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Abstract

Active suspension systems are critical for enhancing vehicle comfort, safety, and stability, yet their performance is often
limited by fixed hardware designs and control strategies that cannot adapt to uncertain and dynamic operating conditions.
Recent advances in Digital Twins (DTs) and Reinforcement Learning (RL) offer new opportunities for real-time, data-driven
optimization across a vehicle’s lifecycle. However, integrating these technologies into a unified framework for co-optimizing
physical and control systems remains an open challenge. This work presents an RL-based Control Co-Design (CCD) frame-
work for full-vehicle active suspensions using multi-generation design and DT concepts. Through integrating automatic
differentiation into Deep Reinforcement Learning (DRL), we jointly optimize physical components of suspension systems
and control policies under varying driver behaviors and environmental uncertainties. The DRL technique also addresses the
challenge of partial observability, where only limited states can be sensed and fed back to the controller, by learning opti-
mal control actions directly from available sensor information. The framework incorporates model updating with quantile
learning to quantify data uncertainty, enabling real-time decision-making and adaptive learning from digital-physical inter-
actions. The approach demonstrates personalized optimization of autonomous suspension systems under two distinct driving
settings (mild and aggressive). The results show that the optimized systems achieve smoother trajectories and reduce control
efforts by approximately 58% and 12% for mild and aggressive while improving ride comfort by approximately 17% and
28%, respectively. Contributions of this work include: (1) developing a DT-enabled CCD framework integrating DRL and
uncertainty-aware model updating for full-vehicle active suspensions, (2) introducing a multi-generation design framework
for self-improving systems across the whole lifecycle, and (3) demonstrating personalized optimization of active suspension
systems for distinct types of drivers.

Keywords Digital twin - Control co-design - Deep reinforcement learning - Full vehicle - Active suspension system -
Multi-generation design - Uncertainty quantification - Real-time updating

Abbreviations 1 Introduction

CCD  Control co-design

DNN  Deep neural network 1.1 Motivation

DRL  Deep reinforcement learning

DT Digital twin Suspension systems are central to vehicle safety, ride com-
PPO  Proximal policy optimization fort, and handling stability (Sun et al. 2020; Goodarzi and
RL Reinforcement learning Khajepour 2017). They directly shape how road excita-
uQ Uncertainty quantification tions are transmitted to the cabin, influencing passenger

comfort and fatigue, while also governing tire-road con-
tact that affects braking distance, cornering capability, and
overall vehicle controllability. However, traditional passive
5 Wei Chen and semi-active suspensions are typically tuned for nomi-

weichen @northwestern.edu nal operating conditions and therefore struggle under highly
uncertain and variable scenarios, including diverse road
roughness, tire conditions, payload changes, and heteroge-

Communicated by Zhen Hu.

1" Department of Mechanical Engineering, Northwestern

University, Evanston, IL 60208, USA

@ Springer


http://crossmark.crossref.org/dialog/?doi=10.1007/s00158-026-04304-y&domain=pdf
http://orcid.org/0000-0002-4653-7124

108 Page 2 of 28

Y.-K. Tsai et al.

neous driver behaviors (Soliman and Kaldas 2021; Lee et al.
2022a; Qiu et al. 2025). As operating environments deviate
from the design point, these systems exhibit performance
degradation, either by transmitting excessive vibrations to
the occupants or by allowing excessive body motion that
compromises safety and control (Tsai and Malak 2024,
Weaver-Rosen et al. 2020).

To overcome these structural limitations, active suspen-
sion systems, which use actuators to actively inject energy
and exert an adaptive counter-force to suppress vibrations,
have been developed to provide high flexibility and improved
control over vehicle dynamics. This technological shift has
coincided with the emergence of learning-based control
methods, particularly Deep Reinforcement Learning (DRL),
which are ideally suited for addressing the complexity and
nonlinearity of suspension control problems (Fares and Bani
Younes 2020; Dridi et al. 2023, 2025; Ming et al. 2020;
Lee et al. 2022b; Wang et al. 2024). While such approaches
improve closed-loop adaptability, they remain fundamentally
constrained by the fixed physical design of the suspension
hardware (springs, dampers, and actuator characteristics).
This motivates Control Co-Design (CCD), a design paradigm
that simultaneously optimizes the physical system and the
control strategy to achieve system-level optimality (Garcia-
Sanz 2019; Allison and Herber 2014; Fathy et al. 2001,
Cui et al. 2021; Sato et al. 2025). Existing CCD studies
have demonstrated significant performance improvements
compared with traditional sequential (design-then-control)
approaches (Bayat and Allison 2025; Allison et al. 2014,
Tsai and Malak 2026). However, they often treat environ-
mental conditions and user behaviors as exogenous or static,
and thus fail to embed these factors within the co-design loop.
The result is limited adaptability when the operating context
shifts.

Digital Twins (DTs) offer a path beyond these limitations
by enabling real-time data collection, model updating, and
predictive decision-making through a continuously synchro-
nized virtual replica of the physical system (Semeraro et al.
2021; NASEM 2023; Thelen et al. 2022, 2023; Karkaria
etal. 2024, 2025b, c; Chen et al. 2025a). Crucially, DTs also
facilitate personalized optimization by learning the unique
characteristics of individual assets and users (Hu et al. 2023;
Thelen et al. 2022). In the context of vehicle suspensions, this
capability is particularly critical, as uncertainties stem from
both environmental variability (e.g., road profiles, friction
conditions, and weather) and user-specific driving behaviors
(e.g., acceleration, speed, and steering inputs). Moreover,
these sources of uncertainty are inherently dynamic and
evolve unpredictably over time.

To effectively handle such evolving and unstructured
information, the integration of Artificial Intelligence (AI)-
driven learning into DTs is highly beneficial. Al enables DTs
to process heterogeneous sensor data, infer latent system
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states, and continuously update predictive models, trans-
forming the DT from a static simulation tool into an adaptive,
decision-making agent. For autonomous systems such as
active suspensions, this integration allows the DT to iden-
tify patterns in vehicle-road interactions and to real-time
adjust the operation commands and actions. Consequently,
the fusion of Aland DT technologies bridges data and design,
facilitating co-optimization that enhances the adaptability,
robustness, and personalization of next-generation vehicular
systems (Asmat et al. 2025).

Despite this potential, most DT implementations in
the suspension domain focus on monitoring and control
alone (Rosa and Branco 2024; Qiu et al. 2025; Li et al.
2025), while physical design integration within the DT feed-
back loop remains rare (van Beek et al. 2023; Tsai et al.
2025a,b). Without coupling the hardware design with the
continuously updated virtual model and data-driven control,
adaptability is fundamentally limited: controllers must com-
pensate for hardware that may be poorly matched to changing
contexts, and design decisions cannot leverage the rich infor-
mation provided by the in-service data. This gap motivates
a DT-enabled CCD framework that unifies design, control,
and learning, thereby enabling suspensions that are not only
intelligent and adaptive, but also co-evolve physically and
algorithmically over the vehicle’s lifecycle.

1.2 Multi-generation digital twin concept

The concept of multi-generation design has traditionally
been applied in product lifecycle engineering, remanufactur-
ing, and sustainable design, where feedback from previous
product generations informs the development of improved
successors (Go et al. 2015; Karkaria et al. 2025a; van Beek
etal. 2023; Asif et al. 2021; Nag et al. 2022). In conventional
vehicle suspension development, this process often relies on
costly prototyping campaigns and heuristic parameter tuning
across limited test scenarios, making systematic exploration
of design—control trade-offs challenging.

In this work, the concept is extended to the co-design
of vehicle suspension systems and controllers, forming an
evolving design-control ecosystem in which knowledge from
each deployment cycle is systematically assimilated into the
DT and used to guide subsequent redesigns. By leveraging
self-learning models, learning—based co-design, and virtual
evaluation environments, the DT enables efficient assessment
of physical and control design alternatives under diverse
and uncertain operating conditions, significantly reducing
reliance on repeated physical experimentation. Through this
mechanism, the DT serves as a persistent learning agent that
accumulates operational knowledge over time, continually
improving its predictive accuracy and enabling progressively
better physical and control designs across generations.
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Our prior work (Tsai et al. 2025a) demonstrated that the
integration of DTs with CCD and DRL can significantly
enhance the adaptability of active suspension systems. In
particular, a quarter-car suspension case study showed that
the proposed multi-generation DT framework enables the
system to become more robust to varying initial conditions
and uncertain road roughness. By continuously updating the
digital model and co-optimizing the physical parameters and
control policy, each successive generation achieved superior
performance under broader uncertainty conditions. However,
the previous study only considered a simplified suspension
configuration that did not capture the complex interactions
and couplings present in a full-vehicle system, and motivates
us to work on more realistic, complex, and scaled testbeds.

Extending the framework to a full-vehicle active suspen-
sion system introduces several new challenges that necessi-
tate further methodological developments. First, the system
is partially observable, meaning that not all states are directly
measurable from onboard sensors. This requires the policy
to infer unobserved dynamics through learned correlations.
Second, the problem involves a high-dimensional state and
action space, as the full vehicle includes coupled lift, pitch,
and roll motions with four actuators that must be coordinated
in real time. Third, the optimization must ensure system-level
dynamic controllability across varying driving and environ-
mental conditions, balancing comfort, stability, and energy
efficiency under multiple operating modes.

1.3 Research objectives and contributions

By addressing the challenges of full-vehicle modeling,
partial observability, coupled dynamics with proactive con-
trol, the DT framework extends beyond traditional offline
control design toward a data-driven, learning-based, and
self-improving paradigm. Through iterative model updat-
ing, uncertainty quantification (UQ), and RL-based co-
optimization, the framework continuously redesigns both
the physical system and its controller for future generations,
enabling adaptive, personalized, and sustainable vehicle per-
formance throughout the system lifecycle.

The objective of this work is to present a multi-generation
DT framework to co-optimize the physical components and
active controllers for full-vehicle active suspension sys-
tems by integrating automatic differentiation with CCD
and DRL techniques. This framework also enables data-
informed adaptation of suspension design and control strate-
gies by leveraging real-time monitoring, model updating, and
decision-making within digital twins, allowing performance
to be evaluated and improved across a wide range of operat-
ing scenarios.

This research makes the following key contributions:

e We propose a DT-enabled CCD methodology that jointly
optimizes full-car suspension components and learning-
based control policies within a unified DRL framework.

e We use a multi-generation design framework integrated
with CCD formulations and the DT technology to enable
continuous adaptation and performance improvement
across successive generations.

e We demonstrate how the proposed framework can be
used to analyze suspension design—control trade-offs
under distinct driving styles and operating conditions
(e.g., mild versus aggressive driving), providing design
insight that supports robust tuning and future-generation
design decisions.

This work establishes a pathway toward more intelligent and
adaptive DTs that support decisions on suspension design and
control development across the vehicle lifecycle and improve
ride comfort, robustness, and energy efficiency under diverse
operating conditions and evolving usage profiles. Consistent
with recent digital twin literature, we view a digital twin
as a progressive cyber—physical system that evolves from
simulation-based initialization to experimental integration
and real-time updating; the present study focuses on this
simulation-based initialization stage.

