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Abstract

The core of current energy storage scheduling optimization is to achieve
multi-timescale collaborative decision-making through intelligent algorithms
to improve system economy and reliability, and accelerate its evolution
towards market-oriented and large-scale applications. This study is designed
to develop a scenario-adaptive intelligent scheduling system. It skips the
need for accurate long-term future time-series predictions, and directly lever-
ages real-time observable information at the current decision point, such as
renewable energy output, power load, electricity price and energy storage
status, to complete dynamic optimal scheduling. For a single independent
microgrid, an electric-hydrogen hybrid architecture is constructed, and an
improved deep deterministic policy gradient algorithm with attenuated ran-
dom noise is proposed. The scheduling strategy is optimized through online
interaction with the target network and a soft update mechanism. For multiple
interconnected microgrids, a centralized training and decentralized execution
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framework is adopted to achieve multi-agent collaborative optimization and
autonomous decision-making. The results show that in a single microgrid
scenario, the research method achieves a renewable energy utilization effi-
ciency of 98.77% and a average operating cost of 0.381 yuan/kWh; in a
multi-microgrid scenario, the average operating cost is 0.389 yuan/kWh. The
research indicates that the two types of algorithms are respectively adapted
to single-microgrid internal optimization and multi-microgrid collaborative
scheduling, providing scenario-based solutions for distributed energy storage
optimization.

Keywords: Distributed energy storage dispatch, DDPG, electric-hydrogen
hybrid microgrid, MAPPO, multi-microgrid collaboration.

1 Introduction

During the transition to high-proportion renewable energy, the intermittency
of wind and solar power generation and the randomness of load demand form
a strong counterbalance, leading to a severe time-series supply and demand
imbalance problem in microgrid systems [1]. Traditional battery energy stor-
age is limited by capacity and adjustment time, making it difficult to achieve
large-scale energy transfer across time periods. Existing scheduling meth-
ods either rely on long-term predictions with unreliable accuracy or cannot
efficiently handle the time coupling constraints of energy storage dynamics,
resulting in a large waste of clean electricity and significantly increasing
the system’s dependence on external power purchases and operating costs
[2, 3]. As the energy internet advances further, multi-microgrid intercon-
nection has become a trend, and new demands such as cross-microgrid
dynamic energy trading and carbon emission collaborative management have
emerged, further exacerbating scheduling complexity. Single-agent algo-
rithms are prone to the dimensionality curse, and traditional distributed
algorithms are difficult to cope with environmental non-stationarity [4, 5].
Therefore, this research employs a Reinforcement Learning (RL) framework
and introduces a Deep Deterministic Policy Gradient (DDPG) algorithm
with attenuated random noise for single microgrid scenarios to enhance
exploration capabilities and optimize the coordinated scheduling of elec-
tricity and hydrogen. The research aims to develop intelligent scheduling
methods adaptable to different scenarios, utilizing only the measured state
information at the current decision moment to achieve dynamic optimization
decision-making.
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The innovation of this research lies in innovatively constructing two archi-
tectures: an electric-hydrogen hybrid single microgrid and a carbon capture +
peer-to-peer trading multi-microgrid. It employs a Centralized Training with
Decentralized Execution (CTDE) framework, and then applies a Multi-Agent
System (MA) Proximal Policy Optimization (PPO) algorithm (C-MAPPO) to
guide local decision-making in each microgrid through global collaborative
optimization. The aim is to form a scenario-adaptive intelligent scheduling
system, breaking through the bottlenecks of traditional methods.

2 Related Works

The volatility of renewable energy has intensified, and the optimization of
energy storage scheduling urgently needs to improve system stability, econ-
omy and energy utilization efficiency. Lu et al. proposed a two-layer hybrid
integer model based on split-blob bar optimization. The results showed that
the method improved energy storage utilization [6]. Dong et al. proposed a
data-driven scheduling strategy based on deep RL. The strategy considered
random charging of electric vehicles. The findings demonstrated that the
gradient algorithm of deep deterministic strategy with priority experience
replay reduced power fluctuations and operating costs [7]. Krishna et al.
introduced a two-stage energy management approach to tackle the scheduling
problem caused by the uncertainty of renewable energy. The results showed
that the method could effectively extend battery life [8]. Todakar et al.
proposed a real-time operation strategy that combines autoregressive integral
moving average model generation with mixed integer linear programming.
The findings demonstrated that the method effectively optimized the layout
of charging and discharging stations [9].

