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Abstract. Driven by the global energy transition and the "dual carbon" goals, the planning of rural integrated energy systems faces complex challenges
such as dispersed demands, insufficient utilization of renewable resources, weak infrastructure, and differences in economic development stages. To
address these issues, this study proposes a dynamic planning framework that integrates the macroeconomic development stage classification and
improves the multi-objective pelican optimization algorithm. The algorithm dynamically adjusts the target weights and constraint boundaries based
on the macroeconomic development stage. The algorithm initializes the population using the Sobol sequence combined with weak Gaussian
perturbation and introduces an adaptive dynamic factor embedded with stage information to jointly adjust the search step size. A two-stage stochastic
programming model with the objective of minimizing the total annual equivalent cost and maximizing the annual net carbon reduction is constructed.
Simulation examples using typical rural areas in northern China show that the proposed algorithm outperforms the comparison algorithms in terms
of convergence and distribution of solution sets. The Pareto solution set distribution index is the best at 0.082. The average annual total cost of the
optimization scheme is 14.856 million yuan, which is 2.5% to 4.9% lower than the comparison algorithm, and the annual net carbon reduction is 634.2
tons, with a comprehensive energy efficiency of 76.8%. This framework converts the a priori knowledge of macroeconomic stages into adaptive
parameters of the algorithm, effectively connecting planning preferences with search strategies, and providing a dynamic decision-making tool that
balances economy, low carbon, and reliability for rural areas at different development levels. It has theoretical and application value for the
coordinated advancement of rural energy transition and rural revitalization.
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1. Introduction highly dependent on the stage and speed of regional economic
growth (Qin et al. 2024).

Realizing the carbon neutrality goal in rural areas faces a
series of unique challenges. On one hand, rural areas are
important carbon emission sources, mainly from fossil fuel
combustion, open-air incineration of agricultural waste, and
improper treatment of livestock and poultry manure. On the
other hand, rural areas also have significant potential for carbon
reduction, through the development of biogas projects, the
promotion of photovoltaic and wind power, and the
implementation of electrification renovations, greenhouse gas
emissions can be significantly reduced. However, due to the
lack of effective policies and financial support, many low-carbon
technologies are difficult to be applied in rural areas. Moreover,
the slow progress of rural electrification is one of the main
obstacles to the transformation of the energy system. The high
cost of extending the power grid, low load density, and obvious
seasonal electricity usage characteristics lead to low investment
returns for power companies and long-term insufficiency in
power supply reliability and power quality in rural areas (Irshad
et al. 2024). In some remote rural areas, off-grid distributed
energy systems may have technical feasibility, but their initial
investment and maintenance costs are still unaffordable for local
residents.

The deepening global energy transition and sustainable
development agenda have positioned rural areas as a critical
component of national economic and social progress. The clean,
efficient, and intelligent transformation of rural energy systems
has become a pivotal pathway toward achieving "dual carbon"
targets and advancing the rural revitalization strategy.
However, the planning of the Integrated Rural Energy System
(IRES) faces unique complexities. Firstly, rural energy demands
are highly dispersed and exhibit significant temporal and spatial
heterogeneity: agricultural production (such as irrigation,
harvesting), agricultural product processing and residential
energy demands fluctuate greatly in different seasons and
within the day, especially the heating demand in winter and the
cooling demand in summer, which place higher demands on the
system's peak regulation capacity (Shahrom et al 2023).
Secondly, rural renewable resources are diverse (such as
biomass, solar energy, wind energy, etc.), but the development
utilization rate is low and there is a lack of effective collaborative
configuration means, resulting in both resource waste and
energy shortage (Wu 2025). Thirdly, rural energy infrastructure
is generally weak, with a lower grid coverage and power supply
reliability than cities, and its development speed and quality are
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Meanwhile, multi-objective optimization methods have
made significant progress in the field of energy system planning.
Traditionally, deterministic algorithms such as linear
programming and mixed integer programming have been
widely used in energy system planning, but they have high
computational complexity when dealing with high-dimensional,
nonlinear, and multi-constraint problems, and are difficult to
simultaneously optimize multiple conflicting goals such as
economy, environment, and reliability (Wang et al 2024).
Heuristic algorithms such as genetic algorithms and particle
swarm optimization can handle non-convex problems, but they
still have deficiencies in convergence speed, local optimal
avoidance, and uniformity of the Pareto frontier distribution
(Jabari et al. 2024). In recent years, the Pelican Optimization
Algorithm (POA) as an emerging meta-heuristic algorithm has
shown superior performance due to its few parameters, simple
structure, and the ability to balance global exploration and local
exploitation (Chander et al. 2024). However, applying POA
directly to complex multi-stage IRES planning problems still
requires solving key issues such as maintaining population
diversity, multi-objective non-dominated sorting and archive
maintenance, and adaptive search at different stages.

Furthermore, most existing studies have placed energy
system planning within static or short-term analysis
frameworks, failing to explicitly model the dynamic evolution of
energy demand preferences and investment capabilities of rural
economies across multiple development stages, such as poverty
alleviation, basic electrification, and industrial upgrading. This
results in planning schemes being difficult to adapt to different
strategic goals at different stages (Chen et al. 2023). Although
heuristic algorithms have been widely applied in IRES planning,
their search strategies are typically fixed or only adjusted simply
based on the number of iterations. This limits their ability to
perceive and respond to the dynamic changes in target weights
and constraint boundaries across different economic
development stages. Moreover, existing approaches lack
mechanisms that embed macro-stage information into the
adaptive process of the optimization algorithm (Nassar et al.
2025). Existing studies mostly use scenario analysis to depict
short-term uncertainties, but lack systematic handling of the
uncertainty of target priorities and constraint conditions at each
stage over a 10-20 year planning period, and fail to provide a
planning framework that can be rolled out for adjustment and
adaptive correction (Zhang et al. 2025).

To realize low-carbon, economical, and efficient
collaborative planning of IRES in the context of dynamic
economic development, this study constructs an IRES multi-
objective dynamic planning model integrating Economic
Development Stage Division (EDSD). It uses Multiple Objective
Improved POA (MOIPOA) to solve. The innovation of this
research lies in: (1) By embedding the classification of
macroeconomic development stages as a priori knowledge into
the adaptive factors of the optimization algorithm, the search
step size can be dynamically adjusted according to the evolution
of the stage. This is different from the parameter adaptive
mechanisms in all previous POA improvements that only rely
on the number of iterations or random perturbations. Instead,
the "dynamic nature of the planning problem" is transformed
from a posteriori analysis to priori guidance. (2) The population
initialization is carried out using the Sobol sequence combined
with weak Gaussian perturbation. Compared with the chaotic
mapping or good point set strategies used in existing studies,
this method achieves a more uniform initial coverage in the low-
dimensional decision space, which has a decisive impact on the
quality of the Pareto front distribution in multi-objective
optimization. (3) The integration of external archives, non-
dominated sorting, and stage-adaptive position update into a
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unified solution framework is specifically designed for the
dynamic optimization problems in IRES planning that last for 10
to 20 years and involve changes in multi-stage objective weights
and constraint boundaries. Existing energy research based on
POA has not addressed such long-term and phased evolution
issues.

