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ABSTRACT 
Siting a limited number of fast-charging hubs so that the greatest share of urban charging demand falls within reach 
is a discrete, NP-hard facility-location task that grows combinatorially with the number of candidate parcels. We recast 
this task for gate-model quantum hardware. Demand intensity and candidate parcels are extracted from a public 
Government of NCT of Delhi charging-station record of 2,270 georeferenced points, a demand-weighted maximum-
coverage objective with a cardinality constraint is mapped to a Quadratic Unconstrained Binary Optimization (QUBO) 
model, and the QUBO is expressed as an Ising cost Hamiltonian solved by the Quantum Approximate Optimization 
Algorithm (QAOA). On a twelve-parcel instance selecting five hubs, exact enumeration places the optimum at 53.2% 
covered demand; QAOA recovers an approximation ratio that rises from 0.67 at depth p=1 to 0.93 at p=3, while a 
depth-four circuit regresses to 0.83 under a fixed optimizer budget, illustrating the trainability cost of added layers. At 
this NISQ-tractable size, greedy and simulated-annealing baselines both reach the exact optimum, so the quantum 
contribution is algorithmic rather than a wall-clock advantage; an explicit size sweep shows the classical search space 
and exact-solve effort growing as 2^N, which is where deeper quantum circuits are expected to matter. The study is 
reported transparently, including the negative parity results. 
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1. Introduction 
India added charging infrastructure at a record pace 
through 2024, and Delhi sits among the front-running 
states, pairing concessional land rates with a mandate 
to map high-utilization sites. As public networks 
densify, the operative question shifts from whether to 
build to where the next tranche of fast-charging hubs 
should go so that scarce capital captures the most 
latent demand. That question is a covering-location 
problem: each candidate parcel serves the demand that 
lies within a practical service radius, parcels overlap, 
and only a fixed number can be funded in a given 
round. 
Covering and p-median formulations of this problem 
are NP-hard, and the number of feasible hub 
configurations scales as the binomial of candidate 
parcels and the budget. Classical practice answers it 
with mixed-integer programming, genetic search, 
particle-swarm variants, or Bayesian agent-based 
simulation, with strong recent results for Indian cities 
[3], Atlanta-scale corridors [9], and combined 
siting/sizing pipelines [6]; these are mature and, for the 

