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Abstract 
Optimal scheduling of integrated energy systems (IESs) is a key technical approach for 
coordinating energy supply and demand, improving multi-energy utilisation efficiency 
and supporting low-carbon energy transition. To address the fragmented coverage of 
existing studies, this paper reviews the research progress of IES optimal scheduling from 
five aspects: theoretical foundations and modelling frameworks, optimisation objectives 
and constraint systems, core optimisation algorithms, demand response and multi-agent 
interaction mechanisms, and uncertainty handling methods. The review shows that IES 
modelling has gradually developed from physical architecture description to energy-
hub, microgrid and virtual-power-plant-based aggregation frameworks. Optimisation 
objectives have evolved from single economic cost minimisation to coordinated 
economic, environmental and technical performance. Algorithmic research has moved 
from classical mathematical programming to intelligent optimisation, game-theoretic 
modelling and data-driven hybrid methods. Integrated demand response and multi-
agent coordination have become important sources of operational flexibility, while 
stochastic optimisation, robust optimisation and distributionally robust optimisation 
provide complementary tools for handling renewable generation, load, network and 
market uncertainties. However, current research still faces challenges in dynamic 
modelling, real-time scheduling, multi-agent benefit coordination, uncertainty 
modelling efficiency, policy-market coupling and life-cycle optimisation. Future 
research should further integrate digital twins, blockchain, machine learning and 
scheduling theory to improve the engineering applicability of IES optimal scheduling. 
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1. Introduction 

The global energy system is undergoing a deep low-carbon transformation. Carbon neutrality 
strategies and renewable-energy integration have made the coordinated operation of electricity, gas, 
heat and transport systems increasingly important [1, 2]. In China, the development of the energy 
internet and integrated energy systems (IESs) has been regarded as a major pathway for improving 
energy efficiency, promoting multi-energy complementarity and supporting the transition from 
isolated energy subsystems to coordinated energy service platforms [3, 4]. Compared with 
conventional single-energy systems, IESs integrate electricity, gas, heat, cooling and other energy 
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carriers through coupling devices, storage units and information-control systems, thereby enabling 
cascade energy utilisation and cross-system flexibility [5]. 

Optimal scheduling is the operational core of IESs. It determines how generation, conversion, storage, 
network transfer and demand-side resources should be coordinated under technical, economic and 
environmental constraints. Mancarella defined multi-energy systems as systems in which different 
energy vectors interact optimally across spatial scales and service demands [6]. Existing reviews have 
shown that IES scheduling must address source-network-load-storage interactions, multiple operating 
objectives and market-oriented decision-making [7]. Multi-microgrid scheduling based on integrated 
demand response and Stackelberg game also indicates that user-side flexibility and strategic 
interaction have become essential elements of scheduling models [8]. 

 

 
Fig. 1 Review framework of optimal scheduling for integrated energy systems. 
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Research on IES optimal scheduling has developed along several directions. First, modelling studies 
have moved from static descriptions of separate energy subsystems to coupled modelling of multi-
energy flows, energy conversion devices and aggregated entities [9-11]. Second, physical and 
network boundaries have been expanded from local energy stations to regional integrated energy 
systems and electricity-gas coupled systems [12-14]. Third, standardised matrix modelling and 
multiple-energy-carrier power-flow methods provide a unified mathematical basis for describing 
energy conversion and transfer [15, 16]. Fourth, hydrogen-related coupling and carbon-flow 
modelling have strengthened the low-carbon dimension of IES scheduling [17, 18]. Robust low-
carbon scheduling with CCUS and user low-carbon preference further demonstrates that carbon 
reduction is no longer an external evaluation index but an endogenous scheduling objective [19, 20]. 

Nevertheless, existing research still has limitations. Dynamic characteristics of emerging coupling 
equipment, such as power-to-hydrogen facilities and hydrogen vehicles, remain insufficiently 
represented. Multi-agent coordination is often simplified into bilateral games, while real IES 
operation involves operators, users, aggregators, distribution networks and market entities. Moreover, 
stochastic optimisation, robust optimisation and distributionally robust optimisation each face trade-
offs between accuracy, conservatism and computational efficiency. Therefore, this paper reorganises 
the research progress of IES optimal scheduling and discusses future directions from a systematic 
perspective. 

