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Abstract: Aiming at the real-time optimisation problem of AC/DC hybrid
distribution network with high proportion of new energy access, a ‘wind-solar-
load-storage’ collaborative scheduling framework based on multi-agent
reinforcement learning (MARL) is proposed. Firstly, the Markov game model
is constructed, and wind power, photovoltaic (PV), energy storage and flexible
load are modelled as heterogeneous agents, and a mixed action space
integrating DQN (Deep Q-Network) and Actor-Critic is designed, and the
federated-edge collaborative mechanism is introduced to realise the privacy
protection training of ‘data-fixed model moving’. The single step decision-
making time is less than 70 ms, and the voltage fluctuation is strictly controlled
within £5%. It achieves the coordinated optimisation of economy, safety, and
privacy, providing a new paradigm for real-time scheduling of high proportion
new energy distribution networks.
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1 Introduction

Driven by the global energy transformation and the goal of ‘double carbon’, distributed
new energy represented by wind power and photovoltaic (PV) is accelerating to penetrate
into the distribution network. At the same time, AC-DC hybrid distribution network has
become the core technology form to support a high proportion of new energy access by
virtue of its flexible power flow control ability and efficient power transmission
characteristics (Guang, 2025). However, with the deep coupling of ‘wind-solar-load-
storage’ multi-agents, the traditional centralised scheduling mode is facing challenges.

Centralised optimisation requires global data synchronisation, and the calculation
delay increases exponentially with the scale of the system. For example, when a
provincial power grid is dealing with the sudden change of distributed PV output, the
delay in dispatching instructions leads to frequent accidents of regional voltage
exceeding the limit, and the direct economic loss exceeds 10 million yuan (Dey and Roy,
2025). Centralised architecture requires each subject to upload sensitive information,
which is easy to cause commercial data leakage and network attacks. The intermittent
output of wind and solar and the dynamic load demand lead to frequent changes in the
operating boundary of the system, so it is difficult for traditional model predictive control
(MPC) to give consideration to both economy and safety. For example, in typhoon
weather, the prediction error of wind and solar output of a microgrid reaches 30%, which
leads to the overcharge of energy storage and fire (Li et al., 2024; Zhenyuan and Achyut,
2024). Multi-agent algorithm provides a new paradigm to solve the above problems
through distributed decision-making and local information interaction. Its core advantage
is that each agent makes independent decisions based on local observations to avoid
global data transmission delay. Through federated learning or differential privacy
technology, data can be ‘available and invisible’. Based on Markov game model, each
agent dynamically adjusts the strategy in collaborative optimisation to adapt to the
uncertainty of source and load.
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At present, the research focuses on the application of multi-agent in power system
and the dispatching of AC/DC hybrid distribution network, but a comprehensive solution
to ‘wind-solar-load-storage’ multi-agent dynamic game and real-time optimisation has
not yet been formed (Du and Guo, 2024). The existing research mostly focuses on the
collaborative control of microgrid or virtual power plant. For example, Huan et al. (2024)
proposes a cooperative control framework for microgrid groups based on MADDPG
(Multi-Agent Deep Deterministic Policy Gradient), which realises Pareto optimisation of
economy and reliability through the game of agents, but does not consider the
particularity of AC/DC mixed topology; Shchur et al. (2024) designed a hierarchical
distributed optimisation framework that uses Benders decomposition and alternating
direction multiplier method (ADMM) to solve the privacy protection problem between
regions, but relies on a centralised coordinator, which limits real-time performance;
Zhilin et al. (2024) combines multi-agent and digital twins to build a high-precision
simulation platform to verify the robustness of the algorithm, but it does not involve
practical engineering applications.

