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Source-grid-load-storage multi-terminal collaborative control 
technology for photovoltaic distribution network based on DQN 
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State Grid Gansu Electric Power Company Jiayuguan Power Supply Company, Jiayuguan 735100, China 

Abstract. As the photovoltaic penetration rate continues to increase, the dynamic characteristics of the multi-dimensional coupling of source, grid, 
load and storage in the distribution network have become increasingly significant. Traditional control methods often face response lag and regulation 
instability in this multi-time-varying scenario. Therefore, the study proposes a source-grid-load-storage multi-terminal collaborative control strategy 
for photovoltaic distribution network. A centralized and distributed two-level collaborative architecture is established to enable deep reinforcement 
learning agents to learn the optimal power regulation strategy. The multi-time scale control of voltage regulator taps, photovoltaic, energy storage 
systems, and static reactive power compensation devices is coordinated to achieve voltage optimization and efficient energy allocation. A comparative 
test was conducted using the IEEE 33-node system as the simulation platform. The results showed that the proposed method could increase the peak 
photovoltaic output by about 20%-25% on the power generation side, and the average power generation utilization rate reached 93%. The load 
transfer rate increased to 26.2%, and the load balance dropped to 0.21. In terms of voltage stability, the system fluctuation was controlled within 0.15 
p.u., and the steady-state error was less than 0.01 p.u. In typical operating scenarios, deep reinforcement learning control increased the energy storage 
utilization rate to 86.3%-88.9% and reduced the network loss rate to 3.1%-3.5%. The results show that this method is significantly better than the 
comparison strategy in terms of multi-source collaboration and dynamic stability, and provides an efficient and intelligent optimization solution for 
the safe and economical operation of high-penetration photovoltaic distribution networks. 
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1. Introduction 

As the penetration of renewable energy continues to 
increase, distribution networks are gradually evolving from 
traditional unidirectional power delivery systems into active 
networks characterized by strong coupling among source, grid, 
load, and storage. High-proportion photovoltaic integration 
increases the uncertainty of power flow and may lead to voltage 
deviation, power fluctuation, and insufficient utilization of 
flexible regulation resources. Therefore, coordinated voltage 
control based on distributed energy resources and hierarchical 
regulation has become an important research direction. 
Stanojev et al. (2025) proposed an online feedback droop 
scheduling method for distribution grids, which coordinated 
distributed energy resources to achieve frequency and local 
voltage regulation and improved the adaptability of voltage 
support under changing operating conditions. Irmak et al. (2024) 
developed an event-triggered distributed secondary control 
strategy for microgrids, reducing unnecessary communication 
while maintaining efficient and reliable coordinated regulation. 
Bosisio et al. (2025) introduced Q-learning into on-load tap 
changer operation and voltage control under high renewable 
energy penetration, enabling adaptive tap regulation according 
to system operating states. Manojkumar et al. (2024) 
coordinated photovoltaic generation and battery energy storage 
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to compensate for net-load forecasting errors, thereby 
improving peak-shaving capability and reducing the influence of 
source-load uncertainty on system operation. 

Hong et al. (2024) developed a multi-agent deep 
reinforcement learning-based bi-level Volt/Var optimization 
framework to coordinate grid-side static var compensators and 
customer-side photovoltaic inverters, thereby mitigating 
voltage deviations and reducing distribution network losses 
under high photovoltaic penetration. Wang et al. (2024) further 
coordinated dynamic network reconfiguration and Volt/Var 
control through a graph-aware deep reinforcement learning 
framework, demonstrating the potential of data-driven methods 
for handling high-dimensional discrete control decisions in 
active distribution networks. Mu et al. (2024) introduced graph 
multi-agent reinforcement learning into inverter-based active 
voltage control, using interactions among distributed agents to 
improve voltage regulation and network loss performance. In 
addition, Yu et al. (2024) proposed a risk-aware reinforcement 
learning framework for power fluctuation smoothing under high 
renewable energy penetration, highlighting the importance of 
considering uncertainty and operational risks in adaptive 
control. Peng et al. (2025) developed a deep reinforcement 
learning-based multi-timescale Volt/Var control method that 
coordinated devices with different response characteristics 
while considering distribution network reconfiguration, further 
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demonstrating the necessity of multi-timescale coordination in 
renewable-rich distribution systems. 

In recent years, reinforcement learning and deep 
reinforcement learning have been increasingly applied to active 
distribution network control because of their capability to learn 
adaptive decision policies under nonlinear and time-varying 
operating conditions. D Wang et al. (2025) proposed a multi-
agent deep reinforcement learning method for coordinating 
large-scale photovoltaic inverters and demonstrated its 
effectiveness in local distribution voltage regulation. Mukherjee 
et al. (2025) developed a vertical federated reinforcement 
learning framework for resilient control of networked 
microgrids and verified the coordinated control performance 
through a real-time test bed. Dang et al. (2025) proposed a meta-
reinforcement-learning-based adaptive energy storage control 
method, which improved the adaptability and interpretability of 
storage scheduling under dynamic operating scenarios. Shalaby 
et al. (2025) further introduced safe deep reinforcement learning 
into resilient distribution grid control, incorporating operational 
security into the decision-making process and improving 
system control capability under severe disturbances. Guan et al. 
(2025) proposed a model-based safe reinforcement learning 
framework for active distribution network scheduling, 
embedding operational security constraints into the learning 
process to improve renewable energy utilization while ensuring 
feasible control actions. Locher et al. (2026) combined 
reinforcement learning with model predictive control for utility-
level battery management in distribution grids, achieving fast 
real-time decision-making while explicitly considering battery 
state-of-charge and operational constraints. From the 
perspective of distributed decision-making, Vu et al. (2024) 
employed multi-agent deep reinforcement learning for 
distributed load restoration and demonstrated that centralized 
training and decentralized execution can effectively coordinate 
multiple agents while reducing constraint violations. These 
studies indicate that reinforcement learning-based control is 
gradually extending from single-device regulation toward multi-
resource coordination, adaptive energy management, multi-
timescale decision-making, and security-aware operation. 

