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Hybrid quantum-classical
stochastic programming for co-
planning 5G base stations and
photovoltaic power stations in
urban communities
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The rapid deployment of Fifth-generation base stations (5G BSs) in urban communities has led to
rising electricity costs for mobile network operators. Meanwhile, distributed photovoltaic power
plants (PVs) provide a promising solution to offset energy expenses and reduce renewable energy
curtailment. This study proposes a hybrid quantum-classical two-stage stochastic programming
approach for the co-planning of BSs and PVs in urban communities. In the first stage, warm-start
quantum annealing is employed to determine BS deployment locations and capacities. In the second
stage, data envelopment analysis (DEA) is used to evaluate and improve the operational performance
of the integrated BS-PV system. Case study results show that the proposed method reduces total
planning costs to one-third compared to traditional experience-based strategies, enhances PV
utilization by 12.53%, reduces electricity costs by 51.04%, and achieves over 5.4 times improvement in
computational efficiency. These results demonstrate not only technical advantages but also practical
value in supporting cost-effective and low-carbon urban infrastructure planning.

Keywords 5G base station, Two-stage stochastic programming, Quantum-classical hybrid framework,
Quantum annealing, Data envelope analysis

With the rapid development and widespread application of big data, artificial intelligence, and the Internet of
Things, telecoms have assumed an increasingly pivotal role across various fields. Fifth-generation base stations
(5G BSs), as central hubs for information transmission in this digital revolution!, are extensively deployed in
urban communities by mobile network operators (MNOs) to offer higher transmission rates and lower latency?.
The effective deployment of 5G BSs demands a comprehensive approach that integrates telecoms quality, energy
provisioning, and construction expenditures, rather than a simple replacement of legacy infrastructure. On the
one hand, the total energy consumption of a 5G BS can be up to three times higher than that of an existing 4G
BS, while its coverage area is only about 20% of that of a 4G base station>*, thus rendering traditional planning
approaches inadequate as they often place significantly greater emphasis on the quality of telecom service
than on energy consumption. On the other hand, modern power systems now feature higher penetrations of
photovoltaic power plants (PVs), offering increased flexibility in energy supply>°. The deployment of a 5G BS
cluster not only focuses on the construction cost but also furnishes the potential for power system dispatching,
while the operation scheme about the accessorial energy storage (ES) and air conditioning (AC) further enlarges
the PV utilization’. Thus, reasonable deployment and operation are significant for both the MNO and the
distribution network operator (DNO).

A typical urban community is presented in Fig. 1, in which MNO and DNO plan to collaboratively deploy
a new 5G BS cluster to address the increasing telecom demands for efficiency. Additionally, they aim to jointly
develop an operation scheme that minimizes operation cost and traditional energy consumption by maximizing
PV utilization®. The decision objects of this optimization problem include BS and PV clusters, making it a typical
problem with a bilateral-matching framework’. The process involved in this problem encompasses deployment
and operation performance evaluation, in which the decision objects in the deployment stage are only related
to the BS cluster since the PV cluster has been constructed and fixed beforehand, and operation performance
evaluation involves the hybrid optimization of both BS and PV clusters. The scale of an urban community is
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Fig. 1. Formation of a typical urban community. The BS and PV clusters in the urban community are
strategically deployed across subareas. Each subarea’s telecom demand (BS power consumption) follows typical
scenario patterns. PV outputs also show spatial regularity and partial predictability. During off-peak periods,
BS clusters can be self-sufficient, while during peak times, they rely on a mix of PVs, the grid, and local ES
units, with predictable contributions due to clustering effects.

typically determined by factors such as geographical area and population density, with the number of nodes
ranging from several dozen to several hundred. More importantly, each unit within a BS requires independent
design and regulation across massive typical scenarios to achieve an optimal deployment and operation
scheme!?. This significantly multiplies the decision variables, often reaching into the hundreds or more. While
the physical scale of an urban community may not be large, the mathematical model is quite tremendous, and
the computational complexity of classical algorithms grows exponentially. As urban communities continue to
expand, the number of factors involved in planning increases rapidly. As a result, the planning process faces an
overwhelming demand for computational time and resources due to the curse of dimensionality, which is an
unsustainable challenge for operators.

