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HIGHLIGHTS

e Energy management method based on variational quantum algorithm for PV greenhouses is proposed.

e A DAM-QLSTM model improves forecasting accuracy for energy supply and demand in complex greenhouse environments.

e A VQC-based optimization model is developed to address the non-convex optimization problem with multi-physics constraints.
o Beijing PV greenhouse tests confirm the practical effectiveness of quantum algorithms.

ARTICLE INFO ABSTRACT
Keywords: Photovoltaic (PV) greenhouses represent a promising pathway toward sustainable agriculture by enabling clean
Energy management energy utilization and improving crop productivity. However, their energy management is constrained by two

Quantum computing
Photovoltaic greenhouses
Energy forecasting
Optimal scheduling

critical challenges: the uncertainty in energy supply and demand, and the complexity of non-convex optimiza-
tion. This paper proposes a novel energy management method based on variational quantum algorithms. Firstly,
a quantum machine learning forecasting model, namely a dual attention mechanism-based quantum long short-
term memory (DAM-QLSTM), is developed to improve the prediction accuracy by exploiting its expressive ca-
pacity for modeling nonlinear dependencies. Secondly, based on the prediction results, a variational quantum
circuit (VQC)-based rolling optimization model is formulated to address the non-convex optimization problem
with multi-physics constraints, leveraging quantum interference to improve exploration of the solution space.
Finally, the proposed DAM-QLSTM-VQC method is validated using practical data from a PV greenhouse in
Beijing, demonstrating a 9.6% improvement in renewable energy utilization compared with particle swarm
optimization, along with reductions in total operating cost, carbon and pollutant emissions. Compared with
model predictive control, the proposed method reduces cost by 1.5% and emissions by 4.7%. These findings
highlight the potential of quantum computing to enhance the energy management efficiency in complex agri-
cultural energy systems.

severe challenges to agricultural systems worldwide [1]. Meanwhile, as
public awareness and demand for renewable energy continue to rise,
photovoltaic (PV) power generation has experienced rapid develop-
ment. Because of its inherent intermittency and variability, the utiliza-
tion efficiency of PV power remains relatively low [2]. PV greenhouses,
which integrate PV generation with traditional greenhouse agriculture,

1. Introduction

The global population had reached approximately 8.2 billion and is
projected to surpass 10 billion by the middle of this century. The con-
strained nonlinear growth of the global population poses increasingly
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Nomenclature

Abbreviations

DAM Dual attention mechanism

ESS Energy storage system

FAM feature attention mechanism
LSTM long short-term memory network
MAE Mean Absolute Error

MSE Mean Squared Error

MTAM  Multi-head temporal attention mechanism
PSO Particle swarm optimization

PV Photovoltaic

QA Quantum annealing

QAOA  Quantum approximate optimization
QLSTM Quantum long short-term memory network
QUBO  Quadratic unconstrained binary optimization
RMSE  Root Mean Squared Error

RNN Recurrent Neural Network

SA Simulated annealing

VQAs Variational quantum algorithms
VQC Variational quantum circuit
Parameters

Agy Greenhouse area

Apy Surface area of PV modules

Cc Available battery capacity

AC Degraded battery capacity

Chattery Battery capacity

Chuy Electricity purchasing cost

Cq Resistance coefficient

CNOT  Controlled-NOT gate

Cks Battery degradation cost

Ceell Electricity selling income

Crotal Total operational cost

Co Nominal capacity of battery

Epotut Pollutant emission

f Total objective function

fov Fill factor

% Quantum gradient

Sweather Influence of weather conditions

G Solar irradiance

e Expectation vector

Hj, Internal humidity

Hou External humidity

keen Temperature coefficient

k¢ Heat transfer coefficient

Lam Required light intensity for crop
Mair Air quality flow

Neye Number of battery cycles

Ppyioaa Power from PV to greenhouse

Ppy_gs Power from PV to ESS

Ppy_.gia  Power from PV to power grid

Pgs_ioag  Power from ESS to greenhouse

Pgs_.gia  Power from ESS to power grid

Pgig_10ea Power from power grid to greenhouse
Pgig.gs  Power from power grid to ESS

P;j:,Qj; Active and reactive power of line ij at time t
Djt.qj:  Net injected active and reactive power at bus j and time t
P, Load of the cooling system

Pioad Total load of the PV greenhouses

Pg; Grid output power

Py, Load of the heating system

Pty Actual supplied power

P8 /pdisch - Charging and discharging power of battery
Py Load of the lighting system

P, Load of agricultural machinery

Py Output power of PV system

Prgg Energy storage system output power

P, Load of the ventilation system

Ry«,Ry,R, Rotation-X/Y/Z gate

S(t) Solar light intensity at time t

SoC State of charge

T Total time horizon

Tem Optimal temperature for plant growth
Teent PV cell temperature

T; Internal temperature of the greenhouse
Tout External temperature

Tres Standard temperature

AT Time interval

ub, b Upper/lower bound of unknown variable
v Ventilation speed

x(6) Decision variable vector

Zn Pauli-Z operator

[ Quantum circuit parameters

¢ Charging/discharging efficiency of battery
Dgrow Plant growth loss

[po) Initial quantum state

Aselt/0uy  Daily electricity selling/purchasing price
y Natural light utilization coefficient

Mpar Capacity loss coefficient

e Cooling efficiency

Nde Battery degradation efficiency

N Heating efficiency

Moy Photoelectric conversion efficiency

Nre Utilization rate of renewable energy

1y Fan efficiency

Scony Efficiency of battery power converter

offers the dual benefits of enhancing crop yields and promoting local
consumption of renewable energy, making it a promising solution for
sustainable agriculture [3]. With the expansion of the scale of PV
greenhouses and the increasing complexity of their integrated energy
demands, the development of efficient energy management methods has
become more important than ever.

The energy management in PV greenhouses is a typical non-convex
optimization problem with uncertainty [4]. In this system, PV genera-
tion, energy storage, and interactions with the power grid constitute a
complex multi-energy flow process. These processes are simultaneously
constrained by multiple factors, including dynamic energy balance,

mutual exclusivity of charging and discharging, and battery capacity
limits. Meanwhile, both PV generation and greenhouse energy demand
exhibit significant uncertainty and volatility, further increasing the
complexity of system optimization [5]. Moreover, Classical approaches
typically employ linear programming to address single linear objectives,
such as total operating cost. However, with growing emphasis on envi-
ronmental and ecological considerations, the objective functions in PV
greenhouses energy management have become more complex,
frequently non-linear and even non-convex [6]. When solving this
problem, classical algorithms project the solution space into lower-
dimensional and discontinuous regions, which easily trap algorithms
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in local optima [7].

Quantum computing offers a novel solution to the non-convex opti-
mization problem [8]. As a computational paradigm based on the
principles of quantum mechanics, quantum computing leverages prop-
erties such as superposition and entanglement to significantly enhance
computational capabilities when addressing complex tasks. Currently,
variational quantum algorithms (VQAs) which combine parameterized
quantum circuits with classical optimizer, have emerged as a promising
hybrid framework [9]. Represented by the quantum annealing (QA)
[10] and quantum approximate optimization algorithm (QAOA) [11],
VQAs address combinatorial optimization problem by formulating them
as Quadratic Unconstrained Binary Optimization (QUBO) model and
solving them using quantum computers [12-13]. Existing study shows
that this method can improve the efficiency and performance in building
demand response challenge [14]. However, in practice, energy man-
agement is not a simple combinatorial optimization problem and
therefore cannot be formulated as a QUBO model and solved directly
using QA or QAOA [15]. The application of VQAs to address non-convex
optimization problem under multiple uncertainties remains an open and
underexplored research gap in PV greenhouses energy management.

