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ABSTRACT: Flexible interconnection among different building types holds significant importance for 
integrating distributed energy resources, mitigating regional load peak-valley differences, and enhancing 
the local consumption capacity of renewable energy. Addressing the issue of insufficient multi-energy 
synergy in multi-building clusters, this paper proposes a bi-level optimal configuration method for flexible 
interconnected energy systems that accounts for multi-energy complementarity. By constructing a 
comprehensive multi-energy flow model encompassing all elements of source, network, load, storage, and 
conversion, a bi-level optimization framework is established. The upper level aims to minimize total 
lifecycle cost and carbon emissions, while the lower level targets maximizing the renewable energy self-
consumption rate and minimizing daily operational cost. An improved NSGA-II algorithm integrating Lévy 
flight and a good point set is employed for an efficient solution. Simulation results demonstrate that the 
proposed scheme can achieve cross-spatiotemporal energy transfer and multi-energy collaborative 
optimization. In a typical summer day scenario, the system’s renewable energy self-consumption rate 
increased to 96.20%, operational cost was reduced by 8.83%, and carbon emissions decreased by 10.18%, 
validating the effectiveness and superiority of the method in improving energy utilization efficiency and 
supporting the low-carbon and economic transition of regional building systems. The outcomes of this study 
can provide theoretical support and engineering reference for the low-carbon, economical, and efficient 
planning of multi-building energy systems. 

Keywords: Building energy systems; Flexible interconnection; Multi-energy complementarity; Bi-level 
optimization; Low-carbon operation 
 

1. Introduction 

Driven through the dual objectives of the “Dual Carbon” goals and the construction of new power 
systems, the building sector, as a major contributor to energy consumption and carbon emissions, has 
become a critical focal point for optimizing the energy structure [1]. According to the “China Urban and 
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Rural Construction Sector Carbon Emissions Research Report (2024 Edition)”, energy consumption during 
the building operation phase accounts for 22.0% of China’s total societal energy consumption, with 
operational carbon emissions reaching 2.31 billion tonnes of CO2, representing 21.7% of the nation’s 
energy-related carbon emissions. On 12 March 2024, the National Development and Reform Commission 
and the Ministry of Housing and Urban-Rural Development issued the “Work Plan for Accelerating Energy 
Saving and Carbon Reduction in the Building Sector” (State Council Document [2024] No. 20), explicitly 
advocating for accelerated progress in this area. Furthermore, the “Guiding Opinions on the High-Quality 
Development of Distribution Networks under the New Situation” (NDRC Energy [2024] No. 187) explicitly 
calls for building a new type of distribution system that is flexible, adaptable, and intelligently integrated, 
facilitating its transition from a unidirectional radial network to a bidirectional interactive platform. 

Amid the growing urgency for low-carbon transformation in the building sector, traditional individual 
buildings often require the independent configuration of energy storage equipment to cope with fluctuations 
in cooling, thermal, electrical, and gas loads, as well as the intermittency of distributed renewable energy 
[2,3]. This approach not only leads to redundant equipment investment and overcapacity [4], failing to meet 
the imperative of efficient resource utilization for low-carbon transition, but also, due to the limited 
regulation capacity of single buildings, exacerbates challenges related to renewable energy integration and 
regional load peak-valley differences [5]. A typical manifestation is the temporal mismatch between 
residential nighttime electricity demand troughs and commercial daytime cooling demand peaks. In contrast, 
multi-building flexible interconnection establishes cross-building collaborative networks [6]. This enables, 
on one hand, the efficient sharing of energy storage resources: utilizing storage to mitigate renewable 
energy output fluctuations in commercial buildings during the day, and transferring stored electricity to 
residential areas at night to meet their demand, thereby reducing renewable energy curtailment and reliance 
on fossil fuel-based backup power. On the other hand, it facilitates the linkage of PV, storage, energy 
conversion, and other equipment to establish a cooling-thermal-electrical-gas multi-energy 
complementarity mechanism. Concurrently, it reduces redundant investment by sharing capacity for key 
equipment, such as transformers, and lowers electricity procurement costs through arbitrage of time-of-use 
electricity prices [7,8]. This approach reduces carbon emissions from both resource allocation and 
operational efficiency perspectives. Ultimately, it clearly enhances the self-consumption rate of renewable 
energy, reduces system operational costs, and markedly decreases the system’s total lifecycle cost and 
carbon emissions. This effectively addresses the core issues of insufficient multi-energy coordination and 
the difficulty in balancing economic benefits during building electrification, aligning deeply with the 
fundamental requirements of low-carbon transformation in the building sector. 