In summary, although existing studies have made certain 
progress in distribution network voltage regulation, reactive 
power optimization, and distributed energy scheduling, several 
limitations remain. First, most studies mainly focus on a single 
regulation object, such as the reactive power output of 
distributed energy resources, energy storage charging and 
discharging, or transformer tap adjustment, while insufficient 
attention has been paid to the coordination among OLTC, 
photovoltaic units, energy storage systems, SVC devices, and 
load-side response. Second, traditional model-driven 
optimization methods usually rely on accurate system 
parameters and continuous state estimation, which may lead to 

control delay and regulation instability under photovoltaic 
output fluctuations, load uncertainty, and communication 
delays. Third, although existing reinforcement learning methods 
can effectively address local voltage regulation and continuous 
power control problems, most studies still focus on single 
control objectives or single-agent optimization. Comprehensive 
coordination among multiple devices with different time scales 
and improvement of energy storage utilization efficiency under 
high photovoltaic penetration scenarios have not been 
sufficiently considered. 

To address the above research gaps, this paper proposes a 
DQN-based source-grid-load-storage multi-terminal 
collaborative control method for photovoltaic distribution 
networks. The novelty of this study is mainly reflected in three 
aspects. First, a centralized-distributed two-level collaborative 
control architecture is constructed to coordinate global 
transformer tap regulation with local power regulation of 
photovoltaic units, energy storage systems, and SVC devices. 
Second, a multi-time-scale reinforcement learning control 
strategy is designed for high-penetration photovoltaic scenarios 
to improve voltage stability, photovoltaic accommodation 
capability, and energy storage utilization. Third, voltage 
deviation, network loss, equipment action smoothness, and 
energy scheduling efficiency are jointly considered in the 
reward function, enabling the control strategy to balance 
operational security and economic performance. Therefore, this 
study provides an intelligent optimization solution for the 
adaptive, robust, and economical operation of high-penetration 
photovoltaic distribution network. 

2.Methodology 

2.1 Construction of integrated voltage regulation model of source-
grid-load-storage 

With the expansion of distribution network scale and 
increasing photovoltaic penetration, voltage regulation has 
gradually evolved from local compensation toward coordinated 
control involving multiple distributed resources (Nematshahi et 
al., 2023; Chaturvedi et al., 2024). Therefore, the study proposes 
a global and local collaborative voltage control method, which 
achieves global voltage optimization by adjusting the On-load 
Tap Changer (OLTC) tap adjustment, and combines 
photovoltaics, energy storage and SVC to achieve precise local 
regulation. OLTC adjusts the secondary side voltage by 
adjusting the tap position to maintain the node voltage within 
the allowable range. In actual operation, OLTC introduces delay 
and dead zone mechanisms to avoid equipment losses caused 
by frequent actions. The voltage deviation and its discrete time 
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accumulation are calculated, as shown in equation (1) (Bosisio 
et al., 2025). 

{
𝑒 = 𝑉 − 𝑉𝑟𝑒𝑓
𝑡(𝜏 + 1) = 𝑡(𝜏) + 𝛥𝑆𝜏

    (1) 

In equation (1), 𝑒 represents the voltage error. 𝑉 is the actual 
voltage measured twice by the transformer. 𝑉𝑟𝑒𝑓 is the nominal 

voltage expected to be maintained. 𝑡 represents the operating 
time. 𝜏  is the counter. 𝛥𝑆𝜏  is the step size. The voltage 
regulating action judgment function is shown in equation (2). 

𝑓(𝑒, 𝑡) = {
1 𝑒 > 𝜙/2, 𝑡 ≥ 𝑇𝑑
0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
−1 𝑒 < −𝜙/2, 𝑡 ≥ 𝑇𝑑

   (2) 

In equation (2), 𝜙 represents the voltage dead zone. 𝑇𝑑  is the 
allowed duration. The tap gear update process is shown in 
equation (3). 

𝑁(𝑡 + 1) = 𝑁(𝑡) − 𝐿 ⋅ 𝑓(𝑒(𝑡), 𝑡)   (3) 

In equation (3), 𝑁(𝑡) represents the current tap gear. 𝐿 is the 
gear step size for each adjustment, usually 1. SVC based on 
thyristor phase-controlled reactors is used to achieve rapid 
dynamic adjustment of the node voltage of the distribution 
network. Its grid-connected structure is shown in Figure 1. 

In Figure 1, SVC adopts a parallel structure of capacitor and 
thyristor-controlled reactor to form an adjustable reactive 
power compensation branch. The system monitors the grid-
connection point voltage 𝑈𝑃 in real time. After comparing it with 
the reference voltage 𝑈𝑅 , the voltage regulator generates 

control instructions to drive the thyristor to adjust the switching 
degree of the reactance branch, dynamically changing the 
equivalent susceptance, and rapidly adjusting the reactive 
power output. Capacitor 𝐶 provides capacitive reactive power 
to increase the voltage, and thyristor-controlled reactor 𝐿 
absorbs inductive reactive power to suppress overvoltage, 
jointly maintaining the voltage at the grid-connection point 
stable within the set range. The equivalent transfer function of 
SVC is shown in equation (4). 

{
𝛥𝐸𝑆𝑉𝐶 =

1

𝑠𝑇+1
⋅ 𝛥𝑐𝑆𝑉𝐶

𝛥𝑄𝑆𝑉𝐶 = 𝛥𝐸𝑆𝑉𝐶 ⋅ 𝑈𝑆𝑉𝐶
2

    (4) 

In equation (4), 𝛥𝐸𝑆𝑉𝐶  represents the change in SVC’s current 
equivalent susceptance relative to the previous moment. 𝛥𝑐𝑆𝑉𝐶  
represents the change amount of the control command. 𝑠 is the 
Laplacian operator. 𝑇  is the control time constant. 𝛥𝑄𝑆𝑉𝐶 
represents the change in SVC’s current output reactive power 
relative to the previous moment. 𝑈𝑆𝑉𝐶 is the voltage at the grid-
connection point. Both energy storage systems and 
photovoltaic units are connected to the distribution network 
through power electronic converters, enabling coordinated 
active and reactive power regulation (Chaturvedi et al., 2024). 
The PQ control model adopted in this study is shown in Figure 
2. 

In Figure 2, the inverter converts the DC side voltage 𝑈𝐷𝐶 
of the energy storage device to the AC side after sinusoidal 
pulse width modulation and uses a series filter branch to form 
an𝐼𝐶 filter composed of resistor 𝑅, inductor 𝐼 and 𝐶 to suppress 
high-order harmonics and smooth current output. The inverter 
is connected in parallel to the public coupling point of the 
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distribution network, and the grid-connected voltage  𝑈𝑎𝑏𝑐 and 
grid-connected current 𝐼𝑎𝑏𝑐 are measured in real time. The grid 
voltage phase 𝜃 and angular frequency 𝜔 are extracted through 
the phase-locked loop, and  𝑈𝑎𝑏𝑐 and 𝐼𝑎𝑏𝑐 are transformed into 
a synchronous rotating coordinate system to obtain the voltage 
component 𝑈𝑑𝑞  and current component 𝐼𝐷𝑄 . Then, the 

instantaneous active and reactive power are calculated. The 
power controller generates a current command based on a 
given power reference value 𝑃𝑅 , outputs a control signal 
through a current Proportional-Integral (PI) regulator, and then 
generates a sinusoidal pulse width modulation trigger signal 
through coordinate inverse transformation, ultimately achieving 
precise decoupling control of grid-connected power. The 
current PI controller module is shown in Figure 3. 

