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Abstract
[bookmark: _Hlk238762538]This paper proposed a bi-layer capacity configuration and dispatching optimisation framework to investigate the planning response of a cold-dominated IES (CDIES) with integrated solar photovoltaic (PV) to facilitate renewable penetration with high resilience. The outer-layer of the bi-layer optimisation framework minimised the annual total cost (ATC) subject to a prescribed energy-based PV penetration requirement using genetic algorithm (GA), while the inner-layer minimised the expected scheduling cost via mixed-integer linear programming (MILP) considered using chance constraints to handle the uncertainty from both sources and loads. An office district in Zhengjiang, China characterised by prolonged summers and massive cooling demands was adopted as a real-world case study to test the effectiveness of proposed framework. Under the baseline case, the optimal system achieved an ATC of 21.90×104 CNY per year with PV penetration rate of 30%. And it was also found that increasing the prescribed PV penetration rate from 0% to 30% increased ATC by 4.02%, while reducing the operating cost and annual grid electricity purchase by 19.23% and 965.61MW, respectively. Meanwhile, increasing the confidence level from 0.8 to 1.0 increased the ATC by 12.1%, indicating the additional economic cost required for higher planning reliability under source–load uncertainties. The proposed framework provided quantitative guidance for capacity planning by balancing PV integration, economic performance, and reliability under source–load uncertainty.
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Introduction
Global climate change and energy transition targets have imposed urgent demands on the low-carbon transition of the building sector. The 2024 Global Status Report for Buildings and Construction released by the United Nations Environment Programme (UNEP) (United Nations Environment Programme, 2025) reported that the building sector accounted for 34% of global energy-related carbon emissions in 2023, indicating its considerable potential for energy conversion and decarbonisation. Meanwhile, the rapidly growing cooling demand has become a major driver of building power consumption. The International Energy Agency (IEA) (International Energy Agency (IEA), 2024) projected that global energy demand for space cooling could triple by 2050 without further policy intervention. This challenge is particularly pronounced in cold-dominated applications, such as commercial buildings and district cooling systems, where the increasing integration of distribution photovoltaic (PV) generation further complicates source-load coordination. In particular, the temporal mismatch between PV generation and cooling demand may limit renewable energy utilisation and aggravate fluctuations in grid power exchange. Cold energy storage provides an effective means of mitigating this mismatch by decoupling cooling production from instantaneous demand and shifting electricity consumption across different periods. Therefore, effectively exploiting the temporal flexibility of cold energy storage to coordinate high-penetration PV generation with fluctuating cooling demand is beneficial to improving the efficient and grid-friendly operation of integrated energy systems (IESs), thereby contributing to their cost-effective deployment and effectiveness of decarbonisation.
Existing studies on IESs have extensively investigated the coordination between capacity planning and operational scheduling (Zhang et al., 2023; Wang et al., 2024). As a critical aspect of system planning, equipment sizing requires an appropriate balance between investment and operational flexibility (Z. F. Huang et al., 2024; Liu et al., 2024), since excessive capacity increases initial investment, whereas insufficient capacity limits the ability of the system to accommodate source-load fluctuations. Various optimisation approaches have therefore been developed to address this issue. For deterministic optimisation, since it generally relies on representative operating conditions and offers relatively low computational complexity, stochastic source-load variations tend cannot be adequately characterised (Cui et al., 2025; Hu et al., 2026). Affected by the randomness and volatility of meteorological and building energy consumption, the uncertainty handling methods such as stochastic programming, robust programming, and chance-constrained programming have been introduced for system capacity configuration and scheduling design. Stochastic programming (Yang et al., 2024; Xue et al., 2025; Ren et al., 2026) incorporates uncertainty through multiple scenarios and thus provides a more comprehensive representation of possible operating conditions, although its computational burden increases considerably with the number of scenarios. Alternatively, robust optimisation (Yang et al., 2021; Son and Kim, 2024; Xue et al., 2024) guarantees system feasibility against prescribed uncertainty sets, but its emphasis on adverse conditions may result in conservative capacity configurations and additional economic costs. Chance-constrained programming (Cao et al., 2024; Zhang et al., 2025) avoids this excessive conservation problem, but it is limited by its high reliance on the accuracy of the probability distribution assumptions of random variables, and the non-convexity of the joint probability constraints leads to an increase in the computational complexity of model solving. These studies have established a mature methodological basis for the coordinated capacity and operation optimisation of IESs under uncertainty. However, while these studies have substantially advanced the methodological treatment of capacity planning under uncertainty, economic targets are adopted as the planning objectives predominantly. As a result, the installed PV capacity tended to be generally determined inherently by the cost-optimal solution rather than by an explicit requirement for a higher renewable energy contribution.
This paper developed a bi-layer optimisation  framework for cold-dominated integrated energy systems (CDIESs) with integrated distributed photovoltaic considering source-load uncertainties. The annual total cost was minimised subject to a prescribed PV penetration requirement at the outer-layer, while the inner-layer determined the minimum operating cost strategy. Source–load uncertainties were further incorporated through chance-constrained programming, allowing the influence of different reliability requirements on system planning to be evaluated. Based on the proposed framework, the effects of increasing PV penetration rate on system economic performance and capacity configuration were quantified, together with the economic impact of different confidence levels. The proposed framework therefore provides a systematic approach for incorporating renewable penetration and reliability requirements into the capacity planning of PV-integrated energy systems.
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	Fig. 1 Schematic diagram of the multi-energy coupling architecture for the CDIES.