The existing research mainly focuses on topology optimisation and control strategy.
Ahmed et al. (2024) proposes an improved droop control strategy, which only focuses on
the stability of the converter station and ignores the active participation of distributed
new energy sources, resulting in low new energy absorption rate (<75%). The proposed
method models wind-solar as independent agents, realising active participation in
scheduling, and the absorption rate is increased to 91.5%. Chen et al. (2024) constructs a
two-stage stochastic programming model to optimise the energy storage charging and
discharging strategy with the goal of minimising operating cost. Its core limitation is that
it relies on the accurate probability distribution of wind-solar output. Under extreme
weather conditions (e.g., typhoon, prolonged rainfall), the output fluctuation exceeds the
range of the probability distribution, leading to a 30% increase in scheduling error. The
proposed MARL framework overcomes this limitation by dynamically adjusting
strategies through real-time interaction with the environment, without relying on prior
probability assumptions, and the scheduling error under extreme conditions is reduced to
8.5%; Li et al. (2024) applies reinforcement learning (RL) to the voltage control of DC
distribution network, and realises the real-time adjustment of reactive power
compensation devices through DQN (Deep Q-Network) algorithm, but it is not extended
to AC sub-networks and multi-load scenarios.

Generally speaking, the existing research has the following limitations:

1) Single goal, focusing on economic or reliability optimisation, lacking comprehensive
consideration of ‘wind-solar-load-storage’ multi-agent interest game;

2) The simplification of the model assumes that the system state is completely
observable or ignores the communication delay, which is different from the actual
engineering scene;

3) Due to the limitation of the algorithm, the traditional RL is difficult to deal with the
high-dimensional continuous action space due to the dimension disaster, while the
centralised deep RL faces the problem of low training efficiency;

4) Poor adaptation to extreme weather conditions, relying on prior probability
assumptions that are not applicable to complex environments.
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Aiming at the above challenges, this paper puts forward an optimal scheduling
framework of ‘wind-solar-load-storage’ AC-DC hybrid distribution network based on
multi-agent reinforcement learning (MARL). The main innovations are as follows:

1) Markov game model is constructed, and each agent (wind power, PV, energy storage
and load) is modelled as an independent decision maker, and the multi-agent game
relationship is described by state transition probability and reward function.

2) Designing heterogeneous agent architecture, aiming at different agent characteristics,
integrating DQN and Actor-Critic algorithm to realise mixed action space
optimisation;

3) A federated-edge collaboration mechanism is proposed, in which local decisions are
made by edge computing nodes, and global model parameters are synchronised
regularly by federated learning to balance privacy protection and collaboration
efficiency.

Taking a 21-node medium and low voltage AC/DC hybrid distribution network as an
example, the validity of the algorithm is verified. The adaptation conditions and
engineering constraints for scaling the method are as follows:

1) Adaptation to medium/high-voltage distribution networks: When applied to 110kV
high-voltage distribution networks, the VSC converter’s power rating needs to be
adjusted to > 10 MVA, and the state space adds the transformer tap position variable;
for 10kV medium-voltage networks, the existing model can be directly applied
without modifying the core algorithm.

2) Adaptation to larger node networks: When the node count is expanded to 50-100, the
batch size of the empirical replay pool needs to be increased from 256 to 512, and
the number of hidden layers of the Actor/Critic network is increased from 3 to 4,
which can maintain the decision-making time within 200ms.

Communication bandwidth: The MQTT protocol requires a minimum bandwidth of
1 Mbps, which is within the range of existing distribution network communication
systems;

Data privacy compliance: The encryption algorithm and data localisation strategy
comply with the ‘Data Security Law of the People’s Republic of China’ and the power
industry data privacy standards.

This provides theoretical support and technical scheme for the real-time optimisation
of high-proportion new energy distribution networks, and has clear engineering
applicability.

2 Key technologies and methods

2.1 System modelling
2.1.1 AC-DC hybrid distribution network structure

The system structure of ‘wind-solar-load-storage’ AC-DC hybrid distribution network in
this study is shown in Figure 1. The system adopts hierarchical control architecture,
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including AC bus, DC bus and voltage source converter (VSC) connecting them.
Distributed power sources such as wind power and PV are connected to the DC bus
through inverters, and the AC load is directly connected to the AC bus, while the DC
load and energy storage system (ESS) are directly connected to the DC bus (Dhamala
et al., 2024). This structure effectively reduces the number of AC/DC conversions, and
improves the system operation efficiency and new energy absorption capacity.

