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Abstract. The increasing availability of quantum hardware has stimulated in-
terest in applying quantum algorithms to combinatorial optimization problems.
Collision avoidance for unmanned aerial vehicles (UAVs) is one such challenge
due to the computational complexity of coordinating multiple agents in shared
airspace. In this paper, we formulate the problem as a Quadratic Unconstrained
Binary Optimization (QUBO) model that captures route selection and collision
constraints, enabling the use of the Quantum Approximate Optimization Algo-
rithm (QAOA). To improve efficiency, we introduce a constrained QAOA Ansatz
employing an XY-mixer that preserves one-hot route assignment constraints and
restricts the search space to valid solutions. We evaluate the approach through
noiseless simulations and device-based noise models, analyzing its behavior un-
der realistic conditions and highlighting the opportunities and limitations of
near-term quantum hardware for multi-agent routing problems.

1. Introduction

Unmanned Aerial Vehicles (UAVs) are increasingly deployed in a wide range of civil and
industrial applications, including infrastructure inspection, logistics, emergency response,
and precision agriculture [Valavanis and Vachtsevanos 2014]. Their growing adoption is
largely driven by advances in autonomy, sensing capabilities, and communication tech-
nologies, which allow UAVs to operate with minimal human intervention. As these sys-
tems become more autonomous and begin to share airspace with other UAVs, particularly
in dense urban environments, ensuring safe navigation becomes a critical challenge.

One of the central safety concerns in such environments is the prevention of mid-
air collisions. Collision avoidance requires UAVs to continuously reason about their tra-
jectories while accounting for dynamic obstacles, uncertain environmental conditions,
and the actions of other autonomous agents. When multiple drones operate simultane-
ously, the problem becomes significantly more complex because each drone’s decision
can influence the feasible trajectories of the others. Thus, collision avoidance often entails
solving combinatorial problems within strict time constraints [de Oliveira et al. 2024].

Traditional approaches typically address this challenge using classical op-
timization, search, or multi-agent coordination techniques [Rezaee et al. 2024,
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Tang et al. 2022]. While these methods have produced effective solutions for small or
moderately sized scenarios, the computational complexity of trajectory planning and con-
flict resolution grows rapidly with the number of drones and environmental constraints.
This growth can limit the scalability of classical approaches, particularly in scenarios
involving dense drone traffic and highly dynamic environments.

Quantum computing has recently emerged as a promising paradigm
for tackling computationally demanding optimization and combinatorial prob-
lems [Vianna et al. 2025]. Hybrid classical-quantum algorithms have been proposed as
a way to exploit near-term quantum hardware while relying on classical optimization
procedures. In this context, quantum algorithms may serve as specialized accelerators
capable of exploring large solution spaces more efficiently. As quantum hardware
continues to mature and become more accessible, investigating their potential role
in complex decision-making systems, such as UAV traffic management, becomes an
important research direction.

Therefore, this paper presents two main contributions toward addressing the drone
collision avoidance problem using quantum computing. First, we formulate the collision
avoidance problem over a predefined set of candidate routes as a Quadratic Unconstrained
Binary Optimization (QUBO) Hamiltonian, which enables the use of the Quantum Ap-
proximate Optimization Algorithm (QAOA), a hybrid classical-quantum optimization
method. Second, because the QUBO construction relies on one-hot encoding, we demon-
strate how to reduce the effective search space by employing an XY-mixer within the
QAOA ansatz. This architectural modification embeds one of the Hamiltonian constraints
directly into the mixer, significantly restricting the feasible solution space explored during
the optimization process.

Finally, to facilitate transparency and reproducibility, we make our implemen-
tation publicly available' so that other researchers can replicate and extend our experi-
ments. The remainder of this paper is organized as follows. Section 2 surveys related
work on drone collision avoidance. Section 3 presents the problem definition and QUBO
modeling. Section 4 details the classical-quantum optimization framework, including the
tailored QAOA implementation and subspace restriction. Section 5 describes the exper-
imental setup and simulation results. Section 6 analyzes the algorithm’s scalability and
search space reduction. Finally, Section 7 concludes the paper.

2. Related Work

This section reviews relevant work on quantum algorithms applied to collision avoid-
ance and route optimization for drones. In particular, we focus on approaches that model
the problem as a combinatorial optimization task and leverage quantum computing tech-
niques to address its computational complexity.