The remainder of this article is organized as follows.
Section 2 reviews the technical background on DTs, CCD
formulations, and RL techniques. Section 3 formulates
the full-vehicle active suspension dynamics, describes the
numerical solution procedure, models external disturbances,
and states the problem definition. Section 4 details the multi-
generation CCD framework with the integration of DT and
DRL, and its stepwise implementation. Section 5 presents
results and extended discussion. Finally, Sect. 6 concludes
the paper and outlines directions for future research.

2 Background
2.1 Digital twin

A Digital Twin (DT) is generally defined as a virtual replica
of a physical system that is continuously updated with
data collected from the physical asset throughout its life
cycle (Grieves 2014; Thelen et al. 2022, 2023; Karkaria
et al. 2025b). Unlike traditional modeling approaches that
typically focus on a single design stage or a single genera-
tion of a product, a DT spans the entire product life cycle,
from conceptual design (Wang et al. 2020) and manufac-
turing (Onaji et al. 2022) to operation (Yu et al. 2021),
maintenance (Karkaria et al. 2025a; Hu et al. 2024), and next-
generation redesign (van Beek et al. 2023). This continuous
and bi-directional connection allows the DT not only to mir-
ror the physical system but also to inform decision-making
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Fig.1 Illustration of the
differences among a digital
model, a digital shadow, and a
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(Chen et al. 2025a) and enable adaptive improvements over
time.

It is important to clarify the distinction between a digital
model, a digital shadow, and a DT, as these terms are often
used interchangeably in the literature (Grieves and Vickers
2017). Figure 1 illustrates the three levels of digital represen-
tations using the example of an active suspension system. A
digital model refers to a static virtual model of the phys-
ical system that is created during the design phase. This
model is not automatically updated with real-world data. For
example, a vehicle manufacturer may simulate suspension
performance under pre-defined road profiles, but the model
remains unchanged once it is built. A digital shadow, in con-
trast, is a virtual representation of the physical counterpart
that receives a one-way flow of data from the physical system
or real environment. Sensor measurements are streamed into
the model, allowing it to reflect the current state of the phys-
ical system. However, the shadow does not send information
back to the physical system. That is, no decision-support
or feedback actions are transmitted from the digital to the
physical domain. Finally, a DT represents a fully connected
virtual replica of the physical system with bi-directional
data flow. The twin not only updates its states with real-
time sensor data but also uses predictive models and makes
informed decisions for the real system. This closed-loop
interaction enables the system to adapt to varying conditions
and changing environments, thereby enhancing performance,
robustness, and adaptability. In this work, the digital twin is
considered at a pre-deployment stage, where the physical
system is represented by a surrogate model that emulates
unmodeled nonlinearities, disturbances, and model-reality
mismatch prior to real-world implementation.

It is worth noting that in many practical cases, the bi-
directional communication within a DT may not be fully
automatic but instead involve human decision-makers in the
loop (Thelen et al. 2022; Sisson et al. 2022; Marykovskiy
et al. 2024). For example, predictive maintenance applica-
tions often rely on the DT to continuously monitor sensor
data, identify early signs of component degradation, and
recommend maintenance actions (Karkaria et al. 2025a).
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Although the final decision and execution may require human
approval, these actions must be handled in a timely man-
ner to prevent unexpected breakdowns and ensure system
reliability. Similarly, in remanufacturing scenarios, a DT
can assess the condition of returned components, estimate
their remaining useful life, and suggest refurbishment strate-
gies, with human operators executing the recommended
actions (Karkaria et al. 2025¢). In such cases, the DT func-
tions as an intelligent decision-support system, ensuring that
feedback between the physical and digital entities is closed
effectively even when human involvement is necessary.

2.2 Control co-design

Control Co-Design (CCD) is an integrated framework that
concurrently addresses the design of physical systems (plants)
and their control strategies, accounting for the interde-
pendence between system dynamics and control behavior.
Unlike conventional sequential approaches, CCD enables
designers to achieve superior system-level performance by
jointly considering both domains (Garcia-Sanz 2019; Alli-
son and Herber 2014; Tsai and Malak 2022a; van Diepen and
Shea 2022). Two prevalent CCD paradigms exist: simultane-
ous and nested formulations (Herber and Allison 2019). The
simultaneous approach treats physical and control variables
within a unified optimization problem, whereas the nested
approach decomposes the problem hierarchically, with the
outer loop handling physical design and the inner loop solv-
ing for control under fixed physical parameters. The nested
strategy is particularly advantageous when distinct objec-
tives govern the control and physical design, or when the
control synthesis relies on domain-specific methods (Nash
et al. 2021; Tsai and Malak 2023, 2025).

The choice between these formulations is guided by fac-
tors such as problem structure, computational considerations,
and the tools available for controller synthesis. In this study,
we adopt a simultaneous CCD framework, which enables
co-optimization of the physical components and control pol-
icy through Deep Reinforcement Learning (DRL) with the
integration of automatic differentiation. This learning-based
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Fig.2 Diagram of Reinforcement Learning (RL), modified from Sutton
and Barto (1998)

method captures the complex interdependencies between
design and control and facilitates system adaptability under
dynamic and uncertain conditions by leveraging real-time
data.

2.3 Reinforcement learning

Reinforcement Learning (RL) provides a mathematical
framework for solving sequential decision-making prob-
lems, where an agent learns to make decisions through
interactions with its environment in order to maximize
long-term rewards (Busoniu et al. 2018), as illustrated in
Fig. 2. This learning process is typically modeled using a
Markov Decision Process (MDP), represented by the tuple
(X,U, P,R,y). Here, X denotes the state space, U the
action (or control input) space, P the system’s transition
model, R the reward function, which is often interpreted as
the negative of a cost, and y € (0, 1] the discount factor. In
an MDP framework, state transitions are generally stochastic,
meaning that applying an action uy to a system in state x; at
time step k results in a probabilistic next state X 1. The tran-
sition dynamics are captured by the probability distribution
P (Xk+1|Xx, ug), describing the likelihood of moving to state
Xr+1 from x; under action ug. In control-oriented contexts,
however, it is often more practical to express the system’s
evolution deterministically as a function of state and control
action:

X1 = F(Xk, wp), (1

which is a stochastic process according to the transition func-
tion P (Xp41|Xk, Ug).

After transitioning to the next state Xy 1, the agent receives
ascalar reward defined as ry+1 = R(Xk, Uy, Xk+1), Where the
reward function R : X xU x X — R maps the current state,
action, and resulting state to areal-valued reward. The agent’s
behavior is governed by a policy, which is a probabilistic
mapping from states to actions. Specifically, given a current
state Xi, the policy & assigns probabilities to possible actions
such that the agent selects u; according to the distribution

7 (g |xp).

The objective in RL is to maximize the return, defined
as the cumulative discounted sum of future rewards starting
from time step k:

o0
Gr =) ¥'rititi, )
i=0

where y € (0, 1] is the discount factor, which determines the
importance of future rewards relative to immediate ones.

To evaluate how good a state is under a given policy &,
we define the state-value function:

VE(X) = Ex [Gr | X = X]
e .
=Ex | D ¥ R(ttis Wi Xegit1) | Xk =X |,
i=0

3

for all x € X. This function, also called the V-function,
estimates the expected return when starting from state x and
following the policy & thereafter.

While the state-value function captures the quality of
states under a policy, effective decision-making requires eval-
uating the quality of specific actions taken from a given state.
This leads to the definition of the action-value function, or
Q-function, as:

0" (x,u) =Ey [Gk | Xk =X, up = u]

o0
=E, [Z V'R (Xpis Wiy Xii1) | Xk = X, Wy = U} ,
i=0
“4)

for all x € X and u € U. The Q-function estimates the
expected return of executing action u in state x and then
continuing with policy & thereafter.

Conventional RL approaches, such as tabular Q-learning
and dynamic programming, face significant challenges when
dealing with complex control tasks involving continuous
state and action spaces. In these scenarios, it is infeasible
to explicitly represent or update the value function for all
possible state-action combinations, as the space becomes
effectively infinite. This scalability issue renders traditional
RL methods unsuitable for high-dimensional control appli-
cations, including robotic manipulation, autonomous vehicle
control, and real-time decision-making in DT-enabled sys-
tems.

Deep Reinforcement Learning (DRL) overcomes the
limitations of traditional RL methods in continuous and
high-dimensional spaces by employing Deep Neural Net-
works (DNN5) to approximate value functions, policies, or
both Busoniu et al. (2018); Shakya et al. (2023). Rather than
relying on explicit tables to store state-action values, DRL
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leverages the generalization capability of neural networks
to estimate functions over large or continuous domains.
This approach allows DRL to scale effectively to com-
plex environments. Among the popular DRL algorithms are
policy-based methods such as Trust Region Policy Optimiza-
tion (TRPO) (Schulman et al. 2015) and Proximal Policy
Optimization (PPO) (Schulman et al. 2017), which improve
learning stability and efficiency through constrained updates.
These methods ensure that policy changes remain within
a “trust region,” thereby avoiding abrupt shifts that could
hinder convergence. Beyond these, numerous DRL algo-
rithms have been developed to address challenges like sample
efficiency, exploration-exploitation trade-offs, and training
stability. For broader overviews of the DRL landscape, read-
ers may consult comprehensive surveys in Arulkumaran et al.
(2017); Ladosz et al. (2022); Wang et al. (2022). The inte-
gration of deep learning into RL has dramatically expanded
its practical relevance, enabling application to real-world
systems where classical approaches fall short due to com-
putational constraints.

2.4 Co-design using reinforcement learning

In the CCD literature, physical design parameters are con-
sistently treated as a distinct class of plant design variables,
rather than as components of the system state. These vari-
ables (e.g., stiffness, damping, geometry, mass properties,
and actuator or sensor placement) define the physical con-
figuration of the system and remain fixed during operation,
while the system state describes the transient dynamical
behavior governed by this configuration. This distinction
is emphasized in integrated control co-design formulations,
where plant design variables and control variables are jointly
optimized but are not included in the state vector (Allison
and Herber 2014; Nash et al. 2021; Jin and Schmit 1992).
Although such parameters can be mathematically embedded
as states with zero dynamics, this representation is generally
not adopted in co-design formulations, as it obscures their
role as persistent, deployable design decisions rather than
evolving system behavior.

Given the remarkable success of DRL in solving com-
plex control problems, its integration into co-design frame-
works has attracted significant attention in recent years. In
DRL-based co-design, the goal is to jointly optimize both
the physical parameters of a system and its control pol-
icy, enabling a unified treatment of structural design and
decision-making under uncertainty (Ma et al. 2021; Yuhn
et al. 2023; Chen et al. 2020; Sun et al. 2023; Schaff
et al. 2019; Luck et al. 2020; Wang et al. 2023). This
paradigm reflects a shift from the traditional sequential
design—then—control process toward an adaptive, closed-loop
optimization that allows physical morphology and control
behavior to evolve together. Such co-adaptive mechanisms

@ Springer
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Fig. 3 Comparison of a conventional DRL-based control with fixed
hardware parameter p, where the policy = is only dependent of p, and
b hardware as policy, where the policy = is dependent of x and p and
the hardware parameter and the policy are co-optimized (modified from
Chen et al. (2020))

have shown improved robustness, adaptability, and perfor-
mance in dynamic environments, particularly in robotic
applications such as manipulators, legged locomotion, and
modular soft robots.

