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ABSTRACT Continuous active power dispatch is a critical task for virtual power plants (VPPs) with
energy storage, particularly under the increasing uncertainty of renewable generation and the growing
demand for real-time coordination in smart energy systems. This study proposes an improved Deep
Deterministic Policy Gradient (DDPG)-based optimization framework to enhance continuous dispatch
performance for VPPs integrating wind power, photovoltaic generation, and battery energy storage. A
multi-objective scheduling model is established by jointly considering dispatch cost, renewable energy
utilization, and operational constraints, while priority experience replay, cross-attention mechanisms,
gradient clipping, and cosine learning-rate decay are incorporated to improve training efficiency and policy
stability. Simulation results demonstrate that the proposed approach significantly outperforms conventional
methods by reducing average daily dispatch costs by 16.6%, achieving a renewable energy utilization rate
of 96.8%, and maintaining rapid power balance recovery under highly volatile operating conditions. The
optimized dispatch strategy further improves system robustness and dynamic adaptability in scenarios
involving renewable fluctuations and sudden load variations. Beyond intelligent energy management, the
proposed framework provides a practical optimization methodology for communication-enabled smart
grids and distributed electromagnetic sensing infrastructures, where reliable information exchange and
adaptive control are essential for coordinated operation of energy and wireless network resources.

INDEX TERMS virtual power plant, deep deterministic policy gradient, energy storage, active power
dispatch, smart grid communication

I. INTRODUCTION
A. RESEARCH BACKGROUND

DEEP Reinforcement Learning (DRL) algorithms of-
fer novel solutions for complex system optimization

problems through their exceptional decision-making capa-
bilities in high-dimensional continuous state and action
spaces. This capacity for handling complexity is crucial
for the energy management of the industry, enabling the
accurate, continuous optimization required for balancing the
dynamic load, variable generation, and storage assets in
its high-dimensional VPP operational environment. Among
these, the DDPG algorithm, as a representative Actor-Critic
framework, directly outputs deterministic dispatch strategies
without requiring discretization of continuous action spaces.
This aligns more closely with the practical requirement for
“continuous power regulation” in active power dispatch for
virtual power plants [1-3]. Among these, the DDPG algo-
rithm, as a representative Actor-Critic framework, directly
outputs deterministic dispatch strategies without requiring
discretization of continuous action spaces. This aligns more

closely with the practical requirement for "continuous power
regulation" in active power dispatch for virtual power plants.
While existing research has applied DDPG to microgrid
scheduling and energy storage optimization control, its
application to continuous active power scheduling for virtual
power plants incorporating energy storage exhibits several
limitations: First, it inadequately accounts for the dynamic
uncertainty of renewable energy output, often relying on
static scenario assumptions that compromise robustness
under fluctuating realworld conditions; Second, the charg-
ing/discharging losses and lifetime degradation models for
energy storage systems are overly simplified, making it
difficult to reflect the actual impact of scheduling strategies
on storage economics. Third, issues such as low sample
utilization and slow convergence during algorithm training
limit their engineering application efficiency [4,5].

The theoretical significance of this research lies in es-
tablishing a comprehensive technical framework— “un-
certainty modeling-multi-objective optimization-enhanced
DDPG solution”—which fills the application gap of deep
reinforcement learning in continuous active power schedul-
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ing for virtual power plants incorporating energy storage,
thereby enriching the theoretical system of intelligent VPP
scheduling. Its practical value lies in enabling the proposed
improved DDPG algorithm to achieve dynamic collaborative
optimization of generation, storage, and load within virtual
power plants. This significantly enhances dispatch economic
efficiency and environmental performance, providing tech-
nical support for virtual power plants to participate in
electricity market transactions and deliver ancillary services.
Simultaneously, it offers reference for optimizing power
system dispatch under high renewable energy penetration.
This contribution is vital for industrial decarbonization,
specifically by enabling large, flexible consumers in the
industry to participate more effectively in system dispatch,
thereby stabilizing the grid and accelerating the shift toward
renewable-powered manufacturing [6].

Among these, the DDPG algorithm, as a representative
Actor-Critic framework, directly outputs deterministic dis-
patch strategies without requiring discretization of continu-
ous action spaces. This aligns more closely with the practical
requirement for "continuous power regulation" in active
power dispatch for virtual power plants [1-3]. Specifically,
Ref. [1] verifies the DDPG algorithm’s inherent capability
to handle continuous action spaces; Refs. [2,3] validate the
applicability of this capability in VPP active power dispatch
scenarios, forming a complete technical logic chain.

B. CURRENT RESEARCH STATUS AT HOME AND
ABROAD
Internationally, the EU’s “FENIX” project first proposed a
three-tier architecture for virtual power plants—aggregation,
dispatch, and trading—incorporating energy storage systems
as key balancing resources into the active power dispatch
system. It established an optimization model targeting dis-
patch cost minimization but did not account for the uncer-
tainty of renewable energy output [7]. The Lawrence Berke-
ley National Laboratory in the United States proposed a
robust dispatch model for virtual power plants incorporating
energy storage, based on scenario analysis. This approach
generates multiple renewable energy output scenarios to
cover uncertainties, but the excessive number of scenarios
leads to exponential growth in computational complexity
[8]. In academia, Khalid et al. studied microgrid-based
virtual power plants, constructing a dispatch model incorpo-
rating wind, solar, and storage. They employed opportunity
constraint programming to address output uncertainty but
achieved only single-objective optimization without consid-
ering environmental benefits [9].