Recent literature has explored the use of quantum algorithms for multi-agent route
optimization. Most existing studies that address spatial path selection rely on quantum
annealing methods. In these approaches, routing decisions are typically formulated as
Quadratic Unconstrained Binary Optimization (QUBO) problems and solved using quan-
tum annealers. For example, [Clark et al. 2019, Haba et al. 2025] model spatial route se-
lection as QUBO instances and evaluate their solutions using annealing-based hardware.

I'The source code is available at https://doi.org/10.5281/zenodo.202727409.
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[Haba et al. 2025] further extend this approach to the context of urban air mobility fleets
by pre-computing route conflicts through classical processing and mapping the result-
ing decision problem to a Maximum Weighted Independent Set executed on a D-Wave
Advantage processor.

In contrast, gate-based variational quantum algorithms remain relatively underex-
plored for this problem domain. One notable example is presented in [Huang et al. 2022],
where both the Variational Quantum Eigensolver (VQE) and the Quantum Approximate
Optimization Algorithm (QAOA) are applied to UAV collision avoidance. In that work,
however, spatial trajectories are assumed to be predefined and fixed. The quantum algo-
rithm is therefore used only to optimize temporal scheduling decisions, such as adjusting
takeoff windows to avoid aerial conflicts. Furthermore, the study relies on a standard
QAOA formulation without introducing modifications to constraint handling.

Our work differs from prior gate-based approaches by applying QAOA directly
to spatial route selection rather than temporal scheduling. Candidate routes are gener-
ated through classical preprocessing, and spatio-temporal conflicts between route pairs
are identified using a tolerance window. Only conflicting pairs are included in the cost
Hamiltonian as pairwise exclusion penalties, yielding a sparse operator. We further in-
troduce a constrained QAOA ansatz [Farhi et al. 2014] that enforces the one-hot route as-
signment constraint using an XY-mixer and W-state initialization, ensuring that only valid
assignments are explored and eliminating the need for a corresponding penalty term. We
evaluate both the standard and constrained formulations under noiseless simulation and
under the IBM Brisbane noise model.

3. QUBO Model

We investigate a route selection problem with collision avoidance constraints within a d-
dimensional grid environment. Each vehicle v € V' is defined by its start and goal terminal
nodes (s,, g,) and a set of candidate routes R,,, generated beforehand by an external rout-
ing or path planning procedure. For consistency across the decision space, each vehicle is
assigned an equal number of candidate routes, such that |R;| = |R;| = |R|, Vi,j € V. A
valid route is represented as an ordered sequence of nodes r = (rg, 71, ..., r), where
ro = Sy, 'L, = gy, and any two consecutive nodes (r,_1, 7) must be adjacent, including
diagonal neighbors, respecting the grid limits.

Our proposal encapsulates this problem definition within a QUBO formulation.
First, Section 3.1 defines the binary decision variables representing each vehicle’s possible
assignments. We then detail the components of the objective function, specifically the
route cost term in Section 3.2 and the one-hot route selection constraint in Section 3.3.
Following this, Section 3.4 outlines our temporal modeling assumptions to establish the
conflict modeling framework detailed in Section 3.5. Finally, Section 3.6 consolidates
these components into the final cost Hamiltonian.

3.1. Decision Variables

To represent the route selection process as a discrete optimization problem, we introduce a
set of binary decision variables. For each vehicle v € V' and each candidate route r € R,
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we define the indicator variable z,, ,. as follows:

(D

Ly, =

)

{1, if vehicle v selects route r

0, otherwise

The total qubit overhead is determined by the product of the vehicle set cardinality
|V'| and the number of candidate routes per vehicle |R|, resulting in |V| - | R| variables.

3.2. Route Cost Term

Candidate routes are precomputed and treated as atomic decision options. Assuming a
uniform traversal cost across the grid, the cost of a candidate route r = (11,79, ...,7rL) is
equal to its length L, representing the number of visited nodes. We define this individual
cost as:

Cy,r = L. ()

Consequently, the total cost contribution to the QUBO objective function is the sum of
the costs of all selected routes:

Hcost = Z Z CorLoyr- (3)

vEV r€ER,

3.3. Route Selection Constraint

To ensure a valid assignment, each vehicle v € V must be allocated exactly one route
from its respective candidate set R,. This “one-hot” requirement is formally as:

Z Ty = 1. 4)

To embed this within the unconstrained QUBO framework, we convert the condition into
a quadratic penalty term, H,,,., Which is added to the total objective function:

2
Hroute = AZ 11— Z Loyr ) (5)

veV re€R,

where A > 0 is a penalty coefficient that scales the constraint violation.