instance sizes a municipality actually decides on, 
effective. The motivation for a quantum treatment is 
not that classical solvers fail today but that the 
underlying decision is a quadratic binary program, 
which is precisely the object that quantum annealers 
and the gate-model QAOA are built to attack [4], and 
whose feasible space expands exponentially as the 
candidate pool and planning horizon enlarge. 
Existing quantum work on urban infrastructure has 
concentrated on hybrid security architectures [1], 
energy-loss minimization [13], routing variants [5,8], 
and broad urban-quantum surveys [2,15]; charging-
hub siting on real geospatial demand, mapped end to 
end onto an Ising Hamiltonian and solved with 
QAOA, has received little attention. We address that 
gap with four concrete steps. First, a demand-weighted 
maximum-coverage objective with a hard cardinality 
constraint is constructed from an authentic Delhi 
station record and reduced to a QUBO. Second, the 
QUBO is transformed into an Ising cost Hamiltonian 
and solved by QAOA, with the analysis centred on 
how the approximation ratio and the probability of 
sampling the optimal configuration respond to circuit 
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depth. Third, the quantum solution is benchmarked 
against exact enumeration, a greedy covering 
heuristic, and simulated annealing on identical 
instances. Fourth, a problem-size sweep quantifies the 
exponential growth of the search space that frames 
where quantum methods are expected to become 
decisive [11,12]. We report the depth-four regression 
and the small-scale classical parity rather than 
omitting them, since both are informative about 
QAOA in the noisy intermediate-scale regime. 
2. Related Work 
Classical siting of charging stations is well developed. 
Çelik and Ok cast station placement as a p-median 
facility-location model solved with a genetic 
algorithm and then sized the resulting stations through 
discrete-event simulation, capturing both location and 
capacity in one pipeline [6]. Liu and colleagues 
coupled Bayesian optimization with agent-based 
demand simulation across the Atlanta region, 
distinguishing level-two from direct-current fast-
charging needs by dwell time [9]. Bilal and Rizwan 
reported an India-specific case study that incorporated 
road-network geography and travel-time costs into the 
planning objective for a metropolitan setting [3]. 
These studies establish demand-driven coverage and 
the binary siting decision as the core of the problem, 
which is the structure we carry into the quantum 
formulation. 
On the quantum side, the QUBO abstraction has been 
applied to several infrastructure problems. Silva and 
co-workers formulated minimum-loss reconfiguration 
of electrical distribution networks as a QUBO for 
quantum annealing [13], Gatti and colleagues mapped 
an aircraft load-balancing task to the same model class 
[7], and Cattelan and Yarkoni proposed efficient 
QUBO encodings for the ride-pooling problem in 
shared-mobility services [5]. Leonidas and colleagues 
studied qubit-efficient encodings for the vehicle-
routing problem with time windows on NISQ 
processors [8], and Pelofske, Hahn and Djidjev 
examined initial-state encoding and reverse annealing 
on Ising and maximum-cut instances [10]. Vert and 
collaborators benchmarked quantum annealing on 
maximum-cardinality matching [14], together 
charting how solver configuration and encoding 
govern solution quality on combinatorial problems 
closely related to coverage. 
For the gate model specifically, the comprehensive 
review by Blekos and colleagues consolidates QAOA 
performance, variants, and the central fact that the 
approximation ratio increases with depth as the circuit 
approaches adiabatic evolution, while warning about 
parameter-training difficulty at larger depth [4]. 
Shaydulin and co-workers provided numerical 
evidence that fixed-parameter QAOA can scale more 
favourably than state-of-the-art exact branch-and-

bound on a classically hard sequence problem [12], 
and Sack and Egger demonstrated machine-learning-
aided noise mitigation enabling depth-two QAOA on 
forty-qubit nonplanar graphs [11]. On the 
optimization-landscape side, Zhao and colleagues 
showed how warm-start strategies and transfer 
learning mitigate the barren-plateau problem that 
becomes acute at larger circuit depths [16]. At the 
application layer, Yigitcanlar and colleagues framed 
quantum-AI urbanism as a layered paradigm for city 
management [15], Barletta and colleagues built a 
hybrid quantum architecture for smart-city security 
[1], and Bashirpour Bonab and colleagues reviewed 
urban quantum technologies broadly [2]; none of these 
treats charging-hub siting as a solved Ising program on 
measured demand, which is the niche of the present 
work. 
3. Geospatial Demand Model and QUBO 
Construction 
The formulation proceeds in two stages: a geospatial 
layer that turns raw station records into demand points, 
candidate parcels, and a coverage relation; and an 
algebraic layer that compresses the resulting 
maximum-coverage objective into a single quadratic 
binary function suitable for an Ising machine [7,13]. 
We describe each in turn. 
3.1. Demand points, candidates, and coverage 
Let the cleaned set of georeferenced stations define a 
demand field. The field is summarized by D demand 
centroids obtained through spatial clustering, where 
centroid 𝑖 carries an intensity weight w୧ equal to the 
count of stations it aggregates, so that historically busy 
areas exert proportionally greater pull. A pool of N  
candidate parcels is generated over the same footprint. 
Each binary decision variable encodes whether a 
parcel is funded, 

x୨ ∈

{0,1},   j = 1, … , N, 
   

 (1) 
with x୨ = 1 denoting a sited hub. Great-circle 
separation between centroid i and parcel j uses the 
Haversine distance, 

d୧୨ = 2R⊕  arcsin

ටsinଶ ୼ம

ଶ
+ cos ϕ୧ cos ϕ୨ sinଶ ୼஛

ଶ
, 

   (2) 
where R⊕ is the Earth radius and ϕ, λ are latitude and 
longitude in radians. A parcel covers a centroid when 
it lies within a service radius R, giving the binary 
coverage relation 

a୧୨ = 𝟙

ൣ d୧୨ ≤ R ൧. 
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 (3) 