A common strategy for solving learning-based co-design
problems is to employ a bi-level optimization architecture, in
which the inner loop trains a control policy for a fixed phys-
ical configuration, while the outer loop searches the design
space through methods such as evolutionary algorithms or
Bayesian optimization (Schaff et al. 2019; Wang et al. 2019;
Gupta et al. 2021; Chen et al. 2023b). This separation allows
each level of problem to use specific solvers: RL for control
and black-box search for system design which is suitable
for discrete or non-differentiable hardware spaces. However,
the approach is often computationally intensive because each
modification to the physical design requires retraining the
controller from scratch, resulting in high sample cost and
slow convergence (Chen et al. 2023a).

To improve learning efficiency, an emerging line of
research treats the mechanical design as part of the pol-
icy network itself, a concept known as hardware as policy
(Chen et al. 2020; Sun et al. 2023). In this formulation, phys-
ical parameters are represented as differentiable components
within the computational graph, allowing gradient-based
DRL algorithms (e.g., PPO or TRPO) to co-optimize both
neural-network weights and design variables through back-
propagation (Schaff et al. 2019; Luck et al. 2020; Ma
et al. 2021). Figure 3 illustrates this concept by contrast-
ing (a) conventional DRL-based control, where the hardware
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parameters p are fixed and the policy m(u|x) is learned
independently, with (b) the hardware-as-policy paradigm, in
which both p and the policy 7 (u|x, p) are jointly optimized
through a shared computational graph. This simultaneous
optimization significantly improves sample efficiency and
coordination between morphology and control, producing
systems that exhibit natural co-adaptation analogous to
biological evolution. Despite their success, these methods
typically assume stationary training environments and do
not explicitly account for the stochastic, nonstationary con-
ditions common in real engineering systems.

To address this gap, recent efforts have extended DRL-
based co-design frameworks to engineering domains beyond
robotics, where the physical dynamics are more complex,
the environment is less predictable, and data collection is
costly (He and Su 2023; Xu and Carrillo 2017). Our pre-
vious work (Tsai et al. 2025a) represents one of the earliest
applications of DRL-based CCD beyond robotics by demon-
strating its use in a quarter-car active suspension system.
That study introduced a gradient-based CCD formulation
in which the physical suspension parameters and control
policy were jointly optimized via automatic differentiation,
enabling adaptive learning from road disturbances. Building
on that foundation, the present study generalizes the frame-
work to a full-vehicle active suspension system to facilitate
real-time DT model and DRL policy update, co-optimize the
physical system and controller, and improve the performance
and adaptability across multiple generations.

While the physical design parameters optimized in such
co-design formulations are fixed after deployment and do
not adapt online, RL plays a critical role in determining
these parameters based on expected closed-loop performance
under uncertainty, rather than through open-loop or simpli-
fied surrogate objectives. In DRL-based co-design, candidate
plant designs are evaluated through their interaction with the
control policy across distributions of operating conditions
and disturbances, allowing nonlinear dynamics, stochastic
excitations, control constraints, and performance trade-offs
to be naturally embedded in the optimization process. From
this perspective, RL serves as an effective offline co-design
mechanism, complementing real-time control adaptation by
enabling plant parameters to be selected in a manner that is
robust to uncertainty and tightly coupled with closed-loop
behavior, which is difficult to achieve using conventional
optimization methods that decouple plant design from con-
trol synthesis.

3 Simulation of full-vehicle active
suspension

Active suspension systems, unlike passive suspension sys-
tems, significantly enhance ride comfort and vehicle stability

3.2.1 Driving Profile &~
xe(8), 7 (6), v(0), a(®), ¥ 1

3.2.2 Road Profile
Z4,Y) 0Z(X,Y) 0Z(X,Y)
) G ) ¢

l

3.2.3 Computing Wheel-level Elevation
and Elevation Rate

N GR ORI I

——

!
(1) = £(x(t), u(®), v(t), a(t), 8(6),2,(6),2,(6)) ¥
y(®) = Cx()

3.1 Vehicle Dynamics with Active Suspensions

Fig.4 Simulation workflow for the full-vehicle active suspension sys-
tem, where x. and y. denote the longitudinal and lateral positions of the
vehicle center of mass, respectively. The driving and road profiles are
combined to compute wheel-level elevations and elevation rates, which
serve as external disturbances to the dynamic model

by actively modulating suspension forces in real time.
Designing such systems demands a close integration of
physical and control domains to ensure robust performance
across diverse road and driving conditions. While tradi-
tional proportional—-integral-derivative (PID) controllers and
linear-quadratic regulators (LQR) are widely used due to
their simplicity (Anh 2020; Nguyen and Nguyen 2023;
Manna et al. 2022), they lack adaptability and require metic-
ulous manual tuning, limiting their effectiveness in dynamic
environments. While our prior work demonstrated that CCD
of an active suspension system across multiple generations
leads to improved performance and robustness (Tsai et al.
2025a), it was limited to a quarter-car suspension model,
which oversimplifies the complexity of real-world vehicle
dynamics.

This section demonstrates the modeling and simulation
of the full-vehicle active suspension system used in the case
study. The objective is to illustrate how the vehicle dynam-
ics are formulated and simulated under realistic operating
conditions. The full-vehicle model serves as a digital repre-
sentation that interacts with the DRL-based controller. We
will use the simulation environment to show how the inte-
gration of real-time data collection and DT model updates
enhances the system’s adaptability and dynamic performance
(including driving quality, vehicle stability, and passenger
comfort). Additionally, we will use the simulation envi-
ronment to illustrate how the framework identifies distinct
optimal solutions tailored to two distinct driving behaviors
(mild and aggressive drivers) for personalized optimization
and improving system robustness in real-world scenarios.

Figure 4 illustrates the overall simulation flow for the full-
vehicle active suspension system. The simulation begins by
defining the driving profile, which specifies the vehicle’s
longitudinal and lateral motion, including position, speed,
acceleration, steering angle, and yaw dynamics. In paral-
lel, the road profile describes the terrain elevation and its
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spatial gradients, capturing variations in road roughness and
slope. These two components are combined to compute the
wheel-level elevation and elevation rate, which act as exter-
nal disturbances to the suspension system. The computed
disturbances, together with the vehicle’s dynamic states and
control inputs, form the inputs to the nonlinear state-space
model of the vehicle dynamics. The model then predicts the
time evolution of the system states and observable outputs,
providing a realistic representation of full-vehicle behavior
under diverse driving and road conditions.

3.1 Dynamic modeling

The vehicle dynamics with active suspension systems are
represented as a nonlinear state-space system:

x(t) = (x(),u), v(t),a(t), §(1), 2 (1), z, (1)), (5)
where x(¢) is the system state vector, defined by:

x(t) = [z5(1), (), B(1), zu1 (1), Zu2 (1),
23 (1), zua (1), 25 (1), @ (1), B(1), (©6)

21 (1), 22 (1), 243 (0), Zua (D17

u(t) = [u1 (), uz(t), u3(t), us(®)]" is the vector of actu-
ator control forces applied to the four suspension systems,
v(t) and a(t) denote the vehicle’s longitudinal velocity
and acceleration, §(¢) is the steering angle, and z,(t) =
[2r1(0), 22(0), 23(0), 24O, 2 (1) = [271(1), 2r2(0), 23
(1), zr4(1)]" are the vectors of road heights and road velocity
inputs at four wheels.

The dynamic equations of sprung mass vertical motion,
pitch motion, roll motion, and unsprung mass (wheel) vertical
motion, respectively, are:

4
myZ () =Y (Fi(t) + (1)) , (7
i=1
4
L)@ =) (Fi(t) + i (1)) dui + Mg (1), ®)
i=1
.. 4
IgB =Y (Fui(t) +ui(6)) dy; + Mg (1), ©)

i=1
MyiZui (1) = Fyi(t) — Fsi(t) —u; (1), Vi €{1,2,3,4},
(10)

where Fj; (t) denotes the suspension force at Wheel i, defined
by:

Fyi (1) = ks (zui (t) — 25(1) — Ai (1))
+ e5 (ui (1) — 25(t) — As (1)), (11)
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and Fj; (t) denotes the tire (contact) force at Wheel i, defined
by:

Fii (1) = ki (zri (1) = zui (1)) + €1 (27i (1) — Zui (1)), 12)

where A; accounts for the geometric displacement due to
pitch and roll at each wheel location:

Ay(r) = —lpa(r) + éﬂ(t), (13)
Ao(r) = —lpa(r) — éﬂ(t), (14)
A3(r) = lpa(r) + %ﬁ(t), (15)
Ag(r) = lpa(r) — %ﬁ(t), (16)

dvi = {=ly,~ly,l;, I,y and dy; = {1/2,-1/2,1/2,—1/2}
denote the longitudinal and lateral distances, respectively,
from the vehicle’s center of gravity to each wheel, k; and
c; are tire stiffness and damping constant, respectively, and
ks and ¢, are the coefficients of the spring and the damper
(design variables for the physical system). The additional
torques M, (t) and Mg(t) are generated by inertial coupling
due to longitudinal and lateral accelerations (e.g., braking and
cornering), modeled as M, (t) = mshcga(t) and My(t) =
vehicle’s center of gravity (CG) above ground. The physical
and geometric parameters used in the full-vehicle dynamic
model are summarized in Table 1.

This model captures seven degrees of freedom (DOFs):
three DOFs for the sprung mass (lift z;, pitch «, and roll g),
and four vertical DOFs for the unsprung masses (wheels)
Zul — Zu4, shown in Fig. 5. We assume small angles for
pitch and roll to simplify the rotational dynamics. Tire-road
interactions are modeled with vertical spring-damper pairs,
and control forces u(¢) = [u1(t), u2(t), uz(t), usa(t)]" are
treated as external actuator inputs that directly adjust the
actuation forces for the four suspension systems.

Suspension systems often suffer from limited observabil-
ity due to the difficulty of directly measuring all internal
states in real-time, especially the motion and dynamics of the
sprung body. In full-vehicle suspension models, the system
dynamics typically involve a high-dimensional state vec-
tor, while only a subset of states can be accessed through
physically realizable sensors. Accordingly, the observed state
vector y(¢) is selected to balance practical sensor availabil-
ity, robustness to noise, and relevance to ride comfort and
handling objectives, rather than to achieve full-state observ-
ability. In this system, the observed state vector y(¢) is defined

, with hcg representing the height of the
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Table 1 Vehicle parameters

Symbol Physical meaning Value Unit
mg Sprung mass 1500 kg

Iy Pitch rotation inertia 2500 kg m?
Ig Roll rotation inertia 500 kg m?
My Unsprung mass 50 kg

k; Stiffness of tire 200000 N/m
¢t Damping of tire 150 N s/m
ly Distance between CG and front axles 1.35 m

I, Distance between CG and rear axles 1.35 m

[ Track front, track rear 0.75 m
hcee Height of the CG above the ground 0.55 m

Fig.5 Model of full vehicle with active suspension systems

by:

y(t) = [25(0), &), B(1),

2u1 (1), Zu2 (1), 2u3(t), Zua(t),

25 (1) — zu1 (1), 25 (1) — zu2 (), (17)
25(t) — zu3 (1), 25(t) — zua()]"
= Cx(1),

where C € R!!*14 g the observation matrix, allowing us
to extract the following 11 measurable outputs from the full
system. This measurement set reflects sensing modalities that
are commonly available or feasible in real vehicle implemen-
tations. The vertical velocity of the vehicle body z,(¢), and
pitch rate &(¢) and roll rate B(t) can be obtained from a
gyroscope module. The vertical positions of the unsprung
masses z,;(¢), i = 1,...,4, are measured via linear poten-
tiometers attached to each wheel. Additionally, the relative
displacement between the body and wheels z; (1) — z,; (f) is
measured using suspension stroke sensors. We note that the
measurement vector is not intended to represent a minimal
sensing configuration. While some relative suspension dis-
placements can be reconstructed algebraically from wheel

position measurements and a single relative displacement,
they are included here as part of the observation vector to
explicitly expose suspension deflection information to the
learning-based controller. This formulation should be inter-
preted as a modeling abstraction of available signals rather
than a prescription of required physical sensors.