Methodology
The proposed framework consists of three main modules: data preprocessing and system modelling, and bi-layer optimisation. Specifically, historical meteorological and building load data were first processed to generate representative typical day. Based on the obtained typical daily profiles, the corresponding photovoltaic generation and energy demand profiles were constructed as the input data for source-side and load-side uncertainty modelling. Subsequently, the coupled uncertainties were incorporated into the optimisation framework through chance-constrained programming. Meanwhile, the mathematical model of the CDIES with integrated distributed photovoltaic was established, including energy conversion and storage components. Finally, a bi-layer optimisation framework was developed, where the outer-layer determined the optimal equipment configuration considering annual total cost and PV penetration rate constraints, while the inner-layer achieved the optimal scheduling strategy by minimizing operating cost.
2.1. Uncertainty Modelling
In the process of energy system design, the uncertainties of renewable energy output and load demands due to that the randomness of the climate and the occupant behaviour of building users have significant impacts on capacity configuration and scheduling optimisation of IESs. In this study, the uncertainties of PV power generation from the supply side, and electrical and cooling loads from the user side, were considered in the optimal design and scheduling of IESs. The random error terms of single-panel PV power generation and building load can be introduced into the mathematical model as follows.
	
	(eq. )


where ,  and  refer to the actual output power of PV, the actual electrical and cooling demands at time t, respectively, and the random errors of PV power generation, electrical and cooling demands, which were assumed to be normal distribution, as described in eq.2.
	
	(eq. )


where σt is the standard deviation, whose values were set as 0.15 (Yuan et al., 2021), 0.05 (Zeng et al., 2020) and 0.05(Zeng et al., 2020) for PV power generation, electrical and cooling demands, respectively. Based on the above equations, the Latin hypercube sampling (LHS) method(Yuan et al., 2021) with highly efficient stratification in probabilistic space and can be adopted to generate a large number of discrete scenarios of the PV output and loads. To maintain the solvability of subsequent calculations, the size of initial scenario set was controlled using scenario reduction technology to minimum scenario set  corresponding to probability weights . Moreover, the reduced photovoltaic output and load uncertainties after applying the Euclidean distance were used in the subsequent chance constraints.
2.2. Outer-layer system configuration optimisation
1) Objective Function
Eq. 3 present the optimisation function of the outer-layer, with the objectives to identify optimal sizing of individual energy conversion and storage components for minimising annual total cost.
	