Figure 3(a) and Figure 3(b) show the active power and 
reactive power control modules of the energy storage system 
respectively. In Figure 3(a), the active power control module 
takes the deviation between 𝑃𝑅 and the actual output power 𝑃𝐴 
as input. After PI adjustment and dynamic smoothing of the 
first-order inertia link, the reference current 𝐼𝐷𝑅 is out, which is 
used to control the active component of the inverter and 
accurately track the active power. In Figure 3(b), the reactive 
power control module takes the deviation between the reactive 
power 𝑄𝑅 and the actual output power 𝑄𝐴 as input. Based on PI 
adjustment and inertial link processing, a reactive current 
command 𝐼𝑄𝑅 is generated, which is used to adjust the inverter's 

reactive output in real time. The current commands output by 
the two modules work together on the inverter voltage control 
variable 𝑈𝐸  to complete active-reactive power decoupling 
control and ensure stable operation of the system under power 
fluctuation conditions. 

2.2 Multi-time scale voltage collaborative control strategy for 
distribution network based on DQN 

After completing the modeling and control mechanisms of 
multiple regulation units in the distribution network, a multi-
time-scale coordinated control strategy based on DQN is 
developed to further achieve dynamic coordination among 
power sources, the grid, loads, and energy storage terminals, as 
well as global voltage optimization. A two-level coordinated 
control architecture combining centralized and distributed 
control is adopted. The upper-level centralized controller 

generates coordinated control decisions according to the global 
operating state, and is responsible for voltage regulator tap 
adjustment and multi-device coordination (Amer et al., 2023; 
Mohamed and Tsuji, 2023). The lower-level distributed 
controllers perform power regulation of photovoltaic systems, 
energy storage systems, and SVC devices based on regional 
operating states. Through information exchange between the 
upper- and lower-level controllers, global voltage optimization 
and local fast response are achieved simultaneously. Unlike 
reinforcement learning algorithms designed for continuous 
action spaces, DQN is selected in this study mainly to address 
the discrete coordination decision problem among multiple 
regulation devices. In practical distribution network operation, 
voltage regulator tap switching, device operation mode 
selection, and power regulation level determination exhibit 
clear discrete characteristics, whereas the continuous power 
outputs of photovoltaic inverters, energy storage converters, 
and SVC devices are regulated by the underlying PQ control 
and PI control loops. Therefore, applying DQN for upper-level 
strategy optimization avoids the expansion of the action space 
caused by directly discretizing multiple continuous control 
variables. Meanwhile, its stability in discrete action decision-
making and strong policy search capability enable effective 
multi-source coordinated control under complex and time-
varying operating conditions. 

To account for the different response characteristics of 
various regulation devices, a coordinated execution mechanism 
with fast and slow time scales is adopted. The lower-level PV 
inverters, energy storage converters, and SVC controllers 
operate with a 1 s control interval to perform rapid power 
regulation according to local voltage and power states, while the 
upper-level centralized controller operates with a 15 min 
coordination interval to update the OLTC tap position and 
device coordination strategy based on the aggregated regional 
states. The lower-level controllers update local states every 1 s 
and upload the regional state information to the upper-level 
controller at the end of each 15 min coordination interval. After 
generating new coordination commands, the upper-level 
controller synchronously distributes them to all regions at the 
beginning of the next coordination interval. The OLTC performs 
tap adjustment only at the upper-level coordination instants and 
when the voltage deviation satisfies the action condition, 
thereby avoiding frequent mechanical operations and achieving 
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effective time-scale coordination between slow global 
regulation and fast local control. 

The overall architecture is shown in Figure 4. In Figure 4, 
the upper-layer centralized coordinator collects global 
information and issues voltage and power instructions 
uniformly. The distributed controllers in each region directly 
manage distributed Photovoltaic (PV), Energy Storage system 
(ES) and SVC equipment, and perform rapid adjustments based 
on real-time measurements. The two exchange data through 
communication links to achieve global optimization while 
ensuring rapid local response, and finally complete the 
collaborative control of multi-regional voltage and reactive 
power. The distributed intelligent agent collects the node 
voltage and regulates equipment power in the area, and 
calculates the node voltage per unit value accordingly, as shown 
in equation (5). 

𝑉𝑝,𝑖 = 𝑉𝑖(𝑡) ⋅ 𝑉𝑟,𝑖
−1     (5) 

In equation (5), 𝑉𝑝,𝑖 is the voltage per unit. 𝑉𝑟,𝑖
−1 is the nominal 

voltage. 𝑉𝑖(𝑡) represents the real-time voltage value of node 𝑖 at 
time 𝑡. To alleviate the bus voltage over-limit problem, a multi-
time scale collaborative control strategy based on DQN is 
proposed. When a voltage abnormality is detected, the 
centralized coordination controller generates optimal power 
adjustment instructions based on the training results and sends 
them to the regional distributed controllers, which coordinate 
the photovoltaic, energy storage and SVC outputs to activate 
the voltage regulator taps in parallel to achieve dynamic stable 
control of the voltage. The multi-time scale collaborative control 
strategy based on DQN is shown in Figure 5. 

In Figure 5, the power flow calculation module first obtains 
node voltage and power information in real time, and then sends 
the relevant state quantities to the state processing module and 
calculates the corresponding rewards, forming the input of the 
reinforcement learning controller. The DQN controller outputs 
the optimal action command based on the status. The action is 
parsed by the action processing module and then handed over 
to the centralized collaborative controller for execution. The 
position of the transformer tap is further adjusted to effectively 
control the voltage of the distribution network. To 
comprehensively describe the dynamic operating state of the 
high-penetration photovoltaic distribution network, the node 
voltages, photovoltaic output power, load demands, energy 
storage operating state, and regulation device states are jointly 
constructed as the state space of the DQN controller. Compared 
with using only node voltages as state variables, the multi-
source operating information can reflect the dynamic coupling 
relationships among the source-grid-load-storage components 
and provide more comprehensive decision-making information 
for the controller. The state space is expressed as equation (6). 

