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Abstract: With the increasing penetration rate of renewable energy and the growing complexity of
multi-energy coupled systems, power system energy storage dispatch faces challenges in terms of
economy, environmental protection, and multi-timescale collaborative optimization. To achieve
multi-objective and efficient dispatch of energy storage devices in integrated energy systems, this
paper proposes an intelligent decision-making framework based on an exploration fallback clip
proximal policy optimization algorithm. The new method introduces an exploration fallback
mechanism and a hierarchical reinforcement learning structure, and achieves collaborative
updating of policy and value through a dual network, constructing a collaborative dispatch
mechanism of upper-level macro-planning and lower-level execution. The research results show
that the new algorithm exhibits superior performance in both weekday and holiday scenarios. Its
peak daily load dispatch is reduced by approximately 200 kW /h-210 kW /h compared to traditional
multi-objective optimization methods, with an average decrease in operating costs of 3.1%-5.6%
and pollution costs of 3.8%-8.3%. Simultaneously, by coordinating load sharing among electric
boilers, gas-fired boilers, and combined heat and power units during off-peak hours, the algorithm
effectively reduces the system's total energy consumption and carbon emission intensity.
Therefore, the new algorithm demonstrates significant advantages in improving the economic
efficiency and environmental friendliness of power system energy storage dispatch. This provides a
feasible solution for multi-energy coordinated dispatch under high-proportion renewable energy

integration.
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1. Overview

With the transformation of the global energy
structure and the large-scale access of renewable
energy, the operation mode of the power system is
undergoing profound changes. As a key technology to
improve the flexibility of the power system and
promote the consumption of new energy, the role of
energy storage system in peak shaving, frequency
regulation and reserve capacity is becoming
increasingly prominent [1]. However, traditional
power system energy storage dispatch models often
fail to ensure the economic operation of the system
while taking into account environmental protection
and multi-energy synergistic optimization, especially
in complex scenarios with multiple time scales and
multiple energy forms coupled, where the
adaptability and optimization effect of its dispatch
strategy are significantly limited. In recent years,
reinforcement learning technology, especially
Proximal Policy Optimization (PPO) algorithm, has
been widely used in power system optimization
dispatch due to its excellent performance in

continuous control and high-dimensional state space
[2-3].

However, traditional PPO algorithms have problems
such as strong randomness, slow convergence speed
and unstable policy updates in the action selection
process, which limits their further application in
complex multi-objective energy storage scheduling.
Dhiman G et al. proposed a collaborative
decision-making framework that integrates artificial
intelligence, Multi-objective Optimization (MOO) and
Internet of Things to address the problems of low
scheduling efficiency and system response lag faced
by consumer electronics products in complex
multi-objective  scenarios in  smart cities.
Experimental results showed that the proposed
method had better comprehensive scheduling
performance than existing technologies in typical
smart city scenarios, providing new algorithm
support and practical path for intelligent management
of equipment in highly dynamic urban environments
[4]- Moghaddasi K et al. proposed a MOO framework
based on dual deep Q network to address the
problems of low task offloading efficiency, difficult
energy management and insufficient data security in
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the vehicle network environment. This model
integrated deep neural network and deep learning
technology to achieve adaptive decision-making in
dynamic network environments. Experiments showed
that compared with traditional methods such as deep
Q network and deep deterministic policy gradient, the
proposed model had significant performance in terms
of energy consumption reduction of 26.4%, latency
reduction of 6.87% and system cost reduction of
7.41% [5]. Baimbetov D et al. proposed a new
architecture for a combined cooling, heating and
power system integrating hydrogen fuel cell vehicles
and hydrogen storage devices to address the
problems of insufficient renewable energy
penetration, high carbon emissions, and low
multi-energy synergy efficiency in multi-hub energy
systems. This study used stochastic programming to
handle the uncertainty of multi-energy markets and
introduced electricity-to-gas technology and demand
response planning to construct a MOO operation
framework. The results showed that the proposed
model significantly improved the economic and
environmental benefits of the system, with operating
costs reduced by 32.17% and carbon dioxide
emissions reduced by 79.21% [6]. Rajagopalan A et al.
proposed an energy management strategy based on
an improved iterative mapping adaptive crystal
structure algorithm to address the MOO problem of
economic and environmental benefits faced by
microgrid systems containing renewable energy and
Plug-In Hybrid Electric Vehicles (PHEVs) in
coordinated scheduling. Simulation results showed
that compared with traditional crystal structure
algorithms and other evolutionary optimization
methods, SaCryStAl showed better comprehensive
performance in terms of operating costs, carbon
emissions, and computation time, providing an
effective optimization path for the operation of
microgrids with high penetration PHEV access [7].
Based on this, this study proposes an exploration
fallback clip proximal policy optimization (EFCPPO)
algorithm to improve its performance in
multi-objective scale optimization of power system
energy storage. The study innovatively constructs a
basic framework for an improved PPO algorithm
(EFCPPO) that combines an exploratory mechanism,
policy fallback, and gradient clip techniques. By
constructing the EFCPPO, the new algorithm
optimizes the policy update mechanism and
introduces a fallback clip strategy, thereby improving
the convergence efficiency and training stability in
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complex scheduling environments. Simultaneously,
the study combines a Hierarchical Reinforcement
Learning (HRL) architecture to design a
multi-timescale optimization model that coordinates
upper-level  macro-planning with  lower-level
real-time execution, achieving joint scheduling and
dynamic coordination of multiple energy systems

