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Abstract

Driven by the global energy transition and the urgent “dual carbon” goals, regional integrated energy system (RIES) planning is
undergoing a paradigm shift from carbon reduction to negative carbon emissions. This paper provides a comprehensive review of the
theoretical frameworks and technical pathways for RIES planning from a carbon-centric perspective. A key contribution is the proposed
Carbon-Energy-Economy (CEE) triple-dimensional governance framework, which endogenizes carbon factors into planning decisions
through emission constraints, trading mechanisms, and capture technologies. We first analyze the fundamental characteristics of RIES
and their critical role in achieving carbon neutrality, detailing advancements in multi-energy coupling models, energy router concepts,
and standardized energy hub modeling. The paper further explores multi-energy flow analysis methods, and systematically compares
the applicability and limitations of various planning algorithms, with emphasis on addressing uncertainties from renewable integration.
Finally, we highlight the integration of artificial intelligence with traditional optimization methods, offering new pathways for intelligent,
adaptive, and low-carbon RIES planning. This review underscores the transition towards data-physical fusion models, cooperative uncer-
tainty optimization, multi-market planning, and innovative zero/negative-carbon technological routes.
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0 Introduction RIES has received increasing attention [3]. RIES can
achieve integrated utilization of traditional fossil fuels,
renewable energy, and unutilized energy through various

1) Research background and significance energy coupling devices, enabling conversion between
heterogeneous energy sources to achieve multi-energy com-

Driven by the global energy transition and the urgent plementarity and cascade utilization—an effective pathway
“dual carbon” goals (carbon peak and carbon neutrality), toward achieving “dual carbon” goals [4]. Furthermore,
regional integrated energy system (RIES) planning is under- integrating flexible multi-energy loads (e.g., from data cen-
going a paradigm shift from carbon reduction to negative ters, electric vehicles, and smart buildings) increases com-
carbon emissions [1]. Based on geographical scope and plexity and opportunity, making accurate demand-side
energy interaction characteristics, IES can be classified into modeling equally critical for optimal system configuration
cross-regional, regional, and user-level systems [2]. In recent and operation. Since RIES can adjust the spatiotemporal
years, with the proposal of “dual carbon” goals, research on distribution of different energy sources, it plays a crucial role
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in optimizing energy structure and has gradually become a
research hotspot.

Renewable energy sources offer advantages including high
cleanliness, low generation costs, convenient installation, and
mature grid-connection technologies, and have been widely
applied in industrial production and daily life. However, the
accommodation of renewable energy remains a significant
challenge. This challenge originates from the intermittent
and stochastic nature of solar and wind resources, introducing
significant uncertainties into planning and operation. Conse-
quently, advanced modeling frameworks beyond determinis-
tic paradigms are necessary. The development of RIES
provides new approaches for renewable energy integration
[5]. Within RIES, difficult-to-accommodate renewable energy
can be converted into other energy forms through various
coupling devices, increasing renewable energy accommoda-
tion rates and reducing curtailment costs for wind and solar
power. Nevertheless, joint research on wind, solar, gas, and
other energy sources still requires deeper investigation, mak-
ing further research on RIES highly necessary.

RIES comprise interconnected networks including
intelligent distribution systems, medium-low pressure nat-
ural gas systems, and heating, cooling, and water supply
systems, with active distribution networks, hybrid energy
storage, and energy conversion technologies at their core.
Compared with inter-regional integrated energy systems,
RIES shows stronger coupling between energy subsystems;
compared with user-level IES, RIES has a moderate scale,
better implementation capabilities in engineering applica-
tions, and is well matched with industrial parks, large com-
mercial complexes, residential communities and similar
scenarios—in which the flexibility of heterogeneous energy
interactions can be most effectively utilized. Therefore,
RIES represent a crucial form for achieving low-carbon
transformation of energy systems [6].

Internationally, RIES have become an important con-
figuration for energy transition. The European Union’s
Energy Union strategy positions RIES as a key pathway
toward energy security, sustainability, and competitive-
ness. In Germany’s Energiewende (energy transition) plan,
RIES planning plays a vital role in achieving high-
percentage renewable energy integration. Denmark’s
Samse Island and Australia’s King Island have achieved
100% renewable energy supply based on RIES. The
UK’s Energy Systems Catapult has promoted multiple
demonstration projects, such as Newcastle’s Smart Grid
laboratory and Manchester’s Triangulum project, achiev-
ing electricity-heat-gas multi-energy complementarity.

Therefore, conducting a comprehensive and systematic
review of RIES planning theories and methods, and deeply
understanding its paradigm shift from single-energy system
planning to multi-energy synergy and low/negative-carbon
planning, holds significant theoretical and practical value
for advancing the green and low-carbon transition of energy
systems.
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2) Scope and methodology of the review

We conducted the literature search using three major aca-
demic databases: Web of Science, Scopus, and China
National Knowledge Infrastructure (CNKI). Web of
Science and Scopus were selected for their comprehensive
coverage of high-quality, peer-reviewed international publi-
cations in English, which are widely recognized in systematic
reviews and bibliometric analyses. CNKI was included to
capture seminal research published in Chinese, particularly
those addressing regional policies, practical case studies,
and modeling adaptations specific to China’s context—a
critical aspect of RIES development. Although other data-
bases (e.g., EI Compendex, IEEE Xplore, ScienceDirect)
are also valuable, their content largely overlaps with Scopus
and Web of Science, and they focus more on specific sub-
fields. Our three-database approach ensures broad coverage
of international and Chinese literature, minimizes language
and regional bias, and maintains methodological rigor.

We used a combination of keywords including “re-
gional integrated energy system”, “RIES planning”,
“multi-energy flow”, “energy hub”, coupled with carbon-

<<

related terms such as ‘“‘carbon neutrality”, “carbon emis-
sion”, “carbon trading”, and “carbon capture”. The times-
pan was set from 2000 to 2025 to trace the field’s evolution
from its conceptual origins to its current intelligent, low-
carbon paradigm. These articles present novel modeling
frameworks, optimization algorithms, or empirical case
studies related to RIES planning. We paid special atten-
tion to literature addressing the intersection of energy sys-
tem integration and carbon management, which forms the
core contribution of this review. This structured approach
ensures the subsequent analysis rests on a representative
and robust knowledge foundation, minimizes selection
bias, and effectively captures the paradigm shift from car-
bon reduction to negative carbon in RIES planning.

A bibliometric analysis of the literature over the past two
decades reveals a clear evolutionary path of research para-
digms in the field of RIES planning. This evolution is not
a linear accumulation of technologies but represents a funda-
mental shift in research focus and core cognitive dimensions.

Fig. 1 visually demonstrates the rapid growth trend in
RIES research publications, notably accelerating after
2015 and exhibiting exponential growth following the pro-
posal of the “dual carbon” goals in 2020. This macro-level
trend confirms the field’s vigorous development and
increasing importance.

More profoundly, a structural analysis of the literature
content further uncovers the intrinsic logic of this para-
digm shift. Fig. 2, categorizing publications by technical
route, shows the rapid rise of artificial intelligence-driven
models, signifying the adoption of data-driven and intelli-
gent methodologies. Fig. 3, classifying publications by
application direction, showcases the diversity of research
topics. Furthermore, the research roadmap depicted in
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Fig. 1. RIES research papers change trend.

Fig. 4 clearly indicates a distinct stage-wise evolution of
research themes.

Guided by this “dimensional evolution” narrative and
structured around the CEE (Carbon-Energy-Economy)
framework, this paper is organized as follows: Section 1 for-
malizes the paradigm evolution and introduces the CEE
framework as the new theoretical core for RIES planning.
Section 2 reviews the physical foundations of RIES, includ-
ing multi-energy coupling, modeling, and flow analysis,
under the CEE perspective. Section 3 examines optimiza-
tion and decision-making methods, focusing on the integra-
tion of economic factors within the planning process.
Section 4 details the endogenous integration of carbon
through constraints, trading mechanisms, and negative
emission technologies. Section 5 validates the CEE frame-
work by applying it to analyze and compare global RIES
practices. Section 6 summarizes key challenges and outlines
future research directions guided by the CEE framework.

1 Paradigm shift in RIES planning and the proposed CEE
framework

The evolution of RIES planning is not merely a chron-
icle of technological accumulation but a reflection of a fun-
damental shift in research paradigms, driven by escalating
environmental imperatives and advancing analytical capa-
bilities. This chapter first synthesizes the historical trajec-

Annual Growth Rate by Approach

Distribution by Technical Approach (%)

tory of RIES planning, delineating its clear evolution
across three distinct yet interconnected paradigms. Build-
ing upon this evolutionary logic, we then introduce the
core theoretical contribution of this paper: the CEE
triple-dimensional governance framework. This frame-
work is proposed to systematically address the complexi-
ties of multi-dimensional synergistic governance in the
pursuit of carbon neutrality and negative emissions.

1.1 The evolutionary trajectory: from a single to a triple-
dimensional paradigm

A bibliometric analysis of the literature over the past
two decades reveals a clear evolutionary path, which can
be categorized into three pivotal phases, each expanding
the cognitive dimensions of planning.

1.1.1 Phase I: the energy dimension — establishing technical
Seasibility (Circa 2000-2010)

The initial phase of RIES research was predominantly
focused on the energy dimension, addressing the funda-
mental question of technical feasibility. The primary
research objectives were to establish the physical basis
for how RIES operates. This period was characterized
by conceptual proposals and theoretical modeling of
multi-energy coupling, epitomized by the pioneering
Energy Hub model. Research efforts concentrated on
understanding the coupling mechanisms between different
energy vectors (e.g., electricity, heat, gas) and developing
foundational multi-energy flow analysis methods. The
planning objective functions during this stage were often
simplistic, primarily emphasizing technical performance
indicators, while economic and environmental factors were
typically treated as external boundary conditions rather
than endogenous decision variables.

1.1.2 Phase II: the energy-economy dimension — pursuing techno-
economic viability (Circa 2011-2020)

The second phase witnessed the formal incorporation of
the economic dimension, marking a shift towards techno-
economic viability. Research expanded beyond physical
coupling to address the question of how to achieve eco-
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Fig. 3. Classified by application direction.