To address the aforementioned research gaps, we propose a
quantum-enhanced energy management method for PV greenhouses in
this study, named DAM-QLSTM-VQC.

First, facing the dual uncertainties of PV generation and greenhouse
load, we propose a dual attention mechanism-based quantum long short-
term memory (DAM-QLSTM) forecasting model integrates quantum and
machine-learning frameworks. The model leverages quantum structure
to capture the nonlinear and dynamic coupling within the input dataset,
thereby providing more accurate power forecasts for operational opti-
mization. Second, we introduce a novel variational quantum circuit
(VQC)-based rolling optimization model. By mapping the expectation
values of Pauli-Z operators to physical variables, the original complex
non-convex optimization problem is reformulated into a differentiable
parameterized form, enabling quantum gradient-based optimization by
quantum circuit. Leveraging this optimization foundation, the rolling
model dynamically formulates scheduling decisions by integrating PV
generation and load forecasts. The main contributions are summarized
as follows:

o A dual attention mechanism-based quantum long short-term mem-
ory (DAM-QLSTM) forecasting model seamlessly integrates quantum
and machine-learning frameworks to deliver more accurate power
forecasts for operational optimization.

e An original variational quantum circuit (VQC)-based rolling opti-
mization model, based on prediction result, is developed to address
the complex non-convex optimization problem under multiple ob-
jectives and constraints, significantly improving the efficiency of PV
greenhouses.

e The proposed DAM-QLSTM-VQC method is validated with actual
data from a typical PV greenhouse in Beijing, showing significant
improvements in energy efficiency. Comparative analyses with
conventional methods further highlight the advantages of quantum
computing in managing complex energy systems.

The rest of this paper is organized as follows: Section 2 reviews the
related literature of energy management in PV greenhouses and the
quantum computing. Section 3 presents the modeling of PV green-
houses, including the system architecture, energy management frame-
work, and associated constraints. Section 4 introduces the detailed
design and implementation of the proposed strategy, DAM-QLSTM-VQC.
In Section 5, a case study based on a PV greenhouse in Beijing is con-
ducted. Finally, Section 6 concludes the paper with a summary of the
main findings.
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2. Literature review

As an introduction to our study, we review the related literature in
two areas: energy management in PV greenhouses and the quantum
computing.

2.1. Energy management in PV greenhouses

With the widespread adoption of PV greenhouses, research on energy
management has increased significantly. Various mathematical pro-
gramming and heuristic algorithms have been employed to address the
energy management problem in PV greenhouses, including Linear Pro-
gramming methods, particle swarm optimization (PSO), genetic algo-
rithm (GA), and simulated annealing (SA) [16]. For example, Ref. [17]
employed particle swarm optimization as a demand-side management
method in PV greenhouses, enabling time-shifted power scheduling that
improved energy utilization and boosted the economic performance of
greenhouse operations. Ref. [4] proposed a Hierarchical optimization
framework for PV greenhouses based on the sequential quadratic pro-
gramming algorithm, which effectively reduced overall operational
costs.

Moreover, with the rapid development of artificial intelligence
technologies in recent years, machine learning methods have played an
increasingly important role in the energy management of PV green-
houses [18-19]. In the forecasting field, many researches exploit ma-
chine learning to improve prediction accuracy, such as long short-term
memory (LSTM) network and attention mechanism. Ref. [20] developed
a Transformer-based model for solar irradiance prediction in PV
greenhouses, which achieved high accuracy and strong generalization
across varying time steps, seasons, and weather conditions. Ref. [21]
proposed a robust model predictive control (MPC) framework for PV
greenhouses, incorporating machine learning-based uncertainty sets,
which improved renewable energy usage efficiency to 127.5% and
increased crop yield to 16.1 wt%. In the optimization field, reinforce-
ment learning becomes essential. Ref. [22] introduced a multi-agent
deep reinforcement learning control framework for demand-side en-
ergy management in a network of renewable energy integrated green-
houses, which can ensure a 28% reduction in net load demand as
compared to well-known algorithms.

Existing machine learning and heuristic optimization technologies
have contributed to improvements in PV greenhouses energy manage-
ment. Nevertheless, they still encounter difficulties in addressing large-
scale, time-critical, and strongly coupled decision problems, particularly
in terms of generalization, dynamic constraint modeling, and conver-
gence reliability [23].

2.2. The quantum computing

The emergence of quantum computing technology has provided a
new perspective for solving constrained nonlinear optimization prob-
lems. Quantum computing demonstrates inherent advantages in opti-
mization, particularly through its ability to perform parallel searches in
exponential solution spaces [24]. In recent years, researchers have
begun exploring various applications of quantum computing in energy
systems, including power flow analysis [25], capacity optimization [26],
load forecasting [27], and fault diagnosis and recovery in complex
power grids [28], achieving some promising initial results. For example,
in power flow analysis, quantum computing can leverage its strong
parallel processing capabilities to efficiently solve large-scale linear
equations, thereby improving the real time performance and stability of
power system operations [29]. In capacity planning and optimization,
quantum algorithms can rapidly identify near-optimal solutions within
high-dimensional search spaces, enhancing energy allocation and grid
capacity configuration, and ultimately improving system efficiency and
reliability [30].

By integrating VQAs with machine learning, researchers have further
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extended the application scope [31,32]. In power forecasting, the
quantum long short-term memory (QLSTM) model incorporates quan-
tum computing into the LSTM model, enabling the optimization of gate
parameters and significantly improving prediction accuracy over tradi-
tional methods [33]. Moreover, VQAs exhibits strong adaptability in
handling nonlinear constraints and complex objective functions [12],
making them particularly suitable for optimization tasks in energy
management. Gradient-based optimization, where gradients are esti-
mated through quantum measurements, has been recognized as a
promising parameter training method for quantum neural networks
[34]. Despite rapid progress in applying quantum computing to the
energy sector, further research is still needed to identify feasible and
effective approaches for improving energy management efficiency.

In summary, most existing research on PV greenhouses energy
management still relies on traditional optimization methods, with
limited exploration of quantum computing approaches. Table 1 sum-
marizes representative recent research on energy management methods
applied in PV greenhouses. Meanwhile, current studies applying quan-
tum algorithms are predominantly published in the fields of physics or
quantum information science, rarely addressing practical engineering
problems such as energy management in practical energy systems. Only
a few recent works in energy economics or power system optimization
have touched upon quantum heuristic methods, but they typically do
not consider the complex and uncertain environment of PV greenhouses.

The main contribution of this paper is to propose a novel energy
management method based on VQAs. By leveraging the hybrid
quantum-classical architecture, the proposed method enables efficient
handling of complex non-convex optimization problem. Unlike con-
ventional energy management methods, the proposed method leverages
the entanglement and parallelism capabilities of quantum computing to
capture complex correlations and explore high-dimensional solution
spaces efficiently, thereby improving the energy management efficiency
of PV greenhouses.