2. Related Work
2.1 Improvement and application of POA

As an emerging metaheuristic algorithm, POA has
received widespread attention in complex engineering
optimization problems in recent years due to its advantages of
simple structure, few parameters, and easy implementation.
Especially when dealing with optimization problems with multi-
peak, nonlinear, and highly constrained characteristics such as
energy systems, researchers have made multi-directional
improvements to the basic POA. In terms of algorithm
improvement strategies, recent research mainly focuses on
enhancing population diversity, balancing exploration and
development capabilities, and jumping out of local optimality.
For example, Y. Xu et al. artificially improved the accuracy of
photovoltaic parameter identification and used a combination
of cubic chaotic mapping and refraction reverse learning
strategies to initialize the population. This study introduced a
catchy mutation strategy and a lens imaging reverse learning
mechanism, which effectively enhanced the algorithm's global
search capabilities and its ability to get rid of local extreme
values (Xu et al.2025). Chen et al. (2025) proposed a multi-
strategy POA to solve the NP problem of agricultural Internet of
Things coverage optimization, integrating good point set
strategies to expand the search range. It used the 3D spiral Lévy
flight strategy to improve the convergence speed and accuracy,
and enhanced the robustness to different scenarios through
adaptive t-distribution variation. In the optimization of
controller parameters to improve the stability of wind-solar
hybrid power systems, P. Liu et al. improved the position update
process of POA by introducing the Lévy flight strategy and
overcame its local convergence problem (Liu et al. 2025). At the
level of multi-objective expansion and engineering application,
L.Yi et al. clearly proposed MOIPOA for the first time and used
it for the dynamic reconstruction of rural rooftop photovoltaic
arrays. It improved the output power while optimizing the
switch life, demonstrating its potential in dealing with multi-
objective trade-off problems (Yi et al. 2024). In system-level
control and optimization, Mary et al. (2025) combined POA with
an adaptive neuro-fuzzy inference system to optimize the power
flow of hybrid power generation systems, achieving rapid
stability and high energy efficiency. These studies showed that
the targeted improved POA and its multi-objective variants
were superior to traditional algorithms in solution accuracy,
convergence speed, and robustness. This provided a strong
algorithm basis for applying it to more complex multi-objective
planning of IRES systems (Mary et al. 2025).

2.2. Research status of IES planning modeling methods

The core of IES planning is to build an optimization model
that can accurately reflect the physical characteristics,
economic laws and external environmental impacts of the
system, and to use effective methods to solve it. In terms of
modeling that considers resource characteristics and multi-
factor synergy, scholars are committed to more accurately
portraying the volatility and correlation of renewable energy (Yi
et al.2024). Zhang et al. (2024) used the Frank-Copula function
to describe the complex correlation between wind power and

ISSN: 2252-4940/© 2026. The Author(s). Published by CBIORE



X.Guo

photovoltaic output and used two-stage robust optimization
combined with K-means clustering for planning, making the
planning results more consistent with local reality. What is more
distinctive is the deep coupling with agricultural production. Fu
et al. (2024) pioneered the establishment of an agricultural load
model based on the physiological ecology of crop growth. They
analyzed the carbon cycle within the agriculture-energy system
and proposed a rural distributed energy planning model for
agriculture-energy-environment  synergy, achieving the
unification of economic benefits and environmental benefits.
At the policy impact level, Wang et al. (2026) based on
provincial panel data of China, using the difference-in-
differences model, analyzed the impact of the new urbanization
pilot policy on rural energy consumption carbon emissions.
They found that this policy actually led to an average annual
increase of 1.278 tons of carbon emissions per capita in rural
areas, and there was a significant spillover effect. This
conclusion revealed that the urbanization process may
indirectly increase carbon emissions by changing the intensity
and structure of rural energy consumption, indicating that
simple policy intervention, if lacking complementary energy
system optimization measures, may be difficult to achieve the
expected emission reduction goals. Liu et al. (2025) examined
the high-order moment risk spillover effect between the carbon
market and the energy market, finding that climate policy
uncertainty would significantly exacerbate the risk contagion
between the two markets, especially in extreme risk states. This
finding indicated that when rural systems participate in
emission reduction through the carbon trading market, financial
risks brought by external market fluctuations need to be
guarded against. At the technical and economic feasibility level,
Sakka (2025) verified the potential of ultra-low-cost anaerobic
digesters (below 20 US dollars) based on household organic
waste for biogas production in rural areas of Tunisia. Although
the energy density of biogas is much lower than fossil fuels, its
significant low-carbon emission characteristics and economic
practicability provide a sustainable energy alternative for
resource-poor communities.
To sum up, existing improvements in POA mostly focus on
improving the performance of general test functions or solving
specific engineering sub-problems. Its strategy lacks deep
adaptation to the multi-stage, multi-objective, and high-
constraint complexity unique to IRES system planning, and the
adaptive mechanism of the algorithm fails to correlate with
macroeconomic development dynamics. Secondly, although
existing IES planning models continue to make progress in
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uncertainty processing and refined modeling, they generally
place planning in a static or short-term analysis framework. It
ignores the fundamental and systemic impact of regional
economic development stages on planning target priorities,
constraints, and investment capabilities, and lacks an
endogenous dynamic evolution perspective. In response to the
above shortcomings, this study proposes a planning framework
that deeply integrates EDSD and MOIPOA. It divides rural
economic development stages through quantitative indicators,
and transforms stage characteristics into dynamic target
weights and constraint boundaries in the planning model. On
this basis, the basic POA is improved to enable dynamic
responsiveness to change in planning preferences and feasible
regions across different stages during the search process. This
allows the algorithm to automatically generate a Pareto-optimal
planning solution set. The resulting set is coordinated with the
long-term development path of the region.

3. Research Methods
3.1 IRES modeling

The planning, adoption and transformation of energy
systems is essentially a “socio-technical” process deeply
embedded in specific socio-economic structures. If pure
technical and economic optimization is separated from the
consideration of rural social capital, community governance
model, user behavior habits and institutional policy
environment, it is often difficult to implement or fail to achieve
expected benefits. In particular, there are significant differences
in energy equity, social acceptance, and community
participation capabilities in rural communities at different stages
of economic development. For example, in the initial stage,
fragile affordability and weak infrastructure may make energy
system planning primarily address energy poverty, and its
success is highly dependent on external financial subsidies and
inclusive policy design. In the optimization and stabilization
stage, planning needs to respond to residents’ higher demands
for energy quality, environmental value and even energy
democracy (Serat et al. 2023). Therefore, this study constructs a
core model framework that can not only describe the physical
characteristics and operational constraints of the energy system
in rural areas, but also reflect its dynamic evolution with
macroeconomic development.
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Fig. 1 IRES architecture

ISSN: 2252-4940/© 2026. The Author(s). Published by CBIORE



X.Guo

3.1.1 System architecture

Figure 1 is a typical IRES architecture. Its core is to realize
the coordinated optimization of local renewable energy and
conventional energy, energy storage devices and diversified
loads. In Figure 1, the energy flow of the system mainly includes
electric power flow, thermal flow and gas flow. The system
converts solar and wind energy into electrical energy through
photovoltaic and wind power generation. It digests agricultural
waste in a biogas digester to produce biogas, which is stored in
a gas storage tank and then supplied to the cooking load or
biomass cogeneration unit to generate heat. Heat pumps and
solar collectors convert electrical energy or solar energy into
thermal energy to meet users' heating and hot water needs.
Batteries are used to balance the temporal and spatial
differences in power supply and demand. The system realizes
two-way interaction of electric energy through the public power
grid to ensure the reliability of power supply.

To achieve the quantitative division of economic
development stages, this study selects three indicators: per
capita regional GDP (ten thousand yuan/person), the
proportion of non-agricultural industry value added in GDP (%),
and the per capita electricity consumption of rural residents
(kWh/person). Based on these indicators, the economic
development is divided into three dynamic stages. The initial
stage (where per capita GDP is less than 20,000 yuan, the
proportion of non-agricultural industry in GDP is less than 60%,
and per capita electricity consumption is less than 300
kWh/person) aims to address basic energy needs as the
primary goal. The growth stage (where per capita GDP is
between 20,000 and 50,000 yuan, the proportion of non-
agricultural industry is between 60% and 80%, and per capita
electricity consumption is between 300 and 800 kWh/person)
sees rapid growth in demand, emphasizing reliability and
economy. The optimization and stability stage (where per capita
GDP is greater than 50,000 yuan, the proportion of non-
agricultural industry is greater than 80%, and per capita
electricity consumption is greater than 800 kWh/person)
focuses on low-carbon environmental protection and overall
system efficiency.