Current research concerning the deployment and operation performance presents certain limitations,
leading to a gap between the problem framework and application. For instance, most BS-focused research
primarily targets the optimization of BS operation!!~!3, load migration!*'%, or ES configurations*'¢ as individual
objectives. Alternatively, in PV-focused studies, BS clusters are typically treated as loads for demand response
within the power system scheduling framework!”. However, few studies address the planning problem
holistically, considering MNO and DNO as a shared community of interest. The main challenge lies in the
significant computational burden introduced by such a complex framework, which involves numerous variables,
nonlinear constraints, and intertwined uncertainties from both supply and demand. These factors collectively
strain the capabilities of conventional algorithms. Recent research efforts primarily address these challenges
through improvements in frameworks!'®-2!, algorithm enhancements??-?, and efficient representations of
uncertainty®-2%, with their contributions and limitations summarized in Table 1. Overall, existing deployment
and operation methods still have room for improvement in both accuracy and computational efficiency.

As an emerging technique, quantum annealing (QA) has shown superiority in dealing with combinatorial
optimization problems in terms of energy management of power systems, such as unit commitment*-*,
network reconfiguration®*2, and economic dispatch®*34. The matching of binary combinatorial variables with
the two-state qubits also presents a promising opportunity for leveraging QA in BS deployment, which is not
only theoretically feasible but also holds practical significance. However, QA is currently hindered by limitations
in hardware performance, which constrain its computational scale®>. Furthermore, its inability to natively
process continuous variables significantly hampers its effectiveness in tackling complex operation problems
that involve power-related variables. To mitigate these challenges, the warm-starting technique and data
envelopment analysis (DEA) executed on classical computing platforms are proposed as assistance to operation
efficiency evaluation®. Warm-starting technology enhances annealing performance by providing a better initial
solution to the QA, thereby improving the optimization scales and convergence rates. Concurrently, DEA can be
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Categories Methods Contributions Insufficiencies

Stackelberg Game'® Decomposition of the original problem into multiple subproblems

5 - - - Computational
Framework SESSIONY Two-stage co-planning of ES capacity and operation scheme burden increases
Improvement Robust-CVaR* Hybrid CVaR robust risk modeling for stochastic optimization expglnentiallly with
problem scale

JSSP Model?! MILP model for optimal joint switching mechanism

NSGA-11* Optimization of 5G BSs participating in VPP scheduling Interpretability is
Algorithm Enhancement | PSO* Optimization of 5G BSs deployment weak;, and accuracy is

reduced as problem

Power Aggregation Simplification?® | Mobile network optimization with power aggregation complexity increases

Uncertainty

ARMA+BAVOA?
Stochastic Distribution Model?®

ARMA-based wind power prediction

Computational

Time-correlated random distributions in stochastic optimization complexity increases

Representation Random Model of Meteorology?” Efficient scenario aggregation with the number of
scenarios
IGDT* IGDT-based optimal bidding strategy
Table 1. Taxonomy of literature addressing complex deployment and operation problems.

employed to address complexities associated with continuous variables, offering a complementary approach that
capitalizes on classical computational strengths.

In this context, a hybrid quantum-classical stochastic programming framework is proposed for the
deployment and operation performance evaluation to optimize the joint interests of MNO and DNO. This
framework accounts for the stochasticity of BS loads and PV outputs, representing them through massive typical
scenarios and their associated probability distributions. The co-planning process in this framework is divided
into two stages: In the first stage, the problem addresses the location and type selection of BSs for MNO. Building
on this, DNO provides operation schemes to MNO at minimal cost while utilizing the adjustable capabilities of
BSs to enhance PV utilization in the second stage. This is achieved by precisely matching source and load models
across a large set of scenarios, thereby fostering a win-win collaboration between the two agents. Given that the
combinatorial optimization problem is NP-Hard”’, a warm-starting quantum annealing (WSQA) technique and
DEA are introduced to develop a more efficient algorithm for solving the stochastic programming problem.

Compared to the methods listed in Table 1, the proposed approach in this study effectively balances
computational accuracy and efficiency. The innovations of this work lie in the following aspects:

1) A hybrid quantum-classical two-stage stochastic programming framework is proposed for BS-PV integrated
urban communities. This framework efficiently coordinates deployment and operation by leveraging quan-
tum annealing for the planning stage and classical optimization for the operation stage, aiming to develop
more effective strategies compared to traditional frameworks.

A quantum annealing algorithm enhanced with warm-starting techniques is employed to develop the de-
ployment scheme for the BS cluster, significantly improving computational accuracy and efficiency while
enabling scalability for large-scale mixed-integer programming problems.

A DEA-based operation optimization is introduced to avoid complex nonlinear constraints in massive sce-
narios. This method enables the identification of optimal operation schemes that maximize performance
metrics and improve PV utilization.

