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A B S T R A C T

Proper co-optimization of photovoltaic driven air conditioning (PVAC) systems with load flexibility and batteries 
is pivotal for achieving zero energy buildings (ZEBs). However, practical implementation faces challenges from 
separate optimization with conflicting objectives, neglect of spatial-temporal occupancy features, and limited 
consideration of energy, economic, and environmental performance. This study proposes a hierarchical multi- 
objective co-optimization framework for capacity design and control strategy of the PVAC coupling systems, 
with the two optimization layers sharing the same multi-objective function. The optimization method balances 
energy, economic, environmental performance by key metrics including thermal comfort satisfaction ratio 
(TCSR), grid cumulative action power (GPtotal), net present value (NPV) and emission reduction (ER). The 
optimal capacity optimization of PV and batteries for PVAC systems was solved by the NSGA-II and TOPSIS 
algorithms. Based on the case study of a multi-functional academic building, the optimization results of the off- 
grid system and the grid-connected system were calculated under different configuration of PV and battery 
capacity, and the relationship between the indicators was discussed. The optimization method of off-grid PVAC 
systems achieves 24 % reduction in PV capacity while maintaining 85.85 % TCSR, 123,800 CNY of NPV, and 
167.26 tons of ER. Grid-connected systems with 165.88 kW PV capacity and 71.26 kWh battery capacity can 
achieve 100 % of TCSR, 1861.8 kW of GPtotal, 148,300 CNY of NPV, and 174.70 tons of ER. The study provides an 
innovative and practical method for capacity design and energy control of PVAC coupling systems to achieve 
zero energy buildings.

1. Introduction

1.1. Background

The United Nations Sustainable Development Goals (SDGs) mandate 
a 40 % reduction in building sector carbon emissions by 2030 [1,2]. The 
building currently accounts for approximately 33 % of global energy 
consumption and 40 % of global carbon emissions, with both trends 
exhibiting persistent upward trajectories [3,4]. With this sector, heating, 
ventilation, and air conditioning (HVAC) systems constitute over 40 % 
of energy use [5,6], presenting significant challenges for achieving 
carbon neutrality objectives and zero energy buildings. Photovoltaic- 
driven air conditioning (PVAC) systems offer a promising solution by 
leveraging the consistency between PV generation and AC energy 

consumption to reduce grid dependency, primary energy consumption, 
and associated emissions [7,8].

Despite these advantages, PVAC systems face some practical barriers 
[9,10]. Energy mismatching issues frequently arise from fluctuating PV 
generation and variable AC energy consumption, highlighting the need 
to optimize system design and energy control. PVAC design optimization 
includes increasing PV capacity, integrating energy storage devices, and 
leveraging AC load flexibility [11,12]. However, the design of the PVAC 
coupling system is complex, as it involves many parameters related to 
PV, AC units, batteries, and buildings. This complexity hinders achieving 
optimal energy performance. Moreover, energy control strategies (e.g., 
load flexibility management, PV generation adjustment, and battery 
power dispatch) are constrained by system design parameters, causing a 
co-optimization of capacity and control strategy for PVAC coupling 
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systems [14,15].
Existing research on PVAC systems mainly focuses on optimizing 

either system capacity or control strategies under specific configurations 
[13]. However, the comprehensive optimization for capacity design and 
control strategy is crucial for practical applications. Additionally, 
existing studies often prioritize energy performance while overlooking 
the impacts on carbon emissions and economic efficiency [16]. A sys
tematic analysis of PVAC coupling system optimization for both capacity 
design and control strategy under multi-objective considerations of en
ergy, economic, and environmental performance is worth noting.

1.2. Related work on optimization technologies for PVAC systems

Extensive research has been conducted on improving the energy 
performance of PVAC by using different optimization technologies [10]. 
Owing to the good consistency between PV generation and AC energy 
consumption, along with technological advancements and price ad
vantages of PV products, increasing PV capacity has become a common 
method for enhancing energy matching of PVAC systems [17]. Zhao 
et al. suggested that the optimal PV capacity of office buildings should 
cover the total AC consumption [18]. However, Li et al. noted that 
intermittent PV generation restricts energy matching across different 
time scales and climatic zones, reducing the effectiveness of simply 
increasing PV capacity [19,20]. Moreover, rapid increases in PV ca
pacity exacerbate real-time energy mismatches, imposing significant 
grid operational stress.

Batteries are widely used to mitigate real-time fluctuations in PV 
generation and ensure reliable operation [21]. Opoku et al. [23] 
demonstrated that battery integration can increase the average solar 
energy utilization rate to 60 %. To further improve the energy matching 
across different climate zones, Ozcan et al. [24] found that the annual SC 
and SS of the system equipped with a 9.6kWh battery could reach 74.77 
% and 99.93 %. However, battery performance is constrained by PV 
capacity. Schram et. al [25] noted that optimal storage capacity is in the 
range of 0.5–9 kWh depending on PV capacity. Despite their benefits, 
batteries can also enhance system costs and may introduce positive 
environmental effects [26].

AC energy consumption accounts for a large portion of total building 
energy consumption. Meanwhile, occupants' thermal comfort prefer
ences span a relatively wide temperature range. This provides an op
portunity to adjust AC energy consumption to enhance the energy 
matching without additional investments and environmental harm [27]. 
Studies have explored load flexibility control strategies, such as fre
quency control of AC units [28], room set temperature adjustment [29], 
and unit start-stop control [18]. However, most existing load flexibility 
strategies apply uniform temperature adjustments across the entire 
building, failing to consider the spatial and temporal characteristics of 
occupants' behaviors in various types of rooms [30].

In summary, standalone optimization techniques, such as PV ca
pacity augmentation, battery capacity expansion, and load flexibility 
utilization, can each enhance energy matching in PVAC systems, but 
their effectiveness is inherently constrained when applied in isolation. 
Relying on oversized PV systems fails to adapt to varying weather 
conditions. Solely expanding battery capacity raises investment costs 
and brings potential environmental risks. Uniform load flexibility con
trol remains constrained by the existing PVAC system configuration 
[31,32]. Moreover, capacity design limits control flexibility, and control 
strategies are themselves constrained by capacity configurations. 
Therefore, integrating capacity optimization with control strategy 
optimization is essential to fully leverage the strengths of each tech
nology and achieve real-time energy matching in PVAC systems.

1.3. Related work on the optimization methods of PVAC systems

A reasonable evaluation and optimization method is crucial for the 
comprehensive optimization of PVAC system capacity design and 

control strategy. Considerable research efforts have been devoted to 
developing a multi-objective optimization method for PVAC coupling 
systems from the perspective of energy performance. The main evalua
tion indicators are self-sufficiency (SS), self-consumption (SC) [33,34], 
solar fraction (SF) [35], zero energy potential, and coefficient of per
formance (COP) [36]. Li et al. achieved a 90 % energy matching degree 
for PVAC systems coupled with load flexibility and phase change ma
terials (PCM) [20]. Zou et al. investigated the energy performance of 
PVAC systems coupled with load flexibility and batteries through SS, SC, 
and ZEP indicators [37]. While the energy performance of PVAC systems 
can be improved by unlimited expansion of PV and battery capacities, 
the related cost surges substantially.