Although existing research has yielded useful insights into building energy optimization, clear gaps 
remain in addressing core challenges, such as insufficient multi-energy synergy [9], conflicts between 
planning and operational objectives [10], and the lack of cross-building resource dispatch mechanisms [11]. 
Reference [12] focuses on operational dispatch for low-carbon building energy management and proposes 
an interval multi-objective optimization method based on deep reinforcement learning. While it achieves 
low-carbon regulation in single-building scenarios, it is confined to the operational stage. It does not address 
equipment capacity configuration in the planning phase, failing to provide full-cycle assurance for long-
term system economy and low-carbon performance. Reference [13] focuses on the design of an electricity-
hydrogen multi-energy microgrid that integrates wind, solar, and storage to meet building electricity and 
heat demands. However, it omits cooling loads and gas energy conversion equipment and is limited to 
optimization within a single microgrid, lacking a cross-building energy interconnection mechanism, which 
hinders its applicability to collaborative multi-building cluster scenarios. Reference [14] proposes a 
building cloud energy storage management architecture to reduce operational costs, but its optimization 
scope is narrowly focused on cost control during operation, without addressing the capacity configuration 
of core facilities like energy storage and multi-energy conversion devices in the planning stage. This results 
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in a lack of long-term stability support and an inability to balance the conflict between planning costs and 
operational economy. Reference [15] introduces a two-stage planning model for smart buildings; however, 
the planning process and real-time operational dispatch lack dynamic linkage, preventing effective 
responses to stochastic fluctuations in loads and renewable energy sources, which can lead to a disconnect 
between the planning scheme and actual operational needs. Reference [16] designs a building energy 
priority allocation strategy based on distributed model predictive control, ensuring supply to high-demand 
areas, but it does not quantify the system’s full-chain carbon emissions and focuses solely on internal 
building energy allocation without addressing cross-building resource coordination, thus offering limited 
support for the low-carbon transition of regional building clusters. Reference [17] addresses the 
optimization of operational costs and comfort for off-grid hydrogen-based building energy systems, but the 
employed solution algorithm lacks enhancements to improve global search efficiency and convergence 
precision in multi-objective optimization. Furthermore, its confinement to off-grid scenarios renders it 
unsuitable for the grid-connected operation requirements of multi-building flexible interconnection. 

Addressing the limitations of existing research, which often focuses on single-building energy system 
optimization, employs limited multi-energy coordination dimensions, separates planning and operational 
stages, and exhibits low solving efficiency in complex multi-objective scenarios, this paper, grounded in 
the core demand for synergistic low-carbon and economical operation of multi-building energy systems, 
undertakes three key research initiatives: 

1. Expanding beyond single-building model boundaries by incorporating flexible interconnection devices 
into the multi-energy flow network, constructing a comprehensive “source-grid-load-storage-
conversion” multi-building flexible interconnected multi-energy flow model, and defining core 
security constraints. 

2. Innovatively developing a planning-operation bi-level progressive optimization framework: the upper 
level optimizes equipment configuration with the dual objectives of total lifecycle economy and full-
chain carbon emission reduction, addressing the imbalance between redundancy/waste and low-carbon 
targets in traditional configuration approaches. The lower level optimizes dispatch strategies with the 
dual objectives of renewable energy self-consumption rate and typical daily operational economy, 
optimizing real-time energy scheduling. This achieves synergistic unity between long-term 
configuration rationality and short-term operational efficiency of the system. 

3. Tackling the issues of local optima and low convergence efficiency in multi-objective optimization by 
introducing Lévy flight distribution and good point set theories to enhance the NSGA-II algorithm, 
improving global search efficiency and accuracy. Combined with the fuzzy membership degree method 
to reflect decision-maker preferences, the feasibility of the scheme is validated through simulations on 
differentiated building clusters, providing theoretical and engineering support for regional building 
energy system planning. 

2. Multi-Building Interconnected System Modeling 

2.1. System Architecture 

This study considers a flexible interconnection scenario for multi-type building energy systems 
involving multi-energy complementarity. The system structure is shown in Figure 1. It mainly includes 
cooling, thermal, electrical, and gas loads, photovoltaic (PV) units, and a wind turbine. (WT) units, energy 
storage systems (ESS), flexible interconnection devices (FID), as well as energy conversion devices such 
as gas-to-heat (G2H), power-to-heat (P2H), and power-to-cold (P2C). 
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Figure 1. Flexible Interconnection Architecture of the Building Energy System. 

2.2. Photovoltaic Model 

A photovoltaic power generation system typically consists of three parts: the PV array module, the 
inverter, and the controller. The output power of the PV array is primarily determined by solar radiation 
energy and the operating temperature of the PV cells. The specific expression is as follows [18]: 
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where: PPV(t) represents the PV output power; PSTC represents the maximum power under standard test 
conditions (incident irradiance GSTC = 1000 W/m2, reference ambient temperature TSTC = 25 °C); GT 
represents the actual solar irradiance at time t; GSTC represents the solar irradiance under standard test 
conditions; kc represents the power temperature coefficient; Tc represents the actual operating temperature 
of the PV modules; TSTC represents the operating temperature under standard test conditions. 

2.3. Wind Turbine Model 

The blades of a wind turbine capture part of the energy from the airflow and convert it into rotational 
kinetic energy, which is then further converted into electrical energy through the generator. Assuming no 
difference in wind speed acquisition between different units for now, the output power of the wind turbine 
needs to be characterized using a segmented curve, with the specific form as follows [19]: 
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where: PWT(v) represents the wind power output; PN 
WT represents the rated power of a single wind turbine 

unit; vc, vf, and vN represent the cut-in wind speed, cut-out wind speed, and rated wind speed, respectively. 
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If the microgrid contains N identical wind turbines, the average output power of wind power generation 
over a certain period T can be expressed as: 
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where: f(v) is the probability density function described using the two-parameter Weibull distribution, where 
k (k > 0) is the shape parameter of the distribution, and c (c > 1) is the scale parameter of the distribution. 