2)

3)

Methods
Framework for hybrid stochastic programming
Quantum annealing can greatly enhance the computational efficiency of problems involving binary variables,
such as BS deployment®. However, the inherent limitations make it inferior in handling problems with
continuous variables, such as operation performance evaluation. Therefore, the proposed hybrid quantum-
classical stochastic programming framework is structured into two sequential stages, as illustrated in Fig. 2.
The first-stage problem, aiming to locate the BSs and set the specifications of their TD, ES, and AC units under
the constraints of the telecommunication quality with a fixed capacity of BSs in a cluster, is solved by WSQA
since it is dominated by binary variables. The selected deployment solution defines a set of DM Us, which are then
passed as inputs to the second stage. The second-stage problem focuses on the operation schemes considering
the massive scenarios of loads and outputs in BS-PV integrated urban communities, in which the operation
and electricity costs are regarded as investments, and four decision-making indices are selected to evaluate the
effectiveness. This problem involves a large number of continuous operational indices; thus is addressed using
DEA running on conventional computers to perform efficient numerical computation. The interaction between
the two stages ensures that both strategic infrastructure planning and tactical operation management are co-
optimized within a unified stochastic programming model. This design enables the framework to handle large-
scale, uncertain scenarios while maintaining computational tractability and practical interpretability. A more
detailed explanation of the proposed model and method within this framework is provided in the supplemental
information.

Uncertainty representation

To address the uncertainty in BS-PV co-planning, a scenario-based modeling approach is adopted. Typical
scenarios are generated based on key external factors, such as typical day types (D), ambient temperature
(Tyg), seasons (Sy,,), and weather (W), which significantly affect BS demands and PV outputs. These factors are
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Fig. 2. Framework for the two-stage stochastic programming of BS-PV integrated urban communities.
The framework includes deployment and operation performance evaluation stages: the first locates BSs and
configures TD, ES, and AC units under telecom constraints; the second optimizes operation under multiple
scenarios, using four indices to evaluate cost-effectiveness.

Enumeration | Dy¢ Ty (C) Sy Woy

1 Weekday | T,<10 Spring, Autumn | Sun

2 Day Off | 10<T<25 | Summer Cloud
3 Holiday | Ty¢>25 Winter Others

Table 2. Simplified scenarios and their clustered enumerations

abstracted into indicators derived from historical data. For instance, BSs near malls show peak load on holidays,
PV output varies seasonally due to solar radiation, and ambient temperature impacts the air-conditioning energy
of BSs.

Computational efficiency is improved while preserving representativeness by clustering similar scenarios
using reduction techniques such as K-means. For example, PV outputs in spring and autumn are merged, and
extreme weather types are grouped. Sequential scenarios are then generated via permutation of simplified
indicators, excluding implausible combinations (e.g., high temperature in winter). These sequences, along with
their associated probabilities, form the basis for uncertainty-aware optimization of the BS-PV configuration
model. Table 2 lists the indicators and ranges of each simplified scenario.

In order to fully represent the external environment, simplified scenarios are combined into sequential
scenarios through permutation, as shown in Fig. 3. Based on historical data, each sequential scenario yields
BS load and PV output curves with corresponding deviation distributions. These sequences are assumed to be
independent and identically distributed, forming the uncertainty of the optimization model.

QA for combinatorial optimization

The objective function in the first-stage problem is related to the total cost in the construction and operation
stages as:
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Fig. 3. Permutations and combinations of the typical scenarios. Unlikely combinations (e.g., high temperature
in winter with T}, ;=S,,=3) are excluded to reduce the number of sequential scenarios.

nBs nBs nTD nEs MAC
minC = E Csum,ili = E (Cens,i + ¢TD E UTD,i,j T CES E VES,i,k+CAC E VAC,i,1) Ui (1)
i=1 i=1 j=1 k=1 1=1

The constraints in the model of the first-stage problem include the requirements of the BS capacity (Eq. (2)),
coverage®® (Eq. (3)), and the interdependence among the selected specifications of the TD, ES, and AC units
(Egs. (4)-(5)):

nTo
kep E U;UTD,i,j = RBs,i, Vi € nps )
=1
(dL + dj)uiuj < Lij,Vi,j € NBs (3)
nTD nAC nES
E UTD,i,j + E VAC,i,j = E VES,i,j 4)
=1 j=1 j=1
nBs nBs "TD nBs NES nMBS MAC
E u; = Mgs, E E vTD,i,j = MTD, E E VES,i,j = MEs, E E vac,i,; = Mac (5)
i=1 i=1 j=1 i=1 j=1 i=1 j=1