Domestically, a Tsinghua University team proposed a
“source-storage-load coordination” VPP scheduling frame-
work. This dynamically links energy storage charg-
ing/discharging strategies with renewable output prediction
errors to establish a multi-objective optimization function.
However, it converts multiple objectives into a single ob-
jective using a weighted sum method, which suffers from
strong subjectivity in weight assignment [10]. The State

Grid Electric Power Research Institute developed an active
power dispatch model for industrial park virtual power
plants, incorporating grid peak-valley pricing to optimize
energy storage timing and reduce electricity procurement
costs. However, it did not address strategies for enhancing
renewable energy integration rates [11]. A team from Jiang-
nan University developed a rolling dispatch model for virtual
power plants based on Model Predictive Control (MPC).
While capable of real-time prediction updates, it relies on
traditional quadratic programming algorithms for continuous
variable optimization, making it prone to local optima [12].

C. RESEARCH CONTENT AND TECHNICAL APPROACH
1) Research Content
Modeling and uncertainty analysis of energy storage-
integrated VPP systems: Develop mathematical models for
wind turbines, PV arrays, energy storage systems, and
conventional loads. Combine probability distributions with
real-time forecasting errors to characterize renewable output
uncertainty. Define constraints for energy storage charg-
ing/discharging, grid interaction power exchange, and load
supplydemand balance.

Multi-objective scheduling optimization function con-
struction: Establish a dual-objective function minimizing
the virtual power plant’s average daily scheduling cost
(including electricity procurement and energy storage loss
costs) while maximizing renewable energy utilization rates.
Resolve objective conflicts using nondomination sorting to
generate a reward function directly trainable by DDPG
algorithms;

2) Technical Approach
Modeling Phase (1-2 months): Define VPP system com-
position → Establish mathematical models for wind, solar,
storage, and load → Quantify renewable energy output
uncertainty → Construct multi-objective optimization func-
tion;

Algorithm Improvement Phase (2-3 months): Build stan-
dard DDPG algorithm framework → Introduce priority-
based experience replay and attention mechanism → Add
gradient clipping and learning rate decay strategies →
Design reward function and state/action spaces;

Training and Simulation Phase (2 months): Collect histor-
ical VPP operational data (wind/solar output, load, electric-
ity prices) → Partition into training and test sets → Train
algorithm and tune parameters → Build dispatch simulation
platform using MATLAB/Simulink;

Validation and Analysis Phase (1 month): Conduct dis-
patch simulation experiments under various scenarios →
Compare performance metrics between improved DDPG
and traditional algorithms → Analyze algorithm robustness
and economic efficiency → Formulate final conclusions and
optimization recommendations.
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simulation results. Compared with actual operational data,
this model achieves 94% accuracy in simulating output
under sunny conditions and 88% under cloudy conditions,
effectively supporting dispatch optimization analysis [19].

B. CONSTRUCTION OF MULTI-OBJECTIVE DISPATCH
OPTIMIZATION FUNCTION
The core objective of active power scheduling for virtual
power plants is to achieve synergistic optimization between
economic efficiency and environmental performance. This
requires simultaneously minimizing scheduling costs while
maximizing renewable energy utilization rates. The specific
function is constructed as follows:

Scheduling costs comprise two components: grid power
purchase costs and energy storage charging/discharging loss
costs. Power purchase costs are directly related to purchased
power capacity, time-of-use electricity rates, and time step
intervals. The local peak-valley time-of-use pricing pol-
icy is implemented as follows: Peak periods (9:00-12:00,
17:00-21:00): 1.2 RMB/kWh Off-peak periods (7:00-9:00,
12:00-17:00, 21:00-23:00): 0.8 RMB/kWh Off-peak (23:00-
7:00): 0.4 yuan/kWh. For example, purchasing 100 kWh
during peak hours incurs a 5-minute cost of 10 yuan (100
kWh × 1.2 yuan/kWh × 5/60 hours) [20]. Energy storage
charging/discharging loss costs correlate with power levels,
efficiency, and loss cost coefficients. Charging energy loss
equals charging power multiplied by (1 - charging effi-
ciency). Discharging energy loss equals discharging power
multiplied by (1 / discharging efficiency - 1), then multiplied
by the loss cost coefficient of 0.3 yuan/kWh and the time
interval to determine the loss cost for that period. For
example, charging at 100 kW for 5 minutes incurs a loss
cost of approximately 0.46 yuan (100 kW × (1 - 0.92)
× 0.3 yuan/kWh × 5/60 hours). Summing the electricity
procurement costs and energy storage loss costs across
all 288 scheduling periods (5 minutes per period) yields
the average daily total scheduling cost, which must be
minimized through scheduling optimization [21].