2.4. Electrical Storage Model 

To protect the storage battery and extend its service life as much as possible, it is necessary to avoid 
simultaneous charging and discharging of the battery. Therefore, constraints must be applied to its charging 
and discharging states as follows: 

1)()(0  tBtB D
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C
ES  (5)

where: BC 
ES(t) and BD 

ES(t) are the charging state and discharging state of the energy storage device at time t, 
respectively, both taking values of 0 or 1; when BC 

ES = 0, it indicates the energy storage device is in the 
discharging state, and when BC 

ES = 1, it indicates the energy storage device is in the charging state. The 
meaning of BD 

ES is opposite to that of BC 
ES. 

In the energy storage device model, the influence of temperature on battery capacity is neglected, and 
the charging and discharging currents are assumed to remain constant over a unit time step. The state of 
charge (SOC) represents the ratio of the remaining capacity of the battery to its total capacity. When the 
battery is in the charging state, its SOC update formula is as follows [20]: 
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where: SOC(t + 1) and SOC(t) represent the remaining capacity of the battery at the corresponding time 
intervals, respectively; SES is the installed capacity of the energy storage system, in kWh; PC 

ES(t) and PD 
ES(t) 

are the charging power and discharging power at time interval t, respectively; ηC 
ES and ηD 

ES correspond to the 
charging efficiency and discharging efficiency of the battery, respectively. 

2.4.1. Energy Storage Charge/Discharge Power Constraints 

Considering that excessively high power may lead to safety hazards such as thermal runaway and 
internal short circuits in the energy storage device, the following constraints are imposed on the charge and 
discharge power of the energy storage device: 

maxmin )( ESESES PtPP   (7)

where: Pmin 
ES  and Pmax 

ES  represent the lower and upper limits of the energy storage power constraint, respectively; 
PES(t) represents the charge/discharge power of the energy storage device at time t. When PES(t) is positive, it 
indicates the storage is discharging; when PES(t) is negative, it indicates the storage is charging. 
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2.4.2. Energy Storage State of Charge (SOC) Constraint 

Considering that excessively high power may lead to safety hazards such as thermal runaway and 
internal short circuits in the energy storage device, the following constraints are imposed on the charge and 
discharge power of the energy storage device: 

maxmin )( OCOCOC StSS   (8)

where: SOC(t) is the state of charge of the energy storage device; Smin 
OC  and Smax 

OC  are the lower and upper 
limits of the state of charge, respectively. 

Furthermore, after a complete time cycle, to ensure the cyclic operational stability of the energy storage, 
its state of charge needs to return to the initial value, specifically satisfying: 

    nTSTnS OCOC 1  (9)

where: T represents a complete cycle. The above equation ensures that the energy storage capacity is equal 
at the beginning and end of the dispatch cycle, facilitating cyclic scheduling of the storage. 

2.4.3. Energy Storage Ramp Power Constraint 

To avoid excessive power fluctuations of the energy storage device affecting system stability, its ramp 
power needs to be constrained, with the specific form as follows: 

tPtPtPtP up
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where: Pup 
ES and Pdown 

ES  are the upper and lower limits of the ramp rate, respectively. 

2.5. Flexible Interconnection Device Model 

Firstly, it is necessary to avoid the simultaneous occurrence of power inflow and outflow at the same 
port of the flexible interconnection device. Therefore, constraints must be applied to its states as follows: 
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where: Bin,i 
FID(t) and Bout,i 

FID (t) are the power inflow state and power outflow state of port i of the flexible 
interconnection device at time t, respectively, both taking values of 0 or 1; when Bin,i 

FID = 0, it indicates that 
port i of the flexible interconnection device is in the power inflow state, and when Bin,i 

FID = 1, it indicates that 
port i of the flexible interconnection device is in the power outflow state. The meaning of Bout,i 

FID  is opposite 
to that of Bin,i 

FID. 

2.5.1. FID Power Balance Constraint 
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where: N is the number of ports with power inflow into the flexible interconnection device at time t; M is 
the number of ports with power outflow from the flexible interconnection device at time t; Pin,i 

FID is the inflow 
power at port i of the flexible interconnection device at time t; Pout,j 

FID  is the outflow power at port j of the 
flexible interconnection device at time t; η in 

FID  and η out 
FID  correspond to the power inflow transmission 

efficiency and power outflow transmission efficiency of the flexible interconnection device, respectively. 
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2.5.2. Transmission Power Constraint 

max0 FID
t

FID PP   (13)

where: Pmax 
FID  is the maximum transmission power of the flexible interconnection device; PFID(t) is the 

transmission power of the flexible interconnection device during time interval t. 

2.6. Energy Conversion Equipment Model 

Without affecting the methodology of this paper, the ramp rates of the power-to-heat, power-to-cold, 
and gas-to-heat devices are temporarily not considered, and it is assumed that the energy conversion devices 
operate at. constant output within the minimum dispatch time interval. Start-stop control with “either 0 or 
1” states is used for stepwise regulation. The energy consumption modeling of the energy conversion 
equipment is as follows. 

