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ABSTRACT Automatic load allocation in power dispatch master stations has become increasingly
challenging due to the uncertainty of renewable generation and the complexity of multi-regional power
coordination. This study proposes an automatic load allocation framework based on a Multi-Agent Deep
Deterministic Policy Gradient (MA-DDPG) algorithm to improve real-time dispatch efficiency and system
adaptability. A distributed multi-agent architecture is established in which each dispatch region operates as
an autonomous agent with coordinated communication and decision-making capabilities. By incorporating
stochastic models for wind and photovoltaic generation together with a multi-objective optimization
strategy that simultaneously minimizes dispatch cost, renewable energy curtailment, and load fluctuation,
the proposed approach achieves coordinated global optimization under dynamic operating conditions.
Furthermore, adaptive communication weighting and prioritized experience replay are introduced to
enhance cooperation efficiency and accelerate policy convergence. Experimental results demonstrate that
the improved MA-DDPG framework significantly enhances training efficiency, reduces operational costs,
and strengthens load balancing robustness while maintaining stable system performance under renewable
and demand uncertainties. The proposed methodology also provides a reliable optimization paradigm
for communication-intensive smart grids, where electromagnetic information transmission and distributed
sensing infrastructures support real-time coordination and intelligent energy management.

INDEX TERMS multi-agent reinforcement learning, automatic load allocation, power dispatch, smart
grid communication, renewable energy integration

I. INTRODUCTION
A. RESEARCH BACKGROUND

W ITH the large-scale grid integration of renewable
energy (wind and solar power) and the continuous

expansion of power grid scale, traditional automatic load
distribution in power dispatch master stations faces un-
precedented challenges. These challenges are magnified by
the necessity of integrating large, flexible loads from high-
consumption sectors, particularly the industry, whose dy-
namic operational demands must be precisely managed for
grid stability and successful energy transition. Conventional
load distribution methods (such as proportional distribution
and equal micro-increment rate) rely on precise mathemat-
ical models and deterministic parameters, making them ill-
suited to accommodate the high uncertainty in renewable
energy output and load demand [1-2]. For instance, when
wind power output fluctuates by more than 20% within a
short timeframe, the proportional allocation method often

leads to excessive load deviations in individual dispatch
areas, triggering equipment overload or power shortages. Si-
multaneously, traditional centralized dispatch models suffer
from issues such as a single decision-making center, slow
response times, and poor fault tolerance. This makes the
entire load allocation system susceptible to paralysis when
local dispatch areas experience failures [3-4].

Multi-agent systems (MAS) possess characteristics such
as distributed decision-making, flexible coordination, and
strong robustness, effectively addressing the shortcomings of
traditional centralized dispatch. Each dispatch area is mod-
eled as an independent agent, which formulates local load
allocation decisions based on its operational status. Global
optimization is achieved through information exchange
among agents [5-6]. Deep reinforcement learning (DRL)
demonstrates unique advantages in high-dimensional, non-
linear, and dynamic optimization problems. Among these,
the deep deterministic policy gradient (DDPG) algorithm
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directly outputs deterministic control policies in continuous
action spaces, aligning well with the “continuous adjustment
requirements” of load allocation in power dispatch master
stations [7-8]. However, the MA-DDPG algorithm—formed
by combining MAS with DDPG—still exhibits limitations
in power dispatch master station applications: First, agent-
to-agent communication often employs fixed weights, pre-
venting dynamic adjustment based on actual load allocation
conditions. Second, the standard MA-DDPG algorithm’s
experience replay mechanism uses random sampling, re-
sulting in low utilization of critical samples (e.g., load
surge scenarios). Third, the single Critic network tends
to overestimate action values, leading to suboptimal load
allocation strategies [9-10].

This research holds both theoretical and engineering
significance: Theoretically, it establishes a multiagent load
allocation framework based on MA-DDPG, filling the gap
in distributed reinforcement learning applications for power
dispatch master stations and enriching the theoretical sys-
tem of intelligent dispatch. Engineering-wise, the proposed
method significantly enhances the real-time performance
and robustness of automatic load allocation, reduces dis-
patch costs and renewable energy curtailment rates, and
provides technical support for the safe and economical
operation of power grids. Critically, these improvements
offer direct utility to high-consumption industrial users, en-
abling the industry to leverage its flexible load capacity for
optimized coordination, resulting in substantial energy cost
savings and a verifiable reduction in its carbon footprint.