𝑆𝑡 = [𝑉1(𝑡), 𝑉2(𝑡), 
⋯ ,𝑉𝑁(𝑡), 𝑃𝑃𝑉(𝑡), 𝑃𝐿(𝑡), 𝑄𝐿(𝑡), 𝑆𝑂𝐶(𝑡), 𝑇𝑂𝐿𝑇𝐶(𝑡), 𝐵𝑆𝑉𝐶(𝑡)]    (6) 

In equation (6), 𝑉𝑖(𝑡) represents the voltage magnitude of the 𝑖 
-th node at time t; 𝑃𝑃𝑉(𝑡) represents the photovoltaic output 
power; 𝑃𝐿(𝑡) and 𝑄𝐿(𝑡) represent the active and reactive load 
demands, respectively; 𝑆𝑂𝐶(𝑡) represents the state of charge of 
the energy storage system; 𝑇𝑂𝐿𝑇𝐶(𝑡) represents the current tap 
position of the on-load tap changer; and 𝐵𝑆𝑉𝐶(𝑡) represents the 
equivalent susceptance of the static var compensator. By 
integrating the operating states of different regulation units, the 
DQN can perform comprehensive decision-making based on 
real-time system conditions, thereby improving the adaptability 
of the multi-device coordinated control strategy. To achieve 
coordinated control among multiple regulation resources, the 
action space of DQN is defined as a set of multiple discrete 
coordination actions, including on-load tap changer regulation, 
photovoltaic power adjustment levels, energy storage operation 
modes, and SVC reactive power compensation levels. Since the 
internal control loops of individual devices are responsible for 
continuous power tracking, DQN only outputs high-level 
coordination actions. The action space is formulated as 
equation (7). 

𝐴𝑡 = {𝑎𝑂𝐿𝑇𝐶 , 𝑎𝑃𝑉 , 𝑎𝐸𝑆, 𝑎𝑆𝑉𝐶}     (7) 

In equation (7), 𝐴𝑡  represents the action space of the DQN 
controller at time t; 𝑎𝑂𝐿𝑇𝐶 represents the tap adjustment action 
of the on-load tap changer; 𝑎𝑃𝑉  represents the photovoltaic 
output adjustment level; 𝑎𝐸𝑆  represents the energy storage 
charging/discharging mode selection; and 𝑎𝑆𝑉𝐶  represents the 
static var compensator adjustment level. Each action variable is 
represented using discrete levels. For example, photovoltaic 
output can be configured with different power adjustment 
ratios, energy storage actions can be represented as charging, 
maintaining, or discharging modes, and SVC actions can be 
represented by different reactive power compensation levels. 
Through this action space design, DQN can perform multi-
device coordination decisions within a finite action set while 
avoiding the rapid expansion of the action space caused by 
directly optimizing continuous control variables. To balance the 
operational safety, economic performance, and equipment 
lifetime of the distribution network, a comprehensive reward 
function is constructed in this study. The proposed reward 
function incorporates voltage deviation, network losses, 
equipment operation costs, and energy storage operating 
conditions into the optimization objective. When the system 
operating state changes, the DQN updates the control strategy 
according to the comprehensive reward generated by the 
selected action. The reward function is expressed as equation 
(8) (Ye et al., 2023a). 
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2

,
( )

DQN t i
R v= −       (8) 

In equation (8), 𝑅𝑡 represents the immediate reward at time t; 
𝐸𝑉(𝑡) represents the voltage deviation index, which is used to 
evaluate voltage stability; 𝑃𝑙𝑜𝑠𝑠(𝑡) represents the active power 
loss of the distribution network; 𝐶𝑡𝑎𝑝(𝑡)  represents the tap-

switching cost of the on-load tap changer, which is used to 
reduce frequent switching and extend equipment lifetime; 
𝐶𝐸𝑆(𝑡) 

represents the energy storage operation cost, which is 
used to constrain the charging and discharging process and 
improve energy utilization efficiency; and 𝑤1 , 𝑤2, 𝑤3, 𝑤4 
represent the weighting coefficients of different optimization 
objectives, respectively. By comprehensively considering 
multiple operational indicators, the reward function enables 
DQN to maintain voltage stability while reducing network 
losses, limiting unnecessary equipment actions, and improving 
energy storage utilization efficiency. The network loss rate and 
line loading conditions were calculated using the full AC power 
flow model embedded in the simulation environment. After 
each control action, bus voltages, branch power flows, and line 
loading states were updated, and the corresponding voltage and 
thermal operating constraints were checked. The voltage 
deviation is calculated in equation (9) (Hou et al., 2025). 

𝛥𝑣̄𝑖 = {
𝑣̄𝑖 − 0.95，𝑣̄𝑖 > 0.95
1.05 − 𝑣̄𝑖 , 𝑣̄𝑖 < 1.05

    (9) 

In equation (9), 𝑣̄𝑖  represents the average unit voltage of the 
global distribution network bus voltage. After designing the 
state space, action space and reward function, the DQN-based 
photovoltaic distribution source-grid-load-storage multi-
terminal collaborative control process is shown in Figure 6. 
The framework shown in Figure 6 first collects bus voltage 
information and selects a control strategy based on whether the 
node voltage exceeds the limit. When a limit violation is 
detected, the distributed controller issues a reactive power 

adjustment instruction to restore the voltage. When the voltage 
is normal, the centralized controller comprehensively 
determines and coordinates the joint adjustment of 
photovoltaic, energy storage and reactive power equipment. 
After meeting the operating safety conditions, the system 
continuously monitors the voltage status to coordinate and 
stably control the power supply, network, load, and storage 
terminals. 

3.Results and Analysis 

3.1 Comparison of power generation side performance of source-grid-
load-storage collaborative control 

To verify the voltage control effect and cooperative 
regulation performance of the proposed method, the research 
employs reinforcement learning comparative experiments and 
uses the IEEE 33-node system as the simulation platform for 
evaluation. The training parameters of the DQN controller were 
uniformly configured. During training, the learning rate α was 
set to 0.001, the discount factor γ to 0.95, the replay buffer 
capacity to 10,000, the batch size to 64, and the target network 
update interval to 100 steps. The DQN employed a fully 
connected neural network for state feature mapping and action-
value estimation, with 128 and 64 neurons in the two hidden 
layers, respectively. The ReLU activation function was adopted, 
and the network parameters were updated using the Adam 
optimizer. 

