Scalable Power Dispatch Automation
Methods Based on Artificial Intelligence
in Distributed Energy Systems

Zhaoyuan Yin'*, Xiongbao Zhang!, Wanhe Luo?
and Shidi Ruan'

LAutomation Section, Guangxi Power Grid Company Limited, Nanning, 530000,
Guangxi, China

2Marketing and Distribution Command Center, Shanglin Power Supply Bureau,
Guangxi Power Grid Company Limited, Nanning, Nanning, 530500, Guangxi,
China

E-mail: zhaoyuanyinl2 @ outlook.com,; xiongbaozhang0611 @ outlook.com;
wanheluo0728 @outlook.com; shidi_ruan @ outlook.com

*Corresponding Author

Received 19 January 2026; Accepted 03 April 2026

Abstract

With the high penetration of distributed energy resources (DERS), the strong
uncertainty of their output and the complex interaction of network topology
pose severe challenges to the real-time performance, scalability, and intel-
ligence level of dispatching methods. This paper proposes a hierarchical
distributed collaborative intelligent dispatching architecture based on deep
reinforcement learning (DRL) and graph neural networks (GNNs). This
architecture adopts a two-layer design of “regional agent-edge controller.”
The upper-layer regional agent uses GNN to process the global power
flow state and generate node marginal price signals; the lower-layer edge
controllers act as independent DRL agents, making autonomous decisions
based on local observations and price signals. Through a hybrid mechanism
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of centralized training and distributed execution, collaborative learning and
plug-and-play expansion of the system are achieved. This method signif-
icantly reduces dispatch costs when dealing with uncertainty, achieving a
high photovoltaic grid integration rate of up to 100%, and controlling the
maximum net power deviation between day-ahead planning and real-time
operation to within 0.35 MW. Even when the system is expanded to 500
DER units, the online decision-making time remains at 7.5 milliseconds,
and communication overhead only slowly increases to 35.0 KB, demonstrat-
ing its significant effectiveness in improving system resilience, operational
economy, and scalability.

Keywords: DER, power dispatch automation, deep reinforcement learning,
scalability, GNN.

1 Introduction

The large-scale integration of distributed energy sources (DERs), repre-
sented by wind and solar power, has accelerated the evolution of the power
grid from a traditional centralized, unidirectional radial structure into a
complex decentralized system composed of massive prosumers with bidi-
rectional power flow. While this transformation improves the cleanliness of
energy, it also introduces significant intermittency and uncertainty, posing
unprecedented challenges to the safe, stable, and economical operation of the
power grid [1, 2]. This paper proposes and constructs a new scalable power
dispatch automation method that integrates artificial intelligence (Al) and
distributed computing concepts. With the rapid growth of distributed energy
resources such as photovoltaic systems, wind turbines, and energy storage
devices, modern power systems are becoming increasingly decentralized
and complex. Traditional centralized dispatch methods face significant chal-
lenges in handling large-scale distributed units, communication overhead,
and real-time decision-making requirements. In addition, the uncertainty and
intermittency of renewable energy sources further increase the difficulty of
maintaining system stability and economic operation. Therefore, developing
intelligent, scalable, and distributed power dispatch strategies has become
an important research direction in smart grid and distributed energy sys-
tem management. The contributions of this paper include: (1) designing a
hierarchical distributed physical information architecture of “regional agent-
edge controller”, which coordinates global security and local autonomous
decision-making through price signals, laying the foundation for scalability;
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(2) at the upper layer, using GNN to embed the power system topology
and operating status to approximate the solution of economic scheduling
and generate guiding node marginal electricity prices; (3) at the lower layer,
configuring a DRL agent based on competing dual deep Q network (Dueling
DQN) as an edge controller for each DER unit, enabling it to make optimal
scheduling decisions autonomously and in real time based on local informa-
tion and electricity price signals; (4) proposing a hybrid training mechanism
to obtain high-performance strategies through offline centralized training and
achieve millisecond-level response through online distributed execution, and
conducting theoretical and experimental analysis on its communication and
computation scalability.

