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Abstract

As the penetration rate of renewable energy sources such as wind and
solar power continues to rise, coordinated control among multiple entities
including generation, transmission, load and storage has become crucial for
ensuring the economic efficiency and security of power systems. However,
the uncertainty of renewable energy output, the multi-period coupling char-
acteristics of flexible resources, and the inconsistency of benefits among
entities make it challenging for traditional optimization methods to simul-
taneously address real-time responsiveness, robustness, and fairness. To
address this, this paper proposes an intelligent control method for power
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generation, grid, load, and storage that integrates Proximal Policy Optimiza-
tion (PPO) with cooperative game theory. First, a Markov decision model
suitable for multi-source, multi-load systems is constructed. The continuous
action space of flexible resources enables coordinated control of thermal
power, energy storage, and adjustable loads. Subsequently, a penalty for
deviation from cooperative payoffs is embedded in the reward function,
ensuring that policy optimization simultaneously satisfies overall economic
efficiency and inter-agent profit coordination requirements. Multi-scenario
simulations on IEEE 33-node and IEEE 30-node systems demonstrate that
this method achieves rapid and stable convergence, significantly reduces
operational costs, smooths power fluctuations, and maintains sustainable
SOC for energy storage. Compared to conventional methods, it exhibits
stronger robustness and higher cooperative incentive effects under uncertain
conditions.

Keywords: Grid-load-storage coordination, deep reinforcement learning,
proximal policy optimization (PPO), cooperative games, uncertainty schedul-
ing, intraday rolling optimization, renewable energy integration.

1 Introduction

As the global energy structure continues its transition toward clean and low-
carbon sources, the penetration rate of renewable energy such as wind and
solar power generation in power systems is rapidly increasing [1, 2]. Due
to their inherent intermittency, randomness, and unpredictability, the high
proportion of renewable energy integration poses unprecedented operational
challenges to traditional power systems, which have long been centered on
the principle of “generation following load.” These challenges include diffi-
culties in power balancing, increased demand for reserve capacity, reduced
grid safety margins, and large-scale curtailment of wind and solar power [3].
Concurrently, the rapid development of user-side resources, the continuous
decline in energy storage costs, and the widespread adoption of commu-
nication technologies have driven the power system’s evolution from a
unidirectional energy flow system dominated by generation to a new configu-
ration featuring deep coupling among multiple entities, including generation,
grid, load, and storage, and bidirectional flow of both energy and information.
A vast array of flexible resources, including distributed PV, distributed wind
power, controllable loads, and energy storage devices, are emerging as crucial
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forces supporting renewable energy integration and system resilience [4, 5].
This study focuses on designing and optimizing a multi-objective function
for a community smart DC micro-grid using a hybrid system of photovoltaic,
wind, and biogas-based IC engine generators, optimized through particle
swarm optimization (PSO). The objectives are to maximize power availability
and minimize system cost by prioritizing renewable generation to efficiently
supply the DC bus [6].