Figure 1 System structure of ‘wind-solar-load-storage’ AC-DC hybrid distribution network

DC bus DC bus

D> e

L, wh it ! l va,f,f
d
_ 1 vsc

o0

&y

ESS

Each component in the system adopts the following mathematical model:

1) Fan model. The output power of wind turbine follows the power-wind speed
correlation function, and its active power output constraint is defined as:

Pwt.i,min < wi,it < Wi i,max (1)
where P, .. is the active power output of the wind turbine at node i of ¢ at the moment,
and P, .., P, .. is the lower limit and upper limit of its output power respectively,

taking values of 0 kW and 800 kW (consistent with the 0.8 MW capacity in Table 3);the
rated wind speed (12 m/s), is the cut-out wind speed (25 m/s), which are determined
based on the technical parameters of typical wind turbines in Lanzhou region
(Hasan et al., 2024; Abdalla et al., 2024).

2) PV model. PV inverter has the ability of active and reactive power regulation, and its
operation constraints are:

B +(000) <8, @

where P, .0, ., is the active and reactive power of the PV inverter at node i at ¢

pv,it?

time, and S is the upper limit of the apparent power of the PV unit.

pv,i,max



Optimal scheduling energy for wind-solar-load-storage 29

3) Energy storage model. ESS can work in charging and discharging states, and its
capacity balance follows the temporal recursive relationship. The constraint is
defined as:

Ei

£

Ei,z—l + 77chP At - LPd[s,f,zAt (3)

chi,t
dis

where E,, represents the power of the energy storage device at 1 moment, 7,,,7,, is the
P,

charging and discharging efficiency respectively, and P %isis s the charging and

ch,it o

discharging power respectively.

4) Flexible load model. Flexible load includes transferable load and reducible load, and
its response constraint is:

Pdr,i,min S dr,it S Pdr,i,max (4)

where P, ., is the flexible load power of node i at + moment, and P, .. F, .. 1iSits

power adjustment range (Zhao and Yang, 2024). The main variables of system
components are described in Table 1 below.

Table 1 Description of main variables of system components

Component type Variable symbol  Variable meaning Unit
Wind turbine P, Active power output of node i at time ¢ kW

PV system Qi Reactive power output of node i at time ¢ kVar
ESS E, ¢ -moment energy storage capacity kWh
Flexible load P,., Load regulation power at time ¢ kW

2.1.2 Markov game modelling

In order to realise multi-agent collaborative optimisation, the distribution network
scheduling problem is modelled as a Markov game model, which is represented by tuple
(N,S,4,4,,~,4,,P,R,R,,---,R,,y) (Ding et al., 2023; Jaewon et al., 2023). Where
N is the number of agents (including wind power, PV, energy storage, load, etc.); S is
the environmental state space; 4, is the action space of agent j; P is the probability of

state transition; R, is the reward obtained by the agent j; yis the discount factor.

In this game model, each agent makes decisions based on local observation
information, and a profit distribution mechanism is introduced to coordinate the conflict
between individual local optima and system global optimum. The actual profit obtained
by agent. The initial profit of agent based on local optimisation. The global profit
correction coefficient, which is positively correlated with the contribution of the agent to
the system’s global goals (voltage stability, new energy consumption, etc.). The conflict
resolution weight: when the agent’s local decision conflicts with the system goal (e.g.,
wind turbines pursuing maximum output leading to voltage exceeding the limit), takes a
value of 0.3-0.5 to reduce the agent’s local profit weight, and when the decision is
consistent with the system goal, takes a value of 1.0-1.2 to increase the profit incentive.
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The reward function guides the agent’s behaviour towards the system’s optimal goal
(voltage stability, network loss reduction, new energy consumption improvement, etc.).
For example, when wind turbines reduce output to maintain voltage stability, the profit
distribution mechanism compensates for their lost revenue through to ensure the
willingness to cooperate. The system adopts a central training and distributed execution
framework, and realises the global optimisation goal through collaborative learning and
profit coordination among agents (Mitja et al., 2023).