	(eq. )


where  denotes the set of optimisation variables; CAP represents the capacity of each energy conversion and storage component;  and  stand for the inequality constraints and the equality constraints, respectively;  refers to the stochastic constraints;  is the confidence level; subscripts GT, AC, EC, EES and CES represent the gas turbine, absorption chiller, electrical chiller, electrical energy storage and cold energy storage, respectively.
The annual total cost of the system was calculated as the economical metric taking into account the initial capital cost (CIC), maintenance cost (CMC), present value of operating cost (COC) and emission cost (CEC), as described in eq. 4.
	
	(eq. )


[bookmark: _Hlk233207351]where the initial capital cost can be calculated by investment cost (), replacement cost (), and salvage cost (), which were written as follows.
	
	(eq. )

	
	(eq. )

	
	(eq. )


where cinv,i and CAPi refer to the unit investment cost (CNY·kWh-1, CNY·kW-1 or CNY·pcs-1) and the design capacity of the i-th equipment (kWh, kW or pcs), respectively. CRF represents the capital recovery factor. r is the interest rate, which was set to 7% (Zang et al., 2023). Ni is lifetime of the i-th component, and the replacement cost was shown in eq. 8.
	
	(eq. )


[bookmark: _Hlk238297115]where  represents the unit replacement cost of i-th equipment.  denotes the replacement year.  and  are the total number of replacements and the lifetime (year) of i-th equipment in planning cycle, respectively. The salvage value can be described in eq. 9.
	
	(eq. )

	
	(eq. )


where  refers to the salvage value (CNY) of i-th equipment at the end of the planning horizon respectively. And the unit replacement cost of each equipment were set to be the same as the unit investment cost based on references (He et al., 2024; Pang et al., 2022).  is the remaining lifetime (year) of i-th equipment at the end of the planning horizon, whose expression can be written as follow.
	
	(eq. )


The total maintenance cost was calculated in eq.12.
	
	(eq. )


[bookmark: _Hlk237438481]where cm is the coefficient of maintenance cost, which was set as 0.03 for other components(Zang et al., 2023).
The carbon emission of the proposed system can be calculated as follow:
	
	(eq. )


where ctax is the carbon emission tax rate, which is set to 55.57 CNY/ton CO2 in this study. ρgas and ρele are the carbon emission factor of gas consumption (ton CO2·m-3) and electrical consumption (ton CO2·kWh-1), which are set to 0.097(Zhao and Gu, 2024) and 0.804(Zang et al., 2023), respectively. 
2) Constraints
The optimisation variables are the capacity of each component, which can be written in eqs.14-15.
	
	(eq. )

	
	(eq. )


Additionally, the PV penetration rate reflects the proportion of PV generation relative to the total system load demand. In this study, the PV penetration rate was incorporated as a constraint in the capacity allocation and dispatch optimisation model to prevent excessive PV capacity while pursuing economic objectives. 
	
	(eq. )

	
	(eq. )


where  is the PV power generation (kW).  is the prescribed minimum PV penetration rate, which was set as 30% in the proposed study.
2.3 Inner-layer system configuration optimisation
1) Objective Function
The operating cost of the system including natural gas and grid was presented in eq.18.  and  are the price of gas (CNY·m-3) and electricity (CNY·kWh-1) at time t, respectively.
	
	(eq. )


where the electrical price is described in Fig.2, which is divided into four periods including shape period, peak period, flat period and off-peak period.
2) Constraints
The source-load uncertainty parameters processed by the scenario generation and reduction technology were incorporated into the power balance equation through the chance-constrained programming, which must ensure that the probability of violation does not exceed a certain confidence level. The construction of the chance-constrained programming model can be as follow:
	
	(eq. )