The controller is designed to operate under partial state
measurement, consistent with practical sensing limitations
and learning-based control formulations. Rather than relying
on full-state observability or explicit state reconstruction, the
DRL policy directly maps the available measurements to con-
trol actions, with performance validated empirically through
closed-loop simulations under stochastic disturbances.

To implement the dynamic model into the DRL frame-
work where the agent interacts with the environment at
discrete-time intervals, the continuous-time vehicle dynam-
ics are discretized using the fourth-order Runge—Kutta (RK4)
method. Given the current system state x(¢) and control input
u(z), the RK4 method computes the next state Xx41 over
a time step At = 0.01 second by evaluating intermediate
derivatives of the dynamics function f, where k represents the
index of the time step. The selected time step is sufficiently
small relative to the dominant dynamics of the vehicle sus-
pension system, ensuring adequate numerical accuracy and
stability. A sampling time of 10 ms is also consistent with
typical sensing and control update rates used in automotive
suspension systems, and preliminary tests with smaller time
steps showed similar closed-loop performance trends.

With the prescribed At¢, the dynamics can be approxi-
mated and Eq. (5) can be written in a discrete-time version:

X1 = fa(Xk, Wg, v, ak, 8k, Zok, Zrk), (18)

which serves as the transition model in the agent—environ-
ment interaction loop. It is noted that the full system state
Xy is not directly observable in practice. The agent instead
receives a partially observed state (or observation) vector yy.
The DRL policy 7 (ug|yx) is therefore trained on the obser-
vation space rather than the full state, reflecting the realistic
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feedback structure in which the controller operates using only
sensor-accessible information.

The vehicle dynamic model used in this study is based on
several simplifying assumptions. First, it is assumed that all
four wheels maintain continuous contact with the road sur-
face, i.e., no wheel lift-off or loss of ground contact occurs.
The road excitations are applied only in the vertical direc-
tion, and lateral or longitudinal tire slip dynamics are not
considered. In addition, internal disturbances such as drive-
train vibrations, engine torque fluctuations, or transmission
dynamics are neglected (Dridi et al. 2025). The suspension
elements are assumed to be ideal, with no friction, back-
lash, or hysteresis effects, and the actuators apply control
forces directly without delay or saturation. Sensor measure-
ments are assumed to be noise-free and perfectly accurate.
While real-world vehicle systems inevitably involve sensor
noise, bias, and delays, this assumption is adopted to decou-
ple sensing uncertainty from the core investigation of CCD
and closed-loop performance under stochastic environmen-
tal disturbances, such as randomized road excitations, speed
perturbations, and steering noise.

This full-vehicle suspension model presents several chal-
lenges for control:

e High dimensionality and coupled dynamics,

e Partial observability (not all states may be measurable in
practice), i.e., only yi is observable instead of x; at time
step k,

e Highly uncertain environments, such as uneven terrain
and aggressive driving maneuvers, and

e Theneed forrapid and adaptive decision-making to main-
tain vehicle stability and passenger comfort.

DRL updates the control policy in real time by learning
from physical data to adapt to dynamic environments. Fur-
thermore, DRL is well-suited for systems where the cost of
modeling uncertainty and real-time feedback is high, and
where traditional control strategies may struggle to maintain
performance under unpredictable driving conditions.

3.2 External disturbance
3.2.1 Driving profiles

To demonstrate the capability of the proposed DT-enabled
CCD framework in tailoring optimal suspension system
designs for different user behaviors, we developed two con-
trasting driving profiles representative of mild and aggressive
drivers. These profiles serve as external excitation scenarios,
enabling evaluation of vehicle performance and adaptation
under varied longitudinal and lateral dynamics.

The mild driver is characterized by gradual acceleration,
moderate steering actions, and a lower cruising speed. In
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contrast, the aggressive driver exhibits rapid acceleration,
more abrupt steering transitions, and a higher cruising speed.
These behavioral patterns are embedded in the acceleration
and steering angle trajectories, which serve as inputs for vehi-
cle motion integration.

We constructed both profiles over a duration of 1,200 s
with a step of 0.01 s (a total of 120,000 steps). The longitu-
dinal acceleration profile a(#) was divided into three phases:
acceleration, cruising, and braking. The mild driver accel-
erates at 2.0 m/s” to a cruising speed of 12 m/s, while the
aggressive driver reaches 20 m/s under a higher acceleration
of 6.0 m/s> (shown in Fig. 6).

Lateral control is represented by scheduled steering angle
inputs, modeled using piecewise-defined angular perturba-
tions repeated over the full simulation. The aggressive driver
performs frequent and sharp turns (up to approximately 0.17
rad), while the mild driver exhibits infrequent and smoother
maneuvers (within around 0.05 rad), shown as Fig. 7.

All profiles were smoothed using a Savitzky-Golay fil-
ter (Schmid et al. 2022) to emulate realistic driver commands
while preserving sharp dynamic features. The resulting posi-
tion (x, y), velocity v, yaw ¥, and yaw rate ¥ define the
vehicle’s trajectory across the road surface, from which the
spatially varying road elevations are queried at each wheel
as a function of time. This ensures that the excitation inputs
applied to the four suspension systems correspond accurately
to the instantaneous contact locations of the tires as the vehi-
cle moves along the road, which will be detailed in Sect.
3.2.3.

Figures 6 and 7 illustrate selected segments of the longi-
tudinal acceleration and steering angle profiles, respectively,
highlighting the key differences between the driving behav-
iors. The aggressive profile features pronounced peaks in
acceleration and steering, leading to sharper velocity and
orientation changes. The mild profile, in contrast, empha-
sizes smoothness and gradual transitions. These user-specific
trajectories are used as input scenarios to evaluate the adapt-
ability of the suspension design under different driving styles.

3.2.2 Road profile

To evaluate the performance of the full-vehicle active sus-
pension system under realistic conditions, we generated
a high-fidelity two-dimensional (2D) road surface profile
Z (X, Y) that captures both micro-scale stochastic roughness
and macro-scale topographic features. This approach goes
beyond traditional one-dimensional bump or cleat models
used in (Dridi et al. 2025) by introducing lateral variability
and a spatially continuous field suitable for evaluating vehi-
cle responses across all four wheels simultaneously.

The 2D road roughness profile was synthesized using
inverse Fourier transformation of a Hermitian-symmetric
complex spectrum constructed according to the ISO 8608
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Fig. 6 Comparison of longitudinal acceleration profiles for mild and
aggressive drivers. The aggressive driver accelerates more quickly and
reaches a higher cruising speed
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Fig.7 Steering angle trajectories for mild and aggressive drivers. The
aggressive driver demonstrates higher frequency and amplitude of steer-
ing commands

standard. The power spectral density (PSD) was defined as:

w
no

‘/n§(+n%+6

where Sy is the reference PSD value (e.g., 1 x 10~ m3),
ny and ny represent the numbers of grids in x and y direc-
tions, respectively, ng = 0.1 cycles/m is the reference spatial
frequency, and w = 2.5 is the waviness exponent. A small
constant € = 0.005 m was introduced to avoid division by
zero. To ensure a real-valued elevation field, Hermitian sym-
metry was enforced on the frequency domain matrix prior to
applying the inverse FFT.

(D(nx,ny) = So (19)
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Fig.8 Generated 2D road roughness profile based on ISO 8608-based
spectral characteristics, with paths of mild and aggressive drivers

The resulting elevation map Z(X, Y) € RM>*NY gpans a
2000 x 2000 m domain with 1 m spatial resolution. An exam-
ple of the generated roughness is shown in Fig. 8, exhibiting
spatial correlation with a standard deviation of approximately
0.045 m and peak-to-peak variation exceeding 0.15 m.

To simulate structured terrain features such as hills or
ramps, we superimposed large-scale elevation patterns onto
the stochastic roughness field. For instance, sinusoidal hills
were defined in the longitudinal direction using:

. (X — Xo)
Zpin(X) = Apin - sin <—>
Ly

where Apj; = 0.05 m is the hill amplitude, Xy = 1000 m
is the hill’s starting position, and Lpj; = 400 m is the hill
length. This design introduces realistic undulations similar
to those found in rural or suburban roads.

To couple the road profile with vehicle dynamics, we
implemented a spatial interpolator using scipy.interpo
late.RectBivariateSpline, whichprovides smooth
querying of Z(X,Y) and its spatial gradients at arbi-
trary coordinates. The road elevation and partial derivatives
0Z/0X and 0Z/9Y were computed at each wheel based on
the vehicle’s pose (position and yaw angle) and geometric
configuration (wheelbase and track width). This allows direct
integration of terrain excitation into the suspension dynamics
model and the RL environment.

3.2.3 Computing wheel-level elevation and elevation rate

After generating the two-dimensional road profile Z(X, Y)
and defining the vehicle motion trajectories, we compute the
road excitation input at each suspension point in the form of
elevation z, and elevation rate z,, which appear in Eq. (18)
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of the suspension dynamics model. These quantities serve as
exogenous inputs to the vertical dynamics of each wheel.

At each simulation timestep, the global position of the
vehicle’s center of gravity (CG), denoted as (x(¢), y(¢)), and
its yaw angle ¥/ (¢), are used to compute the global positions
of the four suspension contact points:

Front left (FL): (Ax, Ay) = (Iy, —1/2)
Front right (FR): (Ax, Ay) = (I,1/2)
Rear left (RL): (Ax, Ay) = (=l7, —1/2)
Rear right (RR): (Ax, Ay) = (=I7,1/2)

Each wheel’s location is determined by rotating its local
offset relative to the CG using the yaw angle:

Xwheel = X + Ax cosy — Aysiny,
Ywheel = ¥ + Ax sinyy + Aycos i,

where Ax and Ay are the relative longitudinal and lateral
distances from the CG to each wheel, determined by /¢ and
l.

Given the global position of each wheel, the corresponding
road elevation z,; is extracted from the spatial map Z(X, Y).
In addition, the local terrain slopes dZ /90X and dZ/9Y are
obtained from pre-computed gradient maps of the road sur-
face. These values are queried using bilinear or spline-based
interpolation to ensure smoothness.