3.2. Maximum-coverage objective and its 
quadratic surrogate 
The planner maximizes covered demand subject to 
funding exactly K hubs. Writing the coverage benefit 
of a parcel as 

b୨ =

∑ w୧
ୈ
୧ୀଵ  a୧୨, 

  
  

 (4) 
and the demand for the two parcels jointly double-
count as their overlap, 

O୨୩ =

∑ w୧
ୈ
୧ୀଵ  a୧୨ a୧୩, 

  
 

 (5) 
The exact maximum-coverage value would be 
max ∑ w୧൫1 − ∏ ൫1 − a୧୨x୨൯୨ ൯୧ , whose product term is 
not quadratic and therefore cannot be placed on an 
Ising machine directly. We adopt the standard 
quadratic surrogate that rewards individual benefit, 
penalizes pairwise redundancy, and enforces the 
budget through a squared cardinality term [5,7], 

H(x) = − ∑ b୨x୨୨  +

 ∑ O୨୩୨ழ୩  x୨x୩  +  λ൫∑ x୨୨ − K൯
ଶ

. 
  (6) 

The first term pulls high-demand parcels in, the second 
discourages clustering hubs over the same demand and 
so spreads coverage, and the third drives the selection 
toward exactly K sites. The penalty weight is set to λ =
1.5  max

୨
b୨, large enough that violating the cardinality 

constraint never pays yet not so large that it swamps 
the coverage signal. Collecting terms yields the 
compact QUBO 

H(x) = xୃQ x +
c,   x ∈ {0,1}୒, 

  
 (7) 

with a symmetric matrix Q whose diagonal absorbs the 
linear benefit and the cardinality self-interaction and 
whose off-diagonal holds the overlap and pairwise 
budget coupling, and a constant c = λKଶ that shifts 
energy without changing the minimizer. 
4. Quantum Optimization with QAOA 
With the siting decision compressed into a single 
quadratic binary function, the remaining work is 
purely quantum: translate the QUBO into a spin 
Hamiltonian, prepare a depth-p variational state that 
encodes candidate solutions in superposition, and steer 
the variational angles so that measuring the state 
returns low-energy bitstrings with high probability [4]. 

4.1. Ising cost and mixer Hamiltonians 
Mapping each binary variable to a spin through 

x୨ =
ଵ

ଶ
൫1 −

z୨൯,   z୨ ∈ {−1, +1}, 
   

 (8) 
and promoting z୨ to the Pauli operator Z୨ turns the 
QUBO into the diagonal cost Hamiltonian 

Hେ = ∑ h୨Z୨୨ +

∑ J୨୩୨ழ୩  Z୨Z୩ + const, 
  

 (9) 
whose local fields h୨ and couplings J୨୩ are fixed linear 
combinations of the QUBO benefits, overlaps, and 
penalty. The ground state of Hେ is, by construction, the 
optimal hub configuration. Exploration of the spin 
space is driven by the standard transverse-field mixer 

H୑ =
∑ X୨

୒
୨ୀଵ ,  

  
 

 (10) 
which does not commute with Hେ and therefore 
generates transitions among computational-basis 
states. 
 
4.2. Variational ansatz and parameter training 
Starting from the uniform superposition |+⟩⊗୒ 
prepared by a layer of Hadamards, QAOA alternates 
cost and mixer evolutions for p rounds, 

|γ, β⟩ =
∏ U୑(β୪)

୮
୪ୀଵ  Uେ(γ୪) |+⟩⊗୒,

   
 (11) 

with the cost and mixer unitaries 
Uେ(γ) = eି୧ஓୌి =

∏ eି୧ஓ୦ౠ୞ౠ ∏ ୣ
ష౟ಋెౠౡౖౠౖౡ

ౠಬౡ
୨ ,  

  (12) 
U୑(β) = eି୧ஒୌ౉ =

∏ Rଡ଼ౠ
(2β)୨ .   