QA leverages adiabatic evolution within the D-Wave quantum annealer to enhance efficiency and accuracy in
finding optimal solutions, primarily through its unique quantum tunneling effect**2. It requires Eqs. (1)-(5) be
reformulated into a quadratic unconstrained binary optimization (QUBO) form*’ so as to establish a mapping
between the objective function and the Hamiltonian energy function!. The QUBO-based optimization model
is designed as follows, in which all decision variables are restricted to binary values, and no explicit constraints
are present*>:
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nBs nrp nrp MAC MES
min Cqueo = chum,,um + p1(kep Z wvTD,i,; — Res,i)? + pe|Lij — (di + dj)uiu; + €]° + pa(z vUTD,i,j + ZL‘AC,,,.] - szs,wf
i=1 j=1 =1 j=1 =1
nBs nBs NTD nBs MES nBs NAC (6)

+p1(Z w; — Mps)® + ps(z Z VTD,ij — ]WTD)2 + ﬂs(z Z'UES,w,.j - JWES>2 + pv(z ZCAC,L] — Mac)?
i=1

i=1 j=1 i=1 j=1 i=1 j=1

where
nTD nEs MAC
Csum,i = Cens,i T CTD E UTD,i,j + CES E VES,i,k+CAC E VAC,i,l (7)
j=1 k=1 1=1

The following equation illustrates the specific discretized process for the continuous variable &:
ni no
a —b
€= 25 +) 2, ®)
a=0 b=1

After formulating the objective function in QUBO form, the quantum annealer executes the QA algorithm
through the following steps:

1) minor embedding: The problem graph is mapped onto the physical qubit architecture (e.g., D-Wave’s
Chimera or Pegasus) using a minor embedding algorithm to fit the hardware constraints.

2) quantum initialization: The system is initialized in a quantum superposition of all possible states via a
transverse magnetic field, enabling exploration of the entire solution space. A warm-starting technology is
introduced in this stage to speed up the subsequent process.

3) adiabatic evolution: The system Hamiltonian is gradually evolved from a simple initial form to the problem
Hamiltonian. During this process, the system tends toward lower energy configurations.

4) quantum tunneling: Quantum effects such as tunneling allow the system to escape local minima and
explore globally optimal solutions more effectively than classical heuristics.

5) solution readout: After the annealing process, the system collapses into a low-energy (ideally optimal)
state, which is read out as the final solution.

Warm-starting technology
A warmb-starting technology is introduced to enhance the computational efficiency of the QA algorithm, in
which a classical computer is employed to pre-solve the master problem and fix the values of certain variables
based on the characteristics of feasible solutions?®.

In the first step, n sets of feasible solutions to the master problem, which are represented in the following

matrix form as [Xp 1, Xp 2,..., Xp #] " in Eq. (9):

P p P
X7 Tiao Tra o Tim
P ce
b X5 Ta1  Too Lo m
XP = i = . . ) )
p p p p
XP Tp1 Tpo Th.m

On this basis, each x. is allocated to one of two sets: X4, which includes pre-fixed variables, or X, which contains
the variables that need to be solved. The boundary between these sets is determined by analyzing the distribution
of feasible solutions, as outlined as follows:

,j € [1,m] (10)

The elements in the set X¢ are pre-fixed according to the highest probability of occurrence in the feasible
solutions as follows:

0P(f.=0)>2 Pl . =1) a
Tj= { 1P =0) < PEl =1) W EX (1

The variables in the set X' are input into a quantum annealer with a tentative initial state generated based on
& while a total of m ) elements contained in X9 are input as fixed values instead of variables, which reduces the
variable size of the master problem from m to m-m, and achieves a convergence rate superior to that of the
original algorithm*’. A flowchart visualizing the above warm-starting process through a three-variable case is
shown in Fig. 4.

DEA-assisted operation performance evaluation
DEA is a non-parametric method that constructs a production possibility frontier using DMUs’ input-output
data to assess their relative efficiency. When it comes to the proposed second-stage problem with multiple inputs
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Fig. 4. Flowchart of the warm-starting process through a three-variable case. Red boxes show inputs/outputs,
blue boxes denote variable assignments, and purple boxes represent key warm-starting steps.

and outputs from massive scenarios, DEA can be used for evaluation and decision-making®, in which the
specific BSs achieved by the first-stage problem are viewed as DMUs.

According to the bilateral-matching theory*®, DEA adopts four indices to evaluate the effectiveness of the
operation scheme. DI captures the discrete supply-demand deviation between BSs and PVs based on bilateral
matching, while CI complements it with a continuous measure. To assess cost-effectiveness, PR and GR are
introduced from two opposite perspectives, reflecting PV utilization and BS dependency. Due to the stochasticity
of BSs and PVs, all indices are formulated as expected values, as shown below.