The simulation experiments were conducted on a platform 
equipped with an Intel Core i7 processor, 16 GB of RAM, and 
an NVIDIA RTX 3060 GPU. The total offline training time of the 
DQN for 500 episodes was approximately 42.6 min, with a peak 
memory consumption of approximately 2.14 GB during training. 
After training, the average policy inference time per control step 
was 8.7 ms, with a maximum inference time of 13.4 ms, which 
was substantially shorter than the 1 s execution interval of the 
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Fig.6 Source-grid-load-storage multi-terminal collaborative control based on DQN 
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lower-level controller. Therefore, under the current simulation 
hardware configuration, the proposed method can satisfy the 
computational timeliness requirements of online coordinated 
control. 

The load and photovoltaic data used in this study were 
obtained from typical practical operating conditions. To 
simulate the prediction uncertainty of photovoltaic output and 
load demand in actual operation, zero-mean Gaussian random 
errors were superimposed on the baseline photovoltaic and load 
profiles. The standard deviations of the photovoltaic and load 
prediction errors were set to 5% and 3%, respectively, and the 
random disturbances at different time steps were assumed to be 
independent. To prevent the random errors from producing 
extreme values beyond realistic operating ranges, the 
disturbance amplitudes were truncated, with the load 
disturbance limited to within ±10% of the baseline value. The 
photovoltaic-side errors were used to represent short-term 
irradiance fluctuations and prediction deviations, while the 
load-side errors were used to simulate random variations in user 
power demand. The generated random errors were added to 
the corresponding baseline power profiles at each time step to 
construct operating scenarios with prediction uncertainty. 

First, the convergence of the DQN training process and its 
stability under different random initializations were evaluated. 
Ten different random seeds were used for independent training, 
and the mean and standard deviation of the cumulative reward 
at each training episode were calculated. The results are shown 
in Figure 7. As shown in Figure 7, the mean cumulative reward 

of DQN gradually increases with the number of training 
episodes and tends to stabilize after approximately 400 
episodes, indicating that the policy learning process has 
essentially converged. Meanwhile, the standard deviation band 
gradually narrows as training proceeds, indicating a decrease in 
the dispersion of the results across different random seeds. 
Overall, the proposed method exhibits a consistent 
convergence trend under different random initializations, 
demonstrating good training stability and reproducibility. It 
operates in a power distribution environment with high 
penetration of photovoltaic access, and compared with the 
Deep Deterministic Policy Gradient (DDPG) method and the 
stochastic real-time control method based on Chance-
Constrained Model Predictive Control (CC-MPC). The 
advantages of the strategy in terms of voltage stability, 
accommodation capability and equipment action friendliness 
are verified. The results of changes in photovoltaic output and 
power generation utilization under the three control methods 
are shown in Figure 8. 

Figure 8(a) and Figure 8(b) show the changes in 
photovoltaic output and power generation utilization using 
different methods, respectively. In Figure 8(a), at 3 h, the output 
powers of CC-MPC, DDPG and the proposed method were 
40kW, 60kW and 70kW, respectively. The curve peaked at 
around 12 hours at noon, with CC-MPC at about 260kW, DDPG 
at about 280kW, and the method proposed in the study reaching 
360kW, which was the highest point throughout the day. After 
that, the output gradually decreased. At 18 hours, the three 
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Fig 7 Mean cumulative reward and standard deviation of DQN training under 10 random seeds 
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Fig.8 Changes in photovoltaic output and power generation utilization rate 
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outputs dropped to 140kW, 160kW, and 180kW, respectively. 
At the end of 24 hours, it was close to 45kW, 50kW, and 75kW. 
Overall, the control curve of the proposed method was always 
higher than that of DDPG and CC-MPC throughout the entire 
period, with the peak value increased by about 20%-25%, and 
the rising and falling stages were smoother, indicating that it 
could make full use of light and suppress fluctuations. In Figure 
8(b), the three curves were 74%, 82%, and 93% respectively at 
3 h, and then increased as the irradiation increased. By 9h, the 
utilization rate of the proposed method was 90%. After that, the 
utilization rate dropped slightly, from 87% at 18h and to 75% at 
24h. Generally speaking, the power generation utilization rate 
shows an "increasing-stable-decreasing" trend over time, and 
this method controls to maintain the highest level at all times 
throughout the day. This shows that the proposed method 
optimizes the output distribution through reinforcement 
learning, so that photovoltaic power generation can achieve 
higher energy conversion efficiency and operational stability 

under different irradiation conditions. The changing process of 
the power factor curve of different methods under different PV 
capacity ratios is shown in Figure 9. 

Figure 9(a), Figure 9(b) and Figure 9(c) show the power 
factor changes of the three control strategies during a typical 
day and night cycle when the PV capacity ratio is 30%, 50% and 
70%, respectively. In Figure 9(a), the PV ratio was 30%. The 
power factors of each method were 0.82, 0.85, and 0.87 
respectively at 3 hours in the morning. As the sunshine 
increases, they gradually increase, reaching peak values of 0.91, 
0.93, and 0.95 at 12 hours, and then slowly decrease to 0.83, 
0.86, and 0.89 at 24 hours. The overall trend shows that the 
power factor improvement is limited under low ratio conditions, 
and the proposed control method maintains the highest value at 
all times. In Figure 9(b), the overall level of the three curves was 
significantly improved. The power factors were 0.84, 0.87, and 
0.90 respectively at 3 hours, reaching peak values of 0.94, 0.96, 
and 0.97 at 12 hours, and then gradually falling back to 0.86, 
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0.89, and 0.91 at 24 hours. At this time, the power factor 
remained at a high level, indicating that the coordination of 
active and reactive power was best when the ratio was 50%. In 
Figure 9(c), the proportion of photovoltaics increased to 70%, 
and the curves of the three methods overall shifted slightly 
downward compared to the first two groups. They were 0.80, 
0.83, and 0.86 respectively at 3 hours, and the peak values at 12 
hours were 0.87, 0.90, and 0.94, respectively, and fell back to 
0.81, 0.85, and 0.87 at night. Under high penetration rates, the 
voltage regulation pressure increased and the system power 
factor decreased slightly, but the curve of the proposed method 
still remained ahead, and the peak value was about 6% higher 
than that of CC-MPC. In summary, it can be seen that the 
proposed control method achieves the highest power factor and 
smoothest curve in all scenarios, indicating that it has the best 
dynamic coordination capabilities in multi-source collaboration 
and reactive power optimization. To further quantify the effect 
of peak shaving and valley filling, the load transfer rate and 
balance degree are calculated, and the results are shown in 
Figure 10. 