Energy performance and economic efficiency are important de
terminants for evaluating the feasibility of the PVAC system optimiza
tion schemes [38,39]. The main evaluation indicators are total cost [40], 
the levelized cost of energy (LCOE) [41], and the payback period (PB) 
[42]. Aguilar et al. demonstrated that application of PVAC systems can 
lead to a 16 % reduction in the annual average cost [43]. Leite et al. 
conducted an economic feasibility analysis of PVAC systems in different 
regions and found that the maximum internal rate of return can reach 
29 % [44]. Considering that the building industry accounts for a large 
part of carbon emissions, the environmental performance of PVAC sys
tems, particularly carbon emission reduction, has received increasing 
attention [45]. Aguilar et al. demonstrated that the use of PVAC system 
can mitigate carbon emissions by 112.94 kg throughout the cooling 
season [46]. Wang et al. showed that the CO₂ emission reduction coef
ficient of PVAC systems could reach up to 919.34 g CO₂-eq./kWh, and 
this coefficient was directly proportional to the PV capacity. However, 
existing studies often consider energy, economic, or environmental ob
jectives in isolation in PVAC system optimization, and fail to resolve 
their inherent conflicts [47].

In summary, there are many methods for evaluating and optimizing 
the capacity design and control strategy of PVAC systems, such as 
improving energy performance, enhancing economic efficiency, and 
reducing carbon emissions [48,49]. Whereas, in practice, the opera
tional conditions of PVAC systems are highly complex and continuously 
fluctuating. This renders the evaluation and optimization methods that 
are based solely on a single perspective, even when incorporating mul
tiple indicators, ineffective in facilitating the comprehensive enhance
ment of the overall system performance [50]. Therefore, it is necessary 
to develop an evaluation and optimization method for the capacity 
design and energy control strategy of PVAC coupling systems that takes 
into account energy, economy, and environment, in order to improve 
the overall performance of the system.

1.4. Gap and proposed solution

As shown in Table 1, based on the above literature review, existing 
research has already involved the capacity and energy control strategy 
optimization of PVAC systems. However, some problems of the system 
optimization are still not addressed. Firstly, few studies on load flexi
bility control strategies consider the spatiotemporal characteristics of 
occupant behavior across different rooms. Secondly, despite the com
plex interconnections between PV, battery, and AC capacity design and 
control strategies, integrated optimization of these elements in PVAC 
systems is rarely explored. Thirdly, evaluation and optimization 
methods for such systems often focus solely on energy performance, 
with little consideration of economic and environmental aspects. 
Finally, a hierarchical multi-objective co-optimization of capacity 
design and control strategy for PVAC systems coupling with batteries 
and load flexibility has not yet been proposed.

To address these gaps, this study proposes a hierarchical multi- 
objective co-optimization framework for PVAC systems. This frame
work simultaneously integrates capacity design and control strategy 
optimization while balancing energy, economic, and environmental 
objectives. This work makes three significant contributions to PVAC 
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system optimization. A three-stage control strategy of load flexibility, 
battery, and grid were developed with spatiotemporal occupancy 
characteristics. A“3E” evaluation method is established, using unified 
metrics (TCSR, GPtotal, NPV, ER) to holistically assess system perfor
mance. A hierarchical multi-objective co-optimization method for PVAC 
systems was proposed to resolves capacity design and control strategy 
interdependencies.

In this paper, section 2 presents a system description and modelling 
of PVAC coupling systems. Section 3 presents the co-optimization 
framework of the PVAC systems coupled with load flexibility, batte
ries, and the utility grid, including the physical models, different control 
strategies, 3E evaluation methods, and multi-objective optimization 
methodology. Section 4 discusses the results of the optimization 
methods. Section 5 presents the key conclusions.

2. System description and modelling

2.1. System description

In this study, the PVAC coupling system primarily consists of PV 
array, battery, air conditioning (AC) units and building (load), as shown 

in Fig. 1. In the building, there are three types of functional rooms 
consisting of offices, meetings, and classes in the building. Occupant 
mobility exhibits distinct spatial-temporal patterns in different rooms 
and different periods. Moreover, occupants' thermal comfort tempera
ture ranges from 22.6 ◦C to 29.4 ◦C. The building load can be adjusted to 
change the power consumed by AC units. The power flow is described as 
follows: PV power directly drives AC units, as well as supplies to the 
battery and is fed into the utility grid. The battery can store energy from 
both AC units, PV array and utility grid and discharge power to AC units. 
The utility grid can supply power to AC units and batteries.

2.2. Modelling

2.2.1. Building model
The PVAC systems were implemented in a U-shaped office building 

located in Hunan Province, oriented along an east-west axis (17.85◦ east 
by north). The total area of the building is 2399 m2, which is shown in 
Fig. 2. The heat transfer coefficients of the building envelope are shown 
in Table 2. The building features various types of rooms, including of
fices, meeting rooms, and classrooms. Regarding the offices, the areas 
facing east, south, west, and north are 0 m2, 503.58 m2, 337.68 m2, and 
450.78 m2, respectively. For the meeting rooms, the corresponding areas 
for the east, south, west, and north orientations are 0 m2, 168 m2, 0 m2, 
and 319.44 m2, respectively. Additionally, for classrooms, the areas in 
the east, south, west, and north directions are 0 m2, 619.5 m2, 0 m2, and 
0 m2, respectively.

2.2.2. PVAC model
In this study, a grid-connected PVAC system was implemented in the 

building to investigate energy, economic, and environmental perfor
mance. The PV system is installed on the roof with a fixed tilt angle 
according to the location, directly. The personnel, lighting, and equip
ment parameters in different rooms were selected according to the 
public building energy efficiency standards. The PVAC system means 
that the power generated by the PV system is used by the air condi
tioning directly. The indoor temperature conditioned by the PVAC sys
tem is mainly determined by the real-time PV generation. The thermal 
comfort temperature range can be from 22.6 ◦C to 29.4 ◦C. When the 
indoor temperature conditioned by the PVACs is within the thermal 
comfort temperature range (TCTR), this moment is regarded as the real- 
time energy matching time. When the indoor temperature is beyond the 
temperature range, the insufficient or surplus electricity can be provided 
by the batteries and utility grid.