Main Characteristics:

2000-2005: Concept Formation
Key Event: Energy Hub concept proposed by ETH Zurich in 2005

2006-2010: Initial Development
. First multi-energy microgrid demonstration project in the Netherlands in

Key Event: Energy Hub model extended to multiple energy carriers in 2007

Mancarella proposed MES conceptual framework in 2014

Key Event: UK launched “Smart System and Heat” program in 2013

2016-2020: Systematization

. EU Energy Integration Strategy in 2018

Key Event: Energy Internet concept proposed in China in 2016

2021-2024: Intelligent Low-carbon
. COP26 promoting global carbon neutrality commitment in 2021
Key Event: China proposed “Dual Carbon” goal in 2020

* Independent planning of single energy network
* Mainly deterministic optimization methods
* Linear or simple quadratic programming models, centralized optimization

Technical Progress:

* Simple coupling planning of electricity-heat systems
2009 * Scenario-based uncertainty analysis
* Application of mixed integer linear programming, preliminary multi-objective optimization

* Coordinated planning of electricity-gas-heat networks, nonlinear modeling
* Application of chance-constrained programming, multi-time scale planning
* Preliminary application of distributed algorithms

Technical Progress:
« Integration of electricity-gas-heat-cooling-transportation networks

* Robust optimization and information gap decision theory applications
* Dynamic characteristic modeling, data-driven uncertainty modeling, distributed algorithms

Technical Progress:
« Carbon trading and carbon capture planning, reinforcement learning adaptive planning
* Al-physical model hybrid modeling, digital twin driven planning optimization
* Blockchain-supported distributed decision, resilience assessment and extreme event response

Future Development Trends (2025-2030):
* Zero-carbon planning paradigm for full life cycle
* Large language model assisted decision-marking
* Social-technical-environmental integrated planning

>

2025-2030: Future Trends

* Multi-agent collaborative autonomous planning
* Quantum computing empowered large-scale optimization

Fig. 4. RIES planning roadmap for key technologies.

nomically optimal operation, especially under the uncer-
tainty introduced by renewable energy integration. This
period saw significant advancements in optimization
objectives, which evolved from simple cost minimization
to more comprehensive models incorporating operational
and environmental costs. Sophisticated solution algo-
rithms, including convex optimization and heuristics, were
developed to solve the resulting complex planning models.
The focus on uncertainty analysis and collaborative opti-
mization underscored the deep integration of economic
considerations. However, within this two-dimensional

162

framework, the carbon factor was still largely treated as
an externality—either a rigid emission cap or a carbon
tax internalized as a cost—failing to capture its profound
interactive mechanisms with internal system dynamics.

1.1.3 Phase III: the emerging CEE dimension — striving for techno-
economic-environmental synergy ( Circa 2021—-Present)

Driven by the global “dual carbon” goals, the field is
now entering a third phase, decisively turning towards
the internalization of the carbon dimension. The core pur-
suit is techno-economic-environmental synergy. Research
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increasingly focuses on low-carbon transition pathways
and the application of digital intelligence. As illustrated
in the research roadmap, the carbon dimension has
evolved from a peripheral concern to a core variable driv-
ing innovation and decision-making. This shift necessitates
a planning paradigm that can actively manage carbon
emissions as a strategic resource, on par with energy flows
and economic value, to enable pathways toward “zero-
carbon” and ‘“‘negative-carbon” operations.

1.2 The CEE triple-dimensional governance framework

Based on the paradigm evolution analyzed above, it is
evident that a novel theoretical framework is required to
unify and guide planning decisions across the carbon,
energy, and economy dimensions. This paper proposes
the CEE triple-dimensional governance framework to ful-
fill this critical need.

The CEE framework represents a fundamental paradigm
shift from traditional planning methods. Its core innovation
lies in endogenizing carbon emissions as a central decision
variable, seamlessly integrating it with energy flow dynamics
and economic factors into a unified co-optimization model.
This transforms carbon from an external constraint or a
passive cost factor into an active, manageable element that
interacts dynamically and bidirectionally with the other
two dimensions. The framework provides a unified analyti-
cal lens for systematically planning and evaluating RIES tar-
geting carbon neutrality and beyond.

A conceptual visualization of the CEE framework is
presented in Fig. 5, illustrating the three dimensions and
their interconnections.

Carbon dimension: the environmental imperative

This dimension internalizes the cost and impact of car-
bon emissions throughout the system’s lifecycle. It is gov-
erned by:

Carbon emission constraints: These include absolute
caps (e.g., annual tonnage limits) or intensity-based targets
(e.g., grams of CO,/kWh), which directly dictate the feasi-
ble solution space for the energy mix and technology
selection.

Carbon Energy

Dimension

Dimension

Sl 3 Low-carbon
* Carbon emission reduction

* Carbon trading mechanisms
* Carbon sequestration
technologies

. gy ction : 5
technology selection * Multi-energy complementarity

* Energy conversion
\ * Energy storage configuration

RIES
Planning
Decision

Carbon pricing \mechanisms Energy /value stream

* Investment costs
* Operating efficiency
* Market mechanisms

Fig. 5. CEE triple governance framework.

Carbon pricing mechanisms: These include carbon taxes
and cap-and-trade systems. A carbon price assigns explicit
monetary value to emissions, creating a powerful eco-
nomic signal that bridges the carbon and economy dimen-
sions. They incentivize investment in low-carbon
technologies (e.g., renewables, storage) and penalize oper-
ating carbon-intensive assets (e.g., coal-fired generators).

Carbon Capture, Utilization, and Storage (CCUS) tech-
nologies: These technologies, including Bioenergy with
CCUS (BECCS) and Direct Air Capture (DAC), transform
the carbon dimension from a purely limiting factor into an
enabling one. They enable negative emissions, fundamen-
tally altering the planning objective from carbon reduction
to carbon neutrality or even net-negative carbon operations.

Energy dimension: the physical core

This dimension encompasses the physical infrastructure
and processes of the RIES, focusing on efficiency, reliabil-
ity, and flexibility.

Multi-energy complementarity: The core advantage of
RIES is the synergistic coupling of electricity, gas, heat,
and cooling. Planning must optimize the capacity and
operation of conversion devices (e.g., CHP, heat pumps,
P2G) to exploit complementary characteristics of different
energy vectors. For example, gas networks can provide
seasonal storage, while electricity enables high-efficiency
conversion.

Energy conversion efficiency: The efficiency of every con-
version step (e.g., P2G, P2H) is a critical decision variable.
Higher efficiency reduces both energy waste and associated
carbon emissions, creating a direct positive feedback loop
with the Carbon dimension.

Energy storage configuration: Storage devices (batteries,
thermal storage, gas storage) are crucial flexibility
resources. They decouple energy production from con-
sumption, enabling higher penetration of intermittent
renewables. Their optimal sizing and placement require
joint evaluation of their contribution to energy arbitrage
(Economic dimension), renewable curtailment reduction
(Carbon dimension), and system reliability (Energy
dimension).

Economic dimension: the value driver

This dimension ensures the financial feasibility and sus-
tainability of the plan.

Investment & operational costs: This includes the capital
expenditure (CAPEX) for new infrastructure and the oper-
ational expenditure (OPEX) for fuel, maintenance, and
market participation. The trade-off between high-capital-
cost/low-operational-cost technologies (e.g., renewables)
and low-capital-cost/high-operational-cost technologies is
a central planning problem.

Market mechanisms: Price signals from electricity mar-
kets, carbon markets, and ancillary service markets govern
operational decisions. The framework considers how RIES
can actively participate in these markets (e.g., via demand
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response, virtual power plants) to generate revenue and
improve their economic performance.

System value streams: Beyond simple cost minimization,
the economic evaluation incorporates broader value
streams, including improved resilience, reduced environ-
mental externalities (linked to the carbon dimension),
and enhanced social welfare.

Interdimensional interactions and co-optimization: The
innovation of the CEE framework lies in modeling the
dynamic interactions between these dimensions:

Carbon-energy Nexus: Carbon policies directly dictate
the energy portfolio. A strict carbon constraint forces a
shift towards renewables and high-efficiency gas CHP over
coal. Conversely, the carbon intensity of the chosen energy
mix determines whether carbon targets are met. Technolo-
gies like P2G can consume CO», creating a physical circu-
lar flow between the carbon and energy cycles.

Carbon-economy Nexus: This is primarily mediated
through carbon pricing. A higher carbon price increases
the operational cost of emitting assets, improving the eco-
nomic competitiveness of clean technologies and thereby
reshaping investment decisions (CAPEX). Revenues from
carbon trading can also be reinvested into decarbonization
projects. The cost of CCUS technologies is a key variable
in this nexus.

Energy-economy Nexus: This is the most traditional
interaction. The Levelized Cost of Energy (LCOE) and
the potential for market arbitrage determine the economic
viability of energy technologies. Investments are directed
towards technologies that offer the best risk-adjusted
return, which is increasingly influenced by the carbon price
signal from the carbon-economy nexus.

The central planning decision is therefore a multi-
objective optimization problem that finds the Pareto-
optimal solution balancing these three dimensions. The
CEE framework provides the theoretical structure for for-
mulating this problem, where planners can evaluate trade-
offs—for instance, how much additional investment in a
BECCS system (increasing CAPEX in the Economy
dimension) is justified by the negative emissions it gener-
ates (benefit in the Carbon dimension) and the dispatch-
able power it provides (benefit in the Energy dimension).

The introduction of the CEE framework signifies a fun-
damental transformation in the philosophy of RIES plan-
ning. It expands the decision space of the planning
problem from a two-dimensional energy-economy plane
to a three-dimensional carbon-energy-economy space.
Within this space, carbon is no longer merely an external
cost to be minimized, but becomes a core element that
can be actively managed and even generate value, for
instance through negative emission technologies. Conse-
quently, the objective of planning evolves from “achieving
economic optimality under carbon constraints” to “seek-
ing a system-wide optimal synergistic evolution path
across the carbon, energy, and economy dimensions.”

164

2 The energy dimension: physical foundations and multi-
energy coupling

2.1 Basic architecture and multi-energy coupling characteristics of
RIES

As shown in Fig. 6, a typical RIES contains multiple
energy forms including traditional energy, renewable
energy, and unutilized energy. Through energy conversion
devices such as electric heating, electric cooling, heat
pumps, and absorption refrigerators, heterogeneous
energy sources can be converted between forms, achieving
multi-energy complementarity and cascade utilization.
Simultaneously, through battery storage, Power-to-Gas
(P2G) technology, heat storage, and cold storage equip-
ment, energy that cannot be accommodated can be stored,
balancing supply and demand while addressing the uncer-
tainty and volatility introduced by renewable energy inte-
gration [7].

This typical system architecture reveals that the core
characteristic of RIES is multi-energy coupling. It is not
a simple superposition of multiple energy systems, but
rather forms an organic whole through coupling devices
and energy storage systems. This integrated structure
enables the optimization of energy allocation and utiliza-
tion across spatial and temporal dimensions, significantly
enhancing comprehensive energy utilization efficiency
and renewable energy integration capability [6].

2.2 Core modeling methods: from energy hub to energy router

Multi-energy coupling is an essential attribute of RIES,
present across energy production, conversion, transmis-
sion, storage, and utilization stages. Various energy forms
interact and complement each other to jointly maintain
energy supply—demand balance in RIES. As the founda-
tion for all analysis and optimization planning of RIES,
multi-energy coupling theory and modeling represent the
primary key issue in RIES research. RIES involves numer-
ous energy production, storage, and network devices with
diverse, tightly coupled, and complex characteristics, chal-
lenging comprehensive and efficient modeling of their
multi-energy coupling. Research on multi-energy coupling
models originated from the Energy Hub theory proposed
by ETH Zurich in 2005 [8]. This model constructed a rel-
atively comprehensive static multi-energy coupling model
for RIES, encompassing source, network, load, and stor-
age components, and analyzed optimization potential in
coupling processes.

Internationally, RIES model research has yielded abun-
dant results. ETH Zurich not only proposed the initial
Energy Hub concept but has also developed a new-
generation multi-carrier energy system planning tool called
Ehub in recent years, capable of handling city-scale multi-
energy system optimization problems. Their SCCER-
FEEB&D research center has applied this tool to multiple
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Fig. 6. Typical framework of RIES.

urban district planning projects in Zurich and Geneva,
achieving carbon dioxide emission reductions exceeding
40%.