Fig. 1 presents the review framework adopted in this paper. The framework is organised around five 
closely related dimensions of IES optimal scheduling: theoretical foundations and modelling 
frameworks, optimisation objectives and constraint systems, core optimisation algorithms and 
methods, demand response and multi-agent interaction mechanisms, and uncertainty handling 
techniques. These dimensions reflect the main logical chain of IES scheduling research, from system 
representation and objective formulation to algorithmic solution, flexible resource coordination and 
uncertainty management. Based on this framework, the paper further identifies the major research 
challenges and future directions, including dynamic modelling and real-time scheduling, multi-agent 
benefit coordination, policy-market-technology coupling and life-cycle multi-objective optimisation.  

2. Theoretical Foundations and Modelling Frameworks 

The modelling of IESs aims to describe multi-energy coupling relationships in a mathematically 
tractable way. In general, IES modelling includes physical architecture modelling, energy-flow and 
carbon-emission-flow modelling, and aggregation-based modelling concepts. These modelling 
methods provide the basic representation for subsequent objective formulation, constraint 
construction and algorithmic solution. 

2.1 Physical Architecture Modelling 

From the perspective of physical modelling, IESs generally include energy supply units, conversion 
equipment, storage devices, energy networks and multi-type loads. Typical coupling equipment 
includes combined heat and power units, gas boilers, electric boilers, heat pumps, power-to-gas units 
and hydrogen storage systems. Stochastic design of wind-integrated energy hubs has shown that 
renewable generation and storage should be co-optimised within the hub structure [24]. Mixed-integer 
linear programming-based configuration planning further demonstrates that investment and operation 
can be jointly formulated from the initial system design stage [25]. Techno-economic and 
environmental modelling of flexible distributed multi-generation options also indicates that the 
modelling framework should incorporate equipment efficiency, emission factors and operational 
flexibility [26]. 

Network modelling is another key component of physical architecture modelling. Electricity 
networks are constrained by power balance, transmission capacity and voltage-security limits; gas 
networks are constrained by gas-flow balance and pressure limits; heat networks are influenced by 
temperature, flow rate and thermal inertia. Reliability assessment is also necessary because 
component failures, load interruptions and reserve insufficiency directly affect the feasibility of 
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scheduling decisions [27]. In electricity-gas coupled regional systems, gas-network states 
significantly influence power-system operation through gas-fired units, which means that simplified 
single-network modelling may underestimate operational risk [14]. 

2.2 Energy Flow and Carbon Emission Flow Modelling 

Carbon emission flow modelling has enriched low-carbon IES scheduling. The carbon emission flow 
method traces the allocation and transfer of carbon emissions through energy flows, allowing 
scheduling models to identify where emissions are generated and how they are transmitted [18]. When 
combined with CCUS and multi-energy conversion, carbon-flow modelling can support robust low-
carbon scheduling of electricity-gas-heat systems [19]. User low-carbon willingness can also be 
incorporated into regional IES scheduling, linking environmental preference with demand-side 
flexibility [20]. 

2.3 Aggregation-Based Modelling Concepts 

Energy hubs are one of the most influential aggregation-based modelling frameworks. They represent 
the conversion, storage and distribution of different energy carriers through input-output relationships, 
and have been extensively reviewed as a state-of-the-art modelling tool [21]. Recent work on multi-
energy systems with associated energy hubs further confirms that energy hubs provide a unified 
platform for analysing multi-energy conversion, storage and scheduling [22]. Energy hub networks 
can also be optimised to improve economic and emission performance, showing their applicability to 
regional and multi-node IES planning and operation [23]. 

3. Optimisation Objectives and Constraint Systems 

With the development of low-carbon energy systems and energy markets, IES scheduling has evolved 
from single cost minimisation to a multi-objective optimisation problem involving economic, 
environmental and technical objectives. At the same time, the constraint system has expanded from 
basic equipment constraints to physical, network, policy and market constraints. 

Cost and emission objectives are often coupled. Energy hub optimisation has demonstrated that 
economic and emission considerations can be jointly improved through coordinated dispatch of multi-
energy resources [23]. Stochastic design of energy hubs further shows that investment cost and 
operating cost should be evaluated simultaneously when renewable uncertainty is considered [24]. 
Flexible distributed multi-generation modelling also emphasises the trade-off among economic cost, 
environmental impact and system flexibility [26]. 

3.1 Multi-Dimensional Optimisation Objectives 

3.1.1 Economic Objectives 

Early IES scheduling mainly focused on operating cost minimisation. With the development of low-
carbon energy systems and energy markets, the objective system has expanded to include economic, 
environmental and technical dimensions. Economic objectives usually involve fuel cost, energy 
purchasing cost, maintenance cost, storage operation cost, demand response compensation and 
market transaction revenue. Environmental objectives include CO2 emission reduction, pollutant 
control and carbon-trading cost. Technical objectives include energy efficiency, renewable-energy 
accommodation, reliability, load fluctuation reduction and equipment operating security. 