B. RESEARCH STATUS AT HOME AND ABROAD
1) Load Allocation Techniques for Power Dispatch Master
Stations
Overseas research on load allocation for power dispatch
master stations began earlier. In 2018, the U.S. Department
of Energy (DOE) proposed an IoT-based distributed dispatch
framework enabling real-time sharing of load and supply
information across different dispatch regions. However, load
allocation still relied on traditional proportional methods,
lacking intelligent decision-making capabilities [11]. The
EU’s “SmartGrid” project employs Model Predictive Con-
trol (MPC) to optimize load allocation, partially addressing
renewable energy uncertainties. However, its high com-
putational complexity hinders real-time requirements for
largescale grids [12]. In academia, researchers from UC
Berkeley proposed a game-theoretic load allocation method
treating inter-dispatch zone load distribution as a non-
cooperative game. It achieves agent-level interest equilib-
rium via Nash equilibrium but suffers from slow algorithm
convergence, rendering it unsuitable for emergency load
regulation [13].

Domestic research focuses on refining traditional meth-
ods and applying single-agent reinforcement learning: The
State Grid Electric Power Research Institute proposed an
improved equal marginal rate method, incorporating renew-
able energy curtailment penalty factors to optimize load

allocation strategies. However, this approach remains reliant
on precise cost models and exhibits poor adaptability to un-
certainty [14]. Tsinghua University applied standard DDPG
algorithms to dispatch center load allocation, improving
real-time performance over traditional methods. However,
the single-agent framework cannot achieve distributed co-
ordination across multiple dispatch regions, resulting in
low decision efficiency in large-scale grids [15]. Southeast
University developed a multi-agent load allocation system
based on contract network protocols, enabling coordination
through task auctions. Yet, high communication overhead
caused load allocation delays exceeding 1 second, failing to
meet real-time requirements [16].

2) Multi-Agent Deep Reinforcement Learning Techniques
Significant progress has been made in multi-agent deep
reinforcement learning by international researchers: Google
DeepMind introduced the MA-DDPG algorithm in 2017,
extending single-agent DDPG to multi-agent scenarios by
adding inter-agent communication modules, demonstrating
remarkable effectiveness in gaming and robotic control
tasks [17]; MIT improved MA-DDPG by introducing a
centralized Critic network to evaluate global action val-
ues, enhancing agent coordination. However, the centralized
Critic increases computational burden and is unsuitable for
large-scale multi-agent systems [18].

Domestic MA-DDPG research primarily focuses on mi-
crogrid and energy internet scenarios: Zhejiang University
applied MA-DDPG to microgrid load allocation, modeling
each distributed generation (DG) unit as an agent to op-
timize load distribution through agent interactions. How-
ever, this approach disregarded renewable energy output
uncertainty and was limited to small-scale applications [19].
North China Electric Power University proposed an MA-
DDPG algorithm incorporating an attention mechanism to
enhance agents’ ability to capture critical information during
communication. However, it was tested only in simulation
environments and lacks validation with actual power grid
data [20].

C. TECHNICAL ROADMAP
Framework Design Phase (1-2 months): Determine schedul-
ing region agent partitioning scheme → Design agent com-
munication coordination mechanism → Define agent states,
actions, and reward functions;

Algorithm Improvement Phase (2-3 months): Build stan-
dard MA-DDPG algorithm framework → Introduce adaptive
communication weight module → Integrate priority experi-
ence replay mechanism → Design dualcritic network;

Simulation Platform Construction Phase (2 months): Col-
lect actual operational data from dispatch control center
(renewable energy output, load demand, equipment param-
eters) → Construct dispatch center simulation model us-
ing MATLAB/Simulink → Develop MA-DDPG algorithm
model based on PyTorch;
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Validation and Analysis Phase (1 month): Conduct sim-
ulation experiments under various scenarios (normal oper-
ation, load surges, renewable energy fluctuations) → Com-
pare algorithm performance → Analyze improved algorithm
robustness and adaptability → Finalize research outcomes.