Figure 10(a) and Figure 10(b) respectively show the 
change process of load transfer rate and load balance degree 
over time under different control strategies. In Figure 10(a), the 
load transfer rates of CC-MPC, DDPG and the proposed method 
were 10.8%, 11.2% and 12.4% respectively at 3h. With the 
enhancement of time-of-use electricity price incentives and 
energy storage participation, they increased to 16.0%, 19.1% 
and 22.8% at 9h, and reached the peak value at 15h, which were 
19.6%, 21.8% and 26.2% respectively. After that, the transfer 
rate gradually decreased, reaching 10.9%, 12.4% and 17.9% 
respectively at 24h. Overall, the curves of the proposed method 
were higher than those of DDPG and CC-MPC at all times, 
especially during the peak period of 12-18h. The results show 
that this control method can more accurately respond to time-
of-use electricity price signals, coordinate energy storage and 
load, and achieve a higher proportion of peak shaving and valley 
filling. In Figure 10(b), at 3h, the load balance degree of CC-
MPC, DDPG and the proposed method were 0.36, 0.31, and 
0.27, respectively. With the continuous optimization of the 
control strategy, they dropped to 0.29, 0.25, and 0.21 
respectively at 15h, which were the lowest points throughout 
the day. They then recovered slightly and were 0.35, 0.30, and 
0.26 respectively at 24h. Compared with CC-MPC, the balance 
degree of the proposed method decreased by 0.11 on average, 
indicating that this method can effectively balance the load of 
each node and improve the coordination and stability of the 
power grid operation. 

3.2 System comprehensive effect analysis of source-grid-load-storage 
collaborative control 

To further verify the stability and comprehensive performance 
of the proposed multi-time scale collaborative control strategy 
based on DQN under different operating environments, 
simulation analysis was carried out from three aspects: system 
voltage quality, energy storage dynamic response and energy 
loss. The voltage amplitude of each bus node after adjustment 
by different control strategies is shown in Figure 11. Figures 
11(a), 11(b), and 11(c) show the temporal variations in node 
voltage magnitude under different control methods. To reduce 
the influence of random initialization and the training process of 
reinforcement learning on the results, each method was 
independently evaluated using five different random seeds, and 
the statistical results are reported as mean ± standard deviation. 
CC-MPC exhibits the largest voltage fluctuation, with an 
average fluctuation amplitude of 0.169 ± 0.011 p.u. and a peak 
voltage of 1.112 ± 0.009 p.u., repeatedly exceeding the safety 
upper limit of 1.05 p.u., which indicates pronounced over-
regulation and under-regulation under disturbance conditions. 
The voltage fluctuation under DDPG is reduced, with an 
average fluctuation amplitude of 0.151 ± 0.008 p.u. and a peak 
voltage of 1.086 ± 0.007 p.u.; however, the stabilization process 
remains relatively slow. In comparison, the proposed method 
produces a smoother voltage response, with an average 
fluctuation amplitude of 0.143 ± 0.006 p.u. and a steady-state 
voltage deviation of 0.008 ± 0.002 p.u. Moreover, the results 
obtained under different random seeds show relatively low 
dispersion. These results indicate that the proposed DQN-based 
coordinated control strategy can maintain stable voltage 
regulation performance under different training initializations, 
demonstrating better dynamic smoothness and result 
consistency. To comprehensively evaluate the overall 
performance of the proposed DQN-based source-grid-load-
storage collaborative control strategy under different operating 
conditions, the study set up three typical scenarios: The 
standard scenario simulates stable operation on sunny days to 
verify the baseline performance, the fluctuating scenario 
introduces light intermittent and ±10% load disturbance to test 
the system robustness, and the high-penetration scenario sets 
the photovoltaic capacity to account for 70% to examine the 
operating efficiency under a high proportion of renewable 
energy. The three together constitute a typical operating 
environment and provide sufficient basis for comparing control 
methods. The network loss rate results in different battery State 
of Charge (SoC) fluctuation ranges are shown in Figure 12. 
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Figures 12(a) and 12(b) present the SoC fluctuation range and 
network loss rate, respectively, for different control strategies 
under three operating scenarios. All results were obtained from 
five independent runs with different random seeds and are 
reported as mean ± standard deviation. As shown in Figure. 
12(a), the SoC fluctuation rates of CC-MPC under the standard, 
fluctuating, and high-penetration scenarios were 18.4 ± 1.2%, 
19.8 ± 1.4%, and 19.2 ± 1.3%, respectively. For DDPG, the 
corresponding values decreased to 14.7 ± 0.9%, 17.9 ± 1.1%, 
and 15.3 ± 1.0%. The proposed method achieved the lowest 
fluctuation rates, at only 11.9 ± 0.6%, 13.8 ± 0.8%, and 12.1 ± 
0.7%, respectively. As the operating scenarios became more 
complex, the SoC fluctuations of CC-MPC and DDPG increased, 
whereas the proposed method maintained relatively stable 
performance, with variations among the three scenarios 
remaining within 2% and relatively small standard deviations. 
This indicates better smoothness and stability during the 
charging and discharging process. As shown in Figure 12(b), the 
network loss rates of CC-MPC under the three scenarios were 
4.32 ± 0.18%, 4.58 ± 0.21%, and 4.12 ± 0.17%, respectively. The 
corresponding values for DDPG were reduced to 3.76 ± 0.14%, 
4.09 ± 0.16%, and 3.69 ± 0.13%, while the proposed method 
further reduced them to 3.18 ± 0.10%, 3.54 ± 0.12%, and 3.10 
± 0.09%, respectively. The relatively small dispersion across 
different random seeds indicates that the proposed method can 
consistently reduce energy storage power fluctuations and 
network losses under different operating scenarios. To further 
evaluate the smoothness of equipment actions under different 
control strategies, the OLTC tap operations and the power 
regulation command variations of PV, ES, and SVC over a 24 h 
operating cycle were statistically analyzed, as shown in Table 1. 
As shown in Table 1, the numbers of OLTC operations within 
24 h under CC-MPC, DDPG, and the proposed method were 22, 
17, and 11, respectively. Compared with CC-MPC and DDPG, 
the proposed method reduced the number of OLTC operations 
by 50.00% and 35.29%, respectively. The average interval 
between adjacent OLTC operations reached 132.7 min, while 
only one reverse tap-switching operation occurred, indicating 
that the proposed method can effectively suppress frequent tap 
adjustments. Meanwhile, the maximum variation rates of the 
PV, ES, and SVC power commands under the proposed method 
were 7.1%, 8.5%, and 7.6%, respectively, all lower than those of  
the two comparative methods. These results indicate that the 

proposed multi-time-scale coordinated control strategy can 
reduce frequent operations of mechanical regulation devices 
and abrupt changes in power commands while maintaining 
dynamic regulation capability, thereby improving the 
smoothness of the control process. To evaluate the overall 
performance under source-grid-load-storage coupling, the 
energy storage utilization and system operating costs of the 
three methods in different scenarios are compared. The results 
are shown in Table 2. 