S S T
=D Da=) D mal D (Pe=Pild) = > Pidia] (12
s=1 s=1 t=1 j€Gpyv 1€Gpg
S
Z ZAPB89tAPsF:tV
Es(CI) = ———2 (13)
s T 9 pyA2
Z Z (APII;SV,S,t) (Aps,t )
s=1,t=1
s T
Z Z & PBS,z,s,t
Es(PR) = —— 15008 (14)
XX 3 (P =P
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The expected values of these four indices are used as DEA outputs, while the following three cost-related terms,
ie, Cg» Cy and Gy, denoting the operation cost of BSs, electricity cost, and PV curtailment penalty, are
selected as inputs and expressed as follows.

s T
_ ,avg md md md
Cgs,i = REs, E E (CTDWTD,i,5,t + CRS WES,i,5,t + CACWAC,i,s,¢) (16)
s=1 t=1

S T
Cri=C%Y Y Pisian (17)

s=1 t=1
S T 1
__ ypenalty PV PV PV
Cev,i=0C > D s > (P = P o) = PBsis] (18)
s=1 t=1 JEGPYV

The original cost evaluation problem is divided and transformed into i optimization problems aiming at solving
the maximum cost-effectiveness ratio according to the theory of DEA™, which is expressed as follows:

XTE  —21Es(DI) 4+ 22E5(CI) + 23Es(PR) — 24Es(GR)
max —g— = (19)
Y C; y1CBs,i + y2Cr,i + y3Cpv,i

st. XTE<Y"C; (20)

Given the complexity of solving this nonlinear optimization problem directly, the Charnes-Cooper transformation
is applied to achieve linearization using the following mapping>!:

1
=——,e=Ft,c,=C;t 21
YTC, (1)
The linearized model is outlined as follows:

max x e

st. zTe <1 (22)
T
yc=1

Further analysis is based on the solution of the objective function f,. The ith BS is considered well-configured
only when f=1; otherwise, the decision-making indices in e are examined and optimized.

Results

Target description

A BS cluster consisting of eight 5G BSs is planned to upgrade the existing 4G BSs in an urban community by
MNO, in which eight distributed PVs have already been deployed. The scale of this BS-PV integrated system is
detailed in the Supplementary Information. As a comparison, the estimated construction and operation costs of
this cluster are over budget under the conventional scheme that BSs have an even distribution geographically,
and the states of inner devices are set normally without considering the coupling of the PV cluster. This
configuration results in higher costs and lower energy utilization efficiency. Therefore, the proposed two-stage
stochastic programming is implemented to optimize the conventional scheme, leveraging the existing PV layout
and candidate locations for 5G BSs. The quantum part of the computation is executed on the D-Wave Leap cloud
platform, whereas the classical part is carried out on an Intel Core i5-12400 F (2.50 GHz) computer with 16 GB
RAM.

In order to capture the inherent variability of PV output and telecom demand, their stochastic characteristics
are simulated using representative scenarios. Specifically, historical data on PV power, wireless telecom demand,
and meteorological information such as weather and temperature conditions are input together to generate the
curves of BS loads and PV outputs across massive sequential scenarios. These scenario-based curves are further
clustered and simplified after comparing their probability distribution with the threshold, resulting in 63 typical
scenarios after simplification, as shown in Fig. 5. The threshold of 10~ is empirically set to reduce computational
burden by excluding scenarios with negligible impact. It is not fixed and can be flexibly adjusted based on the
characteristics of different cases.
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Fig. 5. Probability distribution of typical scenarios. Scenarios with probabilities below 107> (red dots) are
excluded to reduce computational burden. The final model retains 63 typical scenarios (blue dots).
Solution
Method Location (x,y) TD Specification | ES Capacity AC Mode Cost (p.u.) | Time Consumption (s)
Experience-Oriented | (1,4), (2.2), (4.2), (4.4), (5.6), (6.4), (7,2), (8,6) |2,2,1,2,3,1,3,2 |2,2,1,2,3,1,3,2 [ 2,2,1,2,3,1,3,2 | 2.963 -
Gurobi (L,6), (2.2), (2.4), (4,1), (4.5), (6.2), (6,5, (84) | 2,2,1,2,3,1,3,2 | 3,2,1,3,2,1,2,1 | 2,3,1,3,3,2,2,1 | 1.000 1.649
Simulated Annealing | (1,4), (2.2), (2.4), (4,1), (4,5), (6.2), (6,5), (8:4) |2,2,1,2,3,1,3,2 |3,1,1,3,2,1,1,2 [ 2,3,1,3,3,2,2,2 | 1.126 4.193
QA (1,6), (2,2), (2,4), (4,1), (4,5), (6.2), (6,5, (8.4) | 2,2,1,2,3,1,3,2 | 3,2,1,3,2,1,2,1 | 2,3,1,3,3,2,2,1 | 1.000 0477
WSQA (1,6), (2,2), (2,4), (4,1), (4,5), (6.2), (6,5, (8.4) | 2,2,1,2,3,1,3,2 | 3,2,1,3,2,1,2,1 | 2,3,1,3,3,2,2,1 | 1.000 0.256