3. PV greenhouses system framework
3.1. System composition

The structure of the PV greenhouses system is illustrated in Fig. 1. It
consists of four core components: the PV system, energy storage system,
distribution grid, and greenhouse loads. The PV modules are typically
installed in a distributed layout on the greenhouses' rooftop glazing
surfaces. They convert solar radiation into electrical energy through the
PV effect, thereby meeting the daily energy demands of the greenhouses
[35]. When excess electricity is generated during peak PV output pe-
riods, it can be stored in the energy storage system for future use or sold
to the grid to enhance economic efficiency. When PV generation is

Table 1
Comparative analysis of typical methods.
Ref. Cost  Efficiency  Supply- Pollution ~ Method
demand emission
uncertainty
Zhang et al. .
[13] x x x heuristic
Lin et al. v . y Y nonlinear .
[4] programming
Zhu et al. machine
x x v x .
[16] learning
Hu et al. machine
[17] v v * * learning
Ajagekar .
et al. v x v x E:ili:e
18] &
DAM- uantum
QISTM- v v v v e
vQC p g
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insufficient, the stored energy is discharged to bridge the gap between
energy supply and demand. If both PV output and storage capacity fall
short of meeting the load requirements, additional electricity is pur-
chased from the distribution grid to maintain optimal growing condi-
tions for the plants inside the greenhouses.

3.1.1. Energy consumption

The greenhouse energy model captures the dynamic variations in
energy consumption, which primarily arise from the operation of envi-
ronmental control systems, such as heating, cooling, lighting, ventila-
tion, and auxiliary agricultural machinery. These energy demands
exhibit pronounced temporal and seasonal fluctuations [36]. Under cold
conditions, the heating system maintains optimal internal temperatures,
with electricity demand increasing as ambient temperature decreases, as
shown in Eq. (1). During high-temperature periods, the cooling system
operates to regulate thermal conditions, and its power consumption is
closely related to air temperature and humidity, as described in Eq. (2).
When natural light is insufficient to support photosynthesis, the lighting
system provides supplemental illumination. Its power demand varies
with solar radiation intensity and plant growth stages, as modeled in Eq.
(3). The ventilation system regulates humidity and CO: concentration,
and its energy consumption depends on ventilation speed and fan effi-
ciency, as indicated in Eq. (4). In addition, energy consumption by
agricultural machinery depends on production requirements and the
degree of automation, accounting for a substantial portion of the total
energy use. These diverse energy demands are dynamically balanced in
the overall energy consumption model to ensure optimal energy allo-
cation throughout various seasons and growth stages. The total energy
demand is represented by Eq. (5).

_ k.o Ag, o (Tin — Tam)

p 1
n(t) '7h (€]

Pc(t) _ kt ® Agh @ (Tam - Tin) (2)

e
Pl(t) = Agh o [Lam —ve S(t) ] (3)
Pv(t):mair.v.Cd )
1y
Pioad(t) = Pp(t) + Pc(t) + Py(£) + Py (t) + P (t) )

3.1.2. PV power generation

By converting solar energy into electricity, the PV system powers
environmental control devices and agricultural machinery in the
greenhouses or charges the energy storage system. The amount of
electricity generated by the PV system is influenced by several factors,
including solar irradiance, the conversion efficiency of the PV modules,
and the surface area of the installed panels. The output power of the PV
system is determined by the module surface area, conversion efficiency,
and fill factor, where the fill factor reflects the density of PV module
arrangement within the system. Given the solar irradiance, the PV sys-
tem output power is calculated according to Egs. (6)—(8) [37].

PPV(t) = Npy ® Apy ._ﬂav 'fwearher(t) 6)
fwea[her(t) = G(t) L4 (1 + kcell L4 (Tcell(t) - Tref(t) ) ) (7)
Tean(t) = Tou(t) +0.0256 x G(t) ®)

3.1.3. Energy storage

The energy storage system serves as a core regulatory component
within the PV greenhouses, primarily functioning to mitigate the
intermittent fluctuations of PV generation. Specifically, by Leveraging
the battery's rapid response characteristics, the system compensates in
real time for the power load variations within the greenhouses. During
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Fig. 1. Structural schematic diagram of the PV greenhouses.

periods of low demand, excess electricity is stored, and during peak
demand periods, stored energy is discharged to maintain a dynamic Epottr =
balance between power supply and consumption. The characteristics of

the storage battery can be described by its nominal capacity, real-time where the heating value of standard coal is heoq = 2.93 x 107 J/Kg. Hpoltut
capacity, and charge/discharge efficiency [38]. The nominal capacity is the pollutant emission per unit energy. The oxidization rate of coal is

refers to the battery's rated capacity under initial conditions. The ca- set as Ocoq = 99%. The power generation per ton of coal is E,e. = 2475
pacity loss coefficient measures the extent of degradation in each work KkWh [40].

cycle. The change in the battery's state of charge (SOC) can be described
by Eq. (9), while the battery power is expressed in Eq. (10). Due to 3.2. Optimization objective
degradation, the battery capacity decreases over time. The degradation
value is determined by the capacity loss coefficient and the number of

Ocoal X hcoal X Mpuuu[

Eelec (1 3)

) There are three primary objectives: minimizing operational costs,
cycles, as shown in Eq. (11). maximizing the utilization of renewable energy and minimizing plant
AT x Psh(r) x PN AT X S0 X Pgl;arg x pehars growth loss [4]. Specifically, the cost minimization objective seeks to

SOC(t+1) = SOC(t) reduce the operational expenses, as formulated in Eq. (14). These ex-

Beomy X C(0) ¢® penses include the electricity purchase cost, the electricity selling rev-
©) enue, and the battery degradation cost in Egs. (15)-(17). For short-term
Py, — plisch _ pehare a10) management, we simplified the cost function by omitting investment
ES Es and maintenance costs, as these costs remain constant across different
scheduling strategies. Secondly, the renewable energy utilization

Clt4+1) = C() ~ AC(D) = (1~ g X Noye(8) ) x C(0) an

objective, represented by Eq. (18), aims to optimize the use of PV gen-
eration in order to mitigate the curtailment of solar energy. In fact,
strictly pushing for absolute zero curtailment can sometimes be uneco-
nomical. Lastly, the plant growth loss transforms the uncertainty in
energy supply into uncertainty in the plant's growth environment in Eq.
(19). These environmental fluctuations are then quantified as growth
loss indices that reflect the deviation of actual growth conditions from
the optimal range. The overall objective function f, which integrates
these two aspects, is presented in Eq. (20).

3.1.4. Power grid

In the energy management system of the PV greenhouses, the power
grid serves as a backup energy source to ensure stable operation when
PV generation and the energy storage system are insufficient to meet the
demand. Based on the current state of charge, when both PV generation
and battery output fail to satisfy the greenhouse demand, the system
compensates for the deficit by purchasing electricity from the grid,
thereby maintaining continuous operation and a stable growing envi-
ronment. The electrical power supplied by the grid is calculated by Eq. Ciotat = Chuy + Cset + Cks as
(12). In addition to electricity costs, the environmental impact associ-

ated with grid electricity consumption is taken into account. For each / ’ Do (£) X Poor(£) Vdt. Povs (£

mn i s i > O,ﬂ uy (£) > 0
kWh of electricity consumption from the grid, an estimated emission of Chuy = { 0 (R (6) x Pera(t) ), Pra () by (£ 15)
1.13 kg of COy, 9.61 x 107> kg of SO, and 2.83 x 107> kg of NOj is

produced in Eq. (13) [39].