III. DESIGN OF ACTIVE POWER DISPATCH
OPTIMIZATION ALGORITHM BASED ON IMPROVED
DDPG
A. PRINCIPLES OF STANDARD DDPG ALGORITHM
The DDPG (Deep Deterministic Policy Gradient) algorithm,
based on the Actor-Critic framework, is suitable for rein-
forcement learning problems with continuous action spaces.
Its core architecture comprises four components: Actor net-
work, Critic network, target Actor network, and target Critic
network. Their functions and collaborative mechanisms are
as follows:

The core function of the Actor network is to output
deterministic actions based on the current environmen-
tal state, namely the energy storage charging/discharging
power adjustment and grid interaction power adjustment.
The network employs a three-layer fully connected neu-
ral network structure: The input layer consists of an 8-

II. MODELING AND DISPATCH CONSTRAINTS FOR 
VIRTUAL POWER PLANT SYSTEMS WITH ENERGY 
STORAGE
A. VIRTUAL POWER PLANT SYSTEM COMPOSITION 
AND MATHEMATICAL MODEL
As the core carrier aggregating distributed energy resources, 
energy storage systems, and controllable loads, the system 
model of a virtual power plant with energy storage must 
accurately reflect t he o perational c haracteristics o f each 
component unit to provide a reliable foundation for sub-
sequent dispatch optimization [13]. The virtual power plant 
system constructed in this study comprises wind turbines, 
photovoltaic arrays, lithium-ion battery energy storage sys-
tems, and conventional loads within an industrial park. The 
mathematical models for each unit are designed as follows:

The output level of wind turbines is entirely dependent on 
wind speed variations. In actual operation, the probabilistic 
distribution characteristics of wind speed and the nonlinear 
relationship with output must be considered [14].

Furthermore, due to limitations in meteorological fore-
casting accuracy, deviations exist between actual and pre-
dicted wind power output. Historical data indicates these 
deviations typically range between -10% and +10%, follow-
ing a normal distribution pattern. Therefore, a forecast error 
coefficient must be incorporated into the model to adjust the 
theoretical output of wind turbines to actual output, ensuring 
consistency between the model and real-world scenarios. 
Validation shows this model can control simulation errors 
for wind power output within 5%, meeting the accuracy 
requirements for dispatch optimization [15-17]. The output 
of photovoltaic arrays is influenced by both solar irradiance 
and ambient temperature, with solar irradiance having a 
more significant impact. The probability distribution of local 
solar irradiance exhibits a “high in the middle, low at 
both ends” characteristic, with irradiance typically ranging 
between 200 and 1000 watts per square meter during most 
periods. Peak irradiance reaches its maximum value of 1000 
watts per square meter at noon. Under rated irradiance (1000 
W/m2) and rated temperature (25◦C), the rated output of a 
PV array is 150 kW. When irradiance falls below 200 W/m2, 
PV output drops significantly, m aintaining o nly 10%-20%
of rated output [18]. The summary of VPP Dispatch and 
Operation Constraints is shown in Table 1:

Environmental temperature negatively correlates with PV 
output: each 1°C increase in temperature reduces output by 
approximately 0.45%. For instance, when ambient tem-
peratures reach 35°C during summer afternoons, actual 
PV output drops by about 4.5% compared to the rated 
value. while in low-temperature winter conditions, output 
approaches the rated value more closely. Similar to wind 
power, photovoltaic output also exhibits prediction errors, 
which are more significant d ue t o f actors l ike c loud cover 
and sudden weather changes, typically ranging from -
15% to +15%. Therefore, corresponding prediction error 
coefficients m ust b e i ncorporated i nto t he m odel t o correct 
theoretical photovoltaic output and ensure the authenticity of
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TABLE 1. Summary of VPP Dispatch and Operation Constraints

Subcategory Detailed Description

Overview To ensure the safety, stability, and economic efficiency of VPP active power dispatch, various constraints must be
defined to prevent dispatch strategies from violating equipment operation limits or grid control requirements.

Power Balance Constraint As the core constraint of VPP dispatch, it requires real-time balance between active power supply and demand
within the VPP, considering the interactive power among wind turbines, PV arrays, energy storage systems (ESS),
conventional loads, and the main grid. Specifically, the sum of the actual output of wind and PV, power purchased
from the grid, and ESS discharge power must equal the sum of the actual conventional load demand and ESS
charging power. Breaking this balance will cause system frequency fluctuations and affect power supply stability.
For example, when the output of wind and PV surges, ESS charging power should be increased or power sold to
the grid should be raised to maintain balance; when the load surges, ESS discharge power should be increased or
power purchased from the grid should be augmented to fill the gap.

Grid Interactive Power Constraint The interactive power between the VPP and the main grid must comply with grid dispatch requirements to avoid
impacts on grid frequency and voltage. According to local grid control standards, the maximum power purchase of
the VPP is set to 200 kW (approximately 1.2 times the maximum load) to prevent local grid overload caused by
excessive power purchase; the minimum power sale is set to -150 kW (the negative sign indicates power sales, and
the absolute value is approximately 1.0 times the maximum renewable energy output) to avoid voltage impacts on
the grid due to excessive power sales. In actual dispatch, the interactive power with the grid must be strictly
controlled within this range: if it exceeds the upper limit, power purchase should be reduced or power sale
increased; if it falls below the lower limit, power sale should be reduced or power purchase increased.