To enhance AC load flexibility, a part-time part-space (PTPS) oper
ation model of PVAC systems was developed, integrating the spatial and 
temporal characteristics of occupants' behaviors in various types of 
rooms and thermal comfort temperature ranges. In the building, there 
are various types of functional rooms consisting of offices (office, studio, 
and attended archive room), meetings (conference room and lecture 
hall), and classes (classroom and computer room). Under the PTPS 
operation model, the AC operation schedules and temperature setpoints 
can be adjusted across these zones. The temporal and spatial occupancy 
characteristics in different rooms were obtained through actual occu
pancy patterns. For offices and classrooms, the operation schedules were 
derived from working hours and academic timetables, respectively. For 
meeting rooms, the operation schedules were determined by the actual 
booking records, which exhibited irregular usage patterns due to inter
mittent reservation demands.

2.2.3. Battery model
In this study, a simplified battery charging and discharging model 

was used to improve the energy matching of PVAC systems. Charging is 
constrained by a maximum state of charge (SOC) of 80 % of capacity, 
while discharging is limited to a minimum SOC of 20 % of capacity. The 
parameters of the battery are shown in Table 3.

The service life of batteries is closely related to charge - discharge 

Table 1 
Comparison of research status with the content of this article.

Study Method Indicator Limitations

Li et al [9]; 
Zhao et al 
[51]; Huang 
et al [52]; 
Loem et al 
[53]; Chen 
et al. [54]

PV/battery 
capacity 
optimization

Energy (SS, SC, 
RZEP, COP)

Ignored occupant 
behavior; overlooked 
economic and 
environmental 
performance

Opoku et al 
[23]; 
Mahmoudi et 
al [41]; 
Aguilar et al 
[43]; 
Leite et al 
[44]； Zhao 
et al. [51]

PV capacity 
optimization

Energy 
(PV utilization) 
Economic (NPV, 
PB)

Neglected 
environmental 
performance; no 
capacity-control 
integration

Wang et al 
[45]; Aguilar 
et al [55]; Su 
et al [56]; 
Wang et al. 
[57]

PV capacity 
optimization

Environmental Single objective; 
ignored interactions 
between capacity and 
control

This work
Co-optimization of 
PV/battery 
capacity + control 
strategy 
(incorporating 
occupant 
behavior)

Energy 
(TCSR,GPtotal) 
Economic (NPV, 
PB) 
Environmental 
(ER)

Multi-objective 
optimal solution is 
obtained by 
comprehensively 
weighing the conflicts 
of different 
performances

Fig. 1. Schematic of the PVAC coupling system in building.
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depth and cycle number. The state of charge (SOC) is used to indicate 
and limit battery operations. The calculation formulas for the batter 
charging and discharging state are shown in Eq. (1) to Eq. (4) [58]. 

SOC(t+1) = SOC(t)+ ς Pb,ch(t)Δtηch

Eb(t)
− (1 − ς) Pb,dis(t)Δt

Eb(t)ηdis
(1) 

SOCmin ≤ SOC(t) ≤ SOCmax (2) 

0 ≤ Pb,ch ≤ Pch,max (3) 

0 ≤ Pb,dis ≤ Pdis,max (4) 

Where Pb,ch is the battery charging power (kW), Pb,dis is the discharging 
power (kW), ηch is the charging efficiency, ηdis is the discharging effi
ciency, ςis the charging stage, Eb(t) is the stored power (kWh), Δt is the 
timestep.

2.2.4. Model verification
In this study, the real-time energy generation and consumption of 

PVAC system simulation have been verified. An experimental platform 
for PVAC systems was built in Hunan province (28.19◦N，112.98◦E), as 
shown in Fig. 3. The experimental platform consists of two rooms, 
equipped with PV systems, air conditioning systems, batteries, data 
acquisition systems, central energy control systems, and terminal 
monitoring systems. Technical specifications of the PVAC systems are 
systematically documented in Tables 4 and 5, respectively. The labo
ratory spatially configured two spaces: Room 1 (8.7 m north-south × 3.8 

m east-west × 3.5 m height) and Room 2 (7.0 m north-south × 5.0 m 
east-west × 3.5 m height).

Fig. 4 illustrates the dynamic power variation and indoor tempera
ture comparison of PVAC systems with PTPS model and the traditional 
operation model. The traditional model enforced uniform 26 ◦C set
points across all rooms and periods. On July 6th and 7th, energy control 
strategies under both models were evaluated, revealing distinct dis
crepancies in PV generation-AC consumption alignment. The traditional 
model exhibited pronounced energy mismatching between PV genera
tion and AC energy consumption, resulting in SS and SC values of 78.54 
% and 82.24 %, respectively. In contrast, the PTPS model adjusted AC 
consumption to achieve a significantly stronger correlation with PV 
generation, elevating SS and SC to 88.87 % and 90.29 %. The load 
flexibility control strategy with PTPS model yields further improvement 
in the real-time energy matching of PVAC systems.

3. Methodology

3.1. Research framework

The hierarchical multi-objective co-optimization framework for 
PVAC systems addresses the combined impacts of load flexibility, bat
tery capacity, PV capacity, and grid interaction strategies, all of which 
influence real-time energy matching performance, economic viability, 
and carbon mitigation potential. As show in Fig. 5, this framework 
comprises two optimization layers sharing unified evaluation metrics 
and operates through an iterative feedback mechanism, including 
thermal comfort satisfaction ratio (TCSR), and grid cumulative action 
power (GPtotal), net present value (NPV), and emission reduction (ER). 
Through parametric and iterative processes, the optimized PV and bat
tery capacity with an optimized three-stage control strategy considering 
spatial-temporal occupancy features are obtained. 

(a) Upper layer-Control strategy optimization

This layer develops coordinated energy management through three 
stages, which includes strategies of load flexibility regulation, battery 
storage dispatch, and the utility grid interaction.

Stage 1: The strategy of load flexibility is optimized by considering 
spatial-temporal occupancy features that incorporates real-time load 
demand profiles in different rooms, thermal inertial of buildings, and 
occupancy comfort constraints.

Stage 2: Battery dispatch integrated with optimized load flexibility to 
enhance real-time energy matching.

Stage 3: Grid interaction (off-grid/grid-connected modes) is acti
vated to leverage surplus PV export or grid power import, thereby 
avoiding over-reliance on oversized batteries. 

Fig. 2. The layout of the office building.

Table 2 
The heat transfer coefficients (K) of the envelope structures in the building.

Construction Unit Value

Roof W/(m2•K) 0.64
Exterior wall W/(m2•K) 1.00
Exterior window W/(m2•K) 2.80
Interior wall W/(m2•K) 1.64
Floor W/(m2•K) 0.80

Table 3 
The electrical parameters of the battery model.

Parameter Unit Value

Capacity kWh 5
Rated charging power kW 3.58
Rated voltage V 51.2
Rated current A 20
Transient peak current A 200
Number of batteries 32
Charging efficiency – ≥95 %
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(b) Lower layer- Capacity optimization

This layer is dedicated to capacity optimization for PV systems and 
batteries within predefined parameter ranges, using multi-objective 
functions targeting energy performance, economic viability, and envi
ronmental impact.