2 Related Work

With the widespread integration of high-proportion renewable energy and dis-
tributed energy (DER) into the power system, the power network is evolving
from a centralized, one-way power supply mode to a decentralized, two-way
interactive complex ecosystem. Optimal reactive power dispatch (ORPD)
is a key issue to ensure the safe and economical operation of the power
system. Mouassa et al. [3] proposed a new design scheme for an artificial
ecosystem optimizer specifically for solving large-scale ORPD problems.
Ibrahim et al. [4] proposed an alternating optimization method to solve the
voltage-safe multi-period ORPD problem. Yue et al. [5] developed a collab-
orative control strategy for virtual power plants based on deep reinforcement
learning, highlighting the effectiveness of Al-driven methods in coordinating
distributed generation and energy storage resources. Agouzoul et al. [6]
showed that the reactive power dispatch model considering load uncertainty
can obtain a more robust and practical dispatch strategy compared with the
deterministic optimization model. The complexity of energy management
and power dispatch in microgrids increases. Odonkor et al. [7] designed
an intelligent controller based on an adaptive neurofuzzy inference system
(ANFIS) for distributed generator energy control and power dispatch in grid-
connected microgrids. Ali et al. [8] studied the multi-objective, multi-period,
stable environmental economic power dispatch problem and used probabilis-
tic methods to model the uncertainty of wind power and photovoltaic power
generation. Rana et al. [9] investigated a multi-objective economic and envi-
ronmental dispatch model considering systems with and without renewable
energy sources, demonstrating the influence of renewable penetration on cost
and emission performance.
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After distributed generation (DG) is connected to the distribution net-
work, the uncertainty of its output poses a challenge to the reactive power
balance and voltage regulation of the system. Ali et al. [10] proved through
numerical simulation that the dandelion optimizer algorithm can effec-
tively handle reactive power optimization problems with DG uncertainty.
Casilimas-Pefia et al. [11] used high-precision short-term photovoltaic power
prediction information to optimize the scheduling of all controllable reactive
power resources in the microgrid in advance. Muttaqi and Sutanto [12]
designed adaptive and predictive energy management strategies for VPPs that
integrate renewable energy and energy storage to achieve real-time optimal
power scheduling. Based on the hybrid optimization problem of reactive
power scheduling and renewable energy allocation, Abaza et al. [13] found a
high-quality integrated solution that optimizes the reactive power flow of the
system while reasonably determining the optimal access point and capacity of
renewable energy. Kumari et al. [14] applied machine learning techniques to
reduce wind power deviation charges, improving scheduling accuracy under
renewable uncertainty. Abd-El Wahab et al. [15] combined artificial rabbit
optimization algorithm and gradient-based optimization to solve the reactive
power scheduling problem of the power network. Chen and Hu [16] proposed
a distributed optimization model for smart grid economic dispatch to enhance
computational efficiency and coordination among multiple distributed units.
Existing scheduling strategies cannot continuously learn during operation and
have limited intelligence levels. There is an urgent need for a new paradigm
of power dispatch automation with endogenous scalability. To this end, this
paper constructs an intelligent decision-making architecture that integrates
deep learning, reinforcement learning and parallel computing technologies
to achieve full-chain adaptive automation from system perception, modeling,
optimization to control, providing core methodological support for building
a highly resilient and efficient next-generation smart grid. Recent studies in
distributed energy systems have focused on intelligent optimization and data-
driven control strategies. Balasubramanyam et al. [17] proposed a hybrid
swarm intelligence and cuckoo search—based energy management system for
microgrids to achieve optimal energy scheduling and improved operational
efficiency. Zhu et al. [18] investigated the application of demand-side tech-
nologies for intelligent power system regulation, demonstrating improved
load management and system stability. Fan et al. [19] developed a data-
driven monitoring and status evaluation framework for distribution networks,
enabling more reliable operation and efficient integration of distributed
energy resources.
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3 Methods
3.1 Layered Distributed Cooperative Scheduling Architecture

This paper constructs a two-layer physical information architecture of
“regional agent-edge controller” (Figure 1).