In Table 2, the energy storage utilization rate and system 
operation cost of the three control methods in different 
scenarios showed an obvious reverse trend, and the proposed 
method performed optimally in each scenario. In the standard 
scenario, the energy storage utilization rate of the proposed 
method reached 86.3%, which was about 8.1% higher than that 
of DDPG and about 14.9% higher than that of CC-MPC. The 
operating cost was the lowest, only 0.653 ¥/kWh, which was 
about 0.081 ¥/kWh lower than that of CC-MPC and about 0.038 
¥/kWh lower than that of DDPG. Under the fluctuation 
scenario, the overall performance of the three methods has 
declined, but the proposed method still maintains the highest 
utilization rate of 83.1%, with the smallest increase in cost and 
stable control effect. The performance of CC-MPC dropped 
most significantly in this scenario, with the energy storage 
utilization rate falling to 68.9% and the cost rising to 0.751 
¥/kWh. In high-penetration scenarios, as the proportion of 
photovoltaic output increases, the optimization advantages of 
the proposed method are further highlighted. Its energy storage 
utilization rate reached 88.9% and the cost dropped to 0.648 
¥/kWh. Overall, the proposed method can significantly 
improve the utilization efficiency of energy storage resources 
and reduce system economic costs under different operating 
conditions, showing excellent robustness and global 
coordination capabilities. 

Finally, to verify the adaptability of the proposed method 
under high-temporal-resolution data and different network 
topologies, MADDPG and MAPPO were introduced as 
comparison methods. The PV and load data were represented 
by 24 h operating sequences with a temporal resolution of 1 min, 
resulting in 1,440 consecutive state points per test cycle to 
characterize short-term PV output variations and stochastic 

Table 1 
 Comparison of equipment action smoothness under different control strategies 

Indicator CC-MPC DDPG Proposed method 

Number of OLTC operations within 24 h / times 22 17 11 
Average interval between adjacent OLTC operations / min 65.8 86.4 132.7 
Number of reverse tap-switching operations / times 6 4 1 
Maximum variation rate of PV power command / % 12.8 10.4 7.1 
Maximum variation rate of ES power command / % 15.6 12.3 8.5 
Maximum variation rate of SVC reactive power command / % 13.9 11.1 7.6 

 

 

Table 2  
Energy storage utilization rates and system operating costs of different methods 

Scene Type Methods Energy storage utilization rate (%) System operating cost (¥/kWh) 

Standard scenario 
CC-MPC 71.4 0.734 
DDPG 78.2 0.691 
Ours 86.3 0.653 

Fluctuating scenario 
CC-MPC 68.9 0.751 
DDPG 74.5 0.705 
Ours 83.1 0.669 

High penetration scenario 
CC-MPC 75.8 0.728 
DDPG 80.5 0.686 
Ours 88.9 0.648 
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load fluctuations. In addition to the standard IEEE 33-bus 
topology, an IEEE 33-bus reconfigured topology and the IEEE 
119-bus system were further considered. All methods used the 
same equipment parameters and operating constraints, and five 
independent training and testing runs with different random 
seeds were conducted. The results are shown in Table 3. 

As shown in Table 3, under the 1 min high-temporal-
resolution data, the proposed method achieved a PV utilization 
rate of 93.1 ± 0.8%, a voltage violation rate of 0.96 ± 0.12%, a 
network loss rate of 3.16 ± 0.09%, and an energy storage 
utilization rate of 87.2 ± 0.8% under the standard IEEE 33-bus 
topology, outperforming MADDPG and MAPPO overall. After a 
line outage and network reconfiguration in the IEEE 33-bus 
system, the PV utilization rate of the proposed method 
decreased to 91.5%, while the voltage violation rate increased 
to 1.63%, which remained lower than those of MADDPG and 
MAPPO, indicating good adaptability to topology changes. In 
the IEEE 119-bus system, the PV utilization rate, voltage 
violation rate, and network loss rate of the proposed method 
were 90.6 ± 1.2%, 1.91 ± 0.23%, and 3.53 ± 0.13%, respectively. 
The average inference time was 14.8 ms, which remained 
substantially lower than the 1 s control interval, demonstrating 
good control performance and computational feasibility as the 
network scale increased. 

4.Discussion 

The results show that the proposed DQN-based source-
grid-load-storage coordinated control method outperforms CC-
MPC and DDPG in photovoltaic accommodation, voltage 
stability, load transfer, energy storage utilization, and network 
loss reduction. The photovoltaic power generation utilization 
rate reaches 93%, the maximum load transfer rate reaches 
26.2%, the energy storage utilization rate reaches 88.9% under 
the high-penetration scenario, and the network loss rate is 
reduced to 3.10%. These improvements indicate that the 
proposed controller can coordinate multiple regulation 
resources more effectively when photovoltaic output and load 
demand vary simultaneously. Recent studies have explored 
coordinated control from different perspectives. Wang et al. 
(2025) coordinated large-scale photovoltaic inverters using 
multi-agent deep reinforcement learning, while Ye et al. (2023b) 
focused on coordinated energy trading and flexibility services. 
Doostizadeh et al. (2024) further considered decentralized 
economic and resilient operation with demand response. 
Similar trends can also be observed in recent studies on 
distribution-system and virtual-power-plant coordination, 
network reconfiguration, and decentralized Volt/Var control 
(Sun and Lu, 2024; Gao et al., 2024; Yan and Xu, 2025). These 
studies mainly demonstrate the value of coordinated decision-

making among heterogeneous flexible resources. In 
comparison, the present study simultaneously integrates OLTC, 
photovoltaic generation, energy storage, SVC, and load-side 
response into a unified multi-time-scale framework. Its main 
advantage therefore lies in multi-terminal source-grid-load-
storage coordination rather than the optimization of a single 
regulation resource or operating objective. The hierarchical 
coordination between slower global regulation and faster local 
response also helps reduce unnecessary control actions while 
maintaining acceptable voltage quality. 

