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Abstract—The complex and varied source–load charac-
teristics of multienergy systems (MESs) make it difficult
to match supply with demand while maintaining economic
efficiency. Previous design methods have not fully consid-
ered the coupled relationships between the system struc-
ture scheme and the equipment capacity and operation
scheme, which has made it impossible for them to de-
sign the optimal MES in terms of overall performance. To
address this issue, a bilevel interactive integrated design
framework (IIDF) is proposed for MESs. A generalized de-
scription of the integrated design problem for MESs was
formulated that fully considers the selection of devices and
their connections. In the first level, and the structure search
strategy is constructed based on reinforcement learning
to determine the optimal system structure. To accelerate
convergence, a search space is designed that narrows the
solution domain of candidate devices and connection pa-
rameters by integrating domain knowledge of multienergy
flow supply and demand balance and heterogeneous en-
ergy cascade transformation. In second level, the capacity–
operation co–optimization is executed for the determined
MES structure from the first level. The performance of IIDF
was evaluated against two traditional design methods in
three typical scenarios, and the results demonstrated its
effectiveness and superiority.

Index Terms—Bilevel framework, coordinated optimiza-
tion, multienergy system (MES), reinforcement learning
(RL).
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NOMENCLATURE

A. Sets and Indices
Ω Previously defined set of alternative devices.
Ψ Subset of Ω.
Φ Set of energy forms.
N Search space.
i Index for alternative devices.
d Index for typical days.
l Index for decimal number of structure strings.
t Index for time.

B. Parameters
ζi, φi Unit investment and maintenance costs of device i.
εi Return on investment coefficient of device i.
ϕi Life span of device i.
ε Benchmark discount rate.
λi Maximum charge or discharge coefficient of device i.
ξ Cost coefficients of the MES.
νi Energy conversion efficiency of device i.
η Learning rate.
θ Parameters of policy function π.
δi Energy loss coefficient of device i.
Γu,Γl Upper and lower bounds of the annual total cost.
m Number of energy forms.
w Number of types of heat transfer devices.
y Number of types of heat/cooling storage devices.
Dd Number of days of the dth typical day.
L Length of the structure string.
N Number of typical days in a year.
Pgrid,+ Price of purchasing electricity.
Pgrid,− Price of selling electricity.
Pg Price of gas.
PCT Carbon tax.
CEd Carbon emission on the dth typical day.
T Time period.
�t Time interval.

C. Variables
JMES Total annualized cost of the MES.
αi Selection of device i.
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βi Capacity of device i.
γa,di Input power of device i.
γb,di Output power of device i.
γe,dgrid,+ Purchasing electricity from the grid.

γe,dgrid,− Selling electricity to the grid.
ψi,+ Charging state of device i.
ψi,− Discharging state of device i.
Ak1:L List of action sequences of search policy.
Cic Investment cost of the MES.
Cmc Maintenance cost of the MES.
Coc Operation cost of the MES.
E[R] Expectation of R.
G Strategy gradient.
Le,d Electricity loads on the dth typical day.
Lh,d Heat loads on the dth typical day.
Lc,d Cooling loads on the dth typical day.
Lg,d Gas loads on the dth typical day.
Qi Energy storage state of device i.
Rk Reward in the kth iteration.
Sk1:L List of state sequences of search policy.
p Probability of sampling each structure string.

D. Functions
π Policy function.
b Baseline function.

I. INTRODUCTION

A. Background and Motivation

ENHANCING energy efficiency and the market share of
renewable energy sources are considered effective means

of achieving carbon neutrality [1]. Multienergy systems (MESs)
utilize energy production, conversion, and storage technologies
to meet multiple load demands [2] and play an important role
in promoting the consumption of renewable energy sources and
improving energy efficiency [3].

For diverse application scenarios, rationally planning the sys-
tem structure and accurately configuring equipment capacity
are the fundamental prerequisites for ensuring the efficient,
economical, stable, and low-carbon operation of MESs. How-
ever, the MES involves a wide variety of devices types and
flexible structural configurations, especially in the context of the
complex and diverse energy supply–demand characteristics. On
the supply side, renewable energy sources are intermittent and
fluctuating by nature, and the use of various energy conversion
and storage devices results in deeply coupled electricity, gas,
and heat energy flows. On the demand side, various scenarios
of multiple load demands are possible that all have different
characteristics. This makes system design extremely difficult
and hinders the application of MESs. Thus, determining the
optimal structure, size, and dispatch of MES is always a valuable
and challenging topic [4], [5], [6].