ESS Operation Constraints In addition to the aforementioned SOC and charge-discharge power constraints, the ESS must also meet the
charge-discharge power change rate constraint and operational safety constraints. The charge-discharge power
change rate constraint is specified in the model: the power adjustment range between adjacent dispatch time steps
shall not exceed 50 kW. Operational safety constraints mainly include avoiding deep charge-discharge and
preventing over-temperature operation. Among them, the deep charge-discharge constraint is indirectly achieved
through the SOC range (20%-80%); for the over-temperature operation constraint, the battery temperature is
monitored in real time, and when the temperature exceeds 45◦C, the charge-discharge power is automatically
reduced to 50% of the rated value to ensure equipment safety.

Renewable Energy Output
Constraints

The actual output of wind turbines and PV arrays must be within their technical allowable ranges, not exceeding
the rated output upper limit or being negative. Specifically, the actual output of wind turbines should be controlled
between 0-200 kW, and that of PV arrays between 0-150 kW. If the theoretical output of renewable energy exceeds
the rated value, the output must be reduced to the rated value through curtailment; if the theoretical output is
negative (affected by prediction errors), it should be corrected to 0 to ensure the rationality of the model output.

Overview To ensure the safety, stability, and economic efficiency of VPP active power dispatch, various constraints must be
defined to prevent dispatch strategies from violating equipment operation limits or grid control requirements.

dimensional state vector (wind power output, solar power
output, load, SOC, energy storage power, grid interaction
power, electricity price, renewable energy forecast error).
The hidden layers contain 256 and 128 nodes respectively,
utilizing the ReLU activation function. The output layer
consists of a 2- dimensional action vector (energy storage
power adjustment and grid interaction power adjustment),
employing the tanh activation function to map action values
to the interval [-1,1]. Scaling then determines the actual
action range (energy storage power adjustment: [-50,50]
kW; grid interaction power adjustment: [-60,60] kW) [22-
24]. The Architecture and Technical Specifications of the
Standard DDPG Algorithm are shown in Table 2:

The target Actor network shares identical architecture
with the Actor network to generate target actions. Its
parameters are not directly updated but replicated from
the Actor network via a soft update strategy. The soft
update coefficient is set to 0.001, meaning target Actor
network parameters = 0.001 × Actor network parameters
+ 0.999 × previous target Actor network parameters. This
strategy prevents excessive parameter fluctuations in the
target network, ensuring training stability [25].

The core function of the Critic network is to evaluate
the value of actions output by the Actor network, i.e., to
compute action value based on the current state and action.
The network also adopts a three-layer fully connected neural

network structure: the input layer consists of a concatenated
state-action vector (8- dimensional state + 2-dimensional
action = 10 dimensions), the hidden layers have 256 and 128
nodes respectively, and the activation function is ReLU; the
output layer is a single node that directly outputs the action
value, reflecting the long-term reward of the current action
in the current state [26].

The target Critic network shares the same architecture
as the Critic network and is used to compute target action
values. Its parameter updates follow the same soft update
strategy as the target Actor network, with the soft update
coefficient set to 0.001. Target action values are computed
by combining the next-step state, the target action output
by the target Actor network, and the current reward, thereby
providing stable value targets for training the Critic network
[26].

To break sample correlations and enhance training ef-
ficiency, the DDPG algorithm incorporates an experience
replay mechanism: each scheduling time step’s experience
sample (current state, action, reward, next state, termination
flag) is stored in an experience replay pool (capacity: 1
million). During training, batch samples (64 per batch)
are randomly sampled from the replay pool for parame-
ter updates. This mechanism prevents sample order from
influencing training while enabling sample reuse, thereby
improving data utilization efficiency [27].
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TABLE 2. Architecture and Technical Specifications of the Standard DDPG Algorithm

Component of Standard DDPG
Algorithm

Core Functionality Technical Details and Implementation

Actor Network Outputs deterministic actions based on
current environmental states

• Network structure: 3-layer fully connected neural network (FCN). Input layer: state vector (dimension varies by task); hidden
layers: 256/128 nodes with ReLU activation; output layer: action vector with tanh activation (maps actions to [-1,1] for subsequent
scaling to actual action range).
• Objective: Maximize the action value evaluated by the Critic network via policy gradient ascent.

Target Actor Network Generates stable target actions for Critic
network training

• Structure: Identical to the Actor network.
• Parameter update: Uses soft update instead of direct update. Formula: θµ′ = τθµ + (1 − τ)θµ′ , where τ (typically 0.001)
is the soft update coefficient, θµ is the Actor network parameter, and θµ′ is the Target Actor network parameter. This avoids large
parameter fluctuations and ensures training stability.

Critic Network Evaluates the value of actions output by the
Actor network (action-value function
Q(s, a))

• Network structure: 3-layer FCN. Input layer: concatenated vector of state and action (dimension = state dimension + action
dimension); hidden layers: 256/128 nodes with ReLU activation; output layer: single node (outputs the action value directly).
• Objective: Minimize the mean squared error (MSE) between the predicted action value and the target action value.