The vertical rate of change of road elevation at each wheel
contact point, denoted z,;, is calculated using the chain rule:

) 0Z; 1ijazi iny
ri = —— 1V COS —vsin Y,
= Ty Y

where v is the longitudinal velocity of the vehicle. This for-
mulation allows the model to capture how the suspension
experiences road gradients based on the direction and speed
of vehicle motion.

3.3 Problem definition

The goal of active suspension control is to enhance both ride
comfort and vehicle stability by actively adjusting the forces
applied at each suspension. However, achieving optimal per-
formance requires careful coordination between the physical
design parameters (e.g., suspension stiffness and damping)
and the control policy that governs the actuator behavior.

In our framework, we focus on co-designing the mechan-
ical spring and damper parameters, i.e., ks and ¢y, for each of
the four suspension units. These components play a critical
role in determining how effectively the suspension system
can isolate the vehicle body from road disturbances while
maintaining contact between the tires and the ground.
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To evaluate the performance of each suspension-controller
configuration, we define a reward function that reflects key
objectives in ride comfort, vehicle handling, and control
efficiency. The reward is computed as a weighted sum of
physically meaningful performance indices derived from the
dynamic responses. Specifically, ride comfort is quantified
using a comfort index, which aggregates vertical accelera-
tion, pitch acceleration, and roll acceleration, defined by:

comfort index = \/(wfz'sk)2 + (wdn)? + (w3fr)?, (20)

where w1 = 10, wy = 1.0, and w3 = 0.5 are scaling weights
to account for their relative contributions to passenger dis-
comfort, with vertical acceleration being the dominant factor.

In addition to comfort, handling performance is evaluated
through penalties on pitch and roll angles, which are squared
toreflect their increasing impact on stability as the magnitude
grows. These penalties are normalized using empirically cho-
sen scaling factors to ensure appropriate weighting within the
total cost. Additionally, the reward also includes an energy
penalty proportional to the squared control inputs applied at
each suspension. Altogether, the reward function balances
the competing objectives of comfort, handling, and control
effort:

4
Feel = — (comfort index + cloe,% + cz,B,% + c3 Z u?k> ,
i=1

21

where ¢| = oo ©2 = 000050 @nd €3 = 0.0001 are
coefficients according to the quantity scales.

The scale factors in Eqs. (20) and (21) are introduced to
normalize the magnitudes of heterogeneous state variables
and physical design parameters before they are provided as
inputs to the neural networks. Their values are selected based
on the typical operating ranges of the corresponding vari-
ables, ensuring that all inputs are of comparable numerical
scale and improving training stability. These scale factors
are fixed throughout training and are not tuned to optimize
performance.

4 Multi-generation digital twin framework

Directly training RL agents on a physical system or a
high-fidelity model is often impractical due to safety risks,
computational cost, and potential system degradation during
exploratory learning. Therefore, the proposed framework ini-
tializes learning in a low-fidelity digital model that provides a
safe and efficient training environment. Data collected during
nominal operation of the system are then used to update the
digital model, enabling progressive improvement in fidelity



Reinforcement learning-based control co-design...

Page 130f28 108

| Step 0: Initialization |
Mo [ Po o

| Step 1: First CCD Optimization |
Mo [P1 T4

Step 2: First Implementation
(Generation 1)

My [p1 7,
| Step 3: Second CCD Optimization |
M [p2 13

Step 4: Second Implementation
(Generation 2)

?

Fig.9 Overview of the multi-generation digital twin-based control co-
design framework. Updated components at each stage are highlighted
in red. (M: digital model, p: system design, and 7 : controller)

without requiring risky online exploration on the physical
system.

4.1 Overview

The framework proposed in (Tsai et al. 2025a) establishes
a closed learning loop between the digital and physical
domains, enabling continuous improvement of both system
design and control policy across multiple generations. Build-
ing on this foundation, the present work applies and extends
the framework to the optimization of a full-vehicle active sus-
pension system, where the DT learns and adapts to distinct
driving behaviors and varying environmental conditions. As
illustrated in Fig. 9, the process begins with an initial pol-
icy o and baseline digital model M (Step 0), followed by
the first CCD optimization (Step 1) that jointly determines
the physical design variables p; and the control policy m.
These optimized configurations are then implemented on the
physical platform (Step 2, Generation 1), where operational
data are collected under realistic environmental and loading
conditions.

During implementation, the DT acts as an intermediary
that continuously synchronizes the digital and physical sys-
tems. Through real-time data acquisition and bi-directional
communication, the digital model is updated to reflect
the actual behavior of the physical system, producing an
improved representation M. This learning process incor-
porates uncertainty quantification (UQ) and data-driven
modeling to capture nonlinearities and environmental vari-
ations that were not represented in the initial model. At the
same time, the control policy is refined based on the incoming
data, leading to a self-evolving feedback structure that adapts
to changing conditions. Prior to advancing to the next gener-
ation, the updated digital model M is used for the second
CCD optimization (Step 3), in which both the physical design

and control policy are re-optimized. This iterative refinement
process continues through successive generations, ensuring
that the system design and controller become progressively
more adaptive, efficient, and resilient to uncertainty.

Beyond enabling progressive model-policy co-evolution,
the DT framework also supports customization of active sus-
pension systems for different driving behaviors. As depicted
in Fig. 10, driver behavior significantly influences suspen-
sion dynamics and performance objectives. For example, a
mild driver typically generates smoother road excitations
and moderate acceleration profiles, whereas an aggressive
driver induces sharper transients and larger dynamic loads.
After the first CCD optimization, the framework diverges
into separate learning pathways for each driver type. Through
physical data collection, real-time model and policy updates,
and subsequent redesign with the updated models and poli-
cies, the framework yields tailored solutions for each driving
profile. Specifically, the DTs evolve from Mo — M for
the mild driver and Mo — M/ for the aggressive driver.
Re-optimization using these refined models produces the
design-controller pairs (p2, £3) and (p’z, ng), which are cus-
tomized to achieve optimal ride comfort, handling stability,
and energy efficiency corresponding to each driving style.

Although the physical vehicle remains identical for both
drivers, the resulting digital models M (mild) and M}
(aggressive) differ because the quantile-based discrepancy
model is updated using data collected under distinct driv-
ing behaviors, detailed in Sect. 4.4. Each driver generates
unique dynamic excitations and statistical distributions of
suspension responses. For instance, a mild driver gener-
ates smoother, low-frequency inputs with limited suspen-
sion travel, whereas an aggressive driver produces large-
amplitude, high-frequency excitations and stronger coupling
between lift, pitch, and roll motions. Consequently, the
learned discrepancy functions calibrate the DTs within their
respective operational regimes to generate behaviorally spe-
cialized models. These differences reflect context-dependent
digital representations of the same physical system, enabling
personalized DTs that accurately capture driver-specific
dynamics and improve predictive fidelity for subsequent co-
design and control optimization.

This multi-generation digital twin-enabled CCD frame-
work therefore provides a unified methodology for continu-
ous learning and adaptation to bridge model fidelity, real-time
control, and design optimization to realize intelligent and
personalized suspension systems for varying operational sce-
narios. It is important to note that the mild and aggressive
driving cases are not intended to represent simultaneously
deployable hardware configurations within a single vehi-
cle. Instead, they serve as scenario-specific design studies
that illustrate how optimal suspension design and control
policies depend on assumed operating regimes. In practice,
such results can inform system-level tuning and design deci-
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Fig. 10 Customization of active suspension designs and controllers for
distinct driving behaviors after Step 1 first CCD optimization. Through
data collection, real-time model and policy updates, and redesign with
the updated models and policies, we can yield customized and opti-
mal solutions for different drivers. The mild and aggressive drivers
exhibit distinct behaviors that significantly influence suspension dynam-

sions or motivate the selection of a single robust suspension
design that balances performance across heterogeneous driv-
ing behaviors.

4.2 Step 0: initialization

Prior to training the neural networks for the control policy, an
initial set of control actions is generated to provide a stable
starting point for the DRL optimization. This process serves
as a warm start, in which state-action pairs derived from clas-
sical control laws are used to initialize the learning-based
controller (Tsai and Malak 2022b). To compute approximate
optimal actions for these sampled pairs under the nonlin-
ear system dynamics, a set of proportional controllers (P
controllers) is employed to regulate all state variables. The
controller gains are tuned using Bayesian Optimization (BO)
(Chen et al. 2024), which efficiently explores the continuous
gain space while balancing exploration and exploitation.

The optimization problem is formulated to minimize the
overall ride discomfort, quantified by the root mean square
(RMS) value of the comfort index, defined in Eq. (20). The
design vector consists of five controller parameters,

k = [Ko, K1, K2, K3, K4, (22)
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ics. By continuously updating the virtual systems (from My — M
and M) and control policies based on physical data, and re-optimizing
the design-controller pair, the resulting solutions (p2, 73) and (p/z, ng)
are tailored to achieve optimal ride comfort and stability for each driver
profile

which compactly represent the proportional gains for the
observed states y, including zy, ¢, ,3, Zui,» and zg — z,;, for
i = 1,...,4. For each sampled gain vector K € RAx11
defined as:

KoKy K, K30 0 0 K40 O O
K — Ko—Ki K, 0 K30 0 0 K40 O
T | KoKy —-K20 0 K30 0 0 K40 7

Ko—Ki —K>;0 0 0 K350 0 0 K4
(23)

where each row corresponds to one actuator input (4 to
u4) and each column corresponds to a specific state feed-
back term, the system is simulated under the closed-loop law
u = —KJy, and the corresponding comfort index is evaluated.
BO then updates its surrogate model to propose the next can-
didate k that minimizes the comfort index.

After 120 iterations, the optimizer identifies the best set
of gains k* = [5000.0, 3000.0, 801.3, 10000.0, —1717.9]
that minimizes the RMS comfort index, providing a phys-
ically reasonable and dynamically stable controller. This
P-controller serves as the initial policy for the DRL-based
CCD training, ensuring stable exploration and preventing
divergence in the early learning stages.
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We acknowledge that using the simplified controllers
introduces approximation error and may yield suboptimal
actions relative to the true nonlinear optimum. However, this
approach remains valuable for high-dimensional systems. In
particular, it provides a stable and informed initialization for
the controller, helping to prevent instability and poor perfor-
mance in the early stages of DRL training.

To initialize the DRL policy and value function, we
employed fully connected feedforward neural networks with
three hidden layers. The input to both networks is a 13-
dimensional vector comprising 2 physical design parameters
and 11 observed states. The policy network produces a 4-
dimensional output corresponding to the control actions,
while the value network outputs a single scalar value rep-
resenting the state-value function. Each hidden layer in both
networks contains 128 neurons with the hyperbolic tan-
gent (Tanh) activation function applied after each layer to
introduce nonlinearity and ensure smooth gradients. For the
policy, two separate DNNs were used to model the mean and
standard deviation of the action distribution. The samples
along with the optimal actions (x;, p;, uj.) are used to ini-
tialize the mean DNN, whereas the weights and biases of the
standard deviation DNN are initialized to zero and a small
positive value (0.01) across all layers, respectively, to encour-
age initial exploration without introducing high variance.