such as electricity, heat, and gas. Through
multi-scenario simulation experiments and
comparative analysis with various mainstream

optimization algorithms, the study verifies the
algorithm's comprehensive advantages in reducing
system operating costs, improving environmental
benefits, and enhancing multi-timescale scheduling
flexibility. This research provides new theoretical
support and methodological pathways for
multi-objective collaborative optimization of power
system energy storage, and has significant theoretical
and practical value for promoting the intelligent and
low-carbon operation of new power systems.

2. Methods
2.1 Construction of EFCPPO Algorithm
Currently, traditional power system energy

storage dispatch models cannot simultaneously
achieve energy conservation and environmental
protection goals while ensuring system operation.
Therefore, to realize the economic dispatch of new
energy sources in the power system, a new method
based on improved PPO is proposed. Since the
traditional PPO algorithm often randomly selects
action parameters during the power system energy
storage optimization process, the entire process
becomes random. Therefore, this study proposes
EFCPPO based on the traditional PPO algorithm. This
method can select the distribution probability as
shown in equation (1) [8-9].
K., =argmax(x(]S,))

new

(1)

In equation (1), Koew represents the improved

proximal degradation strategy, (S, represents

the state in the strategy, and argmax represents the

parameter corresponding to the maximum value.

The basic process of selecting the probability is
shown in Figure 1.
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Figure 1: Basic process of selecting probability
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As shown in Figure 1, during the action selection
process, the algorithm first obtains power system
data information through the model, and then inputs
the current system state parameters. Then, the
network model analyzes and extracts the parameters
to obtain the mean and variance of the current
parameters. Then, the normal distribution image of
the parameters is output based on the overall
distribution of the parameters. The highest density
value of the normal distribution image is selected.
Finally, the action parameters of the current
parameters are output. The PPO algorithm uses a
pruning strategy to control the magnitude of the
policy update, thereby maintaining the stability of the
training process. This makes the gradient of the
objective function approach zero when the policy
difference is too large, effectively avoiding the drastic
fluctuation of the policy caused by the parameter
update, and ensuring that the difference between the
old and new policies is always within a controllable
range. Equation (2) is the objective function formula
for the new strategy [10-11].

H' (¢) =%ZH:’ @) @)

t=1

H”(¢)

objective function, ¢ represents the trainable parameters

In equation (2), represents the overall

of the policy network, D represents the batch size,

and H () represents the individual objective
function of the -th sample. The update of the entire
decision-making process is achieved through the
gradient change of the objective function. Therefore,
the probability of the entire decision-making process
has certain limitations compared with the strict
pruning range. The study introduces a fallback clip
mechanism to bring the probability ratio of
out-of-bounds errors back to the preset range. The
formula function of the pruning mechanism is shown
in equation (3) [12-13].

l-i+ad,p(P)<1-1
() -1+ )=q1+1-ad,p(P)=21-1 (3)
@,(¢),other

new

In equation (3), ¢ represents the pruning

operation, ?.(¢) represents the probability ratio of
the new and old strategies, !|=! and 1+?
represent the lower and upper bounds of the pruning

interval, respectively, & represents the backoff

4, represents the dominance
represents  the  pre-set

strength coefficient,
function, and l
hyperparameters.