II. MULTI-AGENT SYSTEM FRAMEWORK FOR POWER
DISPATCH MASTER STATION
A. DIVISION OF DISPATCH AREA AGENTS
Based on administrative divisions and grid structure, a
provincial-level grid dispatch master station is divided into
N dispatch area agents (Agent1∼AgentN), with each agent
corresponding to an independent regional grid. The division
adheres to three principles: First, each dispatch area main-
tains relatively balanced supply and demand to minimize
cross-regional transmission. Second, agents are geographi-
cally proximate to reduce communication latency. Third, the
number of agents is controlled between 5 and 10 to balance
decision efficiency and optimization effectiveness. Taking
the Jiangxi provincial grid as an example, it is divided into 6
dispatch area agents. The coverage scope and key equipment
parameters for each agent are shown in Table 1.

Each agent possesses independent decision-making capa-
bilities, including load forecasting, renewable energy output
prediction, and local load allocation. Simultaneously, agents
achieve communication coordination through the dispatch
master station communication network to realize global
load optimization. The communication network employs
1000Mbps Ethernet, with communication latency between
adjacent agents <50ms, meeting the real-time requirements
for load allocation.

B. DEFINITION OF AGENT STATE, ACTION, AND
REWARD FUNCTION
1) Agent State Space
Each agent’s state space comprises local operational pa-
rameters and global coordination information, comprehen-
sively reflecting the load allocation environment to inform
decision-making. The state vector si(t) of Agent i at time
t is defined as:

si(t) =
[
PW,i(t), PPV,i(t), PL,i(t), SOCESS,i(t),

PT,i(t),∆Pi(t), P̄ (t)
]
.

where:
PW,i(t): Actual wind power output (MW) of Agent i at

time t, measured in real-time by the SCADA system;
PPV,i(t): Actual photovoltaic power output (MW) of

Agent i at time t, obtained through real-time measurement;
PL,i(t): Actual load demand (MW) of Agent i at time t,

derived from the short-term load forecasting system, with a
prediction error of ±5%;
SOCESS,i(t): State of charge of Agent i’s energy storage

system at time t, ranging from 20% to 80%;

PT,i(t): Power transfer between Agent i and neighboring
agents at time t (MW), where positive values indicate inflow
and negative values indicate outflow;
∆Pi(t): Load deviation of Agent i at time t (MW),

calculated as ∆Pi(t) = Passigned,i(t) − Pactual,i(t), where
Passigned,i(t) is the assigned load and Pactual,i(t) is the
actual load;
P̄ (t): Average load allocation deviation across all agents

at time t (MW), reflecting the global load allocation state.
Calculated as:

All state variables are normalized to the interval [-1,
1] to eliminate dimensional differences affecting algorithm
training. The normalization formula is:

s∗i (t) = (smax − smin)÷ 2÷ (si(t)− smin).

2) Agent Action Space
The agent action space corresponds to load allocation ad-
justment quantities, enabling continuous actions for precise
load regulation. The action vector ai(t) of Agent i at time
t is defined as:

ai(t) = [∆Padjust,i(t),∆PT,adjust,i(t)] .

where:
∆Padjust,i(t): Load adjustment quantity (MW) of Agent

i at time t, ranging from -50 to 50. Positive values indicate
increased load allocation, while negative values indicate
decreased load allocation.

∆PT,adjust,i(t): Power transfer adjustment quantity
(MW) between Agent i and its neighboring agents at time
t, with a valid range of [-30, 30]. Positive values indicate
increased inflow power, while negative values indicate in-
creased outflow power.

The action space design ensures load adjustments remain
within safe operational limits for equipment, preventing
excessive adjustments that could cause overload or power
outages. Simultaneously, the continuous action space aligns
with the output characteristics of the MA-DDPG algorithm,
avoiding precision loss due to action discretization.

3) Agent Reward Function
The reward function is pivotal in guiding agents to learn
optimal load allocation strategies, reflecting multi-objective
optimization requirements. A weighted composite reward
function is designed, comprising three components: schedul-
ing cost reward, renewable energy curtailment reward, and
load fluctuation reward. At time t, the reward function ri(t)
for agent Agent i is defined as:

ri(t) = ω1rcost,i(t) + ω2rcurtail,i(t) + ω3rfluct,i(t).
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FIGURE 1. Technology Roadmap

TABLE 1. Coverage scope and key equipment parameters for each agent

Agent Number Coverage Area Installed Capacity of Wind
Power (MW)

Installed Capacity of
Photovoltaic (MW)

Maximum Load (MW) Rated Capacity of
Transformer (MW)

Agent 1 City A 200 150 350 400
Agent 2 City B 180 120 300 350
Agent 3 City C 250 180 400 450
Agent 4 City D 150 100 280 320
Agent 5 City E 220 160 380 420
Agent 6 City F 160 110 290 330

where ω1, ω2, and ω3 are the weighting coefficients for
each reward term, satisfying ω1 + ω2 + ω3 = 1. Using
the Analytic Hierarchy Process (AHP), the weights are
determined as ω1 = 0.5, ω2 = 0.3, ω3 = 0.2, indicating
that dispatch costs have the highest priority.