Table 3. Comparison of WSQA and benchmark methods in the first-stage deployment

Deployment scheme generated by WSQA

A WSQA is employed to solve the first-stage problem. Its function is evaluated by comparing it with other typical
methods. The benchmark methods are selected based on the following four characteristics. Each method is
limited to a maximum of 100 iterations, with convergence defined as a relative error of less than 0.5% between
consecutive iterations.

(1) Experience-Oriented Planning: The 5G BS cluster is deployed uniformly, with equal distances between all
BSs, and the inner device configurations are determined based on experience.

(2) Commercial Solver: The first-stage problem is solved directly using Gurobi.

(3) Heuristic Algorithm: The first-stage problem is solved using Simulated Annealing (SA).

(4) Quantum Algorithm without Warm-Starting: The first-stage problem is solved using QA without consider-
ing the warm-starting process.

The comparison of results between WSQA and the above benchmark methods is presented in Table 3. The results
show that the deployment scheme obtained by optimization methods presents an obvious reduction of cost, yet
Gurobi and Simulated Annealing have their inferiorities in time consumption and solution accuracy. Due to the
tunneling effect in the annealing process, quantum-related methods, i.e., QA and WSQA, not only outperform
the traditional Gurobi solver in terms of computational efficiency but also achieve a more accurate solution
with the lowest cost compared to Simulated Annealing. Furthermore, WSQA further enhances the efficiency of
QA with the assistance of warm-starting technology, nearly doubling the performance and achieving a 5.4-fold
efficiency improvement compared to the Gurobi solver. As such, WSQA is identified as the method with the best
computational performance among those considered. The optimal deployment of the BS cluster is exhibited in
Fig. 6.
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Fig. 6. Workflow for optimal BS cluster deployment. (a) Topology of the power grid (solid lines), distribution
of PVs (blue squares), and candidate locations for 5G BSs (green squares). (b) Feasible solution generated by
a classical computer (red squares). (c) Variables pre-fixed based on the distribution of the feasible solution
(purple squares). (d) Remaining variables optimized on the D-Wave quantum annealer. (e) Final deployment
scheme (yellow squares), each (a,b,c) tuple denotes the TD, ES, and AC configurations.

Furthermore, the convergence speeds of the iterative algorithms (WSQA and Algorithms 2, 3, and 4) are
compared to evaluate their performance, as shown in Fig. 7. The results indicate that the annealing-based
algorithms (WSQA and Algorithm 4) achieve convergence with fewer iterations and at a faster rate than their
counterparts. While Algorithms 2 and 3 generally exhibit a converging trend, their performance fluctuates, with
some iterations yielding inferior results to the previous ones, particularly when approaching local optima, where
convergence slows significantly. In contrast, annealing-based algorithms demonstrate a consistent improvement
in each iteration. Even in the vicinity of local optima, it maintains strong convergence efficiency, owing to its
inherent tunneling effect that enables more effective escape from local minima.

Due to the inherent variability in the results of WSQA and Algorithms 3 and 4, a multiple-run strategy is
commonly adopted in practice to increase the probability of obtaining the global optimum. Figure 7b compares
the best solutions found by the three algorithms across varying numbers of repeated runs. The results clearly
show that WSQA can achieve a solution with the required accuracy (or even reach the global optimum) with
significantly fewer repetitions. In contrast, SA requires substantially more runs to reach comparable performance,
resulting in longer overall computation times in practical applications.

Operation scheme assisted by DEA

Based on the deployment scheme outlined above, DEA is conducted with eight BSs as decision-making units
(DMUs). Deviation Index (DI), Consistency Index (CI), Power Supply Ratios of PVs and the power grid (PR and
GR) are selected as four decision-making indices. Assuming that the 5G BS cluster initially operates under the
previous scheme designed for the 4G BS cluster, its operation performance, represented by the cost-effectiveness
ratio, is presented in the “Initial State” column of Table 3. Specifically, six of the BSs have objective function
values lower than 1, indicating that their respective decision-making indices in the BS-PV integrated urban
communities have the following optimization potential:

1) The excessively high values for DI,, DI,, DI,, DI, and DI, suggest significant deviations between the load
curves of the corresponding BS loads and the PV outputs, which is primarily due to the mismatch between PV
outputs and ES capacities. Further analysis of the deviation sequence reveals that 68% of the values are negative,
even after excluding reasonable deviations caused by the absence of PV outputs at night. Therefore, it is necessary
to increase the capacity of the ES units in BS1, BS2, BS3, BS5, and BS6 despite the added maintenance costs.