The final network flow incorporating the clip
mechanism is shown in Figure 2.
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Figure 2: Network process introducing clip mechanism

As shown in Figure 2, during the clip and updating
process, the network model first initializes its
parameters and then collects data on these
parameters through the network structure. The
collected parameter data is then updated using
gradient descent to update the parameter network
information. Next, the network function determines
whether the current parameter data needs pruning. If

clip is needed, it is performed, and the pruned
parameter data is then updated using gradient ascent
to update the network. If clip is not needed, the
network is directly updated using gradient ascent.
Finally, the updated parameter network is used as the
output function to terminate the process. Therefore,
the entire EFCPPO algorithm's execution flow is
shown in Figure 3.
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Figure 3: EFCPPO algorithm running process

As shown in Figure 3, the network operation
consists of two parts: the Actor network and the Critic
network. The Actor network first inputs the state
sequence, outputs an action probability distribution,
and obtains the specific action through a
maximum-value mechanism.

After the action interacts with the environment, a
reward and the next state are generated, resulting in a
new action sequence and reward sequence. To
prevent excessive policy updates, the ratio of new to
old values in the network is pruned and, together with
the undrained ratio, passed through a minimum-value
function to form a conservative policy optimization
objective.

This objective is then used to generate the policy
network's loss through backpropagation. The Critic
network is responsible for evaluating the value of the
states. It outputs a value estimate for the input states,
forming a value sequence.

A target value sequence is constructed using the
new target value. The network's predicted value is
compared with the target value. The difference is used
to form the Critic network's loss through
backpropagation, which is used to improve the
accuracy of the value estimate.

Parameter
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2.2 Multi-objective Scale Optimization of
System Energy Storage based on EFCPPO
Algorithm

The EFCPPO algorithm enables multi-dimensional
parameter analysis and updating of power storage
systems. However, due to the coupling and efficiency
conversion between different energy forms in
traditional power storage systems, a single time scale
cannot fully analyze the characteristic differences of
the storage system. Therefore, this study introduces
HRL based on the EFCPPO algorithm. HRL
decomposes complex tasks into multiple sub-tasks by
constructing a hierarchical architecture of high-level
decision-making and low-level execution. The
top-level policy is responsible for macro-planning and
generating abstract instructions, while the low-level
policy completes the action sequence in the specific
state space based on the instructions [14-15]. This
structure significantly reduces the complexity of the
problem through task decomposition, which not only
improves the training efficiency and scalability of the
agent, but also enhances its decision-making
performance in complex environments. This study
introduces HRL to perform hierarchical analysis of the
regulation of energy storage systems at different time
scales. Figure 4 shows the hierarchical energy storage
multi-objective scale optimization model.
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Figure 4: Multi-objective scale optimization model for layered energy storage

As shown in Figure 4, the model consists of three
parts: a hierarchical upper and lower layer and a
model layer. The model layer is composed of a
physical equipment network, including three types of
energy subsystems: an electric network, a thermal
network, and a natural gas network. The main power
grid and the natural gas network serve as energy
inputs, connecting energy supply equipment such as
electric boilers, gas boilers, combined heat and power
units, and photovoltaic units, as well as energy storage
units such as thermal storage systems and electric
storage systems, ultimately meeting user load
demands. The upper-layer network outputs
upper-layer actions through its policy network, and
these decisions affect the lower-layer state space.

At the same time, the lower-layer network
generates lower-layer actions through its own policy
network, and these execution results affect the
upper-layer state space, forming feedback. The upper
and lower layers are equipped with value networks
for value function evaluation. Through the interaction
of the two-layer policy-value networks, collaborative
optimization scheduling at different time scales is
achieved. The calculation of the multi-objective scale
parameters of the upper-layer model is shown in
equation (4).