At the physical layer, the system is divided into a transmission and
distribution electronic network managed by a central regional agent, and a
large number of distributed DER (Distributed Energy Resources) aggregation
units. Each DER aggregation unit (such as a photovoltaic power station,
energy storage cluster, or adjustable load aggregator) is equipped with an
edge controller as its local decision-making unit. At the information layer,
the upper-layer regional agent perceives the global topology and wide-area
operating status through an improved AC power flow model and periodically
generates node marginal price signals. These LMP signals are broadcast to
all lower-layer edge controllers through a communication network. Each
edge controller, as an independent intelligent agent, has an observation
space containing only real-time operating data of its local DER, such as
output, state of charge, and adjustable range, and the received LMP signals
[20, 21]. Based on this information, the controller autonomously calculates
and issues scheduling commands such as increasing or decreasing output and
charging/discharging power using its built-in deep reinforcement learning
policy network. Decision information only needs to be executed locally and
uploaded to the regional agent for status updates, eliminating the need for
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frequent global information exchange between a large number of distributed
units, thus laying the foundation for scalability.

3.2 Upper-Level Regional Agent Design

The upper-level regional agent generates price signals that coordinate global
security constraints. It maintains an improved flexible AC power flow model,
which uses system bus injected power and voltage amplitude as variables.
The agent first obtains the overall network power flow status through mea-
surement units, and then processes this data using a two-layer graph neural
network (GNN). The input layer feature vector of this GNN includes the
net injected power, voltage amplitude phase angle history sequence, and line
impedance parameters for each node. The system topology is defined by the
adjacency matrix, serving as the basis for graph convolution operations. After
two layers of graph convolution and ReLLU activation function processing, the
GNN output layer learns the embedded representation of system power flow
and constraints [22, 23].

Table 1 shows the changes in the feature embedding representation of
some nodes in the GNN input layer and after two layers of graph convolution
and activation function processing, reflecting the model’s ability to extract
high-level features related to global power flow and constraints from the
original operating data.

Based on this representation, the regional agent solves an approximate
economic scheduling problem through a fully connected network module,
and calculates the node marginal price reflecting line congestion and loss.
This process can be formalized as the following optimization problem:

N
mﬁn; Ci(F)

N
st. Y P=D (1)
=1

F(P)SFmax

P; is the injected power of node i, C;(-) is its cost function, D is the total
load of the system, F'(P) is the line power flow vector, and F},,y is the upper
limit of line capacity. The agent solves the problem approximately through a
fully connected network, and obtains the marginal cost of each node, i.e., the
node marginal price (LMP).
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Table 1 Feature vector processing data of each layer of GNN

Input Layer Features
(Net Injection Power
(p.u.), Voltage

Magnitude (p.u.), Second Graph Final Embedding
Mean Phase Angle  First Graph Conv. Conv. Output Representation
Node ID History) Output (Dim: 8) (Dim: 8) (Dim: 4)
(0.15,0.01, 0.98, (0.89, 0.05, 0.74,
(0.12, 1.02, 0.05) 0.22, 0.00, 0.47, 0.31, 0.02, 0.61, (0.82, 0.12, 0.68, 0.25)
0.33,0.11) 0.40, 0.18)
(0.03, 0.45, 0.10, (0.21,0.78, 0.15,
(—0.08,0.98, —0.02)  0.67,0.20, 0.00, 0.52,0.45,0.03, (0.18,0.71, 0.10, 0.48)
0.88, 0.05) 091, 0.12)
(0.31, 0.08, 0.85, (0.95,0.14, 0.62,
(0.25, 1.05, 0.08) 0.14, 0.01, 0.60, 0.25,0.04, 0.73, (0.90, 0.10, 0.55, 0.30)
0.27, 0.09) 0.35,0.22)
(0.10, 0.22, 0.30, (0.40, 0.51, 0.42,
(0.00, 1.00, 0.00) 0.41, 0.15, 0.25, 0.33,0.38, 0.44, (0.35,0.48, 0.38, 0.28)
0.50, 0.08) 0.65, 0.20)
(0.00, 0.67, 0.05, (0.15,0.92,0.11,
(—0.15,0.96, —0.05)  0.82, 0.30, 0.02, 0.61, 0.52, 0.08, (0.12, 0.85, 0.08, 0.58)
0.75, 0.04) 0.84,0.15)

This LMP vector is updated and broadcast every 5 minutes. Its dimension
is the same as the number of system nodes. It aims to guide the behavior of
downstream distributed energy resources (DER) and indirectly alleviate the
problems of line overload and voltage over-limit [24].