The total power consumed through the power-to-heat device is: 
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where: PE2H(t) represents the total power consumed by the power-to-heat device at time t; NE2H represents 
the total number of power-to-heat devices; Pj 

E2H represents the rated power of the j-th power-to-heat device; 
Bj 

E2H(t) represents the start-stop variable of the j-th power-to-heat device at time t, where Bj 
E2H(t) = 0 indicates 

the shutdown state, and Bj 
E2H(t) = 1 indicates the operating state. 

Considering the electrical-to-thermal conversion efficiency, its output thermal power is as follows: 

)()( 222 tPtH HEHEHE   (15)

where: HE2H(t) represents the output thermal power of the power-to-heat device at time t; ηE2H represents 
the electrical-to-thermal conversion efficiency of the power-to-heat device. 

The total power consumed through the power-to-cold device is: 
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where: PE2C(t) represents the total power consumed by the power-to-cold device at time t; NE2C represents 
the total number of power-to-cold devices; Pj 

E2C represents the rated power of the j-th power-to-cold device; 
Bj 

E2C(t) represents the start-stop variable of the j-th power-to-cold device at time t, where Bj 
E2C(t) = 0 indicates 

the shutdown state, and Bj 
E2C(t) = 1 indicates the operating state. 

Considering the electrical-to-cooling conversion efficiency, its output cooling power is as follows: 

)()( 22 tPCtC CEOPCE   (17)

where: CE2C(t) represents the output cooling power of the power-to-cold device at time t; COP represents 
the coefficient of performance of the power-to-cold device. 

The output thermal power of the gas-to-heat device is: 

LHVHGHGHG QtFtH )()( 222   (18)

where: HG2H(t) represents the output thermal power of the gas-to-heat device at time t; ηG2H represents the 
gas-to-thermal conversion efficiency of the gas-to-heat device; FG2H(t) represents the natural gas 
consumption of the gas-to-heat device at time t, in m3; QLHV represents the lower heating value of natural 
gas, taken as 37.62 MJ/Nm3 in this paper. 
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3. Bi-Level Optimization Model 

3.1. Upper-Level Model 

The upper-level model is responsible for solving the optimal configuration problem of minimizing the 
total lifecycle cost and full-chain carbon emissions of the. multi-building energy system over the planning 
period. Decision variables include the configured capacity of energy storage and the configured capacity of 
flexible interconnection devices. 

3.1.1. Objective Function 

The upper-level mathematical model can be expressed as: 

min𝐹௨௣ ൌ ሼ𝑓ଵሺ𝑥ሻ,𝑓ଶሺ𝑥ሻሽ (19)

where: Fup is the objective function of the upper-level optimization configuration model; f1(x) is the system 
total lifecycle cost; f2(x) is the full-chain carbon emission. 

The total lifecycle cost of the building energy system includes electricity sales revenue, energy 
purchase costs, investment costs, and operation and maintenance costs. 

𝑓ଵሺ𝑥ሻ ൌ 𝐶ௌா െ 𝐶஻௎ െ 𝐶ூே െ 𝐶ைெ (20)

where: CSE represents electricity sales revenue; CBE represents energy purchase cost; CIN represents 
investment cost; COM represents operation and maintenance cost. 
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where: Y is the planning horizon; k is the number of planning scenarios; Tl is the number of days in the l-th 
planning scenario of the year; cE 

SE(t) represents the unit power electricity sales revenue at time t, in yuan/kW; 
PE 

SE(t) represents the electricity sales power at time t, in kW. 
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where: cE 
buy(t) represents the unit power electricity purchase cost at time t, in yuan/kW; PE 

buy(t) represents the 
electricity purchase power at time t, in kW; cG 

buy(t) represents the unit volume gas purchase cost at time t, in 
yuan/m3; VG 

buy(t) represents the gas purchase volume at time t, in m3; cH 
buy(t) represents the unit power heat 

purchase cost at time t, in yuan/kW; HH 
buy(t) represents the heat purchase power at time t, in kW. 
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where: cIN 
ES  represents the unit capacity investment cost of energy storage, in yuan/kW; SIN 

ES  represents the 
configured capacity of energy storage, in kW; cIN 

FID represents the unit power investment cost of the flexible 
interconnection device, in yuan/kW; PIN 

FID represents the configured power of the flexible interconnection 
device, in kW. 
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where: cOM 
PV  represents the unit power O&M cost of photovoltaics, in yuan/kW; cOM 

WT  represents the unit 
power O&M cost of wind turbines, in yuan/kW; cOM 

ES  represents the unit power O&M cost of energy storage, 
in yuan/kW. 
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The full-chain carbon emissions of the building energy system include carbon sources from grid 
electricity purchase, gas network gas purchase, and heat network. heat purchase. The total system carbon 
emissions equal the sum of the respective energy consumption multiplied through the corresponding 
dynamic carbon emission factors. 
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where: eE(t) represents the carbon emission factor for grid electricity purchase at time t, in kgCO2/kW; eG(t) 
represents the carbon emission factor for gas network gas purchase at time t, in kgCO2/kW; eH(t) represents 
the carbon emission factor for heat network heat purchase at time t, in kgCO2/kW. 

