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kinematics targets is selected as the learning parameters. 
The task for the RL agent is to find the setup for the 
reference model without prior knowledge of the refer-
ence model’s target setup. Figure 6 illustrates the case 
study workflow, which starts with the complete vehicle 
targets setup. The RL agent cascades the complete 
vehicle targets into suspension targets through the RL 
learning process. Once the training converges and the 
stopping criteria are met, a simulatable suspension 
property file is generated as the outcome from RL and 
artificial suspension property files. The complete vehicle 
targets are then simulated in VI-CarRealTime, enabling 
systematic verification that the design meets the specified 
performance criteria, as shown in Figure 11. The study is 
conducted with Volvo XC60 [41] body model and MF-Tyre 
5.2 tire model [42].

4.1.  Complete Vehicle Target and 
Learning Parameter Setup
Table 2 summarizes the selected complete vehicle targets 
across various driving scenarios. For acceleration and 
braking scenarios, pitch angles are measured at three 
distinct levels of longitudinal acceleration to capture the 
suspension kinematics during both minor and significant 
wheel travel. This approach specifically influences higher-
order targets such as 2nd and 3rd anti-lift coefficients. 

Roll motion is evaluated using a ramp steer scenario, with 
targets established for roll, pitch, and jacking motion. 
These parameters primarily influence kinematic targets 
like roll center height (RCH). Additionally, understeer 
gradient is incorporated as a complete vehicle target to 
regulate suspension kinematics parameters, particularly 
bump steer and bump camber characteristics. The reward 
parameters are set according to Equation 2. A reference 
model is used as an upper bound for the reward function, 

which means 
=

=∑
1

n

i

i

R R  is set to 0. Furthermore, the 

complete vehicle targets simplified as one value in this 
case study.

This case study focuses on suspension targets related 
to jounce motion, as detailed in Table 3. Using the meth-
odology outlined in Section 3, the primary objective is to 
determine the optimal suspension jounce targets that 
fulfill the complete vehicle requirements. To facilitate a 
front suspension model that can be simulated, additional 
steering targets are listed as fixed parameters, as also 
presented in Table 3: Front suspension steering 
target category.

A collection of RL hyperparameters is presented in 
Table 4. These hyperparameters were tuned experimen-
tally to achieve a balance with computational efficiency. 
This termination threshold for early stop was established 
based on experimental validation.

TABLE 3  Targets selected to generate suspension property file.

First order Second order Third order
Front suspension jounce target*
1st bump steer (deg/m) 2nd bump steer ([deg/m]/dm) ** 3rd bump steer ([deg/m]/dm2)
1st bump camber (deg/m) 2nd bump camber ([deg/m]/dm) 3rd bump camber ([deg/m]/dm2)
1st anti-dive (%) 2nd anti-dive (%/dm) 3rd anti-dive (%/dm2)
1st anti-lift (%) 2nd anti-lift (%/dm) 3rd anti-lift (%/dm2)
1st RCH (mm) 2nd RCH (mm/dm) 3rd RCH (mm/dm2)
Front suspension steering target
1st Caster angle (deg) 2nd Caster angle (deg/25 deg) 3rd Caster angle (deg/25 deg2)
1st Kingpin angle (deg) 2nd Kingpin angle (deg/25 deg) 3rd Kingpin angle (deg/25 deg2)
1st Caster trail (mm) 2nd Caster trail (mm/25 deg) 3rd Caster trail (mm/25 deg2)
1st Scrub radius (mm) 2nd Scrub radius (mm/25 deg) 3rd Scrub radius (mm/25 deg2)
1st WLLA*** (mm) 2nd WLLA (mm/25 deg) 3rd WLLA (mm/25 deg2)
Rear suspension jounce target*
1st bump steer (deg/m) 2nd bump steer ([deg/m]/dm) 3rd bump steer ([deg/m]/dm2)
1st bump camber (deg/m) 2nd bump camber ([deg/m]/dm) 3rd bump camber ([deg/m]/dm2)
1st anti-squat (%) 2nd anti-squat (%/dm) 3rd anti-squat (%/dm2)
1st anti-lift (%) 2nd anti-lift (%/dm) 3rd anti-lift (%/dm2)
1st RCH (mm) 2nd RCH (mm/dm) 3rd RCH (mm/dm2)