3.3 Design of Lower-Level Edge Controller Agents

Each edge controller is a deep reinforcement learning agent. Its observation
space is defined as the real-time operating status of the local distributed
energy resource, prediction information, and the marginal electricity value
received by the current node. The action space consists of the scheduling
instructions for the distributed energy resource; for photovoltaic inverters, this
might be the reactive power setpoint, and for energy storage systems, it might
be the charging and discharging power instructions. Both are standardized
into continuous or discrete action spaces. The reward function is designed to
include three parts: the economic benefit of energy trading based on the node
marginal electricity price signal, a penalty for local operating constraints,
and an additional reward from the upper-level regional agent for providing
ancillary services [25, 26].
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In the reward function, the economic benefit can be expressed as a
function related to the node marginal electricity price and the injected power.
Specifically, if the node marginal electricity price is At, and the net injected
power of the agent at time step ¢ is P;, then the trading benefit can be
calculated as:

Recon,t = At : Pz ()

Meanwhile, for energy storage systems, their state of charge (SOC)
must be kept within an allowable range, thus a constraint penalty term is
introduced. Let the SOC of the energy storage system be z;, with allowable
lower and upper limits zmin and zmaz, respectively. Then the penalty term
is:

F = maz (0, Zpin — 2t) — maz(0, 2t — Zymaz) (3)

The agent employs a competitive dual-deep Q-network as the policy
network. This network first processes the observed input through a three-
layer fully connected encoder. Then, the feature stream is divided into two
branches: a value stream outputs a scalar representing the value of the current
state; the other advantage stream outputs a vector representing the advantage
of each action relative to the average. The final Q-value is obtained by adding
the value and advantage. This structure helps to more accurately assess the
relative importance of different actions. For state s and action a, the Q value
is calculated as follows:

Q(s,a;0) =V(s;0) + (A(s,a; ) — |il| ZA(S, a’; 9)) 4)

V(s;0) is the value stream output, A(s,a;6) is the advantage stream
output, 6 is the network parameter, A is the action space, and a is any action
within the action space used for summation.

How the DRL agent evaluates internal value and advantage based on the
observed state through its policy network and finally outputs a scheduling
decision, thus concretizing the abstract description above [27], as shown in
Table 2:

At time t;, despite a low state of charge (SOC = 0.45), the high marginal
node price (LMP = 35.2) and positive net power command lead the agent
to evaluate that the action “discharge 4-0.5 p.u.” has the highest advantage
value (0.80), thus achieving economic benefits. Conversely, at time t;, the
combination of high SOC (0.90) and low LMP (15.8) makes the advantage
value (0.85) of the action “charge —1.0 p.u.” significantly higher than other
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Table2 Schematic diagram of the decision-making process of the DRL edge controller agent
Advantage Stream Output Final Selected

Local Observation Value Stream A(s,a) (Actions: —1.0 p.u.,  Action (Charge/

Decision  State (ESS SOC, Net Output (State 0p.u., +0.5p.u., +1.0 Discharge
Timestep  Power Ref., LMP) Value) p-u.) Power)

t1 (0.45,0.10, 35.2) 1.2 (0.15, 0.30, 0.80, 0.50) +0.5 p.u.

to (0.85, —0.20, 28.5) 0.8 (0.90, 0.60, 0.10, —0.20) —1.0p.u.

t3 (0.60, 0.00, 40.1) 2.1 (—0.30, 0.05, 0.45, 0.70) +1.0 p.u.

tq (0.50, 0.15, 25.0) 1.5 (0.20, 0.40, 0.95, 0.60) +0.5 p.u.

ts (0.90, —0.30, 15.8) 0.3 (0.85, 0.50, —0.10, —0.40) —1.0p.u.

actions, leading the agent to choose charging to store energy and avoid
discharging during periods of low electricity price [28, 29].