S! ={J,(0).1.¢,(0).B.(0)} 0

In equation (4), S represents the agent state

space at time 7, 1(0) represents the heat load
¢, (1)
E@®)

power at time Z, t represents time,

represents the electricity price at time !, and
represents the energy storage system power at time

! | The agent space action function is shown in
equation (5) [16-17].

a} ={J.(1),J, (1), P, (1)} (5)

1
In equation (5), & represents the action space

function of the agent at time t Je () represents
the heat power generated by the cogeneration unit at

time !, i () represents the heat power generated

by the electric boiler at time I and £ (@)
represents the heat power generated by the energy
storage system at time /. The reward function
formula of the upper-level model is shown in equation

(6)-

Wzl =MW, LW, (6)

1

In equation (6), Wi represents the reward

function at time 7, M and * both represent

I w w
weighting factors, and "' and *? represent the

operating cost and low-carbon cost of the upper layer,
2
respectively S . The state space formula of the lower

layer is shown in equation (7).

ST ={BOB,0.¢, 0T 0.1, 0.50} )

2
In equation (7), S represents the state-space

£ @)

P (¢
represents the electrical load at time I, (0
represents the photovoltaic power generation at time

function of the lower layer at time r

! and Jo(0) represents the heating power of the

gas boiler at time !. The action-space function of the
lower layer is shown in equation (8) [18-19].

a’ ={P.()} ®)

2
In equation (8), 4 represents the action space

function at time f. The formula for the lower-level
establishment function is shown in equation (9).

w; =—~(@,C.(t) + 9, A (AB(1)) (9)

2

In equation (9), Wi represents the reward

function of the lower layer, P and ¥ represent

Cp (D)

the weighting factors, represents the battery

operating cost at time 7, A, represents the carbon

- 4 .
emission system, represents the energy price

system, and £ () represents the gas boiler power
consumption at time . At the same time, in order to
prevent policy bias, the study also analyzed it through
low-level policy networks. The formula for the
network reward function of the low-level strategy is
shown in equation (10).

QI()w(m’ n, l) = _"m - l||2 (10)

In equation (10), Gion (M1 11,1) represents the
reward function value of the low-level policy network.
Among them, m represents the given current state,
n represents the execution action, and i represents
the goal of high-level strategy formulation.
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Simultaneously addressing the stationarity of
goals by introducing behavior transfer and goal
transfer.

The objective reward function formula is shown in
equation (11).

(-
qhigh(m9l)_ Loth .
—1, otherwise (11)
Gpign (M)

In equation (11), represents the
reward function of the high-level, 4 represents the
threshold, and it is determined whether the current
high-level reward function has reached the target
value. The state space expressions for different

parameters are shown in equation (12).

{pa M), p, (1) (13)
m =
pa (t)a pd (t)

Status
parameter

Policy network

In equation (13), 2. represents the total

power generation, 2.() represents the total charge
d

demand, ».(1) represents the total power

consumption at time ;, and ) represents the

Pyt
total power load demand at time . The expression of
action space parameters is shown in equation (14).

n=U(t) (14)

In equation (14), A represents the total power
output of the action space. Because the EFCPPO
model exhibits slow global convergence during MOO
of the energy storage system, this study also
introduces a group relative measurement
optimization method.

Figure 5 shows the operation flow of the strategy

optimization method.
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Figure 5: Operation process of strategy optimization method

As shown in Figure 5, the strategy optimization
method first inputs multiple cue samples, then inputs
the sample parameters into the strategy network and
reference model. The strategy network is responsible
for generating the corresponding action responses,
while the reference model provides the distribution
constraints for the strategy output. Subsequently, the
reward model calculates the original reward value for
each group of action responses.

The reward value is normalized by the grouped
relative reward module, transforming it into a relative
reward with comparative significance. Finally, the
final reward parameters are output by optimizing the
strategy network parameters.

The operation flow of the time-scale optimization
method for the energy storage system after
introducing the two-layer network update is shown in
Figure 6.
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Figure 6: Operation process of time scale optimization method for energy storage system

As shown in Figure 6, the network update process
first acquires the system's state parameters, then
generates state-action combinations based on these
parameters. Next, a tiered reward system is
introduced, and the reward value is calculated. Then,
the action selection process filters for the most
advantageous group reward function values. Finally, it
determines whether the optimal iteration has been
reached; if so, the policy network is updated;
otherwise, state values are reacquired. The action
selection in the upper and lower layers directly
involves action callbacks to obtain action state values.
The operation flow of the upper and lower layers is
identical. Through mutual updates between the upper
and lower layers, more action states can be obtained,
enabling the entire network parameter acquisition
process to capture a wider range of state and action
states, thus improving the optimization effect.