  (13) 
The single-qubit field terms realize as Z rotations and 
the couplings as two-qubit ZZ rotations, so a layer 
costs N single-qubit and at most ൫୒

ଶ
൯ entangling gates 

[11]. The 2p angles are tuned to minimize the energy 
expectation 

F୮(γ, β) =

⟨γ, β| Hେ |γ, β⟩,  
  

 (14) 
through the gradient update 

θ୲ାଵ = θ୲ −
η ∇஘F୮(θ୲),   θ =
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(γ, β),  
 (15) 

with an adaptive step η supplied by the Adam 
optimizer. Because the cost landscape is non-convex 
and prone to barren plateaus at larger depth [16], 
several random initializations are run and the best 
retained. The optimized state is sampled, and among 
the most probable bitstrings the feasible one of lowest 
QUBO energy is decoded as the quantum solution xො. 
Solution quality is reported through the approximation 
ratio against the exact optimum x∗, 

r =  ⍁{C( ̂{Ⅎb{x}})}{C(Ⅎb{x}^{∗
})},   C(Ⅎb{x})  =

 ∑_i w_i Ⅎo{1}├[Ⅎ6∑_j a_{ij} x_j ≥ 1┤], (16) 
together with the probability that a single 
measurement returns the optimal configuration. A 
four-qubit single-layer instance of the resulting circuit, 
with its Hadamard preparation, ZZ cost couplings, and 
Rଡ଼ mixer, is shown in Fig. 1. 

 
Fig. 1.  Illustrative single-layer QAOA circuit (four 
qubits): Hadamard state preparation, ZZ and Z cost 
rotations from 𝐻௖ , and 𝑅௫ transverse-field mixer 
rotations. 
5. Experimental Setup 
This section fixes the data, the instance, the baselines, 
and the metrics so that every number in Section 6 is 
reproducible from the public record. 
5.1. Dataset 
The experiments use the Government of NCT of Delhi 
electric-vehicle charging-station record, a publicly 
hosted compilation of 2,705 stations with twenty-five 
attributes per record. After restriction to the Delhi 
National Capital Territory bounding box and removal 
of rows with degenerate coordinates, 2,270 
georeferenced stations remain, spread across the eight 
administrative zones and dominated by alternating-
current points with a fast-charging minority. Table 1 
reports the zone composition that seeds the demand 
field; the heavy southern and western concentrations 
and the sparse north-east are visible in the later 
solution map. 
Table 1.  Composition of the cleaned Delhi charging-
station record by administrative zone (2,270 stations). 

Zone Stations 
Mean 

lat 
(°N) 

Mean 
lon 
(°E) 

DC 
share 
(%) 

South-west 519 28.573 77.142 7.9 

South 365 28.533 77.265 8.2 

West 357 28.638 77.067 3.9 

East 322 28.666 77.287 0.0 

North-west 295 28.739 77.121 0.3 

Central 218 28.617 77.207 63.3 

North 151 28.716 77.162 2.6 

North-east 43 28.715 77.267 0.0 

Total 2,270    

5.2. Instance construction and configuration 
Demand is summarized by D = 60 weighted 
centroids; the candidate pool for the main instance is 
N = 12 parcels, of which K = 5 are to be funded, 
under a service radius R = 4 km. These choices place 
the problem squarely in the NISQ-simulable regime, 
twelve qubits, while keeping the coverage geometry 
realistic. The penalty weight follows the rule in 
Section 3.2, giving λ = 412.5. QAOA runs at depths 
p ∈ {1,2,3,4} with Adam at learning rate 0.15, five 
random restarts of ninety iterations each, and best-of-
sixty-four-sample decoding. Table 2 lists the full 
configuration. 
 
Table 2.  Instance and QAOA configuration for the 
main twelve-qubit experiment. 