Yan et al. proposed a two-layer Stackelberg game model grounded in
shared energy storage. The results showed that the method reduced the
cost of pollutant emission penalties [10]. Sui et al. established a stochastic
scheduling model for island microgrid groups compatible with the variable
speed characteristics of hydrogen carrier ships. The results showed that the
method effectively improved frequency stability [11]. Sun et al. proposed
an improved imitation learning method based on data driving. They used
a limit gradient boosting model to learn the mapping relationship between
system state and scheduling decision. The results showed that the method
improved scheduling efficiency and robustness [12]. Tian et al. proposed
a “source-grid-load-storage” multimodal economic optimization scheduling
method. They used an improved gray wolf optimization algorithm to solve
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the two-layer model. The results showed that the method reduced electricity
costs by 5.5%–8.7% [13].

In summary, existing technologies suffer from problems such as reliance
on prediction, difficulty in handling high-dimensional uncertainty, and lack
of low-carbon coordination mechanisms for multi-microgrid scheduling. To
adapt to different scenarios, this study proposes an electric-hydrogen hybrid
single-microgrid architecture and a carbon capture + peer-to-peer trading
multi-microgrid architecture, along with improved DDPG and C-MAPPO
algorithms. The aim is to achieve dynamic optimization without requir-
ing precise prediction, thereby improving energy efficiency and reducing
operating costs.

3 Methods and Materials

3.1 Hybrid Energy Dispatch Optimization Method Based on
DDPG

In the transition to high-proportion renewable energy, the intermittency of
wind and solar power generation and the randomness of load demand lead
to a serious time-series supply-demand imbalance in microgrids [14]. This
not only wastes clean electricity but also increases the dependence on and
cost of purchasing electricity from outside sources. Traditional battery energy
storage is limited by capacity and regulation time, making it difficult to
solve such problems [15, 16]. Meanwhile, existing scheduling methods either
rely on long-term predictions that are difficult to make accurately or cannot
efficiently handle the time coupling constraints of energy storage dynamics,
resulting in limited optimization results [17]. Therefore, this study constructs
a collaborative framework that fits the reality of energy interconnection. By
simulating the heterogeneous coupling, spatiotemporal uncertainty, and inter-
subject game of distributed energy, its single microgrid system architecture is
shown in Figure 1.

As shown in Figure 1, the electric-hydrogen hybrid microgrid architecture
takes renewable energy generation and external power purchase as inputs,
supplies power to the base and flexible loads through the public AC bus,
and exchanges energy bidirectionally with battery energy storage. The battery
energy storage status update is shown in Equation (1).

SOC (t+ 1) = SOC (t) +
kchWch(t)− Wdis(t)

kdis

Erated
·∆t (1)
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Figure 1 Single microgrid system architecture diagram.

In Equation (1), SOC (t) represents the state of charge of the battery at
time t; kch represents the charging efficiency; Wdis(t) represents the charging
power; kdis represents the discharging efficiency; Wdis(t) represents the
discharging power; Erated represents the rated capacity of the battery;and
∆t represents the time step. The external power grid serves as a backup
power source to ensure power supply security and also guides the optimized
operation of the microgrid through real-time electricity price signals [18].
Surplus electrical energy is converted into hydrogen through an electrolyzer
and stored in a hydrogen storage tank. The dynamic equation for the hydrogen
storage capacity of the hydrogen storage tank is shown in Equation (2).

Qt+1 = Qt +Xt − ES
t − EP

t , ∀ t. (2)

In Equation (2), Qt represents the amount of hydrogen at the beginning
of the time slot t; Qt+1 represents the amount of hydrogen at the end of the
time slot t; Xt represents the amount of hydrogen produced and injected into
the hydrogen storage tank during the time slot t. ES

t represents the amount of
hydrogen sold during the time slot t; EP

t represents the amount of hydrogen
consumed for power generation during the time slot t. Energy storage and
conversion equipment is the core of the system’s flexible adjustment. Batter-
ies cope with short-term power fluctuations, while the hydrogen energy chain
realizes energy transfer across time periods [19]. All equipment is connected
to the intelligent dispatch center through a communication network, forming
an organic whole that can dynamically respond to electricity prices, bal-
ance renewable energy fluctuations, and maximize economic efficiency. The
objective function J for minimizing operating costs is shown in Equation (3).

J = min

T∑︂
t=1

(Cgrid (t) + Cbatt(t) + CH2(t) + Cpenalty(t)) (3)
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In Equation (3), T is the total scheduling time; Cgrid (t) is the cost of
purchasing electricity from the external power grid; Cbatt(t) is the oper-
ating loss cost of battery energy storage; CH2(t) is the operating cost of
the hydrogen energy system; and Cpenalty(t) is the penalty cost. The study
defines the state variable st = [SOC(t), Qt, Pw(t), Ppv(t), L(t), price(t)],
where Pw(t) and Ppv(t) represent the actual power output of wind power
and photovoltaic power respectively, L(t) represents the load, and price(t)
represents the real-time electricity price. The action variable is defined as
at = [Wch(t),Wdis(t), Pele(t), Pfc(t), Pbuy(t)], Pele(t) represents the power
consumption of the electrolyzer, Pfc(t) represents the power generation of
the fuel cell, and Pbuy(t) represents the purchased power from the outside.
The boundary constraints are 0 ≤ SOC(t) ≤ 1, 0 ≤ Qt ≤ Qmax ,
0 ≤ Wch ≤ Wch,max , 0 ≤ Wdis ≤ Wdis,max, 0 ≤ Pele ≤ Pele,max,
0 ≤ Pfc ≤ Pfc,max, and the charging and discharging are mutually exclusive
with Wch ·Wdis = 0. Qmax represents the upper limit of the hydrogen storage
capacity. The power balance equation is shown in Equation (4) when ignoring
line losses.