Target Critic Network Calculates stable target action values to
guide Critic network training

• Structure: Identical to the Critic network.
• Parameter update: Follows the same soft update rule as the Target Actor network: θQ′ = τθQ + (1 − τ)θQ′ , where θQ is
the Critic network parameter and θQ′ is the Target Critic network parameter.

Experience Replay Buffer Breaks sample correlation and improves
data utilization efficiency

• Function: Stores experience samples (st, at, Rt, st+1, dt), where st = current state, at = action, Rt = reward, st+1 =
next state, and dt = done flag (1 for terminal state, 0 otherwise).
• Sampling strategy: Random sampling of mini-batches (typically 64–128 samples per batch) during training to avoid sequential
sample bias. Common buffer capacity: 105–106 samples.

Loss Functions of Actor and Critic
networks

Guide the update of networks 1. Critic Network Loss: MSE between predicted and target action values. Target action value formula:
yi = Ri + γ(1 − di)Q

′(si+1, µ
′(si+1; θµ′ ); θQ′ ), where γ (typically 0.9–0.99) is the discount factor, Q′ is the

Target Critic net work output, and µ′ is the Target Actor network output. Loss formula:

2. Actor Network∑Loss: Negative of the average action value (maximizes action value via gradient ascent). Loss formula:

Exploration Mechanism Introduces randomness to action, avoids
local optima, and explores the action space

Adds Gaussian noise (typically N(0, 0.12) to the Actor network’s output action during training:
aexplore = µ(s; θµ) + ϵ, where ϵ is Gaussian noise. The noise intensity can be gradually reduced to balance exploration and 
exploitation in later training stages.

The core function of the Actor network is to output
deterministic actions based on the current environmental
state, namely the energy storage charging/discharging power
adjustment and grid interaction power adjustment. The net-
work employs a three-layer fully connected neural network
structure: The input layer consists of an 8-dimensional state
vector (wind power output, solar power output, load, SOC,
energy storage power, grid interaction power, electricity
price, renewable energy forecast error).

The core function of the Critic network is to evaluate
the value of actions output by the Actor network, i.e., to
compute action value based on the current state and action.
The network also adopts a three-layer fully connected neural
network structure: the input layer consists of a concatenated
state-action vector (8- dimensional state + 2-dimensional
action = 10 dimensions). Note: The state space itself is
fixed at 8 dimensions; the 10-dimensional input of the
Critic network is the concatenation result of state and action
vectors.

B. IMPROVED DDPG ALGORITHM DESIGN
To address issues in standard DDPG algorithms for vir-
tual power plant active power scheduling—including low
sample utilization, insufficient capture of key features, and
training instability—we implement enhancements across
four dimensions: priority-based experience replay, attention
mechanism integration, gradient clipping, and learning rate
decay. Specific designs are as follows:

Additionally, a cosine annealing learning rate decay strat-
egy is adopted to balance exploratory capability during early
training with convergence accuracy in later stages. Initial
learning rates are set to 0.0001 for the Actor network and
0.001 for the Critic network. As training iterations progress
(maximum 100,000 iterations), the learning rate gradually
decays along a cosine curve, ultimately reaching 10% of its

initial value. For instance, after 50,000 iterations, the Actor
network’s learning rate drops to 0.000055 and the Critic
network’s to 0.00055. This strategy prevents parameter
oscillations caused by excessively high learning rates early
in training and avoids convergence difficulties due to overly
high rates later on, ultimately improving the algorithm’s
final convergence accuracy by 10% [28].

To capture renewable energy prediction errors in real
time, a Cross-Attention mechanism is integrated into the
Critic network. The design details are as follows:

1) Input Feature Definition
Query vector (Q): Renewable energy prediction error se-
quence (dimension: T×3, T=number of time steps, 3=wind
error + PV error + total error);

Key vector (K): Renewable energy output sequence (di-
mension: T×2, 2=wind output + PV output);

Value vector (V): Renewable energy output sequence
(same as K).

Attention Weight Calculation: Attention(Q,K, V ) =
Softmax

(
QKT /

√
dk

)
V , where dk is the dimension of K

(dk = 2), ensuring stable gradient propagation.
Integration Position: The Cross-Attention module is

embedded in the input feature fusion stage of the Critic
network, with the workflow: 1) Extract “renewable energy
prediction error”, “wind power output”, and “PV output”
from the 8-dimensional state vector; 2) Expand dimensions
of the three features to form Q, K, V vectors; 3) Calculate
attention weights to strengthen the contribution of error-
related features; 4) Concatenate the weighted features with
other state features (SOC, electricity price, etc.) to form the
final input of the Critic network.

The attention mechanism enables the model to dynam-
ically focus on time steps with large prediction errors,

yi =Ri +γ (1−di ) Q′(si+1 ,μ′(si+1 ;θμ′ );θQ′ )

Lμ =−B1 ∑i=1B Q(si ,μ(si ;θμ );θQ )
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increasing the attention weight for such features by 30%
compared to the standard model.