The network uses the Adam optimizer with a learning rate of 0.001 and
an experience replay buffer size of 50000.

3.4 Hybrid Training Mechanism

The training mechanism consists of an offline centralized training phase
and an online distributed execution phase. In the offline training phase, a
centralized training distributed execution framework is used. In a central
trainer, the policy network and value network are instantiated for each edge
controller agent. The training simulation environment is based on a complete
system model, and the central trainer can access the global observation
information of all agents to calculate more accurate value estimates and
global rewards [30]. Specifically, during training, the agent’s optimization
objective can be expressed as maximizing the expected cumulative discount
reward:

T
@NJ(m) =E|) A'r(sea)| v (5)
t=0

7 represents the policy, 7 represents the trajectory, s; and a; represent the
state and action at time ¢, respectively, r; represents the reward function,
~ represents the discount factor, and 1" represents the time range. During
training, each agent generates actions based on its current policy, interacts
with the environment to produce transition samples, and stores them in a
shared experience pool. The trainer samples from the pool, calculates the
target Q-value using global information, and updates the network parameters
of each agent. This process uses a “parameter sharing” strategy, whereby all
DER agents of the same type share the same set of initial network parameter
values to accelerate learning.
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Figure 2 Correspondence between training steps and global average reward.

Figure 2 illustrates the change in the global average reward with the
number of training steps during the training process, reflecting the gradual
optimization of the agent’s policy through experience replay and parameter
sharing.

This convergence trend verifies that the adopted hybrid training mech-
anism can effectively guide a large number of distributed agents to learn
collaboratively, ultimately obtaining a high-performance scheduling strategy.

In online applications, a central trainer is no longer needed; each edge
controller only loads the finally trained policy network model. At each
decision moment (every 15 seconds), the controller independently performs
forward computation based on purely local observations and received LMP
signals. Its action generation process can be described by the following
formula:

ar = pg(ot|Ae) (6)

Here, pg represents the policy network with parameter 6, o; is the local
observation, and At is the electricity price signal for the current time period.
This process generates scheduling instructions within milliseconds, achieving
fully distributed autonomous operation.

3.5 Scalability and Communication Optimization Analysis

The scalability of this architecture stems from its communication and com-
putation modes. Regarding communication requirements, the upper-layer
regional agent only needs to periodically broadcast the LMP vector to the
entire network once. The amount of data is proportional to the number of sys-
tem nodes and independent of the total number of DER units. The lower-level
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edge controllers only need to upload a small amount of key state information
for model updates of the regional agents, without needing to communicate
with other edge controllers. Therefore, the total system communication load
does not increase linearly with the number of DERs, avoiding broadcast
storms. In terms of computational complexity, the computational burden of
online decision-making is completely offloaded to each edge controller. The
forward computation of the DRL policy network for each controller is a
constant complexity operation, unaffected by system size. Although the LMP
computation of the regional agents involves GNNs and optimization, its input
dimension is fixed at the number of nodes, not the number of DERs. When
using graph convolutional layers to process node features, the computation
can be formalized as:

(1+1)H = a<ﬁ2fl‘;/> (7)

A is the adjacency matrix with self-loops, D is the degree matrix, H® is
the feature of the I-th layer node, W) is the trainable weight, and o is the
activation function. When the system expands and adds new DER units, only
new edge controllers need to be deployed and pre-trained network models of
the same type of policy need to be loaded. The expansion cost of this process
can be modeled as:

Ce:ptend =k-M (®)

M is the number of new DERs, and £ is the constant deployment cost of
a single controller. This design does not require redesigning or training the
central coordinator, achieving plug-and-play horizontal expansion capability.