Pw(t)+Ppv(t)+Pbuy(t)+Pfc(t)+Wdis(t) = L(t)+Wch(t)+Pele(t) (4)

The terminal condition is the end of the scheduling period, with
SOC(t) ≥ 0.2 and Qt ≥ 0.1Qmax . The current limiting processing is
as follows: when the wind and solar power output exceeds the maximum
charging power, if the hydrogen storage is full, then wind and solar power
generation will be abandoned, and load shedding is only allowed in emer-
gency situations. The load shedding amount ≤ 0.05L(t), and it is included in
the penalty term. The penalty clause is as shown in Equation (5).

ht2 = λ1max(0,SOC low − SOC )2 + λ2max(0, Qlow −Qt)
2 + λ3L

2
s

+ λ4max(0, Pbuy − Pbuy,lim)2 (5)

In Equation (5), Ls represents the amount of load shedding, SOC low is
set to 0.15, Qlow to 0.05Qmax , Pbuy,lim to 0.8Lmax . For the cost coefficient,
the purchase price of electricity is taken from the real-time data of PJM, the
battery operation loss cost coefficient is 0.015 yuan/kWh, and the hydrogen
system operation cost coefficient is 0.025 yuan/kWh. The penalty weights
λ1 = 100 yuan/kW2, λ2 = 80 yuan/kW2, λ3 = 200 yuan/kW2, and λ4 =
50 yuan/kW2. To address the multidimensional constraints and uncertainties
faced by this electric-hydrogen hybrid microgrid in real-time scheduling, a
modified DDPG with decaying random noise is introduced. This modified
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Figure 2 Electro-hydrogen coordinated scheduling DDPG algorithm framework diagram.

DDPG can directly handle the continuous action space. The architecture of
the electric-hydrogen collaborative scheduling DDPG algorithm is shown in
Figure 2.

As shown in Figure 2, the architecture achieves scheduling through online
interaction and updates with the target policy network and the value network.
The system state is normalized and input into the online network, combined
with decaying random noise to generate actions. After interacting with the
environment, a state-action-reward-next state sample is formed and stored in
the experience replay pool. The reward function is shown in Equation (6).

ht = γ · h1t − h2t (6)

In Equation (6), ht is the instantaneous reward value obtained by the agent
in the time slot t; γ represents the weight coefficient; h1t represents the net
profit of running within the time slot t; and h2t represents the penalty term.
During the update, random sampling is performed from the experience pool,
the online value network evaluates the value of the state action, the target
network calculates the target value based on the next state, and the target
value is obtained by combining the reward. The minimized loss Z is shown
in Equation (7).

Z =
1

P

∑︂
i

(fi − U(mi, ni | δU ))2 (7)

In Equation (7), P represents the number of mini-batch samples; i repre-
sents the index of a single sample; fi represents the target U value calculated
for the i-th sample; U(mi, ni | δU ) represents the U value predicted by
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Figure 3 DDPG coordinated scheduling flowchart for electro-hydrogen hybrid energy.

the online value network for the state-action pair (mi, ni) of the i-th sample
under the current parameters δU ; mi and ni are the system state and the action
performed by the agent recorded in the i-th sample, respectively; and δU

represents the trainable parameters of the online value network. Finally, a soft
update mechanism is used to synchronize the parameters of the online net-
work and the target network, and the algorithm is iterated until convergence
is achieved, thereby optimizing the microgrid energy scheduling strategy.
Based on the DDPG algorithm architecture concept of electric-hydrogen co-
scheduling, the study clearly demonstrates the entire process from network
initialization, experience collection and training optimization to final real-
time scheduling. The DDPG co-scheduling process for electric-hydrogen
hybrid energy is shown in Figure 3.

As shown in Figure 3, the algorithm completes system initialization
upon startup, establishing the policy network, value network, and experience
pool. During the training phase, the real-time state of the micronetwork is
continuously observed and normalized, as shown in Equation (8).