B. Literature Review

Many studies have focused on optimizing the capacity con-
figuration of MESs with a given structure. The structure of a

MES is relatively fixed and usually comprises energy supply
devices that utilize renewable energy sources and a combined
cooling, heating, and power system [e.g., power generation
units (PGU), absorption chillers (AC), electric chillers (EC),
gas boilers (GB)]. But the core power generation device of a
MES is the cogeneration unit, which has a fixed or only slightly
adjustable thermoelectric output ratio that can easily result in
energy waste [7]. Therefore, the flexibility of a MES can be
improved by adding electricity storage (ES), cold storage (CS),
and gas storage devices to previous structure. On the basis of this
system structure, the energy supply devices should be optimized
to have sufficient capacity to satisfy the energy demands of
the system while minimizing investment costs, energy con-
sumption, and carbon emissions [8]. Preset operational schemes
formulate rules for the output of each device (e.g., following
the electric load or following the thermal load [9]), which is
a simple and feasible approach but has difficulty handling the
intermittency and volatility of renewable energy sources and
loads. As a result, the obtained capacity is not the optimal
solution.

In view of this, some studies further realize the joint optimiza-
tion of capacity and operation for MESs. Ren et al. [10] pointed
out that rule–based operational schemes restrict the working
order of devices, so they proposed a two–layer optimization
method for the capacity and operation of a MES that greatly
improves the economic and energy performance compared with
an optimization method that assumes a fixed operational scheme.
Han et al. [11] proposed a bilevel optimization method for an
island MES where the upper level established a multiobjec-
tive programming model that optimizes the capacity in terms
of economy and power quality and stability while the lower
level constructed a distribution robust optimization model that
formulates an operational scheme. Geng et al. [12] proposed
a cluster–based multipolicy strategy for optimizing both the
capacity and operation of MESs. Deng et al. [13] established
a mixed integer nonlinear programming model to find the op-
timal capacity and operational scheme for a MES considering
different energy conversion efficiencies. However, methods that
assume a given structure have difficulty adapting to different
scenarios, which can degrade the economic performance of
the MES.

Recently, some scholars have tried to improve system eco-
nomic performance and scenario adaptability by considering
different structure schemes of MES [14], [15]. Li et al. [16]
defined the set of candidate structures for a MES in advance
and adopted a genetic algorithm (GA) to optimize the capacity
configuration and operation scheme of all candidate structures
for different load types. However, the number of candidate
structures in the set is very limited. Ameri et al. [17] established
a mixed integer linear programming (LP) model for optimizing
the structure and capacity of a residential MES that uses binary
decision variables to determine whether alternative devices are
selected and continuous variables to determine the optimal ca-
pacity and operational scheme of the devices. To further obtain
more flexible structural schemes, Zhou et al. [18] proposed
a MES super–structure comprising multiple candidate energy
conversion and storage devices, in which connections between
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devices are predefined and then optimized the structure, capacity,
and operation of the MES. Huang et al. [19] developed a hierar-
chical model to describe the connections between devices and
established a two-stage mixed integer LP model for designing a
MES.

The above studies generally determined the system structure
according to preset rules, such as hierarchical models, which
limited the flexibility of the energy conversion and storage
devices and cannot obtain the optimal economic performance
of the MES design scheme. For example, the energy interac-
tions between secondary energy conversion devices are limited,
and the output energy of energy storage devices is difficult
to convert and utilize twice. An ideal solution to optimizing
the overall structure of a MES without being restricted by a
hierarchical model is to consider the selection and location of
all devices as decision variables. Unfortunately, the structure
is flexible and changeable as well as deeply coupled with the
capacity configuration and operational scheme, which increases
the scale and complexity of an integrated design approach
undoubtedly.