	
	(eq. )


where Pr{·} refers to the probability, , , and  are the power outputs of the grid, GT and EES, respectively.  is the utilised PV power generation. And  and  are the charged power of EES and CES, respectively.  and  represent the electrical demand from the EC and AC. Additionally, ,  and  are the cold power supply from AC, EC and discharging CES, respectively.  is the confidence level, defined by the decision-maker.
Tab. 1: The energy conversion model and power constraints of each component.
	Equipment
	Constraints

	Gas Turbine, GT
	

	Absorption chiller, AC
	

	Electric chiller, EC
	

	Electric energy Storage, EES
	

	Cold energy Storage, CES
	

	Photovoltaic panel, PV
	



* Note: Subscripts: amb, ambient; ava, available; cl, cooling load; el, electrical load; ele, grid electricity; gas, natural gas; inv, inverter; NOCT, nominal operating cell temperature; nom, nominal; r, recovery; ref, reference; use, utilised. Symbols: α, confidence level; β, temp coefficient; Δt, interval length; ε, retention coefficient; η, efficiency; CAP, capacity (min/max); E, stored energy; G, irradiance; i, component; LC, lower calorific value; P, power; Q, thermal power; r, interest rate; u, binary state; V, volumetric flow; Superscripts: max, maximum; min, minimum;
To solve the nonlinear problem caused by the introduction of the chance-constrained programming framework, the big-M reformulation method was adopted to convert the original probabilistic constraints into mixed-integer linear constraints (MILP), which is rewritten as follows:
	 
	(eq. )

	
	(eq. )

	
	(eq. )


where M is a big-M parameter which should be a sufficiently large positive constraint. Note that refers to the binary variable:  represents responsive scenario where the balance constraints must be satisfied, and  indicates a non-responsive scenario where the constraint can be ignored;  is the reciprocal of the number of discrete scenarios, which was set to 1/N. Alternatively, the energy conversion and power constraints of energy supply equipment, energy conversion equipment and the energy storage equipment can be described in Tab. 1.
2.4 Setup of Case Study
In this paper, the cold-dominated IES in the business district of Xiangshan County, Ningbo City, Zhejiang Province was applied in this case study. The technical parameters and economic parameters of each key component in this system were presented in Tab. 2(Y. Huang et al., 2024; Liu et al., 2023; Zang et al., 2023) and Tab. 3(Jia et al., 2024; Zang et al., 2023). In this study, the measured building electrical and cooling load in this district for the cooling season in 2025 were clustered into typical daily data by k-means clustering method. Accordingly, the time-series profiles of load including PV output power generation of each unit and load, electrical price under time-of-use (ToU) pricing mechanism were depicted in Fig. 2(a). Alternatively, the photovoltaic panel output power of each unit was calculated based on the typical daily meteorological data in Fig. 2(b) using eqs.1-3. Based on the typical daily profiles, 1000 joint scenarios of PV generation, electrical load, and cooling load were generated using Latin hypercube sampling and subsequently reduced to 20 representative scenarios using a probability distance based scenario reduction method. As shown in Fig. 3, the scenarios and expected curves of PV power generation, electrical load and cooling load.
Tab. 2: Technical parameters of each component 
	Component
	Parameters
	Value
	Parameters
	Value

	Gas turbine
	
	0.42
	
	0.6

	
	
	0.38
	
	0

	
	
	9.6 kW·m-3
	
	2 kW

	Absorption chiller
	
	0
	
	1.2

	
	
	2 kWh
	
	

	Electrical chiller
	
	0
	
	5

	
	
	2 kWh
	
	

	Electrical energy storage
	
	0.1 kWh
	
	0.95

	
	
	0.95 kWh
	
	0.2 kW

	
	
	0.95
	
	0.2 kW

	Cold energy storage
	
	0.3 kWh
	
	0.88

	
	
	0.9 kWh
	
	0.88

	
	
	0.2 kW
	
	0.99

	
	
	0.2 kW
	
	

	Photovoltaic panel
	
	2 m2
	
	98%

	
	
	17.1%
	
	0.43%

	
	
	25 ℃
	
	40 ℃

	
	