Py (t) :Pload(t) *PPV(t)*PES(t) 12)

0, Pyia(t) < 0



Z. Weng et al.

O,Pgﬂd(t) >0
Csell = T (16)
(/lsell(t) X Pgrid(t) )dt, Pgn'd(t) < 07/15ell(t) >0
0
Crs = 1ge X Ncyc(t) X Cbattery a7
T
— -[0 (PPV(t) — PPVﬁES(t) X (1 — ¢2 X (fonv) )dt 18
r’re - T ( )
Jo Pov(t)dt
2 2
(ngw _ / T WL P supply — P load + Wh P. supply — P, load
0 % X Lagm :))T% X Tam
) 19)
+ Wc Psupply - Pload dt
7| % Tam
lTllI'lf = Wl Cmml - WZ”,—e + W3q>gmw (20)

where Wi, W and W3 represent the weights of Cyat, 7re» Pgrow- Wi, Wh
and W, denote the weights associated with the environmental deviation.
When Pg;4(t) > 0, system purchases electricity from the power grid.
When Pg4(t) < 0 indicates that power is being sold to the grid.

3.3. Constraint conditions

In the energy management of PV greenhouses, a set of constraints
must be introduced to guarantee system reliability and operational
stability. These constraints encompass energy balance, equipment
hardware, and environmental conditions.

3.3.1. Energy balance
The energy balance constraints are formulated in Egs. (21)-(22).

va—>laad +PES—>loud +Pgrid—>load = Pload (21)
vaaload “I’vaaES + vaagn'd = va (22)

3.3.2. Battery constraints

To ensure the safe operation of the battery system, the SOC and the
battery power must be constrained within their upper and lower bounds,
as formulated in Egs. (23)-(24). The battery is constrained to prevent
simultaneous charging and discharging, and discharging to power grid is
prohibited when the PV power output is greater than zero in Eq. (25).

SOCmin < SOC(t) < SOCax (23)
P < Pgg < PR~ @4
P x P = 0, Py, x PR = 0 (25)

where SOC,in, and SOChyy is the lower and upper bounds of the SOC. Pg";"
and PE* denote the lower and upper bounds of the battery power.

3.3.3. Power grid constraints

To ensure the feasibility and safety of power grid, the model con-
siders active-reactive power balance, limits the exchanged power within
the maximum interconnection capacity in Egs. (26)-(28) [41]. To
penalize unexpected power caused by forecasting errors, the real-time
electricity price is set higher than the daily price in Eq. (29).
Pie— Y Pie— Y Piu=0YjeN (26)

ijieE iTjeE
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Qi — ZjS,t - ZjS~t =0, Vj €N 27)
ik ek

Pyia < Pyia < Py (28)

lguy(t) =1+ a)lbuy(t) (29)

where Pé"rf.g and Py is the lower and upper bounds of grid power. 47, (t)
represents the real-time electricity price at time t.

3.3.4. Greenhouse constraints

To maintain a stable environment conducive to crop growth, the
internal microclimate of the greenhouses must be controlled within
appropriate ranges, as defined in Eqgs. (30)-(33).

Tonin < Tin(t) < Tinax (30)
Hpin < Hin(t) < Hinax (31)
Linin < Lin(t) < Lmax (32)
COpin < COy(t) < COmay (33)

where Tpin and Tpnqy respectively denote the lower and upper bounds of
internal temperature. Similarly, Hpy, and Hpyey is the lower and upper
bounds of internal humidity. Ly, and Ly is the lower and upper bounds
of internal light intensity. COy;, and COpgy is the lower and upper
bounds of internal CO, concentration.

4. Quantum-enhanced energy management
4.1. Method structure

The proposed DAM-QLSTM-VQC method consists of two main stages:
power forecasting and operational optimization, as shown in Fig. 2. In
the forecasting stage, the DAM-QLSTM model is developed, which in-
tegrates quantum computing into the machine learning architecture,
enabling effective modeling of both feature and temporal dependencies.
This hybrid model effectively improves prediction accuracy. In the
optimization stage, based on the prediction results, the VQC rolling
optimization model is employed to solve complex non-convex optimi-
zation problem. This hybrid quantum-classical loop allows for efficient
search of the solution in a high-dimensional decision space. By coupling
DAM-QLSTM and VQC, the proposed method offers a coherent pipeline
from forecasting to optimization, enabling more efficient of the PV
greenhouses.

4.2. DAM-QLSTM forecasting model

4.2.1. Quantum-enhanced LSTM model

The LSTM, a variant of the Recurrent Neural Network (RNN), has
been widely applied in renewable energy and load forecasting due to its
ability to effectively mitigate the vanishing gradient problem commonly
encountered in traditional RNN when dealing with time series predic-
tion tasks. However, LSTM often suffer from computational bottlenecks
and overfitting issues when processing high-dimensional and complex
datasets. In recent years, the integration of quantum computing with
LSTM has led to the development of QLSTM models, which leverage the
parallelism and entanglement properties of quantum computing to
improve the performance of LSTM in complex nonlinear dynamic fore-
casting tasks [42]. As illustrated in Fig. 3, the QLSTM model embeds
quantum layers into each LSTM unit, significantly enhancing the model's
capacity to handle complex and high-dimensional data.

The quantum state update within each LSTM cell follows specific
principles of quantum mechanics. The update equations for the forget
gate, memory gate, and output gate are provided in Egs. (34)-(37),
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Fig. 2. The structure of DAM-QLSTM-VQC.

. Vector element multiplication

Vector sum ‘/\/‘ Vector stitching hi: | Output

e

Circulation unit

Fig. 3. The basic schematic diagram of QLSTM.

respectively. The incorporation of quantum-enhanced layers not only
strengthens the model's ability to capture long-term dependencies in
sequential data but also improves its adaptability to complex time series
scenarios.

Je=0(PQC (X)) (€D)
i, = 6(PQC,(9;)) (35)
C. = 6(PQCy(X:) ) x Co 1 +06(PQC,(X,) ) x tanh(PQC5(X,) ) (36)
h, = PQCs((PQC4(X,) ) x tanh(Cy) ) 37

where X, denotes the model input, i; is the input gate, f; represents the
forget gate, C; is the memory gate, and h; corresponds to the output gate.
PQC is the parametrized quantum circuit.

4.2.2. Dual attention mechanism

Considering the significant impact of environmental factors on both
the supply and demand sides of energy systems, as well as the
complexity arising from multi-variable and multi-constraint conditions,
this study incorporates a DAM to enhance the predictive capability of

the QLSTM. The DAM framework consists of the feature attention
mechanism (FAM) and the multi-head temporal attention mechanism
(MTAM), which together enable the model to effectively quantify the
relevance between input variables and target outputs, while simulta-
neously reinforcing the influence of critical historical information on the
forecasting outcomes [43].

