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1. Introduction

Coverage Path Planning (CPP) is a fundamental problem in robotics where the goal
is to efficiently traverse an environment to ensure full area coverage, with applications in
precision agriculture [1], industrial inspection [2], search-and-rescue [3], and cleaning [4].
Traditional CPP approaches rely on classical heuristics [5] [6] [7], grid decomposition [8] [9],
and combinatorial optimization [10] [11], but often overlook environment-specific contextual
signals such as spatial heterogeneity or task-driven importance. Scalability remains a further
challenge, as the search space grows exponentially with the number of visitation targets.

This work introduces Amplitude-Stratified Hierarchical Clustering (ASHC), a quantum-
inspired amplitude-driven hierarchical CPP technique. ASHC leverages quantum amplitude
fields to encode contextual variation and group targets into semantically meaningful clusters,
decomposing the CPP problem into intra-cluster and inter-cluster subproblems that sub-
stantially reduce the combinatorial search space. Key contributions include: (i) a quantum-
inspired amplitude-based spatial encoding enabling principled cluster decomposition; (ii) a
hierarchical clustering mechanism that reduces search space complexity; and (iii) rigorous
theoretical formulations and experimental validation across varied environments.

2. Related Work

Classical CPP: Classical approaches rely on TSP variants and cellular decomposition
techniques including trapezoidal [12], voronoi [13], and boustrophedon [14] decomposition,
as well as graph-based methods [15–18]. These techniques assume uniform significance across
coverage areas and face scalability challenges in complex environments.

Context-Aware and Hierarchical CPP: Tang, Mao, and Ma [19] and Huang et al.
[20] implemented priority-based multi-robot CPP, though scalability degrades as prioritized
targets increase. Cao et al. [21] and Shen et al. [22] addressed scalability through hier-
archical frameworks that decompose the environment into subspaces for multi-resolution
planning, motivating the hierarchical context-aware approach taken here.

Quantum-Inspired Planning: Reitzner et al. [23] demonstrated quantum walks can
outperform classical pathfinding in specific graph structures. Rao et al. [24] showed run-
time improvements for multi-robot CPP using quantum heuristics, and Lathrop et al. [25]
demonstrated quadratic speedup potential in sampling-based motion planning via Quantum
Amplitude Amplification.



3. Problem Setup and Formulation

The environment is modeled as a finite 2D grid G = {(i, j) | i, j ∈ {1, . . . , N}} ⊂ N2

with obstacle set O ⊂ G, target set V ⊂ G satisfying O ∩ V = ∅, and free space F = G \ O
whose induced subgraph is connected. Targets may be partitioned into m disjoint clusters
{C1, . . . , Cm} with V =

⋃m
k=1 Ck and |Ck| = nk.

Each target vi ∈ V carries a scalar context value p(vi) ∈ [0, 1]. In the multi-robot setting
with R robots, V is partitioned into R disjoint sub-regions V(1), . . . ,V(R) with V(r) ∩V(s) =
∅ ∀r ̸= s.

4. Solution Approach

4.1. Amplitude Field for Spatial Context Encoding

An amplitude field is constructed via a discrete-time coined quantum walk [26] [27]
simulated classically using Qiskit’s statevector simulator [28] [29], over a Hilbert space
H = Hpos ⊗ Hcoin where Hcoin is 4-dimensional representing directions {↑, ↓,←,→}. The
walk is initialized uniformly over free-space cells and evolved for T = 2N steps using a Grover
coin with reflective boundary conditions. A time-averaged marginal distribution over the
final w steps mitigates oscillations, and the result is min-max normalized producing the
amplitude field:

A(x, y) =
P̄T (x, y)−min(i,j)∈F P̄T (i, j)

max(i,j)∈F P̄T (i, j)−min(i,j)∈F P̄T (i, j)
, (4.1)

where P̄T (x, y) =
1
w

∑T
t=T−w+1

∑
c |ψt(x, y, c)|2. Each target vi is assigned contextual value

A(vi) ∈ [0, 1]. Given ordered thresholds 0 < θ1 < · · · < θm−1 < 1, targets are partitioned
into m disjoint clusters:

Ck = {vi ∈ V | θk−1 ≤ A(vi) < θk} , k = 1, . . . ,m, (4.2)

with θ0 = 0, θm = 1. This amplitude-based partitioning decomposes the otherwise |V|!-
complexity TSP into intra-cluster ordering (a restricted TSP per cluster Ck) and inter-
cluster ordering (a permutation over the m cluster indices). All inter-cluster permutations
are evaluated to find the most cost-efficient sequence.