The proposed method also maintains energy storage 
utilization rates of 83.1% and 88.9% under fluctuating and high-
penetration scenarios, with corresponding network loss rates of 
3.54% and 3.10%. This suggests that the learned policy is not 
limited to a single operating condition, but can preserve 
relatively stable regulation performance when photovoltaic 
output and load demand are disturbed. Existing studies have 
shown that distributed flexible resources and transactive energy 
mechanisms can improve adaptive energy management under 
uncertain operating conditions (Xu et al., 2024; Mohsenzadeh-
Yazdi et al., 2024). Meanwhile, increasing attention has been 
given to the safety and robustness of data-driven grid control. 
Eichelbeck et al. (2026), Hou et al. (2025), and Shalaby et al. 
(2025) emphasized explicit operational constraints in 
reinforcement learning, while Yan et al. (2024), Yang et al. 
(2024), and Zhang et al. (2024) further considered safe Volt/Var 
control, observation perturbations, and low-carbon demand 
management. These studies indicate that safety constraints, 
robustness to uncertain observations, and feasible action 
generation are becoming essential for practical reinforcement 
learning-based grid control. Compared with these methods, the 
proposed DQN framework currently relies mainly on the reward 
function and predefined operating limits to discourage 
infeasible or uneconomic actions. This design is simple and 
computationally efficient, but its safety mechanism is still 
weaker than methods with explicit constraint projection, safety 
filters, or formally defined feasible action sets. 

From the perspective of flexibility and scalability, 
Rousseau et al. (2026), Juma et al. (2024), and Shahbazian et al. 
(2024) highlighted the value of flexible loads and coordinated 
microgrid operation under uncertainty. More recent studies 
have also investigated topology adaptation and large-scale 
applicability through graph-based reinforcement learning and 
networked microgrid scheduling (Ge et al., 2025; Kaloti and 
Chowdhury, 2025). These developments suggest that future 
intelligent distribution control should not only pursue higher 
performance under a fixed test system, but also maintain 
adaptability under changing topology, communication 
uncertainty, operating disturbances, and larger network scales. 
In the present study, the proposed DQN strategy demonstrates 

Table 3 
Performance comparison of different reinforcement learning methods under different network topologies 

Test scenario Method 
PV utilization 
rate / % 

Voltage 
violation rate 
/ % 

Network loss 
rate / % 

Energy 
storage 
utilization rate 
/ % 

Inference time 
/ ms 

IEEE 33-bus 
standard 
topology 

MADDPG 90.8 ± 1.3 1.84 ± 0.21 3.47 ± 0.13 84.6 ± 1.2 11.6 ± 0.8 
MAPPO 91.7 ± 1.1 1.52 ± 0.18 3.35 ± 0.11 85.8 ± 1.0 12.9 ± 0.9 
Ours 93.1 ± 0.8 0.96 ± 0.12 3.16 ± 0.09 87.2 ± 0.8 8.9 ± 0.6 

IEEE 33-bus 
reconfigured 
topology 

MADDPG 87.9 ± 1.6 3.26 ± 0.34 3.91 ± 0.16 81.7 ± 1.5 11.8 ± 0.9 
MAPPO 89.1 ± 1.4 2.71 ± 0.29 3.76 ± 0.14 83.2 ± 1.3 13.1 ± 1.0 
Ours 91.5 ± 1.0 1.63 ± 0.20 3.42 ± 0.11 85.6 ± 1.0 9.2 ± 0.7 

IEEE 119-bus 
system 

MADDPG 86.8 ± 1.8 3.74 ± 0.39 4.08 ± 0.18 80.9 ± 1.6 18.7 ± 1.2 
MAPPO 88.3 ± 1.5 3.08 ± 0.31 3.89 ± 0.16 82.7 ± 1.4 20.4 ± 1.4 
Ours 90.6 ± 1.2 1.91 ± 0.23 3.53 ± 0.13 84.9 ± 1.1 14.8 ± 1.0 
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good performance on the selected simulation systems and 
operating scenarios, but its generalization to unseen network 
structures and field-level disturbances still requires further 
validation. In addition, the present framework assumes that 
sufficient historical or simulated operating samples are available 
for offline training, which may increase the preparation cost 
when the operating environment changes substantially. Future 
work will therefore incorporate safety-constrained 
reinforcement learning, topology-aware state representation, 
and larger-scale distribution networks with time-varying 
operating conditions to further improve the robustness, 
transferability, and engineering applicability of the proposed 
framework. 

5. Conclusion 

To address voltage fluctuation, power imbalance and 
insufficient energy storage utilization in high-penetration 
photovoltaic distribution networks, this study proposed a DQN-
based multi-time-scale collaborative optimization method for 
source-grid-load-storage coordinated control. The proposed 
method integrates voltage regulator tap adjustment, 
photovoltaic output regulation, energy storage charging and 
discharging, and reactive power compensation into a unified 
reinforcement learning framework, enabling coordinated 
decision-making among multiple regulation resources under 
dynamic operating conditions. The simulation results based on 
the IEEE 33-bus system demonstrate that the proposed method 
can effectively enhance the operational performance of 
photovoltaic distribution networks. The photovoltaic power 
generation utilization rate is increased by up to 25%, the load 
transfer rate reaches 26.2%, and the voltage fluctuation is 
controlled within 0.15 p.u. Under different operating scenarios, 
the energy storage utilization rate is improved by approximately 
15%-20%, the SoC fluctuation range is reduced to about 12%, 
the network loss rate decreases to 3.1%, and the system 
operating cost is reduced by about 11%. These results confirm 
that the proposed DQN-based collaborative control framework 
provides better voltage regulation, smoother energy dispatch 
and higher economic efficiency than CC-MPC and DDPG. 
Overall, the main conclusion of this study is that multi-terminal 
coordination among source, grid, load and storage can 
effectively improve the stability, flexibility and economy of 
distribution networks with high renewable energy penetration. 
The proposed method provides an adaptive control solution 
that reduces the dependence on fixed model parameters and 
improves the ability of the system to respond to photovoltaic 
fluctuation and load variation. Nevertheless, this study is still 
mainly based on simulation verification, and the training 
process requires sufficient operating samples. Future work will 
further extend the method to larger-scale distribution networks, 
multi-agent distributed reinforcement learning, real-time edge 
computing and field operation scenarios, so as to improve its 
generalization ability, real-time performance and engineering 
applicability. 
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