Develop deep reinforcement learning agents using
TensorFlow/PyTorch framework in Python
environment, and achieve collaborative optimization
of adaptive energy management and intelligent
maintenance  decision-making  through  deep
Q-network algorithm. The two perform joint
simulation through an interface: MATLAB/Simulink
outputs real-time equipment status to the Python
agent, which selects the optimal action based on the
current state and returns to the simulation mode],
forming a closed-loop iteration of "perception

decision optimization". By repeatedly learning from a
large number of training scenarios, the
comprehensive optimal path for energy efficiency,
cost, and reliability throughout the entire lifecycle is
ultimately obtained.

3. Results and Analysis

31 Comprehensive Dispatch and
Optimization Analysis of Power Storage
System

To verify the optimization performance of the EFCPPO
algorithm in integrated energy systems, this study
constructed a test system model of a standard
33-node distribution network and a 16-node thermal
network. The photovoltaic power output data and
building thermal load curves required for the system
were generated using typical meteorological data
from Beijing, China, through EnergyPlus building
energy consumption simulation software. The grid
purchase price and natural gas price parameters
referenced energy price data for North China
published by the China Electricity Council. The carbon
trading price used was the historical settlement price
of the Chinese carbon emission trading market. The
unit parameters used in this study were as follows: for
cogeneration units, fuel cost coefficients were set to
-0.1778 and -0.1698, carbon emission intensity was
1.7819, electrical power output range was
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100-600kW, thermal power output upper limit was
500kW, and ramp rate was 200kW; for the energy
storage system, the rated power was set to 200kW,
capacity range was 0-500kWh, charge/discharge
efficiency was 99%, and

self-discharge rate was 10%.

The thermal storage system has a capacity range of
0-500 kWh, a thermal storage/release power limit of
100 kW, and a heat loss coefficient of 10%. The
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gas-fired boiler had a rated thermal power of 200 kW
and a thermal efficiency of 90%. The electric boiler
had a rated electric power of 150 kW and an
electrothermal conversion efficiency of 97%. The grid
interaction power was limited to 300 kW. The analysis
model's operation under load time is shown in Figure
7, where the grid load during weekdays and holidays
is illustrated.

Photovoltaic power generation
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—— Thermal load
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Figure 7: Operating load of power grid energy storage system

As shown in Figure 7(a), the electrical load of the
power storage system was at its highest during
operation, reaching 710 kW/h, while the highest
energy storage load of photovoltaic power generation
was only 150 kW/h, a decrease of 560 kW/h
compared to the electrical load. This indicates that
photovoltaic power generation cannot fully guarantee
the operation of the power system throughout the
weekday. As shown in Figure 7(b), all three types of
electrical load values increased significantly during
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holidays, indicating a surge in electricity consumption
during holidays, which poses a more severe challenge
to the optimization of the entire system's energy
storage. This study compared and analyzed the
multi-objective scheduling results for different dates,
comparing the Improved Whale Optimization
Algorithm (IWOA), the Multi-objective Jellyfish Search
Algorithm (MOISA), and MOO. The results of the
electricity load optimization after different algorithms
were analyzed and compared, as shown in Figure 8.
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Figure 8: Comparison results of different optimization algorithms

As shown in Figure 8(a), during weekday
optimized scheduling, the EFCPPO algorithm used in
this study had a lower operating load value, with a
maximum load value of only 420 kW/h. In contrast,
the MOO algorithm had a relatively higher electrical
load value, reaching a maximum of 630 kW/h, an
improvement of 210 kW/h compared to the EFCPPO
algorithm. This demonstrates that when using
different algorithms for scheduling, the EFCPPO
algorithm has a lower optimized operating load value,

requires less energy, and saves on operating costs.
This is because the EFCPPO algorithm incorporates a
multi-layer network, which improves the selection of
state parameters. As shown in Figure 8(b), during
holiday scheduling optimization, the EFCPPO
algorithm reduced the operating load value by
approximately 200 kW/h compared to the MOO
algorithm. This indicates that the EFCPPO algorithm
also performs relatively well in holiday scheduling.
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The comparative analysis of the operating costs of different algorithms is shown in Table 1.