4 Results and Discussion
4.1 Uncertainty Coping Capability

The experiment was based on the IEEE 33-bus standard distribution test sys-
tem and implemented on the MATLAB/Simulink and Python co-simulation
platform. To verify the superior performance of the proposed method under
high proportion of renewable energy uncertainty, all tests were based on
continuous 24-hour, 15-minute interval day-ahead scheduling and real-time
adjustment, simulating typical daily irradiance fluctuations and load changes.

To quantify the economics, the expected reserve costs (USD/MW)
required to cope with photovoltaic output prediction deviations by different
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Figure 3 Expected reserve costs.

methods were compared. The hourly cost data for this method, stochastic
programming (SP), and model predictive control (MPC) are shown in
Figure 3.

The Al-based scheduling method proposed in this paper exhibits signif-
icantly lower expected reserve costs than stochastic programming (SP) and
model predictive control (MPC) across all 24 scheduling periods. Particularly
during the peak solar output period at midday (12:00-14:00), this method,
through flexible adjustment by an intelligent edge controller, fully utilizes
renewable energy, minimizing costs to a minimum (US$34.8/MW). A com-
parison of the average daily cost shows that this method reduces costs by
approximately 22.2% and 27.1% compared to SP and MPC, respectively,
highlighting its significant advantage in mitigating uncertainty and economic
costs.

Meanwhile, Figure 4 compares the solar grid integration rates of the
three methods at different times, visually revealing how the proposed method
maximizes renewable energy output through intelligent coordination:

Figure 4, through area plots and curve comparisons, visually demon-
strates the significant improvement in solar grid integration achieved by
optimized scheduling. During the daytime period with sufficient sunlight
(6:00-16:00), the proposed method effectively mitigates the fluctuations and
intermittent ties of photovoltaic output by coordinating energy storage charg-
ing and discharging with flexible load regulation, maintaining the absorption
rate at a high level of over 90%, and achieving 100% full absorption at 9:00.
In contrast, the baseline scenario shows a significant dip in the absorption
rate during midday due to network congestion and voltage exceeding limits,
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verifying the effectiveness of the proposed method in promoting the efficient
utilization of renewable energy.

To further evaluate the robustness of the dispatch plan in actual operation,
Figure 5 statistically analyzes the absolute value of the net power deviation
between the day-ahead dispatch plan and the actual required adjustment
under different methods. This indicator reflects the dispatch strategy’s ability
to cope with real-time fluctuations; the smaller the deviation, the stronger the
robustness of the plan and the lower the pressure on real-time power dispatch
balance.
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Figure 5 shows that the proposed method not only exhibits a smaller
deviation but also a significantly smaller fluctuation range compared to the
other two methods, with a maximum value of only 0.35 MW. This indi-
cates that the DRL-based edge controller in this paper can more accurately
predict local behavior and respond to global electricity price signals in real
time, thereby significantly reducing the deviation between actual operation
and day-ahead planning. Smaller planning deviation means fewer real-time
balancing resource calls and higher system operational reliability, fully
demonstrating the superior robustness of the proposed intelligent scheduling
architecture in the face of uncertainty.

4.2 Robustness Under Extreme Uncertainty Scenarios

Evaluate the robustness of the proposed dispatch architecture, required addi-
tional simulations were conducted under extreme uncertainty scenarios. Two
stress conditions were considered: (1) severe photovoltaic output fluctuation
and (2) sudden load variation. In the first scenario, photovoltaic generation
was artificially varied within £40% of its predicted value to emulate rapid
irradiance changes caused by cloud coverage. In the second scenario, the
system load was abruptly increased by 30% within a short time interval
to simulate unexpected demand surges. Simulation results show that the
proposed DRL-based edge controllers can quickly adjust the charging and
discharging behavior of energy storage units and regulate distributed gener-
ation outputs according to the received node marginal price signals. Even
under these extreme disturbances, the system maintained stable operation
without line overload or voltage violations, and the average dispatch devi-
ation remained within an acceptable range. These results demonstrate the
strong robustness and adaptability of the proposed intelligent dispatch frame-
work when facing severe renewable generation fluctuations and sudden load
changes.