However, this complex system composed of multiple resource cate-
gories exhibits typical characteristics of high dimensionality, strong coupling,
and multi-temporal and spatial scales. The integration of renewable energy
sources has increased the need for new technologies to manage issues like
variability and intermittency. The coupling of generation, grid, storage, and
load introduce new complexities, requiring advanced coordination methods
to manage their interactions effectively. These interconnected systems must
be dynamically optimized to account for real-time fluctuations and uncer-
tainties in renewable energy generation. Innovative coordination solutions,
such as cooperative game theory and reinforcement learning, are essential
for achieving efficient and stable operation. Solutions such as energy storage
demand response and predictive analytics are being used more to improve
grid stability and support renewable energy use. These technologies are
key to creating a more flexible and reliable power system that can handle
large-scale renewable energy. Significant differences exist among its internal
entities in operational objectives, cost structures, and regulatory capabilities,
making it difficult for traditional centralized, deterministic dispatch models
to maintain efficiency, economy, and stability under uncertain scenarios [7].
Therefore, achieving efficient coordinated control of generation, grid, load,
and storage resources under high renewable energy penetration, while estab-
lishing sustainable and incentivized cooperative relationships among multiple
entities, has become a critical scientific challenge and engineering bottleneck
in building the new power system. A major gap in traditional methods is
their inability to effectively coordinate multiple agents under high uncertainty
in real-time power system operations. These models often overlook the
diverse incentives of individual entities, leading to inefficiencies and subop-
timal performance. Existing models often struggle to manage the dynamic
and uncertain aspects of renewable energy generation. The challenge lies
in their inability to effectively coordinate generation, grid, storage, and
load under varying conditions. These systems face difficulties in providing
real-time solutions, especially when dealing with the unpredictability of
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renewable sources like wind and solar. However, achieving these objectives
remains fraught with significant challenges. First, the uncertainty of wind
and solar power generation exhibits strong randomness and multi-scale cou-
pling characteristics spanning hours, minutes, and even seconds. Traditional
deterministic dispatch struggles to accurately capture their statistical distri-
butions, while robust optimization often yields overly conservative solutions
[8, 9]. Scenario-based methods, though capable of expressing uncertainty,
rely on large-scale scenario generation and reduction, making them unsuit-
able for real-time solution demands in intraday rolling dispatch. Second,
the joint dispatch of generation, grid, load and storage involve multiple
non-convex coupled constraints: ramping constraints and start-stop logic
for thermal units, SOC dynamics and nonlinear charge/discharge efficiency
for energy storage systems, flexible time windows and user comfort for
adjustable loads, and voltage and power flow constraints for the grid [10].
This creates a complex optimization problem with high-dimensional con-
tinuous decision variables. While traditional MILP/MINLP methods can
approximate some nonlinearities, their computational complexity escalates
sharply with increasing system scale and frequent state predictions, mak-
ing them unsuitable for high-frequency rolling optimization. Kumar et al.
investigated performance balancing between wind and solar energy systems
and their environmental benefits by analysing hybrid renewable outputs and
clean-energy enhancement strategies, focusing on efficiency and emission
reduction. Elements of hybrid wind—solar integration, especially balancing
variable renewable outputs and environmental performance metrics, were
adapted into the proposed work’s source—grid—load—storage coordination
model to improve renewable dispatch decisions under uncertainty. The inte-
gration improved grid flexibility, reduced renewable intermittency impact and
enhanced operational reliability in real-time control environments [11].
Furthermore, inherent differences exist among multiple entities in terms
of operational costs, risk preferences, regulatory capabilities, and revenue
acquisition. Without reasonable revenue coordination and incentive mech-
anisms, entities such as energy storage, controllable loads, and renewable
power generation may lack motivation to actively participate in system regu-
lation [12, 13]. This could even lead to perverse incentives, dispatch games,
or resource non-cooperation, severely undermining overall regulatory effec-
tiveness. While existing cooperative and non-cooperative game-theoretic
approaches can partially describe interactions among entities, they often
struggle to deeply integrate with the physical constraints of power systems
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and maintain strategy stability during multi-period, multi-scenario rolling
optimization.

Against this backdrop, Deep Reinforcement Learning (DRL) has gar-
nered significant attention due to its ability to autonomously learn strate-
gies through interaction with the environment within high-dimensional
continuous state spaces. Recent research demonstrates DRL’s strong adapt-
ability and generalization capabilities in complex energy system control
[14, 15]. By directly outputting action policies without solving large-scale
mathematical optimization problems, DRL is particularly well-suited for
rolling optimization applications in energy systems. However, existing DRL
scheduling research still exhibits significant shortcomings. For instance, it
often lacks modeling of multi-agent cooperative relationships, with reward
functions primarily focused on single-cost optimization without incorpo-
rating cooperative benefit distribution mechanisms. Most studies fail to
simultaneously consider the coupled characteristics of the entire generation-
grid-load-storage chain [16, 17]. Strategy stability and interpretability remain
weak. Most models are validated only in simplified scenarios, lacking
system-level simulation verification in typical distribution grids or hybrid
transmission-distribution systems. Furthermore, when systems exhibit multi-
scale uncertainties, DRL remains prone to issues such as slow convergence,
significant oscillations, or strategy degradation. Therefore, there is an urgent
need to develop an intelligent control method that can express cooperative
relationships among multiple agents (generation, grid, load, and storage)
while adapting to high-dimensional stochastic environments and meeting
real-time rolling scheduling requirements [18, 19].

Based on the above issues, this paper proposes a collaborative intelligent
dispatch method for source-grid-load-storage systems that integrates rein-
forcement learning and cooperative game theory (RL-Cooperative Dispatch
Framework). This method first constructs a Markov Decision Process (MDP)
model applicable to the generation-grid-load-storage system. Its state space
incorporates load forecasts, renewable energy forecasts and actual output,
energy storage State of Charge (SOC), previous-period unit status, and grid
operational measurements, thereby achieving a unified characterization of
uncertainties across different time scales. By incorporating cooperative game
theory within the MDP framework, it ensures that the reward structure incen-
tivizes joint optimization, leading to enhanced stability, lower operational
costs and improved overall performance, even in the face of high uncertainty
and dynamic system conditions.