	800
	
	0.342 kW 



Tab. 3: Economic parameters of each component(Zang et al., 2023).
	Parameters
	Value
	Parameters
	Value

	NEC
	15 years
	Cinv,EC
	1048.4 CNY·kW-1

	NAC
	15 years
	Cinv,AC
	1245.6 CNY·kW-1

	NGT
	25 years
	Cinv,GT
	7612 CNY·kW-1

	NCES
	20 years
	Cinv,CES
	352.9 CNY·kW-1

	NEES
	10 years
	Cinv,EES
	1044.9 CNY·kW-1

	NPV
	20 years
	Cinv,PV
	2179.8 CNY·pcs-1
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	(a) Typical meteorological data
	(b)  Typical source-load and ToU electrical price

	Fig. 2 Typical daily meteorological conditions, electricity price, and source-load uncertainty parameter profiles.
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	(a) Scenarios and expected curve of PV power generation
	(b) Scenarios and expected curve of electrical load
	(c) Scenarios and expected curve of cooling load

	Fig. 3 Scenarios and expected curves of renewable generation and load demands.


Results and Discussion
0. Planning results
The planning optimisation was first conducted with a PV penetration requirement of 30% and a confidence level of 0.95. As shown in Fig. 4, the objective value decreased rapidly during the initial generations and became stable after approximately 55 generations, demonstrating satisfactory convergence of the proposed optimisation framework. The corresponding optimal capacity configuration was summarised in Tab. 4, where the capacities of PV, GT, EC, AC, EES, and CES were determined as 850kW (i.e. 2486 pieces of PV panels)  273 kW, 894 kW, 266 kW, 505 kWh, and 14 kWh, respectively. The corresponding ATC was 21.90×104 CNY·year-1, with an operating cost of 12.01×104 CNY·year-1 and an annual grid electricity purchase of 966 MW. The typical daily electrical and cooling scheduling profiles were further presented in Fig. 5, demonstrating the coordinated operation between the two energy subsystems. During periods of high PV output, PV generation directly supplied part of the electrical demand, while the remaining power was utilised for electric cooling and energy storage charging. The CES was charged during periods of high PV generation and discharged when PV generation decreased or the cooling demand increased. Such temporal shifting of cooling production reduced the grid electricity demand during peak periods and enhanced the operational flexibility of the system.

[image: ]
Fig. 4 Convergence performance of the generate algorithm.
0. Sensitivity of PV penetration
In this section, the effect of prescribed PV penetration rate was investigated by increasing  from 0% to 30% at a fixed confidence level of 0.95. As shown in Fig. 6, the increase in  resulted in a gradual increase in ATC from 21.02×104 to 21.90×104 CNY·year-1, corresponding to an increase of 4.02%. By contrast, the inner-layer operating cost decreased from 14.87×104 to 12.01×104 CNY·year-1 (i.e. decreased by 19.23%), accompanied by a reduction in annual grid electricity purchase from 1346.00 to 965.61 MW, decreased by 380.39 MW. These opposite trends indicated that a higher PV penetration rate required additional investment in system capacity but reduced the dependence on grid electricity during operation. The corresponding capacity configurations are summarised in Tab. 4. As  increased from 0% to 30%, the optimal PV capacity increased from 0 to 2486 kW, providing a larger proportion of the electricity demand from local renewable generation. Consequently, the increased utilisation of PV generation reduced grid electricity purchase and the associated operating cost. However, the additional investment required to achieve the prescribed PV penetration rate resulted in a gradual increase in the ATC. Therefore, the results revealed a clear trade-off between the economic benefits during system operation and the additional planning expenditure required for higher PV penetration rate.
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	(a) Electricity scheduling
	(b) Cooling scheduling

	Fig. 5 Optimal operation of the planning system



Tab. 4: Optimal capacities under different PV penetration requirements.
	PR [%]
	Pgrid 
[MW]
	Optimal configuration

	
	