Numerical programming and evolutionary algorithms have
been widely adopted to solve the above optimization problems,
such as mixed-integer LP [12], [17], [19], [20], GA [16], and
multitask evolutionary optimization algorithms [21]. However,
with the increase of the complexity of application scenarios and
the variety of alternative devices, the scale of these optimization
problems further increases. As a result, these algorithms face
the problems of slow convergence and local optimality. As
an interactive learning method, reinforcement learning (RL)
[22] is suitable for solving optimization problems of complex
dynamic systems with uncertainty, and has therefore demon-
strated great potential in addressing the increasingly complex
MES optimization problems. Aiming at the economy of system
operation, several typical RL algorithms have been adopted to
optimize the operational schemes of devices of MESs, including
Monte Carlo [23], deep deterministic policy gradient [24], [25],
[26], Q-learning [27], and actor–critic algorithm [28]. How-
ever, these operational schemes may deviate from the actual
situations, resulting in the lack of feasibility. Therefore, Chen
et al. [29] developed a double deep Q-learning algorithm-based
multitimescale optimization technique, building on real-time
scheduling, to further improve the performance of the opti-
mization strategy. Furthermore, several studies have specifically
concentrated on the advantages of RL in terms of environmental
adaptability. Zhou et al. [30] proposed a deep RL approach for
MES economic dispatch. The RL agent was trained by the dis-
tributed proximal policy optimization algorithm and was capable
of addressing economic scheduling challenges across various
operational scenarios without recalculation. Although RL has
been widely applied for optimizing MESs, there is currently
limited research on the design of MESs utilizing RL. When
designing MES, the complex coupling relationship among sys-
tem structure, capacity configuration, and operational scheme
must be taken into account, leading to a dramatic increase in
the dimensions of state space and action space of RL. Undoubt-
edly, the solution process of RL will also become extremely

time-consuming and computationally intensive. In this case, how
to make decisions while meeting the economics and multiple
constraints of MES has become a significant technical challenge
for RL.

C. Contribution and Paper Organization

To address the above technical challenges, this study provides
a new and efficient solution for structure–capacity–operation
integrated design of MES. To the best of the authors knowledge,
we are among the first to apply RL [22] to design MES. Specif-
ically, the main contributions and innovations of this work are
as follows.

1) A universal MES integrated design problem is proposed
and described that can be flexibly applied to different
scenarios.

2) A RL–based bilevel interactive integrated design frame-
work for MES is proposed to determine the optimal
system structure, capacity configuration, and operational
scheme.

3) A structure search space is constructed by merging do-
main knowledge (i.e., the law of multienergy supply–
demand balances and the second law of thermodynamics)
that greatly reduces the solution space and accelerates
iterations.

The rest of this article is organized as follows. Section II
describes the universal MES integrated design problem. Section
III introduces the proposed framework. Section IV presents case
studies. Finally, Section V concludes this article.

II. PROBLEM DESCRIPTION

The integrated design of a MES aims to obtain an economical
system scheme based on known device parameters and data of
renewable energy sources, energy prices, and user loads. The
design is built from scratch, which means that no prior assump-
tions are made about any devices at the beginning of the design.
In general, the design of a MES includes the system structure,
capacity configuration, and operational scheme. In this study,
both the selection of devices and connection between devices
are considered for the system structure and were derived from
a previously man-defined set of alternative devices as complete
as possible.

The performance of system design is usually measured by
calculating the total annualized cost JMES [7]

JMES = Cic + Cmc + Coc. (1)

The investment cost Cic is defined as

Cic =
∑
i∈Ω

αiβiζiεi (2)

εi =
ε(1 + ε)ϕi

(1 + ε)ϕi − 1
(3)
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where Ω= {grid, PV, WT, PGU, GB, EB, HP, AC, EC, ES, HS,
CS} is the previously defined set1 of alternative devices and αi
is a 0–1 variable that indicates whether or not alternative device
i is selected. βi is an integer variable that represents the capacity
of alternative device i.

The maintenance cost Cmc is defined as

Cmc =
∑
i∈Ω

αiβiφi. (4)

The operational cost Coc is defined as

Coc =

N∑
d=1

Dd
24∑
t=1

(Pgrid,+(t)γ
e,d
grid,+(t) + Pgrid,−(t)γ

e,d
grid,−(t)

+ PgL
g,d(t) + PCTCE

d(t)) (5)

where γe,dgrid,+ and γe,dgrid,− are purchasing electricity from the grid
and selling electricity to the grid, respectively.

The investment and operational constraints must be satisfied
simultaneously. The investment constraints include the selec-
tion, connection, and capacity of each device

αi ∈ {0, 1} ∀i ∈ Ω (6)

α′
i ∈ [1, n] ∀i ∈ Ω (7)

α′
i �= α′

j ∀i �= j, i ∈ Ω, j ∈ Ω (8)

αiβi,min � βi � αiβi,max, i ∈ Ω (9)

where α′
i is an integer variable that represents the connection

between alternative device i and other selected devices, and,
the smaller the value of α′

i, the further forward device i’s
position is.