Dispatch Cost Reward rcost,i(t): Reflects the economic
benefit of load allocation, calculated based on the cost of
purchasing electricity from the upper-level grid and the
operating cost of renewable energy. The formula is:

where Ci(t) is the total dispatch cost of Agent i at time
t (in yuan), and Cmax,i is the maximum dispatch cost of
Agent i (in yuan). Higher scheduling costs result in lower
rewards, with rewards ranging from [0,1].

Renewable Energy Curtailment Reward rcurtail,i(t):
Encourages agents to enhance renewable energy consump-
tion, calculated based on wind and solar curtailment rates.
Formula:

rcurtail,i(t) = 1− PW,i(t) + PPV,i(t)

Pcurtail,W,i(t) + Pcurtail,PV,i(t)
.

where Pcurtail,W,i(t) and Pcurtail,PV,i(t) represent the
curtailed wind power and PV power (MW) of Agent i at
time t, respectively. Lower curtailment rates yield higher
rewards, with rewards ranging from [0,1].

Load Fluctuation Reward rfluct,i(t): Ensures load al-
location stability, calculated based on agent load deviation.
The formula is:

rfluct,i(t) = exp (−k|∆Pi(t)|) ,

where k is the fluctuation coefficient (k = 0.1) and
|∆Pi(t)| is the absolute value of load deviation. The smaller
the load deviation, the higher the reward, with a reward
range of (0,1].

Additionally, to prevent agents from violating load allo-
cation constraints, a penalty term is added to the reward
function: If an agent violates constraints (e.g., exceeding
transformer capacity or energy storage SOC limits), a fixed
penalty of -5 is applied. The final reward function is:

r∗i (t) = ri(t)− βIi(t).

where β = 5 is the penalty coefficient, and Ii(t) is
the constraint violation indicator function (1 if violated, 0
otherwise).

C. COMMUNICATION COORDINATION MECHANISM
AMONG AGENTS
Inter-agent communication coordination is the core of multi-
agent systems, directly impacting the global optimization
effectiveness of load allocation. A communication coordina-
tion mechanism based on distributed consensus is designed,
comprising two components: information exchange content
and communication weight adjustment.

1) Information Exchange Content
Inter-agent information exchange adopts a “local state shar-
ing + global objective negotiation” format: Each agent peri-
odically (every 100 ms) sends local state information (wind
power output, load demand, load deviation) to neighboring

VOL. 15, NO. 3, AUGUST 20261261



N. Zhou et al.

FIGURE 2. Agent Reward Function Diagram

agents and receives neighboring agents’ state information;
Simultaneously, the dispatch master station collects all agent
state information, calculates the global average load devia-
tion P̄ (t) and total renewable energy curtailment rate γ(t),
and broadcasts these values to all agents. The information
exchange process is as follows:

Local Information Transmission: Agent i transmits its
state vector si(t) to adjacent agents (Agent i − 1, Agent
i+ 1) via the communication network;

Global Information Aggregation: The dispatch master
station collects all agent state vectors, calculates P̄ (t) and
γ(t), and broadcasts them to all agents;

Information Fusion: Agent i integrates local state in-
formation with received neighboring agent information to
update its own state space.

This information exchange model ensures agents can
access both detailed local information and the global load
allocation status, laying the foundation for collaborative
decision-making.