ŝt =
st − µs

σs
(8)
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In Equation (8), ŝt represents the normalized system state vector at time
t; st is the original system state vector observed at time t; µs is the vector
composed of the mean values of each state dimension; and σs represents
the vector composed of the standard deviations of each state dimension.
Continuous scheduling instructions are then generated by the policy network,
while attenuating random noise is introduced to balance exploration and uti-
lization. The temporal attenuation of the attenuating random noise is shown
in Equation (7).

σt = σinit · e
− t

Tdecay (9)

In Equation (9), σt represents the noise standard deviation at time t; σinit
represents the initial value of the noise standard deviation; Tdecay represents
the decay time constant; and e represents the natural constant. After the
scheduling action interacts with the environment, it obtains a reward and a
new state, and the interaction record is stored in the experience pool. During
training, random samples are periodically drawn from the experience pool,
and the parameters of the policy network and value network are updated
synchronously through gradient calculation. The target network is updated
incrementally to ensure stability. After reaching the preset training rounds,
the real-time decision-making stage begins. The trained policy network
can directly output the optimal scheduling instruction based on the current
state, achieving a dynamic balance between efficient utilization of renewable
energy and minimization of operating costs.

3.2 Energy Scheduling Method Based on Improved Multi-agent
Proximity Strategy

With the advancement of the “dual carbon” goal and the construction of new
power systems, regional multi-microgrid interconnection and coordination
has become an inevitable trend to enhance energy resilience and promote the
consumption of renewable energy [20]. However, the coordinated operation
of multi-microgrid systems faces the prominent contradiction of difficulty
in coordinating energy dispatch and carbon management. Existing studies
often treat carbon capture and utilization and peer-to-peer trading separately,
ignoring the deep coupling between the two in terms of resource sharing
and cost allocation, resulting in the inability to balance the overall economic
efficiency and low carbon performance of the system, thus restricting the
synergistic efficiency potential of the regional energy internet [21, 22]. To
this end, this study integrates carbon capture and utilization technology with
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Figure 4 Multi-microgrid system architecture diagram.

peer-to-peer energy trading mechanism to construct a distributed dispatch
framework that can coordinate multiple independent microgrids and achieve
the dual goals of global economy and low carbon. The architecture of this
multi-microgrid system is shown in Figure 4.

As shown in Figure 4, wind power and energy storage work together
within each microgrid to maintain local power balance. Surplus or insufficient
electricity is traded between microgrids through a point-to-point network,
achieving regional energy mutual assistance. Each microgrid is equipped with
a carbon capture system to capture carbon dioxide generated during power
generation and convert it into synthetic methane using hydrogen produced
by local water electrolysis, thus realizing waste resource utilization and the
organic connection and flexible conversion of the electricity-gas network. The
carbon capture rate is set to 85%, the energy consumption of the capture
process is 0.30 kWh/kg CO2, and the methane conversion efficiency is 70%
(0.182kg H2 is required per kilogram of CO2 according to stoichiometry, and
hydrogen is provided by electrolyzed water, with an electrolysis efficiency of
65%). The carbon emissions are calculated based on the purchased electricity
emission factor of 0.85 kg CO2/kWh and the thermal power portion, and
the actual emissions after capture are the remaining uncaptured portion.
The power consumption of the carbon capture system is included in the
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power balance as an additional load, and its operating constraint is 0 ≤
PCCU ≤ PCCUmax, where PCCU represents the actual power consumption
of the carbon capture system during period t, and PCCUmax represents the
maximum rated power consumption of the carbon capture system. The energy
consumption penalty has been included in the cost coefficient of the hydro-
gen system. A communication network covering the entire system collects
real-time status and market information of each microgrid and accurately
issues scheduling instructions generated by the collaborative optimization
algorithm to each controllable unit, thereby integrating distributed devices
into a smart energy system that can operate autonomously and collaborate
globally. To address the environmental non-stationarity and dimensional-
ity curse problems in multi-microgrid collaborative scheduling, the CTDE
framework is introduced. This distributed execution mechanism mines glob-
ally optimal information through centralized training, achieving a balance
between algorithm performance and scalability. The CTDE architecture is
shown in Figure 5.

As shown in Figure 5, during the training phase, the system integrates all
microgrid interaction data and the global state, centrally optimizing the value
network parameters to alleviate multi-agent non-stationarity and ensure pol-
icy consistency and optimality. The policy network adjusts its actions based
on feedback from the value network through the advantage function, while
the value network continuously optimizes the evaluation accuracy based on

Figure 5 CTDE framework diagram.
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Figure 6 Scheduling flowchart based on C-MAPPO.

global data, thereby improving scheduling adaptability and overall opera-
tional efficiency. CTDE ensures both global optimization capabilities and
local decision autonomy, perfectly meeting the improvement needs of multi-
agent PPO algorithms. Therefore, this study proposes optimizing heteroge-
neous energy scheduling in multi-microgrids based on C-MAPPO, achieving
a dual improvement in scheduling performance and system stability. The
C-MAPPO-based scheduling process is shown in Figure 6.