3.1.2. Constraints 

Equipment Installation Capacity Constraints 

max0 ESES SS   (26)

max0 FIDFID SS   (27)

where: Smax 
ES  is the upper limit of the energy storage system installation capacity, in kWh; SFID is the 

installation capacity of the flexible interconnection device, in kWh; Smax 
FID  is the upper limit of the flexible 

interconnection device installation capacity, in kWh. 

System Electrical Power Balance Constraint 
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System Thermal Power Balance Constraint 

)()()()( 22 tHtHtHtH LHEHG
H
buy   (29)

where: HH 
buy(t) represents the purchased heat power from the heat network at time t; HL(t) represents the 

system thermal load power at time t. 

System Cooling Power Balance Constraint 

)()(2 tCtC LCE   (30)

where: CL(t) represents the system cooling load power at time t. 

Photovoltaic and Wind Power Output Constraints 

)()(0 tPtP pre
WTWT   (31)
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)()(0 tPtP pre
PVPV   (32)

where: Ppre 
PV (t) represents the forecast PV output power at time t; Ppre 

WT (t) represents the forecast wind power 
output at time t. 

3.2. Lower-Level Model 

The lower-level model takes the optimal configuration solution from the upper-level model as 
constraints and is responsible for solving the optimal operation problem of maximizing the renewable 
energy self-consumption rate and minimizing the typical daily comprehensive operation cost of the multi-
building energy system. Decision variables include the power purchased. from the upper-level grid, heat 
input power from the upper-level heat network, gas volume input from the upper-level gas network, power 
consumed by power-to-heat devices, power consumed by power-to-cold devices, heat output power from 
gas-to-heat devices, charge/discharge power of energy storage, and power transferred by flexible 
interconnection devices. 

3.2.1. Objective Function 

The lower-level mathematical model can be expressed as: 

 )(),(min 43 xfxfFdown -  (33)

where: Fdown is the objective function of the lower-level optimization configuration model; f3(x) is the 
renewable energy self-consumption rate; f4(x) is the typical daily comprehensive operation cost. 

The renewable energy self-consumption rate of the building energy system is the ratio of the sum of 
the electricity directly supplied to the building. loads by renewable energy generation and the electricity 
indirectly supplied to building loads via energy storage, after being stored, to the total building load: 






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tPtPtP
TR  (34)

where: Rnew is the renewable energy self-consumption rate; PPV 
L (t) represents the PV generation directly 

supplying the building load at time t; PWT 
L (t) represents the wind power generation directly supplying the 

building load at time t; (t) represents the renewable energy generation supplied to the building load 
via energy storage after being stored at time t; Pall 

L (t) represents the total building load at time t. 
The typical daily comprehensive operation cost of the building energy system includes electricity sales 

revenue, energy purchase cost, and wind/solar curtailment penalty cost. 
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 (35)

where: Cday 
SE  represents the daily electricity sales revenue; Cday 

BU  represents the daily energy purchase cost; Cday 
PN  

represents the daily wind and solar curtailment penalty cost; cPN 
PV  represents the unit power curtailment penalty 

cost for PV, in yuan/kW; cPN 
WT  represents the unit power curtailment penalty cost for WT, in yuan/kW; PPN 

PV  
represents the curtailed PV power, in kW; PPN 

WT represents the curtailed wind power, in kW. 
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3.2.2. Constraints 

Shiftable Load Constraint 

Only designated shiftable loads can participate in demand response. The shiftable load within the 
response period cannot exceed the specified limit for shiftable loads. The daily total of shiftable loads is 
only allowed to be shifted in time sequence, not increased or decreased. 

)()(0 TT tMtm LL   (36)

)()()()()( tPtPtmtPtm LL
N
LL

T
L   (37)

where: mT 
L (t) represents the proportion of shiftable load at time t; MT 

L (t) represents the upper limit of the 
shiftable load proportion at time t; mN 

L (t) represents the proportion of non-interruptible load at time t. 

Interaction Power Constraint 

Excessively high reverse power flow from renewable energy generation can adversely affect grid 
stability; therefore, there are restrictions on the reverse power flow from renewable sources. 

buy
grid

E
buy

sell
grid PtPP  )(  (38)

where: Psell 
grid represents the maximum reverse power sold from the building energy system to the external 

grid; Pbuy 
grid  represents the maximum power purchased by the building energy system. 

4. Model Solution 

4.1. Solution Algorithm 

Unlike general single-objective optimization problems, multi-objective optimization problems cannot 
find a single optimal solution. According to Pareto theory, the optimal solution is a set of solutions. and the 
curve formed in the solution space is called the Pareto front. First, the multi-objective optimization problem 
of the building energy system is described as follows: 

 













qjxgxgxg

pixh

FF

jjj

i

downup

,...,3,2,1),()()(

,...,3,2,1,0)(

,min

maxmin

 (39)

where: hi(x) = 0 are equality constraints, and gmin 
j (x) ≤ gj (x) ≤ gmax 

j (x) are inequality constraints. Traditional 
multi-objective optimization algorithms combine multiple objectives into a single objective function 
according to certain weight coefficients. However, the weight coefficients are often determined by 
empirical values. Given the deep coupling of core contradictions in building energy systems, using weight 
coefficients to solve building energy system optimization problems yields unsatisfactory results. 