The thresholds of per capita GDP of 20,000 yuan and
50,000 yuan were based on typical divisions of the rural poverty
line and the middle-income threshold in China. The proportions
of non-agricultural industry of 60% and 80% correspond to the
general dividing points of the early and late stages of
industrialization, which are based on the basic logic of the
"Charnley Industrialization Stage Model" in industrial
economics. The thresholds of per capita electricity consumption
of 300 kWh and 800 kWh were based on the recommended
standards of the International Energy Agency for "basic
electrification" and "adequate modern energy services". When a
region simultaneously meets two or more threshold values of a
certain stage, it is determined to enter that stage.

In the planning model, the weights and constraints of the
objective function are dynamically adjusted according to the
current stage to which the target area belongs. The specific
adjustment method is as follows: in the initial stage, the
economic goal is given the highest weight of 0.6, and the
environmental protection goal has the lowest weight of 0.2. In
the growth stage, the economic and reliability goals are given
higher weights of 0.4 each. In the optimization and stability
stage, the weights of environmental protection and efficiency
goals are increased to 0.35 each. Regarding the constraints, in
the initial stage, the investment upper limit is set at a relatively
low value (such as 10% of the regional annual fiscal revenue) to
reflect the capital constraint. In the growth stage, the investment
upper limit is appropriately relaxed. In the optimization and
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stability stage, a lower carbon emission lower limit constraint is
introduced.

3.1.2 Energy balance model

To conduct quantitative optimization analysis, it is
necessary to establish accurate mathematical models for each
link in the IRES system. System operation needs to meet the
real-time balance constraints of electricity, heat, and gas. The
electric power balance equation is shown in Equation (1).

b .
Pl (6) + Poy () + Pye(t) + Piti (8) + PES ()

= PEES(6) + Ppp () + PER (1) + Poeti () + +PEEE (D) (1)

In Equation (1), Pgbrlfg(t) and P;¢ll(t) are the power (kW)
purchased from the grid and sold to the grid during period ¢.
By (t) and P, (t) are the actual output (kW) of photovoltaic and
wind turbines. Pgisg (t) is the power generation of the combined
heat and power unit (kW). P4 (t) and PSR (t) are the discharge
and charging power of the battery (kW). P£L¢ (¢) is the electrical
load demand (kW). Py, (t) is the heat pump power consumption
(kW). P£c(t) is the system network loss (kW). The thermal
power balance equation is shown in Equation (2).

Hyéip (8) + Hap (8) + Hypn (£) = Higgg () + Haa () + Higss ()
(2)
In Equation (2), Hjgr (t), Hpp (t), and H,p, (t) are the heat
supply (kW) of the cogeneration unit, heat pump and solar
collector. H®% (¢) is the heat load demand (KW). H,4(¢) is the
heat energy (kW) required to maintain the fermentation
temperature of the biogas digester. H%¢4(¢) is the heat network
loss (kW). The biogas mass balance equation is shown in
Equation (3).

Gaa(t) + GEei(8) = Gioaq () + Gpenp () + Gl (6) 3)

In Equation (3), G,4(t) is the gas production rate of the biogas
pool (m®/h). G3(¢) and GER(t) are the deflation and charging
rates of the gas tank (m3/h). G2 (¢) is the cooking gas load
(m3/h). Gpenp (t) is the gas consumption rate of the cogeneration

unit (m®/h).
3.1.3 Key equipment operation model

Photovoltaic output mainly depends on light radiation
intensity and ambient temperature. The photovoltaic power
generation model is shown in Equation (4).

{va(t) = va . Apv SG(t) - npv(t) (4)
npv(t) = Uf;ff M-a- (Teeu(t) — Tstc)]

In Equation (4), Ny, is the number of photovoltaic panels.
Apy is the area of the single board (m?). G (¢) is the total radiation
intensity of the slope (kW/m?). 1, (t) is the actual conversion
efficiency. nf,ff is the efficiency under standard test conditions.
@ is the power temperature coefficient (%/°C). T (t) is the
operating temperature of the battery panel (°C). Ty is the
standard test temperature (°C). There is a nonlinear relationship
between biogas production and the temperature in the pond, so
the empirical formula can be used for fitting, as shown in
Equation (5).

Gad (t) = f(led (t)) ’ qubstrate (5)
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In Equation (5), f(Tuq(t)) is the temperature-gas
production rate function (m®/(m3h)). Vsypsirate i the volume of
fermentation raw materials (m?®). Pool temperature dynamics
are determined by the thermal power balance equation,
involving ambient heat dissipation and external heating (Yu et
al. 2025). The energy storage equipment model takes the
battery as an example, and the energy storage state update
equation is shown in Equation (6).

S0C(t) = S0C(t = 1) - (1 = ) + (e - Pen(t) — 222 . 2

Ndis Erated
(6)
In Equation (6), SOC(t) is the state of charge at the end of period
t. ¢ is the self-discharge rate. n.,/n4;s and P, (t) /Pys(t) are
charging and discharging efficiency and power (kW). E,4teq 1S
the rated capacity (kWh). At is the time interval. The above
energy balance equations (1) to (3) and the key equipment
operation models (4) to (6) are all standard mathematical
descriptions widely used in the field of comprehensive energy
system planning. They mainly refer to the classic modeling
framework in this field and have been improved accordingly.

3.2 IRES operation optimization based on MOIPOA

POA is a metaheuristic algorithm that simulates the
hunting behavior of pelican groups. It has the advantages of
simple structure, few parameters, and easy implementation.
However, standard POA is a single-objective optimization
design and is directly applied to complex multi-objective
optimization problems such as IRES systems. It has limitations
such as volatile population diversity, insufficient Pareto front
convergence and distribution, and difficulty in balancing multi-
stage searches (Song et al. 2025). To this end, this study
proposes a MOIPOA.

3.2.1 Population initialization strategy based on Sobol sequence

Standard POA uses a pseudo-random number generator
to randomly initialize the population in the search space, which
may lead to uneven distribution of initial individuals, affecting
the global search efficiency of the algorithm and the diversity of
the final solution set (He et al. 2025; Mohan et al. 2025). To
improve the uniformity and ergodicity of the initial population
in the decision space, this study uses Sobol quasi-random
sequence instead of the pseudo-random number generator for
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initialization, and introduces weak Gaussian perturbation to
maintain the necessary randomness.

The Sobol sequence is a low-difference sequence, and the
value x,(lj) of the nth point in the jth dimension is generated by

the direction number vi(j )| as shown in Equation (7).
) — () () 0))
x” =nv” ®@ny,” ®..@ny, (7)

In Equation (7), @ is a bitwise XOR operation, and n; is the ith
bit of the binary representation of n. To enhance the robustness,
Gaussian noise with a mean of 0 and a standard deviation of o
is added to the generated Sobol sequence points, as shown in
Equation (8).

B, (i, j)=x" (up, —low;) +low, + N (0,c*)  (8)

In Equation (8), Py, (i, j) is the initial value of the ith individual
on the jth dimension decision variable. [low;, up;] is the search
boundary. Figure 2 shows the comparison of the effects of
population initialization strategies.