Assume that the alternative device i is an energy conver-
sion device with the input and output energy forms a and b,
respectively, then the operational constraints can be formulated
as follows:

γa,di (t) =
γb,di (t)

νi
∀t (10)

γa,di (t) �
∑
j∈Ψ

γa,dj (t) ∀t (11)

0 � γb,di (t) � αiβi ∀t (12)

α′
j < α′

i ∀j ∈ Ψ (13)

where a, b ∈ Φ, Φ = {c, h, e, g} is a set of energy forms (i.e.,
cooling, heat, electricity, and gas). νi is the energy conversion
efficiency from a to b. Ψ, a subset of Ω, is a set of devices whose
positions are in front of device i and whose energy output forms
are b. γa,di (t) represents the input power of the alternative device
i at time t on the dth typical day. γb,di (t) is a continuous variable
that represents the output power of the alternative device i at
time t on the dth typical day (i.e., the operational scheme of
alternative device i).

1 Generally, this set includes energy conversion devices such as a PGU, GB,
EB, heat pump (HP), AC, and EC as well as energy storage devices such as ES,
HS, and CS. The set also includes the grid, PV, and WT.

Assume that device i is an energy storage device with the
energy form a, then the following constraints must be satisfied:

Qi(t+ 1) =
(
γa,di,+(t)νi,+ − γa,di,− (t)/νi,−

)
�t

+(1 − δi)Qi(t) ∀t (14)

0 � γa,di (t) � αiψi,+(t)λiβi ∀t (15)

0 � γa,di (t) � αiψi,−(t)λiβi ∀t (16)

0 � Qi(t) � αiβi ∀t (17)

0 � ψi,+(t) + ψi,−(t) � 1 (18)

ψi,+(t), ψi,−(t) ∈ {0, 1} ∀t (19)

Qi(0) = Qi(T ) (20)

where γa,di,+ and γa,di,− are continuous variables that represent the
input and output power (i.e., operational scheme of alternative
device i). ψi,+(t) and ψi,−(t) are 0–1 variables that represent
the charging or discharging states at time t, (i.e., an addition
to the operational scheme for energy storage devices). νi,+ and
νi,− are the charging and discharging efficiencies, respectively.
The position of energy storage device i also restricts the input
source of its energy, and energy storage device i cannot produce
or convert energy itself. Therefore, the input power of device i
cannot exceed the sum of output powers of all devices whose
positions are in front of device i, which requires satisfying (11)
and (12).

The energy balance is constrained as follows:

Le,d(t) =
∑
i∈Ω

∑
b∈Φ

αiI(b = e)γb,di (t)

−
∑
i∈Ω

∑
a∈Φ

αiI(a = e)γa,di (t) ∀t (21)

Lh,d(t) =
∑
i∈Ω

∑
b∈Φ

αiI(b = h)γb,di (t)

−
∑
i∈Ω

∑
a∈Φ

αiI(a = h)γa,di (t) ∀t (22)

Lc,d(t) =
∑
i∈Ω

∑
b∈Φ

αiI(b = c)γb,di (t) ∀t (23)

Lg,d(t) =
∑
i∈Ω

∑
a∈Φ

αiI(b = g)γa,di (t) ∀t (24)

where I(·) is an indicating function that has a value of 1 if · is
true and 0 otherwise.

In summary, the integrated design problem of a MES for its
structure, capacity configuration, and operational scheme can be
generalized as follows:

(α∗, α
′∗, β∗, γ∗, ψ∗) = arg min

α,α′,β,γ,ψ
JMES (α, α

′, β, γ, ψ)

s.t. (6 − 24). (25)

According to (25), the integrated design can be described as a
complex mixed integer nonlinear programming problem with
multiple dimensions and constraints that is extremely difficult
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Algorithm 1: Proposed Interactive Integrated Design Framework.
Input: Search space N, renewable energy, energy price, and user load data.
Compute:
Step 1: Parameter θ of search policy πθ(A|S) in the first level is randomly initialized;
Step 2: πθ(A|S) samples action A from N with the probability p (i.e., system structure α of the MES);
Step 3: In the second level, aiming at the minimum JMES, the capacity–operation co–optimization is carried out to solve the
optimal β∗, γ∗, ψ∗ for the given renewable energy, energy price, user load data, and system structure α;

Step 4: The obtained JMES for system structure α is fed back to the search policy in the first level as the reward R;
Step 5: According to R, the policy gradient G of θ in πθ(A|S) is estimated;
Step 6: According to G, θ in πθ(A|S) is updated by gradient ascent algorithm;
Step 7: Repeat steps 2-6 until R converges.
Output:
α, β, γ, ψ of the last iteration (i.e., the optimal system design scheme of MES), α∗, β∗, γ∗, ψ∗.