Table 1. Comparison of operating costs of different algorithms

Day Operating Cost (yuan) Pollution Cost (yuan)
Algorithm Name | IWOA MOJSA MOO EFCPPO IWOA MOJSA MOO EFCPPO
Day 1 2140 2090 2040 2020 21.7 21.2 20.7 20.1
Day 2 2140 2090 2045 2030 21.8 21.3 20.8 20.3
Day 3 2140 2090 2045 2015 21.9 21.4 20.9 20.2
Day 4 2145 2095 2050 2040 22.1 21.6 211 20.5
Day 5 2135 2085 2030 2005 21.8 21.3 20.8 20.0
Day 6 2140 2090 2045 2025 21.9 21.4 20.9 20.4
Day 7 2155 2105 2050 2035 22.3 21.8 21.3 20.6
Day 8 2140 2090 2040 2018 21.7 21.2 20.7 20.1
Day 9 2140 2090 2040 2022 21.8 21.3 20.8 20.3
Day 10 2138 2088 2038 2010 21.9 21.4 20.9 20.2

As shown in Table 1, in the Day 1 test, the 5 scenario, where its operating cost was reduced by
operating cost of EFCPPO was 2020 yuan, a decrease approximately 1.2% compared to MOO, and its
of approximately 5.6% compared to IWOA's 2140 pollution cost was reduced by approximately 8.3%
yuan. The pollution cost was 20.1 yuan, a decrease of compared to IWOA. This indicates that in scheduling
approximately 7.4% compared to IWOA's 21.7 yuan. optimization under various weather conditions,
In the Day 2 scenario, the operating cost of EFCPPO EFCPPO has more stable cost control capabilities and
was 2030 yuan, a decrease of approximately 2.9% environmental benefits.
compared to MOJSA's 2090 yuan. The pollution cost
was 20.3 yuan, a decrease of approximately 2.4%  3-2 EFCPPO Algorithm Execution Scheduling
compared to MOO's 20.8 yuan. This is because the Optimization Test
EFCPPO algorithm, by integrating constraint
processing mechanisms and strategy optimization
frameworks, can dynamically adapt to the impact of
weather changes on system scheduling, thereby
achieving more refined multi-objective collaborative The same power storage system as described above
optimization. In subsequent continuous tests, EFCPPO was used for the test system performance. The results

maintained the lowest values in terms of both  of testing the scheduling effects of different modules
operating cost and pollution cost, especially in the Day are shown in Figure 9.

To analyze the performance of the algorithm's
scheduling optimization after introducing different
modules, this study compared and tested the
performance of the algorithm with different modules.

Multi objective Multi objective
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Figure 9: Comparison results of optimization of different models

As shown in Figure 9(a), the EFCPPO algorithm reduction of approximately 160 kW/h compared to
exhibited the best optimization performance among the EFCPPO algorithm. This demonstrates a
different models, while the multi-objective scale significant improvement in the overall MOO
optimization performed the worst. Its highest performance after incorporating different modules.
scheduled electrical load value reached 580 kW/h, a Figure 9(b) shows that the EFCPPO algorithm
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achieves a lower optimized load value during holiday
operations, reducing it by 180 kW/h compared to the
multi-objective scale optimization. This indicates that
the EFCPPO algorithm demonstrates excellent

POwer(kW/kWth)

0:00 3:00 6:00 9:00 12:00 15:00 18:00 21:00 24:00
Time
(a) EFCPPO

POwWer(kW/kWth)

optimization performance during both holiday and
weekday operations. Figure 10 compares the
scheduling optimization system results before
introducing different modules.

POwer(kW/kWth)

0:00 3:00 6:00 9:00 12:00 15:00 18:00 21:00 24:00
Time
(b) Multi objective scale optimization
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Figure 10: Optimization scheduling results of different modules

Since the operating load and operating cost of CHP
accounted for the largest proportion in the power
storage system, optimizing the scheduling of this
system could reduce the power load and operating
cost. As shown in Figures 10(a), 10(b), and 10(c), the
EFCPPO algorithm performed relatively well in
scheduling among the three models. CHP had a
relatively low operating load. Compared to
multi-objective scale optimization methods, the
EFCPPO algorithm reduced CHP's operating energy
consumption by scheduling more EB system energy

consumption between 0:00 and 9:00. Furthermore,
compared with HRL, the EFCPPO algorithm reduced
the operating energy consumption of the CHP system
by scheduling more EB and GB system energy
consumption, thus reducing the overall system's
operating energy consumption and cost. Therefore,
the EFCPPO algorithm used in this study has better
system optimization and scheduling performance. The
comparative analysis of the operating costs of
different modules is shown in Table 2.