The Energy Hub characterizes the energy transforma-
tion relationship of various heterogeneous energies from
source to load through energy conversion efficiency and
distribution coefficients, serving as a lumped parameter
model of different energy conversion devices. The Energy
Bus model, in contrast, focuses more on energy flows
between various energy conversion and storage devices,
with homogencous energy flowing in and out of corre-
sponding energy buses and satisfying power balance equa-
tions. The differences between these two models [9] are
shown in Table 1.

The Energy Router concept was proposed by Alex Q.
Huang of the FREEDM Center at North Carolina State
University to address information flow issues in the energy
coupling process of RIES [10]. Unlike the Energy Hub,
which focuses on describing power and energy balance
and coupling in RIES, the Energy Router emphasizes the

communication, control, and management of RIES. Its
main components include solid-state transformers, energy
management and control modules, and network communi-
cation modules. These components control energy flow
based on information flow and possess functions including
energy control, information assurance, customized
demand management, and network operation manage-
ment, serving as an intelligent control unit within the
RIES.

The Energy Router and Energy Hub are two distinct
but complementary concepts in RIES modeling. The
Energy Hub serves primarily as a static modeling frame-
work for analyzing power and energy balance through
conversion efficiencies and coupling matrices. In contrast,
the Energy Router is an intelligent physical device that
emphasizes real-time communication, control, and man-
agement of energy flows based on information algorithms.
While the Energy Hub provides the foundational theoret-
ical model for energy coupling, the Energy Router acts as
the physical implementation that enables intelligent con-
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Table 1
A comparative summary of this paper and previous researches.

Modeling ideas

Pros & cons

Energy Starting from the whole, the power balance and energy
Hub conversion relationship are embedded in the coupling matrix
Energy Starting from the local point, more attention is paid to the
Bus flow and conversion of energy between devices

The physical meaning is clear and the mathematical form is concise, but it is
difficult to obtain the coupling matrix directly when the system structure is

complex

Scale adaptability is stronger, but the same energy bus model may correspond
to multiple device connection methods

trol and operational flexibility. Their key differences are
summarized in Table 2.

The classic Energy Hub model proposed by ETH Zur-
ich requires manual execution of the modeling process,
lacks scalability, and contains bilinear terms that render
the model non-convex, disadvantageous for optimization
planning solutions. In recent years, Energy Hub standard-
ized modeling methods based on graph theory have gained
widespread application [11]. This method shares the same
basic principle as the classic Energy Hub but sets each
branch as a variable during the modeling process, consti-
tuting the input vector together with actual input vari-
ables, ultimately relating to the output vector through
the coupling matrix. This method ensures the model is lin-
ear convex, improving optimization planning solution effi-
ciency, and based on the unified standardized modeling
concept, can achieve computer programming automatic
modeling with good adaptability and scalability.

In summary, the Energy Hub and Energy Router offer
complementary perspectives for modeling RIES: the for-
mer establishes the mathematical basis for static analysis
and planning, while the latter embodies the physical
enabler of intelligent, flexible operation. Together, they
form the core pillars for modeling the energy dimension
of RIES.

2.3 Multi-energy flow analysis: theoretical foundation and
computational methods

As a foundational theory for RIES planning and oper-
ational optimization, multi-energy flow analysis has
advanced significantly in recent years. Compared to tradi-
tional single-energy network analysis, multi-energy flow
analysis must simultaneously consider the physical charac-
teristics of different energy subsystems (e.g., electricity,
natural gas, heat) and their complex coupling relation-

Table 2
Comparison between energy hub and energy router concepts.

ships. This presents greater theoretical and computational
challenges.

Recent research has made important advances in uni-
fied modeling frameworks, solution algorithm efficiency,
and network constraint considerations. Examples include
the unified multi-energy flow model based on algebraic
modeling languages [12], which can flexibly describe vari-
ous energy networks and their coupling relationships;
multi-energy flow calculation methods based on graph
neural networks [13], which significantly improve compu-
tational efficiency; and multi-energy flow optimization
methods that consider physical network constraints [14],
making planning results more consistent with actual engi-
neering requirements.

With the in-depth development of the Energy Internet
concept, multi-energy flow analysis has also shifted from tra-
ditional centralized analysis paradigms toward distributed
collaborative analysis. Researchers have proposed dis-
tributed multi-energy flow calculation methods based on
ADMM algorithms [15], multi-agent reinforcement learning
collaborative multi-energy flow optimization frameworks
[16], and other novel methods. These approaches can effec-
tively adapt to the heterogeneous characteristics of large-
scale distributed RIES, improving computational efficiency,
scalability, and operational resilience.

Furthermore, in-depth research has been conducted on
multi-energy flow models for different coupling types,
including electricity-heat coupled multi-energy flow mod-
els considering thermal inertia characteristics [17],
electricity-gas coupled models considering gas dynamics
characteristics [18,19], and electricity-gas-heat fully cou-
pled multi-energy flow models integrating multiple energy
forms [20]. These models provide a solid theoretical foun-
dation for planning and operation of various types of
RIES.

Aspect Energy hub Energy router

Nature Modeling concept/framework Physical device/system

Core Focus Power & energy balance Information flow & control
Function Characterizes conversion & coupling Enables routing & management
Model Type Static, mathematical Dynamic, cyber-physical
Primary Role Analysis & planning foundation Operational execution & control
Key Reference [8,9,11] [10,139,140]
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Multi-energy flow calculation first requires classifying
nodes in each energy subsystem to clarify known and
unknown variables for the solution process, as shown in
Table 3. Power system node types include balance nodes,
PQ nodes, and PV nodes, with corresponding variables
including voltage phase angle, voltage magnitude, active
power, and reactive power. Natural gas system node types
include balance nodes, gas source nodes, and load nodes,
with corresponding variables including node pressure,
injected gas flow rate, and load gas flow rate. Thermal sys-
tem node types include balance nodes, heat source nodes,
load nodes, and supply/return heating pipes, with corre-
sponding variables including heat production power, load
power, supply water temperature, return water temperature,
and thermal mass flow rate in supply/return heating pipes.

Due to different physical characteristics of energy flow
transmission media, the time scales of dynamic character-
istics across energy subsystems differ significantly. In
power systems, energy propagates at nearly the speed of
light, with extremely short transient processes typically
described by sets of algebraic equations for steady-state
power flow. Natural gas system states follow multiple
physical laws including mass conservation, momentum
conservation, and gas state equations, generally described
by partial differential-algebraic equation sets [21-24].
Thermal systems rely on thermal mass flow for energy
transmission, with energy flow transmission processes
characterized by both hydraulic and thermal models.
Common thermal system models include delay-loss models
[25], piecewise linear models [26,27], nodal method models
[28,29], and partial differential equation models based on
thermodynamics [30].

Table 3
Node types of RIES.

Although calculation methods for individual energy
systems have matured, developing accurate and computa-
tionally efficient multi-energy flow models for RIES
remains challenging due to complex coupling relationships
and significant time-scale differences among energy types.
Currently, the most common method for solving RIES
multi-energy flows is the Newton-Raphson method, which
can be categorized into unified solution methods and
decomposition solution methods based on whether equa-
tions from different subsystems are processed simultane-
ously during solution. Unified solution methods [31,32]
simultaneously consider complete equation sets from all
subsystems, offering stronger convergence, but when sys-
tem scale increases, Jacobian matrix dimensions increase
dramatically, significantly raising computational complex-
ity. Decomposition solution methods [33,34] adopt special-
ized algorithms most suitable for each subsystem to solve
separately, then calculate correction quantities through
energy flow balance relationships at coupling nodes for
iteration, achieving higher computational efficiency but
potentially requiring more iterations and possibly encoun-
tering convergence issues in strongly coupled systems.

To improve the efficiency and accuracy of multi-energy
flow calculations, recent research has proposed various
innovative algorithms, such as fast multi-energy flow cal-
culation methods based on deep neural networks [35],
which establish multi-energy flow mapping relationships
through offline learning of historical data, enabling online
millisecond-level calculations; dynamic multi-energy flow
calculation frameworks based on model predictive control
[36], effectively handling dynamic characteristics of multi-
time scale systems; and multi-energy flow algorithms

Energy system category Node type Known variables Unknown variables
Power System Balance Voltage phase angle, Active power, reactive
Node voltage amplitude power
PV Node Active power, voltage Voltage phase angle,
amplitude reactive power
PQ Node Active power, reactive Voltage phase angle,
power voltage amplitude
Natural Gas System Balance Nodal air pressure Injected gas flow rate
Node
Air source Nodal air pressure, —

Thermal system

node injected air flow
Load Nodes Load gas flow Nodal air pressure
Balance Water supply temperature ~ Heat production power,
Node return water temperature
Heat source Heat production power, Return water temperature

node water supply temperature

Load Nodes Load power, return water ~ Water supply temperature
temperature

Supply/ — Thermal mass flow rate

return heat

pipes
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adopting distributed parallel computing [37], significantly
improving computational efficiency for large-scale systems
through task decomposition and parallel processing. These
methods provide strong support for real-time dispatching
and optimization of RIES.

These methods offer distinct trade-offs in terms of com-
putational efficiency, accuracy, and applicable scale.
Table 4 provides a comprehensive comparison of unified
solution methods, decomposition methods, neural
network-based fast computation, model predictive control
frameworks, and distributed parallel computing methods.
This comparison offers researchers a clear guide for select-
ing the appropriate multi-energy flow calculation method
based on specific problem characteristics, such as system
size and computational speed requirements.\

2.4 Coping with the uncertainty challenge: modeling and response
strategies

Compared to power systems, gas and heating systems
have relatively slower transient processes, primarily deter-
mined by their lower pressure propagation speeds and
medium flow rates, and influenced by system scale. Gener-
ally, electrical transmission approaches the speed of light
(3 x 10% m/s), with time scales typically in seconds or
microseconds; hydraulic propagation in pipelines
approaches the speed of sound (340 m/s), with time scales
in minutes or seconds; mass flow rates of fluids in pipelines
are relatively slow, with time scales in minutes or hours.
Differences in time scales impact the planning, operation,
and economic and reliability metrics calculation of RIES.

The large-scale integration of renewable energy intro-
duces significant uncertainties into RIES. Consequently,
multi-energy flow analysis must account for these uncer-
tainties. Uncertainties in RIES mainly include random
fluctuations in renewable energy output, time-varying
characteristics of multi-energy loads, and component fail-
ures. Based on mathematical characteristics of different
types of uncertainties, researchers have developed various
uncertain multi-energy flow calculation methods, primar-

Table 4
Comprehensive comparison of multi-energy flow calculation methods.

ily including probabilistic multi-energy flow, interval
multi-energy flow, and fuzzy multi-energy flow methods.

When sufficient historical data is available to construct
accurate probability distribution models for uncertainties,
probabilistic multi-energy flow calculation methods are
ideal for analyzing renewable energy integration impacts.
Current main methods for solving RIES probabilistic
multi-energy flows include Monte Carlo simulation
method [38], point estimation method [39], and cumulant
method [40]. Characteristics and applicable scenarios of
each method are shown in Table 5.