3.1.2 Environmental Objectives 

Environmental objectives include CO2 emission reduction, pollutant control and carbon-trading cost. 
Cost and emission objectives are often coupled. Energy hub optimisation has demonstrated that 
economic and emission considerations can be jointly improved through coordinated dispatch of multi-
energy resources [23]. Flexible distributed multi-generation modelling also emphasises the trade-off 
among economic cost, environmental impact and system flexibility [26]. 
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3.1.3 Technical Objectives 

Technical objectives include energy efficiency, renewable-energy accommodation, reliability, load 
fluctuation reduction and equipment operating security. In practical scheduling, technical objectives 
are usually coupled with economic and environmental objectives because operating security, 
renewable accommodation and equipment performance directly influence both system cost and 
carbon emissions. 

3.2 Multiple Types of Constraints 

3.2.1 Physical Constraints 

Physical constraints include equipment capacity limits, ramping limits, energy conversion efficiency, 
storage state-of-charge limits, charge-discharge efficiency and minimum or maximum operating 
output. These constraints ensure that scheduling decisions remain feasible within the operating 
boundaries of generation, conversion and storage equipment. 

3.2.2 Network Constraints 

Network constraints include electricity transmission limits, gas pipeline constraints, heat network 
balance and coupling relationships among different networks. These constraints are essential for 
describing the physical transfer of electricity, gas and heat, especially in regional IESs where multi-
network coupling significantly affects scheduling feasibility. 

3.2.3 Policy and Market Constraints 

Market and policy constraints involve energy prices, carbon emission allowances, subsidies, demand 
response incentives and transaction rules. Game-based scheduling of park-level IESs considering 
demand response incentives shows that price signals and incentive mechanisms can significantly 
influence both operator decisions and user responses [28]. Cooperative-game-based coordination 
between microgrids and distribution networks also indicates that transaction prices and benefit 
allocation rules should be embedded into the scheduling model [29]. 

Demand response constraints are especially important in integrated energy systems. Residential 
energy-hub studies have shown that combining demand response and energy storage can reduce 
energy cost and improve operational flexibility [30]. In regional systems, demand response can be 
extended from electricity loads to heat and cooling loads, thereby exploiting the thermal inertia of 
buildings and the shiftability of multi-energy demand. These constraints make the model more 
realistic but also increase its nonlinearity and computational complexity. 

4. Core Optimisation Algorithms and Methods 

IES scheduling problems are usually large-scale, nonlinear, multi-objective and uncertainty-sensitive. 
Therefore, different types of optimisation methods have been developed, including traditional 
mathematical programming, intelligent optimisation, game-theoretic optimisation and collaborative 
hybrid methods. 

4.1 Traditional Optimisation Algorithms 

Classical mathematical programming remains the foundation of IES scheduling. Linear programming, 
nonlinear programming, mixed-integer linear programming and mixed-integer nonlinear 
programming are widely used to formulate unit commitment, energy conversion, storage operation 
and network constraints. MILP is particularly common because it can represent discrete equipment 
states while maintaining relatively strong solvability. However, linearisation may reduce modelling 
accuracy, and large-scale systems with multiple networks and uncertainty sources may lead to high 
computational burden. 

Robust optimisation is widely applied when accurate probability distributions are unavailable. Two-
stage robust scheduling of regional IESs considering network constraints and source-load uncertainty 
improves system feasibility under adverse scenarios [31]. Robust stochastic scheduling with refined 
power-to-gas modelling further enhances the representation of multi-energy conversion under 
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uncertainty [32]. Distributionally robust coordinated scheduling of integrated electricity-gas systems 
considers higher-order wind uncertainty and avoids excessive dependence on exact probability 
distributions [33]. Day-ahead economic dispatch based on distributionally robust optimisation also 
demonstrates the potential of this method in electricity-gas-heat systems [34]. The theoretical basis 
of robust optimisation is closely related to the trade-off between robustness and economy, as 
discussed in the price of robustness framework [35]. Wasserstein-metric-based data-driven stochastic 
optimisation provides another way to construct ambiguity sets from limited data [36]. 