In Figure 2, compared with random initialization, Sobol
sequence initialization can make the population more evenly
distributed in the search space and provide a more
comprehensive starting point for subsequent searches. The
standard POA initializes the population using a pseudo-random
number generator, and the expected distribution difference of
the population in the decision space is E[D_ ]=0(1 JVN),
where N is the population size. The Sobol sequence is used as a
low-difference  sequence, with a difference D Sobol =
0((log N)*/N), and d is the dimension of the decision
variables. When d is small (in this study, d < 10), the theoretical
difference of the Sobol sequence is significantly lower than that
of the pseudo-random initialization. This means that the initial
population can more evenly cover the feasible region, thereby
reducing the probability of the algorithm getting stuck in local
optimum and providing more abundant initial Pareto candidate
solutions for the subsequent non-dominated sorting.

3.2.2 External archives and non-dominated sorting mechanism for
multi-objective optimization

To extend single-objective POA to multi-objective fields
and effectively manage and maintain Pareto optimal solution
sets, MOIPOA introduces external files and a fast non-
dominated sorting mechanism. The external archive is an
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~05} -, PRI
0 IR
0 0.5 1.0

y o 10 0

(b) Random initialization

Fig 2 Population distribution under the two initialization methods
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independent repository used to save and update the non-
dominated solutions discovered so far during the iterative
process (Ma et al. 2025). The file capacity N, is fixed. After each
population update, the newly generated non-dominated
solutions are merged with the historical solutions in the archive.
When the number of combined non-dominated solutions
exceeds N,, pruning is required. First, fast non-dominated
sorting is used to divide the solution set into multiple frontier
levels (Frontier Rank, R1, R2,...). Among them, R, is the Pareto
front with the highest non-dominated level. Then, the crowding
distance cd; of each solution i within the same frontier level is
calculated to measure the distribution density of the solution on
its frontier, as shown in Equation (9).

od, =3 VD=1, G- D)

fmax fmin
m m

In Equation (9), M is the number of objective functions.
fm (@) is the value of solution i on the m —th target, and the
solutions need to be sorted according to this target value. The
larger the crowding distance, the smaller the density around the
solution and the better the diversity. The file maintenance
strategy is to give priority to retaining solutions in the high-
ranking front R;. If the number of solutions in R; exceeds the
file capacity, the solutions with larger crowding distance will be
retained.

Delete the redundant solutions

The number of

solutions exceeds
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3.2.3 Integration stage information and ADF position updates

In the position update formula of the standard POA
"moving toward prey" (exploration phase), parameter A is
usually randomly set to 1 or 2. This fixed or random strategy
may not be able to adaptively balance global exploration and
local development when dealing with complex multi-stage,
multi-modal optimization problems. To this end, this study
introduces an Adaptive Dynamic Factor (ADF) u associated
with the iterative process and economic development stage in
POA to replace the original A. First, the basic adaptive factor is
defined as p; 460 (t), which adaptively decreases as the number
of iterations t increases, as shown in Equation (10).

7
t
e () = e = (Mo = M) X [T—] (10)

max

In Equation (10), 4mqr and p,;, are the upper and lower
limits of the factor, T;,4, is the maximum number of iterations,
and y is the parameter that adjusts the shape of the curve. This
ensures that the algorithm tends to global exploration (larger u)
in the early stage and local development (smaller ) in the later
stage.

More importantly, to enable the algorithm to perceive and
adapt to the staged characteristics of rural energy system
planning, this study incorporates the stage impact factor ¢(s)
into it. Different search biases are given according to the
economic development stage s to which the current plan
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using a random Sobel sequence

v

Initialize the pelican position

and calculate the fitness

v

Randomly generate the
position of the prey

v

Establish a repository and
store the pelican location

l¢
¥

Update all Pelicans positions

v

Perform non-dominated sorting

and congestion calculation

No

\ 4

<T =t+1

v
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End

Fig 3 MOIPOA process
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belongs. For example, in the early stages of economic
development, it is necessary to emphasize quickly finding
feasible solutions, and ¢(s) can be set to make the search more
exploratory. In the later stage of economic development, the
emphasis is on fine search, and ¢(s) can be set to enhance
development capabilities. The final ADF u(t,s) is shown in
Equation (11).

[l(t, S) = ¢(s) ) .ubase(t) (11)

The step size factor of the standard POA during the
exploration stage is randomly set as I € {1,2}, lacking adaptive
adjustment of the search process. The ADF u(t, s) proposed in
this study is defined as py(t) - y(s), where Bo(t)=Pmax-(Ltmax-
pmin)-(t/ Tmax)* decreases monotonically and y(s) is adjusted
according to the economic development stage. According to the
random approximation theory, when the step size factor
satisfies Y52, u(t) = o« and Y5, u?(t) < oo, the random search
algorithm converges to the global optimal neighborhood with
probability 1. In this design, u(t) decays with the increase of the
number of iterations (due to p,(t) decreasing and y(s) being a
normal number), meeting the above convergence conditions.
Meanwhile, the stage factor y(s) enables the algorithm to
maintain an appropriate step size scale in different optimization
stages, avoiding premature convergence to local optima or
oscillation in the later stage. The improved pelican position
update formula (exploration phase) is shown in Equation (12).

a1 {Pit_j +rand - (Sf — u(t,s) - Pfy), i F(SY) < F(P))
Y Pij+rand - (P; =57),  otherwise
(12)

In Equation (12), < is the position of the i —th pelican
(individual) of the tth generation in the jth dimension. Sjt is the
position in the j th dimension of the "leading prey" (one of the
global optimal solutions) selected from the current external file
based on crowding or roulette strategy. F is the objective
function vector. < is a Pareto dominance relationship. The
adaptive factor u(t,s) dynamically adjusts the step length for
individuals to learn from the leader, achieving collaborative
adaptation of the search strategy and problem stage
characteristics. Based on the above improvements, the main
process of MOIPOA applied to IRES multi-stage planning is
shown in Figure 3.

In Figure 3, MOIPOA first uses Sobol sequence combined
with Gaussian perturbation to initialize the population to
improve the uniformity and diversity of the initial solution in the
decision space. The next step is to enter the main loop, and in
each generation, the algorithm updates the individual position
through the ADF incorporating stage information, dynamically
balancing global exploration and local development. After each
round of iteration, the newly generated non-dominated
solutions are merged with the archive historical solutions, and
the fast non-dominated sorting and crowding distance
mechanisms are used to maintain and update the archives,
retaining solutions with high frontier levels and good
distribution. Finally, after reaching the maximum number of
iterations, the Pareto optimal solution set in the external file is
output.

The main computational costs of MOIPOA include
population initialization, position update, non-dominated
sorting, and external archive maintenance. Let the population
size be N, the maximum number of iterations be T, the number
of objective functions be M, and the size of the archive be A. The
complexity of Sobol sequence initialization is O (Nd), which is of
the same order as random initialization. The complexity of
position update in each generation is O(Nd). The non-
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dominated sorting uses fast non-dominated sorting, with the
worst complexity of 0(MN?), but in actual operation, due to the
adoption of elite retention and archive pruning, the average
complexity is approximately O(MN log N). The complexity of
calculating the crowding distance in archive maintenance is
O(MAlog A). Therefore, the total time complexity of MOIPOA
is O(T(MN? + MAlog A + Nd)). Compared with the standard
POA (single objective, complexity O(TNd)), MOIPOA increases
the cost of non-dominated sorting due to handling multiple
objectives, but it is at the same level as similar multi-objective
algorithms (such as NSGA-II, complexity O(TMN?)).