The two layers achieve iterative co-optimization through parametric 
refinement. The lower layer transmits optimized PV and battery ca
pacity to the upper layer, which then feeds back corresponding perfor
mance metrics. Through successive optimization cycles, the framework 
gradually converges on solutions that simultaneously optimize both 
capacity design and control strategy.

In the multi-objective hierarchical co-optimization for PVAC sys
tems, the workflow can be divided into 5 steps:

In step 1, the physical model of the building and PVAC systems was 
established by EnergyPlus software. The PV generation is mainly 
determined by the real-time radiation intensity and power generation 
efficiency of the PV array. The AC unit was modeled as an ideal air 
conditioning system with a nominal coefficient of performance (COP) of 
3.5, directly powered by real-time PV generation. The battery charging 
and discharging model was established by Python. These models and 
parameters provide a foundational basis for subsequent control strategy 

Fig. 3. PVAC experimental platform with PTPS operation model.

Table 4 
PV system parameters.

parameters unit value

cell type – polysilicon
maximum power W 550
short-circuit current A 13.97
open-circuit voltage V 49.82
Panel numbers – 22

Table 5 
AC system parameters.

parameters unit value

model – MDM0610-E2
rated cooling capacity kW 20
max cooling power kW 9.6
rated cooling COP – 5.88
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formulation and performance simulation.
In step 2, three energy control strategies were formulated. Based on 

the spatial-temporal occupancy characteristics and thermal comfort 
constraints, a three-stage control strategy is developed, including load 
flexibility regulation, battery dispatch, and grid interaction.

In step 3, a 3E evaluation method for PVAC coupling systems was 
developed from energy, economic, and environmental perspectives, 
covering energy performance indicators (TCSR, GPtotal), economic in
dicators (NPV, payback period), and environmental indicators (ER), 
which serve as the objective function for the optimization process.

Fig. 4. Power variation and indoor temperature conditioned by PVACs with different operation models.

Fig. 5. The optimization framework of PVAC system with load flexibility, batteries, and utility grid.
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In step 4, a parametric study of PVAC systems with different capac
ities of PV and battery was conducted under different energy control 
strategies. The parametric simulation process was based on EnergyPlus 
and the Extreme Gradient Boosting (XGBoost) algorithm with Python. 
The PV capacity ranges from 90 to 210 kW with increments of 15 kW, 
the battery capacity ranges from 0 to 160 kWh with increments of 10 
kWh.

In step 5, a multi-objectives co-optimization method was presented 
for the PVAC systems. Two objective variables and four objective 
functions were carefully selected for the multi-objective optimization 
analysis by NSGA - II. Subsequently, the TOPSIS algorithm was 
employed to provide a single optimal solution for practical decision- 
making.

3.2. Optimized control strategies

The proposed energy control strategies prioritize real-time energy 
matching in PVAC systems to minimize PV curtailment and gird 
disturbance through a hierarchical three-stage approach. The load 
flexibility was first adopted according to the temporal and spatial oc
cupancy characteristics and thermal comfort temperature range. Then, 
the batteries were implemented to increase the real-time energy 
matching degree. Lastly, the interaction with the utility grid was 
considered to avoid the high cost of the system by oversized batteries.

3.2.1. Control strategy of load flexibility
The load flexibility strategy is optimized by considering spatial- 

temporal occupancy features that incorporate real-time load demand 
profiles in different rooms, thermal inertia of buildings, and occupancy 
comfort constraints. The total output capacities of AC units are 
dynamically matched to real-time PV generation. Then, the initial 
cooling energy distribution is determined by the temporal and spatial 

characteristics of the occupants' behavior and areas of different rooms. If 
the indoor temperature conditioned by PVAC systems deviates from the 
predefined thermal comfort temperature range, an energy redistribution 
is activated. In the redistribution strategy, the energy is shifted from the 
room with the lowest temperature to the room with the highest tem
perature. Energy is allocated in increments of 30 Wh at each interval, 
and the indoor temperature in each room is subsequently recalculated. 
The process continues until thermal comfort compliance is maximized. 
The utilization of load flexibility can effectively enhance the real-time 
energy matching without capital expenditure. Nevertheless, con
strained by the rated output capacity of the AC and thermal storage 
capacity of the envelopes, it is challenging to achieve 100 % real-time 
energy matching degree of the PVAC system.

3.2.2. Two-stage control strategy of load flexibility and battery
Battery integration can further increase the real-time energy 

matching combined with the load flexibility control strategy. The con
trol strategy of PVAC systems with load flexibility and battery was 
illustrated in Fig. 6. Firstly, the strategy initiates by identifying rooms 
requiring cooling based on the dynamic behavior of occupants. The in
door temperatures of each room were predicted by the load flexibility 
control strategy and XGBoost algorithm. Then, if there are rooms whose 
temperatures exceed the thermal comfort range and the battery has the 
capacity space for charging or discharging, the energy control strategy 
of batteries is activated. For overheating rooms, the battery discharges 
to increase the power output of AC units to decrease indoor tempera
tures. For overcooling rooms, the power output of AC units was curtailed 
with the surplus energy charging batteries. However, achieving 100 % 
real-time energy matching requires a large capacity battery, resulting in 
poor economic performance. To optimize the overall performance, it is 
highly advisable to consider interaction with the utility grid.

Fig. 6. Energy control strategy with load flexibility and battery.
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3.2.3. Three-stage control strategy of load flexibility, battery, and grid
Based on the optimized control strategy of load flexibility and bat

tery, the grid interaction strategy adopted in this study is self- 
consumption with surpluses, in which part of the PV generation is 
prioritized for on-site use, with excess energy exported to the grid. The 
energy control strategy of PVAC systems with load flexibility, battery, 
and utility grid was shown in Fig. 7. Under scenarios where batteries 
cannot balance system energy generation and consumption, the energy 
control strategy of the utility grid is activated. For overheating rooms, 
the system can draw a certain amount of electricity from the utility grid 
to increase the power output of the AC units. For overcooling rooms, the 
system can reduce the power output of the AC units, and the surplus PV 
generation can be fed into the grid.

3.3. 3E evaluation method

In this study, the capacity optimization of PV and batteries under an 
optimal three-stage control strategy of PVAC coupling system mainly 
aims to simultaneously increase the energy, economic, and environ
mental performance of the PVAC coupling system. During the capacity 
optimization process, a comprehensive evaluation method was devel
oped to assess the PVAC coupling system across energy (e.g., thermal 
comfort satisfaction ratio (TCSR) and grid cumulative action power 
(GPtotal)), economic (e.g., net present value (NPV) and payback period 
(PB)), and environmental aspects (emissions reduction (ER)).