Stochastic optimisation is suitable when historical data and probability distributions are available. 
Planning and scheduling of energy hubs under wind, storage and demand response uncertainty shows 
that scenario generation and reduction can represent renewable and load uncertainty in a tractable 
way [37]. However, stochastic optimisation requires a sufficient number of scenarios and its 
performance depends on distribution accuracy. Therefore, hybrid methods combining stochastic 
optimisation, robust optimisation and distributionally robust optimisation are increasingly used. 

4.2 Intelligent Optimisation Algorithms 

Intelligent optimisation algorithms provide another solution path for nonlinear, nonconvex and multi-
objective scheduling problems. Multi-agent genetic algorithms can handle economic dispatch of 
energy hubs constrained by wind availability and reflect decentralised decision-making [38]. Model 
predictive control has been applied to microgrid operation optimisation, showing advantages in 
rolling scheduling and real-time correction [39]. Robust optimisation approaches to energy hub 
management provide additional support for scheduling under uncertain operating conditions [40]. 
Distributionally robust decentralised scheduling between transmission markets and local energy hubs 
further suggests that decentralised coordination is becoming an important direction for large-scale 
IESs [41]. 

4.3 Game Theory and Collaborative Optimisation Algorithms 

Game theory and collaborative optimisation are mainly used to describe the interaction among 
multiple stakeholders in IES scheduling. Stackelberg games are suitable for leader-follower 
relationships, while cooperative games are used to model alliance formation and benefit allocation. 
Collaborative optimisation methods can decompose large-scale scheduling problems into several 
subproblems and coordinate the solutions among different agents, thereby improving computational 
efficiency and supporting decentralised decision-making. 

5. Demand Response and Multi-Agent Interaction Mechanisms 

Demand response and multi-agent interaction are important mechanisms for improving IES flexibility. 
They enable demand-side resources and market participants to participate in scheduling decisions 
through price signals, incentives, energy trading and benefit allocation. 

5.1 Integrated Demand Response Modelling 

Demand response is a major flexibility source in IES scheduling. It allows users to adjust electricity, 
heat, cooling and transport-related loads according to price signals, incentives or system requirements. 
Stochastic scheduling of plug-in electric vehicle aggregators shows that electric vehicles can 
participate in energy and ancillary service markets and provide temporal flexibility [42]. Integrated 
demand-side management games in smart energy hubs further demonstrate that user decisions can be 
coordinated through game-theoretic mechanisms [43]. 

5.2 Multi-Agent Game-Based Coordination Mechanisms 

Multi-agent interaction is increasingly important because IESs involve operators, aggregators, users, 
distributed generators, storage owners and market platforms. Stackelberg game is suitable for leader-
follower structures, in which an operator or service provider sets prices and users respond by adjusting 
demand. Energy-sharing for photovoltaic prosumer clusters based on stochastic programming and 
Stackelberg game provides a representative example of combining uncertainty modelling with 
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strategic interaction [44]. Peer-to-peer energy trading in microgrids shows that decentralised 
transactions can improve local energy utilisation and user autonomy [45]. 

Cooperative games are used when multiple entities form alliances to improve total benefits. Benefit 
allocation is the central issue, and methods such as Shapley value, bargaining models and improved 
allocation rules are commonly adopted. In IES scheduling, cooperative mechanisms can reduce total 
cost, improve renewable-energy accommodation and enhance fairness among participants. However, 
many existing models assume complete information and stable user behaviour. In real markets, 
information asymmetry, bounded rationality and dynamic prices may weaken the effectiveness of 
static game models. Blockchain-based transaction records and smart contracts may improve 
transparency, but their integration with scheduling models still requires further study. 

6. Uncertainty Handling Techniques 

Uncertainty is one of the core issues in IES optimal scheduling. Renewable generation, multi-energy 
loads, equipment states, network conditions and market prices all introduce uncertainty into 
scheduling decisions. Therefore, uncertainty modelling and handling methods are essential for 
improving the reliability and economy of IES operation. 

6.1 Sources and Characterisation of Uncertainty 

IES scheduling is affected by uncertainties from renewable generation, multi-energy loads, equipment 
states, network conditions and market prices. Wind and photovoltaic output are intermittent and 
weather-dependent. Electricity, gas, heat and cooling loads fluctuate with user behaviour and 
temperature. Network failures and equipment ageing affect reliability. Energy prices and carbon 
prices introduce market risk. Therefore, uncertainty handling is essential for practical scheduling. 