Fig. 1. Schematic illustration of the proposed interactive integrated
design framework.

to solve. This is because the decision variables are diverse
in type and include 0–1, integer, and continuous variables. In
addition, different types of decision variables are coupled, which
makes representing constraints very complex such as in (11).
Finally, there are a large number of nonlinear features caused by
the multiplication of variables in the device model and energy
balance constraints, such as in (12) and (15).

III. INTERACTIVE INTEGRATED DESIGN FRAMEWORK

To solve the MES integrated design problem described in (25),
a bilevel interactive integrated design framework is proposed
based on RL.

A. Overview

The technical architecture of the proposed bilevel interactive
integrated design framework is depicted in Fig. 1. In the first
level, a RL-based search policy is constructed for determining
the optimal MES structure. To accelerate convergence, a search
space is designed by narrowing the solution domain of candidate
devices and connection parameters. In the second level, the
capacity–operation co–optimization is executed to determine
the optimal capacity configuration and operational scheme of
the MES. The optimized target is regarded as a reward feedback
to the first level, and the performance of the search policy is
improved by the strategy gradient algorithm. The interaction
mechanism is shown in Algorithm 1.

B. Structure Search

1) Search Space: In this study, the combined feasible do-
main for system structure variables (including device selection

Fig. 2. Diagram of the search space.

variables α and connection variables α′) is called search space.
The dimension of the structure variables is affected by the num-
ber of alternative devices, and the system performance of MES
will also changes when the connection relationships between
different devices change. This means that the search space is
very large and contains 2n × n! MES structures.

Ideally, the larger the search space, the more MES structures
can be evaluated. But, a large number of MES structures in the
search space have a very poor performance that cannot meet load
demands or very high costs. Therefore, existing methods find it
difficult to solve (25) or converge toward a solution.

A search space (denoted as N) with domain knowledge
is proposed to accelerate convergence, and, the selection and
connection variables of all devices in system structure are de-
fined as α, which is represented by a sequence of strings of
decimal codes. Two types of domain knowledge, i.e., the law
of multienergy supply–demand balances and the second law of
thermodynamics, are considered to narrow the N and greatly
reduces the solution space of structure variables.

As shown in Fig. 2, N is first decomposed into the device
selection space Nselection and connection space Nconnection

Nselection ∪ Nconnection = N. (26)
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Fig. 3. Detailed schematic of the proposed framework.

Then, the Nselection is decomposed into different energy supply
subspaces. To satisfy the law of multienergy supply–demand
balances, at least one energy supply device should be selected
from the different energy flow layers, which is implemented by
removing a decimal code from the sequence of strings α, as
shown in Fig. 2.

Considering that the energy storage devices cannot generate
energy independently but are conducive to improving the flexi-
bility of the energy supply, the energy storage devices are also
divided into their own energy supply subspace. Assume that
the designed MES includes m types of energy, Nselection will be
decomposed into m+ 1 energy supply subspaces

N1 ∪ N2 ∪ · · · ∪ Nm+1 = Nselection (27)

Np ∩ Nq = ∅ ∀p ∈ [1,m+ 1] ∀q ∈ [1,m+ 1], p �= q.
(28)

According to the second law of thermodynamics, Nconnection

is decomposed as well, as shown in Fig. 2. The key relative
connections of devices involved in the utilization of energy
cascades are considered, such as the cooling transfer devices
(e.g., EC). Similarly, heat transfer devices [e.g., electric boiler
(EB)], cooling storage devices (e.g., TES), and heat storage (HS)
devices (e.g., CS) all have corresponding device connection sub-
spaces. Assume that there arew types of heat transfer devices and
y types of heat/cooling storage energy devices, then Nconnection

can be expressed as

Nm+1+1 ∪ · · · ∪ Nm+1+w ∪ · · · ∪ Nm+1+w+y = Nconnection.
(29)

Therefore, the structure strings α = {αl|l = 1, 2, . . . , L} con-
sists of L decimal numbers, αl ∈ Nl, where L = m + 1 + w +
y.

2) Search Policy: A RL-based search policy for MES struc-
ture is proposed. The search policy determines which rules to
explore N by interacting with the second level continuously, and
obtains the optimal structure α∗.