4.3 Step 1: first CCD optimization

Following the initialization of the policy and value networks,
the first stage of the multi-generation digital twin framework
performs CCD of the full-vehicle active suspension system
using a DRL algorithm based on PPO. The overall structure
of the PPO-based CCD optimization process is illustrated
in Fig. 11, which shows the interaction between the actor—
critic networks, the environment, and the embedded physical
design parameters.

Unlike standard PPO implementations that update only
the neural-network parameters of the policy and value func-
tions, the proposed DRL-based CCD formulation jointly
optimizes both the physical suspension parameters (includ-
ing the stiffness coefficient k; and damping coefficient ¢ of
all four suspension systems) and the control policy param-
eters. This simultaneous optimization allows the physical
system and its controller to co-evolve within the same learn-
ing loop, ensuring that the control policy adapts to hardware
changes while the design variables are refined to improve
closed-loop performance. It is noted that consistent with
prior work in CCD, physical design parameters (in this case,
p = [ks, ¢s]) are modeled as continuous variables to enable
gradient-based optimization and automatic differentiation,
with discrete feasibility addressed through post-processing
or component selection (Allison et al. 2014).

Critic
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4
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EnvironTent |
A) Backprop.
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Fig. 11 Flow chart of the DRL-based CCD optimization using the
PPO algorithm proposed by Tsai et al. (2025a). Unlike standard PPO
implementations, the proposed framework embeds the physical design
parameters p into the input space, allowing simultaneous gradient-based
updates of both the control policy and the physical design by treating the
environment dynamics as differentiable and enabling backpropagation
through the environment. The policy and value networks are updated
using observed states y since the full-vehicle suspension system is par-
tially observable

The CCD problem minimizes a joint loss function com-
posed of a clipped surrogate policy objective and the value
loss:

min J(0, ¢, p)
0.¢6.p

= B | —min (5@, P Ak, L (040, ), 1 — €, 1+ ) Ay )

Policy Loss

+cv - LSmoothL1 (V¢(ka p). Vk) . (24)

Value Loss

where Ay is the advantage function at time step k, which esti-
mates how much better an action is compared to the expected
value of a state, and LCLIP(,ok(ﬂ, p), 1 — €, 1+ ¢€)is afunc-
tion clipping px (@, p) within (1 — €, 1 + €), px denotes the
probability ratio between the new and old policies:

7 (welxi, p)

—_, (25)
m0oud (wye| Xy, Pola)

ox(0,p) =

¢y 1s the coefficient for value loss, and we use Smooth L1
loss to define the value loss:

1
3(a —b)?,
la — b| — %, otherwise.

iflx —yl <1

LsmoothL1(a, b) = (26)

By embedding the suspension design vector p (e.g., kg
and ¢ for each suspension) into both policy and value net-
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works, the optimization becomes differentiable with respect
to the physical parameters, along with the parameters of the
neural networks for the policy and value function. Gradi-
ents are computed through automatic differentiation using
PyTorch autograde engine (Paszke et al. 2019), enabling
end-to-end updates of all trainable variables. This mechanism
effectively treats the entire digital twin model, including vehi-
cle dynamics, controller, and design parameters, as a single
computational graph, allowing the optimizer to explore both
mechanical-design and control-policy spaces concurrently.

During training, the algorithm seeks to maximize ride
comfort and handling stability by minimizing body acceler-
ation, pitch/roll motion, and control effort. During training,
the full-vehicle model is simulated under a constant forward
velocity of 10m/s, zero acceleration, and zero steering angle,
representing a straight-line driving scenario. To emulate ran-
dom road irregularities, the road disturbance z, ; and its time
derivative z, ; are sampled at each time step from zero-mean
Gaussian distributions,

2ri ~N(0,0.001%), z,.; ~ N(0,0.1%), 27)

applied independently to each of the four wheels (i = 1, 2, 3,
and 4). The reward function penalizes body acceleration,
pitch and roll rates, and control effort, driving the system
toward an optimal trade-off between ride comfort, handling
stability, and actuator energy efficiency.

Figure 12 illustrates the training history of the first
co-design optimization. As shown in Fig. 12a, the aver-
age training return increases from approximately —2600 to
—2063.6 over 2000 epochs, although with noticeable fluctu-
ations due to the stochastic nature of RL. To more clearly
assess performance improvement, we additionally report
the evaluation return obtained using a deterministic pol-
icy with fixed physical parameters. This evaluation curve
exhibits a clear upward trend, with the best performance
achieved around epoch 1590, indicating that the CCD opti-
mization effectively improves overall closed-loop system
performance.

The policy learning rate is set to 1 x 10~>, while the learn-
ing rate for plant (design) parameters is 5 x 107> A discount
factor of y = 0.99 and generalized advantage estimation
with A = 0.9 are employed to balance bias and variance
in long-horizon return estimation. Policy updates use a clip-
ping parameter € = (.2 with 20 optimization epochs per
update. Each rollout consists of 20 time steps, with a buffer
size of 20 and a minibatch size of 64. To ensure robust and
stable co-design convergence, early stopping is determined
based on evaluation performance rather than transient train-
ing peaks. Specifically, optimization is terminated when the
relative improvement in evaluation return falls below 0.5%
for 100 consecutive evaluation checkpoints and when the
relative changes in stiffness and damping parameters remain
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below 0.2%. All evaluations are performed over a fixed hori-
zon of 1000 time steps to provide a consistent basis for
performance comparison.

The corresponding spring stiffness and damping coeffi-
cients associated with the best evaluation checkpoint are
ky = 27471.87 N/m and ¢ = 1796.62 N-s/m, as shown in
Fig. 12b and c, respectively. Rather than representing asymp-
totic convergence in a classical optimization sense, these
values are selected based on a checkpoint-selection crite-
rion that maximizes the evaluation return. This approach is
standard in DRL, where the training objective is inherently
stochastic and performance may degrade at later epochs due
to exploration and distributional shift (Wexler et al. 2022;
Eimer et al. 2023).

Although this simulation setup may appear simplified
and not fully generalizable to diverse real-world scenarios,
it represents a necessary first step before physical imple-
mentation, as it requires no experimental data or real-world
measurements. In this first-stage study, the driving condi-
tion is intentionally simplified, assuming a constant vehicle
speed (10m/s) with Gaussian disturbances randomly added
to the sprung-mass displacement(z,) and velocity (z5). While
this setup introduces controlled stochasticity, it also limits
scenario diversity, making prolonged training susceptible to
overfitting. To mitigate this issue, an early stopping crite-
rion is employed, and the final design—policy pair (pg, 1) is
selected as the checkpoint achieving the highest evaluation
return. This configuration defines the Generation-1 design,
which is deployed in the subsequent stage for physical imple-
mentation and data-driven model updating.

Compared with many existing studies, for example, (Dridi
etal. 2025), which rely on deterministic bump or rectangular-
road excitations, the proposed setup provides a more sta-
tistically representative training environment for early-stage
co-design. This design enables the framework to capture
fundamental stiffness—damping trade-offs and assess the sta-
bility of the DRL-based CCD algorithm before advancing
to the next stage, where real-world road profiles and driving
behaviors are incorporated through physical implementation
within the digital twin loop.

Figure 13 presents representative time-domain trajecto-
ries comparing the PID and DRL controllers under identical
disturbance realizations, whereas Table 2 summarizes the
corresponding RMS performance metrics evaluated over
multiple trajectories. During testing, the vehicle is driven
at a nominal forward speed of 10m/s with additive Gaus-
sian noise (N(0,0.5%)), small longitudinal acceleration
perturbations (A(0, 0.2%)), and mild steering disturbances
(N(0, 0.1%)), while random Gaussian road excitations are
applied to each wheel through both road displacement and
velocity inputs (A(0, 0.0012) and A'(0, 0.1%), respectively).
Under these conditions, the DRL controller consistently sup-
presses pitch and roll motions more effectively than the

PID controller, as evidenced by significant reductions in
RMS pitch angle, roll angle, and their corresponding veloci-
ties. These improvements translate directly to enhanced ride
stability and handling performance. Moreover, the DRL con-
troller achieves a reduction in body vertical acceleration,
indicating improved ride comfort under stochastic road exci-
tations. Although the DRL controller requires slightly higher
average control effort, the resulting closed-loop performance
gains demonstrate a favorable trade-off between comfort, sta-
bility, and actuation demand.

Importantly, these results clarify the added value of the
proposed RL-based CCD framework relative to classical
optimization and model-based control strategies. The per-
formance gains observed in Fig. 13 and Table 2 arise from
the joint optimization of physical suspension parameters
and control policy based on closed-loop performance under
stochastic operating conditions, rather than from controller
tuning alone. Unlike conventional plant optimization meth-
ods that rely on deterministic or simplified disturbance
assumptions, the RL-based formulation evaluates candidate
plant designs through trajectory-level interaction with the
controller under randomized speed perturbations, steering
noise, and multi-wheel road excitations. Furthermore, apply-
ing a traditional PID controller to the optimized hardware
parameters confirms that the improvement stems from the
integrated co-design of plant and control, highlighting the
advantage of RL-based co-design in capturing nonlinear
dynamics, uncertainty, and plant—control coupling.

4.4 Step 2: firstimplementation (generation 1)

Before deploying the optimized design and policy from Step
1 to the real environment, it is essential to recognize and
quantify the mismatch between the digital model and the
physical vehicle system. Even with high-fidelity modeling,
discrepancies inevitably arise from nonlinearities not being
captured, component variability, and environmental factors
not represented in the nominal digital model. In practice,
these mismatches lead to performance degradation if the con-
trol policy is transferred directly without adaptation.

To emulate such discrepancies, we construct a hypothet-
ical real system that introduces realistic deviations from the
nominal simulation model in three primary ways:

1. Nonlinear spring and damper behavior. In real sus-
pensions, stiffness and damping characteristics are rarely
linear across the full stroke and velocity range. To account
for this, the spring and damper forces are augmented with
cubic and velocity-dependent nonlinear terms:

Fs, =ks(zui — 25 — Ai) +es(Zui — 25 — Ap)

ki zui — 25 — A )
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Fig. 13 Comparison of trajectories by PID and DRL controllers
Table 2 Compar1§on of Metric PID RL
performance metrics between
PID and RL controllers RMS pitch angle « (rad) 1.736x 1073 7.720 x 10~
RMS roll angle B (rad) 1.696x 1072 1.426 x 1072
RMS pitch velocity & (rad/s) 1.666x 1072 7.263 x 103
RMS roll velocity A (rad/s) 1.802x 107! 1.536 x 10~!
RMS body vertical acceleration Z (m/s?) 2.673x107! 2.595 x 10!
Control effort mean of |ug| (N) 47.529 50.350
Return 33 %% r 1 —14514.428 ~11686.332
+cnl|Zui — 2s — Ai|(z'u’,- — %y — A}, (28) to the nominal model, giving
where k) = 0.1k; and ¢y = 0.1¢;. This nonlinear for- heg = 0.55 + 0.05 m. (30)

mulation captures the amplitude-dependent stiffness and
rate-sensitive damping observed in real suspension sys-
tems.

2. Non-uniform unsprung masses. Manufacturing vari-
ability, tire-wheel assemblies, and sensor packages intro- 4.
duce asymmetric wheel masses. The unsprung mass
vector is therefore defined as

m, = [60.0, 50.0, 45.0, 50.0] kg, (29)

representing the front-left, front-right, rear-left, and rear-
right wheels, respectively.