3.3 Multi-objective dynamic programming of integrated stage
division

IRES planning is not a static problem, and its optimal
configuration and operation strategy are deeply dependent on
the macroeconomic development process of the region (Dong
et al. 2023; Mu et al. 2024). To achieve the collaborative
optimization of IRES in each economic development stage, this
study constructed a multi-objective dynamic programming
model integrating stage division. The model adopts a two-stage
stochastic planning framework to explicitly depict the coupling
relationship between planning decisions and operation
scheduling, and to systematically handle the uncertainty of
comprehensive energy output and load demand. The overall
framework of the model is shown in Figure 4.

In Figure 4, the first stage (planning stage) determines the
long-term configuration capacity of various types of energy
equipment. The second stage (operation stage) optimizes the
equipment output, energy storage status and real-time
electricity price strategy in typical days under a given capacity
to minimize operating costs. The two stages are related to each
other through capacity variables and operation cost functions,
and jointly pursue the dual goals of minimizing the economic
cost of the entire life cycle of the system and maximizing CER
benefits (Wang et al. 2025).

3.3.1 Objective function

IRES is not a static issue. Its optimal configuration and
operation strategy are highly dependent on the regional
macroeconomic development process, and are also affected by
multiple uncertain factors such as renewable energy output,
electricity market prices, and long-term economic growth. To
achieve the coordinated optimization of IRES under different
economic development stages, this study adopts a two-stage
stochastic programming framework for unified treatment. The
two stages are interconnected through capacity variables and
operation cost functions, jointly pursuing the dual goals of
minimizing the equivalent annualized total cost of the system
over its entire life cycle and maximizing the annual net carbon
emission reduction (CER). The modified expected form
objective function is shown in Equation (13).

. S .
{mln E [Ctotal] = Xs=1Ts Cootars (13)

maxE [E 1=X3_,m-E

reduce reduce’s

In Equation (13), S represents the total number of
scenarios, 7, represents the occurrence probability of scenario
s, and Ctota],S and Ere ducesS respectively represent the system's
equivalent annualized total cost and annual net CER under
scenario s.

For renewable energy output uncertainty, the Frank-
Copula function is used to capture the nonlinear spatiotemporal
correlation of photovoltaic and wind power output, generating
hourly wind and solar power sequences covering 8,760 hours
annually. This addresses the limitation of traditional
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Fig 4 Basic framework of multi-objective two-stage stochastic programming

independent random generation methods in capturing wind-
solar complementarity. For power market uncertainty, the
geometric Brownian motion model simulates random
fluctuations of time-of-use electricity prices, calibrated against
historical local market data from 2020 to 2024. Peak, flat, and
off-peak price volatilities are set at 15%, 10%, and 8%,
respectively, to generate typical operation scenarios under
different price levels. Long-term economic fluctuations are
captured through the proposed multi-stage economic
development classification mechanism, defining three
scenarios: low growth (3% average annual GDP growth),
benchmark growth (5%), and high growth (7%). Each scenario
corresponds to distinct energy demand growth rates,
investment budget caps, and target weight coefficients, enabling
dynamic adaptation of the planning scheme to the long-term
economic development path.

3.3.2 Constraints

To ensure the feasibility, safety and economy of the
proposed planning scheme, the IRES multi-objective two-stage
stochastic programming model is constructed. Its constraints
mainly cover system equipment configuration capacity
constraints, system operation constraints and electricity price
constraints. Among them, system operation constraints are
used to ensure the real-time safe and stable operation of the
system in any typical scenario and scheduling period, and
mainly include energy balance models and key equipment
operation models. System equipment configuration capacity
constraints stipulate the upper and lower limits of the
installation capacity of various types of energy equipment in the
planning stage to ensure that investment is within the scope of
technical feasibility and budget permission. The planned
capacity of all equipment must satisfy Equation (15).

M™ <M, <M™, VieQ, (15)

In Equation (15), £2; is a collection of equipment, including
wind turbines, photovoltaic units, biogas digesters,
cogeneration units, electric boilers, batteries, thermal storage
tanks and gas storage tanks. M; is the planned capacity of

equipment i. M/ and M{"** are the technical lower and upper
limits of its capacity. In addition, the total investment needs to
satisfy the budget constraint shown in Equation (16).

le- .C;nv < Bmax (16)
i€Q,

In Equation (16), cjnv is the unit capacity investment cost
of equipment i. is the maximum allowable total
investment. To guide user-side demand response, optimize
system operation, and protect user interests at the same time,
the internal real-time electricity price is constrained in the
model, as shown in Equation (17).

Bmax

e,max

PO < pt < pt Wt (17)

In Equation (17), pf is the electricity sales price to the user
side during period t. p®™™ and p®™4* are the lower and upper
limits of electricity prices allowed by policy or market. This
constraint ensures that the price mechanism functions within a
reasonable range and avoids extreme electricity prices.

3.3.3 Model solving and decision-making process

For this multi-objective, nonlinear, and uncertain two-
stage planning model, this study uses MOIPOA for solution and
decision-making. The process is shown in Figure 5. The process
consists of three core steps. First, a probabilistic model based
on scenery resources generates a large number of initial scenes,
and uses the synchronous back-substitution method to reduce
them to a representative set of typical scenes to characterize
uncertainty. Then, MOIPOA jointly encodes planning variables
and key operational variables, and continuously updates the
population by simulating the flight and siege behaviors of
pelicans in iterations. In each generation, the operational
optimization sub-problems in all typical scenarios are solved for
each individual, its economic cost and CER amount are
calculated, and the Pareto optimal solution set is maintained
through non-dominated sorting. After obtaining the Pareto
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Fig 5 IRES planning and operation of the two-layer optimization model solution process

front, the distance method of superior and inferior solutions was
used to make the final decision. Decision makers can set target
weights based on local development priorities and
automatically select planning solutions that best meet needs
from the Pareto solution set.

4. Experimental Results
4.1 Experimental setup

This study took a typical rural area in northern China as
the planning object. The area is rich in solar energy resources,
with an average annual sunshine hour of 2,542 h and an average
annual wind speed of 7.62 m/s. It has stable agricultural waste
(such as straw, livestock and poultry manure) resources and a
total usable biomass of about 5,000 tons per year. It has good
conditions for the development of distributed clean energy. The
existing power grid structure in rural areas is relatively weak,

---------- Electric load — — — Heat load
Gas load

600 160
500 150
§400 - 140
% 300 [ 130
&~ 200 20
100 110

0 e 0

0 8 16 24 32 40 48 56 64 72

Hour /h
(a) Electricity, heat and gas load data

( €u1) qwnjo A

and there is a large thermal and electricity load gap during the
heating season. There is an urgent need to optimize the energy
structure and improve energy supply reliability and economy.
The comprehensive settings of key basic parameters, economic
parameters and optimization algorithm parameters involved in
the planning model are shown in Table 1.