With advances in computational technology and opti-
mization algorithms, probabilistic multi-energy flow calcu-
lation methods have also seen important innovations.
Researchers have proposed adaptive Monte Carlo meth-
ods based on Latin hypercube sampling [41], significantly
reducing sample size requirements through optimized sam-
pling strategies; hybrid uncertainty multi-energy flow cal-
culation frameworks based on multi-point estimation
[42], capable of simultaneously processing multiple differ-
ent types of random variables; and higher-order cumulant
methods considering non-Gaussian distributions [43],
effectively overcoming distribution assumption limitations
of traditional methods and improving calculation
accuracy.

In RIES applications, probabilistic multi-energy flow
has expanded to various coupling scenarios. Examples
include electricity-heat RIES probabilistic multi-energy
flow calculation methods based on Gaussian mixture mod-
els (GMM) and multi-point linear cumulant method [44],
accurately describing multi-modal probability distribution
characteristics of thermal and electric loads; electricity-gas
interconnected RIES probabilistic multi-energy flow calcu-
lation methods considering wind and solar output correla-
tion [45], constructing multi-dimensional joint distribution
models through Copula functions; and cooling-heating-
electricity-gas fully coupled probabilistic multi-energy flow
methods considering correlation among multiple uncer-
tainty factors [46], comprehensively evaluating uncertainty
propagation mechanisms.

Method Representative Computational Precision Astringency Applicable Representative team
algorithms efficiency scale
Unified Solution Newton-Raphson Middle High Powerful Small- Imperial College Strbac Team
method medium
Decomposition solver Alternate iterative High Middle Weak Medium— Team Andersson from ETH Zurich
method large
Neural network fast Graph convolutional Extremely high Middle Powerful Large Team Huang from North Carolina
computation neural networks State University
Model predictive control ~ MPC solver Middle-high High Powerful Medium Team Madsen from Technical
framework University of Denmark
Distributed parallel ADMM collaborative High Middle- Middle Extremely  Team Jenkins from Cardiff
computing method optimization high large University
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Table 5
Comparison among calculation methods of probabilistic multi-energy flow.

Methods Advantages

Disadvantages

Monte Carlo
simulation method
point estimation

Results are most accurate when the sample size is
sufficient
Simple sampling and shorter computation time

method than Monte Carlo simulation
semi-invariant Shortest calculation time
method

Long calculation time and accuracy of results depend on sample size

As the system grows, the number of sampling points increases and the
computation time grows

The linearization of the energy flow model is difficult and the accuracy of
the results depends on the fitting method

Uncertainty constitutes an inescapable core challenge in
RIES planning and operation. It stems from both internal
system characteristics, such as the inherent, deterministic
uncertainty arising from the time-scale differences in the
dynamic behaviors of various energy carriers, and the
external environment, including the stochastic nature of
renewable energy output and load forecast deviations.
Consequently, developing multi-energy flow calculation
methods capable of effectively characterizing and handling
these uncertainties is crucial for obtaining robust and reli-
able planning schemes. Beyond probabilistic methods,
interval methods and fuzzy methods demonstrate unique
advantages when data is scarce or when subjective epis-
temic uncertainty needs consideration. In recent years,
artificial intelligence technologies, particularly Generative
Adversarial Networks and deep learning, have provided
powerful new tools for more refined and efficient uncer-
tainty modeling.

However, research in this dimension primarily focuses
on the system’s technical feasibility and physical laws.
The planning objective functions are often relatively sim-
ple or solely emphasize technical performance indicators.
Economic factors, such as investment return and opera-
tional costs, and environmental impacts, particularly car-
bon emissions, were often treated as externally given
conditions or secondary factors during this stage. They
were not systematically and endogenously integrated into
the core decision-making mechanism of the planning mod-
els. This implies that a solution technically optimal from
the energy dimension might be economically infeasible or
environmentally unsustainable. This indicates that relying
solely on energy-dimension research is insufficient for
guiding practical planning decisions, thereby calling for
an expansion of the research paradigm towards broader
dimensions—specifically, the formal incorporation of the
economic dimension into the core framework of RIES
planning.

3 The economic dimension: optimization, decision-making,
and market integration

3.1 Objective functions

A low-carbon RIES planning model can generally be
represented by Equation (1). Due to the complexity, diver-

sity, and differing characteristics of planning eclements,
low-carbon RIES planning models can take many forms.
Therefore, planning models should be constructed and
selected based on actual decision-making needs, focusing
on major influencing factors and specific problems to be
addressed.

min f(Xc,xD)
s.t. g(xc,xp) =0 (1)
h(XC,)CD) S 0

where f(x,y) is the objective function, g(x,y) and h(x,y)
are equality and inequality constraints respectively, and
X and Y are the feasible domains of planning variables x
and y.

Based on the actual situation of the system to be
planned, the objective functions of low-carbon RIES plan-
ning mainly include the following categories:

Investment and construction costs: expenditures required
for constructing new facilities or renovating existing ones
during planning, including energy station investment costs,
energy conversion equipment investment costs, power dis-
tribution line investment costs, gas pipeline investment
costs, hydrothermal pipeline investment costs, energy stor-
age equipment investment costs, etc. These are generally
converted to equivalent annual values for calculation
alongside other costs.

System operation costs: refer to costs incurred during
system operation after planning, including energy station
operation costs, energy conversion equipment operation
costs, power distribution line operation costs, gas pipeline
operation costs, hydrothermal pipeline operation costs,
energy storage equipment operation costs, etc. These are
also generally calculated using annual operation costs for
joint calculation.

Environmental costs: These refer to additional costs
incurred for environmental protection. They include actual
expenditures (e.g., CO,/NOx treatment costs, carbon
emission allowance purchases) or penalty functions within
mathematical models (e.g., curtailment penalties for
wind/solar) that incentivize carbon reduction and clean
energy use.

With the proposal of the “dual carbon” goals, the
weight of environmental costs in RIES planning has
increased continuously. Recent research has proposed
more refined environmental cost models, such as environ-
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mental cost assessment methods considering full life-cycle
carbon emissions [47], environmental cost calculation
models based on carbon emission flows [48], and dynamic
environmental cost assessment frameworks integrating
carbon trading mechanisms [49].

Load shedding costs: These are the costs incurred from
forced shedding of electrical, gas, and thermal loads. They
generally consist of two parts: the economic cost of the lost
load and the responsibility cost of safety accidents caused
by the shedding (typically referring to electrical loads).

In recent years, with the development of reliability eco-
nomics, load shedding cost assessment methods have also
been refined. Researchers have proposed differentiated
load shedding cost models based on value loss, multi-
energy load shedding optimization methods considering
user satisfaction [50], and load shedding economic impact
assessment frameworks based on big data analysis [51].

Beyond mere cost assignment, the flexibility of inherent
in certain multi-energy loads can be positively harnessed to
achieve planning objectives. Instead of incurring costs
through load shedding, schedulable loads can be deliber-
ately shifted to reduce peak demand, mitigate renewable
curtailment, and enhance overall system efficiency. For
example, shifting computation tasks in data centers [10]
or adjusting thermal loads in building clusters can be mod-
eled through demand response constraints, effectively turn-
ing a cost center into a valuable planning asset. This
approach directly influences the optimal capacity of sup-
porting equipment, such as energy storage and conversion
devices.

Other objective functions: since the above objective func-
tions can all be uniformly expressed through costs, by
assigning appropriate weights, multiple objective functions
can be considered simultaneously and solved as a single-
objective optimization problem. However, in low-carbon
RIES planning problems, there are also some objective
functions that cannot be converted to costs, such as max-
imizing clean energy penetration rate, minimizing carbon
emissions per unit energy consumption, etc. If cost mini-
mization needs to be considered simultaneously, the plan-
ning problem becomes a multi-objective optimization
problem.

With the diversification of social values, RIES planning
objective functions have also become increasingly diverse.
Recent research focuses not only on economic and envi-
ronmental aspects but also considers energy security [52],
system resilience [53], user satisfaction [54], social equity
[55], and other objectives, constructing more comprehen-
sive multi-objective planning frameworks.

As the complexity of planning problems increases, the
objective function has also evolved from the initial single-
objective of cost minimization to a complex system that com-
prehensively considers multiple objectives such as economic
efficiency, environmental friendliness, reliability, and social
acceptance. This evolution reflects that RIES planning deci-
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sions have shifted from merely pursuing technical optimality
towards seeking a balance among multiple values encompass-
ing technology, economy, society, and the environment.

3.2 Constraint conditions

Common constraint categories for low-carbon RIES
planning mainly include investment constraints and simu-
lation operation constraints. Different problems may also
introduce additional constraint.

Investment and construction constraints: Energy system
planning problems are essentially investment and con-
struction problems, making investment and construction
constraints a critically important category that determines
the feasibility of planning schemes. Investment and con-
struction constraints vary depending on planning objects
and forms. For example, in multi-stage planning of RIES,
equipment and line remaining service life is quantified as
residual value, with equipment and lines depreciated using
the straight-line method [56]; in phased coordinated plan-
ning of RIES, equipment and pipeline selection constraints
are considered [57].

With the innovation and diversification of investment
and financing models, investment and construction con-
straints have also increased in complexity and diversity.
Recent research has considered the impacts of government
subsidies [58], commercial loans [59], Energy Service Com-
pany (ESCO) models [60], Public-Private Partnership
(PPP) models [61], and other investment and financing
methods, leading to the construction of more practical
investment constraint models.

Simulation operation constraints: The most fundamental
simulation constraints include multi-energy flow equa-
tions, upper and lower power limits for sources (electric,
gas, heat), lines, and pipelines, and operational constraints
for energy conversion equipment. Additionally, due to the
complexity of planning objectives, numerous operational
constraints for various planning elements have been intro-
duced. For example, in electricity-gas-transportation cou-
pled RIES planning, various operational constraints for
transportation energy replenishment stations are consid-
ered [62]; mathematical modeling of operation modes for
fuel cells, electric heat pumps, electric refrigerators, lithium
bromide refrigerators, and energy storage devices has been
conducted, with energy balance, safety constraints, and
operational state constraints for these devices considered
in the operation and dispatch model of cooling-heating-
electricity trigeneration RIES [63].

With advancements in digitalization and intelligent
technologies, simulation operation constraints have
become more refined and dynamic. Recent research has
considered equipment dynamic characteristics [64], startup
and shutdown constraints [65], ramp constraints [66], and
various safety constraints [67], making planning results
more consistent with actual operational requirements.
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Other constraints: besides more regular constraints,
many studies have established special constraints to solve
problems from different perspectives such as safety, uncer-
tainty, and general modeling. For RIES operating in
island mode, a security constraint considering N — 1 grid
security has been proposed [68]; considering the potential
issue of gas pressure falling below lower limits in natural
gas pipelines, natural gas security constraints have been
proposed and met through interruptible gas loads [69];
an object-oriented modeling method has been proposed
for RIES, defining standard models for various compo-
nents that can establish corresponding power balance
and other constraints through paradigms [70].

Recent research has further considered system resilience
constraints [71], user comfort constraints [72], renewable
energy accommodation constraints [73], and others, which
guarantee the safe, economic, environmentally friendly,
and user-friendly operation of RIES from different
perspectives.