To align with virtual power plant (VPP) dispatch re-
quirements, the state space and action space of the DDPG
algorithm are explicitly defined to ensure algorithm out-
puts match real-world dispatch scenarios: The state space
comprises eight normalized dimensions (mapped to the [-
1,1] range), specifically: actual wind power output (0–200
kW), actual PV output (0–150 kW), actual conventional load
(100–300 kW), energy storage SOC (20%–80%), current en-
ergy storage charge/discharge power (-100–100 kW, positive
for charging, negative for discharging) virtual power plant
interaction power with the grid (-150-200 kW, positive for
power purchase, negative for power sale), current electricity
price (0.4-1.2 CNY/kWh), and renewable energy output
prediction error (0-15%) [29,30].

The action space comprises two continuous dimensions,
also scaled as follows: energy storage charge/discharge
power adjustment (-50 to 50 kW, negative values re-
duce charging/increase discharging, positive values increase
charging/reduce discharging); grid interaction power ad-
justment (-60 to 60 kW, negative values reduce power
purchase/increase power sale, positive values increase power
purchase/reduce power sale). The dimensional design of the
action space ensures scheduling strategy flexibility while
preventing excessive system fluctuations caused by overly
large action adjustments.

2) SOC Constraint Enforcement Mechanism
To ensure SOC operates within the safe range (20%-80%),
a dual mechanism of “reward function penalty + action
clipping” is implemented.

3) Reward Function Penalty
When SOC<20% or SOC>80%, a penalty term is triggered:

Rpenalty = −50×|SOC−50%|. This reduces the policy’s
cumulative reward to discourage deep charge-discharge.

4) Action Clipping
After the Actor network outputs an action, a constraint check
is added. If executing the action would cause SOC to exceed
the threshold:

• When SOC≤20%: Prohibit discharging actions, limit
charging power increase to ≤20 kW;

• When SOC≥80%: Prohibit charging actions, limit dis-
charging power increase to ≤20 kW;

This ensures SOC remains within the safe range after
action execution.

C. IMPROVED DDPG ALGORITHM TRAINING PROCESS
The training process for the improved DDPG algorithm must
incorporate the temporal characteristics of the virtual power
plant scheduling scenario to ensure efficient convergence
and learning of optimal scheduling strategies. The specific
steps are as follows:

1. Initialization Setup: Construct the Actor network, Critic
network, target Actor network, and target Critic network.
Initialize network parameters (target network parameters
match the main network initially). Initialize the experience
replay pool and set training hyperparameters (maximum
iterations: 100,000; batch size: 64; discount factor: 0.95;
soft update coefficient: 0.001, etc.).

2. Environment Interaction and Experience Collection:
Treat one typical day (288 scheduling moments) as one
training cycle. Initialize the VPP’s initial state (e.g., initial
SOC=50%, initial output and load values set based on histor-
ical data). At each scheduling time step, the Actor network
outputs an action based on the current state. A Gaussian
noise term N(0, 0.12) is added to increase exploration,
yielding an exploration action. This action is applied to
the VPP system, updating state variables such as energy
storage SOC and grid interaction power to obtain the next-
step state. The reward function calculates the current-step
reward, determining whether the cycle has ended (if yes,
termination flag = 1; otherwise = 0). Store the experience
sample (current state, exploration action, reward, next-step
state, termination flag) into the experience replay pool.

3. Network Parameter Update: When the replay pool
reaches 10,000 samples, initiate network update: Select 64
batch samples from the replay pool using priority sampling;
Compute target action value (based on target Actor and tar-
get Critic networks); Compute the Critic network loss (mean
squared error), minimize the loss using the Adam optimizer,
update the Critic network parameters, and perform gradient
clipping; Compute the policy gradient for the Actor network
(based on the Critic network’s gradient for actions), maxi-
mize the action value using the Adam optimizer, update the
Actor network parameters, and perform gradient clipping;
Update the target Actor and target Critic network parameters
according to the soft update policy.

IV. EXPERIMENTAL VALIDATION AND PERFORMANCE
ANALYSIS
A. EXPERIMENTAL PLATFORM AND PARAMETER
SETTINGS
The simulation platform was constructed using “MAT-
LAB/Simulink + TensorFlow 2.8” to achieve collabora-
tive virtual power plant system simulation and algorithm
training: MATLAB/Simulink was employed to build system
simulation models for wind turbines, photovoltaic arrays,
energy storage systems, and conventional loads, performing
power balance calculations, constraint condition evaluations,
and state variable updates; TensorFlow 2.8 leveraged the
Keras framework to build neural network models for the
enhanced DDPG algorithm, enabling algorithm training and
dispatch strategy output. Data exchange between the two
systems was achieved through the MATLAB Engine API,
facilitating real-time transmission of state variables and ac-
tion variables to ensure synchronization between simulation
and training.
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The hardware configuration comprised: an Intel Core i9-
12900K CPU (16 cores, 32 threads), NVIDIA RTX 4090
GPU (24GB VRAM), 64GB DDR5 memory, 2TB SSD
storage. This configuration meets the efficiency demands of
large-scale data processing and model training, with a single
training cycle (288 scheduling moments) taking approxi-
mately 1.2 seconds and 100,000 iterations requiring roughly
33 hours total training time. Virtual Power Plant System
Parameters Based on actual data from an industrial park,
the parameters are as follows: Wind turbines: Rated output
200 kW, cut-in wind speed 3 m/s, rated wind speed 12 m/s,
cut-out wind speed 25 m/s Photovoltaic arrays: Rated output
150 kW, temperature coefficient -0.0045/◦C; energy storage
system rated capacity 500 kWh, rated charge/discharge
power 100 kW, charge/discharge efficiency 92%, SOC range
20%-80%; conventional load average daily peak 300 kW,
valley 100 kW; grid interaction power constraint -150 to
200 kW, peak-valley time-of-use electricity price 0.4-1.2
RMB/kWh.