	PV
[pcs]
	GT
[kW]
	EC
[kW]
	AC
[kW]
	EES
[kWh]
	CES
[kWh]

	0
	1346.00
	0
	316
	855
	309
	1243
	11

	5
	1134.10
	459
	344
	812
	337
	768
	72

	10
	1199.00
	839
	301
	864
	294
	939
	25

	15
	1170.97
	1332
	276
	883
	269
	912
	54

	20
	1157.36
	1674
	264
	901
	258
	917
	18

	25
	1026.24
	2090
	268
	874
	262
	643
	133

	30
	965.61
	2486
	273
	894
	266
	505
	14
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Fig. 6 System performance under different PV penetration requirements.

Tab. 5: Optimal capacities under different confidence levels.
	α
	PR [%]
	Optimal configuration

	
	
	PV
[pcs]
	GT
[kW]
	EC
[kW]
	AC
[kW]
	EES
[kWh]
	CES
[kWh]

	1
	30
	2495
	266
	910
	260
	547
	8

	0.95
	
	2486
	273
	894
	266
	505
	14

	0.9
	
	2477
	274
	869
	268
	474
	172

	0.85
	
	2477
	267
	879
	261
	472
	121

	0.8
	
	2480
	270
	893
	264
	447
	71



0.2 Sensitivity of Confidence-level
The influence of source-load uncertainty was further investigated by varying the confidence level from 0.8 to 1.0, with the PV penetration requirement fixed at 30%. As shown in Fig. 7, increasing the confidence level from 0.8 to 1.0 resulted in a gradual increase in the ATC from 19.83×104 to 22.56×104 CNY·year-1 by 12.10%, while the inner-layer operating cost increased from 10.12×104 to 12.58×104 CNY·year-1 by 19.55%. This increase can be attributed to the higher probability requirement imposed by the chance constraints. As the confidence level increased, a larger cumulative probability of the generated uncertainty scenarios was required to satisfy the corresponding constraints, thereby increasing the number of scenarios considered in the feasible solution. Consequently, the system required a more conservative capacity configuration and operational schedule to accommodate a wider range of source-load uncertainties, resulting in higher planning and operating costs. The corresponding capacity configurations are summarised in Tab. 5. As the confidence level increased, the capacities of PV, GT, EC, AC, EES, and CES changed from 848kW (i.e. 2480 pieces of PV panels), 270 kW, 893 kW, 264 kW, 447 kWh, and 71 kWh to 853kW (i.e. 2495 pieces of PV panels), 266 kW, 910 kW, 260 kW, 547 kWh, and 8 kWh, respectively. Rather than exhibiting a consistent increasing trend, the capacities of different components were reconfigured with increasing confidence level, reflecting the coordinated adjustment of the system to the increased number of uncertainty scenarios that had to be satisfied.

[image: ]

Fig. 7 System performance under different confidence levels.
Conclusions
This study developed a bi-layer capacity planning and scheduling optimisation framework for CDIES with integrated distributed photovoltaic considering source-load uncertainties, in which PV penetration rate and system resilience were incorporated into capacity planning through penetration rate and chance constraints. Under the baseline case, the optimal system achieved an ATC of 21.90×104 CNY per year with PV penetration rate of 30%. And it was also demonstrated that increasing the prescribed PV penetration rate from 0% to 30% increased the ATC by 4.02%, while reducing the operating cost and annual grid electricity purchase by 19.23% and 965.61MW, respectively. Meanwhile, increasing the confidence level from 0.8 to 1.0 increased the ATC by 12.1%, indicating the additional economic cost required for higher planning reliability under source–load uncertainties. The optimal capacity configurations further showed that different PV penetration rate and reliability requirements led to different combinations of energy generation, conversion, and storage components rather than a uniform expansion of system capacity. Overall, the proposed framework provided an effective approach to coordinate PV integration, economic performance, and planning reliability, and offered quantitative guidance for the capacity planning of cold-dominated integrated energy systems under source–load uncertainties.
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