3.4. Temporal Modeling Assumptions

To model vehicle dynamics, we assume synchronized, discrete-time motion. Because a
route is defined as an ordered sequence of adjacent grid nodes, the positional index of a
node inherently represents a discrete time step. This temporal mapping relies on three
operational rules: (1) all vehicles depart simultaneously at ¢ = 0; (2) vehicles traverse at
a constant unit speed, advancing exactly one grid transition per time step without waiting
actions; and (3) upon reaching its final node, a vehicle immediately exits the grid. Conse-
quently, route indices directly function as discrete timestamps, enabling temporal conflict
detection through simple index comparison.
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3.5. Conflict Modeling

Building upon our temporal assumptions, a conflict occurs if two distinct vehicles visit
the same grid node within a short temporal window. To account for collision avoidance,
we define C, the set of all conflicting vehicle-route assignments. Two candidate routes
r € R, and s € R, are in conflict if they share a spatial node (r; = s;) within a fixed
temporal tolerance parameter A:

C={((v,7), (u, s)) |v#ureR,s€R,:Fijst (ri=s;)N(li—jl <A)}. (6)

To prevent the simultaneous selection of mutually exclusive paths, these conflicts are
heavily penalized in the objective function:

Hentic = B Y @uplus, (7
((v, 1), (u, s))eC

where B > ( is a penalty scaling parameter.

3.6. Final Cost Hamiltonian

The complete optimization problem is mapped onto a single objective function, the cost
Hamiltonian H. This formulation integrates path cost minimization with the required
one-hot assignment and collision avoidance penalties:

H Z Z Cy rx'vr +AZ <1 - Z Ty r) Z :U'U,rxu,s . (8)
((v, 7)

veV reRy, veV rER, , (u, s))ecC
v v N ~"~
route cost route constraint collision penalty

J/

4. Proposed Classical-Quantum Optimization

This section introduces our approach to solving the drone collision avoidance problem.
Section 4.1 outlines the overall architecture of our hybrid computational pipeline. Sec-
tion 4.2 details the classical pre-processing steps required to prepare the problem in-
stance. Finally, Section 4.3 presents the quantum execution phase, highlighting our tai-
lored QAOA implementation and the proposed subspace restriction.

4.1. Hybrid Framework

We propose a hybrid computational pipeline designed to effectively address the route se-
lection problem, as presented in Figure 1. The architecture enforces a clear separation
of concerns: it leverages classical resources for data-intensive pre-processing while re-
serving the quantum processor for the high-dimensional combinatorial optimization task.
The overall workflow comprises defining the vehicle parameters, generating the candidate
route sets 17, and constructing the conflict set C. Once the problem is mathematically
mapped, it is solved using a Variational Quantum Algorithm (VQA), specifically QAOA,
to identify the ground state configuration of the total Hamiltonian.
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Figure 1. Classical-Quantum Optimization Framework.

4.2. Classical Pre-Processing

The pre-processing stage is executed entirely on classical hardware to efficiently handle
the initial computations over the grid-structured graph. This phase is divided into four
primary steps:

1. Vehicle Definition: A set of vehicles V' is established by defining the start and goal
terminal pairs (s,, g,) for each vehicle within the grid environment.

2. Route Generation: For each vehicle v € V, a set of | R| candidate routes, denoted
as R, is generated to traverse the spatial grid from s, to g,.

3. Conflict Detection: A systematic assessment of the grid coordinates across all
route pairs is performed to identify spatio-temporal overlaps, constructing the con-
flict set C as defined in Section 3.5.

4. Hamiltonian Mapping: The classical instance data is translated to construct the fi-
nal cost Hamiltonian, which is subsequently optimized with a quantum computer.

4.3. QAOA and Subspace Restriction

The Quantum Approximate Optimization Algorithm (QAOA) [Farhi et al. 2014] is a hy-
brid classical-quantum algorithm designed to find approximate solutions to combinatorial
optimization problems. To apply QAOA, the objective function is encoded into a cost
Hamiltonian H¢, which is diagonal in the computational basis.