Therefore, this paper adopts a hybrid solution strategy combining Lévy flight distribution and a good 
point set with NSGA-II to solve the multi-objective bi-level optimization configuration problem of the 
building energy system. The model solution process is shown in Figure 2. The good point set is used for 
population initialization, which can generate an initial population uniformly distributed within the search 
space, clearly improving initial population diversity and thus avoiding premature convergence to local 
optima. The model parameters are set as follows: initial population size is 200, maximum number of 
iterations is 1000. The crossover probability is 0.8, and the mutation probability is 0.2. The parameters α 
and β for the Lévy distribution are dynamic optimization parameters. In the early iterations, α is set to 1.5 
and β to 0.5; in the later iterations, α is set to 0.5 and β to 1.5. 
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Among them, the Lévy distribution is used to improve the mutation operator. It possesses the 
characteristics of short-distance, small-step exploration and long-distance, large-step jumps, which can 
effectively balance the local refined search capability and global exploration capability of NSGA-II. To 
prevent the large steps of the Lévy distribution from disrupting convergence in the later stages of the 
algorithm, parameters can be dynamically adjusted: in the early iterations, β takes a smaller value and. α is 
larger, favoring more large steps to enhance global exploration; in the later iterations, β increases and α 
decreases, favoring small steps for fine-tuning and focusing on local development. For the complex non-
convex search space formed by multi-energy flow coupling, flexible device output constraints, and regional 
load fluctuations in the multi-building interconnected system, this improvement helps the algorithm 
effectively escape local optima and increases the probability of finding the global Pareto optimal solution. 

Start
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distributed individuals using Good Point Set to 

enhance population diversity

Calculate current population's 
objective function values and perform 

non-dominated sorting

Iterations ≥ N?
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Figure 2. Figure caption should comprise a brief title (not on the figure itself) and a description of the illustration. 

4.2. Final Solution Selection 

The Pareto front obtained through the optimization algorithm is a set of non-dominated solutions that 
do not dominate each other; there is no single solution that is optimal for all objectives. The decision-maker 
needs to select a configuration based on actual planning and emphasis. To obtain the final operation scheme. 
It is necessary to select a suitable solution from the Pareto solution set. After obtaining the Pareto optimal 
front, the fuzzy membership function is used to evaluate the decision-maker’s comprehensive satisfaction 
with each non-dominated solution, and the solution with the highest comprehensive membership degree is 
selected as the optimal compromise solution. 
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The fuzzy membership function is defined as: 
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where: mi is the value of the i-th objective function; mmin 
i  and mmax 

i  are the minimum and maximum values of 
the i-th objective function, respectively; Φ is the comprehensive membership degree of the objective functions. 

5. Case Study Analysis 

5.1. Basic Data 

This paper uses the hybrid solution strategy combining Lévy flight distribution and a good point set 
with NSGA-II to solve the multi-objective bi-level optimization configuration problem of the building 
energy system. 

Table 1 shows the system parameters, including basic building parameters, carbon emission parameters, 
energy conversion parameters, constraint parameters, and cost parameters. Table 2 shows the time-of-use 
electricity prices for commercial electricity in Beijing during summer and winter. 

Table 1. System Parameters. 

Category Parameter Name Symbol 
Residential 

Building 
Commercial 

Building 
Unit 

Basic 
Building 

Floor Area - 30,000 10,000 m2 
PV Installed Capacity PPV 200 400 kW 
WT Installed Capacity PWT 100 200 kW 

Carbon 
Emission 

Grid Electricity Purchase Emission Factor eE 0.80 0.80 kgCO2/kWh 
Gas Network Purchase Emission Factor eG 0.58 - kgCO2/kWh 
Heat Network Purchase Emission Factor eH 0.25 0.25 kgCO2/kWh 

Energy 
Conversion 

Flexible Interconnection Trans. Efficiency ηFID 0.95 0.95 - 
Energy Storage Charging Efficiency ηC 

ES 0.92 0.92 - 
Energy Storage Discharging Efficiency ηD 

ES 0.88 0.88 - 
Power-to-Heat Conversion Efficiency ηE2H 0.95 0.95 - 
Coefficient of Performance (Cooling) COP 3.0 4.0 - 
Gas-to-Heat Conversion Efficiency ηG2H 0.9 - - 

