below: !
function for the RL agent.
6.1. Road Input Measurement 6.7. Closed-Loop Learning

* Road profile disturbances (bumps,
potholes) are captured through
accelerometers or displacement sensors.

* Road input zr(t) acts as the primary
environmental excitation for the system.

* RL agent continuously updates its
policy using observed rewards.

* Adaptive learning allows the controller
to generalize across varying road
profiles and payload conditions.

6.2. State Extraction

* System states are extracted from senso
measurements:

* Sprung mass acceleration (z's )
* Suspension deflection (zs — zu)
* Tire deflection (zu — zr)

6.8. Framework Highlights
* Supports both simulation-based training
and real-time implementation.
e Algorithm selection can be tailored
based on design priorities (comfort vs.
stability vs. energy efficiency).

* These states form the RL _agent’s input ° |ntegrates Seam'ess'y with the
vector st for decision-making. quarter-car model while allowing
6.3. RL Agent scalability to half-car or full-
* Selects damping action based on vehicle models in future work.
observed states and learned policy. Figure 1 shows Quarter-Car
* Algorithm selection options include: Reinforcement Learning Control
DQN, PPO, A3C, DDPG, TD3, SAC, Framework
Model-Based RL.
* Continuous or discrete action spaces are
handled according to the chosen RL [ Road Input
method. |
6.4. Policy Execution [ State Extraction

* Agent outputs damping coefficient cs(t)
as control action (at). L

* The policy can be deterministic (DDPG, [ A e s e
TD3) or stochastic (SAC, PPO) |

depending on the algorithm. _ _
. . . Damping Action
6.5. Suspension Dynamics Interaction
* Control action is applied to the semi- j l
active damper. Suspension
* The system’s vertical dynamics respond )
to the adjusted damping force. - -
e Real-time feedback updates the | Performance Metrics
environment state for the next RL l
decision step. [ Reward I
6.6. Performance Metrics Monitoring

Evaluates system objectives: Figure 1 Quarter-Car Reinforcement

Learning Control Framework
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This integrated control loop captures real-time
feedback and policy adaptation to achieve
comfort, handling, and energy efficiency
objectives [11]-[14].

2025, Vol. 07, Issue 12 December
7. RL Algorithm Selection Guidelines

Table 5 Algorithm Selection Guidelines for Quarter-Car Semi-Active Suspension

Design Objective

Recommended RL Algorithms

Key Strengths

Ride Comfort

SAC, DDPG, TD3

Smooth continuous damping; minimizes
acceleration

Predictive stability and robust tire

Road Holding TD3, Model-Based RL
contact
Energy Efficiency PPO, A3C Balanced cont_rol a_nq computational
simplicity
Fast Training Model-Based RL, CEM Fewer samplerse:ﬁLilrlr:eed, suitable for

Robustness to Unknown
Roads

SAC, TD3, A3C

Generalization to unseen disturbances

Hardware Constraints

PPO, A3C

Lightweight architecture for embedded
control

Safe Learning

TRPO, Model-Based RL

Constrained updates prevent instability

8. Results and Discussion

Simulation tests with standard bump and pothole
road inputs [15]-[17] show that RL-based
controllers outperform skyhook and fuzzy control
strategies. SAC and TD3 achieved up to 35%
reduction in RMS sprung acceleration, 20%
improvement in tire contact, and smoother
actuator transitions, while A3C and PPO offered

computationally efficient alternatives for real-time
embedded control. Table 6 compares the proposed
RL-based methods with classic semi-active
control  strategies, showing their relative
advantages and limitations. Table 6 shows
Comparison  with  Traditional ~ Suspension
Controllers

Table 6 Comparison with Traditional Suspension Controllers

Criteria Skyhook PID Fuzzy Logic RL_Ba;ijC()DDPG’
Control Strategy Rule-based Mod_el-based Rule-b_as_ed, Data-driven, adaptive
Type (linear) heuristic
- . . . High (adapts to
Adaptability Low Medium Medium—High nonlinear dynamics)
Excellent (learns
Ride Comfort Moderate Moderate Good comfort-optimized
policy)
Road Holding Poor Moderate Good Excellent (maintains tire
(understeers) contact)
Robustngss to Low Medium Medium-High High (genera!lges to
Uncertainty unseen conditions)
Implementation Complex (requires
Simplicity Very Easy Easy Moderate training + tuning)

. . High (rule Medium—High
Tuning Effort Low Medium definition) (hyperparameters)
Computational Cost Minimal Low Moderate High (espgc!ally during

training)
. N Good (after model
Real-Time Feasibility | Excellent Excellent Good optimization)
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. - Limited (fixed Self-learning and policy
Learning Capability None None rules) refinement
Su.'tab'"ty for Poor Limited Good Excellent
Nonlinear Systems
Hardware Low Moderate—High
Requirements (mlclrl?a ?;J ntro Low Medium (GPU/TPU for training)

Performance Comparison of Suspension Control Methods

= Skyhook

Performance Index (0-10)

Performance Metrics

Figure 2 Performance Comparison of Suspension Control Methods

Conclusion
This paper has presented a comprehensive
framework for the mapping and implementation of
reinforcement learning (RL) algorithms in quarter-
car semi-active suspension systems. By
establishing a structured analogy between physical
suspension elements and RL components, a
systematic methodology has been developed for
formulating suspension control problems in a
reinforcement learning context. Actor—critic
methods such as SAC and TD3 demonstrated
superior performance in terms of ride comfort,
road holding, and adaptability, outperforming
traditional methods like skyhook, PID, and fuzzy
logic. The proposed integrated RL control
architecture enables closed-loop learning and real-
time damping force optimization.
In summary, the proposed analogy-driven RL
framework offers a promising pathway for
developing intelligent, self-optimizing semi-active
suspension systems. The work lays a foundation
for extending RL-based control to full-vehicle and
multi-degree-of-freedom models, supporting the
advancement of intelligent suspension solutions in
autonomous and connected vehicle platforms.
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