First, a policy function based on recurrent neural network
(RNN) architecture is designed as agent of search policy, i.e.,
πθ(A|S). The action A of πθ(A|S) can be used to describe the
structure strings, i.e., α, and is expressed as

Ak1:L = [αk1 , α
k
2 , . . ., α

k
L] (30)

where k represents the kth iteration,Ak1:L means that actionA is
a list of action sequences of length L, and αkl ∈ Nl. The system
structure of a MES can be predicted flexibly by πθ(A|S). For
example, πθ(A|S) can sample a reasonable selection scheme of
heat supply devices from the subspace N2 with probability p2,
as shown in Figs. 2 and 3.
πθ(A|S) takes the system structure A evaluated in second

level during the last iteration as the kth state S, i.e.,

Sk1:L = [αk−1
1 , αk−1

2 , . . ., αk−1
L ] (31)

where the lth state Skl has the same connotation and mathe-
matical representation as action αk−1

l . Therefore, πθ(A|S) is
designed according to the RNN–based network to process the
modeling requirements from state sequence to action sequence,
as shown in Algorithm 2 and Fig. 3.

Then, πθ(A|S) is trained based on policy gradient algorithm.
The kth reward signal Rk, which is related to the system eco-
nomic cost of the MES, is defined as

Rk =
Γu − JkMES

Γu − Γl
(32)

where JkMES is the minimum annual total cost of the kth system
structure sampled from N and Γu and Γl are the upper and
lower bounds of the annual total cost, which are set based on the
cost of the separate production system and adjusted according
to experience.

Specifically, to search for the most economical system struc-
ture, i.e., the optimalα∗,πθ(A|S) should maximize the expected
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Algorithm 2: Forward Propagation of πθ(A|S).

reward

G(θ) = EP (A1:L;θ)[R] (33)

whereE is expectation. Then, the parameter θ is updated by the
gradient ascent algorithm

θk+1 = θk + η�θG(θ) (34)

where η is learning rate and �θG(θ) is the strategy gradient of
G(θ) that can be estimated by

�θG(θ) =
1
k

k∑
i=1

L∑
l=1

∂ log π
(
Al|A(l−1):1; θ

)
∂θ

·Ri. (35)

To further reduce the variance of the strategy gradient estimate,
the strategy gradient can be unbiased estimated as

�θG(θ) =
1
k

k∑
i=1

L∑
l=1

∂ log π
(
Al|A(l−1):1; θ

)
∂θ

· (Ri − b
)

(36)
where the baseline function b is the exponential moving average
of the best economic target of the previous structures.

C. Capacity–Operation Co–Optimization

The capacity configuration and operational scheme of each
selected device for current system structure αk from the search
policy in first level are co-optimized. A common economic
optimization objective for a given system structure is adopted
[7], [9]

(β∗, γ∗, ψ∗) = arg min
β,γ,ψ

JMES
(
αk;β, γ, ψ

)

s.t. (9 − 12, 14 − 24). (37)

Although the structure αk is known, the charging and dis-
charge constraints of the energy storage devices are still non-
linear. Therefore, the Big-M method is adopted to equivalent
linearize the constraints and make the capacity–operation co–
optimization a LP problem

0 ≤ γa,di (t) ≤ αiλiγi, 0≤γa,di (t)≤αiλiγi ∀i ∀t, (38)

TABLE I
TIME-OF-USE ELECTRICITY PRICES

TABLE II
EFFICIENCY AND COST PARAMETERS OF ALTERNATIVE EQUIPMENT

0 ≤ γa,di (t) ≤ αiψi,+(t)M, 0≤γa,di (t)≤αiψi,−(t)M ∀i ∀t
(39)

where the subscript i represents energy storage device i and
M is a larger constant. The optimal capacity configuration and
operational scheme of the MES, i.e., β∗, γ∗, ψ∗, can be easily
solved by using widely used software tools, such as GAMS,
MOSEK, and CPLEX, for quick solution [31], and, the optimal
system economic cost JMES of the current system structure αk

is fed back to the search policy in the first level as the rewardR.

IV. CASE STUDY

A. Setup

1) Settings: The effectiveness of the proposed framework
was evaluated by using typical data for the renewable power
generation and building loads from a northern Chinese city to
develop three scenarios: school (case 1), residential area (case
2), and industrial park (case 3). The load demands had obvious
seasonal differences. The K-means algorithm was used to cluster
load demands and renewable energy data throughout the year.
The electricity, heat, and cooling demand patterns for five typical
days in each case are shown in Fig. 4. The time–of–use electricity
prices were taken from Wu et al. [21] and shown in Table I. The
price of natural gas was 2.9 CNY/Nm3, and the unit carbon
tax was 0.3 CNY/kg [32]. The key economic and technical
parameters of the alternative devices were taken from Zhang
et al. [20] and shown in Table II. Parameters related to the MES
were taken from Ke et al. [33]. The trends of photovoltaics (PV)
and wind turbines (WT) in each case are described in Fig. 5:
case 1 did not include PV or WT while case 2 included only PV.