Constraint 

Energy Storage SOC Lower Limit Smin 
OC  0.15 0.15 - 

Energy Storage SOC Upper Limit Smax 
OC  0.95 0.95 - 

Max. Charge/Discharge Power of ES Pmax 
ES  250 250 kW 

Min. Charge/Discharge Power of ES Pmin 
ES  10 10 kW 

FID Max. Transmission Power Pmax 
FID  200 200 kW 

FID Min. Transmission Power Pmin 
FID 10 10 kW 

Shiftable Load Proportion Upper Limit MT 
L  0.15 0.10 - 

Cost 
Parameters 

ES Unit Capacity Investment Cost cIN 
ES 1500 1500 yuan/kWh 

FID Unit Power Investment Cost cIN 
FID 1000 1000 yuan/kW 

PV Unit Power O&M Cost cOM 
PV  20 20 yuan/kW 

WT Unit Power O&M Cost cOM 
WT  20 20 yuan/kW 

ES Unit Power O&M Cost cOM 
ES  80 80 yuan/kW 
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FID Unit Power O&M Cost cOM 
FID 50 50 yuan/kW 

Unit Power Wind/Solar Curtailment Penalty Cost cPN 0.45 0.45 yuan/kWh 

Note on currency: All costs in this paper are denominated in Chinese Yuan (CNY). For international reference, the average 
exchange rates in 2025 were 1 CNY = 0.1400 USD (1 USD = 7.1429 CNY) and 1 CNY = 0.1235 EUR (1 EUR = 8.0965 CNY), 
based on the People’s Bank of China official data. 

Table 2. Commercial Electricity Time-of-Use Prices (yuan/kWh). 

Season Period Type Time Periods Purchase Price Sale Price 

Summer 

Peak 11:00–13:00, 16:00–17:00 1.6816 0.3913 
High 10:00–11:00, 17:00–22:00 1.4013 0.3913 

Normal 7:00–10:00, 13:00–16:00, 22:00–23:00 0.7785 0.3913 
Low 23:00–7:00 next day 0.2336 0.3913 

Winter 

Peak 18:00–21:00 1.6816 0.3913 
High 10:00–13:00, 17:00–18:00, 21:00–22:00 1.4013 0.3913 

Normal 7:00–10:00, 13:00–17:00, 22:00–23:00 0.7785 0.3913 
Low 23:00–7:00 next day 0.2336 0.3913 

5.2. Simulation and Analysis 

The selection of research data directly affects the optimization configuration and multi-objective 
evaluation results. Typically, the more representative the research data, the more reasonable the 
optimization configuration results and the closer they are to actual operation. Therefore, based on Beijing’s 
climate characteristics and building. load patterns, this paper selects two types of typical days—summer 
sunny day and winter sunny day—as simulation scenarios for case study analysis, which can fully verify 
the system’s adaptability under different operating conditions. The simulation analysis takes the unit time 
interval Δt as 1 h. The configuration results and performance metrics for different scenarios are presented 
in Table 3. 

Table 3. Configuration Results and Indicators under Different Scenarios. 

Configuration Method Energy Storage Flexible Interconnection Device Operation Mode 

Single-Building Independent 
Residential: 600 kW \ 

Single-Building Autonomous Dispatch 
Commercial: 600 kW  

Multi-Building Interconnected Public: 500 kW Public: 200 kW Cross-Building Energy Synergy 

5.2.1. Summer Typical Day Operation Results 

The source-load curves for civil and commercial buildings in summer are shown in Figure 3. On a typical 
summer sunny day, the residential building’s nighttime electricity peak and the commercial building’s 
daytime cooling load peak are temporally and spatially separated. The commercial building’s PV output 
during the day exceeds its own load demand, while the residential building lacks sufficient renewable energy 
output at night, leading to the coexistence of energy surplus and shortage in the building cluster. 
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(b) 

 

(c) 

Figure 3. (a) Summer Residential Apartment Building Wind/PV Generation and Load Curve; (b) Summer Commercial Building 
Wind/PV Generation and Load Curve; (c) Summer Residential Apartment and Commercial Building Net Load Curve and 
Commercial Electricity Price. 

Single buildings cannot achieve load complementarity, resulting in the need to purchase expensive 
electricity during their respective peak periods. If single-building autonomous dispatch aims to achieve 
economical, low-carbon, and high proportion of renewable energy consumption, it must rely on purchasing 
electricity or large-capacity energy storage charging/discharging, inevitably leading to poor economy, low 
renewable energy consumption rate, and high carbon emissions. The optimized summer building source-
load curves and energy storage operation status are illustrated in Figure 4. 
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(a) 

 

(b) 

 

(c) 

Figure 4. (a) Optimized Summer Residential Apartment and Commercial Building Net Load Curve and Commercial Electricity 
Price (Single-Building Independent Configuration); (b) Optimized Summer Residential Apartment and Commercial Building 
Net Load Curve and Commercial Electricity Price (Multi-Building Interconnected Configuration); (c) Energy Storage SOC 
Variation Curve under Multi-Building Interconnection. 

5.2.2. Winter Typical Day Operation Results 

The source-load curves for civil and commercial buildings in winter are shown in Figure 5. On a typical 
winter sunny day, PV output is insufficient, and the heating load pressure is high. Winter PV output duration 
is shorter, and intensity is lower, resulting in insufficient average daily renewable energy output. 
Furthermore, residential morning and evening heating load peaks rely on power-to-heat or gas-to-heat, 
which overlap with peak electricity prices, jointly driving up operating costs. 
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Figure 5. (a) Winter Residential Apartment Building Wind/PV Generation and Load Curve; (b) Winter Commercial Building 
Wind/PV Generation and Load Curve; (c) Winter Residential Apartment and Commercial Building Net Load Curve and 
Commercial Electricity Price. 