3. Asymmetric vehicle geometry. To reflect potential vari-
ations in the structural layout and load distribution, the
center-of-gravity height is perturbed by +0.05 m relative

@ Springer

This asymmetry slightly shifts the pitch and roll dynam-
ics, leading to differential responses across the front and
rear suspensions.

Heterogeneous tire stiffnesses across wheels. Real tires
exhibit corner-dependent stiffness due to wear, load, and
construction differences. We model this by assigning
wheel-specific tire stiffnesses

k, =[0.9, 1.2, 1.1, 0.9] x 200,000 N/m, (31

for the front-left, front-right, rear-left, and rear-right
wheels, respectively. The tire forces are then

Fr, = kz,i(Zr,i - Zu,i) + Ct(ir,i - Z”J)' (32)
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5. Deviations in sprung mass and moments of inertia. To
represent loading variation and structural uncertainty, the
sprung mass and rotational inertias are increased by 10%
relative to the nominal values:

ms = 1.1 x 1500 = 1650 kg, (33)
Iy = 1.1 x 2500 = 2750 kg - m?, (34)
I = 1.1 x 500 = 550 kg - m?. (35)

These deviations alter the heave—pitch—roll couplings and
shift natural frequencies, increasing the reality gap for
controller transfer.

Together, these modifications define the Generation 1 phys-
ical system, which serves as the “real” environment in the
digital twin framework. The policy & | and design parameters
p1 obtained from Step 1 are directly deployed in this per-
turbed environment to evaluate transfer performance under
realistic uncertainty.

Despite the discrepancies between the digital model and
the physical system, the DRL-based controller demonstrates
strong robustness and adaptability. This resilience arises from
the inherently adaptive nature of RL, which enables the
policy to evolve in response to changes in system dynam-
ics and environmental conditions. Within the digital twin
framework, sensor data collected from the physical vehi-
cle (e.g., suspension deflections, actuator forces, and body
accelerations) are continuously streamed to the digital model.
These real-time observations are used to update the policy
(7). This allows the agent to refine its decision-making
strategy based on the latest system behavior. Through this
process, the RL agent learns to maintain closed-loop stabil-
ity and optimal ride—handling balance even under uncertainty
by gradually compensating for model-reality discrepancies,
nonlinear effects, and asymmetric parameter variations intro-
duced in the physical system.

To explicitly account for the mismatch between the digi-
tal and physical systems, a discrepancy model is developed
using physical data collected during the Generation 1 deploy-
ment. This model quantifies deviations between predicted
and observed system responses by leveraging quantile regres-
sion (Chen et al. 2025b), a data-driven uncertainty quantifi-
cation (UQ) technique that estimates conditional quantiles
of a response variable. Unlike traditional regression meth-
ods, quantile regression provides predictive intervals that
mainly capture the uncertainties from biased parameters and
environmental noises (Chen et al. 2025b). Moreover, this
approach does not need to assume Gaussian noise, thereby
improving its flexibility in representing nonlinear, asym-
metric errors commonly observed in real vehicle dynamics.
Different from online calibrating model parameters (Chen
and Chan 2021), we argue that a discrepancy model directly

applied to correct the system dynamic model allows better
generalization while capturing missing physics.

In practice, the DT continuously collects real-time data
from onboard sensors to monitor the vehicle state as well
as driving conditions such as forward acceleration, vehi-
cle speed, and steering angle. These measurements provide
the essential information required to identify and update
the discrepancy between the digital model and the real
system. Through learning from this data stream, the discrep-
ancy model dynamically refines its estimates of modeling
error during operation. Importantly, the data used for model
updating are assumed to be collected during normal system
operation, rather than through direct RL interaction with the
physical system.

By training the model at representative quantile levels,
typically the 10th, 50th (median), and 90th percentiles, the
DT captures both the central tendency and spread of the dis-
crepancy distribution. The discrepancy at the next time step is
estimated as a function of the current observed states, control
actions, previous errors, and the driving conditions (forward
acceleration a, speed v, and steering angle §):

upper
€ 4
ey | = fe(ex, yk, wg, ak, vk, 8k), (36)
elower
k1

where e, := y — ¥i denotes the deviation between the actual
state yx and the nominal predicted state §; from the digital
model. The predicted quantiles ezﬂp ler, e}(rlf‘]ﬁan, and e}c"fler rep-
resent the range of the deviations at the next step.

As shown in Fig. 14, the learned quantiles effectively
bound the observed trajectories of the first three system states
and capture both the variability and the bias between the dig-
ital model predictions and the real physical responses. The
root mean square errors for the validation dataset are 0.0147
and 0.0151 under mild and aggressive driving profiles,
respectively. The median quantile tracks the mean trajectory,
while the upper and lower quantiles define the confidence
region representing the dynamic uncertainty envelope of the
physical system. This learned discrepancy model is then inte-
grated into the DT to adaptively calibrate predictions and
guide the controller update for subsequent generations.

While the learned quantiles successfully capture most of
the real trajectories, a few observed data points fall outside the
predicted uncertainty bounds, particularly in the third state
corresponding to the roll velocity A (see Fig. 14). This behav-
ior stems from an unbalanced dataset, where the frequency
of extreme operating conditions is considerably lower than
that of regular driving states. As a result, the quantile regres-
sion model tends to underestimate the probability of rare
events and overestimate uncertainty during nominal condi-
tions. Nevertheless, as more diverse data become available
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Fig. 14 Visualization of the learned quantiles and the real system trajectories of the first three observed states for the active suspension system

through subsequent generations of physical operation, the
quantile estimates are expected to become more accurate and
better calibrated across the full operational spectrum.

4.5 Step 3: second CCD optimization

The primary distinction between the first and second CCD
optimizations lies in the integration of the updated digital
twin model that incorporates the quantile-based discrepancy
learning derived from Eq. (36). With the physical data col-
lected during the first implementation, the digital model now
provides a more accurate and uncertainty-aware representa-
tion of the vehicle dynamics. Unlike the initial optimization
from Step 1, which relies on stochastically generated Gaus-
sian disturbances to emulate environmental variability, the
second CCD optimization directly leverages the learned dis-
crepancy model to reflect realistic uncertainty in both the
dynamics and external excitations. The updated model is con-
structed by incorporating the learned discrepancy function
from Eq. (36) into Eq. (18), defined as:

upper
Yi+1
median
Yit1
lower
Yi+1

= Cxp 41
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+e(ek, Y, Uy, ak, vi, 8;) 37

where Xy is the next state estimated by the model from
Eq. (18). The optimization process no longer depends on
artificially injected noise; instead, it inherently embeds the
variability observed in the real system through the model.
This advancement enables a more faithful simulation envi-
ronment for DRL, leading to improved transferability and
faster policy convergence in subsequent generations.

In the second CCD optimization, the new reward func-
tion is extended from Eq. (21) to explicitly account for
the uncertainties captured by the quantile-informed digital
model, leading to:

r]i_;,_] = _(rk+1 + Au Juncenainty)’ (38)
where

Juncertainty = Jcomfort,unc +c1 inlch,unc +c Jroll,unc- (39)

The corresponding uncertainty term is computed as

Jeomfort,une = \/(wl Aaz,k)z + (w2 Aé.k)z + (w3 Aék)z,
(40)
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Fig. 15 Training history of the second CCD optimization for the mild
driver, with a return, b system parameter: spring constant kg, and ¢
system parameter: damping constant c;

where A(-) represents the prediction uncertainty estimated
by the quantile regression model. Similarly, Jpichune =
(Aay)? and Jroll,une = (ABy)? represent their corresponding
uncertainty penalties. This modified formulation encourages
the agent to not only optimize nominal performance but also
achieve robust behavior by minimizing the propagation of
model and environmental uncertainties.

Figure 15 shows the training histories of the return, spring
stiffness kg, and damping coefficient ¢ for the mild driver
over approximately 200 epochs. A new best model was iden-
tified at epoch 183 with a reward of —36.94. The training
follows the same PPO-based architecture and hyperparam-
eter settings as those used in the first CCD optimization
(Sect. 4.3). The key difference lies in the treatment of the
system dynamics horizon and convergence criteria, reflect-
ing the increased fidelity of the updated digital twin and
the longer driving scenarios considered. Specifically, the
total simulation horizon is extended to 120,000 time steps
to capture the full driving profile, and the rollout length is
increased to 100 time steps to ensure stable policy gradi-
ent estimation over longer temporal correlations. Due to the
substantially higher computational cost associated with the
extended horizon, the number of training epochs is reduced
accordingly. Early stopping is applied using a more strin-
gent window of 5 consecutive evaluation checkpoints, while
the relative improvement threshold and design stabilization
criteria remain consistent with those of the first CCD opti-
mization. These settings enable efficient yet stable co-design
refinement under long-horizon dynamic conditions.

It is observed that the training return exhibits a brief but
pronounced drop around epochs 190-210 before recovering
to its nominal range (Fig. 15a). Such transient degrada-
tions are a known characteristic of DRL-based co-design
problems and arise from the combined effects of stochastic
policy exploration and environmental nonstationarity. Dur-
ing training, the PPO agent samples actions from a stochastic
policy to explore both the control and design spaces, which
can occasionally produce rollouts associated with unusually
poor performance. Because policy updates rely on on-policy
rollouts, these exploratory trajectories may momentarily
dominate the training return even when the overall learning
trend remains favorable.

In addition, unlike control-only optimization, the sec-
ond CCD stage jointly updates the physical design variables
(ks, cs) together with the control policy. These design updates
temporarily alter the system dynamics, introducing nonsta-
tionarity into the learning environment. When a co-design
update shifts the system toward a less favorable region of the
design space (such as an overly compliant or insufficiently
damped suspension configuration), the resulting mismatch
between the current policy and the updated dynamics can
lead to a sharp but temporary reduction in return. This mech-
anism explains the localized return collapse observed near
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epoch 200, which coincides with noticeable adjustments in
the design parameters shown in Fig. 15b and Fig. 15c.

Importantly, despite these transient effects in the train-
ing return, the deterministic evaluation return exhibits a
smooth and monotonic improvement trend, ultimately reach-
ing a stable plateau beyond epoch 142. The clipped surrogate
objective of PPO, together with conservative learning rates
and trust-region—style co-design updates, prevents these dis-
turbances from destabilizing the learning process. As aresult,
the optimization converges to a robust and stable solution,
with both the physical design parameters and closed-loop
performance remaining consistent once the evaluation return
has plateaued.

Figure 16 presents the training histories for the aggressive-
driving scenario. Compared with the mild-driver case, the
second CCD optimization converges much earlier, with the
best model identified at epoch 25 and an average reward of
—447.19. Afterward, no further improvement was observed,
and the training quickly reached the patience threshold for
early stopping. The faster convergence arises because the
updated digital model M/ effectively captured the more
energetic driving conditions. Another contributing factor is
that, under aggressive driving, the system operates closer
to its physical and control limits, leaving less room for fur-
ther improvement through policy or design adjustments. As a
result, the learning process quickly stabilizes around a near-
optimal solution that balances ride comfort, stability, and
control effort within the achievable performance envelope of
the suspension system.

