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Abstract—The optimization of double wishbone suspension
system is highly important for high performance vehicles, as
such vehicles have specific needs in term of wheel control and
also subject to their mechanical constraints. This paper proposes
a new optimization approach, building on the previous work that
evaluated several optimization algorithms to minimize camber
angle variations. A quantum computing platform called D-Wave
is used for quantum annealing, and a classical model called
Sequential Least Squares Programming (SLSQP) is used as a
hybrid framework. This integration makes use of both quantum
annealing search and SLSQP local refinement to improve the
accuracy of the optimization process, which makes the optimiza-
tion work better. The hybrid approach is seen to outperform
the quantum annealing approach in terms of accuracy, efficiency
of computation, and constraint satisfaction. These findings show
that there is a great possibility of applying the hybrid quantum-
classical approach in the iterative design of suspension systems
and other such engineering structures.

Index Terms—Double Wishbone Suspension, Hybrid Optimiza-
tion, Quantum Annealing, Sequential Least Squares Program-
ming (SLSQP), D-Wave, Engineering Applications

I. INTRODUCTION

Suspension systems have a significant impact on vehicle
dynamics, stability, and comfort, and their geometric and
mechanical constraints need to be managed precisely for
optimum performance. Among various designs, the double
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Quantum annealing is used for global optimization of large
search spaces in engineering design with D-Wave systems [6],
but it has several restrictions, such as constrained variables and
the rigidity of the QUBO encoding [7]. These problems can
be solved with hybrid quantum-classical frameworks that com-
bine D-Wave’s annealing (global search) with SLSQP (local
precision). These frameworks make dynamic multi-objective
problems like suspension optimization more accurate. This
paper proposes D-Wave and SLSQP integration for the op-
timization of the parameters of a double wishbone suspension
that contributes to the advancement of hybrid optimization
for complex constraint systems in automotive engineering for
better suspension design and extendability.

II. METHODOLOGY

A hybrid quantum classical framework for double wishbone
suspension design is shown in Fig. [T} Quantized continuous
variables are turned into a QUBO problem which is then
solved using D-Wave’s quantum annealing to produce binary
solutions, which are then converted to real numbers and
then further refined by SLSQP for constraint satisfaction and
local minima avoidance. The problem definition includes the

Define Problem

wishbone suspension is most common in high-performance!
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vehicles due to its better control of wheel motion, especially
the camber angle (the angle between the vertical axis of the
vehicle and the wheel) [1]]. Previous optimization research,
which compared classical (interior point, simulated annealing)
and meta-heuristic (genetic algorithms, particle swarm opti-
mization) algorithms, found that interior point was efficient
in minimizing camber variation subject to constraints [2].
While meta-heuristics were effective in global search, classical
methods provided good local accuracy [3|]. However, such
approaches are limited in their scalability and computational
efficiency for large, multi-variable problems, thus requiring
more sophisticated hybrid methods [4]], [5].
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Fig. 1. Integrated quantum-classical framework for double wishbone suspen-
sion optimization: Workflow begins with problem definition and discretization,
proceeds to QUBO formulation and quantum optimization via D-Wave,
followed by classical refinement via SLSQP and result presentation.

step that establishes the mathematical formulation, objective



function, and constraints that govern the optimization process.
Below is an explanation of the steps from the problem defini-
tion to the results as follows:

A. Initialization

The optimization process defines four variables: h(the
distance between the upper and lower control arm chas-
sis pivots), /i(the length of the upper control arm), lr(the
length of the lower control arm), and I3(the distance from
the lower control arm wheel hub pivot to the upper con-
trol arm attachment). All the variables are discretized using
linspace(range_min, range_max, resolution), where resolution
is the number of discrete values in between range_min to
range_max. Physical feasibility is checked with bounds: 4,1l €
[0.3,0.9] and Ip,/3 € [0.4,0.9].

B. Objective Function Definition

To minimize the deviation of camber angle ¥ in (I)) from its
predefined lower (low(0)) and upper (high(60)) bounds in
across the suspension’s operational range with the primary
objective function is (@):

o Camber Function:

~ arccos 13 +valk2 — /2 vty (1= 1sin(6)
r= 20, -ualk2 Iy cos(8)

where we substitute ualk2 as @) in (I):

ualk2 = I? +h* — 2h -1 sin(0) 2)

» Bounds: The lower and upper bounds in (3) are linear
functions of 0:

low(8) =0.2(6 —0.25), high(6) =0.8(6 —0.25) (3)

« Objective Function:

objf(8, 1,1, 12, 13) = (high(6) — ¥(6))” +((6) —low(8))?
“)
This function penalizes deviations of y(0) from low(8)
and high(6).
o The total objective value is (5) with the sum of the
objective function over the range of 6:

objective(x) = Y objf(6,h,11,b,13)