In the first stage, the FAM assigns adaptive weights to multi-variate
input features, such as PV generation parameters and environmental
control variables, highlighting those most relevant to the prediction
targets. To achieve this, FAM introduces a learnable weight vector that is
optimized during the training process to maximize the model's sensi-
tivity to critical features. Specifically, the FAM weight a; is computed as
shown in Eq. (38), where the use of a softmax function ensures that the
sum of the attention weights is normalized to one.

a, = softmax [ V. -tanh(W, e h,_1 + U, ¢ X, +b,) (38)

where h;_; represents the hidden state from the last time step, W, and U,
are weight matrices, b, is a bias vector, V7 is the scoring weight vector.
softmax is an activation function.

In the second stage, the MTAM assigns dynamic weights to the
model's historical hidden states. One head focuses on short-term tem-
poral dependencies and the other on long-term dependencies. The
attention weights are computed through residual connections and layer
normalization. This module enables the model to not only capture fea-
tures at the current time step but also leverage critical historical infor-
mation to optimize the present prediction results. Specifically, the
MTAM weight g, is computed as described in Egs. (39)-(40).

PR V——

B, = LayerNorm(X, + Conat(8;, 7, ...) ) (40)
where fi is the i-th head of temporal attention. Wj are weight matrices,
by is a bias vector, V; is the scoring weight vector.

4.2.3. DAM-QLSTM implementation

By integrating the quantum computing into the machine learning
model, we construct the DAM-QLSTM model. Specifically, the training
process of DAM-QLSTM involves the joint optimization of parameters
within both the quantum-enhancement layer and the dual attention
modules. This is achieved via a backpropagation algorithm that mini-
mizes the prediction error, thereby enhancing the model's adaptability
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Fig. 4. The DAM-QLSTM forecasting model. The figure illustrates the PV power forecasting process, and the greenhouse load forecasting follows the same procedure.

to complex and dynamic environmental data. Fig. 4 illustrates the
training workflow of the DAM-QLSTM model, encompassing data pre-
processing, model training, validation, and testing stages.

During training, the FAM is responsible for identifying the most
influential input features, while the MTAM highlights critical moments
in the historical data that significantly impact prediction performance.
To prevent overfitting and to maintain a balance between model
complexity and generalization capability, the loss function combines the
MSE with a regularization term, as defined in Eq. (41). By tuning the
regularization coefficient, the model effectively manages the trade-off

between capturing essential patterns and avoiding excessive
complexity, ensuring both robustness and interpretability.
1 N
re
L=y > (P = P) )"+ 4 (N6l + 6] ) (D

where L denotes the loss function, 4 is the regularization coefficient, 9,

represents the parameter matrix of the FAM, 6; denotes the parameter
matrix of the MTAM. Pt denotes the actual value, P represents the
predicted value. N is the total number of data points.

Moreover, to further enhance the model's generalization capability,
early stopping was employed during training to prevent overfitting,
while cross-validation was utilized to evaluate the model's robustness. In
terms of hyperparameter tuning, a grid search approach was adopted to
optimize critical parameters such as learning rate, batch size, and the
number of training epochs, ensuring that the DAM-QLSTM achieves
consistent performance across diverse datasets. The prediction results
provide reliable support for subsequent energy management decisions.

4.3. VQC-based rolling optimization model

4.3.1. Model framework
VQAs represent a hybrid quantum-classical algorithmic model that
integrates classical optimization with quantum state evolution, as shown

Quantum circuit model

Optimized circuit
¢' parameters Classical
optimizer

RDtangiingloyerups| BN MIcaareime
Quantum
circuit output
Quantum
gradient Hamiltonian
<H>

Fig. 5. The proposed VQC model. The quantum circuit adopted in this paper is displayed in the green box. (For interpretation of the references to colour in this figure

legend, the reader is referred to the web version of this article.)
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in Fig. 5. Compared to conventional methods, VQAs demonstrates su-
perior parallel processing capabilities, offering significant efficiency
advantages when tackling high-dimensional optimization problems
[44]. VQAs is witnessing increasing application in the energy and power
sector, particularly in areas such as power system operation and control
[45], energy management [46], and distributed energy resource allo-
cation [47].

In this paper, the VQC is employed as a rolling optimization model to
optimize the energy allocation in the PV greenhouses system. The
quantum circuit, which serves as the core of the VQC, consists of four
components: initialization layer, variational rotation layer, entangling
layer, and measurement layer, as illustrated in Fig. 5. Each quantum
qubit represents an unknown variable in the optimization problem. The
VQC constructs parameterized quantum states |p(d)) through the
parameterized quantum circuit, as shown in Eq. (42). Specifically, the
process firstly initializes the quantum state|gp,) using Hadamard gate.
Secondly, we construct a parameterized quantum circuit using Hada-
mard gate, rotation gates such as Ry, Ry, R;, along with entangling gates
such as CNOT to generate the evolved quantum state |p(0) ). Lastly, we
calculate the expectation value of the quantum state, updating the pa-
rameters iteratively, and using a classical optimizer until convergence to
an approximate optimum is achieved.

) ) Wo)m

(42)

d

11

i=1

lp(0)) = ( <Rx(91 )Ry (62)Rz(03) ® i_[ CNOT(,j+1)

Jj=1

where n represents the number of qubits. d is the circuit depth, where is
set to 4.

4.3.2. VQC implementation

After constructing the VQC model, a complete optimization frame-
work tailored to the PV greenhouses application is developed, consisting
of data input, quantum state constructing, quantum optimization, and
result. The proposed VQC optimization model comprises a data input
module and a VQC optimization module in Fig. 6. Built upon a quantum-
classical hybrid computing framework, this model enables optimization
of multi-variable coupled systems, ensuring energy supply-demand
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balance while improving renewable energy utilization and reducing
total operating cost.

For the data module, the system collects operational threshold pa-
rameters from various devices within the PV greenhouses, including PV
panels, energy storage batteries, and agricultural machinery. These pa-
rameters not only serve as part of the model input but also define multi-
variable coupling constraints in the optimization problem. In addition,
predictive data such as PV generation and load demand serve as model
inputs.

VQC leverages a redefined objective function described in Egs. (43)—
(46). In this paper, 7 qubits are employed to represent 7 unknown var-
iables. A denormalization method is employed to map the expectation
value of each qubit's Pauli-Z operator in the quantum circuit to the
corresponding value of the unknown variable. Therefore, the objective
function in this study can be reformulated as a new function with the
circuit parameters 6 as independent variables.

The quantum gradient is evaluated using the Parameter-Shift Rule, as
shown in Eq. (47), which captures the nonlinear and entangled char-
acteristics of quantum systems and enables exploration of high-
dimensional, non-convex energy landscapes beyond the reach of clas-
sical methods. The circuit parameters are then optimized via the Adam
optimizer, where the learning rate is set to 0.01 and the number of it-
erations to 5000.

min f(x(6)) = WiCuua(x(6)) ~ Wor (x(6)) + Woyu(x(0))  (43)
x=0.5x(u(0)+1) x (ub—1b)+1b (44)
§O) = ((Z2). Z). (2. (20)] (45)
(@) = (9(0) Zal00)) )
¥ _f0+7/2)—fO0—/2) @

00 2

where x is the unknown variables. 6 is the circuit parameter.