6.2 Applications of Uncertainty Handling Algorithms 

Stochastic optimisation describes uncertainty through probability distributions and scenarios. It can 
provide economically efficient decisions when probability information is reliable, but it may suffer 
from scenario explosion. Robust optimisation uses uncertainty sets and focuses on feasibility under 
worst-case conditions, but its solutions may be conservative. Distributionally robust optimisation 
balances these two methods by considering a family of probability distributions around empirical data. 
In addition, integrated electrical and gas network flexibility assessment in low-carbon multi-energy 
systems indicates that flexibility should be evaluated across coupled networks rather than within a 
single energy carrier [46]. 

Uncertainty handling is moving towards data-driven and hybrid approaches. Machine learning can be 
used for renewable output forecasting, load prediction and scenario generation, while optimisation 
algorithms determine feasible and economical schedules. Future models should better coordinate data 
prediction, uncertainty-set construction, real-time scheduling and risk evaluation. This is particularly 
important for systems with high renewable penetration, hydrogen storage, electric vehicles and 
flexible loads. 

7. Research Challenges and Future Prospects 

Although IES optimal scheduling has made significant progress, several challenges still restrict its 
theoretical development and engineering application. Future studies should focus on dynamic 
modelling, real-time computation, multi-agent coordination, uncertainty handling, policy-market 
coupling and life-cycle optimisation. 

7.1 Current Research Challenges 

Current IES scheduling research still faces several challenges. First, dynamic modelling is insufficient. 
Many models are based on static energy balance and simplified conversion efficiency, while the 
transient behaviour of power-to-hydrogen units, thermal storage, heat networks and hydrogen 
vehicles is not fully described. Second, real-time scheduling remains difficult. The integration of 
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multiple networks, integer variables and uncertainty sets increases computational burden, which 
limits engineering application. Third, multi-agent coordination is still simplified. Existing studies 
often focus on bilateral games, while real IES markets require coordination among multiple operators, 
aggregators, users and network entities. Fourth, uncertainty handling still involves a trade-off between 
accuracy and efficiency. Stochastic optimisation may be computationally expensive, robust 
optimisation may be conservative, and distributionally robust optimisation still depends on suitable 
ambiguity-set construction. Fifth, policy and market mechanisms are not fully coupled with 
scheduling models. Carbon trading, subsidies, multi-energy prices and user low-carbon preferences 
should be jointly considered. Finally, life-cycle optimisation is still limited. Equipment ageing, 
replacement, retirement cost and environmental impacts across planning, operation and 
decommissioning stages need more attention. 

7.2 Future Research Directions 

Future research can be developed in five directions. First, dynamic collaborative scheduling should 
be combined with digital twin technology. Real-time mapping between physical systems and virtual 
models can support online simulation, fault recovery and adaptive scheduling. Second, multi-agent 
hybrid game models should be developed to describe both competition and cooperation among 
distribution networks, microgrids, aggregators and users. Blockchain can be introduced to improve 
transaction transparency and benefit allocation traceability. Third, data-driven uncertainty handling 
should be strengthened by integrating machine learning, stochastic optimisation, robust optimisation 
and distributionally robust optimisation. Fourth, policy-market-technology coordinated scheduling 
should be improved by incorporating carbon trading, multi-energy market prices, subsidies and user 
participation behaviour. Fifth, life-cycle multi-objective optimisation should be developed to 
integrate planning, operation and retirement decisions, thereby reducing total cost and environmental 
impact over the full system life cycle. 

8. Conclusion 

This paper reviews the research progress of optimal scheduling for integrated energy systems from 
the perspectives of modelling frameworks, optimisation objectives and constraints, optimisation 
algorithms, demand response and multi-agent interaction, and uncertainty handling. The results show 
that IES scheduling has developed from single-objective and single-energy dispatch to multi-energy, 
multi-objective, multi-agent and uncertainty-aware optimisation. Energy hubs, microgrids and virtual 
power plants provide important modelling tools; economic, environmental and technical objectives 
form a coordinated optimisation framework; mathematical programming, intelligent optimisation and 
game theory provide complementary solution methods; and stochastic, robust and distributionally 
robust optimisation support scheduling under uncertainty. 

Despite these advances, IES optimal scheduling still requires further improvement in dynamic 
modelling, real-time computation, multi-agent benefit coordination, uncertainty handling, policy-
market coupling and life-cycle optimisation. The integration of digital twins, blockchain, machine 
learning and advanced optimisation theory is expected to enhance the adaptability, transparency and 
engineering practicality of future IES scheduling. These developments will provide theoretical and 
technical support for clean, low-carbon, secure and efficient modern energy systems. 
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