4.2. Cost Function

Let σi denote the visiting sequence over cluster Ci, with collision-free path computed by
A* search [30] [31]. The total coverage cost is:

J (Σ) =
m∑
i=1

J (σi), J (σi) = α · L(σi) + β · TC(σi) + γ · TT (σi), (4.3)

where α, β, γ ∈ R≥0, L(σi) =
∑|σi|−1

j=1 ∥pj+1−pj∥2 is total path length, TC(σi) =
∑|σi|−1

j=2 |θj−
θj−1| is total turning cost, and TT (σi) = L(σi)/v + TC(σi)/ωmax is traversal time.

5. Formal Analysis

Let Πinter be the set of all permutations over the m cluster indices, Πk the intra-cluster
permutation space for Ck, and Ωhier := Πinter×

∏m
k=1 Πk. The hierarchical search space has

size |Ωhier| = m! ·
∏m

k=1 |Ck|!, yielding a reduction factor over the full TSP of:

R =
|V|!

m! ·
∏m

k=1 |Ck|!
, (5.1)



which grows exponentially with |V|. The underlying optimization problem is NP-hard, as
the classical TSP [32] [33] [34] reduces to it in O(|V|) time by assigning uniform amplitudes
(producing m = 1) and setting α = 1, β = γ = 0.

6. Experiments and Results

All experiments use 100 randomized environments per grid size with target density 25%
and obstacle density 15%.

6.1. Search Space Reduction

Figure 1. Search space reduction across grid sizes.

The search space reduction is evaluated
across 10×10, 20×20, and 30×30 grid en-
vironments. The reduction factor is com-
puted per Equation 5.1. Figure 1 presents
the mean log10 reduction with error bars;
the dashed line indicates the theoretical ex-
pectation under balanced clusters. The pro-
posed technique achieves mean logarithmic
reduction factors of 5.04, 25.51, and 56.79
on the three grid sizes respectively. Experi-
mental results fall below the theoretical ex-
pectation due to cluster imbalance common
in practice: as imbalance increases, factorial growth in the denominator of Equation 5.1
dominates, progressively diminishing the reduction. In the extreme case of high imbalance
(one large cluster, two singletons), the reduction reaches zero.

6.2. Baseline Comparison and Analysis

ASHC is benchmarked against: Grid-Split (GS), deterministic spatial partitioning;
Random Assignment (RA), uniform random target allocation; KMeans-Priority (KP)
[35] [36], K-means over augmented feature vectors (x, y, αA); Priority-Global (PG), tar-
gets globally ordered by descending amplitude with nearest-neighbor traversal [37]; and
Weighted Nearest Neighbor (WNN) [38], next target selected by minimizing distance-
to-priority ratio.

Performance is evaluated using Priority-Weighted Latency (PWL): PWL =
∑

i witi
with wi = 1 + A(xi, yi) (lower is better), and Travel Distance (total Euclidean path
length). Experiments use m ∈ {3, 4, 5} clusters. Results are in Table 1.

Single-Robot Performance. PG consistently yields the lowest single-robot PWL by
globally ordering all targets by amplitude without structural constraints. ASHC single-robot
PWL remains within 2–4% of PG across all grids, indicating that hierarchical partitioning
introduces only modest degradation relative to unconstrained global prioritization.

Multi-Robot Performance. Clustering-based methods exhibit substantial PWL re-
ductions under multi-robot execution. On 30×30 with m = 3, ASHC reduces PWL from
43326.83 (single) to 13874.43 (multi), outperforming KP (49339.00 to 14408.32). As m
increases to 5, ASHC multi-robot PWL further decreases to 7278.32 versus KP’s 8518.82.

6.3. Ablation Study

The ablation study isolates the contribution of path length (α), turning cost (β), and
traversal time (γ) in the composite objective. Results averaged over 100 randomized envi-
ronments per grid size are reported in Table 2 for both single- and multi-robot settings.