The QUBO formulation derived in Section 3 can be systematically converted into
the Ising Hamiltonian H. This is achieved by mapping the binary decision variables
Ty, € {0,1} to the Pauli-Z operators Z,, . with eigenvalues {+1, —1} using:

-7,

5 ©)

'CCU,T’
where [ is the identity operator. By substituting this mapping into the total cost function,
any standard QUBO problem can be translated into the required Hamiltonian format.

In the standard QAOA framework, the system is initialized in an equal superposi-
tion of all possible states, |¢)o) = |+)®", and evolves under the alternating application of
two unitaries driven by H and a mixer Hamiltonian ;. The default mixer is typically
the transverse field mixer, defined as H,; = ZZ X;, where X; is the Pauli-X operator.
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The parameterized quantum state is given by:
p
|%B> _ H e~ WBrHM —ivHe |¢0> ’ (10)
k=1
where p is the depth of the circuit, and v and [ are parameters optimized classically to
minimize the expectation value (v, 5| He |7y, 5).-

However, the standard transverse field mixer explores the entire 2IVIEl Hilbert
space, which includes a vast number of invalid route assignments that violate our one-
hot constraint. As one of the primary contributions of this work, we propose a tai-
lored QAOA ansatz, inspired by the Quantum Alternating Operator Ansatz framework
[Hadfield et al. 2019], designed to strictly restrict the search space to valid vehicle as-
signments.

Instead of relying solely on the quadratic penalty term H,qy to enforce the condi-
tion softly, we restrict the exploration space by utilizing an XY-mixer alongside a custom
initial state [Wang et al. 2020]. The proposed initial state |¢/;,;) is constructed as the ten-
sor product of valid one-hot states for each vehicle:

[Winie) = Q) W), - (11)
veV
where |WWg|) represents an equal superposition of all states with a Hamming weight of
exactly 1 (i.e., exactly one route selected per vehicle).

To ensure the system remains within this valid subspace during the quantum evo-
lution, we replace the standard transverse field mixer with an X'Y-mixer. For each vehicle,
the mixer is applied to its candidate routes arranged in a one-dimensional ring graph topol-
ogy. By indexing the | R| candidate routes of a vehicle v as integers from 0 to |R| — 1, we
define the mixer Hamiltonian as:

1 |R|-1
Hyy = 5 Uezv kzzo (Xv,ka,(k—l-l) mod [R| T Yo,k Yo, (k+1) mod |R\) ) (12)

where the modulo operation enforces the cyclic boundary conditions of the ring graph.

Because the XY-mixer preserves the Hamming weight of the state, the algorithm
strictly explores the subspace of valid route assignments. This architectural modification
drastically reduces the size of the search space. Furthermore, since the one-hot require-
ment is satisfied by design, the route constraint penalty term H . can be entirely removed
from the cost Hamiltonian, simplifying the final objective function:

HC = Z Z CorLyr +B Z LyrLy,s- (13)

veV reR, ((U7T)7(u7s))ec

Consequently, the proposed parameterized quantum circuit for a given depth p
is constructed by alternately applying the time-evolution operators associated with the
simplified cost Hamiltonian H¢ and the XY-mixer H xy onto the valid-subspace initial
state. The final QAOA ansatz is expressed as:

p

(. 8)) = [T e e i) (14)

k=1
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5. Experimental Evaluation

To validate the proposed framework and compare the performance of the standard QAOA
against our specialized QAOA Ansatz with the XY-mixer, we designed a controlled case
study. This section details the experimental setup, the quantum execution parameters, and
the measurement results.

5.1. Environment and Vehicle Instances

The simulation environment is defined as a 2D discrete lattice of dimension 21 x 21.
Within this structure, we define a fleet consisting of two vehicles, V' = {vgy, v;}. Each
vehicle v € V is assigned a specific terminal pair (s,, g,) representing its start and end
nodes, respectively:

* Vehicle 0: 5o = (0, 0), go = (20, 20)
* Vehicle 1: s; = (20, 0), g, = (0, 20)

Both terminal pairs are strategically positioned at the boundaries of the grid. Conse-
quently, the optimal, shortest-path routes for both vehicles (i.e., the main diagonal and
anti-diagonal) will inevitably cross, triggering a collision. This layout forces the quantum
solver to explore the trade-off between path efficiency and collision avoidance.