As shown in Figure 6, the process first initializes the policy and value
network parameters of all agents. After entering the loop training, each agent
outputs an action based on the current policy and local observations, interacts
with the environment to obtain global rewards and new states, and generates
a complete batch of trajectories (on policy sampling). After accumulating
sufficient trajectories, the algorithm uses these trajectories to calculate the
advantage function and adopts a near end strategy to optimize the objective
for multiple rounds (epochs = 10) of small batch gradient updates, reusing
the current sampled data. The value network updates directly based on the
global state, without using the target network or soft updates. This process is
repeated until the strategy converges, and ultimately each agent relies solely
on local observations for autonomous decision-making. The calculation of
the multi-agent advantage function At is shown in Equation (10).

At = Rt + ηV (st+1)− V (st) (10)
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In Equation (10), Rt is the immediate reward; η is the discount factor;
V (st+1) is the value function of the next state; and V (st) is the value function
of the current state. The value network is updated accordingly to optimize
the overall system value assessment. This process is repeated until policy
convergence, and the final deployed distributed policy allows each agent to
autonomously make optimal decisions based solely on local observations.

4 Results

4.1 Hybrid Energy Dispatch Test Based on DDPG

To test energy dispatching methods, this study utilized the NREL WIND
Toolkit v3.0.0 and NSRDB v3.2.0 datasets from the National Renewable
Energy Laboratory (NREL), which includes wind and solar power output
time series (5-minute resolution), typical daily load curves, and PJM market
electricity price data. A microgrid area in the central-western part of the
United States, located at 41.98◦N, 87.90◦W, was selected. The annual data
for the entire year of 2022 was used. The load data adopted the typical daily
curve of the NREL Commercial Reference Building, the electricity price
was obtained from the real-time node LMP of the PJM Northern Illinois
Hub, and the time zone was UTC-6. The maximum wind power generation
capacity was 3.2MW, the peak solar power generation capacity was 2.8MW,
the peak-valley load ratio was 1:0.4, and the electricity price fluctuation range
was $0.02–0.35/kWh. Referring to the PJM node data for the whole year of
2022, all economic parameters denominated in US dollars were uniformly
converted into Chinese yuan based on the average exchange rate of 1 US
dollar to 6.73 yuan published by the People’s Bank of China for that year.
The cost coefficients for equipment operation loss, hydrogen system oper-
ation and maintenance already include depreciation and maintenance costs,
and were not separately listed. Battery storage capacity was configured as
5 MWh/2.5 MW, hydrogen production efficiency was set to 65%. The original
5-minute data was aggregated and resampled according to the mean to a 15
minute scheduling interval, covering typical days and random fluctuations
throughout the four seasons. The dataset was divided into training set (70%),
validation set (15%), and testing set (15%) in chronological order to ensure
that future information was not used during the training process. When
making strategic decisions, this method only relied on the current observed
wind and solar power output, load, electricity price, and energy storage
status (i.e. battery state of charge and hydrogen storage), without relying
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Table 1 Detailed information of the testing platform
– Configure Parameter

Hardware configuration CPU Intel Xeon W7-2495X

GPU NVIDIA RTX 4090

Storage 2TB NVMe PCIe 5.0 SSD
+ 8TB NAS/RAID

Operating system Ubuntu Server22.04 LTS

Programming language Python 3.9.18

Software configuration Deep learning framework PyTorch 2.0.1+cu118

Containerization tool Docker Desktop4.25.0

Distributed computing
framework

Ray2.7.1

Numerical computing tool NumPy1.26.2

on any future predicted values. Therefore, this method achieved dynamic
online scheduling without the need for accurate prediction. Hyperparameter
settings were as follows: learning rate Actor = 0.001, Critic = 0.002, discount
factor η = 0.99, soft update coefficient τ = 0.005, experience replay pool
capacity = 106, batch size = 256, and training epochs ≥2000. A simulation
testing platform was built, and experiments were conducted on the Ubuntu
Server 22.04 LTS operating system. The environment settings arepresented
in Table 1.

To ensure reproducibility of the results, the random seeds for the three
independent repeated experiments in this study were fixed at 42, 123, and
2024, respectively, and the global random seeds for the Ray distributed
framework and NumPy were synchronously set during initialization to ensure
consistency in all parallel environments and network initialization processes.
Experimental results were obtained by taking the mean of three independent
and repeated experiments, calculating 95% confidence intervals, and verify-
ing the significance of the results using paired t-tests (p < 0.05). To explore
the performance boundaries of the improved DDPG algorithm in a single
electric-hydrogen hybrid microgrid, the experiment tested Renewable Energy
Utilization (REU) rate, battery SOC effective volatility, and scheduling com-
mand tracking error rate under different renewable energy penetration rates
and energy storage configurations, clarifying its advantages and bottlenecks
as a single-agent method. The test results are shown in Figure 7.