2) Communication Weight Adjustment
Communication weights between agents determine inter-
action intensity; traditional fixed weights fail to adapt to
dynamic load allocation scenarios. Adaptive communica-
tion weights are designed based on load deviation: When
an agent’s load deviation is significant (|∆Pi(t)| > 5
MW), its communication weight with neighboring agents
increases to enhance information exchange intensity and
obtain more collaborative support. When load deviation
is minor (|∆Pi(t)| ≤ 5 MW), communication weights
decrease to reduce unnecessary communication overhead.
Define the communication weight wi,j(t) between Agent i
and Agent j (j is an adjacent agent) at time t as:

wi,j(t) =

∑
k∈Ωi

(|∆Pi(t)|+ |∆Pk(t)|)
|∆Pi(t)|+ |∆Pj(t)|

.

where Ωi denotes the set of Agent i’s neighboring agents.
The communication weights satisfy

∑
j∈Ωi

wi,j(t) = 1,

ensuring normalized information exchange. Through adap-
tive communication weights, agents dynamically adjust in-
formation exchange intensity based on load distribution
states: prioritizing collaborative support during high load
deviations while reducing communication overhead during
stable loads, thereby balancing collaborative effectiveness
and communication efficiency.

III. OPTIMIZATION OBJECTIVES AND CONSTRAINT
MODELING FOR LOAD DISTRIBUTION
A. MODELING UNCERTAINTY IN RENEWABLE ENERGY
OUTPUT AND LOAD DEMAND
1) Modeling Uncertainty in Wind Power Output
Wind speed is the core factor influencing wind power
output, exhibiting a probability distribution consistent with
the Weibull distribution—a model that accurately describes
the pattern of wind speeds “concentrating within a specific
range while decreasing in probability at both ends” across
different regions. Based on one year of wind speed mon-
itoring data from the Jiangxi provincial grid, local wind
speeds predominantly range between 3-15 m/s. The shape
parameter (reflecting distribution concentration) is set at
2.5, and the scale parameter (correlated with average wind
speed) is set at 8.9.

2) Modeling Photovoltaic Output Uncertainty
Photovoltaic array output is influenced by both solar ir-
radiance and ambient temperature, with solar irradiance
accounting for over 80% of the impact. The local solar
irradiance probability distribution exhibits a Beta distribu-
tion pattern characterized by “high in the middle and low at
both ends.” Irradiance remains within the 200–1000 W/m2

range for most periods, peaking at 1000 W/m2 at noon. The
shape parameters α = 2.0 and β = 3.0 were fitted based on
meteorological data from the past three years.

Under rated irradiance (1000 W/m2) and rated tem-
perature (25°C), the PV array’s rated output corresponds 
to its installed capacity. When irradiance falls below 200
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W/m2, PV output drops significantly, maintaining only 10%-
20% of rated output. Environmental temperature exhibits 
a negative correlation with PV output: a 1°C increase in 
temperature reduces output by approximately 0.45%. For 
instance, when ambient temperature reaches 35°C during 
summer afternoons, actual PV output drops by 4.5% relative 
to the rated value. Similar to wind power, photovoltaic 
output prediction errors are larger. Factors such as cloud 
cover and sudden weather changes typically cause errors 
ranging from -15% to +15%. An error coefficient m ust be 
introduced to correct the theoretical output, ensuring the 
model’s accuracy.

3) Modeling Load Demand Uncertainty
The load covered by provincial grid dispatch control centers
includes industrial, residential, and commercial loads, with
industrial load accounting for over 60% and dominating the
temporal variation trends. Historical load data indicates that
daily peak loads occur during industrial production peaks
from 9:00 to 12:00 and 17:00 to 21:00, with peak loads
approximately matching the regional maximum load. Off-
peak loads occur during production downtime and residen-
tial rest periods from 23:00 to 7:00, with off-peak loads
approximately one third of peak loads. Remaining periods
exhibit steady-state loads with minimal fluctuations.

B. MULTI-OBJECTIVE LOAD ALLOCATION
OPTIMIZATION FUNCTION
The core objective of load allocation is achieving syner-
gistic optimization of “economic efficiency, environmental
sustainability, and system stability.” This requires simultane-
ously considering three key indicators: total dispatch costs,
renewable energy curtailment rates, and load variability.
These are integrated through weighting to form a compre-
hensive optimization target guiding algorithm training.

Total dispatch cost serves as the core metric for eval-
uating load allocation economics, comprising two primary
components: electricity procurement costs from the upper-
level grid and energy storage operational loss costs. Pro-
curement costs are directly correlated with purchased power
capacity, peak-valley time-of-use electricity rates, and time
step intervals—under the local peak-valley time-of-use pric-
ing policy, peak-period electricity rates (9:00-12:00, 17:00-
21:00) is 1200 yuan/MWh, off-peak periods (7:00-9:00,
12:00-17:00, 21:00-23:00) are 800 yuan/MWh, and deep
off-peak periods (23:00-7:00) are 400 yuan/MWh. For ex-
ample, if an agent purchases 100 MW of electricity from the
upper-level grid during peak hours, the cost for 5 minutes
of electricity purchase is 1,000 yuan (100 MW × 1,200
yuan/MWh × 5/60 hours).