2.2 Multi-agent reinforcement learning framework

2.2.1 State space design

According to the characteristics of AC-DC hybrid distribution network, the state space
needs to fully reflect the operating state of the system. Define the state quantity observed
by agent ;j attime ¢ as:

S;‘ = |:I/i,t > })wt,i,t > va,i,t > Ei,t > Boad,i,t > t’ l//t :| (5)

P

pviist

where V;, is the voltage amplitude of node 7; P,

wt,it?

is the active power of wind

power and PV respectively; E., is the stored energy; P,

it load ,i t

is the load power; ¢ is the
time index; ¥, is the weather condition (such as wind speed and light intensity). The
main variables of state space are shown in Table 2.

Table 2 State space main variable
Variable category Variable symbol  Observation meaning Data type
Electrical quantity V.. Node voltage amplitude Continuous
Generated power P, PV output power Continuous
Energy storage state E, State of charge of energy Continuous

storage
Time information t Time period index Discrete
Env1r0nmental v, Weather conditions Continuous/Discrete
information

2.2.2 Action space design

Considering the heterogeneity of each agent, this paper designs a mixed action space and
clarifies the decision priority and interaction rules:

Normal state (voltage within [0.95, 1.05] p.u., no overload): New energy
consumption priority > economic priority > stability priority; the decision weights of
wind power, PV, energy storage, and flexible load agents are 0.3, 0.3, 0.25, 0.15
respectively.

Emergency state (voltage deviation > +5% or line overload > 10%): Stability priority
> new energy consumption priority > economic priority; the decision weight of energy
storage agent is increased to 0.4 (responsible for rapid power adjustment), and the
weights of wind power and PV agents are reduced to 0.2 each (accepting output
reduction to maintain stability). PV-wind-storage interaction: when PV/wind output
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changes by more than 10% within 1 time step, the energy storage agent responds within 2
time steps (30 minutes), adjusting the charging/discharging power to compensate for the
output fluctuation. The response delay is <2 time steps, which is determined based on the
technical response speed of lithium battery energy storage.

Storage-load interaction: When flexible load agents transfer load (e.g., shifting
18:00-20:00 load to 10:00-12:00), the energy storage agent reduces charging power by
30% during the load transfer period to avoid voltage rise.; For flexible load agents, the
action is load transfer or load reduction (Fei et al., 2023).

Define the action of agent j at + moment as follows:

t_
aj - [Rw ref > Qw Ie‘f’l)})l ref 2 Qp‘ ref’sts ch> ess dis > Qess’ ] (6)

where P

wt,ref 2

O,.,, 18 the reference value of active/reactive power of the fan;

P s Qs 18 PV active/reactive reference value; P, ., F, is the charging and

ess,ch> * ess,dis

discharging power of energy storage; Q. 1is the reactive power of energy storage; P, is

the flexible load adjustment (Guo and Shi, 2023).

2.2.3 Reward function design

Reward function is the key to guide agents to learn optimisation strategies. The multi-
objective reward function designed in this paper consists of basic reward and punishment
items, with clear weight determination methods and engineering-based penalty terms:

L —_
rj - wl rvollage + wZI/}ms + w3r;‘enewable w4rpenalty (7)

Among them, 7.,

is a voltage stability reward, which is the voltage stability reward,
which encourages the system voltage to remain near the rated value, encourages the

system voltage to remain near the rated value 7, :

otage = =2 (Ve = Vo)’ (®)

i=1

where 7, is the network loss reward, which is negatively related to the total active loss

of the system; 7, is a reward for new energy consumption, which is positively

renewable

related to the utilisation rate of wind power and PV; r is a penalty term for

penalty
constraint violation, which imposes a greater penalty when the voltage exceeds the limit
and the line is overloaded; @ ~ @, is the weight coefficient, which is used to balance

the coordination between multiple objectives.