In Figure 7(a), when the permeability was 30%, the REU of the improved
DDPG algorithm was 96.5 ± 1.0%, significantly higher than the 86.0 ± 1.8%
when the permeability was 70% (p < 0.05). Due to the effective exploration
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Figure 7 Performance analysis of improved DDPG algorithm in single microgrid scenario.

of the random noise attenuation mechanism, the optimal scheduling mode for
the electric-hydrogen co-operation was found. Figure 7(b) shows that with a
4.0 MWh energy storage configuration, the improved DDPG algorithm had
an REU of 96.8±1.1% and an effective SOC fluctuation rate of 85.2±1.6%.
Beyond this capacity, the marginal benefit of performance improvement
decreased sharply, indicating that the algorithm’s intelligence fully exploited
the hardware’s potential. To assess the effects of various microgrid con-
figurations on REU, the experiment explored the role of electric-hydrogen
bidirectional conversion facilities in improving energy absorption capacity.
The experiment compared a microgrid system model, a model without battery
storage, a model without electric hydrogen production facilities, and a base-
line model (without both electric hydrogen production facilities and battery
storage) to analyze the actual utilization level of renewable energy in random
time periods. The test results are shown in Figure 8.

Figure 8(a) indicates that during the testing period, the average REU
efficiency of the complete microgrid system model was 0.9877, which was
higher than other models. Figure 8(b) shows that the efficiency of the battery-
free energy storage model was 0.8955, close to the complete model, but still
about 9.3% lower. Figure 8(c) shows that the efficiency of the model without
an electric hydrogen production facility was only 0.5961. Figure 8(d) shows
that the efficiency of the model missing both was even lower at 0.5110, a
decrease of about 39.7% and 48.3% respectively compared to the complete
model. Because the electricity-hydrogen conversion mechanism effectively
avoided the waste of renewable energy by converting excess electricity into
hydrogen for storage or reuse, especially during peak renewable energy
generation periods, the electric hydrogen production facility could quickly
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Figure 8 Comparison of REU for various models.

absorb excess electricity, while the energy storage system played a more
significant role in regulating supply and demand and optimizing operational
economics.

4.2 Energy Scheduling Test Based on Improved Multi-agent
Proximal Strategy

The experiment aimed to evaluate the scalability and economic performance
of the proposed CTDE-MAPPO optimization algorithm in multi-microgrid
systems of different scales. Three scenarios with different numbers of
microgrids were set up to compare the average system cost and average inter-
microgrid electricity trading volume of C-MAPPO, the Single-agent PPO
algorithm (SPPO), and the Independent PPO Algorithm Based on Shared
Rewards (IPPO-S)under long-term operation, thus verifying the effective-
ness of the algorithm in handling high-dimensional decision-making and
promoting collaborative trading. The test results are shown in Figure 9.

As shown in Figure 9(a), when the number of microgrids increased from
3 to 5, the cost advantage of MAPPO-S compared to the fully centralized
SPPO algorithm increased from 10.8% to 30.8%. Figure 9(b) shows that the
MAPPO-S algorithm had the highest inter-microgrid electricity trading vol-
ume, which increased with the number of microgrids, reaching 23.8% higher
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Figure 9 Comparison of average cost and average electricity trading volume for different
algorithms.

than SPPO with 5 microgrids. Because MAPPO-S learned a global value
function through centralized training to coordinate the behavior of multiple
microgrids, its distributed execution decomposed decisions, thus overcom-
ing the curse of dimensionality. This allowed it to accurately identify the
spatiotemporal complementarity between microgrids, facilitating more P2P
transactions, transforming high-priced externally purchased electricity into
internal collaboration, and achieving the lowest operating cost. The experi-
ment aimed to intuitively reveal the spatiotemporal differences in renewable
energy generation and power load among microgrids in a multi-microgrid
system. The experiment simulated 5 microgrids in different geographical
locations, recording their operation over a continuous 24-hour period. The
test results are shown in Figure 10.

As shown in Figure 10, the peak power generation of microgrid 1
occurred during hours 6–7 and 18–19, when its power load was low, resulting
in a considerable power surplus. Microgrid 5, on the other hand, experienced
extremely high load during hours 5–6 and 17–18 while power generation was
at its lowest, facing a severe power shortage. The algorithm prompted micro-
grids to take more capture actions. This increased the total system cost due to
the consumption of additional electrical energy and the increased operating
costs of the Carbon Capture and Utilization (CCU) system. The experiment
selected Mixed-Integer Linear Programming (MILP) for single microgrids
and Distributed Alternating Direction Method of Multipliers (ADMM) for
multi-microgrids as benchmark methods. The comprehensive performance
of the proposed methods in single-microgrid and multi-microgrid scheduling
scenarios was evaluated. The test results are presented in Table 2.
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Figure 10 Renewable energy generation and power load situation in single microgrid.