Parameter 

Demand centroids D 

Candidate parcels N 

Hubs to fund K 

Service radius R 

Penalty weight λ 

Cost / mixer Ising H_C / transverse

QAOA depths p 

Optimizer 

Restarts 

Decoding lowest

Simulator PennyLane 0.45, default.qubit (statevector)

5.3. Baselines and metrics 
Three classical references run on identical instances: 
exhaustive enumeration of all 2୒ bitstrings, which 
returns the certified optimum at this scale; a greedy 
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maximum-coverage heuristic that adds the highest-
marginal-gain parcel until K are chosen; and simulated 
annealing on the QUBO with ten restarts [14]. Quality 
is measured by covered-demand percentage and the 
approximation ratio of equation (16), search behaviour 
by the probability of sampling the optimal bitstring, 
and effort by wall-clock solve time on a single CPU 
core. The size sweep additionally records the solution-
space cardinality and exact-solve time for N from six 
to fourteen. 
6. Results and Discussion 
Results are organized around four questions: how 
QAOA quality responds to circuit depth, how the 
quantum solution compares with classical references 
at this scale, what the geographic solution looks like, 
and how the problem scales. Each is taken in turn 
before the limitations are stated plainly. 
6.1. Depth dependence of QAOA 
Exhaustive enumeration fixes the optimum for the 
main instance at an energy of −1208 and a covered 
demand of 53.2%, attained by funding five parcels 
distributed across the southern, western, central, and 
northern clusters. Against this reference the QAOA 
approximation ratio climbs with depth, from 0.67 at 
p=1 to 0.74 at p=2 and 0.93 at p=3, in line with the 
theoretical expectation that deeper circuits approach 
adiabatic evolution [4]. The depth-four circuit, 
however, regresses to 0.83: doubling the number of 
variational angles relative to p=2 enlarges and 
roughens the optimization landscape, so under a fixed 
restart-and-iteration budget the classical outer loop no 
longer reaches as good a minimum. This is the 
trainability tension documented for QAOA [16] rather 
than an implementation artefact, and it marks the 
practical depth ceiling for this instance and budget. 
Figure 4 shows the energy expectation descending 
across iterations for the first three depths, and Fig. 3 
plots the approximation ratio and the optimal-
sampling probability against depth. Table 3 collects 
the depth results alongside the classical baselines. 

 
Fig. 2.  QAOA energy expectation ⟨H_C⟩ versus 
optimizer iteration for depths p = 1, 2, 3; the dashed 
line marks the exact optimum. 

 
Fig. 3.  Approximation ratio (left axis) and 
probability of sampling the optimal bitstring (right 
axis) versus QAOA depth p, showing the rise to p = 3 
and the trainability-driven regression at p = 4. 
Table 3.  QAOA depth-scaling results and classical 
baselines on the twelve-qubit, five-hub Delhi 
instance. The optimum covers 53.2% of weighted 
demand. 

Method ⟨H_C⟩ Decoded E Coverage (%)

QAOA, p = 1 -201.6 -806 35.5 

QAOA, p = 2 -408.1 -896 39.5 

QAOA, p = 3 -412.3 -1119 49.3 

QAOA, p = 4 -189.2 -1004 44.2 

Greedy — -1208 53.2 

Sim. annealing — -1208 53.2 

Exact (enumeration) — -1208 53.2 

6.2. Comparison with classical solvers and the 
sited network 
At twelve qubits the classical references are decisive: 
both greedy coverage and simulated annealing recover 
the exact optimum in milliseconds. We state this 
directly rather than around it, because it is the honest 
and expected picture at a size an exhaustive solver 
clears instantly, and it matches the cautionary 
observations of broad QAOA reviews regarding low-
qubit demonstrations [4]. The value of the quantum 
route here is therefore algorithmic, not chronometric: 
a real, demand-weighted siting decision can be 
expressed as an Ising ground-state problem, and 
QAOA approaches that ground state as depth grows, 
with the asymptotic adiabatic guarantee behind it [12]. 
Figure 2 renders the depth-three selection on the Delhi 
footprint: the five chosen hubs sit on dense southern, 
western, central, and northern demand and their 
service disks tile the high-intensity corridors with little 
mutual overlap, which is exactly the spatial behaviour 
the redundancy term in equation (6) was designed to 
induce. 
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Fig. 4. Delhi footprint with existing stations, demand 
centroids sized by intensity, candidate parcels, and 
the five QAOA-selected fast-charging hubs with 4 
km service disks. 
The methodological pipeline that connects the 
geospatial layer to the quantum layer, from station 
records and coverage matrix through QUBO and Ising 
mapping to the QAOA solve, is summarized in Fig. 5. 