2) The CI,, Cl,, CI, CI,, CI, and CI, are relatively low, indicating poor correlation between the corresponding
BSs and the PVs. This suggests frequent instances where BS loads contradict the PV outputs. To address this
issue, the switching thresholds for different operating states in the telecom device (TD) and AC units should be
lowered, making them more sensitive to variations in predicted PV outputs and telecom demands.
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Fig. 7. Performance comparison between WSQA and benchmark methods. Red, purple, green, and blue lines
represent Algorithms 2, 3, 4, and WSQA. (a) Objective value over iterations. (b) Objective value trend across
repeated runs.

Initial state Optimal solution

DMUi |foi |[DI,CL,PR,GR] |fi |[DI,CI,PR,GR]
BS1 0.86 | [55.23,0.59, 0.64, 0.51] | 0.98 | [51.83,0.79, 0.84, 0.25]
BS2 0.79 | [62.46, 0.46, 0.81, 0.33] | 1.00 | [49.58, 0.86, 0.81, 0.30]
BS3 0.65 | [75.76,0.47, 0.45, 0.68] | 0.97 | [52.83, 0.66, 0.76, 0.32]
BS4 1.00 | [47.01, 0.85,0.84,0.29] | 1.00 | [47.01, 0.85, 0.84, 0.28]
BS5 0.70 | [70.22,0.61,0.39,0.78] | 0.99 | [51.34,0.81,0.83, 0.31]
BS6 0.73 | [65.90, 0.42, 0.57, 0.55] | 0.98 | [50.93,0.79, 0.78, 0.27]
BS7 1.00 | [48.55,0.82,0.89,0.21] | 1.00 | [48.55,0.82, 0.89, 0.22]
BS8 0.91 | [52.34,0.66, 0.68, 0.37] | 1.00 | [52.34, 0.84, 0.86, 0.28]

Table 4. Variation of objective functions and decision-making indices.

3) While PR,, PR, and PR, are acceptable, the remaining PR values are extremely low, indicating that the PV
utilization in parts of the areas is below the requirements. Therefore, the power supply from the PV cluster to
BS1, BS3, BS5, BS6, and BS8 should be adjusted to higher values.

4) The GR values for BS1, BS3, BS5, BS6, and BS8 exceed the threshold, indicating excessive reliance on the
power grid. The high GR values align with the low PR values to some extent. In addition to the PR adjustment,
the GR can be controlled by increasing ES capacity and optimizing the state-switching thresholds of the AC unit.

The dispatching scheme is iteratively updated to achieve the optimal solutions f* jand the respective decision-
making indices, as shown in the “Optimal Solution” column of Table 4. Evidently, the objective function of
each DMU approaches 1, indicating that the DMU’s cost is optimized and the optimal operation performance

Scientific Reports |

(2025) 15:42642 | https://doi.org/10.1038/s41598-025-26699-2 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

Power Consumption of BSs (p.u.)

a Power Consumption Distribution Across All Scenarios

Number of BSs

has been achieved. Figure 8a shows the power output across all 63 scenarios. Furthermore, four representative
scenarios are selected to illustrate the optimal scheduling scheme of BS loads to match PV outputs, as shown in
Fig. 8b and e. It is concluded that the scheme of eight BSs varies with both PV outputs and telecom demands.
Specifically, the power consumption of TD, ES, and AC remains high to maximize the utilization of PV power in
Scenario 5. When the telecom demand reduces but PV outputs are maintained at a high level, such as in Scenario
14, only the TD power consumption decreases significantly, while ES and AC continue to convert PV power into
electricity and cooling as a precaution. Scenarios 36 and 52 represent conditions with low PV outputs, where
both ES and AC are switched to energy-saving modes to reduce the power demand for thermal units. The power
consumption of TD is adjusted based on telecom demand, which takes priority over cost-saving considerations
in operation.

Furthermore, Fig. 9 compares PV utilization and BS operation costs across 63 scenarios before and after
applying the proposed method. The proposed deployment and operation scheme improves PV utilization
by 12.53% over the experience-oriented approach, effectively reducing curtailment and associated carbon
emissions from conventional energy sources. Moreover, by optimizing energy consumption across TD, ES, and
AC components, this case achieves a 51.04% reduction in electricity costs for MNOs.