Ocrange

®)

C. Constraint Functions
Constraints are imposed to ensure feasible and consistent
geometry:
 Quadratic constraints in (@) enforce the geometric con-
sistency of the suspension system:

h4+b+LB>hh+Lh+hL>L,+h+1L > L, L+ 3+h>1

(6)

o Range constraints variables in (/) are restricted to their
respective ranges to ensure feasible designs:

h, €[0.3,09], 1,15 €[0.4,0.9] )

« Triangle constraints in and (9) ensure structural
feasibility:

— Upper Slack:

Btn>—(lh+15)?
O.Ssin(@min)zcos( el Gl ) (8)

201 -h
— Lower Slack:

0.8c0s ((11 +h)*+h*—13
2h(l +1)
By defining these elements, the problem is fully formulated
for optimization, setting the stage for the subsequent quantum
and classical optimization steps.

D. QUBO Formulation

Quadratic Unconstrained Binary Optimization (QUBO) is
employed to model the optimization problem of the double
wishbone suspension system. This section details how the
optimization problem is converted into the QUBO framework,
enabling it to be solved using quantum annealing.

a) Problem Setup: The problem requires minimizing the
objective function while satisfying all constraints. The goal is
to minimize the error between the camber function (y) and its
pre-defined bounds (low(6) and high(0)). Ensure variables (/,
l1, b, I3) adhere to physical and geometric constraints. This
optimization problem is reformulated as a QUBO problem,
enabling its solution using the binary representation of vari-
ables.

b) QUBO: A QUBO problem is mathematically ex-

pressed in (I0):

> > Sin(emax) 9

minimize x! QOx (10)
where:
¢ ( is a symmetric matrix representing the coefficients of
the quadratic and linear terms.
o x is a binary vector (x; € {0,1}), encoding discretized
variables.
o Qli,i] represents the linear terms, while Q[i,j] (i # j)
represents quadratic interactions between variables.
¢) Mapping Variables to Binary: The continuous vari-
ables (h, I1, I, I3) are discretized into r levels, generating a
binary representation:
« Total binary variables: n X r, where n is the number of
continuous variables, and r is the resolution.
o A binary variable x; ; corresponds to the i-th discretized
value of variable v (k € {h,l1,5,13}).
o If x; =1, it signifies that v; takes the i-th discrete value.
d) Adding the Objective Function to QUBO: The objec-
tive function evaluates the deviation of the camber function
() from its bounds mentioned in (@):
For the QUBO formulation:

« Binary variable interactions are encoded in Q as shows
in (TI):

0(i, )] = (binary_maps[K][i] ~ binary_maps[K][j])’

(1)

« binary_maps|k][i] represents the i-th discretized value of
Vi

o Quadratic penalties ensure consistency among binary
variables.



e) Adding Constraints to QUBO: Constraints are incor-
porated as penalties added to the diagonal elements (Q[i, j])
of the QUBO matrix:

« Range constraints ensure variables remain within bounds,
implemented using penalties (12) (13) (T4):

penalty_low = max(0, range_min — binary_maps|[k][i])
(12)
penalty_high = max (0, binary_maps[k][i] — range_max)
(13)
The total penalty is:

constraint_penalty = scale x (penalty_low + penalty_high)
(14)
The following value is added to the QUBO matrix:

Qli, j]+ = constraint_penalty

« Geometric constraints in (6) enforce relationships. The
following penalties apply to violations:

Ql[i, j]+ = scale x max (0, constraint_value)

Here, constraint_value quantifies the violation, ensuring

adherence to relationships.

f) Final QUBO Matrix: The QUBO matrix (Q) shows in
Fig. |2 includes an objective function term that penalizes vio-
lations of the camber angle, and penalty terms enforce bounds
and constraints, arranging themselves sparsely within groups
around the core problem. Infeasibilities are penalized, with
heatmaps of penalties for violated objectives and constraints
in Fig. 3] Classical optimization follows the D-Wave annealer
to identify low-energy states that are close to optima.

QUBO Matrix:
[[1.50000000e+00 7.60998811e-04 3.04399524e-03 ... 0.00000000e+00
0.00000000e+00 0.00000000e+00]
[7.60998811e-04 1.08620690e+00 7.60998811e-04 ... 0.00000000e+00
0.00000000e+00 0.00000000e+00]
[3.04399524e-03 7.60998811e-04 6.72413793e-01 ... 0.00000000e+00
0.00000000e+00 0.00000000e+00]

[0.00000000e+00 0.00000000e+00 0.00000000e+00 ... 6.72413793e-01
7.60998811e-04 3.04399524e-03]

[0.00000000e+00 0.00000000e+00 0.00000000e+00 ... 7.60998811e-04
1.08620690e+00 7.60998811e-04]

[0.00000000e+00 0.00000000e+00 0.00000000e+00 ... 3.04399524e-03
7.60998811e-04 1.50000000e+00]]

Fig. 2. Discretizing four continuous variables into 30 equidistant levels yields
the 120x120 QUBO matrix, which in turn produces 120 binary variables. The
variable elements are contributions and linear penalties off-diagonal elements
that are feasible.