2) Comparison Methods: Different comparison methods are
used to verify the advancement and effectiveness of the proposed
framework, and are described as follows.

Authorized licensed use limited to: SHANDONG UNIVERSITY. Downloaded on July 12,2025 at 02:43:45 UTC from IEEE Xplore.  Restrictions apply. 



ZHANG et al.: IIDF FOR OPTIMIZING THE STRUCTURE, CAPACITY, AND OPERATION MESs 5907

Fig. 4. Load data for five typical days of the year in each case. (a) Electricity loads. (b) Heat loads. (c) Cooling loads.

Fig. 5. Renewable energy generation data for five typical days in cases 2 (residential area) and 3 (industrial park).

TABLE III
DESIGN RESULTS OF DIFFERENT METHODS IN CASES 1–3

1) Interactive integrated design framework (IIDF) is the
method proposed in this study. In IIDF, the policy func-
tion was set toL = 7 and η = 0.001. During training, the
maximum number of iterations is set to 300 and the Adam
optimizer is adopted.

2) TID means the traditional integrated design method using
the hierarchical model in [19]. In TID, GA is used to
design the system structure of MES, and the capacity and
operation are optimized as an LP problem like IIDF. The
GA was set to a maximum of 50 generations each with a
population size of 50. The optimal value does not change
significantly within 10 consecutive generations, and stop
iteration.

3) TID-S means the TID with a given structure that refers to
[34], which solves the LP problem directly.

All methods adopt the MATLAB toolbox YALMIP with the
CPLEX solver to conduct LP problem. And, all the comparison
experiments were carried out on a desktop computer with an
i7-8700 Intel processor, equipped with 8 GB of RAM.

B. Comparative Analysis

Table III presents the MES designs of the three methods in
cases 1–3. In general, the different methods incorporated PV or

WT in cases they were available and maximized their capacity
to exploit their advantages in terms of economics and carbon
emission reduction. Because of the obvious characteristics of
the cooling and heat loads, the PGU and AC were the key
components to realize energy cascades and were configured
with larger capacities in all cases. Regarding the energy storage
devices, HS and CS were better options than ES because they
had lower initial costs, which increased the flexibility of the
electric and heat outputs of the MES. These results indicate that
the three methods all produced reasonable system designs.

In all cases, TID and IIDF designed MESs that performed
better than the one designed by TID-S. This means that a MES
designed according to experience is not necessarily the most
economical despite it being reasonable and feasible subjectively.
IIDF had the lowest JMES in all cases, but the differences in
cost between the three methods differed according to the case.
Notably, in case 2, IIDF reduced JMES compared with TID and
TID-S by 26 800 CNY (0.56%) and 728 300 CNY (13.20%),
respectively.

Although TID and IIDF selected the same devices, the MES
designed by IIDF performed better than the MES designed by
TID. This is because the connections between the devices dif-
fered, which affected the capacity configuration and operational
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Fig. 6. Design results in case 2: (a) IIDF and (b) TID.

TABLE IV
OPERATIONAL COSTS FOR ALL METHODS

Fig. 7. Convergence of different methods for cases 1–3: (a) Case 1,
(b) Case 2, and (c) Case 3.

scheme. For example, in case 2 the IIDF placed the HS in front
of the AC while the TID placed the HS behind all heat supply
devices, as shown in Fig. 6. Therefore, the stored heat energy
cannot be further converted into energy by the TID, which af-
fected the operational flexibility and economic cost. Overall, TID
could only design a structure with relatively fixed connections
between devices due to the limitations of the preset hierarchical
model. For example, all energy storage devices could only be
placed at the end of each energy flow. In contrast, IIDF could
flexibly search for an arbitrary and reasonable structure for the
MES that improved its performance.

Table IV presents the operational costs for all methods,
demonstrating that the MESs designed by IIDF exhibit the best
operational performance and economic efficiency.