This study used MOIPOA to solve the established
planning model. The parameters were set as follows: population
size 150, maximum number of iterations 200, proportion of elite
individuals 0.2, external file size 100, used to store non-
dominated solutions generated during the iteration process.
The simulation experiment was completed on a computer
equipped with an Intel Core i7-12700H processor and 32GB of
memory. All modeling and algorithm programs were developed
and run on the MATLAB R2021a platform, and its optimization
toolbox was called for auxiliary calculations. The annual hourly
solar radiation, electrical load, and heat load data based on the
simulation were all derived from actual observations and

Light intensity
Wind speed
0.7

0.6 10
0.5
0.4

“zAAA:

0.3
0.1
0 8 16 24 32 40 48 56 64 72
Hour /h
(b) Typical daily wind speed and
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Fig 6 Typical daily profiles of loads and renewable resources in the studied rural area
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Table 1
Economic and technical parameters of IRES equipment
Parameter Value Parameter Value
Planning the life cycle 20 years Unit investment cost 17500
g y ¥ yuan/kW
: Operation and
Discount rate 0.08 . 0.88 yuan/kW
. . maintenance costs
Biomass biogas p .
Inflation rate 0.04 ower generation 50%
efficiency
Grid power purchase - Off-peak price (Period: Waste heat utilization o
23:00- 7:00 the next day) 0.35 yuan/kWh efficiency 40%
Grid power Purchase - Parity (Time period: . 17000
11:00-19:00) 0.52 yuan/kWh Unit investment cost yuan/kW
Grid power purchase - Peak price (Time periods: Ground source Operation and
7:00-11:00, 19:00-23:00) 0.56 yuan/kWh heat pump maintenance costs 0.80 yuan/kWh
Unit investment cost 4500 yuan/kW Coefficient of heating 5.8
performance
Photovoltaic Op.eratlon and 0.32 yuan/kWh Unit investment cost 1700 yuan/kW
maintenance costs
Phot.oelectrlc conversion 18.50% Electric boiler Opferatlon and 0.82 yuan/kWh
efficiency maintenance costs
Unit investment cost 24000 yuan/kW Electr1c-.therma1. 95%
conversion efficiency
Solar thermal . Opgrauon and 0.85 yuan/kWh Unit investment cost 1600
power generation maintenance costs yuan/kWh
L1ghF-therma1 conversion 40% Lithium battery Opferatlon and 0.30 yuan/kWh
efficiency energy storage maintenance costs
Unit investment cost 4800 yuan/kWh Charglng/dlscharglng 95%/95%
Solar thermal efficiency
storage system i
ge sy Heat storage/release 95%/95% Biogas storage Unit investment cost 1650 yuan/m3

efficiency

tank

statistical data in the village, and were divided into three typical
days in summer (0-23h), transition season (24-47h), and winter
(48-72h), as shown in Figure 6. In Figure 6(a), the power load
was relatively stable, but there were obvious morning and
evening peaks. The heat load showed strong seasonality, with
demand in winter being much higher than in summer and
transition seasons, and with significant intraday fluctuations.
Biogas load was relatively stable. In Figure 6(b), wind and solar
resources showed significant complementary characteristics in
both seasons and days. Summer had abundant light and low
wind speed, while winter had strong wind and insufficient light.
The two were relatively balanced in the transition season.

4.2 Performance analysis of MOIPOA

To verify the performance of MOIPOA, this study also
uses Non-dominated Sorting Genetic Algorithm II (NSGA-II)
(Kocaturk et al. 2025) and Multi-objective Particle Swarm
Optimization (MOPSO) (Liu et al. 2025) for comparative analysis
to ensure the effectiveness and robustness of the planning
results. To ensure the fairness of the algorithm comparisons, the
three algorithms adopted the same population size (150),
maximum number of iterations (200), and external archive
capacity (100). For the parameters specific to each algorithm,
they were independently tuned through grid search. In NSGA-
II, the crossover probability was set to 0.9 and the mutation
probability was set to 1/decision variable dimension. In
MOPSO, the inertia weight decreased linearly from 0.9 to 0.4,
and the learning factors c¢: and c: were both set to 1.5. In
MOIPOA, the upper and lower limits of the adaptive factor were
0.9 and 0.2 respectively, and the shape parameter k was set to

2. All algorithms were run on the same hardware environment
and the MATLAB R2021a platform.

Table 2 summarizes the average values (Mean) and
standard deviations (Std) of the inverse generational distance
(IGD) and spacing (SP) indicators obtained by MOIPOA, NSGA-
II, and MOPSO after running 30 times on the ZDT1 to ZDT6
test functions. For the ZDT2, ZDT3, and ZDT6 functions, the
mean IGD values of MOIPOA (2.70E-03, 2.92E-03, 2.20E-03)
were lower than those of NSGA-II and MOPSO, indicating that
the obtained solution set was closer to the true Pareto front. In
the SP indicator, MOIPOA achieved the lowest mean values on
all four functions. To evaluate the credibility of the results, the
95% confidence intervals of the mean values of each indicator
for 30 independent runs were calculated. Taking the IGD
indicator of ZDT1 as an example, the confidence interval of
MOIPOA was [2.48E-03, 2.56E-03], while that of NSGA-II was
[3.73E-03, 3.97E-03], with no overlap, indicating that the
difference was statistically significant.

The study also used the Wilcoxon signed-rank test to
conduct pairwise comparisons of the IGD and SP indicator
results from 30 independent runs, with a significance level of «
= 0.05. The test results showed that the differences between
MOIPOA and NSGA-II, and between MOIPOA and MOPSO,
were all statistically significant (p values are all less than 0.01)
on all 5 ZDT test functions. In addition, the average single-run
times of the three algorithms (taking ZDT4 as an example) were
calculated: MOIPOA was 28.6s, NSGA-II was 25.3s, and
MOPSO was 22.1s. The running time of MOIPOA was slightly
higher than the comparison algorithms, mainly due to the
additional computational overhead brought by Sobol sequence
initialization and ADFs, but it was still within an acceptable
range.
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Comprehensive
energy efficiency

Fig 8 Three-dimensional Pareto front obtained by MOIPOA for the IRES planning problem

To evaluate the performance of different algorithms in
solving the IRES multi-objective optimization problem, this
study compared the solution results of MOIPOA, NSGA-II, and
MOPSO. Figure 7 is a performance comparison through box
plots. In Figure 7(a), in terms of economic goals, the average
annualized cost of MOIPOA was 10.32 million yuan, which was
better than NSGA-II's 11.23 million yuan and MOPSO's 11.56
million yuan. In Figure 7(b), the average level of CEs achieved
by MOIPOA was 45,800 tons, which was significantly lower
than NSGA-II's 60,150 tons and MOPSQO’s 65,400 tons. In terms
of overall energy efficiency, MOIPOA was also ahead of NSGA-
IT and MOPSO. In addition, MOIPOA's solution set distribution
range was wider for the two goals of CEs and comprehensive
energy efficiency. MOIPOA performed better in both solution
quality and solution set distribution and could better coordinate
the multiple planning goals of economy, low carbon, and
efficiency.

Figure 8 is the 3D Pareto front of MOIPOA. The point
clouds in the figure were widely distributed along the plane
composed of costs and CEs, indicating that there were a large
number of transition options from high carbon and high cost to

low carbon and high cost. In particular, in areas where
annualized costs ranged from 12 million yuan to 15 million yuan
and CEs ranged from 40,000 tons to 50,000 tons, the solution
set showed significant dispersion in terms of comprehensive
energy efficiency. This showed that within this cost and
emission range, decision makers could still significantly
improve energy efficiency by optimizing system structure and
operation strategies. The few solution points located at the
boundaries of the Pareto front demonstrated the potential to
approach the global optimum of three objectives at the same
time, providing a key extreme reference solution for multi-
objective decision-making.