Table 2. Comparison of operating costs of different modules

Day Operating Cost (yuan) Pollution Cost (yuan)
Multi-objective Scale Opt. HRL EFCPPO | Multi-objective Scale Opt. HRL EFCPPO
Day 1 285 2110 2020 20.9 21.3 20.1
Day 2 2095 2120 2030 21.0 21.5 20.3
Day 3 2070 2100 2015 21.1 21.6 20.2
Day 4 2100 2140 2040 21.3 21.8 20.5
Day 5 2060 2085 2005 20.8 21.2 20.0
Day 6 2080 2115 2025 21.0 214 20.4
Day 7 2095 2130 2035 214 219 20.6
Day 8 2075 2105 2018 20.9 21.3 20.1
Day 9 2082 2112 2022 21.0 214 20.3
Day 10 2065 2090 2010 21.1 21.5 20.2

As shown in Table 2, in the Day 1 test, the
operating cost of EFCPPO was 2020 yuan, which is
about 3.1% lower than the 2085 yuan of the
multi-objective scale optimization method and about
4.3% lower than the 2110 yuan of the HRL algorithm.
In terms of pollution cost control, EFCPPO achieved
20.1 yuan, which is about 3.8% lower than the 20.9
yuan of the multi-objective scale optimization method
and about 5.6% lower than the 21.3 yuan of the HRL

algorithm. In the extreme test scenario of Day 5, the
advantages of EFCPPO were even more obvious. Its
operating cost was 2005 yuan, which is about 3.8%
lower than the 2085 yuan of the HRL algorithm, and
its pollution cost was 20.0 yuan, which is about 3.8%
lower than the 20.8 yuan of the multi-objective scale
optimization method. This may be because the
EFCPPO algorithm, by constructing a multi-objective
constraint processing framework, can effectively
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balance economic operation and environmental
protection requirements, while utilizing the
exploratory capabilities of deep reinforcement
learning to achieve a dynamic optimization strategy.
During a 10-working-day testing period, EFCPPO
maintained the best performance across all 20 cost
metrics, with its operating costs averaging 2.8%-4.1%
lower than the other two methods. A comprehensive
comparison shows that EFCPPO significantly
outperforms traditional MOO methods and
reinforcement learning algorithms in both reducing
total system cost and improving environmental
benefits.

Conclusions

To achieve multi-objective collaborative optimization
of energy storage in power systems, this study
proposes a multi-timescale optimization framework
based on the EFCPPO algorithm. The new method
constructs an Actor-Critic dual-network structure to
achieve collaborative updates of policies and values,
introduces an exploration backoff pruning mechanism
to enhance training stability, and combines HRL to
decompose the scheduling task into upper and lower
layer decisions, thereby achieving a balanced
optimization of operational economy and low-carbon
objectives in complex multi-energy systems. The
results show that, under typical weekday scenarios,
the proposed EFCPPO algorithm achieves a maximum
load scheduling value of only 420 kW /h, a reduction
of approximately 33.3% compared to the 630 kW /h of
traditional MOO methods. Regarding operating costs,
the EFCPPO algorithm achieved an average cost of
2022 yuan in a 10-day continuous test, a reduction of
5.5%, 3.2%, and 1.2% compared to the IWOA, MO]JSA,
and MOO algorithms, respectively, with pollution costs
also decreasing by 7.4%, 5.8%, and 3.6%. In module
comparisons, EFCPPO further reduces operating costs
by 3.1%-4.3% and pollution costs by 3.8%-5.6%
compared to multi-objective scale optimization and
the HRL method. This demonstrates that the proposed
EFCPPO algorithm exhibits better economic efficiency,
environmental friendliness, and dispatch adaptability
in MOO of energy storage in power systems. Although
the study validated the effectiveness of the EFCPPO
algorithm in a typical integrated electricity-heat-gas
energy system, certain limitations remain. For
example, the test scenario is primarily based on
meteorological and price data from North China, and
the model's generalization ability across different
regions and energy structures needs further
verification. Future research will expand to
multi-regional and multi-energy market environments
and explore its integration with other advanced
reinforcement learning algorithms.
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