As the scale and complexity of RIES increase, con-
straint handling has also become more flexible and effi-
cient. Constraint automatic generation methods based on
knowledge graphs [74], constraint approximation methods
based on deep learning [75], and distributed parallel con-
straint processing technologies [76] provide strong support
for planning large-scale complex RIES.

The Energy Futures Lab at Imperial College London,
led by Professor Goran Strbac, has developed SIREN
(Strategic Investment Model for Renewable Energy Net-
works), a multi-energy system planning tool based on
stochastic mixed-integer programming, which has been
successfully applied to London’s low-carbon energy transi-
tion planning and adopted by the UK National Grid as a
strategic planning tool.

Table 6
Comparison of commonly used solution algorithms for RIES planning.

The EnergyPLAN model developed by Professor Henrik
Lund’s team at the Energy Systems Analysis Center, Tech-
nical University of Denmark, has been applied in over 100
countries worldwide. This model particularly emphasizes
the coordinated optimization of combined heat and power
systems with intermittent renewable energy, providing the-
oretical support for Denmark’s achievement of 100%
renewable energy supply.

The formulation of constraint conditions is crucial for
ensuring the technical feasibility, safety reliability, and
operational attainability of a planning scheme. They col-
lectively define the feasible region of the planning problem.
Investment constraints delineate the decision space, while
simulation operation constraints ensure that any solution
selected within this space adheres to the system’s physical
laws and safety requirements. As considered factors
increase, such as system resilience and user comfort, the
constraint set becomes increasingly complex, posing higher
demands on solution algorithms.

3.3 Solution algorithms

Solution algorithms can be categorized into two major
types: exact algorithms and heuristic algorithms. Based
on principles, exact algorithms can be further divided into
convex optimization algorithms and dynamic program-
ming. Each has advantages and disadvantages, as shown
in Table 6, requiring flexible selection of appropriate solu-
tion algorithms based on actual problems.

3.3.1 Convex optimization algorithms

Convex optimization algorithms for planning problems
typically refer to solution algorithms based on convex
analysis, which can be subdivided into deterministic pro-

Category  Algorithm Advantage Disadvantage Applicable questions

Precise Convex can ensure the global optimal solution and the the convexity of the model is Convex optimization problems, such

algorithms optimization theory is complete required, and the dimension is as linear programming, quadratic
algorithm disastrous programming, etc
Dynamic It can ensure the global optimal solution and is Dimensional disasters, phasing  Multi-stage decision-making problems
programming  suitable for multi-stage decision-making and state definition are difficult  and some non-convex planning

problems problems

Heuristics ~ Genetic The global search capability is strong and does The convergence speed is slow,  Complex nonlinear programming

algorithms not rely on the form of objective function and the parameter setting is problems, multi-objective

Particle swarm

Simple implementation and fast convergence

algorithm

Simulated The global convergence is good and the
annealing implementation is simple

algorithm

Artificial Strong self-learning ability, able to deal with
intelligence high-dimensional complex problems

algorithms

highly empirical

It is easy to fall into local
optimum, and the accuracy is
limited

The convergence speed is slow,
and the parameter setting is
difficult

A large amount of data is
required and the interpretability
is poor

optimization problems

Continuous variable optimization

problems

Combinatorial optimization problems

Complex data-driven planning
problems
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gramming such as linear programming, quadratic pro-
gramming, semidefinite programming, second-order cone
programming, and uncertainty programming such as
stochastic programming, robust programming, and distri-
butionally robust programming. In practical applications,
there are mainly three approaches: directly constructing
convex optimization models, converting non-convex mod-
els to convex ones, and establishing convex problems
equivalent to the original non-convex problems.

With deeper theoretical research and development of
computational technology, convex optimization algo-
rithms have made important progress in handling RIES
planning problems. Recent research has proposed power
distribution network power flow relaxation methods based
on second-order cone programming [77], non-convex
multi-energy flow optimization methods based on semidef-
inite programming [78], and distributed convex optimiza-
tion frameworks based on the ADMM [79], which
significantly expand the application scope and solution
efficiency of convex optimization algorithms.

In handling uncertainty, convex optimization algorithms
have also seen new developments, such as uncertainty mod-
eling methods based on interval linear programming [80],
data-driven distributionally robust optimization frameworks
[81], and stochastic programming models considering multi-
stage uncertainty [82], which can effectively handle various
uncertainty factors in RIES.

Particularly with the development of large-scale opti-
mization technology, convex optimization algorithms have
achieved breakthroughs in handling large-scale RIES plan-
ning problems. Examples include large-scale mixed-integer
linear programming solution methods based on column
generation [83], complex planning problem solution frame-
works based on Benders decomposition [84] and dis-
tributed optimization algorithms using parallel computing
[85], which greatly enhance the capability of convex opti-
mization algorithms to handle large-scale problems.

The advantage of convex optimization algorithms is
their ability to guarantee optimal solutions, but they
impose high requirements on models. If the model itself
1S non-convex, its conversion to convex form introduces
relaxation gaps, potentially resulting in solutions that
may not be feasible, thereby failing to obtain optimal solu-
tions for the original problem before relaxation.

3.3.2 Dynamic programming

The cornerstone of dynamic programming is the princi-
ple of optimality for multi-stage decision-making proposed
by Bellman, which has a basic assumption: no aftereffect,
meaning that given the state of a certain stage, the states
of future stages are not influenced by previous stages.
The basic approach of dynamic programming solution is
to divide the original problem into multiple stages, estab-
lish state transition equations and indicator functions for
each stage, then recursively calculate backward to sequen-
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tially solve for the optimal strategy of each stage, thereby
obtaining the global optimal strategy.

With the development of computational technology and
advancement of optimization theory, applications of
dynamic programming in RIES planning have also
achieved new breakthroughs. Approximate dynamic pro-
gramming (ADP) [86] adopts forward recursive decision-
making, using approximate value functions for decisions
and implementing state transitions through simulation
prediction, effectively overcoming the curse of dimension-
ality in traditional dynamic programming. Additionally,
new dynamic programming methods such as DRL [87]
and Q-learning [88] have also been applied in RIES plan-
ning, combining the advantages of Al and dynamic pro-
gramming to handle more complex planning problems.

In specific applications, dynamic programming has
been used for operation scheduling of cooling-heating-
electricity trigeneration RIES [89], multi-stage planning
of energy centers [90], and optimized control of RIES con-
sidering energy storage systems [91]. These applications
indicate that dynamic programming is suitable for solving
multi-stage planning problems and can also obtain global
optimal solutions for some non-convex planning prob-
lems. However, it imposes relatively high requirements
on problem structure, needing appropriate stage division
and establishment of state transition equations, with stages
satisfying the no-aftereffect property, and solution effi-
ciency significantly decreasing with increases in stage num-
bers and decision variables.

3.3.3 Heuristic algorithms

Heuristic algorithms, constructed based on intuition or
experience, provide feasible solutions within acceptable
timeframes. Heuristic algorithms include traditional
heuristic algorithms and intelligent optimization algo-
rithms. Traditional heuristic algorithms (e.g., hill-
climbing) are local search algorithms that perform poorly
for complex models. In contrast, intelligent optimization
algorithms offer better global optimization performance
and greater generality.

With the rapid development of Al technology, applica-
tions of intelligent optimization algorithms in RIES plan-
ning have also made important progress. Recent research
has proposed improved quantum particle swarm optimiza-
tion algorithms [92], hybrid multi-objective particle swarm
algorithms [93], improved e-constraint algorithms [94], and
multi-objective natural aggregation algorithms [95], all
showing significant improvements in solution efficiency
and solution quality.

Particularly, the combination of deep learning with
heuristic algorithms has produced a series of new intelli-
gent optimization algorithms, such as optimization meth-
ods based on DRL [96], evolutionary algorithms based
on neural networks [97], and meta-heuristic algorithms
assisted by deep learning [98]. These methods combine
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the representation capabilities of deep learning with the
global search capabilities of heuristic algorithms, provid-
ing new solutions for complex RIES planning problems.

In multi-objective optimization, heuristic algorithms
have also seen new developments, such as Pareto solution
set screening methods based on hierarchically constructed
hybrid strategy games [99], multi-objective decision frame-
works based on fuzzy satisfaction [100], and distributed
solution algorithms for multi-objective optimization
[101]. These methods can more effectively balance multiple
objectives in RIES planning, meeting the preference needs
of different decision-makers.

DeepMind, in collaboration with Imperial College Lon-
don, has developed a reinforcement learning-based RIES
planning framework. This method uses deep neural net-
works to build system models and optimizes long-term
planning decisions through reinforcement learning, having
been applied in energy planning for multiple cities in the
UK. The Pentland team at MIT uses social physics meth-
ods to study the impact of user energy behavior on RIES
planning, proposing adaptive planning methods based on
artificial intelligence that can dynamically adjust planning
schemes according to changes in user behavior. Aalto
University in Finland has developed a big data analysis-
based energy demand prediction model, integrating socioe-
conomic factors, meteorological data, and historical
energy consumption patterns to significantly improve the
accuracy of RIES planning.

Heuristic algorithms have strong adaptability and can
solve any problem with explicit objective functions. Their
advantages include generally acceptable solution time
and computational load, with very low model require-
ments. However, heuristic algorithms cannot determine
whether the obtained solution is optimal, results may differ
with each solution, and convergence time is unstable.

3.3.4 Critical evaluation of algorithm performance

Although existing algorithms have distinct theoretical
advantages, significant gaps remain in their practical
application:

1) Computational complexity vs. engineering feasibility:
While exact algorithms can guarantee global optimality,
for actual RIES scales (typically involving thousands of
decision variables), computational time is often mea-
sured in days. A RIES planning project in a European
city employed the MILP method, which required 72 h
to solve for a system with merely 200 nodes, severely
compromising decision-making timeliness.

2) Discrepancy between model assumptions and actual
systems: Most optimization algorithms rely on lin-
earization or convex relaxation. However, actual
RIES contain nonlinearities—such as CHP unit effi-
ciency curves and natural gas pipeline pressure-flow

relationships—that often invalidate these assump-
tions, leading to infeasible planning schemes during
implementation.

3.3.5 Al-enhanced optimization algorithms

Recent years have witnessed growing synergy between
Al and optimization algorithms, leading to hybrid frame-
works that leverage the strengths of both domains. These
approaches can be categorized into three main types:

1) AI for uncertainty modeling: Deep generative models
(e.g., GANs, VAEs) are used to synthesize high-
fidelity renewable generation and load scenarios,
which are then fed into stochastic or robust opti-
mization models [102].

2) Al for dimensionality reduction: GNNs and autoen-
coders are employed to reduce the computational
burden of large-scale multi-energy flow optimization,
enabling near-real-time planning decisions [103].

3) Al for adaptive optimization: DRL frameworks, such
as Proximal Policy Optimization (PPO) and Soft
Actor-Critic (SAC), are used to solve multi-stage
planning problems with continuous action spaces,
adapting to real-time market and environmental sig-
nals [104].

For instance, Ref. [103] proposed a multi-agent DRL
framework for cooperative energy management in RIES,
demonstrating a 15% reduction in operational costs and
improved resilience under extreme events. Similarly, Ref.
[103] utilized GNNs for rapid topology optimization in
electricity-hydrogen-heat networks, reducing computation
time by 40% compared to conventional MILP solvers [9].