5.2. Candidate Routes

We utilize a fixed set of |R| = 3 candidate routes for each vehicle. While the framework
can integrate with automated path-finding algorithms, this curated selection ensures the
problem instance contains specific, unavoidable conflicts, providing a clear benchmark for
the quantum solvers. The routes are defined as ordered sequences of lattice coordinates.
The primary route for each vehicle (r, o) follows the shortest path, while secondary routes
(rv,1, Tv,2) introduce localized deviations to explore the solution space. The resulting grid
containing the vehicles and their respective routes is presented in Figure 2.

Vehicle 0: (0, 0) — (20, 20) The candidate set R, consists of the following routes:
Diagonal (ro): {(7, i)}zzgo
Lower Deviation (r1): {(0, 0)}U{(i + 1, i)}}2, U {(20,20)}
Upper Deviation (r02): {(0, 0), (0, 1)}U{(i, i+2)}2,U{(19, 20), (20, 20)}
Vehicle 1: (20, 0) — (0, 20) The candidate set R, consists of the following routes:
Anti-diagonal (r o): {(20 — 4, )}2,
Shifted Variation (r; ;): {(20, 0)}U{(20—1i, i+ 1)} ,U{(13, 8), (12, 8)} U
{(20 =1, 1 = 1)}, U {(0, 20)}
Complex Variation (r15): {(20, 0)}U{(19—14, i)}/ U{(11—4, 7T+i)}}°,U
{(1, 18), (0, 19), (0, 20)}

In this scenario, the temporal tolerance for collisions was set to A = 2, implying
that any pair of routes that contains the same node within two time units are identified
as a conflicting pair. The penalty parameters related to the QUBO constraints A and B
were scaled dynamically, corresponding to 1.5 times the length of the longest route in the
instance.
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Goal V1 Goal VO

Figure 2. Experimental setup on a 21 x 21 grid showing candidate routes for two
vehicles. Solid lines indicate the primary diagonal routes (7 o, 1,0), Which
intersect and create a central conflict, while dashed and dotted lines show
alternative routes in R, that enable collision-free solutions.

Table 1. Hyperparameters and simulation settings for QAOA variants.

Parameter Value
Number of Layers (p) 7
Classical Optimizer COBYLA
Maximum Iterations 1,000

Final Measurement Shots 100,000

5.3. Quantum Execution and Simulation Parameters

Following classical pre-processing, the total Hamiltonian H was constructed. The imple-
mentation and quantum simulations were conducted using the Ket quantum programming
platform [Da Rosa and De Santiago 2022].

To establish a classical benchmark, the Hamiltonian was first validated using a
Simulated Annealing (SA) solver. The SA solver identified the ground state bitstring as
010100. Given the binary encoding z, ,, where the first three bits represent the routes for
vp and the subsequent three bits represent vy, the result 010100 indicates the activation of
xo,1 and x; 0. Physically, vehicle vy is assigned to its secondary route r ; and vehicle v,
follows its primary path 7, o, avoiding the central collision while minimizing travel cost.

We evaluated both QAOA variants under two conditions: a noiseless exact simu-
lation and a realistic noisy simulation. To initialize the parameters, we applied a strategy
that emulates adiabatic evolution, setting v, = %At and ), = (1— g)At, where At = 0.5.
Table 1 summarizes the remaining hyperparameters used for all variational executions.

Noiseless Simulation The variational optimization loop utilized exact expectation value
calculations natively provided by Ket. Final measurement outcomes were ob-
tained by sampling the optimized state.

Noisy Simulation We utilized Ket’s integration with Qiskit, employing the Brisbane
QPU noise model with default settings. During the optimization loop, the expecta-
tion values were calculated using the Qiskit Est imator primitive, and the final
measurement distributions were acquired using the Sampler primitive.
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5.4. Results

The measurement outcome distributions for all four experimental conditions are shown in
Figure 3, utilizing 100,000 shots per final sampling. The optimal solution |010100) (cost
43, no collisions) serves as the reference state.

Under noiseless simulation, the QAOA Ansatz exhibits strong convergence, as-
signing 34,291 out of 100,000 samples (~34%) to the optimal state. The remaining prob-
ability mass is highly concentrated over other low-energy feasible states; for instance,
the second most frequent state, |001010), reaches 20,847 counts at an energy of 46.00
(Figure 3a). Conversely, the standard QAOA under noiseless simulation fails to concen-
trate probability mass around the optimal state, ranking it in 7th position with only 3,906
counts (~3.9%). Its distribution is instead dominated by infeasible solutions, with the
most frequent state being |000000) (29,513 counts) (Figure 3b). No significant concen-
tration around low-energy feasible states is observed for the standard approach.