*  Learning parameter used in case study.
** � Unit explanation: 2nd bump steer ([deg/m]/dm) means the bump steer unit is (deg/m), and the target is measured at 100 mm jounce 

travel. For more explanation, refer to [37].
***  WLLA: Wheel load level arm.
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5.  Results and Discussion
The case study results are shown in this section after 
completing the training process described in Section 4. 
Figure 7 illustrates the training progression, depicting the 
best reward achieved per episode. The learning curve 
exhibits both rapid advancement phases and periods of 
incremental improvement. The rapid advancement phases 
indicate an efficient learning step at the beginning of the 
training process, thanks to the pre-check function 

described in Section 2.2. After reaching a rapidly growing 
reward, the learning process stabilizes, and the reward 
converges to the maximum reward that triggered the 
stopping criteria. The training process concluded at 
episode 93, reaching an optimal reward value of −83. This 
termination threshold was established based on experi-
mental validation. For this case study, the early stopping 
criteria also play a role in preventing overfitting. The 
continuous exploration and exploitation of the learning 
agent means the neural network in the critic part works 
together with the actor part to find the optimal suspen-
sion kinematics targets.

Figure 8 illustrates the learning progression for each 
individual complete vehicle target. Throughout the training 
process, the RL agent effectively balances these multiple 
targets, achieving convergence by the final episode. The 
convergence characteristics of the suspension targets will 
be examined in a learning curve for each suspension target.

In alignment with the complete vehicle target learning 
curve illustrated in Figure 8, the suspension target learning 
process is characterized by two key parameters: mean μ 
and standard deviation σ per episode, as shown in Figures 
9 and 10. These parameters correspond to the policy 
parameters defined in Equation 3. While some subfigures 
demonstrate convergence of both the mean value and 
its variation, others exhibit only partial convergence. As 
established in Equation 1, the nonlinear suspension target 
incorporates coefficients up to the third order. The value 
function assigned to each complete vehicle target helps 
the agent find the correct path toward the optimal setup. 
Furthermore, the convergence of suspension kinematics 
targets in Figure 9 demonstrates the agent’s ability to 
find the optimal setup. The variation σ for each parameter 
also provides a sensitivity representation.2 Typically, the 

2 Parameter sensitivity indicates how different values of an input 
variable impact a particular output variable.
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  FIGURE 6    Case study with Volvo XC60 body model in VI-CarRealTime environment.
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TABLE 4  RL hyperparameter setup.

Parameter Critic Actor Environment
Environment
Max episodes — — 100
Episodes replay size — — 10
Early stopping reward — — −5000
Minibatch size — — 8
Replay buffer size — — 10,000
Learning agent
Neural netwotk input 
dimension

14 — —

Neural netwotk output 
dimension

30 — —

Hidden layers (20, 20, 30) — —
Training step size 1e−3 1e−3(μ), 

1e−5(σ)
—

Average reward step size 1e−1 — —
Actor discount factor γ 1 — —
Prevent overfitting Early stop — —

PyTorch 2.4.1.
**CPU:** Intel Xeon W5-2455x.
**RAM:** 64 GB.
**GPU:** NVIDIA Quadro RTX A4500 20 GB.
**Training time with random initial conditions:** 120 h.
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σ value converges to a small value, indicating the critical 
parameters for the setup. The other parameters have a 
higher σ value, which means they are less critical for the 
setup. For example, Figure 10 shows the convergence of 
the suspension target front axle 1st anti-dive. The σ value 
converges to a small value, and the μ shifts to a value 
that yields the highest reward. In contrast, Figure 10 
shows the lack of convergence of the suspension target 
front axle 1st anti-lift. the σ remains high throughout the 
training process, which means the agent considers this 
particular suspension target less critical to achieving an 
overall high reward. Therefore, such a suspension target 
can be considered a less sensitive target.