392  Jinzhong Li et al.

2 Near-Real-Time Coordinated Dispatching Mechanism

2.1 Short-Term Optimization Strategy Based on Rolling Time
Windows

With the growing penetration of renewable energy, power system scheduling
has gradually shifted from static, plan-based management to dynamic and
continuous optimization. To maintain system stability under rapidly changing
load levels and variable wind—solar generation, system operators generally
adopt a two-layer architecture consisting of day-ahead planning and intraday
adjustment. In this framework, the day-ahead layer formulates the overall
operating plan over a longer time horizon, while the intraday layer per-
forms fine-grained updates to reflect short-term changes [20, 21]. Integrating
Demand Response (DR) programs with generation and storage resources
enhances both flexibility and economic efficiency in the dispatch strategy.
By dynamically adjusting consumption patterns in response to price signals
or grid conditions, DR programs provide an additional tool for balancing
supply and demand, reducing the need for reserve capacity and curtailment
of renewable energy. Optimizing this integration ensures that both economic
goals and system reliability are met efficiently, especially during periods of
high variability in renewable energy generation.

In the day-ahead stage, the scheduling model typically spans a full 24-
hour period with an hourly time resolution. The rolling time window strategy
ensures that the operational plan is continuously updated to reflect real-time
changes in load and renewable generation. As new data becomes avail-
able, the system adjusts the schedule in short intervals, allowing for quick
adaptation to unexpected fluctuations. This dynamic approach improves grid
stability and maximizes renewable energy utilization by recalibrating dis-
patch decisions to meet current conditions. It determines the on/off status of
controllable generating units and establishes their baseline output trajectories,
forming the system’s initial operational blueprint [22]. Once the system
enters the intraday stage, operators use updated meteorological forecasts,
short-term load predictions, and real-time measurements to reassess the
available renewable generation and expected demand variations. Based on
this information, they revise the day-ahead output schedules as needed. The
intraday optimization horizon is significantly shorter, usually a few hours,
and employs minute-level resolution to enable frequent recalibration.

The core principle of intraday rolling optimization is to maintain schedul-
ing decisions closely aligned with the latest system conditions through a
continuously advancing optimization window. As each update is performed,
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Figure 1 Intraday rolling optimization schematic diagram.

the system can promptly detect sudden load changes, forecast deviations in
wind and solar output, and any equipment irregularities. By rapidly coordinat-
ing controllable generators, energy storage systems, and adjustable loads, the
dispatch strategy compensates for these deviations. This mechanism enables
ongoing correction and dynamic adaptation, ensuring that the power grid
maintains adequate security margins while improving operating economy
and enhancing renewable energy utilization in the face of uncertainty (see
Figure 1).

2.2 Mathematical Formulation of Rolling Intraday Coordinated
Scheduling

With the increasing penetration of renewable energy, the share of conven-
tional thermal and hydropower units, traditionally responsible for provid-
ing stable supply, continues to decline. As a result, the system’s inherent
flexibility becomes insufficient to fully accommodate the variability and
intermittency of renewable generation. In the context of new-type power
systems, adjustable loads and energy storage have emerged as essential
flexible resources. Building on the analysis in the previous chapter, this
section develops a source—grid—load—storage intraday coordinated scheduling
model in which both load curtailment and energy storage participate. The
objective is to achieve efficient system operation and cost-optimal dispatch-
ing. A 4-hour rolling optimization window is adopted to update decisions
continuously [23].

(1) Objective Function

The goal of the optimization model is to minimize the aggregate operating
cost of all flexible resources within the scheduling horizon, including thermal
generation costs, energy storage operating costs, and load adjustment costs.
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The uncertainty in renewable energy generation, driven by its intermittent
nature, introduces significant challenges for grid stability. This uncertainty
can cause power imbalances and necessitate real-time adjustments to balance
supply and demand, often resulting in voltage instability or even grid failure.
Managing this uncertainty is key to ensuring the reliable integration of
renewable energy into the grid. The objective function is expressed as:

it o — 3 (z C P+ S (P, Py 1 S c}oadml,a)

teT \ieG seS leL
(1

where: G: set of thermal generating units; S: set of energy storage systems;
L: set of adjustable loads; T': set of discrete time steps within the intraday
scheduling horizon.

Variables:

* P, 4+: Power output of thermal generating unit g at time step ¢.

* P, +: Charging power of energy storage system at time step ¢.

* Pyis,¢: Discharging power of energy storage system at time step t.

* AP, ;: Load adjustment (curtailment or shifting) for adjustable load [ at
time step .

Cost Functions:

* Cy(Py,+): Operating cost of thermal generating unit g as a function of its
power output at time step t.

* Cos(Pen t, Pais,t): Operating cost of energy storage system es based on
its charging and discharging power at time step .

* Cload(AP;4): Cost associated with load adjustment (curtailment or
shifting) for adjustable load [ at time step .

(a) Cost of Thermal Generating Units

The operating cost of each thermal unit is modeled as a quadratic function:
Ci™(Piy) = aiP} 4+ biPiy + ¢ (2)

where a;, b;, ¢; denote the unit’s cost coefficients.

 C(Py): The operating cost of thermal unit 7 at time ¢, which is typically
measured in monetary units (e.g., dollars, euros) for the amount of power
produced.