However, these methods also face challenges, including
high data dependency, limited interpretability, and the need
for robust transfer learning across different RIES configura-
tions. Future research should focus on developing hybrid
Al-physical models that integrate domain knowledge to
enhance generalization and trustworthiness. A visual com-
parison of the advantages and disadvantages between the
traditional method and the Al method for RISE planning
is shown in Table 7.

The selection of solution algorithms is a critical decision
in RIES planning, directly impacting both the quality of the
planning results and the computational efficiency. Exact
algorithms pursue mathematical optimality but are often
limited by computational complexity and model convexity
requirements. Heuristic algorithms, particularly intelligent
optimization algorithms, demonstrate strong flexibility in
handling complex, nonlinear, and high-dimensional prob-
lems. Al-enhanced optimization methods represent the lat-
est developmental trend, aiming to combine artificial
intelligence techniques with traditional optimization theory
to overcome computational bottlenecks and enhance adapt-
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Table 7

Comparison of Al-enhanced vs. traditional optimization methods in RIES planning.

Aspect Traditional optimization Al-Enhanced optimization Advantage of Al approach

Uncertainty Stochastic programming, Robust GANs, VAEs, DRL Higher fidelity scenario generation, adaptive learning
Handling optimization

Computational MILP, SDP, Heuristics GNNs, Autoencoders, DRL Scalability to larger networks, real-time capability
Efficiency

Model Flexibility Fixed structure, convex

approximations

Interpretability High (model-based) Low (black-box)
Data Requirement Low to moderate High (training data)
Application SIREN (Imperial College)

Example 2025)

Neural networks,
reinforcement learning

Multi-agent DRL (Liu et al.,

Handles non-convexity, nonlinearity, and dynamic
topology

Improved with XAI and hybrid modeling
Mitigated by transfer learning and synthetic data
Better adaptation to real-time signals and multi-
stakeholder environments

ability to uncertainties while maintaining solution quality.
However, these new methods also introduce challenges such
as interpretability and data dependency.

3.4 The impact of renewable energy uncertainty on planning

The integration of high-penetration renewable energy
resources, while central to decarbonization goals, introduces
significant intermittency and stochasticity into RIES [105].
These inherent characteristics pose a fundamental challenge
to traditional deterministic planning paradigms, as they can
lead to substantial discrepancies between planned and actual
system operation [106]. Ignoring this uncertainty may result
in under-sized flexibility resources, over-estimated renewable
consumption rates, and ultimately, systems vulnerable to
operational security risks and economic inefficiencies.

The core of the challenge lies in the multi-energy coupling
effect: the uncertainty from wind and solar power propa-
gates through conversion devices (e.g., HP, P2G) and is
amplified by the diverse time-scale dynamics of electricity,
natural gas, and heating networks. Therefore, moving
beyond deterministic models towards stochastic and robust
optimization frameworks is not merely an option but a
necessity for credible RIES planning. As demonstrated by
Ref. [107], the feasible operation region of a system is dras-
tically altered by renewable output, and flexibility-enhancing
technologies like Electric Heat Pumps (EHP) and Absorp-
tion Heat Pumps (AHP) are most effective when their capac-
ity is optimized considering this variability.

Furthermore, the correlation between different renew-
able sources and multi-energy loads must be modeled,
using techniques like Copula functions, to avoid unrealis-
tic assumptions of independence and ensure planning out-
comes are both robust and economically viable.

The uncertainty of renewable energy is a core issue that
RIES planning must confront. It compels planning method-
ologies to shift from deterministic “‘single-point” forecasts
towards stochastic or robust optimization that considers mul-
tiple possible futures. This transition not only increases model
complexity but also transforms the planning outcome from a
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single “optimal solution” into a set of “optimal strategies” or
a “robust scheme”, placing greater emphasis on the system’s
adaptability and resilience under various scenarios.
However, within this energy-economy two-dimensional
framework, the carbon factor is typically treated as an exter-
nality. It is either incorporated as a rigid constraint in the
form of an emission cap or internalized as a penalty within
the objective function via a carbon tax or environmental
cost. This treatment fails to fully capture the profound inter-
active mechanisms between carbon emission reduction and
the internal technological choices and operational strategies
of the energy system. Furthermore, it fails to elevate carbon
management to the strategic decision-making level, on par
with energy supply security and economic efficiency. Carbon
emissions have not yet become an active, core variable cap-
able of dynamically influencing energy flows and value
streams within the system. This relatively “passive” role lim-
its the ability of planning models to exploit deep decar-
bonization potential and hinders the systematic planning
of pathways towards ‘““zero-carbon” or ‘“negative-carbon”
operations. This indicates the necessity for a more profound
evolution of the research paradigm—one that fully endoge-
nizes the carbon dimension, establishing it as the third piv-
otal decision-making pillar alongside energy and economy.

4 The carbon dimension: from emission constraints to
negative-carbon pathways

4.1 RIES planning considering carbon emissions

Carbon constraints provide a crucial perspective (“car-
bon perspective”) for low-carbon RIES planning. They
represent a key feature that distinguishes it from conven-
tional integrated energy planning. Carbon constraints
mainly divide into carbon emission flow constraints and
total carbon emission constraints.

Based on carbon emission flow analysis methods, car-
bon emission flows can be linked with power flows in RIES
operations, thereby establishing emission flow constraints
[108]. Total carbon emission constraints set upper limits
on carbon emissions for certain time periods, and consid-
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ering multi-regional shared carbon emission constraints
allows more flexible power flow dispatching, achieving
higher economic benefits while reducing overall emission
reduction pressure [109].

Recent research has further developed differentiated
carbon constraint models, such as constraints based on
carbon emission intensity [110], constraints based on life-
cycle carbon emissions [111], and dynamic constraints con-
sidering carbon emission rights trading [112]. These con-
straint models can more flexibly and precisely control
carbon emissions from RIES.

Regarding planning methods, RIES planning consider-
ing carbon emissions has also seen new developments, such
as data-driven low-carbon planning frameworks [113],
multi-objective low-carbon optimization methods [114],
and distributed collaborative planning algorithms consid-
ering carbon constraints [115]. These methods can more
effectively balance economic and environmental aspects,
achieving low-carbon transformation of RIES.

Practical case studies indicate that RIES planning con-
sidering carbon emissions can significantly reduce system
carbon emission intensity. For instance, in wind-solar-
gas-storage RIES planning, by considering carbon emis-
sion costs, the proportion of various energy sources can
be optimized, increasing renewable energy utilization rates
and achieving low-carbon efficient system operation [116].

Under the CEE framework, carbon constraints directly
define the boundaries of the carbon dimension, shape the
scope of technological choices within the energy dimension,
and are intrinsically linked to the economic dimension by
influencing technology investments and operational costs.
Different types of carbon constraints offer planners distinct
policy compliance pathways.

4.2 RIES planning considering carbon trading

Carbon trading mechanisms have become effective tools
for controlling pollution and carbon emissions. Many
studies incorporate these mechanisms into RIES to reduce
system emissions and improve economic benefits. Intro-
ducing carbon trading mechanisms into RIES provides
more solutions for RIES to varying degrees.

With the establishment and operation of the national
carbon market, applications of carbon trading mecha-
nisms in RIES planning have deepened.

The carbon trading mechanism is a quintessential man-
ifestation of the carbon-economy nexus within the pro-
posed CEE framework. It creates a critical feedback loop
where carbon emissions are assigned a direct monetary
value, thereby efficiently internalizing environmental exter-
nalities into economic decisions. This price signal directly
influences operational strategies and investment planning,
incentivizing the adoption of low-carbon technologies and
shifting the energy portfolio towards cleaner alternatives.

Recent research has constructed RIES dispatch models
including carbon trading costs by considering differences
between actual carbon emissions and carbon emission
quotas, using traditional carbon trading mechanisms
[117]; adopting stepped carbon trading models, proposing
low-carbon dispatch strategies for electricity-heat-gas cou-
pling from both demand response and source-side central-
ized dispatch perspectives [118,119]; analyzing impacts of
carbon emission total trading mode and carbon emission
intensity trading mode on multi-RIES optimized dispatch
considering heating network constraints [120]; studying
the impact of carbon prices on power system carbon emis-
sions by establishing a three-stage optimal stepped carbon
price model for power systems, with results indicating that
baseline carbon prices and carbon price increments in
stepped carbon trading mechanisms are the main factors
affecting system carbon emissions and operations [121];
constructing a robust optimization model for RIES based
on reward and penalty stepped carbon trading, consider-
ing load transfer uncertainties [122].

Furthermore, considering external carbon benefits
brought by carbon trading market establishment,
researchers have proposed multi-stage planning methods
for RIES considering external carbon trading benefits.
Carbon trading mechanisms have been introduced into
planning models, constructing reward and penalty stepped
carbon trading cost models to constrain carbon emissions
[123]; a planning model for RIES has been established,
using minimum full life-cycle cost including carbon trading
fees as the objective function to make optimal decisions on
equipment configuration during the planning period [124].

On the demand side, carbon-aware scheduling of flexi-
ble loads presents a novel pathway for emission reduction.
By incentivizing load shifting to high-renewable periods
through carbon price signals or market mechanisms, the
carbon intensity of energy consumption can be signifi-
cantly lowered. This demand-side flexibility reduces the
reliance on carbon-intensive peak-shaving units and com-
plements supply-side decarbonization technologies, ulti-
mately contributing to a more economical and resilient
pathway toward zero-carbon RIES.

Recent research has also explored coordinated opti-
mization of carbon trading with other market mecha-
nisms, such as carbon-electricity joint markets [125],
carbon-gas joint markets [126], and carbon-electricity-
gas-heat multi-market coordinated optimization [127],
providing new ideas for low-carbon planning of RIES in
multi-market environments.

The carbon trading mechanism serves as the most direct
market-based bridge connecting the carbon dimension
(emission allowances) and the economic dimension (car-
bon price). It plays a pivotal role of price discovery and
resource allocation within the CEE framework. An active
carbon market can provide continuous economic incen-
tives for low-carbon and negative-carbon technologies
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within the RIES, enabling them to gain a competitive edge
over traditional high-carbon technologies and thereby
guiding investment towards more sustainable directions.

4.3 RIES planning considering carbon capture, utilization and
storage

Currently, carbon capture equipment has relatively high
investment and operational costs. Large-scale carbon cap-
ture power plants offer clearer technical and economic
advantages due to economies of scale. Therefore, consider-
ing integration of carbon capture equipment in cross low-
carbon RIES planning has more practical significance.

With advancements in carbon capture technology and
cost reductions, applications of carbon capture in RIES
have become increasingly widespread. CCUS technologies
fundamentally alter the interaction between the carbon
and energy dimensions within the CEE framework. Unlike
mere reduction strategies, CCUS enables a proactive man-
agement of the carbon cycle, potentially achieving negative
emissions. This transforms the role of the carbon dimen-
sion from a passive constraint into an active, manageable
resource. The planning problem thus evolves to include the
optimal sizing and siting of CCUS infrastructure, evaluat-
ing its techno-economic performance within the RIES, and
understanding its role in forming circular carbon-energy
pathways (e.g., coupling with P2G).