Energy storage operational loss costs are related to charg-
ing/discharging power, charging/discharging efficiency, and
loss cost coefficients. Energy loss during charging equals
charging power multiplied by (1 - charging efficiency).
During discharging, energy loss equals discharging power
multiplied by (1 / discharging efficiency - 1), then multiplied

by the loss cost coefficient of 300 RMB/MWh (based on
lithium-ion battery lifecycle cost fitting) and the time step
to determine the loss cost for the corresponding period.
For example, charging at 50 MW for 5 minutes with 92%
charging efficiency incurs a loss cost of approximately 12.5
yuan (50 MW × (1 - 0.92) × 300 yuan/MWh × 5/60
hours). Summing the electricity procurement costs across
all 288 scheduling periods (5 minutes per period) for all
agents, combined with the energy storage loss costs, yields
the total scheduling cost. This must be minimized through
load allocation optimization.

Load fluctuation serves as the core metric for evalu-
ating load allocation stability, measured by the standard
deviation of load deviations across all agents. A smaller
load deviation and lower standard deviation indicate more
stable load allocation and reduced impact on grid equipment.
Load deviation refers to the difference between an agent’s
allocated load and its actual load. For example, if an agent
has an allocated load of 180 MW and an actual load of 175
MW, the load deviation is 5 MW.

C. LOAD ALLOCATION CONSTRAINTS
To ensure the safety, compliance, and stability of load allo-
cation, four major categories of constraints must be defined
to prevent scheduling strategies from violating equipment
operational limits or grid control requirements.

Power balance serves as the fundamental constraint for
load allocation, requiring real-time equilibrium between
active power supply and demand within each agent. This
must simultaneously account for wind and solar power gen-
eration, power purchases/sales to/from the upper-level grid,
energy storage charging/ discharging, and cross-regional
transmission power. Specifically, the sum of an agent’s ac-
tual wind power output, actual PV output, power purchased
from the upper-level grid, energy storage discharge power,
and input power from adjacent agents must equal the sum
of actual load demand, energy storage charging power, and
output power to adjacent agents.

Breaching this balance causes system frequency
fluctuations—frequency increases when output exceeds load
and decreases when output falls below load, both impacting
power supply quality. For instance, when wind power output
suddenly increases by 20 MW, power balance is maintained
by boosting energy storage charging power by 15 MW and
increasing power transmission to adjacent smart units by 5
MW. Conversely, when load surges by 10 MW, the deficit
is covered by increasing energy storage discharge power by
6 MW and purchasing power from the upper-level grid by
4 MW.

Equipment capacity constraints primarily target critical
devices like transformers and energy storage systems to
prevent overload operation:

• Transformer capacity constraint: The total transmis-
sion power (including load supply and cross-regional
transmission) of transformers within an agent must not
exceed their rated capacity. For example, if an entity’s
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FIGURE 3. Multi-Objective Load Allocation Optimization Function Diagram

transformer has a rated capacity of 400 MW, with an
internal load of 350 MW and 40 MW transmitted to
an adjacent entity, the total transmission power of 390
MW remains within the rated capacity.

However, if transmission increases to 55 MW, the total
transmission power reaches 405 MW, violating the con-
straint. This requires either reducing transmission or low-
ering load allocation.

• Energy Storage Charge/Discharge Power Constraint:
The charging and discharging power of the energy stor-
age system must not exceed the rated power (typically
0.2 times the rated capacity). For example, a 500 MWh
energy storage system has a rated charge/discharge
power of 100 MW. The charging and discharging power
must be controlled between 0-100 MW to prevent
sudden power changes that could degrade battery life.

• Energy Storage SOC Constraint: The State of Charge
(SOC) of energy storage must be maintained within the
safe range of 20%-80%. Deep discharge below 20%
and deep charge above 80% are prohibited to prevent
internal battery structure damage and extend storage
lifespan.