2.3 Algorithm implementation flow

2.3.1 Multi-agent training mechanism based on TD3

In this paper, TD3 algorithm is adopted as the core learning algorithm of agent. TD3
algorithm effectively solves the problem of over-estimation in depth RL by introducing
double Critic network, target strategy smoothing and delay strategy updating (Xinglin
et al., 2023). Each intelligent agent contains one Actor network and two Critic networks.
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Actor network (policy network) is responsible for selecting actions based on the current
state; The Critic Network is responsible for evaluating the value of state action pairs. The
algorithm training process is as follows:

1) Experience playback, the agent stores the interactive experience (s,,q,,7,s,,,) in

the experience playback pool for subsequent batch training (Zhixiang et al., 2023).

2) Critical network update, which updates critical network parameters by minimising
timing difference error:

2
L(HJ)ZE[(%_Q/'(S’“;Q})) } ©)
where y, is the target Q value and y is the discount factor:

yj = rj + yminkflﬂ Qj,tm'g (S" al; gj,mrg) (10)

3) Actor network update, which updates the Actor network parameters through strategy
gradient rise:

Vlﬂj‘]((pj)=E[Va,Qi(S’a;ef)vw,ﬂ-.f(‘g;(pj” (1D

where ¢, is the Actor network parameter and 7, is the policy function (Yixin et al.,
2023).

4) Target network update, using soft update method to update target network
parameters slowly to improve training stability:

6,, < 10+(1-7)6 (12)

targ targ

where 7 <1 is the soft update coefficient.

2.3.2 Federated-edge collaborative architecture

In order to solve the data privacy and communication bottleneck problems of centralised
training, this paper proposes a federated-edge collaboration mechanism with technical
uniqueness. The system deploys agents at the edge computing nodes to make local
decisions, and periodically uploads encrypted model parameters to the federated server
for aggregation instead of original data (Daria et al., 2023). The technical details are as
follows:

1 Communication protocol: The edge nodes and the federated server adopt the MQTT
(Message Queuing Telemetry Transport) protocol for parameter transmission, which
supports low-latency and reliable communication in weak network environments,
with a communication bandwidth requirement of only 1Mbps.

2 Parameter encryption algorithm: Homomorphic encryption technology (Paillier
algorithm) is used to encrypt model parameters during transmission, which realises
‘computation on encrypted data’ and ensures that the server cannot decrypt the
original parameters, avoiding privacy leakage.
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3 Parameter aggregation strategy: The server uses a weighted federal average
algorithm to aggregate model parameters, and the weight is positively correlated
with the quality of local data:

1 <&
DOpiopar = X Z @, (13)
k=1

where @, is the model parameter of the k£ edge node, and K is the number of nodes
participating in the aggregation.

1 The global model parameters are sent to each edge node for the next round of local
training.

This architecture not only protects the data privacy of each node, but also realises cross-
regional collaborative learning, which significantly improves the generalisation ability
and scheduling efficiency of the model.

3 Case study analysis

3.1 Simulation environment and parameter setting

In order to verify the effectiveness of the MARL framework proposed in this paper,
a 21-node test system for medium and low voltage AC/DC hybrid distribution network is
constructed as shown in Figure 2. The system includes AC bus (12 nodes) and DC bus
(9 nodes), which are interconnected by bidirectional AC/DC converter (VSC). The
system parameters are shown in Table 3.

Figure 2 Test system of 21-node medium and low voltage AC/DC hybrid distribution network
(see online version for colours)

AC Nodes (12 Nodes) DC Nodes (9 Nodes)
AC7 DC6
AC8 DC7
AC9 m DC8
VSC
ACI10 l ’ DC9
ACI11 DCs
ACI12
[ AC Node
[ DC Node

] vsc
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Table 3 Test system configuration parameters

Package Capacity/range  Location (node) Other parameters

Wind power 0.8 MW AC-3 Weibull distribution wind speed
model

PV 1.2 MW DC-15 Beta distributed illumination model

Energy storage ) o o

(lithium battery) 0.5MW/2MWh DC-18 SOC range [20%, 90%]

Flexible load Peak 1.5 MW AC-8, DC-21 Interruptible ratio 30%

VSC converter 1 MVA AC-12/DC-13 Efficiency >97%

The simulation is based on Python 3.8+Python Torch framework, using the extended
AC/DC hybrid structure of IEEE 33-node system, and using Distflow model for power
flow calculation. The simulation is based on Python 3.8+Python Torch framework, using
the extended AC/DC hybrid structure of IEEE 33-node system, and using Distflow model
for power flow calculation.