Recent research has considered the different impacts of
various carbon capture technologies on power plant energy
consumption and generation costs [128]; introduced technol-
ogy maturity factors to measure the staging and uncertainty
of carbon capture technology development [129]; planned
carbon capture power plant site selection considering factors
such as fuel sources, power loads, and CO, storage locations
[130]; considered changes in carbon capture technology
investment costs across different stages, including both car-
bon capture units and carbon capture reserved units as units
to be planned, reserving interfaces for carbon capture equip-
ment with minimal investment cost increments [131]; estab-
lished a clean energy generation and transmission multi-
stage expansion planning model considering shutdown of
aging coal-fired power plants or retrofitting with carbon
capture equipment [102].

Particularly significant progress has been made in inte-
grating carbon capture with RIES. The practical imple-
mentation of the CEE framework faces several
technological and economic challenges that require inno-
vative solutions. Recent advancements in CCUS technolo-
gies demonstrate promising developments in aligning the
three dimensions. For instance, Shangu Power’s chemical
looping mineralization CCUS technology represents a
breakthrough in integrating the carbon and energy dimen-
sions. This innovation directly mineralizes CO, from
industrial flue gas (with concentrations >3%) without
energy-intensive capture and purification processes, simul-
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taneously addressing waste treatment (utilizing calcium-
containing solid wastes like carbide slag and steel slag)
and carbon reduction while producing valuable negative-
carbon products. This technology achieves ‘““‘zero wastewa-
ter, zero waste gas, zero waste residue” emissions and
reduces compression power consumption by 10% com-
pared to traditional projects through advanced aerody-
namic computing technology and comprehensive
upgrades to host model stages, sealing systems, and intel-
ligent control systems.

From an economic perspective, recent technological
innovations show potential for significantly reducing car-
bon management costs. The membrane-free carbon cap-
ture technology developed by the University of Houston
research team achieves over 90% carbon removal efficiency
while reducing energy consumption [132]. This system cap-
tures CO, at approximately 490 CNY/t, comparable to
today’s most advanced amine scrubbing technologies. Fur-
thermore, the integration of vanadium flow battery sys-
tems enables simultaneous carbon capture and grid
stabilization, where CO, is captured during charging and
released during discharge, addressing both carbon reduc-
tion and renewable energy storage challenges with a single
device. The interaction between the carbon and economy
dimensions is particularly evident in the cost distribution
of CCUS projects. Full lifecycle cost analysis reveals that
CO, capture accounts for 70-73% of total costs, while
pipeline transportation represents 24-27% [133]. Although
CO,-ECBM can generate 2.845 billion CNY in revenue,
deep saline aquifer storage remains the main choice
(>90%), highlighting the limitations of relying solely on
revenue-driven models. This economic reality necessitates
policy support and innovative business models to make
CCUS projects economically viable while achieving car-
bon reduction goals.

These technological advances make the economic
dimension of the CEE framework more feasible for wide-
spread implementation.

Research indicates that combining carbon capture with
P2G technology can form closed-loop carbon cycle sys-
tems, such as using CO, captured by carbon capture
equipment as raw material for P2G methane production,
enhancing coupling between gas turbines and P2G equip-
ment compared to traditional RIES [134]. Additionally,
combinations of carbon capture with hydrogen energy sys-
tems [107] and carbon capture with biomass energy and
other novel low-carbon technology routes also provide
new possibilities for carbon neutrality in RIES.

The CEE triple-dimensional governance framework sys-
tematically elevates carbon management to a strategic height
equal to that of energy supply and economic optimization. It
achieves this by setting the evolutionary boundaries of the sys-
tem through carbon constraints, providing the economic driv-
ing force via carbon trading mechanisms, and enabling the
realization pathway through negative-carbon technologies
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like CCUS. The innovation of the CEE framework lies in its
revelation of the profound, dynamic, and bidirectional inter-
actions existing among the carbon, energy, and economy
dimensions. Planning decisions thus involve identifying the
system-wide Pareto front within this three-dimensional space.
This framework signifies that the RIES planning para-
digm has formally advanced from two-dimensional
“energy-economy” optimization into a new era of three-
dimensional “carbon-energy-economy” synergistic gover-
nance. It represents not only a theoretical advancement
but also provides a powerful practical tool for analyzing
and designing RIES aimed at a carbon—neutral future.
Next, we will employ this framework as an analytical lens
to examine RIES practice cases from around the globe.

5 International practices through the CEE lens: a
comparative analysis

The aforementioned theory indicates that the CEE
framework is an effective paradigm for guiding RIES plan-
ning. This chapter will select three representative cases—
Vienna, Amsterdam, and Boston—for analysis through
the CEE lens to verify its practical explanatory power
and guiding value.

5.1 Case selection and cee dimensional analysis

Vienna Aspern Smart City Project: This represents Eur-
ope’s largest case of coordinated planning between a low-
temperature district heating network and power system.
The project adopts a multi-source complementary energy
supply structure using geothermal, solar energy, and waste
heat, achieving a 98% renewable heating ratio through a
large-scale seasonal thermal storage system (240,000 cubic
meters) and intelligent energy management system. The
planning employed innovative multi-objective optimiza-

Table 8

tion methods, balancing economic viability, low-carbon
performance, and system resilience.

Key system configuration parameters, providing a con-
crete technical basis for this case study, are summarized in
Table 8. Holistic energy system simulations, optimizing the
trade-off between high renewable penetration and invest-
ment costs, determined the design of the 240,000 m® sea-
sonal borehole thermal energy storage (BTES) [135]. Its
massive capacity allows for the storage of excess solar ther-
mal energy from summer to meet the winter heat demand,
which is crucial for achieving the 98% renewable heat
share. The configuration of the low-temperature district
heating network (55-60°C supply temperature) is justified
by the widespread use of low-temperature heat emitters
(e.g., underfloor heating) in the new buildings, which
enables highly efficient heat pump operation and the inte-
gration of low-grade renewable heat sources [133].

Amsterdam Johan Cruijff Arena Energy Hub, Nether-
lands: This is the world’s first large-scale sports venue RIES.
Its planning adopted a blockchain-based energy trading
mechanism, combining 4200 rooftop solar panels, electric
vehicle charging stations, and a 3 MW/2.8 MWh second-
life electric vehicle battery storage system to form an energy
self-sufficient microgrid. The project implemented an inno-
vative stakeholder participation model during the planning
phase, exemplifying energy democratization planning.

The system configuration (Table 9) is designed for max-
imum self-sufficiency and resilience, enabling it to serve as a
backup power source during stadium events and grid
outages. The 3 MW/2.8 MWh battery energy storage sys-
tem (BESS) is composed of 148 s-life and 63 new Nissan
LEAF battery packs. This hybrid configuration was
selected for its optimal economic and environmental per-
formance. It reduces costs by utilizing second-life batteries
while ensuring reliability with new ones [136]. The 4200
solar panels (approx. 1.2 MWp) cover a significant portion

Key system configuration parameters of the Vienna Aspern smart city RIES.

Parameter category  Configuration Value/specification Rationale & source
parameter

Energy Supply Seasonal 240,000 m* (Borehole Thermal ~ Sized to balance seasonal mismatch between solar thermal surplus (summer)
Thermal Energy Storage — BTES) and heat demand (winter). Key to achieving 98% renewable heat [135]
Storage
Geothermal 2 x ~1500 m deep borehole Provides base-load heating and cooling. Depth and number designed for the
Energy heat exchangers specific geological conditions and base load demand [135]
Solar Thermal ~8000 m? aperture area Area optimized to generate sufficient summer surplus for seasonal storage
Collectors without excessive curtailment [135]

Network District Heating  55-60°C (Supply) Low-temperature design enables efficient heat pump operation and direct
Temperature integration of solar/geothermal heat. Mandated by building codes for new

developments [133]
Key Performance Renewable >98% Primary design objective, validated by multi-year monitoring data [135]
Indicator Heat Fraction
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Table 9

Key system configuration parameters of the Amsterdam Johan Cruijff arena energy hub.

Parameter Configuration Value/specification Rationale & source

category parameter

Energy Rooftop Solar ~1.2 MWp (4200 panels) Maximizes use of available roof area. Capacity factors in local irradiance and

Supply PV consumption patterns to maximize self-consumption [136,141]

Energy Battery Storage 3 MW/2.8 MWh (148 used + 63  Power (MW) sized for grid services and peak shaving; Capacity (MWh) sized for

Storage (BESS) new EV battery packs) daily energy shifting and backup duration. Hybrid new/used battery approach

optimizes cost and sustainability [136]

Load & EV Charging ~1000 charging spots Configurations support V2G (Vehicle-to-Grid) functionality, turning the EV fleet

Conversion Stations into a distributed storage resource for the arena’s microgrid [141]

Control Energy Blockchain-enabled P2P Allows the arena to trade flexibility (demand response, storage dispatch) with the

System Management trading platform local grid, creating a revenue stream and enhancing economic viability [141]
System

of the stadium’s annual electricity consumption. The sizing
was based on available roof space and a cost-benefit anal-
ysis, ensuring a reasonable payback period under the
Dutch subsidy scheme (SDE++). The integration of EV
charging stations (~1000 spots) creates synergistic flexibil-
ity, allowing the BESS to also buffer charging demand.

Boston Community Energy Planning (BCEP): This pro-
ject is the United States’ first RIES to adopt “energy
equity” as a core planning principle. The project pays spe-
cial attention to energy reliability and affordability in vul-
nerable  communities, developing  multi-objective
optimization models that include social dimensions. Its
innovation lies in its bottom-up planning approach based
on community participation, establishing a decision-
making mechanism involving local residents, businesses,
and institutions.

The principle of energy equity, which prioritizes relia-
bility and affordability in vulnerable communities, funda-
mentally guides the system configuration of the BCEP
project (Table 10). The 15 MW distributed solar PV capac-
ity is strategically allocated across community centers and
low-income households rather than concentrated in a sin-
gle farm. This design maximizes local consumption,
reduces grid congestion, and directly benefits the target
communities [137]. The SMWh of distributed battery stor-
age is sized to provide critical backup power to community

resilience hubs for up to 72 h during grid outages, a key
requirement identified through community engagement
sessions to address historical inequities in disaster response
[138]. Furthermore, retrofitting over 1000 low-income
households with heat pumps and insulation is a calculated
intervention to reduce their energy burden. The technol-
ogy selection and scale were based on energy audits and
economic models to ensure the greatest reduction in heat-
ing costs per dollar invested, a core metric for this equity-
focused planning approach.