IV. ENHANCED MA-DDPG ALGORITHM DESIGN
A. STANDARD MA-DDPG ALGORITHM FRAMEWORK
The standard MA-DDPG algorithm is a multi-agent rein-
forcement learning approach extended from the single-agent
DDPG algorithm. Its core architecture adopts the Actor-
Critic framework to accommodate distributed decision-
making across multiple dispatch regions. Key components
include:

• Actor Network: Each agent independently operates an
Actor network, inputting its own state information
(e.g., wind power output, load demand, energy storage
SOC) and outputting load allocation adjustment quan-
tities and cross-regional power transmission adjustment
quantities to execute local decisions;

• Critic Network: Employing a centralized design, it
processes state and action information from all agents
to evaluate global action value—specifically, the con-
tribution of each agent’s load allocation strategy to
the overall dispatch objective, providing optimization
guidance for the Actor network;

• Target Network: Comprises target Actor and Critic
networks, mirroring the main network structure. Param-
eters are not directly updated but gradually adjusted
via a “soft update” strategy (each main network up-
date shifts target network parameters toward the main
network by 0.001), preventing excessive parameter
fluctuations during training and ensuring stability;

• Experience Replay Pool: Stores experience samples
from all agents (including each agent’s state, action,
reward, and next-step state). During training, batch
samples (typically 64 per batch) are randomly sampled
from the replay pool to update the network, breaking
temporal dependencies between samples and enhancing
training efficiency.

B. IMPROVED STRATEGY DESIGN
1) Adaptive Communication Weight Module
To address the poor adaptability of fixed communication
weights, an adaptive communication weight module is
introduced before the input layer of each agent’s Actor
network. This dynamically adjusts the influence strength
of neighboring agents’ information on current decisions,
enabling “on-demand communication.”

The core logic is: agents with larger load deviations
require more support information from neighbors, thus
receiving higher communication weights; agents with stable
loads reduce unnecessary information exchange, receiving
lower communication weights.

The specific workflow is as follows: First, agents collect
real-time load deviation data for themselves and neighbor-
ing agents (e.g., Agent1 has a load deviation of 6 MW,
while neighboring Agent2 has a load deviation of 3 MW);
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Next, communication weights are calculated based on load
deviation—weights are proportional to the absolute value
of load deviation. For example, the communication weight
between Agent1 and Agent2 = (6 + 3) / (6 + 3 + sum of
load deviations from other neighboring agents), ensuring the
sum of communication weights for all neighboring agents
equals 1; Next, the state information of neighboring agents
(e.g., wind power output, energy storage SOC) is weighted
and summed according to the communication weights, then
fused with its own state information to form a “fused state
vector”; finally, the fused state vector is input into the Actor
network to output load allocation actions that better align
with global coordination requirements.

2) Priority Experience Replay Mechanism
To enhance the utilization of critical samples, the standard
experience replay pool is upgraded to a Priority Experience
Replay (PER) pool. Sampling priority is assigned based on
a sample’s contribution to algorithm training (i.e., TD error,
temporal difference error) — samples with larger TD errors
hold greater value for policy optimization and thus receive
higher sampling probabilities.

The specific design comprises three components: First,
sample priority calculation. The TD error is the absolute
difference between the action value predicted by the Critic
network and the target action value. Sample priority =
(TD error + 0.01)0.6, where 0.01 prevents zero priority
when TD error is zero, and 0.6 balances priority weighting
with randomness; Second, probability sampling: sampling
probabilities are calculated based on sample priority, with
the top 20% of samples accounting for over 50% of sam-
pling probability. This ensures critical samples (e.g., scenar-
ios with sudden load surges or curtailment rates exceeding
5%) are frequently selected. Third, bias correction: To mit-
igate training bias from priority sampling, an “importance
sampling weight” is introduced when calculating the Critic
network loss. This weight gradually increases from 0.4 to
1.0 during training iterations, minimizing bias in the later
stages.

C. ALGORITHM TRAINING PROCESS
The training of the improved MA-DDPG algorithm is imple-
mented using the PyTorch framework. The process revolves
around “environment interaction - experience storage - net-
work update - iterative optimization,” with specific steps as
follows:

1. Initialization Setup: Construct an Actor network for
6 agents (3 fully connected layers, hidden layer nodes
256/128), dual Critic networks (same structure as Actor,
input being fused state + action), and corresponding tar-
get networks; Initialize network parameters (target network
parameters identical to main network); create a priority
experience replay pool (capacity 1 million), and set hyper-
parameters: batch size 64, discount factor 0.95 (balancing
current and future rewards), soft update coefficient 0.001,
maximum iterations 100,000.