 
Fig. 5.  Three-layer pipeline: geospatial demand 
extraction, QUBO and Ising formulation, and QAOA 
optimization producing the sited hubs. 
6.3. Problem-size scaling 
Sweeping the candidate pool from six to fourteen 
parcels makes the exponential structure explicit. The 
number of bitstrings grows from 64 to 16,384, and the 
exact-enumeration time tracks that growth, rising by 
more than two orders of magnitude across the sweep, 
while the optimal coverage climbs as more parcels and 
a larger budget become available. Table 4 and Fig. 6 
record this. Exhaustive solution becomes impractical 
within a few tens of parcels, and even strong 
metaheuristics face a search space that doubles per 
added candidate; this is the regime, beyond the reach 
of certified classical optima, where a depth-bounded 
quantum circuit operating on the same Ising 
Hamiltonian is hypothesized to contribute [11,12], and 

it motivates carrying the present formulation to 
hardware-scale instances. 
Table 4.  Problem-size scaling of the siting QUBO: 
solution-space cardinality, certified optimum, and 
exact-enumeration time. 

N K Qubits Solution space 2^N 

6 2 6 64 

8 2 8 256 

10 3 10 1,024 

12 4 12 4,096 

14 4 14 16,384 

 
Fig. 6.  Solution-space cardinality 2୒ (left axis) and 
classical exact-enumeration time (right axis) versus 
the number of candidate parcels N. 
6.4. Limitations 
Four limitations bound the claims. The instance is 
small by necessity, twelve qubits, so the classical 
parity of Section 6.2 is expected and no quantum speed 
advantage is asserted. The circuits are executed on an 
ideal statevector simulator; hardware noise, finite 
sampling, and limited qubit connectivity would lower 
the reported ratios and are not modelled here, although 
machine-learning-aided noise mitigation has recently 
been shown to scale QAOA to forty qubits on 
nonplanar problems [11]. The cardinality constraint is 
enforced by a single penalty weight chosen by a simple 
scaling rule, and although it held the selection at 
exactly five hubs, constraint-preserving mixers, 
structure-aware penalty tuning, or warm-started 
parameters from related instances would likely 
improve depth-four trainability [16]. Finally, demand 
is proxied by existing-station density and a fixed 
Euclidean service radius; richer demand from traffic 
counts, dwell-time distributions, and road-network 
distances would sharpen the geography without 
altering the QUBO machinery. 
7. Conclusion 
We mapped the siting of electric-vehicle fast-charging 
hubs onto a quantum optimizer end to end: a demand-
weighted maximum-coverage objective built from 
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2,270 real Delhi station records, reduced to a QUBO, 
expressed as an Ising cost Hamiltonian, and solved 
with QAOA. On a twelve-qubit, five-hub instance the 
approximation ratio rose to 0.93 at depth three before 
a budget-limited regression at depth four, the 
probability of sampling the optimum and the energy-
convergence traces behaved consistently with that 
picture, and the selected hubs tiled Delhi's high-
demand corridors with minimal overlap. Classical 
solvers matched the optimum at this scale, which we 
report rather than obscure, while the exponential size 
sweep frames where deeper quantum circuits are 
expected to matter. The contribution is a clean, 
reproducible quantum formulation of a real urban 
siting problem and an honest characterization of 
QAOA depth behaviour on it. Natural next steps are 
noisy-hardware execution with sample-level error 
mitigation [11], constraint-preserving mixers with 
warm starts [16], and road-network demand on larger 
candidate pools that exceed the reach of exact 
enumeration. 
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