The rapid convergence of front axle 1st anti-dive 
also indicates strong policy learning, whereas the persis-
tent high σ in front axle 1st anti-lift reveals underlying 
trade-off tension. Interestingly, the RL agent depriori-
tized front axle 1st anti-lift, suggesting this target may 
not be critical for meeting the higher-level objectives. 
As the algorithm can automatically identify the critical 
suspension kinematics targets, the dimension of suspen-
sion targets can be  increased without significantly 
increasing the computational cost. The interpretation of 
the σ and μ values reflects how the agent makes new 
design proposals according to policy and eventually finds 
the optimal suspension kinematics targets. The results 
show that the proposed method can be used to solve 
high-dimensional optimization problems in the vehicle 
dynamics field.

Figure 11 demonstrates that the target learning algo-
rithm effectively achieved its intended purposes. The 
verification focuses on comparing the performance 
against the original targets established in Table 2. This 
comparison confirms the successful translation from 
vehicle-level targets to subsystem-level targets in the 
suspension field that was highlighted in Figure 6. This 
supports the hypothesis that reward shaping with linear 
penalties can still capture multi-objective tension under 
certain conditions.

This section has demonstrated the complete design 
workflow from vehicle targets to suspension hardpoints. 
The process began with 14 complete vehicle targets that 
were used by the RL algorithm to establish 30 suspension 
kinematic targets. Additionally, many fixed values were 
given, such as vehicle data but also some fixed suspension 
parameters, e.g., wheel rate, which was not allowed to 
vary in the design. Two findings are concluded in 
this section.

•	The RL algorithm effectively converged on optimal 
suspension targets that fulfilled the specified 
complete vehicle targets.

•	The implemented design demonstrated excellent 
correlation with the original vehicle targets across all 
evaluated performance metrics.

This case study provides validation of the method-
ology described in Section 2 and 3, demonstrating its 
capability in automotive suspension design applications.

6.  Conclusion
This study demonstrates that RL can effectively address 
the challenge of high-dimensional suspension kinematics 
optimization in early vehicle development stages. It high-
lights both the promise and the practical limitations of 
RL in multi-objective suspension design field. Although 
not benchmarked against traditional methods in this 
study, the RL agent produced results consistent with 
physical expectations, suggesting the method’s applica-
bility for earlystage concept development. Through the 
implementation of an actor-critic framework, we learned 
that RL agents can successfully navigate complex param-
eter trade-offs without requiring detailed suspension 
hardpoint knowledge, making the approach particularly 
valuable during conceptual design phases.

  FIGURE 7    Reward for each episode during the RL training process.
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  FIGURE 8    Learning curve per episode: Individual completes vehicle target learning process.
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  FIGURE 9    Learning curve per episode with μ and σ for front axle suspension targets.

©
 Y

an
so

ng
 H

ua
ng

, V
ol

vo
 C

ar
 C

or
po

ra
tio

n

Downloaded from SAE International by Chalmers University of Technology, Wednesday, January 21, 2026



	 37

a
t

a
t

a
t

a
t

a
t

a
t

a
t

a
t

a
t

a
t

a
t a
t

a
t

a
t

a
t

a
t

a
t a

t

a
t

a
t

a
t

a
t

a
t

a
t

a
t

a
t

a
t

a
t

a
t

a
t

R
e
a
r 

a
x
le

 1
st

 b
u
m

p
 s

te
e
r 

[d
e
g
/m

]

R
e
a
r 

a
x
le

 2
n
d
 c

a
m

b
e
r 

g
a
in

 [
d
e
g
/m

/d
m

]

R
e
a
r 

a
x
le

 3
rd

 a
n
ti

–l
if
t 

[%
/d

m
2
]

R
e
a
r 

a
x
le

 1
st

 a
n
ti

–s
q
u
a
t 

[%
]

R
e
a
r 

a
x
le

 3
rd

 c
a
m

b
e
r 

g
a
in

 [
d
e
g
/m

/d
m

2
]

R
e
a
r 

a
x
le

 2
n
d
 b

u
m

p
 s

te
e
r 

[d
e
g
/m

/d
m

]
R

e
a
r 

a
x
le

 3
rd

 b
u
m

p
 s

te
e
r 

[d
e
g
/m

/d
m

2
]

R
e
a
r 

a
x
le

 1
st

 c
a
m

b
e
r 

g
a
in

 [
d
e
g
/m

]

R
e
a
r 

a
x
le

 2
n
d
 a

n
ti

–l
if
t 

[%
/d

m
]