3.2 Contrast scene design

In order to comprehensively evaluate the performance of the algorithm, the following six
comparison scenarios are set:

Scenario 1: Traditional centralised optimisation (benchmark scenario) is solved by mixed
integer linear programming (MILP).

Scenario 2: Independent agent strategy (no coordination), in which each agent makes an
independent decision to maximise local revenue.

Scenario 3: Multi-agent cooperation (the method in this paper), based on hybrid
algorithm (DQN + Actor-Critic) and federated-edge cooperation mechanism.

Scenario 4: Multi-agent collaboration (no federated learning), using centralised training
to evaluate the impact of privacy protection mechanism.

Scenario 5: Single algorithm alone (DQN only), multi-agent collaboration without Actor-
Critic component, to verify the advantage of hybrid algorithm architecture.

Scenario 6: Single algorithm alone (Actor-Critic only), multi-agent collaboration without
DQN component, to verify the advantage of hybrid algorithm architecture.

In addition, the above six scenarios are tested under two environmental conditions:

e Typical condition: Sunny day (consistent with the original experiment, wind speed
3—-12 my/s, light intensity 300-800 W/m?);

e Extreme condition: Typhoon-like strong wind + prolonged rainfall (wind speed
15-22 m/s, light intensity < 100 W/m? for 12 consecutive hours), to verify the
robustness of the method in complex environments.
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3.3 Optimisation result analysis

Table 4 shows the daily operation economic indicators under each scenario (typical
condition) in detail. The method in this paper (Scenario 3) performs best in three key
indicators: total operating cost, new energy consumption rate and network loss.
Compared with centralised optimisation (Scenario 1), the total cost is reduced by 10.6%,
the new energy consumption rate is increased by 13.2 percentage points, and the network
loss is reduced by 15.2%.

The increase in new energy consumption rate (13.2 percentage points) has a causal
relationship with the reduction in network loss (15.2%): the multi-agent collaborative
strategy increases the local absorption of wind and solar power, reduces the long-distance
transmission of power between AC-DC buses, thereby reducing line loss. The Pearson
correlation coefficient between the two indicators is 0.87 (p < 0.01), indicating a
significant positive correlation.

Impact of energy storage charging and discharging strategy: During the peak PV
output period (12:00-14:00), the energy storage agent charges at a rate of 0.4-0.5 MW,
absorbing 1.2—-1.5 MWh of surplus PV power, which directly contributes 8.3 percentage
points to the increase in new energy consumption rate; during the peak load period
(18:00-20:00), the energy storage agent discharges at a rate of 0.3-0.4 MW, reducing the
power purchase from the main grid, which contributes 3.1 percentage points to the
reduction in total operating cost.

Significance test: The independent sample t-test is used to compare the key indicators
of Scenario 3 and Scenario 1. The results show that the p-values of total operating cost,
new energy consumption rate and network loss are all < 0.05, indicating that the
performance difference between the proposed method and the traditional method is
statistically significant.

Table 4 Detailed comparison of economic operation indicators of various scenarios

Total cost POW@I" Network Punlshment fqr New energy Average
Scene generation abandoning wind  consumption — network

(vuan/day) loss cost

cost and solar power rate loss

Scenario 1 5832 3120 692 1020 78.3% 86.5 kW
Scene 2 6451 3545 856 1050 72.6% 94.2 kW
Scenario3 5216 2,843 586 787 91.5% 73.4 kW
Scene 4 5304 2,910 602 792 90.2% 75.1 kW

Notes:  The cost of power generation mainly includes energy storage depreciation and
maintenance costs. The cost of network loss is calculated at 0.6 yuan/kWh. The
punishment for abandoning wind and solar power is 1.5 times the value of new
energy that has not been absorbed.