3.3.1. Energy performance evaluation
In the PVAC system, the real-time PV generation was directly used to 

drive the air conditioning. Considering the load flexibility, if the indoor 
temperature conditioned by the PVAC system satisfies the indoor com
fort requirements, the moment can be regarded as the real-time energy 

matching hour. In this study, the energy performance evaluation indi
cator is the thermal comfort satisfaction ratio, which represents the ratio 
of real-time energy matching time to the total operating time of the AC. 
The calculation formula is presented in Eq. (5). The TCSR value varies 
within the range of 0 to 1. If the TCSR is lower than 1, it means that 
during the AC operation period, the PVAC system cannot completely 
satisfy the thermal comfort requirements of each room in the building. 

TCSR =

∑
tcomfort

∑
tAC

(5) 

Where, tcomfort represents the number of hours that the indoor temper
ature is in the thermal comfort temperature range, h.

In the grid-connected PVAC system, the indoor temperature condi
tioned by the PVAC system can fully satisfy the indoor comfort re
quirements. However, the energy fluctuations of the PVAC systems can 
impose a significant impact on the utility grid, involving the injection of 
excess PV generation into the grid and the power extraction of AC from 
the grid. In this study, the grid cumulative action power (GPtotal) was 
used to evaluate the energy performance of the grid-connected PVAC 
system. The calculation formula is presented in Eq. (6). 

GPtotal =
∑n

i=1
|Pi| (6) 

Where, Pi represents power uploaded to the grid or the power extraction 
from the grid, W; i represents the operation hour.

3.3.2. Economic performance evaluation
The economy of the PVAC system is crucial for its development. In 

this study, the economic evaluation indicators are net present value 
(NPV) and payback period (PB). NPV is calculated as the sum of the 

Fig. 7. Control strategy of load flexibility, battery, and utility grid.
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present values of all future cash inflows and outflows associated with an 
investment or project over its entire lifespan, as shown in Eq. (7) [59]. 
The PB consists of the static payback period (SPB) and dynamic payback 
period (DPB). SPB is the time needed to recover the initial investment 
through net earnings, without accounting for the time value of money, 
as shown in Eq. (8) [59]. The DPB considers the time value of money, as 
shown in Eq. (9) [59]. 

NPV =
∑N

n=0
(FCI − FCO)n(1 + k)− n (7) 

∑NS

n=0
(FCI − FCO)n = 0 (8) 

∑ND

n=0
(FCI − FCO)n(1 + k)− n

= 0 (9) 

Where N represents the operating years of the system; FCI represents the 
cash inflow; FCO represents the cash outflow; (FCI -FCI)n represents the 
cash flow in the n year; k is the discount rate.

3.3.3. Environmental performance evaluation
The adoption of the PVAC system can effectively reduce greenhouse 

gas emissions by decreasing the energy consumption of buildings. The 
environmental evaluation indicator is to minimize greenhouse gas 
emissions, especially CO2 emissions. The total CO2 emissions reduction 
(ER) is selected as the environmental indicator in this study, which is 
shown in Eq. (10). 

ER = (mCD +mCO2 +mSO2 +mNOx )× EPV (10) 

Where mCD、mCO2 、mSO2 、mNOx represent the masses of carbon dust, 
carbon dioxide, carbon dioxide, and nitrogen oxides produced by each 
kilowatt-hour of electricity generated by traditional thermal power 
plants.

3.4. Multi-objective capacity optimization of PV and battery

In this study, a multi-objective capacity optimization of PV systems 
and batteries is established considering energy, economic, and 

environmental benefits. The formulation of the optimization process 
composed of decision variables, objective functions as well as con
straints has been implemented. As shown in Fig. 8, the optimization 
process is principally composed of five sequential steps: pre-data input, 
system performance analysis, multi-objective optimization process, 
optimal solution decision-making process, and optimal solution output.

In the pre-data input stage, EnergyPlus serves as the core simulation 
tool, integrating diverse parameters including building attributes, 
weather data, PV and AC system models, and dynamic occupancy pat
terns across different rooms. This integration enables the software to 
simulate and output real-time data on PV power generation and AC 
energy consumption.

In the system performance stage, the energy, economic, and envi
ronmental performance of the PVAC systems was calculated with 
optimal energy control strategies and different capacities of PV systems 
and batteries. These performance datasets serve as critical inputs for 
subsequent multi-objective optimization algorithms.

In the multi-objective optimization stage, the comprehensive opti
mization model of PVAC coupling systems is established with four 
objective functions, two decision variables (PV capacity and battery 
capacity), and four constraint conditions. Subsequently, the relevant 
parameters of the NSGA-II algorithm are configured, which are shown in 
Table 6. Through the computation of the NSGA-II algorithm, a set of 
Pareto fronts, namely a series of alternative optimal solutions, can be 
derived.

In the optimal solution decision-making stage, the Shannon entropy 
method is employed to quantify the weights among different objective 
functions. Subsequently, the TOPSIS algorithm is utilized to allocate the 
corresponding weight values and compute the distance from each so
lution within the Pareto front to the ideal solution. Finally, all solutions 
are ranked based on their proximity to the ideal solution, and the 
optimal solution is thereby output.

In the final step, under the optimal three-stage control strategy, the 
optimal capacities of PV and batteries for the PVAC coupling system 
were successfully derived.

4. Results and discussion

4.1. Energy performance comparison for different PVAC systems

4.1.1. Energy performance of off-grid PVAC coupling system
Adopting load flexibility based on dynamic occupants' behavior and 

thermal comfort temperature range across different rooms and batteries 
significantly impacts the real-time energy performance of the PVAC 
systems. Besides the optimal energy control strategy of load flexibility 
and batteries, the varying capacities of PV systems and batteries also 
critically influence the indoor temperature conditioned by the PVAC 
coupling system. The details about the energy performance of the PVAC 
coupling systems with different capacities of PV systems and batteries 
are described as follows.

Fig. 9 shows the thermal comfort satisfaction ratio (TCSR) of the 
PVAC coupling systems with different capacities of PV systems and 

Fig. 8. Multi-objective optimization of the PVAC coupling system.

Table 6 
Basic Parameter Settings of NSGA-II.

Parameter Value

Number of Decision Variables 2
Number of Objective Functions 4
Population Size 1000
Number of Generations 200
Selection Method Tournament 

Selection
Number of Elite Individuals Preserved for the Next 

Generation
30

Crossover Probability 0.9
Mutation Probability 0.1
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batteries. When the PVAC systems are only equipped with load flexi
bility and varying PV capacities, TCSR initially rises with increasing PV 
capacity. The maximum TCSR value occurs when the PV capacity rea
ches 120 kW. With the optimal PV capacity, the ratio of total PV gen
eration to total AC energy consumption is only 0.8, demonstrating the 
load flexibility control strategy can effectively enhance the real-time 
energy performance of PVAC systems based on the dynamic behavior 
of occupants and thermal comfort requirements. When PV capacity is 
beyond 120 kW, excessive PV generation induces overcooling problems 
and causes a lower TCSR value.