Analyzed through the lens of the CEE framework, the
Vienna case demonstrates a pursuit of ultimate decar-
bonization in the carbon dimension (98% renewable heat-
ing), achieves highly efficient integration in the energy
dimension by leveraging large-scale seasonal thermal stor-
age and a low-temperature heating network, and balances
costs and benefits in the economic dimension through
multi-objective optimization. The Amsterdam case focuses
on emission reduction via renewable energy in the carbon
dimension, realizes flexible aggregation and interaction of
distributed resources in the energy dimension, and innova-
tively employs blockchain-based trading and second-life
battery utilization models in the economic dimension,
highlighting market mechanisms and the circular econ-
omy. The Boston case, while addressing the three core
dimensions, particularly emphasizes the extended value

Rationale & source

Table 10

Key system configuration parameters of the Boston Community Energy Planning (BCEP) Project.
Parameter Configuration Value/Specification

category parameter

Distributed Solar
PV Capacity

15 MW (rooftop & community-
shared)

Energy Supply

Energy Distributed 5 MWh (Aggregated capacity across
Storage Battery Storage sites)

Demand-Side Residential >1000 low-income households

& Efficiency Building Retrofits  (Heat Pumps & Insulation)

Key Energy Burden Reduce energy costs by >30% for
Performance Reduction Target  participating low-income

Indicator households

Sizing based on available rooftop space in target neighborhoods and goal
to offset a significant portion of base community load. Prioritizes direct
benefits over sheer scale [137]

Capacity sized to support critical loads in designated community resilience
hubs for 72 h, enhancing equity in disaster preparedness [138]

Scale determined by available funding and cost-effectiveness analysis to
achieve the largest reduction in “‘energy burden” (percentage of income
spent on energy) [137]

A primary socio-economic objective of the project, measured through pre-
and post-installation utility bill analysis [137,138]
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of social equity. Its technological choices in the carbon and
energy dimensions—such as distributed PV, energy stor-
age, and heat pump retrofits—are closely aligned with
the core objective of ““energy equity” within the economic
dimension, reflecting a social expansion of planning goals.

5.2 Comparative synthesis based on the CEE framework

The diverse international case studies reveal both con-
verging strategies and context-driven distinctions in RIES
planning, offering valuable insights for future system
design. A clear commonality across all cases is the central
role of renewable integration and waste-heat recovery
exemplified by Vienna’s 98% renewable heating rate and
Singapore’s industrial waste heat-driven cooling systems.
Furthermore, the adoption of digitalization and intelligent
management platforms — such as Hamburg’s digital twin
and Amsterdam’s blockchain-based trading--proves essen-
tial for enhancing operational efficiency and enabling real-
time coordination across multi-energy networks.

Another critical common thread is the emphasis on
multi-stakeholder engagement and institutional collabora-
tion. The Boston BCEP project’s bottom-up participatory
model and the EU’s RESPN network each highlight the
importance of aligning technical planning with social and
governance structures. Such approaches not only improve
project acceptability but also facilitate the integration of
distributed resources.

Significant regional variations persist, reflecting differ-
ing policy frameworks and resource endowments. Euro-
pean cases typically exhibit strong top-down policy
support (e.g., the EU Energy Union strategy) and
system-wide optimization, often prioritizing carbon neu-
trality and security. North American projects tend toward
market-driven mechanisms and scalability, as seen in Fort
Collins’ hydrogen-enabled net-zero district and Toronto’s
risk-managed phased implementation. Asia-Pacific imple-
mentations frequently address high-density urban chal-
lenges and resilience demands (e.g., Singapore’s humid-
climate CCHP optimization and Fukushim’s disaster-
response design). (Consider breaking long sentence into
multiple sentences for readability, or keep as is but ensure
parallel structure. Changed “e.g., EU” to “e.g., the EU”).

Collectively, these cases underscore that successful
RIES planning requires adaptive, multi-dimensional
frameworks incorporating local energy policies, resource
availability, social needs, and climatic conditions. They
also highlight the growing necessity of embedding carbon
management from emission tracking to negative-carbon
pathways as a core planning objective rather than an exter-
nal constraint. Such synthesized insights can inform more
robust, transferable strategies for achieving carbon-neu-
tral energy systems globally.

The comparative analysis above, conducted through the
lens of the CEE framework, yields insights that extend

beyond those typically found in case-study aggregations.
It reveals that the most successful and forward-looking
RIES projects are those that have already begun to inter-
nalize carbon management into their planning plan, mov-
ing beyond treating it as an add-on compliance
requirement. This synthesis of international best practices,
structured around the carbon-energy-economy interac-
tions, provides a novel taxonomy and evaluation criterion
for RIES planning. It allows us to not only document tech-
nological trends but also to critically assess how different
policy, market, and social contexts either enable or hinder
the deep decarbonization of RIES, a dimension often
underexplored in previous reviews.

To enable more systematic comparison, we can con-
struct a case analysis table (Table 11) based on the CEE
framework. This table will categorize and examine the
cases from perspectives such as the salient features of the
carbon dimension (e.g., policy objectives, key technolo-
gies), the prominent technologies in the energy dimension
(e.g., coupling methods, energy storage technologies), the
innovative mechanisms in the economic dimension (e.g.,
investment and financing, market models), and the charac-
teristics of multidimensional synergy.

This table clearly reveals that, although each case
emphasizes different aspects and adopts distinct technical
pathways within the three dimensions due to varying
regional contexts, resource endowments, and policy envi-
ronments, they all embody the synergistic governance phi-
losophy emphasized by the CEE framework. Successful
projects are not victories in a single dimension but are
the outcomes of synergistic optimization across all three
dimensions. They focus not only on technological
advancement and economic feasibility but, more impor-
tantly, treat low/zero-carbon objectives as core drivers
for system design and operational strategies. This analysis
demonstrates that the CEE framework is not merely a the-
oretical construct but represents a high-level generalization
and distillation of the common principles and success fac-
tors inherent in cutting-edge global RIES planning prac-
tices, possessing strong explanatory power and practical
guidance. The diverse practices from different regions also
provide varied exemplars for applying the CEE framework
in distinct contexts.

6 Challenges and future perspectives

This paper systematically reviews the paradigm evolu-
tion of RIES planning theories and methods driven by
the “dual carbon” goals. The research trajectory clearly
demonstrates that the field has progressed from an initial
focus on the physical modeling and multi-energy flow
analysis within the energy dimension, to gradually incor-
porating the economic dimension for optimized decision-
making, and ultimately advancing to a new stage where
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the carbon dimension is endogenized as a core decision
variable.

The core theoretical contribution of this paper lies in
proposing a novel CEE triple-dimensional governance
framework. By transforming carbon emissions from an
external constraint into an endogenous variable that inter-
acts dynamically and bidirectionally with energy flow
dynamics and economic factors, this framework achieves
a fundamental breakthrough in the RIES planning para-
digm. It provides a unified analytical foundation and the-
oretical guidance for systematically understanding,
planning, and evaluating RIES transitioning from “carbon
reduction” to ““zero carbon” and even ‘“‘negative carbon.”

Examining international typical international through the
lens of the CEE framework confirms that it is not a detached
theoretical concept but a high-level generalization of the suc-
cess factors inherent in cutting-edge global practices, pos-
sessing strong real-world explanatory power and universal
guiding value. Although current research still faces chal-
lenges such as full lifecycle carbon accounting, multi-
dimensional objective trade-offs, and technological lock-in
effects, future developments—including new modeling para-
digms integrating physics and data, Al-enhanced optimiza-
tion methods, innovative technology pathways enabling
negative emissions, and coordinated source-network-load-
storage design—hold the potential to overcome these bottle-
necks. Guided by the CEE framework, RIES planning is
poised to offer crucial technical support and decision-
making basis for the deep decarbonization and sustainable
development of global energy systems.

6.1 Current key challenges in CEE-aligned planning

Despite the tremendous potential demonstrated by
these international cases, in-depth analysis reveals critical
challenges in current practices:

1) Integrated carbon accounting across lifecycle: A sig-
nificant challenge lies in the carbon dimension, where
current accounting practices often focus solely on
operational emissions. The embodied carbon from
the manufacturing, construction, and decommission-
ing of system components (e.g., the massive thermal
storage in Vienna) is frequently excluded, leading to
an incomplete and potentially misleading assessment
of the true carbon footprint.

2) The tri-lemma of economy, carbon, and equity: Within
the economic dimension, a profound trade-off exists
between cost-effectiveness, ambitious carbon reduc-
tion, and social equity. Projects like Boston’s BCEP
highlight the difficulty of providing affordable, clean
energy to vulnerable communities while maintaining
economic viability, revealing the complex interplay
and potential conflicts between the economic, car-
bon, and social objectives.
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3) Technological lock-in and path dependency: The
inherent coupling between the energy and economic
dimensions can create long-term lock-in effects.
Phased implementation strategies (e.g., Toronto’s
DLCEN), while reducing short-term financial risk,
may commit the system to early-stage technological
choices that hinder the future integration of more
advanced, cost-effective, or efficient solutions, there-
by limiting the system’s adaptive capacity within
the CEE decision space.

These challenges are not isolated but stem from sys-
temic issues, including a lack of standardized lifecycle
assessment databases, computationally intractable
uncertainty-quantification tools that integrate across
dimensions, and policy frameworks that favor incremental
upgrades over transformative, integrated planning.

6.2 Future research directions guided by the CEE framework

To overcome these challenges and fully realize the
potential of the CEE framework, future research should
prioritize the following directions, which correspond to
enhancing the governance of each dimension and their
synergies:

Advancing the carbon dimension: Future work must
develop and standardize full lifecycle carbon footprint
assessment methodologies integrated directly into planning
models. Research should also focus on the optimal system
integration and business models for breakthrough negative
emission technologies (NETs) like Bioenergy with Carbon
Capture and Storage (BECCS) and Direct Air Capture
(DAC), treating carbon as a manageable resource.

Innovating in the energy dimension: The focus should be
on creating next-generation modeling tools. This includes
developing physics-informed data-driven models, such as
Physics-Informed Neural Networks (PINNs) and Graph
Neural Networks (GNNs), for more accurate and efficient
simulation of multi-energy flows. Furthermore, research
into the entire hydrogen energy chain (production, stor-
age, distribution) and its co-planning with electricity,
gas, and heat networks is crucial for enabling seasonal
storage and deep decarbonization.

Evolving the economic dimension: Exploring novel mar-
ket and business models is essential. This involves design-
ing dynamic pricing mechanisms and multi-market
participation strategies (e.g., coupled carbon-electricity-
heat markets) that properly value flexibility and resilience.
For decision-support, Al-enhanced optimization methods,
such as multi-agent reinforcement learning for distributed
cooperative planning, need to be advanced to solve the
high-dimensional, stochastic problems inherent in CEE
co-optimization.

Fostering cross-dimensional synergy: The ultimate goal
is seamless integration. This requires moving towards sys-
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temic co-design that actively treats demand-side flexibility
as a planned resource. Research should develop frame-
works for co-optimizing source-grid-load-storage expan-
sion, quantifying the value of flexibility across all three
dimensions, and creating aligned policy-techno-economic
paradigms that reward holistic CEE performance over iso-
lated objectives.

This section based on the CEE framework, systemati-
cally analyzes the major challenges faced by current RIES
planning practices in the transition towards carbon neu-
trality, challenges which are rooted in systemic aspects
spanning technology, economy, and policy. Looking
ahead, overcoming these bottlenecks requires deeply inte-
grated, cross-disciplinary research guided by the CEE
framework. Future efforts should concentrate on develop-
ing more accurate, efficient, and uncertainty-resilient new
models, new algorithms, new market mechanisms, and
new technological pathways, ultimately achieving the deep
co-design of source-network-load-storage. The ultimate
objective is to establish a virtuous policy-technology-
economy paradigm that systematically incentivizes and
rewards holistically optimal performance across the car-
bon, energy, and economy dimensions, rather than merely
focusing on the deployment of individual technologies or
isolated optimization objectives.
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