R
e
a
r 

a
x
le

 1
st

 a
n
ti

–l
if
t 

[%
]

R
e
a
r 

a
x
le

 3
rd

 a
n
ti

–s
q
u
a
t 

[%
/d

m
2
]

R
e
a
r 

a
x
le

 2
n
d
 a

n
ti

–s
q
u
a
t 

[%
/d

m
]

R
e
a
r 

a
x
le

 3
rd

 R
C

H
 [

m
m

/d
m

2
]

R
e
a
r 

a
x
le

 2
n
d
 R

C
H

 [
m

m
/d

m
]

R
e
a
r 

a
x
le

 1
st

 R
C

H
 [

m
m

]

  FIGURE 10    Learning curve per episode with μ and σ rear axle.
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The research revealed that RL-based optimization can 
achieve meaningful convergence in suspension targets, 
with the agent effectively learning value functions for 
complete vehicle performance and policy functions for 
parameter selection. The method’s ability to identify 
critical design parameters through convergence patterns 
provides valuable sensitivity insights that complement 
traditional engineering approaches.

The actor-critic framework developed for suspension 
optimization demonstrates broader applicability to high-
dimensional engineering design problems. The method-
ology of using RL for inverse mapping from vehicle perfor-
mance requirements to design parameters can 
be extended beyond automotive applications to other 
complex engineering systems where traditional optimiza-
tion struggles with dimensionality and parameter inter-
dependencies. The approach of embedding domain 
knowledge through reward function design while allowing 
the agent to discover parameter relationships is transfer-
able across engineering disciplines.

Several limitations constrain the current work’s 
scope. The validation is limited to a single vehicle 

architecture within the VI-CarRealTime environment, 
raising questions about generalizability across different 
vehicle types and simulation platforms. The reward 
function design, while effective, remains relatively simple 
and may not capture all relevant performance trade-offs 
in real-world applications. The method’s dependency on 
simulation fidelity means that model uncertainties in 
VI-CarRealTime could propagate to the optimization 
results. Additionally, the current approach focuses solely 
on kinematics targets without considering other subsys-
tems that are crucial in vehicle development. The RL 
agent’s performance is also sensitive to hyperparameter 
choices, which may require further tuning for 
different applications.

7.  Future Work
Building on the identified limitations, several research 
directions emerge for advancing RL-based vehicle 
design optimization.

(a) Acceleration event comparison (b) Braking event comparison

(c) Jacking effect comparison (d) Pitch event comparison

(e) Roll event comparison (f) Understeer gradient comparison

  FIGURE 11    Comparison of original targets with RL simulation results.
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Methodological Extensions: Future investigations 
will explore nonlinear reward functions, particularly para-
bolic formulations, to better capture engineering trade-
offs and potentially accelerate convergence. The integra-
tion of transfer learning capabilities will enable pre-trained 
models to reduce training time for new vehicle projects, 
addressing the practical concern of development 
timeline constraints.

Scope Expansion: The methodology will be extended 
to encompass additional subsystems including suspension 
compliance characteristics and tire design parameters. 
This multi-subsystem approach could provide valuable 
insights for cross-functional engineering teams by iden-
tifying critical design parameters across different domains 
and their interdependencies.

Enhanced Environment Complexity: Integration with 
DiL simulation environments represents a significant 
advancement opportunity, enabling the incorporation of 
subjective criteria alongside objective performance 
metrics. This capability would allow the RL agent to adapt 
to specific driver preferences and diverse testing scenarios, 
bridging the gap between objective engineering require-
ments and human-centered design considerations.

Validation and Robustness: Validation across 
multiple vehicle architectures and simulation platforms is 
essential to establish the method’s generalizability. Future 
work will test generalizability across architectures. The 
demonstrated RL approach enables its application in 
multiple real-world vehicle development projects, which 
will provide valuable experience.
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Appendix A: A Suspension Motion Property Files
TABLE A .1  Selected motion properties and correspond input.

Motion Jounce travel Steering travel
Front suspension jounce target
Steer at ground X X
Camber angle X X
Side view angle X X
X-coordinate variation X X
Y-coordinate variation X X
Rear suspension jounce target
Steer at ground X
Camber angle X
Side view angle X
X-coordinate variation X
Y-coordinate variation X©
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