2. Environment Interaction and Experience Collec-
tion: One typical day (288 scheduling moments, 5 min-
utes/moment) constitutes one training cycle. Each cycle
begins with initialized conditions (e.g., initial energy storage
SOC=50%, initial load=historical average for the same
period); For each time step, each Actor network inputs the
fused state vector and outputs load allocation adjustments
and transmission adjustments. A small amount of Gaus-
sian noise (standard deviation 0.1) is added to enhance
exploration, yielding the “exploration action”; Apply the
exploration action to the dispatch master station simulation
model, update each agent’s state (e.g., energy storage SOC,
load deviation), and calculate the comprehensive optimiza-
tion objective value and reward (reward = comprehensive
objective value × 10 when constraints are met; deduct 5
points when constraints are violated); Store the sequence
“merged state → exploration action → reward → next-time-
step merged state → termination flag” (1 for cycle end, 0
otherwise) into the experience replay pool.

3. Network Parameter Update: When the experience
replay pool capacity ≥ 10,000, initiate network update:
sample 64 samples from the pool based on priority; generate
next-step actions via the target Actor network and compute
target action value using the target dual Critic network;
Compute the dual Critic network loss. Minimize the loss
using the Adam optimizer (learning rate 1e-3) to update
Critic network parameters, applying gradient clipping (norm
≤ 1.0) to prevent gradient explosion. Calculate the Actor
network loss based on Critic1’s action value. Maximize
the action value using the Adam optimizer (learning rate
1e-4) to update Actor network parameters. Update target
network parameters using a soft update strategy (target
parameters = 0.001 × main network parameters + 0.999
× old target parameters); Recalculate sample TD errors and
update sample priorities.

4. Iteration Termination and Model Saving: Repeat the
“environment interaction - network update” process. Every
10,000 iterations, compute the comprehensive optimization
objective value of the test set. When the objective value
fluctuation amplitude is <1% for 100 consecutive cycles,
determine algorithm convergence and stop training. Save
the final Actor network parameters as the strategy model
for automatic load allocation at the dispatch control center.
Through this process, the algorithm converges in approx-
imately 50,000 iterations—achieving a 37.5% efficiency
improvement over the standard MA-DDPG algorithm. The
resulting load allocation strategy better aligns with the
operational requirements of provincial-level power grids.

V. CONCLUSION
This study successfully developed an enhanced Multi-Agent
Deep Deterministic Policy Gradient (MA-DDPG) algorithm
and a corresponding multi-agent system framework for
automatic, continuous load allocation in provincial-level
power dispatch master stations. The framework’s robust
coordination capabilities are highly beneficial for high-
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consumption regions, directly enabling the effective and
precise integration of large, flexible industrial loads from
the industry into the provincial power grid operations. By
dividing the grid into 6 independent yet cooperative dispatch
area agents, the system accurately models the complex,
uncertain operational environment, encompassing renewable
energy fluctuations (Weibull/Beta distributions) and load
demand uncertainty. The innovative multi-objective reward
function, prioritizing dispatch cost (ω1 = 0.5), environmen-
tal sustainability (ω2 = 0.3), and system stability (ω3 =
0.2), effectively guides agents toward optimal global load
balancing while strictly adhering to constraints like power
balance, transformer capacity (e.g., 400 MW limit), and
ESS operation (SOC 20%-80%). The algorithm’s superior
performance is rooted in key enhancements: an Adaptive
Communication Weight Module, which dynamically adjusts
inter-agent influence based on load deviation (|∆Pi(t)| > 5
MW increases weight) to facilitate “on-demand communica-
tion,” and a Priority Experience Replay (PER) mechanism,
which prioritizes high-TD-error samples for faster and more
accurate policy learning. These improvements collectively
boosted training efficiency by 37.5% compared to the
standard MA-DDPG. The resulting load allocation strategy
demonstrates the ability to simultaneously minimize total
dispatch costs, maximize renewable energy utilization by
keeping the curtailment rate low, and maintain grid stability
by reducing load fluctuation, providing a robust, efficient,
and intelligent solution for the complex and continuous
task of modern power grid dispatch. This comprehensive
optimization is highly beneficial to industrial users, di-
rectly empowering the high-consumption industry to achieve
profitable deep decarbonization by strategically utilizing its
substantial demand flexibility to aid grid stability and absorb
renewable energy surpluses.
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