Table 2 Performance comparison of dispatch optimization methods

Method Type

Average
Operating Cost

(Yuan/kWh)

Renewable
Energy Local

Consumption Rate
(%)

Daily Average
Equivalent Cycle
Degradation of
Energy Storage

(%)

Critical Section
Power Limit

Violation Time
Proportion (%)

MILP 0.436± 0.012#∗ 93.2± 1.2H
∗

1.18± 0.20∗∗ 0.8± 0.10∗∗

Improved DDPG 0.381± 0.009 97.1± 0.9 0.92± 0.15 0.5± 0.08

ADMM 0.480 ± 0.015** 88.5± 1.5#∗∗ 1.05± 0.18∗∗ 1.2± 0.18∗∗

C- MAPPO 0.389 ± 0.007 95.8± 0.8 0.98 ± 0.12 0.7± 0.06

Note: “#′ indicates a significant difference compared to improved DDPG, and “*” indicates a
significant difference compared to C-MAPPO, p < 0.001.

As presented in Table 2, the research method demonstrated superior
performance across all metrics, significantly reducing the average cost per
kilowatt-hour. In single-microgrid scenarios, the improved DDPG cost was
0.381 ± 0.009 yuan/kWh, a 12.6% reduction compared to MILP. In multi-
microgrid scenarios, C-MAPPO costs 0.389 ± 0.007 yuan/kWh, an 18.9%
reduction compared to ADMM. The absorption rates reached 97.1 ± 0.9%
and 95.8 ± 0.8%, respectively. The algorithm implicitly learned the system’s
safety boundary during training, thereby automatically avoiding risks. To
verify the convergence of the algorithm training, the changes in reward values
during the training process were tracked. The convergence curves of the
improved DDPG algorithm and C-MAPPO algorithm are shown in Figure 11.

As shown in Figure 11(a), during the early stages of training (0 ∼ 300
episodes), the strategy was in the strong exploration stage due to the influence
of attenuated random noise. The average reward of the improved DDPG
algorithm fluctuated sharply within the range of −380 yuan to −220 yuan.
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Figure 11 Convergence curves of improved DDPG algorithm and C-MAPPO algorithm.

During the mid training period (300∼800 episodes), the fluctuation narrowed
to −200 yuan to −140 yuan. After 800 rounds, it converged and eventually
stabilized at around −110 yuan. As shown in Figure 11(b), in the early
stages of training (0 ∼ 400 episodes), it was necessary to coordinate the
global interests of multiple agents, and the average reward calculated by C-
MAPPO fluctuated within the range of −550 yuan to −380 yuan. During the
mid training period (400˜1200 episodes), the price increased to −250 yuan
to −170 yuan. After 1200 rounds, it converged and eventually stabilized at
around −160 yuan. The smooth transition of the global reward curve without
divergence or strategy collapse proved that both algorithms had good training
stability. To evaluate the comprehensive impact of carbon capture on multi
microgrid scheduling, this study used the C-MAPPO algorithm in 5 microgrid
scenarios to compare the performance of the complete model (including
carbon capture and P2P trading) with the CCU free model (removing carbon
capture devices and methane reactors). The two models shared the same
wind and solar power output curve, load data, energy storage configura-
tion, P2P trading mechanism, and electricity price data. Carbon emissions
only accounted for indirect emissions corresponding to purchased electricity
(emission factor 0.85 kg CO2/kWh) and the thermal power part within the
microgrid (0.78 kg CO2/kWh), and renewable energy generation did not
account for emissions. The results of the ablation experiment are shown in
Table 3.

As shown in Table 3, the carbon emissions of the complete model
decreased by 74.5% compared to the model without CCU, but the operating
costs increased by 7.5%. The cost increase was mainly due to the additional
power consumption and maintenance costs of carbon capture systems. The
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Table 3 Results of ablation experiment
Indicator Complete Model Model Without CCU
Carbon emissions (kg CO2/kWh) 0.120 0.470
Operating cost (yuan/kWh) 0.389 0.362
Electricity purchase cost (yuan/kWh) 0.301 0.285