Figure 3 further shows the consumption of new energy power on a typical day (sunny
day). During the PV power generation period at noon (12:00-14:00), the traditional
centralised dispatching (Scenario 1) has obvious light abandonment phenomenon
(the maximum light abandonment power is 185 kW) due to its limited adjustment ability.
However, the method in this paper (Scenario 3) almost realises full consumption through
the timely charging of energy storage and the response of flexible load, and smoothes the
net load curve, reducing the power impact on the superior power grid.
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Figure 3 Comparison of typical daily new energy consumption power (Scenario 1 vs Scenario 3)

(see online version for colours)
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Figure 4 shows the voltage variation curves of the key nodes (AC node 8 and DC
node 18) of the system in four scenarios within 24 hours. This method (Scenario 3)
strictly controls voltage fluctuations within the allowable range of [0.95, 1.05] p.u., with
the smallest fluctuation amplitude. In contrast, the independent agent scenario
(Scenario 2) experienced voltage exceeding the limit (as low as 0.92 p.u.) during the
evening rush hour (18:00-20:00).

Figure 4 Comparison of 24-hour voltage fluctuation curves of key nodes: (a) an exchange node
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In addition, Figure 5 shows the typical action strategies of each agent in scene 3 through
the form of heat map. As shown in the figure, the energy storage agent charges at noon
when the PV power is high (high electricity price period), and discharges at the peak of
late peak load, thus realising arbitrage and peak clipping. The flexible load agent actively
adjusts part of the transferable load to the low electricity price period. This intuitively
reflects the decision logic of multi-agent collaborative optimisation.

Figure 6 compares the training convergence processes of different algorithms. The
Actor-Critic algorithm adopted in this paper enters the stable convergence platform after
about 3,500 rounds, and the cumulative reward value is significantly higher than that of
independent Q learning (scenario 2). The cooperative training with federated learning
(Scenario 3) oscillated slightly at the beginning due to model aggregation, but the
final convergence performance was almost the same as that of centralised training
(Scenario 4), which proved the effectiveness of federated mechanism.

Figure 5 The typical daily action strategy heat map of each agent under the method (scenario 3)
in this paper (see online version for colours)
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Figure 6 Training convergence process of different algorithms (see online version for colours)
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See Table 5 for the comparison of the calculation efficiency of the algorithm. In terms of
the average time consumption of one-step decision, MILP method takes the longest time,
reaching 1200 ms, while the other learning-based scenarios are significantly faster,
reaching 85 ms, 65 ms, 60 ms, 72 ms and 68 ms respectively. In terms of training
efficiency, scenario 2 needs more than 8,000 rounds to converge, while scenario 3-6
need about 4500, 4200, 6800 and 6200 rounds respectively, which shows that the hybrid
algorithm architecture has faster convergence speed than single algorithm.

Dynamic performance analysis with system scale expansion: When the node count is
expanded from 21 to 50 (keeping the proportion of wind-solar-load-storage components
consistent), the single-step decision time of Scenario 3 increases from 65 ms to 98 ms,
and the space complexity increases from O(n?) to O(n?) (n is the number of nodes), while
the single-step decision time of MILP increases from 1200 ms to 4800 ms, showing that
the proposed method has better scalability.

Composition of storage overhead: The 18.7 MB storage overhead of Scenario 3
includes 6.2 MB of model parameters (Actor/Critic network weights), 11.5 MB of
empirical replay pool data (storing 100,000 historical state-action-reward tuples), and 1.0
MB of auxiliary data (parameter encryption keys, communication protocol cache). This
overhead is within the storage capacity limit of typical edge computing nodes (> 1 GB) in
power distribution systems, meeting practical engineering application requirements.
Generally speaking, although the learning-based method has a little higher storage
overhead, it is obviously superior to the traditional MILP method in decision-making
speed and training efficiency.
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Table 5 Comparison of computational efficiency of algorithms

Average time consumption Number of rounds Storage
Scene of one-step decision- required for training to required for online

making (ms) convergence application

Scene 1 .
(MILP) 1200 Not applicable (MB)
Scene 2 85 >8000 15.2
Scenario 3 65 ~4500 18.7
Scene 4 60 ~4200 18.7

Note: The test hardware is Intel Core 17-12700K, and the time-consuming of
single-step decision-making includes the time of perception, reasoning
and communication.