4.3 Scalability Performance

The simulated system was expanded from 50 units to 500 units by gradually
increasing the number of DER aggregation units in the distribution network.
For each scale configuration, the proposed distributed Al scheduling method
and the benchmark centralized optimization method were run, and 100 online
scheduling decisions were executed consecutively. The average computation
time of each decision (from triggering computation to all units outputting
instructions) was recorded. The results are compared in Table 3.
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Table 3 Online decision time under different DER scales

Number of DER Proposed Method Centralized Centralized/

Aggregated Average Decision Optimization Average  Proposed Method

Units Time (ms) Decision Time (ms) Time Ratio

50 4.2 105.3 25.1

100 4.5 423.7 94.2

200 4.8 1890.5 393.9

300 5.1 4312.8 845.6
>10000

500 7.5 (Solution Timeout) 500

50

30

Average Reward

10

Average Reward

0 2000 4060 GObO 80’00 10600
Training Steps

Figure 6 Training convergence curve of the DRL agent.

As the number of DERs increased from 50 to 500, the online decision-
making time of the proposed distributed Al method only slowly increased
from 4.2 milliseconds to 7.5 milliseconds, an increase of 1.8 times, main-
taining a millisecond-level response speed. This is because its computational
burden is completely decentralized to each edge controller, and the forward
computation of the DRL network of each controller has constant complex-
ity. The decision-making time of centralized optimization increases super
linearly with the problem size, surging from 105.3 milliseconds to over
10 seconds (which is no longer sufficient for real-time scheduling require-
ments at 500 units), and the time ratio soared from 25.1 to over 1333.3.
This confirms the “curse of dimensionality” problem faced by centralized
optimization.

Figure 6 shows the training convergence curve of the DRL agent. The
average reward increases with training steps and gradually stabilizes, indi-
cating that the agent successfully learns an effective power dispatch policy.
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Table 4 Communication data volume per scheduling cycle under different DER scales

Proposed
Method Centralized

Number of DER  Communication =~ Communication = Communication
Aggregated Data Volume Demand Data Data Volume
Units (KB) Volume (KB) Ratio
50 12.5 250.0 0.05
100 15.0 500.0 0.03
200 20.0 1000.0 0.02
300 25.0 1500.0 0.017
500 35.0 2500.0 0.014

Furthermore, to analyze communication scalability, the total number of bytes
of data exchanged between the coordination layer and all distributed units was
recorded in the simulation within each scheduling cycle (15 seconds). The
communication overhead of the proposed hierarchical architecture and the
ideal global information collection (centralized communication requirement)
under different DER scales was tested, and the results are shown in Table 4.
The proposed architecture exhibits excellent scalability in terms of com-
munication overhead. Its communication data volume only increases slowly
from 12.5 KB to 35.0 KB, primarily due to the status information reported
by newly added units, while the size of the LMP vector broadcast from the
upper layer remains fixed. In contrast, the centralized communication data
requirement is proportional to the number of DERs, linearly increasing from
250 KB to 2500 KB. The communication data volume ratio of the proposed
method continuously decreases from 0.05 to 0.014, indicating that the larger
the system scale, the more significant its advantage in communication effi-
ciency. This is entirely due to the communication mode described in Section
3.5: only periodically broadcasting price signals and uploading necessary
status information, avoiding continuous and large-scale global information
exchange between all distributed units or between the system and the cen-
ter, thus fundamentally solving the communication bottleneck problem and
providing feasibility for building ultra-large-scale distributed energy systems.

Conclusions

This paper proposes a hierarchical distributed power dispatch automation
method based on artificial intelligence. Combining graph neural networks
and deep reinforcement learning, it achieves a balance between global
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coordination and local autonomous decision-making, significantly reducing
communication and computational complexity while ensuring economy and
security. This method demonstrates excellent performance in photovoltaic
grid integration, robustness to projected tracking, and large-scale scalability.
However, the training phase relies on a high-fidelity simulation environment
and neglects the impact of data quality. Future work can focus on developing
more efficient model-free transfer learning algorithms, exploring blockchain
technology to enhance the security and trustworthiness of distributed trans-
actions, and promoting the verification and application of this architecture on
real hardware-in-the-loop test platforms.
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