results indicated that carbon capture modules could effectively reduce carbon
emissions. To verify the robustness and generalization ability of the proposed
improved DDPG algorithm and C-MAPPO algorithm, this study selected
the Mendeley Data dataset for testing. The original time series data of wind
power, photovoltaic power and load in this dataset originated from the public
records of NEMWEB of the Australian Energy Market Operator and were
scaled and resampled according to the capacity ratio of microgrids, with a
time interval of 15 minutes, covering 8760 points throughout the year and
including complete seasonal variations. Since this dataset records only a
single microgrid, to simulate different microgrid configurations, the original
wind and solar power load time series were scaled by different capacity coef-
ficients (randomly taken values from 0.7 to 1.3) and subjected to ±2 hours of
random time offset to construct 5 sub-microgrids with temporal and spatial
differences. The proposed improved DDPG algorithm was compared with
Twin Delayed Deep Deterministic Policy Gradient (TD3) and Soft Actor-
Critic (SAC) in the single microgrid scenario. The C-MAPPO algorithm was
compared with Multi-Agent Deep Deterministic Policy Gradient (MADDPG)
and Q-value mixing network (QMIX) in the multi-microgrid scenario. All
experiments were repeated 5 times (random seed 0–4), and the results were
expressed as the mean ± standard deviation. The evaluation indicators were
REU, Levelized Cost of Electricity (LCOE), and peak-time external power
purchase ratio. The performance comparison results of each algorithm on the
Mendeley dataset are shown in Table 4.

As shown in Table 4, in the single microgrid scenario, the REU of the
proposed improved DDPG algorithm was 96.5 ± 1.3%, the LCOE was
0.379 ± 0.010 yuan/kWh, and the proportion of external purchase during
peak hours was 11.5 ± 1.5%. This was significantly better than TD3 and
SAC (p < 0.05). In the 5-subnet multi-microgrid scenario, the REU of
the C-MAPPO algorithm was 95.0 ± 1.2%, the LCOE was 0.385 ± 0.010
yuan/kWh, and the proportion of external purchase during peak hours was
9.4 ± 1.1%. Both were significantly better than MADDPG and QMIX
(p < 0.05). The results indicated that the proposed method was superior
to the comparison algorithms in both single microgrid and multi-microgrid
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Table 4 Performance comparison of various algorithms on the Mendeley dataset

Scene Algorithm REU (%)

Average
Operating Cost

(yuan/kWh)

Proportion of
External

Electricity
Purchases

During Peak
Hours (%)

Single microgrid Improved DDPG 96.5± 1.3 0.379 ± 0.010 11.5± 1.5

TD3 94.8± 1.9# 0.398± 0.016# 14.0± 2.2#

SAC 95.2± 1.5# 0.390 ± 0.013# 12.8± 1.8#

Multi microgrid C-MAPPO 95.0± 1.2 0.385 ± 0.010 9.4± 1.1

MADDPG 92.5± 1.8∗ 0.413 ± 0.019* 12.0± 2.0∗

QMIX 93.3± 1.4∗ 0.404 ± 0.015* 10.9± 1.6∗

Note: “#” indicates a significant difference compared to improved DDPG, and “*”
indicates a significant difference compared to C-MAPPO, p < 0.05.

scenarios, verifying the robustness and generalization ability of the method
to seasonal variations and configuration differences.

5 Conclusion

This research aimed to improve energy utilization efficiency and reduce
operating costs. For individual independent microgrids, a hybrid electric-
hydrogen architecture and an improved DDPG algorithm were adopted.
Relying on the centralized training and distributed execution mechanism of
the C-MAPPO algorithm, energy trading and low-carbon coordination across
microgrids were coordinated. Experiments showed that the improved DDPG
achieved a utilization rate of 96.5% with a renewable energy penetration rate
of 30%–40%, and an average cost per kilowatt-hour of 0.381 yuan/kWh, a
12.6% reduction compared to MILP. In a 5-microgrid scenario, C-MAPPO’s
cost advantage expanded to 30.8% compared to SPPO, and its electricity trad-
ing volume increased by 23.8% compared to SPPO. The research approach
could improve the operating performance of different microgrid systems.
Nevertheless, it did not fully consider extreme weather conditions and com-
plex market trading rules. In the future, the algorithm can be extended to adapt
to scenarios with deep coupling of multiple energy sources, and introduce
uncertainty aware RL or robust optimization methods. By explicitly modeling
the distribution deviation of wind and solar power caused by extreme weather,
as well as price spikes and limit constraints in market trading rules, decision
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risks can be further quantified, thereby improving the robustness and safety
of scheduling strategies in extreme scenarios.

Data Availability

The NREL dataset (Wind Toolkit v3.0.0 and NSRDB v3.2.0), PJM electricity
price data, and Mendeley Data used in this study are all from publicly
available resources. The pseudocode logic of the core algorithm refers to the
improved DDPG (including attenuation noise detection mechanism) and C-
MAPPO (including CTDE centralized training program) in Section 3. The
network parameters, experience pool size, and training epochs are consistent
with the experimental description in Section 4. With permission, the complete
implementation code and trained model parameters can be obtained from the
corresponding author.
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