Table 3 shows the performance comparison of
MOIPOA, NSGA-II and MOPSO in solving the IRES multi-
objective programming problem. In terms of economy, the
annual average total cost of the MOIPOA system was 1485.6
million yuan, which was 2.5% lower than that of NSGA-II and
4.9% lower than that of MOPSO. In terms of environmental
benefits, the corresponding annual net CER of MOIPOA was
634.2 tons, which was 3.7% higher than that of NSGA-II and
7.0% higher than that of MOPSO. In terms of the comprehensive
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Table 3
Performance of different optimization algorithms

Optimization algorithm MOIPOA NSGA-II MOPSO

The total annual cost of the system (in ten thousand yuan 1485.6 1523.1 1558.4

Annual CEs of the system (tons) 634.2 658.7 681.5

Comprehensive energy efficiency (%) 76.8 74.1 72.5

Pareto solution set distribution (SP) 0.082 0.105 0.121

Comprehensive ranking 1 2 3

energy efficiency of the system, MOIPOA achieved 76.8%,
which was 2.7% higher than that of NSGA-II and 4.3% higher
than that of MOPSO. In addition, the Pareto solution set
distribution index SP of MOIPOA was 0.082, which was lower
than 0.105 of NSGA-II and 0.121 of MOPSO, indicating that the
solution set of MOIPOA was more evenly distributed in the
target space and can provide decision-makers with more
balanced trade-off options. The paired t-test results showed that
the above performance differences were statistically significant
at the 95% confidence level (p<0.05), indicating that MOIPOA
had statistically significant performance advantages in solving
the rural comprehensive energy system planning problem of
this study.

4.3 Case study

Figure 9 shows the output analysis of each equipment of
the optimal compromise scheme IRES system. In Figure 9(a),
photovoltaic power generation output reached its peak in
summer, while wind turbine output was relatively low. In the
transition season and winter, wind turbine power generation
significantly exceeded that of photovoltaics. The battery
maintained stable operation during most of the day and served
as the base load power supply to ensure the safety of the
system's energy supply. The system only purchased a small
amount of electricity from the grid during a few peak hours in
winter, and continued to sell electricity to the grid during
daytime periods when there was sufficient sunlight or strong

B Power grid purchase B9 Photovoltaic power generation
Wind power generation [T Battery power generation

700 ¢ [T Electricity sales on the power grid
600 | 3 Heat pump power consumption

500 d{HTH L
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(a) The overall best solution is electrical balance

60r
40t

=] Purch

wind, achieving optimal energy allocation and economic
benefits. Thanks to abundant and cheap local renewable energy,
system-driven heat pumps consumed a large amount of
electricity for heating, reflecting the cost advantages of
electricity substitution. In Figure 9(b), the air source heat pump
was the main heat source of the system, and its heating power
accounted for the majority of the heating load, confirming its
high efficiency and economy. The output of the solar collector
was strictly limited by sunlight conditions, and the heat supply
was limited. It mainly provided auxiliary heat energy during the
noon period. The biomass cogeneration unit served as a reliable
peak shaving and backup heat source, taking on the remaining
heating gap when the heat pump and solar collector were
insufficient. Its operation mode highlighted the role of support
equipment in multi-energy complementary systems. In Figure
9(c), the gas production rate of the biogas digester showed a
strong correlation with the ambient temperature. The gas
production was large in summer when the temperature was
higher, but the gas production decreased significantly in winter.
The biogas generated was given priority to meet the cooking
load of villagers, and the remaining balance was stored in gas
storage tanks or used to drive cogeneration units to generate
heat, realizing the cascade and recycling of biomass resources.
Figure 10 shows the operating results of the gas tank and
battery. In Figure 10(a), in the spring and transition season, the
gas storage tank showed frequent daily charging and deflating
cycles, actively consuming the surplus biogas output during this

3 Input heat from the biogas digester

=] Heat pump heating
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Fig. 9 Hourly output of major equipment in the optimal compromise solution over three typical days
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Fig 10 Operational states of the gas storage tank and battery in the optimal compromise solution

Table 4

Comparison of the optimization results of the optimal total cost, the optimal total CE, and the optimal compromise scheme

Optimal compromise

The optimal solution for

Indicator solution Optimal total cost plan total CEs
CEs (t) 68.15 94.72 42.38
Construction cost (10,000 yuan) 95.28 82.45 118.63
Operating cost (10,000 yuan) 3.12 2.68 3.85
Total photovoltaic capacity (kW) 556.59 531.65 575.78
Total capacity of fan (kW) 450 450 450
Biomass co-generation (kW) 400 400 400
Solar collector capacity (kW) 60.5 125.3 18.75
Capacity of air source heat pump (kW) 125 125 115
Battery capacity (kWh) 112.5 187.5 37.5
Storage tank capacity (m3) 180 90 0
Capacity of biogas digester (m3) 2400 1800 3600

period. In winter, with the decline in biogas production and the
increase in demand for cogeneration units, the gas storage tank
switched to mainly venting, which effectively alleviated the tight
gas source and ensured the continuous and stable operation of
the system. In Figure 10(b), the electric energy storage
equipment strictly implements the peak-valley arbitrage
strategy based on time-of-use electricity prices. During a typical
daily cycle, the battery completes an average of two complete
charge and discharge cycles. It charges at night when electricity
prices are low and when photovoltaic power is high at noon, and
discharges decisively in the morning and evening when
electricity prices peak. The battery's state of charge fluctuates
regularly within the range of 20% to 90%. This operating mode
not only smoothest the output fluctuations of renewable energy,
but also significantly improves the overall economics of the
system through the price difference in the power market.

The optimization results in Table 4 reveal the trade-off
relationship between economic costs and CER objectives. The
optimal total cost plan targets a minimum construction cost of
824,500 yuan, but its annual CEs were as high as 94.72 tons. To
achieve the lowest CE of 42.38 tons, the optimal total CE plan
required a construction investment of 1.1863 million yuan. The
optimal compromise plan strikes a balance between the two,
with a construction cost of 952,800 yuan and a CE of 68.15 tons.
In terms of equipment configuration, the pursuit of low carbon
requires significantly increasing the biogas digester volume to
3,600 m® and completely abandoning the gas storage tank.

While focusing on economy, it is necessary to configure a 187.5
kW/h battery and a 125.3 kW solar collector to improve
operational flexibility. The compromise plan uses a combination
of 2,400 m3 biogas digester, 180 m3 gas storage tank and 112.5
kW/h battery, which reflects the collaborative configuration
strategy under multi-objective constraints.

Figure 11 shows the range of influence of the variation in
the unit investment cost of the wind turbine on the three key
performance indicators of the rural integrated energy system.
From Figures 11(a), 11(b), and 11(c), when the cost increases
positively, the annualized cost of the system rises, while carbon
emissions and the overall energy efficiency of the system
decrease. For example, when the investment cost of wind power
decreased by 30%, the annualized total cost of the system
decreased by approximately 6.2%, the annual CER decreased
by approximately 5.8%, and the overall energy efficiency
increased by approximately 5.1%. When the investment cost of
wind power increased by 30%, the annualized total cost of the
system increased by approximately 7.5%, the annual CER
increased by approximately 6.3%, and the overall energy
efficiency decreased by approximately 4.5%. This indicated that
reducing the cost of wind power helped to improve the overall
performance of this IRES.

The study further examined the influence of carbon
trading prices, battery cycle life degradation coefficients, and
load prediction deviations on the optimal compromise solution.
Keeping all other parameters consistent with the benchmark
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Table 5

The impact of fluctuations in different key parameters on system performance

Annual total cost (in ten Annual carbon emission

Parameters Scenario Setup thousand yuan) reduction (tons)
Baseline plan - 1485.6 634.2

50% of the benchmark value 1465.3 612.5
Carbon trading price

150% of the benchmark value 1512.8 655.8
Annual retention rate of battery 95% 90% 1553.2 628.9
capacity Full load + 10% 1589.4 621.3

Full load - 10% 1563.8 608.4
Load fluctuation

Scenario Setup 1433.5 657.1

scheme, carbon prices were set at 50% and 150% of the
benchmark value respectively; the annual capacity retention
rate of the battery was set at 95% and 90% respectively; and all
loads (electricity, heat, and gas) fluctuated by 10%
simultaneously. As shown in Table 5, a 50% increase in carbon
trading prices led to an approximately 1.8% increase in the
annualized cost, while the annual CER increased by about 3.4%.
This indicated that carbon pricing had a positive incentive effect
on the selection of low-carbon technologies but slightly raised
the total system cost. When the annual capacity retention rate
of batteries dropped to 90%, the annualized cost rose by
approximately 7.0%, while the CER decreased by about 2.0%.
This showed that battery degradation had a significant impact
on economic performance and a relatively limited impact on
environmental benefits. A 10% increase in load led to an
approximately 5.3% increase in the annualized cost and a 4.1%
decrease in CER. When the load decreased by 10%, the cost
dropped by approximately 3.5% and the emission reduction
increased by approximately 3.6%. This indicated that the
system had certain robustness to load fluctuations, but both
economic performance and environmental benefited
deteriorate significantly in high-load scenarios. Overall, the
negative impacts of battery degradation and load increase
scenarios on the planning results were the most prominent. In
future applications, equipment lifespan management and load
prediction margins need to be considered.