E. Quantum Annealing in Optimization

This step uses quantum annealing with the D-Wave quantum
annealer to solve the previously formulated QUBO problem.
120 qubits are used to solve the optimization problem where
four main variables are defined, and each of the variables is
discretized into 30 possible states. The optimization problem
in consideration is stated in (I0) as minimizing. where Q is the
symmetric QUBO matrix and x is the vector of binary vari-
ables, is mapped to D-Wave’s hardware. The system begins in
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Fig. 3. Heatmap of the QUBO matrix for the DWS Problem. The matrix
reflects the connections between 120 bits, which are obtained from 4 continu-
ous variables (h,/1,12,13) at a step size of 30. The diagonal elements contain
the linear coefficients, while the off-diagonal elements contain the quadratic
terms or penalties for the constraints and objective function.

a quantum superposition, and at the end of the annealing pro-
cess, it transforms into a classical low-energy binary system.
The following are the different solutions (num_reads = 1000)
and the energy of each solution is computed by (I0). The
optimal solution is represented by the configuration with the
lowest energy. Binary solutions are decoded into continuous
variables (h,[1,l,13) by mapping indices of binary variables
set to 1 their corresponding discretized values using (T3):

Vi = binary_maps[k][index %resolution] (15)

This process makes sure that the solutions reduce the objective
function and maintain other constraints that are defined in the
QUBO. The obtained continuous solutions are used as initial
data for the further optimization using classical algorithms.

FE. Classical refinement using SLSQP

The D-Wave quantum annealer provides a quantized answer
that is then improved by SLSQP to make sure that constraints
are met and accuracy is raised in continuous space. There
are quantization errors or hardware noise injected into the
quantum solutions, which SLSQP mitigates by converting
the binary outputs (h,l1,l,13) into continuous values for
optimization. The objective function in (@) minimizes camber
angle () deviations from low(6) and high(6) bounds. The
formulation minimizes camber angle deviations from permissi-
ble bounds in (@) to increase solution accuracy and feasibility.
SLSQP refines the quantum-derived initial guess to avoid local
minima using multi-start initialization (num_restarts=5) and
constraints in section [[I-C] refining the objective function to
near zero and under constraints to produce a refined continuous
solution with better objective values.



III. RESULT

The comparison of results shows that the classical optimiza-
tion method, SLSQP, is efficient in fine-tuning the solution
obtained from the D-Wave quantum annealer. The quantum
solution obtained from D-Wave provided the initial discrete
values and also the results from SLSQP shown in Table [}
SLSQP then optimized these solutions in the continuous space.

TABLE I
COMPARISON OF D-WAVE SOLUTION AND SLSQP REFINED SOLUTION

Parameter D-Wave Solution SLSQP Refined Solution
h 0.31 0.75
L 0.36 0.88
I 0.42 0.51
I 0.47 0.85

The same values were maintained while ensuring that all
constraints of the problem were satisfied and the objective
function was minimized to a higher level of accuracy. The plots
of the camber line, as shown in Fig. E|, confirm this result. The
solution optimized using SLSQP (depicted in red) aligns even
more closely with the set boundaries than the initial quantum
solution (depicted in blue). The boundaries are defined as
low(0) and high(0). Fig.|5|shows the energy distribution of the
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Fig. 4. Comparison result of D-Wave and SLSQP

solutions generated by D-Wave and highlights the best solution
in terms of low energy. The refinement process increased
the accuracy of the solutions and improved their ability to
meet constraints, also providing additional efficiency. This
demonstrates quantum solutions can serve as excellent starting
points for classical optimization and produce solutions that are
both feasible and optimal.

IV. CONCLUSION

As the study shows, a framework that combines D-Wave
quantum annealing and SLSQP can effectively improve double
wishbone suspension systems. For global search, the D-Wave
method finds almost perfect discrete solutions. The SLSQP
method then improves these solutions in continuous domains
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Fig. 5. D-Wave solution with respect to its energy; the red point shows the
best solution with the minimum energy

to make them more accurate and to meet constraints. The re-
fined solutions had better objective function values and camber
profiles that fit the desired performance criteria, which were
validated using visual analysis and energy calculations. This
synergy between quantum exploration and classical refinement
enables the global search and local optimization of complex
engineering problems. Future work is to extrapolate the frame-
work to 3D models, multi-objective optimization (stability,
comfort, and efficiency), scalability enhancements, and to
substitute other classical algorithms to improve flexibility.
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