Grid Method m = 3 m = 4 m = 5

PWL ↓ Travel ↓ PWL ↓ Travel ↓ PWL ↓ Travel ↓

10× 10

KP 615.75 / 166.21 48.25 / 40.39 635.17 / 116.84 50.48 / 36.27 659.87 / 88.66 53.51 / 33.07
GS 681.95 / – 64.31 / – 728.92 / – 67.82 / – 733.26 / – 72.71 / –
PG 511.04 / – 44.84 / – 511.04 / – 44.84 / – 511.04 / – 44.84 / –
RA 900.43 / 278.39 70.50 / 66.80 996.77 / 228.05 78.29 / 70.92 1068.19 / 199.02 83.52 / 72.22

WNN 531.30 / – 46.09 / – 531.30 / – 46.09 / – 531.30 / – 46.09 / –
ASHC 434.72 / 118.21 46.74 / 39.83 463.22 / 98.64 49.27 / 34.62 503.88 / 82.14 47.11 / 29.38

20× 20

KP 9801.69 / 2810.56 200.12 / 187.55 10009.44 / 2066.22 203.54 / 181.76 10653.06 / 1656.58 212.22 / 180.02
GS 10223.43 / – 233.00 / – 10385.47 / – 238.53 / – 11009.18 / – 256.85 / –
PG 8299.71 / – 189.91 / – 8299.71 / – 189.91 / – 8299.71 / – 189.91 / –
RA 15237.80 / 4621.94 317.20 / 312.16 17842.16 / 3977.03 362.48 / 357.18 19575.61 / 3521.89 395.33 / 389.31

WNN 8388.93 / – 192.17 / – 8388.93 / – 192.17 / – 8388.93 / – 192.17 / –
ASHC 8093.24 / 2483.36 198.87 / 188.28 8131.22 / 1878.69 199.73 / 177.27 8341.34 / 1730.24 204.25 / 171.68

30× 30

KP 49339.00 / 14408.32 454.05 / 435.39 50331.37 / 10618.60 459.59 / 428.85 51896.41 / 8518.82 474.60 / 427.55
GS 49733.59 / – 533.99 / – 50887.37 / – 561.02 / – 52736.25 / – 582.11 / –
PG 42637.72 / – 430.61 / – 42637.72 / – 430.61 / – 42637.72 / – 430.61 / –
RA 78342.36 / 23515.31 722.79 / 720.70 91178.02 / 20295.98 829.58 / 823.28 101744.00 / 17963.76 922.67 / 913.44

WNN 42839.29 / – 433.41 / – 42839.29 / – 433.41 / – 42839.29 / – 433.41 / –
ASHC 43326.83 / 13874.43 446.17 / 442.21 43487.41 / 9213.94 473.22 / 427.74 43712.28 / 7278.32 478.84 / 423.48

Each entry is Single / Multi. “–”: method does not produce multi-robot assignments. GS and PG generate a single global tour and cannot be directly extended to multi-robot execution.

Table 1. Single- and multi-robot performance across grid sizes and clustering levels.

Table 2. Mean and Std Dev of cost components across grid sizes.

Grid Config α β γ Single-Robot Cost Multi-Robot Cost
Size Mean Std Dev Mean Std Dev

10x10

Baseline 1.00 1.00 1.00 747.89 232.65 708.00 154.68
No Length 0.00 1.00 1.00 551.25 173.29 519.25 116.13
No Time 1.00 1.00 0.00 352.59 109.50 334.10 72.72
No Turns 1.00 0.00 1.00 591.94 182.94 562.65 121.13

20x20

Baseline 1.00 1.00 1.00 5135.70 1844.14 5352.24 1025.40
No Length 0.00 1.00 1.00 3599.71 1296.08 3748.93 724.15
No Time 1.00 1.00 0.00 2443.56 877.10 2546.90 487.38
No Turns 1.00 0.00 1.00 4228.13 1516.09 4408.65 841.02

30x30

Baseline 1.00 1.00 1.00 12881.20 8468.86 15370.09 4851.00
No Length 0.00 1.00 1.00 8840.41 5817.48 10543.87 3338.75
No Time 1.00 1.00 0.00 6151.55 4043.90 7340.70 2315.78
No Turns 1.00 0.00 1.00 10770.44 7078.06 12855.60 4050.77

Traversal time (γ) is the dominant cost component, with its removal reducing single-robot
cost by ∼52% across all grid sizes, consistent across both robot settings. Path length (α)
is the second most influential component, with nullifying it yielding reductions of 26–31%
that grow modestly with environment size, reflecting increasing geometric complexity.

7. Conclusion

This study presents ASHC, a hierarchical cluster-based CPP approach leveraging quantum-
walk-inspired amplitude fields for semantic target decomposition in obstacle-populated 2D
grid environments. Formal analysis establishes exponential search space reduction over clas-
sical TSP, and experiments confirm robustness across single-robot and multi-robot settings.
Future work will extend the framework to dynamic environments, heterogeneous robots, 3D
scenarios, and learning-based clustering heuristics.
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