5. Discussion

The MOIPOA algorithm proposed in this study
demonstrated certain advantages in IRES multi-objective
programming. On the ZDT test functions, the IGD mean of
MOIPOA reached the lowest value of 2.20E-03, and the SP
index was 4.23E-03, which were superior to the comparison
algorithms. In practical cases, the annualized total cost obtained
by MOIPOA was 14.856 million yuan, the annual net CER was

63.42 tons, the comprehensive energy efficiency was 76.8%, and
the Pareto distribution index was only 0.082. These
improvements were mainly attributed to two aspects: Firstly,
the Sobol sequence initialization enabled the initial population
to cover the decision space more uniformly, effectively avoiding
the local optimal traps caused by random initialization.
Secondly, the ADF integrated with economic development
stage information enabled the algorithm to dynamically adjust
the exploration and development steps according to the stage
characteristics, solving the fundamental defect of traditional
algorithms that the fixed search strategy cannot respond to the
changes in planning preferences. In recent years, issues related
to time series correlation and dynamic adaptability in the
operation optimization of IES have received attention. For
instance, Xu et al. (2026) employed a GRU-driven dynamic
energy hub model to capture the nonlinear relationship between
efficiency parameters and operating conditions. Different from
the aforementioned data-driven approach, this paper's ADF
does not rely on historical data fitting. Instead, it directly takes
the evolution of the macroeconomic development stage as an
external input for the algorithm parameters. The former
addresses the dynamic response at the operational level, while
the latter deals with the structural changes in the goals and
constraints at the planning level over economic stages.

Most previous studies have placed the energy system in a
static or short-term analysis framework, ignoring the structural
changes in regional economies regarding energy demand
preferences, investment capabilities, and carbon emission
priorities during the process of poverty alleviation to
industrialization upgrading. Wei et al. (2026) proposed an
electric-hydrogen-ammonia hierarchical rolling scheduling
framework, indicating that multi-level decisions across years,
weeks, and days can effectively enhance the system's
robustness to renewable energy fluctuations. This paper focuses
on the qualitative changes in planning goals and constraints as
the economic long-term development stage evolves, and

ISSN: 2252-4940/© 2026. The Author(s). Published by CBIORE



X.Guo

divides the economy into three dynamic stages based on three
indicators: per capita GDP, non-agricultural industry proportion,
and per capita electricity consumption. In the initial stage, the
investment upper limit is set at 10% of the regional annual fiscal
revenue, and in the optimization stability stage, a stricter carbon
emission lower limit is introduced. This linkage mechanism
between the economic stage and planning parameters enables
the optimization results to truly reflect the core contradictions
of different development periods. The initial construction cost
of the optimal compromise solution was 952,800 yuan, with
carbon emissions of 68.15 tons. While the pure economic
optimal solution reduced the cost to 824,500 yuan, the carbon
emissions were as high as 947.2 tons. In the early stage of
economic development, if only pursuing low costs, carbon
emissions would increase significantly, while the low-carbon
solution costed 1,186,300 yuan and had carbon emissions of
42.38 tons, which was difficult to bear in poverty-stricken areas.

The carbon trading price had a significant regulatory effect
on the system's economy and the reduction of emissions. Zhang
et al. (2026) found in the low-carbon scheduling of the
integrated energy system that the stepped carbon trading
mechanism can reduce the operating cost by 16.29% while
reducing carbon emissions by 15.96%. The sensitivity analysis
in this paper shows that when the carbon price increases by
50%, the annual net carbon reduction increases by
approximately 3.4%. The difference in numerical magnitude
mainly stems from the different carbon response channels at the
planning level, but both confirm the positive incentive effect of
carbon pricing on the selection of low-carbon technologies. A
reasonable carbon pricing mechanism could obtain greater
environmental benefits at a smaller economic cost, providing a
quantitative basis for introducing the carbon market to rural
areas. Equipment degradation, especially battery aging, had a
prominent impact on economic performance. When the annual
capacity retention rate of the battery dropped from 95% to 90%,
the annualized cost increased by 7.0% and the carbon reduction
decreased by 2.0%. This suggested that in actual engineering,
technologies with long cycle life for energy storage should be
prioritized, or battery replacement strategies should be
embedded in the planning model. The impact of load prediction
deviation was asymmetric. A 10% increase in load led to a 5.3%
increase in cost and a 4.1% decrease in carbon reduction, while
a 10% decrease in load only resulted in a 3.5% decrease in cost
and a 3.6% increase in carbon reduction. The system is more
sensitive to unexpected high loads, and an appropriate capacity
margin should be reserved during deployment, and short-term
load forecasting should be strengthened.

6 Conclusion

The research focused on the dynamic planning problem of
rural integrated energy systems under the background of
economic development, proposing a planning framework that
deeply integrates stage division and MOIPOA. The
effectiveness of this framework was verified through practical
cases. The results showed that MOIPOA, with Sobol sequence
initialization and ADF mechanism, effectively overcame the
defects of traditional NSGA-II and MOPSO algorithms, such as
being prone to local optimization and uneven distribution of
Pareto solutions, and demonstrated better convergence
accuracy and solution diversity. The optimal solution of the
algorithm had an annual total cost of 1485.6 million yuan, which
was 2.5%-4.9% lower than the comparison algorithms; the
annual net CER was 634.2 tons, increasing by 3.7%—7.0%; the
comprehensive energy efficiency of the system reached 76.8%,
and the Pareto distribution index was only 0.082. It achieved a
synergistic optimization of economicity, low-carbon benefits,

Int. J. Renew. Energy Dev 2026, 15(5), 1110-1125
[ 1124

and energy efficiency. This framework provided a feasible
decision-making tool for the coordinated promotion of rural
energy low-carbon transformation and rural revitalization in
China. The wind, solar, biomass multi-energy complementation
and energy storage peak-valley arbitrage strategies could fully
activate rural renewable resources and help implement the
"dual carbon" strategy, narrow the energy development gap
between urban and rural areas, and have important practical
guiding value.

However, the social factors such as user demand response
and community governance models in the model are still
relatively simplified. In the future, it can be combined with rural
energy behavior surveys and social network analysis. In terms
of the algorithm, MOIPOA still has room for improvement in
terms of calculation efficiency and stability when dealing with
higher-dimensional and multi-period coupled planning
problems. It can be explored to combine with distributed
computing and deep learning methods. Finally, the case
verification of this study is limited to a typical rural area in
northern China, which has abundant solar resources and high
winter heating demand. The generalization and robustness of
the framework in different climate zones and different economic
development stages have not been fully verified. Future
research should select multiple rural areas with significant
geographical, economic and resource differences for empirical
comparison to comprehensively evaluate the adaptability of the
framework in different scenarios.
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