This study embeds both the prediction results and the VQC optimi-
zation method into a rolling horizon model to effectively manage dy-
namic scheduling under uncertainties. The rolling horizon approach
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Fig. 6. The VQC rolling optimization model.
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consists of iteratively solving the scheduling problem while advancing
the optimization window at each decision point. In this formulation, the
time discretization step is explicitly set to 15 min, allowing the model to
accurately capture high-frequency fluctuations in energy dynamics. At
each iteration, the VQC-based model evaluates a prediction horizon
encompassing 4 look-ahead steps to determine the optimal operational
schedule based on forecasted conditions. From this optimized sequence,
only the decisions corresponding to the first-time step are implemented
over a 15-min control horizon. The optimization window then rolls
forward by one discrete step updating the initial system states and
incorporating newly observed data for the subsequent iteration. The
mathematical formulation of the objective function and the constraints,
is comprehensively detailed in Sections 3.2 and 3.3.

5. Case study
5.1. Scenario description

This case study is conducted in a PV greenhouse located in Beijing,
China, with geographic coordinates of 39.9042°N latitude and
116.4074°E longitude. The greenhouse covers a total area of 500 square
meters, with dimensions of 25 m in length, 20 m in width, and 15 m in
height, as shown in Fig. 7. The energy storage system employed in the
greenhouse consists of lithium-ion batteries with a total capacity of 10
kWh. PV panels are installed on the rooftop, covering 30% of the roof
surface and providing an installed capacity of 25 kW. Because this study
primarily investigates the short-term energy management of existing PV
greenhouses, the capacities of the PV arrays and batteries are treated as
predetermined. However, the optimal capacity sizing of such systems
remains a vital avenue for future research.

The greenhouse maintains a stable internal temperature between
24 °C and 26 °C and utilizes supplemental lighting at night to support
crop growth. Environmental data, including meteorological conditions,
PV generation, and load demand, are collected at 15-min intervals.

5.2. Parameter setting

To ensure the fairness, reliability, and reproducibility of the com-
parison, all models are trained and tested under a consistent computa-
tional environment. Specifically, classical computations are executed on
a laptop equipped with an AMD Ryzen 54,500 U CPU @ 2.4 GHz and 8
GB RAM, while quantum computations are performed on the Origin
Wukong quantum computing platform. During the training phase,
classical optimization is performed using the Adam optimizer with an
initial learning rate of 0.01. Each model is trained for 40 epochs with a
batch size of 1.

Moreover, the energy storage system is primarily used to mitigate

‘t’\;

’.‘.‘\‘.— —_—
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Fig. 7. The PV greenhouse photo in this study.

10

Applied Energy 420 (2026) 128142

Table 2

Parameters of the energy storage system.
Parameters Values Parameters Values
Co 10 KWh SOCinitar 50%
s geharg 95% Sconv 90%
SOCpin 20% pex 20
SOCinax 80% pyin 0

supply-demand imbalances during PV generation fluctuations or load
demand peaks. The key specifications of the energy storage system are
summarized in Table 2.

The power grid serves as a backup energy source, supplying addi-
tional electricity during periods of PV power deficiency or peak load
demand. In this study, the electricity pricing scheme adopted in Beijing
is considered, comprising three pricing tiers: peak, flat, and valley.
Specifically, the peak tariff is set at $0.23/kWh (from 10:00 to 13:00 and
17:00 to 22:00), the flat tariff at $0.14/kWh (from 7:00 to 10:00, 13:00
to 17:00, and 22:00 to 23:00), and the valley tariff at $0.05/kWh (from
23:00 to 07:00 the next day). During periods of PV overproduction, sale
electricity can be fed back into the grid at the feed-in Beijing tariff of
$0.05/kWh, as shown in Extended Fig. 1.

5.3. Data information

All models are trained on a unified dataset to ensure consistency and
comparability of results. The dataset originates from the operational
records of PV greenhouse within the smart park operated by Beijing
University of Agriculture.

The dataset comprises representative daily data from a PV green-
house, collected during the first week of January, April, July, and
October, thereby capturing seasonal variations across winter, spring,
summer, and autumn. Input features include solar irradiance, ambient
temperature, and humidity, recorded at a 15-min temporal resolution, as
illustrated in Fig. 8. In January, PV power generation ranges from 49.38
kWh to 100.40 kWh, primarily limited by reduced daylight hours and
low solar irradiance. By April, output increases substantially to
108.94-182.63 kWh due to enhanced solar exposure. In July, the rainy
season in Beijing introduces significant variability, with generation
fluctuating between 20.20 and 125.82 kWh. As precipitation decreases
in October, the output stabilizes within the range of 131.00-159.69
kWh.

The dataset is partitioned into training, validation, and test sets with
a ratio of 5:1:1. Prior to model training, all input features are stan-
dardized to zero mean and unit variance to mitigate the impact of scale
heterogeneity and enhance training stability.

5.4. Feature relationship analysis

The Pearson correlation coefficient heat map, as shown in Fig. 9,
illustrates the linear relationships between PV power and 7 meteoro-
logical variables [48]. The results reveal that PV power exhibits a
remarkably strong positive correlation with direct and diffuse radiation,
where the correlation coefficient reaches 0.983 and 0.759. This in-
dicates that the magnitude of solar irradiance plays an almost linear and
decisive role in determining the power output of PV systems. Such a
relationship arises from the inherent dependency of PV modules on solar
radiation, particularly the direct component, which is more efficiently
converted into electrical energy by PV cells. Wind speed also maintains a
moderately positive correlation with PV power, which can likely be
attributed to the role of wind in lowering module temperature and
potentially reducing cloud cover, both of which contribute to enhanced
energy conversion efficiency.

By contrast, the correlation between ambient temperature and PV
power is comparatively weak. This supports that higher temperatures
tend to reduce the performance of PV modules, although an increase in
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Fig. 8. Typical day data from the PV greenhouse: (a) solar irradiance, (b) humidity, (c) temperature, and (d) PV output power. The dataset originates from the
operational records of the PV greenhouse within the smart park operated by Beijing University of Agriculture.
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Fig. 9. The pearson correlation coefficient heat map.

temperature often coincides with elevated solar radiation. In addition, a
moderate negative correlation is found between humidity and PV power
output, implying that high humidity levels may suppress power gener-
ation, most likely by reducing radiation transmittance or by contributing
to greater cloud coverage.

Furthermore, both wind direction and atmospheric pressure exhibit
only minimal correlation with PV output. Overall, the findings indicate
that direct radiation, diffuse radiation, and wind speed serve as the
primary meteorological drivers of PV performance, while temperature
and humidity act as secondary factors that influence energy conversion
under varying environmental conditions.

5.5. Performance evaluation of forecasting models

In this section, various error metrics used for performance evaluation
include Mean Squared Error (MSE), Root Mean Squared Error (RMSE),
and Mean Absolute Error (MAE) [49]. MSE measures the average of

11

squared differences between predicted and actual values. RMSE evalu-
ates the typical magnitude of prediction errors. MAE evaluates the
robustness of predictions by computing the average absolute differences
The formulas are presented in Egs. (48)-(50).

1 N
MSE = — Paa re
S. N :El P (48)
(49)
l N
— act re
MAE = & ?:1 |Pget — P2 (50)
where P4y (t) denotes the predicted PV generation power, P5” (1)

represents the predicted load demand. N is the total amount of data.
5.6. Comparison of prediction results

To validate the effectiveness of the proposed DAM-QLSTM model for
power forecasting, a comparative analysis is conducted with fore
representative baseline models: DAM-LSTM, Attention-LSTM, QLSTM,
and LSTM. DAM-LSTM reflects the role of the dual attention mechanism,
QLSTM reflects the impact of the quantum-enhanced structure.
Attention-LSTM and LSTM serve as the standard baseline.