Under the IBM Brisbane QPU noise model, relying solely on peak probabil-
ity is misleading. Although the standard QAOA measures the exact optimal solution
more frequently (4,783 counts, ~ 4.8%) than the QAOA Ansatz (2,035 counts, ~ 2.0%),
its distribution remains heavily dominated by unfeasible, high-energy states. This slight
peak is attributed to a random flattening of the distribution caused by noise, rather than
true algorithmic convergence (Figure 3d).In contrast, the QAOA Ansatz demonstrates
superior resilience. While the XY-mixer’s strict constraint-preserving properties degrade
under noise, the algorithm successfully shifts the overall probability mass toward the low-
energy subspace. As a result, its most frequent measurements remain low-energy, feasible
states (Figure 3c), proving it achieves a lower expected energy and a significantly higher
probability of sampling near-optimal solutions compared to the standard approach.

(a) QAOA Ansatz, noiseless.

£ 4000

| L il Ul

(c) QAOA Ansatz, IBM noise model. (d) Standard QAOA, IBM noise model.

xxxx

-
s
000
200
1o ‘ ‘ ‘

Figure 3. Measurement outcome distributions for all experimental conditions.
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6. Algorithm Analysis and Scalability

The significant contrast in performance between the standard QAOA and the proposed
QAOA Ansatz can be theoretically explained by analyzing the mathematical topology of
the search space and the constraint mechanisms of both algorithms.

6.1. Search Space Pruning

In the standard QAOA implementation, the algorithm relies on the transverse-field mixer,
which forces the system to navigate the entire Hilbert space defined by the n qubits. For
an instance with |V| vehicles and |R| routes, the solver must explore 2!"!'1%l different
computational states. For our specific experimental setup, this equates to 223 = 64 states.

By contrast, the proposed XY-mixer variant restricts the quantum evolution exclu-
sively to the subspace where the one-hot constraint is strictly satisfied for each vehicle.
Because each vehicle independently selects exactly one out of |R| routes, the feasible
search space is reduced to | R|IV!. For our setup, this is 32 = 9 states.

This represents an immediate reduction of approximately 86% in the state space
for this specific, small-scale instance. However, as the problem scales to accommodate
realistic drone fleets, the gap between the two approaches grows exponentially. For exam-
ple, a scenario with 10 vehicles and 5 routes each results in a standard search space of 2°°
states, whereas the Ansatz restricts the search to 5'° states, a reduction of over 99.99%.
This exponential pruning of non-feasible configurations is critical for maintaining a high
probability of success in real-world routing scenarios.

6.2. Hamiltonian Simplification and Convergence

Beyond mere size reduction, the QAOA Ansatz alters the optimization landscape. In
the standard approach, the optimizer must balance the route selection constraint (Houe)
against the cost minimization and collision penalties. If the penalty coefficient A is not
tuned, the optimizer may fall into local minima where vehicles are assigned zero routes
or multiple routes (as evidenced by the high probability of the infeasible state |000010) in
our standard QAOA results).

By shifting the constraint enforcement from the cost Hamiltonian into the structure
of the initial state and the mixer operator, we entirely eliminate H,y,.. This mathematical
simplification ensures that the classical optimizer spends its limited iteration budget solely
on minimizing path costs and avoiding collisions, rather than wasting resources learning
basic assignment rules. Consequently, the Ansatz demonstrates significantly deeper con-
centration on low-energy states, proving to be fundamentally more scalable as problem
dimensionality increases.

7. Final Remarks

This paper investigated the application of quantum optimization techniques to the drone
collision avoidance problem. We introduced a QUBO formulation that captures route
selection and collision constraints for multiple vehicles and solved it using QAOA. To
improve performance, we proposed a tailored QAOA ansatz incorporating an XY-mixer
that preserves the one-hot route assignment constraint and restricts the search space to fea-
sible solutions. Experimental results under both noiseless and noisy simulations indicate
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that this constrained ansatz increases the probability of obtaining optimal or near-optimal
solutions compared to the standard QAOA formulation. While noise in current quantum
hardware still limits reliability, our results suggest that embedding problem constraints di-
rectly into circuit design can improve optimization performance and that hybrid classical-
quantum approaches remain a promising direction for combinatorial problems such as
UAV collision avoidance. Future work will investigate larger multi-vehicle scenarios,
alternative mixer constructions, and tighter integration with classical routing heuristics.
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