The optimized design parameters converged to ky, =
27,458.25 N/m and ¢; = 1791.16 N - s/m, both higher
than those of the mild-driver design, which aligns with the
physical intuition that stiffer and more strongly damped sus-
pensions are required to maintain stability under aggressive
driving maneuvers. These results further confirm that the
multi-generation digital twin framework can efficiently adapt
and customize the suspension design and control policy for
distinct driving behaviors.

5 Results and discussion
5.1 Suspension designs

Table 3 summarizes the spring and damping constants (k;, cs)
for different stages of the CCD process (initial, optimized
after first CCD, and optimized after second CCD for two
driving scenarios). These parameters collectively define the
passive dynamics of the suspension, which interact with the
active control system to achieve desired ride and handling
performance. The relationship between the physical sus-
pension design and the control system can be interpreted
through the framework of open-loop and closed-loop co-
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Table 3 Summary of initial and

optimized suspension design ks (N/m) ¢s (N-s/m)
parameters (ks: spring constant Initial 27.692.00 1906.50
and c,: damping constant) L
Optimized after first CCD 27,471.87 1796.62
Optimized after second CCD (mild) 27,022.57 1746.15
Optimized after second CCD (aggressive) 27,458.25 1791.16
Table 4. Performance Metric Before After Improvement
comparison before and after the
second CCD optimization for Mild RMS of body acceleration (m/s?) 0.2648 02189 17.32
mild and aggressive drivers
Control effort (Mean of |ug|, N) 214.897 147.541 58.82
Aggressive RMS of body acceleration (m/s?) 0.3705 0.2664 28.08
Control effort (Mean of |ug|, N) 228.978 200.402 12.48

Improvements are computed as |Before — After|/Before x 100%

design (Deshmukh et al. 2015). A softer suspension (lower
kg and cy) implies that the passive system alone provides less
vibration suppression and stability; however, this allows the
active controllers to play a larger role in compensating exter-
nal disturbances and maintaining ride comfort. Conversely,
a stiffer suspension limits the range of active control action
but enhances the inherent stability and responsiveness of the
vehicle.

For the mild-driver scenario, the second CCD optimiza-
tion results in significantly reduced stiffness and damping
(ks = 27022.57 N/m, ¢ = 1746.15 N - s/m). This softer
configuration indicates that the control system effectively
assumes a greater share of the vibration mitigation task,
actively stabilizing the vehicle and isolating the body motion
fromroad irregularities. Such a design is physically intuitive,
as mild driving introduces smaller disturbances, allowing the
actuators to manage vibrations without large control effort
while maintaining comfort.

In contrast, the aggressive-driving scenario exhibits a
stiffer configuration (kg = 27458.25 N/m, ¢; = 1791.16
N - s/m), reflecting the higher demand for dynamic stabil-
ity and fast response under harsh maneuvers. The system
favors a more rigid suspension that provides stronger passive
support to resist large load transfers and rapid body oscil-
lations, thereby reducing the burden on the controller. This
trend aligns with the intuition from the active-passive co-
design literature (Deshmukh et al. 2015), where aggressive
operating conditions drive the optimization toward increased
structural stiffness and damping to maintain controllability
and robustness. Overall, these results reveal how the CCD
framework systematically balances the contribution of pas-
sive and active elements, leading to physically interpretable
suspension designs that adapt to different driving behaviors.

5.2 Performance comparison

Table 4 compares the system performance before and after
the second CCD optimization. Two performance metrics are
evaluated: (1) ride comfort, represented by the root mean
square (RMS) of body vertical acceleration, and (2) control
effort, computed as the mean of the absolute values of the
four actuator forces. Importantly, these performance metrics
are evaluated under perturbed driving and road conditions
that differ from the profiles used during the optimization
stage. Specifically, stochastic perturbations are applied to
the driving inputs and road excitations: the vehicle forward
speed is corrupted with zero-mean Gaussian noise with a
standard deviation of 0.25 m/s, the longitudinal acceleration
with Gaussian noise of 0.05 m/s?, and the steering angle with
Gaussian noise of 0.1°. In addition, random disturbances are
applied to the wheel-level road elevation and elevation rate
signals. This ensures that the evaluation reflects an unseen
test scenario rather than the optimization targets themselves.

Although the RMS acceleration decreases only slightly for
the mild driver (about 17%), the control effort is reduced by
more than 50%. This outcome suggests that the second CCD
optimization enhances control efficiency by refining the coor-
dination between the suspension hardware and the control
policy, achieving comparable comfort with substantially less
actuation energy. The persistence of this improvement under
stochastic perturbations indicates that the learned design-
policy pair generalizes beyond the nominal mild-driving
profile used during optimization.

For the aggressive driver, the RMS body acceleration
is reduced by approximately 28%, indicating a substantial
improvement in ride comfort under high-intensity driving
conditions. At the same time, the control effort decreases
by about 12%, demonstrating that the second CCD opti-
mization achieves improved vibration suppression without
relying on excessive actuation. These results suggest that
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Fig.17 Trajectories of the vertical body acceleration for the mild-driver
scenario before and after the second CCD optimization. Only the first
105 of the trajectories are shown for clarity
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Fig.18 Trajectories of the vertical body acceleration for the aggressive-
driver scenario before and after the second CCD optimization. Only the
first 10 of the trajectories are shown for clarity

the co-designed suspension and control policy more effec-
tively manage aggressive road excitations by leveraging the
underlying suspension dynamics while maintaining efficient
control actions. Notably, these gains are observed despite
the presence of randomized variations in driving inputs and
road disturbances, demonstrating the robustness of the co-
designed suspension and control policy to previously unseen
operating conditions. Overall, these results highlight the abil-
ity of the CCD framework to yield energy-efficient control
without compromising ride quality.

5.3 Analysis of trajectories

Figures 17 and 18 compare the trajectories of the verti-
cal body acceleration Z; (which is one of the most critical
states for riding comfort) before and after the second CCD
optimization for the mild- and aggressive-driving scenarios,
respectively. In both cases, the trajectories after the second
CCD exhibit consistently reduced magnitudes, with the most
pronounced improvement observed in the peak accelerations.
Because peak vertical accelerations are closely associated
with perceived ride discomfort and fatigue, their attenuation
indicates a meaningful improvement in ride quality. Notably,
these reductions are achieved across both driving scenarios,
demonstrating that the second CCD stage enhances closed-
loop performance in a manner that is robust to changes in
driving style and disturbance intensity.

Beyond peak reduction, the post-optimization trajecto-
ries appear smoother, with fewer abrupt fluctuations and
more uniform responses over time. This behavior sug-
gests improved coordination between the suspension design
parameters and the control policy, enabling the system to bet-
ter dissipate road-induced disturbances and mitigate transient
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shocks. Importantly, the improvements are achieved without
introducing high-frequency oscillations or excessive control
activity, indicating a balanced trade-off between comfort and
control effort. Together, these results confirm that the second
CCD optimization refines both the physical-control interac-
tion and the system’s dynamic response, leading to improved
ride comfort and stability under diverse operating conditions.

Figures 19 and 20 illustrate the actuator force trajectories
(u1—u4) before and after the second CCD optimization for
mild and aggressive drivers, respectively. The dashed blue
lines denote the actuator forces before optimization, and the
solid orange lines represent those after optimization. Only
the first 120s of trajectories are shown for clarity.

For the mild driver, the first actuator exhibits a pro-
nounced reduction in force magnitude after the second
CCD step, and the third and fourth actuators (rear sus-
pensions) also show large decreases. These reductions and
adjustments reflect the controllers’ ability to adaptively redis-
tribute control effort in response to the propagated body
motion induced by front-wheel irregularities. By sensing
the resulting pitch and lift dynamics through the available
measurements, the rear suspension controllers proactively
coordinate their actions to stabilize the vehicle body, illustrat-
ing the closed-loop adaptability of the learning-based control
policy. Also, these changes indicate smoother and more coor-
dinated control actions, contributing to improved comfort and
reduced energy consumption.

For the aggressive driver, while the system still demands
greater overall actuation to handle harsher maneuvers, most
actuator trajectories become smoother with fewer abrupt
peaks. The optimization thus preserves the responsiveness
needed for aggressive driving while achieving better coordi-
nation among actuators.

Overall, the second CCD step significantly reduces control
magnitudes and smooths actuator responses for both driver
types. These result demonstrate the framework’s capacity to
adaptively tune physical and control designs to distinct driv-
ing behaviors.

6 Conclusion

This work presents a multi-generation digital twin (DT)-
based control co-design (CCD) framework for full-vehicle
active suspension system to optimize the ride comfort and
minimize the energy consumption. This framework inte-
grates deep reinforcement learning (DRL), specifically the
Proximal Policy Optimization (PPO) algorithm to jointly
optimize the physical suspension components (spring stiff-
ness and damping coefficient) and active controllers. By
combining DTs and real-time updating the uncertainty-aware
models, the framework enables the systems to learn and
evolve with operational data, driver behaviors, and environ-



Reinforcement learning-based control co-design...

Page 250f28 108

300
- - -Before 2nd CCD
— After 2nd CCD
200 — [
w"ﬁi"isi m%ﬁ, , Hmt:
Z ::*‘.‘* ;uﬁ 5';;#,&:@- , Mw‘ A =
< 100 gl [ o w ,.I;‘M Pl | <
s ’M” , ﬁ‘;“w‘ﬁ’ ‘Hl"" Ade 0y o g
b (i TR D I
o |k M’w;: el
gl
-100 £ ‘ ‘ ‘ ‘ | |
0 20 40 60 80 100 120
1000
z
3
-500 ! : ! ! ! )
0 20 40 60 80 100 120
Time (s)
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mental conditions. With two distinct driving scenarios (mild
and aggressive drivers), the case study demonstrates that the
method can perform personalized optimization by tailoring
both the physical parameters and control policies for different
conditions and requirements. The multi-generation design
process, where updated digital models informed subsequent
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CCD optimization, showcases how DTs can bridge virtual
simulations and real-world systems to enhance adaptability,
efficiency, and robustness across a vehicle’s lifecycle. These
findings demonstrate how the DT framework enables active
suspension systems that co-evolve physical system design
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with control strategies and self-improve through continual,
data-driven learning.

Despite these promising results, the present study primar-
ily focused on simulated environments with quantile learning
of hypothetically real data. As a critical next step, future
work will integrate the proposed framework with a fully
instrumented physical suspension system, enabling exper-
imental validation and data-driven model updating based
on real-world measurements. Future work will also extend
the framework to incorporate other advanced uncertainty
quantification (UQ) and the formulation of robust or Pareto-
optimal co-design problems that optimize a single suspension
hardware configuration over mixed driving-style distribu-
tions. In addition, the current implementation targeted sus-
pension co-design only, while future research will generalize
the CCD formulation to the entire autonomous vehicle by co-
optimizing interconnected physical subsystems (e.g., trans-
mission gear ratios, tire—road friction coefficients, and engine
performance) with driving control strategies. Such an inte-
grated, system-level co-design will advance the development
of adaptive, high-performance, and safe autonomous vehi-
cles that leverage DTs as learning-based decision-making
systems throughout their operational lifecycles.
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