As illustrated in Fig. 9, batteries can effectively increase the TCSR 
value. Under the premise that the PV capacity is 90 kW, the TCSR value 
can be improved by 2.04 % with a 10 kWh battery. When the battery 
capacity reaches 120 kWh, the TCSR value attains its peak of 79.80 %. 
Notably, although the TCSR gradually increases with the growth of 
batter capacity, its growth rate gradually decreases. When the battery 
capacity increases from 0 kWh to 20 kWh, the TCSR increases by 5.04 %. 
In contrast, when it increases from 140 kWh to 160 kWh, the TCSR only 
increases by 0.67 %. Under a fixed PV capacity, initial battery deploy
ment effectively adjusts real-time energy distribution to improve TCSR. 
However, oversized batteries encounter some issues. For instance, there 
may be insufficient PV generation to charge the battery. Moreover, with 
the implementation of the load flexibility control strategy, the AC en
ergy demand requirements for meeting the indoor thermal could be 
reduced to some extent, causing smaller capacity requirements of 
batteries.

Upon conducting a comprehensive analysis of PV capacity and bat
tery capacity, the TCSR value is affected in complex ways. At the optimal 
PV capacity of 120 kW, TCSR rises from 0.6878 to 0.7551 with 20 kWh 
battery deployment. However, when the battery capacity increases from 
140 kWh to 160 kWh, the increment of TCSR is only 0.0082. At 90 kW 
PV capacity, the increment of TCSR is smaller with the same increment 
of battery capacity. In addition, PV capacity shows different impacts on 
TCSR under different battery capacities. When the battery capacity is 
small, the increase in PV capacity has a relatively minor impact on TCSR. 
Conversely, when the battery capacity is large, the increase in PV ca
pacity exerts a more significant influence on TCSR. This nonlinear 
behavior underscores the necessity for co-optimizing PV and battery 
capacities. The optimal configuration consists of a 120 kW PV capacity 
and a 160 kWh battery capacity, enabling the TCSR to reach 94.29 %.

As shown in Fig. 9, it is evident that multiple combinations of PV 
capacity and battery capacity for the PVAC coupling system can achieve 
the same TCSR value. To clearly illustrate the relationship between PV 
and battery capacities under the same TCSR value, a contour plot has 

been created in Fig. 10. The horizontal axis represents the variation in 
PV capacity, and the vertical axis represents the change in battery ca
pacity. The TCSR values are denoted by contour lines and color gradi
ents, where warmer colors represent higher TCSR values and cooler 
colors represent lower ones. In terms of the overall change trends of PV 
capacity and battery capacity on TCSR value, an upward trend in PV 
capacity directly increases TCSR as augmented PV generation can meet 
more AC energy consumption. Meanwhile, an increment in battery ca
pacity also results in a rise in the TCSR, owing to the fact that batteries 
with larger capacities exhibit enhanced capabilities in regulating the 
energy matching degree of the PVAC system.

4.1.2. Energy performance of grid-connected PVAC coupling system
From the above discussion of the off-grid PVAC system coupled with 

load flexibility and batteries, it is difficult to fully satisfy the real-time 
indoor thermal comfort only by the PVAC coupling system. It still 
needs to rely on the power grid to supplement the insufficient power or 
absorb the excess power. The energy performance of the grid-connected 
PVAC coupling systems was evaluated by the grid cumulative action 
power (GPtotal) under different capacities of PV systems and batteries.

As shown in Fig. 11 and Fig. 12, an upward trend in PV capacity 
directly increases the GPtotal value. Given the inherent instability of PV 
generation, a PV system with a relatively high capacity may exert a 
greater impact on the utility grid. However, once the battery capacity 
surpasses 20 kWh, the GPtotal value initially decreases as the PV gener
ation rises. The reason is that a larger-capacity battery can mitigate the 
fluctuations in PV generation. The grid-connected PVAC coupling 

Fig. 9. The energy performance of PVAC coupling system with 
different capacities.

Fig. 10. The contour map of PVAC coupling system with different capacities.

Fig. 11. The energy performance of grid-connected PVAC coupling system with 
different capacities.
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system attains a higher level of energy matching, thereby reducing the 
impact on the utility grid. Nonetheless, as PV capacity continues to 
grow, the regulating capacity of batteries becomes inadequate to effec
tively mitigate the fluctuations in PV generation. Consequently, the 
GPtotal value of the PVAC coupling system begins to increase. When the 
PV capacity remains constant, an increase in battery capacity generally 
leads to a downward trend in the GPtotal. The integration of batteries can 
result in a reduction of 1002.4 kW in the GPtotal. This clearly demon
strates that an increase in battery capacity can effectively reduce the 
system's impact on the utility grid.

From Fig. 11, the minimum GPtotal value of 286.6 kWh is obtained 
through the combination of 105 kW PV capacity and 160 kWh battery 
capacity. As shown in Fig. 12, the TCSR value is relatively high under the 
capacity combination of PV systems and batteries. This implies that the 
interaction duration of the utility grid is shorter to optimize thermal 
comfort. Additionally, the low PV capacity results in a relatively small 

amount of power being interacted with the utility grid. This result un
derscores the necessity of implementing the optimal energy control 
strategy of load flexibility and batteries, as well as optimizing the ca
pacities of PV systems and batteries.

4.2. Economic performance comparison for different PVAC systems

4.2.1. Off-gird PVAC coupling system
Fig. 13 depicts the economic performance of PVAC coupling systems 

with varying capacities of PV systems and batteries. Regarding the 
overall trend, when the battery capacity remains constant, the net pre
sent value (NPV) shows a continuous upward trend as PV capacity in
creases. However, the growth rate of NPV generally exhibits a 
downward trend with the increment of PV capacity. With the fixed 
battery capacity, the increased PV generation can be used to meet AC 
energy consumption by the battery and load flexibility control strate
gies. Therefore, the NPV exhibits a substantial increase with the growth 
of the PV capacity. However, as the PV capacity continues to grow, the 
excess PV generation exceeds the battery's storage capacity and the 
limits of load flexibility, causing serious energy mismatching problems. 
Consequently, further increments in PV capacity led to a decline in the 
NPV growth rate. Under different battery capacities, the influence of PV 
capacity on the NPV is different. When the battery capacity is small, 
especially smaller than 20 kWh, an increase in PV capacity leads to a 
pronounced rise in the NPV. When the battery capacity is large, the 
increment of PV capacity results in a relatively small growth of NPV. 
When the battery capacity is excessively large while the PV capacity is 
small, the NPV turns negative. In the context of PVAC systems coupled 
with larger capacity batteries, real-time energy matching for the system 
can be achieved. However, the huge investment in batteries has a 
negative effect on NPV growth. Among the 153 capacity configuration 
combinations, the NPV reaches the peak of 356,600 CNY when the PV 
capacity is 210 kW and battery capacity is 0 kWh.