In three different cases, the proposed IIDF required only
338.11 s, 324.07 s, and 329.50 s to solve the optimal de-
sign schemes of the MESs, whereas the TID method required
3255.82 s, 1041.74 s, and 1417.83 s, as shown in Fig. 7. The
computation time of the proposed IIDF is reduced by approx-
imately 89.62%, 68.89%, and 76.76% compared to the TID
method, respectively. The main reason is that the proposed IIDF
determines the best system structure in a relatively small search

Fig. 8. Convergence of rewards in the ablation experiment for cases
1–3: (a) Case 1, (b) Case 2, and (c) Case 3.

TABLE V
RESULTS OF JMES IN THE ABLATION EXPERIMENT

space compared with TID. This means that the proposed IIDF
can accurately search for the best system design in terms of
performance and economy in a very short time and demonstrated
better computational efficiency than TID.

C. Ablation Experiment

The ablation experiment was conducted to gather evidence
of the necessity of fusing domain knowledge and quantifying
its contribution to the performance of the proposed IIDF. As
shown in Fig. 8, the performance of IIDF decreased substantially
after removing two domain knowledge components from search
space. It is obvious that the IIDF with domain knowledge can
achieve rapid convergence, while the IIDF without domain
knowledge cannot find the optimal MES scheme in 300 iterations
despite a converging trend. Compared to ablation IIDF, IIDF
with domain knowledge reduced JMES in all cases by 14.16%,
9.51% and 9.48%, respectively, as shown in Table V. Thus, the
domain knowledge was necessary for IIDF to design MESs.

D. Sensitivity Analysis

Taking the industrial park scenario (i.e., Case 3) as an ex-
ample, sensitivity experiments and analyses were conducted
to quantitatively investigate the impact of key technical and
economic parameters on the economic performance of the MES.

The operational strategies of the MES devices are predomi-
nantly determined by energy prices. The increase in natural gas
procurement costs may emerge as a critical factor negatively
impacting the economic efficiency of the MES, especially in
light of rising energy demand in the future. As the price of
natural gas continues to rise, the annualized total cost of the
MES (i.e.,JMES) will persistently increase, as shown in Fig. 9(a).
When the natural gas price rises to 75% of the current price
(i.e., 5.075 CNY/Nm3), the JMES will increase by 20.66%. As
natural gas is extensively used as an energy carrier for the PGU,
rising prices cause a notable decline in PGU capacity. When the
natural gas price doubles, the capacity of the PGU decreases to
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Fig. 9. Sensitivity analysis: (a) natural gas price and (b) investment
cost of PGU.

merely 77 kW. Correspondingly, the drastic reduction in waste
heat recovery leads to an increase in the HP capacity to 2241 kW.

With technological advancements, the efficiency of some
key equipment is expected to improve. This study specifically
examines the impact of increased power generation efficiency
of the PGU on the economic performance and design scheme
of the MES. When the PGU’s power generation efficiency in-
creases from 0.350 to 0.525, its corresponding optimal capacity
also rises from 754 to 834 kW. It should be noted that as the
power generation efficiency improves, the waste heat recovery
efficiency of the PGU decreases accordingly. This results in a
reduction of the optimal capacity of the AC from 756 to 463 kW.
However, from a systemic perspective, the economic perfor-
mance of the MES still improves with the increase in PGU’s
power generation efficiency. When the PGU’s power generation
efficiency increases by 50%, the annualized total cost of the MES
decreases by 15%, as shown in Fig. 9(b). In conclusion, while
technological progress may benefit the economic performance
of the MES, its impact is significantly less pronounced compared
to that of energy prices.

V. CONCLUSION

This study proposed a RL–based bilevel interactive integrated
design framework (i.e., IIDF) for the structure, capacity and
operation of MESs. We constructed a global feasible domain for
MES structure by adding equipment position variables, and it is
not limited by the preset hierarchical model. In first level of IIDF,
The search space is proposed to narrow the constructed feasible
domain and ensure the reasonable searched structure by fusing
domain knowledge. On this basis, the RL–based search strategy
is proposed to determine the optimal MES structure. Moreover,
the strategy function is cleverly designed based on RNN, which
can flexibly generate MES structure from the search space.
In the second level, the capacity–operation co–optimization is
executed for the determined MES structure. The optimized target
is regarded as a reward feedback to the first level, and the
performance of the search policy is improved by the strategy
gradient algorithm. The case study has demonstrated that IIDF
can make full use of prior knowledge, such as multienergy flow
supply and demand balance, and realize the optimal design of
MES under different energy demand scenarios. In addition, IIDF
has significant computational competitiveness, which is obvious
in comparison with the traditional methods. Future research aims

to enhance the adaptability of IIDF to different regional scales,
especially the design of regional MES.
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