B. EXPERIMENTAL SCENARIO DESIGN
To comprehensively validate the performance of the im-
proved DDPG algorithm, experimental scenarios were de-
signed covering conventional operating conditions, extreme
fluctuations, and sudden load events, The Experimental
Environment and System Configuration for VPP Dispatch
are shown in Table 3:

C. HIGHLY FLUCTUATING RENEWABLE ENERGY
SCENARIO
Simulates extreme weather conditions (e.g., gusts, rapid
cloud cover) to increase wind and solar power output
prediction errors (wind error ±15%, solar error ±20%).
Wind power output abruptly drops from 180 kW to 80 kW
between 10:00–10:30, and PV output surged abruptly from
100 kW to 150 kW between 14:00 and 14:30. This scenario
validated the algorithm’s robustness (capability to handle
renewable energy fluctuations).

D. LOAD SURGE SCENARIO
At 14:00 on a typical day, a 30% load surge (from 200 kW
to 260 kW) was simulated to replicate sudden production de-
mands in an industrial park, testing the algorithm’s dynamic
response capability (rapidly adjusting dispatch strategies to
maintain power balance).

E. EXPERIMENTAL RESULTS AND ANALYSIS
First, we compare the convergence performance of the
improved DDPG and standard DDPG algorithms, using
the trend of average reward values during training as the
evaluation metric (higher rewards indicate better schedul-
ing performance). Experimental results show: The standard
DDPG algorithm converged more slowly, requiring 80,000
iterations to stabilize, with a final reward value of only 7.2–
7.8—over 15% lower than the improved DDPG algorithm.

Under highly fluctuating renewable energy conditions, the
robustness of the four algorithms was analyzed using three
evaluation metrics: “variation in wind and solar curtailment
rates,” “variation in dispatch costs,” and “maximum power
balance error” (where variation refers to the percentage dif-
ference between Scenario 2 and Scenario 1 metrics relative
to Scenario 1 metrics). Results are as follows:

The modified DDPG algorithm demonstrated optimal
robustness: the variation in wind and solar curtailment rates
was only 1.8%, increasing by just 0.6 percentage points
from 3.2% to 3.8% compared to Scenario 1; the variation
in dispatch costs was 8.5%, increasing by 109.3 yuan from
1286.3 yuan to 1395.6 yuan; Maximum power balance error:
2.0%, remaining below the 3% safety threshold. This is
attributed to: The improved DDPG algorithm employs an
attention mechanism to capture renewable energy output
prediction errors in real time, rapidly adjusting energy
storage charging/discharging strategies—when wind power
output drops sharply, it immediately increases energy stor-
age discharge power (from 20 kW to 70 kW) and grid
power purchase (from 30 kW to 80 kW) to maintain power
balance; When solar output surged abruptly, it increased
energy storage charging power (from 50 kW to 90 kW)
and grid power sales (from 20 kW to 50 kW) to prevent
curtailed generation.

Results confirm that the Cross-Attention mechanism sig-
nificantly improves the model’s ability to capture renewable
energy prediction errors, enabling more timely adjustment
of ESS charging/discharging strategies and further reducing
scheduling costs.

In load surge scenarios, the dynamic response capabilities
of four algorithms were analyzed using “power balance
recovery time,” “energy storage charge/discharge power
adjustment range,” and “peak grid power purchase” as
evaluation metrics. Results are as follows:

The improved DDPG algorithm demonstrated the
strongest dynamic response capability: The energy storage
charging/discharging power adjustment range reached 45.3
kW, representing a 38.5% improvement over the standard
DDPG (32.7 kW) and exceeding traditional algorithms by
over 50%; The peak grid power purchase reached only 128.5
kW, a 17.8% reduction compared to the standard DDPG
(156.3 kW) and over 30% lower than traditional algorithms.

Results show that the dual constraint mechanism effec-
tively controls SOC within 20%-80% in 99.5%+ of schedul-
ing time steps, with minimal out-of-bounds amplitude and
duration, verifying compliance with physical constraints.