Fig. 10 presents a comparison between the actual PV power gener-
ation and the predicted values from different models. The results
demonstrate that the DAM-QLSTM model exhibits superior stability,
particularly during periods of intense PV power fluctuations. It consis-
tently yields lower prediction errors compared to other models, high-
lighting its advantage in modeling complex time-series data with high
robustness. In contrast, other models show larger prediction deviations
during PV power peaks and periods of high greenhouse energy demand.
This is especially evident in the traditional LSTM model, which struggles
to accurately capture the complex multivariable coupling relationships
inherent in the PV greenhouse system. These findings suggest that the
quantum computation contribute to more efficient extraction and rep-
resentation of nonlinear features and high-order correlations among
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Fig. 10. Comparison of predicted and actual PV power across five models in one day from each season. The inset on the right provides an enlarged view of the
prediction results within the box, showing that the proposed model exhibits the smallest deviation between the predicted and actual curves. The time resolution is

15 min.
Table 3
Forecasting errors of five models in one day during four seasons.
Winter Spring Summer Autumn
MSE RMSE MAE MSE RMSE MAE MSE RMSE MAE MSE RMSE MAE
LSTM 0.2522 0.5022 0.2531 0.8811 0.9387 0.4534 0.1395 0.3735 0.188 0.8408 0.917 0.5586
QLSTM 0.2176 0.4665 0.2149 0.7785 0.8823 0.4593 0.0457 0.2138 0.1231 0.4086 0.6293 0.2932
Attention-LSTM 0.1479 0.3846 0.1718 0.7752 0.8804 0.3979 0.1156 0.3401 0.1761 0.3904 0.6249 0.3209
DAM-LSTM 0.1186 0.3444 0.1822 0.7515 0.8669 0.4459 0.1132 0.3365 0.178 0.4296 0.6554 0.3635
DAM-QLSTM 0.0908 0.3013 0.1361 0.6705 0.8188 0.4036 0.0227 0.1664 0.0936 0.2195 0.4685 0.2645
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variables, thereby enhancing predictive performance.

To quantitatively evaluate the prediction accuracy, MSE, RMSE, and
MAE are calculated for each model on the test set, as summarized in
Table 3. Compared to the LSTM model, the DAM-QLSTM model reduces
MSE, RMSE, and MAE by 52.5%, 35.7%, and 38.2%, respectively.
Moreover, DAM-QLSTM consistently outperforms DAM-LSTM and
QLSTM across all evaluation metrics, demonstrating its superior accu-
racy and generalization capability. In summary, DAM-QLSTM shows
significantly better performance in PV power forecasting, providing a
more accurate data foundation for subsequent optimization and sched-
uling using the VQC model.

5.7. Comparison of optimization results

Based on the above prediction results of DAM-QLSTM, this study
compares the VQC model with three representative optimization algo-
rithms: PSO, quantum particle swarm optimization (QPSO) and MPC, to
validate the effectiveness of the proposed operational optimization
strategy. PSO is as a widely used classical heuristic baseline. QPSO
represents a typical quantum heuristic optimization algorithm. MPC is a
robust classical method. These models are applied to the energy man-
agement of the PV greenhouse across all four seasons. Fig. 11 illustrates
the energy scheduling results of VQC. The energy scheduling results of
PSO, QPSO and MPC are shown in extended Fig. 2-4. As shown, the VQC
model allocates more PV generation for self-consumption, significantly
improving the renewable energy utilization ratio within the greenhouse
system.

Table 4 presents the quantitative results for renewable energy utili-
zation and total operational costs under each model, further confirming
the overall superiority of the VQC model. The VQC model consistently
achieves the lowest total operating cost. On average, VQC model in-
creases renewable energy utilization by 9.6% and reduces total opera-
tional costs by 15.4% compared to PSO. When compared with QPSO,
VQC achieves an 6.3% improvement in renewable energy utilization and
a 9.9% reduction in cost. Compared with MPC, VQC can reduce 1.5% in
cost. The utilization ratio of VQC does not reach a full 100% primarily
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because a portion of the scheduled energy is directed into the battery
storage system. Due to inherent charging-discharging efficiency losses,
part of the stored energy cannot be fully recovered, preventing absolute
utilization.

Despite its simplicity, PSO is prone to premature convergence and
getting trapped in local optima. In contrast, QPSO incorporates quantum
mechanisms to enhance search capabilities. However, its particles tend
to converge toward the mean of all personal best positions, limiting its
ability to identify optimal solutions located near the boundaries of the
feasible region. This characteristic results in higher total operating cost
and lower renewable energy utilization for QPSO. Moreover, short-term
dispatch using MPC generates myopic decisions, trapping the system in
local optima by greedily dispatching PV generation directly to the load
or grid to minimize immediate cost and maximize utilization. VQC le-
verages quantum computation for enhanced exploration while relying
on classical optimization for improved stability and convergence, which
enables VQC to simultaneously obtain better results.

Fig. 12 illustrates the daily power consumption from the grid to the
PV greenhouse across four seasons. It is evident that the VQC model
results in the lowest grid electricity consumption. The reduced reliance
on electricity purchased from the grid can be attributed to the VQC
model that enhances the ability to utilize PV energy, as it prioritizes
meeting greenhouse energy load and storing excess generation in bat-
teries, instead of prematurely feeding renewable energy electricity back
into the grid. As a result, the VQC model has significantly reduced the
reliance on grid electricity.

In addition to electricity costs, grid-sourced energy entails CO, SOo,
and NOy emissions [44]. The environmental impacts of different stra-
tegies are summarized in Table 5. Benefiting from more efficient PV
utilization, the VQC model achieves the lowest emissions across all
pollutants. Compared to the PSO model, VQC reduces CO; and pollutant
emissions by 9.9%. Relative to QPSO and MPC, CO, and pollutant
emissions are lowered by 9.1% and 4.7%, respectively.

To evaluate the impact of forecasting uncertainty on subsequent
energy scheduling decisions, we performed a comparative study using
the PV power predictions generated by four models based on a winter
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Fig. 11. Energy scheduling results of DAM-QLSTM-VQC model in one day from each season. The upper part of the y-axis represents the energy flow directed to the
greenhouse, while the lower part indicates the energy flow toward energy storage system and power grid. The time resolution is 15 min.
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Table 4
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Performance comparison of PSO, QPSO, MPC and VQC models in terms of cost, renewable energy utilization ratio and plant growth loss in one day from each season

based on the result of DAM-QLSTM.