In order to evaluate the privacy protection effect of the federated edge collaboration
mechanism, the data exposure risk index is defined, which is proportional to the
proportion of the original data uploaded to the central server. As shown in Table 6, the
federated learning mechanism (Scenario 3) in this paper realises ‘data motionless model
dynamic’, which completely keeps the original source and load data of each node locally
and uploads only the encrypted model parameter updates, so that the data exposure risk
index is reduced to near zero, which is 100% lower than that of centralised training
(Scenario 4).

Table 6 Quantitative evaluation of privacy protection effect

Evaluation Scenario 3 (Federal Scenario 4 (Centralised ~ Enhance/reduce

dimension Learning) Training) effectiveness

Is the original data No Yes Completely avoid

uploaded to the centre?

Data exposure risk index 0.05 1.00 Reduce by 95%

Model stealing attack 3.2% 41.5% Reduce by 92.3%

success rate *

Extra communication +8.3% benchmark Acceptable

overhead

Note: *The success rate of model stealing attack is obtained through simulated attack
experiment, assuming that the attacker has obtained some global model
information.

Based on the above analysis, the method proposed in this paper realises the collaborative
optimisation of economy, security and privacy under the premise of keeping the real-time
decision-making (single-step decision-making takes less than 70 ms). Economically,
through the cooperative game of multi-agents, the accurate matching of source-storage-
load is realised, and the total cost is reduced. In terms of safety, the voltage qualification
rate is significantly improved through the coordinated control of reactive power and
voltage. In terms of privacy, the federated edge architecture fundamentally protects the
sensitive data of users and distributed resources without losing the optimisation
performance. This provides a feasible technical path for building an open, shared and
safe future distribution system.
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4 Conclusion

To address the high ratio of wind vitality access and the dynamic scheduling requirement
in ‘wind-solar-load-storage’ AC-DC hybrid DNs, a distributed cooperative scheduling
model is put forward based on multi-agent reinforcement learning (MARL). The key
mechanisms and innovations are three fold: 1) A Markov game model with a profit
distribution mechanism for the conflict between local and global optima; 2) A hybrid
algorithm architecture (DQN + Actor-Critic) to adapt to the heterogeneous properties of
agents; 3) A federated-edge collaborative mechanism with an optimised communication
protocol and aggregation strategy to balance privacy protection and collaboration
efficiency.

The results of the experiment show that: compared with traditional centralised
optimisation, in terms of economy, the total operating cost is 10.6% lower due to the
accurate coupling between source-storage-load realised by multi-agent working together;
new energy utilisation rate increases by 13.2% owing to exerting wind-solar agents’
active participation and flexible regulation capability of power storage installation;
network loss drops 15.2%, largely contributed to reduction of long-distance transmitting
power. In the aspect of security, voltage fluctuation in important nodes is restricted inside
[0.95, 1.05] p.u. by active power-voltage cooperation control. The exposure risk index of
the data in privacy protection is 0.05, and the success rate of model stealing attack is only
3.2%. In efficiency, the decision time of single-step is 20%) requires improvement.

Future works:1) Adding load prediction error correction modules to improve its
resistance to sudden variation of load; 2) Integrating ultra-short-term renewable energy
prediction technique with the proposed method for improving the decision strategy of the
agent; and 3) Validating the approach in a real high voltage distribution network to
enhance its engineering value. This research offers a theoretical reference and technical
support for the construction of an open, secure and efficient distribution network with
high new-energy penetration acquisition ratio, which is of great practical significance in
terms of energy transformation promotion and achieving the ‘doubling carbon’ objective.
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