This leads to poor system economy and high carbon emissions. The optimized winter building source-
load curves and energy storage operation status are illustrated in Figure 6. 
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(c) 

Figure 6. (a) Optimized Winter Residential Apartment and Commercial Building Net Load Curve and Commercial Electricity 
Price (Single-Building Independent Configuration); (b) Optimized Winter Residential Apartment and Commercial Building Net 
Load Curve and Commercial Electricity Price (Multi-Building Interconnected Configuration); (c) Energy Storage SOC Variation 
Curve under Multi-Building Interconnection. 

From the simulation results, it can be seen that in terms of renewable energy self-consumption rate, 
under the single-building independent configuration scenario on a typical summer day, the self-
consumption rate is 82.06%, which increases to 96.20% under the multi-building interconnected 
configuration scenario. This optimization stems from the period of 10:00–16:00 when the commercial 
building has surplus PV output. The flexible interconnection device transmits the residential building’s PV 
power to the commercial building, while the shared energy storage stores the PV energy not immediately 
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consumed through the residential building during this period and releases it during the residential electricity 
consumption peak from 19:00–23:00. This addresses the issues of residential building PV curtailment 
during the day and commercial building electricity shortage at night under the single-building independent 
configuration, achieving efficient cross-building utilization of clean energy. On the typical winter day, due 
to insufficient average daily renewable energy output and high electricity consumption, renewable energy 
is almost entirely self-consumed. In terms of typical daily operation cost, the cost under the single-building 
independent configuration scenario on a typical summer day is 4888 yuan, which decreases to 4456 yuan 
under the multi-building interconnected configuration scenario, representing a relative reduction of 8.83%. 
The cost reduction originates from the grid peak price periods of 11:00–13:00 and 16:00–17:00, where the 
multi-building interconnected configuration reduces peak electricity purchases and lowers wind/PV 
curtailment. penalty costs through shared energy storage discharge and energy transfer via flexible 
interconnection devices. The single-building independent configuration has a larger energy storage capacity, 
thus achieving some improvement through peak-valley arbitrage revenue, but its total lifecycle cost is 
higher. On a typical winter day, the operation cost under the single-building independent configuration 
scenario is 10,782 yuan, compared to 11,505 yuan under the multi-building interconnected configuration 
scenario. The cost difference is primarily reflected in the larger energy storage capacity of the single-
building independent configuration scenario, which yields more revenue through peak-valley arbitrage. In 
terms of carbon emissions, on the typical summer day, the daily carbon emission under the single-building 
independent configuration scenario is 4.42 tCO2, which decreases to 3.97 tCO2 under the multi-building 
interconnected configuration scenario, representing a relative reduction of 10.18% in carbon emissions. On 
a typical winter day, the daily carbon emission under the single-building independent configuration scenario 
is 8.92 tCO2, compared to 8.77 tCO2 under the multi-building interconnected configuration scenario, mainly 
due to minor differences caused by equipment efficiency. Furthermore, the peak-valley difference of the 
building energy system’s net load is reduced, primarily because the flexible interconnection device and 
energy storage enable dynamic capacity increase and power transmission during mismatched periods, 
which both smooths the commercial building load fluctuations and alleviate the power supply pressure on 
the upstream transformer of the commercial building. 

6. Conclusions 

This paper establishes a bi-level optimization model for a multi-building flexible interconnected energy 
system that considers cooling-thermal-electrical-gas multi-energy complementarity. The upper level 
focuses on optimizing equipment configuration to minimize total lifecycle costs and full-chain carbon 
emissions. The lower level concentrates on operational strategy optimization, targeting the maximization 
of the renewable energy self-consumption rate and the minimization of the typical daily operational cost. 
By employing a hybrid solution strategy that integrates Lévy flight distribution and good point sets with 
NSGA-II, efficient model solving and Pareto front acquisition are realized. Simulation results. indicate that, 
compared to the single-building independent configuration scheme, the multi-building flexible 
interconnection scheme demonstrates pronounced advantages in the typical summer day scenario: the 
renewable energy self-consumption rate increases from 82.06% to 96.20%, the typical daily operational 
cost is reduced by 8.83%, and carbon emissions are lowered by 10.18%. On a typical winter day, 
constrained by insufficient renewable energy output, the improvements in operational costs and carbon 
emissions are more modest. Nevertheless, the system can still achieve peak shaving and optimized 
allocation of energy resources through flexible interconnection and shared energy storage. 

This study proposes a bi-level optimization framework coordinating planning and operation, which 
demonstrates more systematic optimization capabilities in planning-operation collaborative decision-
making compared to existing research that focuses on single-stage or single-building scenarios. Future 
research may further explore directions such as robust optimization under multiple uncertainties, cross-
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regional collaborative dispatch, and the integration of intelligent algorithms. This method provides a 
theoretical foundation and engineering reference for the low-carbon and economic planning of regional 
building energy systems, supporting their transition toward greater flexibility, efficiency, and sustainability. 
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