Discussion

Scalability and broader applicability

Although current quantum computers remain in the NISQ era, and even with the assistance of warm-start
techniques, they can only support planning tasks for medium-scale communities. For large-scale urban areas
or coupled multi-community scenarios, the original problem must be decomposed into smaller subproblems
and solved iteratively, which may lead to a loss in solution accuracy. Nonetheless, the proposed method holds
significant promise. As quantum hardware continues to evolve, the WSQA algorithm is expected to exhibit
stronger performance due to its integration of variable pre-fixing and warm-starting initialization, as evidenced
by the analysis of computational effort. Theoretical analysis of computational time complexity shows that the
effort required by the conventional method using Gurobi increases exponentially with the size of the MIP
problem, denoted as O(exp(NN)), while the complexity of annealing-based quantum algorithms is generally no
greater than O(exp(sqrt(N))), indicating significantly better scalability. As shown in Fig. 10, quantum algorithms
impose a lower computational burden than Gurobi in smaller-scale cases, with this advantage expected to grow
even further as quantum annealers evolve and their qubit capacity increases.

Benefits and impacts

Beyond the evident efficiency superiority and methodological feasibility demonstrated in the case study, the
proposed method offers several practical and broader implications for stakeholders such as MNO, DNO, and
policymakers. By improving photovoltaic resource utilization, the proposed approach aligns with carbon
reduction policies and advances the integration of renewable energy into urban energy infrastructures for
stakeholders. Meanwhile, the enhanced operational efficiency and significantly reduced planning and operation
costs create substantial economic value and improve infrastructure sustainability for operators. These findings
closely reflect the original motivation of this study: enabling a mutually beneficial solution for MNOs and DNOs
through the coordinated, cost-efficient, and sustainable planning of 5G and PV infrastructures. Moreover,
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Fig. 8. Optimal operation scheme of the BS-PV integrated urban community. The red and purple curves
denote PV output and telecommunication demand; the blue, green, and red bars represent power consumption
of TD, ES, and AC, respectively. (a) Power Consumption of eight urban BSs under 63 typical scenarios assisted
by DEA. (b) Scenario 5: High PV output with high telecom demand. (¢) Scenario 14: High PV output with low
telecom demand; (d) Scenario 36: Low PV output with high telecom demand. (e) Scenario 52: Low PV output
with low telecom demand.
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the modular structure and data-driven nature of our model allow it to be adapted to diverse urban contexts,
regulatory environments, and energy mixes, making it applicable across different regions with varying levels
of grid maturity and renewable penetration. These broader insights not only validate the robustness of the
method but also provide a reference for future interdisciplinary planning frameworks that aim to align digital
infrastructure expansion with clean energy goals.

Conclusion

This study proposes a two-stage stochastic programming approach to optimize the co-planning of BS-PV
integrated urban communities. The hybrid quantum-classical method performs preliminary deployment of
the BS cluster by solving the first-stage problem using WSQA, followed by optimizing the operation scheme
according to the operation performance evaluation using DEA. The optimal operation scheme of BS-PV
integrated urban communities is generated from maximizing the cost-effectiveness ratio based on DEA, thereby
avoiding the optimization of complex nonlinear and spatiotemporal coupled models. The results indicate that
the proposed method yields effective deployment and operation schemes, achieving lower costs and higher PV
utilization for operators. The contributions are summarized as follows:

1) A hybrid quantum-classical two-stage stochastic programming framework is proposed for co-planning BS-
PV integrated urban communities, combining warm-start quantum annealing and DEA to efficiently solve
nonlinear, uncertain, and spatiotemporally coupled problems.

2) Inamedium-scale urban community case, the method achieves a 5.4x computational speedup and reduces
total planning costs to one-third of experience-based strategies.

3) Beyond technical gains, the method promotes renewable energy integration and energy-efficient telecom
infrastructure, increasing PV utilization by 12.53%, reducing electricity costs by 51.04%, and contributing to
carbon reduction and economic value to operators.

Further research should also consider several hardware- and modeling-related extensions. Firstly, although
current quantum annealing platforms address noise and decoherence through repeated sampling strategies,
the study does not delve into hardware-level issues, as it primarily targets algorithm-level design. In the near
term, before significant hardware advancements, future work could explore algorithmic strategies to mitigate
the impact of quantum noise and computational errors. Secondly, the present model assumes fixed PV locations
and perfect telecom demand forecasts as reasonable simplifications based on current operational conditions.
Relaxing these assumptions and introducing uncertainty in both spatial and temporal variables will enable the
model to better capture real-world complexities and enhance its applicability in dynamic urban environments.
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