Winter Spring Summer Autumn
Ciotal ($) 1y (%) Dgrow Cotar ($) e (%) Dgrow Cotar ($) Nye (%) Dgrow Ciotal ($) Nye (%) Derow
PSO 13.91 89.49 0.00 2.23 90.13 0.00 15.36 91.17 0.00 1.96 90.59 0.00
QPSO 13.39 92.48 0.00 1.70 92.94 0.00 15.00 92.85 0.00 1.31 93.53 0.00
MPC 12.59 100.00 0.00 1.37 100.00 0.00 14.41 100.00 0.00 0.86 100.00 0.00
vQC 12.56 99.70 0.00 0.87 98.70 0.00 14.38 99.40 0.00 0.43 98.90 0.00
PSO — QPSO — MPC — VQC
100 50
Winter Spring
80
60
= 40
z
&
= 20
S
E‘ 0 1 1 1 1 0 1 1 1 1
2 00:00 06:00 12:00 18:00 00:00 00:00 06:00 12:00 18:00 00:00
=
8 50
z; 100 - Summer Autumn
g 40 -
S 80f
=
‘= 30 -
O 60r
40 b 20-
20 - 10 -
0 1 1 1 1 0 I’ 1 1 1 1
00:00 06:00 12:00 18:00 00:00 00:00 06:00 12:00 18:00 00:00
Time

Fig. 12. Grid energy consumption under four models in one day from each season. The curves show the variation of the energy consumption of the power grid over
time under different models. The time resolution is 15 min.

Table 5
CO, and pollutant emissions under four models in one day from each season. For each kWh of electricity purchased from the grid, some pollutants are produced.
Winter Spring Summer Autumn
CO> (kg) SO, (kg) NO (kg) CO> (kg) SO, (kg) NO (kg) CO- (kg) SO, (kg) NO (kg) CO- (kg) SO, (kg) NO (kg)
PSO 108.74 0.92 0.27 46.93 0.40 0.12 112.05 0.95 0.28 49.28 0.42 0.12
QPSO 104.28 0.89 0.26 46.71 0.40 0.12 107.80 0.92 0.27 55.35 0.47 0.14
MPC 99.22 0.84 0.25 47.13 0.40 0.12 105.62 0.90 0.26 47.58 0.40 0.12
vQC 97.06 0.83 0.24 42.05 0.36 0.11 103.69 0.88 0.26 42.83 0.36 0.11

day described in Section 5.5. These predicted values were then used as
inputs to the VQC-based rolling optimization model. The resulting PV
power dispatch decisions are illustrated in Fig. 13. The results reveal
that LSTM and QLSTM tend to systematically under-estimate PV output.
Consequently, a portion of the available solar energy remains unused,
increasing total operating cost. In contrast, DAM-LSTM frequently over-
estimates PV generation, causing the optimization model to allocate
energy assuming more renewable availability than actually exists. When
real-time generation falls short, the system must purchase additional
peak-price electricity from the grid, leading to greater cost escalation
and inefficient energy allocation. By comparison, DAM-QLSTM dem-
onstrates the most accurate forecasting performance, enabling more
reliable scheduling, and minimized total operating cost. In addition,
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while we account for generation and load uncertainties through power
forecasting, other sources of uncertainty such as price volatility and
equipment failure may further affect system performance. Conducting
research on the impact of other sources of uncertainty in future study is
of significant importance.

Table 6 summarizes the quantitative comparison results. The data
show that the DAM-QLSTM-VQC model achieves the lowest total oper-
ating cost of $12.56, representing a 4.05% reduction compared with the
baseline LSTM-VQC model. Furthermore, the DAM-QLSTM-VQC model
attains a renewable energy utilization ratio of over 99%.
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Fig. 13. PV power scheduling results of LSTM-VQC, QLSTM-VQC, DAM-LSTM-VQC, DAM-QLSTM-VQC models in one winter day described in Section 5.5. LSTM and
QLSTM tend to under-estimate PV output, resulting in the inability to fully utilize PV power. DAM-LSTM over-estimates PV output, leading to must purchase
additional peak-price electricity from the grid. DAM-QLSTM model is the most accurate.

Table 6
Performance comparison of four models in terms of cost, renewable energy
utilization ratio and plant growth loss in one winter day described in Section 5.5.

Clotat ($) re (%) Dgrow
LSTM-VQC 13.09 99.21 0.00
QLSTM-VQC 13.26 99.59 0.00
DAM-LSTM-VQC 13.47 99.33 0.00
DAM-QLSTM-VQC 12.56 99.70 0.00

5.8. Discussion

Although the proposed model demonstrates promising results in
integrating quantum computing into energy management, several
intrinsic limitations remain.

First, the parameterized quantum circuit may suffer from barren
plateaus, where gradients vanish as circuit depth increases, hindering
effective optimization. This issue is mitigated in our design by adopting
a relatively shallow circuit (4 layers) and a narrow parameter initiali-
zation range (—0.1, 0.1), yet the risk cannot be entirely eliminated.

Second, due to the immaturity of quantum hardware, the practical
applicability of the proposed framework in actual energy systems re-
mains to be systematically validated. Noise, limited qubit counts, short
coherence times, and restricted connectivity may significantly degrade
the performance of circuits that perform well in simulations.

Third, the adopted model may not completely consider the opera-
tional uncertainties and strict physical constraints present in real energy
systems. Factors such as equipment degradation, response delays, and
network security limits may influence model performance.

In future work, we plan to further explore the integration of quantum
computing with energy storage systems to enhance the overall opera-
tional efficiency of energy systems. As quantum hardware continues to
advance, its application in more complex energy systems is expected to
offer innovative solutions to emerging challenges in energy
management.
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Additionally, the challenges addressed in this study are not exclusive
to PV greenhouses. Similar characteristics arise in a range of energy
management systems featuring strong coupling and inherent uncer-
tainty. In this context, the proposed method may also be applicable to
scenarios such as PV buildings and distributed renewable energy
charging stations. Globally, off-grid PV greenhouses will have extensive
application scenarios in underdeveloped regions, where the absence of
grid support increases reliance on energy storage. In such cases, seasonal
energy storage like hydrogen may offer potential solutions, but their
practical feasibility requires further investigation. These observations
point to several promising directions for future work.

6. Conclusion

This paper proposes a DAM-QLSTM-VQC method to address the en-
ergy management challenges in the PV greenhouses: the uncertainty of
energy supply and demand as well as the complexity of coordinated
optimization. The main contributions are summarized as follows:

(1) A DAM-QLSTM forecasting model is developed, which integrates
quantum computing into the machine learning architecture,
enabling effective modeling of both feature and temporal de-
pendencies. The model exploits quantum entanglement charac-
teristic, capturing the nonlinear and dynamic coupling within the
input dataset, significantly improving forecasting accuracy.
Compared to the conventional LSTM model, the DAM-QLSTM
reduces MSE, RMSE, and MAE by 52.5%, 35.7%, and 38.2%.

(2) A VQC rolling optimization model is developed to solve the
complex non-convex optimization problem in the PV green-
houses, which adopts quantum gradients to efficiently update
parameters. In experiments, the VQC model achieves over 99%
renewable energy utilization, a total operating cost of $ 28.29,
and 285.63 kg of carbon emissions. Compared with PSO, it im-
proves renewable energy utilization by 9.6%, respectively re-
duces total operating cost, carbon and pollutant emissions by
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15.4%, 9.9%. Compared with MPC, it decreases cost by 1.5% and
emissions by 4.7%, but reduces utilization by 1.0%.

The proposed method is validated using practical data from a
representative PV greenhouse in Beijing. Simulation results
confirm that the DAM-QLSTM-VQC method improves system ef-
ficiency, outperforms traditional forecasting and optimization
approach in terms of both accuracy and robustness. This study
verifies quantum computing in practical energy management and
opens new directions for integrating quantum technology into
smart agricultural system.

(3)
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