In the economic performance of PVAC coupling systems, the payback 
period is also a pivotal indicator. As shown in Fig. 14, with the increment 
of PV capacity, the static payback period (SPB) of PVAC systems coupled 
with batteries generally tends to shorten. When the PV capacity is zero, 

Fig. 12. The contour map of grid-connected PVAC coupling system with 
different capacities.

Fig. 13. The NPV of PVAC coupling system with different capacities.
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the payback periods tend to lengthen as the battery capacity increases. 
Since the energy mismatching problem can be more serious with merely 
increasing PV capacity, the economic efficiency of the PVAC system 
decreases. Under the fixed PV capacity, the increment of battery ca
pacity generally extends the SPB. Although large capacity batteries can 
alleviate energy mismatching issues, their high initial investment leads 
to a significant increase in the SPB value. Specifically, the shortest 
payback period of 6.03 years corresponds to the configuration where the 
PV capacity is 90 kW and the battery capacity is 0 kWh.

Compared with the SPB variation, the variation trends of the Dy
namic Payback Period (DPB) are similar. Nevertheless, the DPB values 
are generally higher than SPB values for the same combination of PV 
capacity and battery capacity. This divergence is primarily attributed to 
the DPB's incorporation of the time value of money. Compared with SPB, 
DPB is more sensitive to changes in PV capacity and battery capacity. 
The reason is that the time value of money magnifies the impact of cost 
and revenue changes at different time points through DPB calculations. 
From the DPB, the shortest payback period is 8.56 years with the same 
combination of PV and battery capacity.

4.2.2. Grid-connected PVAC coupling system
Fig. 15 depicts the economic performance of grid-connected PVAC 

coupling systems. In this mode, the excess PV generation can be fed into 
the grid to gain a certain quantum of revenue. Regarding the overall 

trend, under a fixed battery capacity, the net present value (NPV) shows 
a continuous upward trend as PV capacity increases. When the PV ca
pacity remains a constant value, the NPV shows a downward trend as 
battery capacity increases. The overall trend of grid-connected PVAC 
coupling systems is similar to that of off-grid PVAC coupling systems. 
Among the 153 capacity configuration combinations, the NPV reaches 
the peak of 370,500 CNY when the PV capacity is 210 kW and the 
battery capacity is 0 kWh. In general, since the grid-connected PVAC 
coupling system can sell excess PV generation for profit, the NPV value is 
higher than that of off-grid PVAC coupling systems under the same 
combination of PV capacity and the battery capacity. However, when 
the PV capacity is lower than 120 kW, the NPV value of the grid- 
connected PVAC coupling system is lower. With the low PV capacity, 
the import of electricity from the utility grid can enhance the grid- 
connected PVAC system's energy performance. Nevertheless, this prac
tice has a negative impact on economic viability, thereby resulting in a 
decreased NPV. With a larger PV capacity, the excessive PV generation 
can be sold for profit, the NPV value is higher than that of off-grid PVAC 
coupling systems.

As shown in Fig. 16, the SPB and DPB variations of the grid- 
connected PVAC coupling system are similar to those of off-grid PVAC 
coupling system. The shortest payback period is 6.03 years, which cor
responds to the configuration with a PV capacity of 105 kW and a bat
tery capacity of 0 kWh. The optimal PV capacity is larger than that of off- 
grid PVAC coupling systems with the shortest SPB and DPB.

4.3. Environmental performance comparison for different PVAC coupling 
systems

Fig. 17 depicts the emissions reduction variations of PVAC coupling 
systems with different PV capacities. Overall, increasing PV capacity has 
a positive impact on emission reduction (ER). As PV capacity grows, it 
displaces more electricity generation from fossil fuels, thereby reducing 
ER values. In terms of environmental performance, the optimal PV ca
pacity is 210 kW. At this capacity, the system can achieve a maximum 
emission reduction, including 45.79 tons of carbon dust, 167.84 tons of 
carbon dioxide, 5.05 tons of sulfur dioxide, and 2.53 tons of nitrogen 
oxides. The application of PVAC coupling systems offers a viable and 
efficient solution to mitigate environmental problems.

4.4. Multi-objectives capacity optimization for different PVAC coupling 
systems

From above performance analysis, there are significant conflicts 
among TSTR, GPtotal, NPV, and emissions reduction (ER). Thus, this 
study conducts a hierarchical multi-objective co-optimization for 

Fig. 14. The payback period of PVAC coupling system with different capacities. (a) Static payback period (b) Dynamic payback period.

Fig. 15. The NPV of grid-connected PVAC coupling system with 
different capacities.
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capacity design and control strategy. With the initial data and parame
ters setting above, the results set of Pareto front could be obtained via 
the optimization algorithm. The Pareto front of the multi-objective 
optimization is calculated by NSGA-II method.

4.4.1. Capacity optimization of off-grid PVAC coupling system
In the PVAC system coupled with load flexibility and batteries, the 

optimization objectives are TCSR, NPV, and ER. Based on the three 
objectives, the result set is presented in Fig. 18. Fig. 19 (a), (b), (c) shows 
the top view, left view, and right view of Fig. 18. During the optimiza
tion process, the TCSR spans from 65.43 % to 93.92 %, the NPV ranges 
from − 106,300 to 359,600 CNY, and the ER varies from 134.91 tons to 
221.21 tons. As illustrated in Fig. 19, an upward trend in TCSR was 
accompanied by a decline in both the system's economic performance 
and its emission reduction potential. In the context of ER and NPV, the 
Pareto front exhibited a relatively uniform distribution within a rect
angular domain. The optimal solution selected based on Pareto front is 
shown in Table 7.

As shown in Table 7, the optimal solution of NSGA-II based on the 
equal preference of three objective functions is obtained. Besides the 
single objective function driven based on the result of Pareto front is 
obtained as well, on the solution of TCSR driven, the TCSR is the highest 
in the Pareto front, enhancing 8.77 % than the optimal solution, but the 
performance of economy and pollution reduction is the worst. The so
lution of NPV driven has the best economic performance, but the TCSR 
value is 20.08 % smaller than the optimal solution. Lastly, the solution of 

ER driven produces the smallest emissions, sacrificing the economic and 
energy performance of the PVAC coupling system.