F. EXPERIMENTAL CONCLUSIONS
Based on results from three scenarios, the improved DDPG
algorithm demonstrates significant advantages in continuous
active power scheduling optimization for virtual power
plants with energy storage:

1. Enhanced Economic Efficiency: Under conventional
conditions, average daily scheduling costs are reduced by
16.6% compared to standard DDPG and by over 28% com-
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TABLE 3. Experimental Environment and System Configuration for VPP Dispatch

Experimental Configuration
Category

Specific Items Detailed Specifications

Simulation Software
Platform

Framework Built on “MATLAB/Simulink + TensorFlow 2.8” to realize collaboration between VPP system
simulation and algorithm training:
• MATLAB/Simulink: Used to build system simulation models for wind turbines, PV arrays,
ESS, and conventional loads; completes power balance calculation, constraint judgment, and
state variable update.
• TensorFlow 2.8 (based on Keras): Used to build the neural network model of the improved
DDPG algorithm; realizes algorithm training and dispatch strategy output.
• Data Interaction: MATLAB Engine API enables real-time data transmission of state
variables and action variables between the two platforms, ensuring synchronization of
simulation and training.

Environment Specifications Hardware Component • CPU: Intel Core i9-12900K (16 cores, 32 threads).
• GPU: NVIDIA RTX 4090 (24 GB video memory).
• RAM: 64 GB DDR5.
• Hard Drive: 2 TB SSD.
• Performance: Meets the efficiency requirements of large-scale data processing and model
training; processing time for a single training cycle (288 dispatch time steps) is approximately
1.2 seconds, and total training time for 100,000 iterations is approximately 33 hours.

VPP System Parameters Wind Turbine Rated output: 200 kW; cut-in wind speed: 3 m/s; rated wind speed: 12 m/s; cut-out wind
speed: 25 m/s.

VPP System Parameters PV Array Rated output: 150 kW; temperature coefficient: -0.0045/◦C.
VPP System Parameters Energy Storage System

(ESS)
Rated capacity: 500 kWh; rated charge-discharge power: 100 kW; charge-discharge efficiency:
92%; SOC range: 20%-80%.

VPP System Parameters Conventional Load Daily average peak load: 300 kW; daily average valley load: 100 kW.
VPP System Parameters Grid Interaction and

Electricity Price
Grid interactive power constraint: -150 kW to 200 kW (negative value for power sales,
positive value for power purchase); time-of-use electricity price: 0.4-1.2 CNY/kWh (valley,
flat, peak periods respectively).

pared to traditional algorithms. This effectively leverages
peak-valley electricity pricing and energy storage regulation
to minimize electricity procurement expenses and energy
storage losses.

2. Enhanced Environmental Performance: Achieves a
renewable energy utilization rate of 96.8% with wind and
solar curtailment rates as low as 3.2%, representing a 5-11
percentage point improvement over comparison algorithms,
thereby supporting the achievement of carbon neutrality
goals;

3. Superior Robustness and Dynamic Response: Under
scenarios of high renewable energy volatility and sudden
load surges, it achieves the shortest power balance recovery
time (8.2 seconds), minimal power curtailment rates, and
minimal cost fluctuations, ensuring stable operation under
extreme conditions. This algorithm delivers an efficient,
robust intelligent solution for continuous active power dis-
patch in virtual power plants incorporating energy storage.
It can be further extended to dispatch scenarios involving
virtual power plants with additional distributed energy types,
providing technical support for the safe and stable operation
of power systems and the integration of renewable energy.

V. CONCLUSION
This research successfully developed an Improved Deep
Deterministic Policy Gradient (DDPG) algorithm for the
continuous active power dispatch optimization of a Vir-
tual Power Plant (VPP) integrating wind, PV, and Energy
Storage Systems (ESS). This enhanced algorithm’s robust
optimization is particularly effective when managing VPPs

that include large industrial users, thereby enabling high-
consumption complexes to leverage their demand flexibility
and storage assets for maximized efficiency and grid stabil-
ity. By systematically modeling VPP components, defining a
multi-objective function (minimizing cost and maximizing
renewable energy utilization), and applying a comprehen-
sive set of operational constraints, this study established a
robust framework for real-time dispatch. The core contri-
bution is the enhancement of the standard DDPG through
priority-based experience replay, an attention mechanism
to capture renewable energy prediction errors, gradient
clipping, and cosine annealing learning rate decay. Ex-
perimental validation across conventional, high-fluctuation,
and load surge scenarios confirmed the superior perfor-
mance of the improved algorithm. Compared to the standard
DDPG and traditional methods, the enhanced DDPG signif-
icantly boosted economic efficiency, reducing average daily
scheduling costs by 16.6%, primarily by optimally utilizing
the time-of-use pricing and ESS regulation. Furthermore, it
achieved an exceptional renewable energy utilization rate of
96.8%, demonstrating superior environmental performance.
Critically, under extreme conditions, the improved algo-
rithm showed superior robustness and dynamic response
capability, achieving the shortest power balance recovery
time (8.2 seconds) and minimizing grid power purchase
peaks, ensuring system stability. These results validate the
improved DDPG as an efficient, robust, and intelligent
solution for continuous active power dispatch in VPPs,
offering a promising foundation for the secure operation
and high integration of distributed energy resources in
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future power systems. This validated solution is crucial for
high-consumption manufacturing sectors, directly enabling
the industry to securely integrate its onsite generation and
flexible loads into VPPs, thereby optimizing its energy costs
and contributing actively to grid stability.
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