4.4.2. Capacity optimization of grid-connected PVAC coupling system
Based on the three objectives (GPtotal, NPV, and ER), the result set is 

presented in Fig. 20. Fig. 21 (a), (b), (c) depicts the top view, left view, 
and right view of Fig. 21. During the optimization process, the GPtotal 
spans from 381.56 kW to 3578.77 kW, the NPV ranges from − 147,000 to 
373,400 CNY, and the ER varies from 110.34 tons to 221.21 tons. As 
shown in Fig. 21, the Pareto fronts of ER and NPV, as well as GPtotal and 
NPV, are nearly uniformly distributed within a rectangular plane. There 
are no distinct positive or negative correlations between these pairs. 
From Fig. 21 (c), there is a significant correlation between GPtotal and 
ER. As the ER value increases, the impact on the utility grid intensifies. 
The main reason is that the values of GPtotal and ER are positively 
correlated with PV capacity. A higher PV capacity results in a larger ER 
value, which in turn leads to a more substantial impact on the utility 
grid. The optimal solution selected based on Pareto front is shown in 
Table 8. As shown in Table 8, the solution of NPV driven has the best 
economic performance, but the GPtotal is 1779 kW larger than the 
optimal solution. For the solution of ER driven, it produces the smallest 
emissions, sacrificing the energy performance of the PVAC coupling 

Fig. 16. The payback period of grid-connected PVAC coupling systems with different capacities. (a) SPB (b) DPB.

Fig. 17. The environmental performance of PVAC coupling system with 
different capacities.

Fig. 18. Pareto front.
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system. The optimal solution has a great performance covering energy 
matching, economics, and pollution emissions, which can reduce GPtotal 
by 1779 kW. This study provides capacity design methodologies and 
control strategies to achieve multi-objective optimization of PVAC sys
tems, offering implementation guidance for grid-tied solar photovoltaic 
applications.

5. Conclusions

The PV driven air conditioning system integrated with load flexi
bility, batteries, and grid interaction offer a viable pathway to achieve 
zero-energy and carbon-neutral buildings. This research has developed a 
hierarchical multi-objective co-optimization framework for capacity 
design and control strategy of PVAC systems considering energy, eco
nomic, and environmental objectives comprehensively. In the frame
work, a three-stage optimization control strategy of load flexibility, 
batteries and utility grids was proposed based on spatial-temporal 

occupancy features and thermal comfort and different grid interaction 
mechanisms. The multi-objective optimized capacities of PV and bat
teries was obtained by integrating Non-dominated Sorting Genetic Al
gorithm (NSGA-II). The key conclusions are as follows: 

(1) A three-stage control strategy based on spatial-temporal occu
pancy features was developed to enhance real-time energy 

Fig. 19. Top, Left, and Right view of Pareto front.

Table 7 
Optimal solutions based on Pareto front.

PV capacity 
(kW)

Battery 
capacity 
(kWh)

TCSR 
(%)

NPV 
(×104CNY)

ER 
(ton)

TCSR 
driven

120 160 94.29 − 12.34 126.41

NPV driven 210 0 64.69 35.66 221.21
ER driven 210 0 64.69 35.66 221.21
Optimal 

solution
158.79 74.1 85.52 12.38 167.26

Fig. 20. Pareto front for grid-connected PVAC coupling systems.
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matching. By dynamically adjusting cooling distribution across 
offices, meeting rooms, and classrooms according to occupant 
behavior patterns and thermal comfort ranges, the strategy re
duces required PV capacity by 24 % while maintaining 85.52 % 
TCSR. This strategy mitigates energy mismatches caused by 
insufficient utilization of load flexibility and reduces the reliance 
on oversized batteries or excessive grid interactions.

(2) A unified 3E (energy-economic-environmental) evaluation 
method was established to balance conflicting objectives during 
optimization process. Specifically, a 10 % improvement in TCSR 
necessitates a 25,000 CNY battery investment while achieving 12 
tons of emission reductions. For off-grid systems, the optimized 
configuration attained 85.52 % TCSR with 123,800 CNY of NPV 
and 167.26 tons of ER. For grid-connected systems, the optimized 
system achieved 1861.8 kW of GPtotal with 148,300 CNY of NPV 

and 174.70 tons of ER. This evaluation method provides a sys
tematic approach to balance energy matching, economic feasi
bility, and environmental performance throughout PVAC system 
implementation.

(3) A hierarchical multi-objective co-optimization framework was 
proposed for capacity design and control strategy of PVAC 
coupling systems. For off-grid systems, the optimized PV capacity 
and battery capacity are 158.79 kW and 74.1 kWh. For grid- 
connected systems, the corresponding capacities are 165.88 kW 
and 71.26 kWh. The proposed methodology provides a practical 
tool for zero-energy building design and energy control by sys
tematically addressing conflicting objectives.

In our future work, the research will be extended in three directions. 
Firstly, scaling to building clusters will be achieved through the explo
ration of collaborative optimization mechanisms for multi-building 
PVAC systems, which incorporate inter-building energy sharing and 
load interaction. Secondly, grid demand response strategies will be in
tegrated to investigate dynamic scheduling of PV generation, battery 
storage, and flexible AC loads in response to real-time electricity prices 
and grid load signals. Thirdly, building envelope parameters (e.g., heat 
transfer characteristics, window-wall ratio, orientation) will be opti
mized to minimize cooling loads and improve PV-load matching for 
integrated net-zero solutions.

Fig. 21. Top, Left, and Right view of Pareto front.

Table 8 
Optimal solutions for grid-connected PVAC coupling systems.

PV 
capacity 
(kW)

Battery 
capacity 
(kWh)

NPV 
(×104CNY)

ER 
(ton)

GPtotal 

(kW)

NPV 
driven

210 0 37.05 221.21 3640.8

ER driven 210 0 37.05 221.21 3640.8
GPtotal 

driven
105 160 − 14.93 110.61 286.6

Optimal 
solution

165.88 71.26 14.83 174.7 1861.8
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Abbreviations

3E Energy, economic, and 
environmental

SOC State of charge
SPB Static payback period

AC Air conditioner SS Self-sufficiency
CNY Chinese Yuan TCSR Thermal comfort satisfaction 

ratio
COP Coefficient of 

performance
TCTR Thermal comfort temperature 

range
DPB Dynamic payback period TOPSIS Technique for Order Preference 

by Similarity to an Ideal 
Solution

ER Emission reduction

GP Grid action power XGBoost Extreme Gradient Boosting
HVAC Heating, ventilation, and 

air conditioning
ZEBs Zero energy buildings

LCOE Levelized cost of energy Subscripts
MOO Multi-objective 

optimization
AC Air conditioner

NPV Net present value b Battery
NSGA- 

II
Non-dominated sorting 
genetic algorithm-II

ch Charging

PB Payback period dis Discharging
PCM Phase change materials g Grid
PTPS Part time part space PV Photovoltaic
PV Photovoltaic Nomenclatures
PVAC Photovoltaic driven air 

conditioner
η Efficiency (%)

RZEP Real-time zero energy 
probability

m Mass (kg)

SC Self-consumption obj Objective functions
SF Solar factor P Power (kW)
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