* P;;: The power output of thermal unit ¢ at time ¢, measured in units of
power (e.g., megawatts, MW).
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* a;: The quadratic coefficient that represents how the cost increases
as the power output increases. It captures the non-linear relationship
between power output and cost. A positive value of a; means that the
cost increases more rapidly as power output increases.

* b;: The linear coefficient that represents the linear increase in cost with
respect to the power output. It accounts for the basic operating costs that
grow linearly with power production.

* ¢;: The constant coefficient, which represents the fixed or baseline cost
of operating the thermal unit, regardless of the power output. This can
include fixed maintenance costs, startup costs, or other overhead.

(b) Cost of Energy Storage Operation

Energy storage incurs costs associated with charging/discharging losses and
degradation. Its operating cost is modeled linearly:

Ce = AP + 2Py 3)

Where P&} and P{s are charging and discharging power, respectively;
M and \ds are the corresponding cost coefficients.

(c) Cost of Adjustable Load Regulation

The cost associated with load reduction or shifting is represented using a

penalty factor:
CP* = jul ALy )

where AL;; denotes the load adjustment amount and 4 is the penalty
coefficient. In the context of demand response (DR) programs, customer-side
incentives, such as dynamic pricing, rebates, or peak-time rebates, can be
introduced to encourage load shifting or reduction. These incentives provide
consumers with financial rewards or reduced rates for adjusting their energy
usage during high-demand periods or in response to real-time grid conditions.
By integrating DR programs, the system can improve coordination between
the grid and the customer, enhancing the overall efficiency and flexibility of
the energy distribution. These programs can also support grid stability by
reducing peak load, smoothing out demand fluctuations, and ensuring better
alignment between generation and consumption patterns.

(2) System Constraints for Intraday Rolling Scheduling
To ensure reliable operation within each intraday optimization window, the
dispatch model must satisfy a series of physical and operational constraints.
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Among these, the fundamental requirement is maintaining instantaneous
power balance at every time step. By neglecting network losses, the equilib-
rium relationship between total supply and total demand can be expressed as:

Z PZ .+ Z dlS o Z AL[ t Pload Ptreth eT (5
1€G seS leL

where: P;; — output of thermal unit ¢; Pdls Psdtl — discharging and charging
power of storage unit s; AL, — adjusted (curtailed or shifted) load amount;
P}oad _ system demand at time ¢; P}*" — renewable generation at time ¢; T" —
set of decision time intervals.

Thermal Unit Output Constraints

To guarantee feasible and secure operation of conventional generating units
within the intraday scheduling horizon, their power output must adhere to
both capacity limits and ramping restrictions. These operational limits can be
represented as:

(a) Capacity Bound Constraint
PP <Py < PPY G, VteT (6)

Where P;; is the dispatch power of thermal unit ¢, Pi]““i]n and P/"** are
the minimum and maximum allowable outputs.

(b) Ramping Capability Constraint
—R'<Py;—P;y1<RVieG, Vit>1 (7)

where RZT and Rf denote the unit’s maximum ramp-up and ramp-down limits.

During intraday scheduling, the power output of renewable energy units
such as wind and photovoltaic systems must not exceed their installed
capacity, ensuring that the dispatch decisions remain consistent with physical
equipment limitations. For each renewable unit, the permissible output range
can be expressed as:

0<Pren<P,§aka:6R, vteT ®)

where: ;%" denotes the actual power output of renewable unit & at time ¢;

P is the rated installed capacity of unit k; R represents the set of renewable
energy units; 7' is the set of time intervals in the scheduling horizon.
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In intraday scheduling, energy storage systems must operate within safe
and reasonable limits to mitigate battery degradation. The state of charge
(SOC) must remain within an allowable range, charging and discharging
power must not exceed their respective limits, and simultaneous charg-
ing and discharging are prohibited. The constraints can be formulated as
follows:

(a) State of Charge Limits
SOC™n < S0C,; < SOC™>Ysc S, YteT )

where SOC, ; denotes the state of charge of storage unit s at time ?.

The minimum (SOC™") and maximum (SOC™2*) limits for the State
of Charge (SOC) of an energy storage unit are critical values that define
the safe operating boundaries of the storage system. The minimum SOC
limit (SOC™™) is the lowest allowable state of charge for the storage unit
at any given time, ensuring that the storage unit does not discharge too
much, which could damage the battery or reduce its lifespan. For example, if
SOC™n is set to 20%, the storage unit cannot be discharged below 20% of
its full capacity. On the other hand, the maximum SOC limit (SOCT*) is
the highest allowable state of charge, preventing overcharging, which could
lead to safety risks, efficiency losses, or degradation of the storage unit.
For instance, if SOCT® is set to 80%, the storage unit cannot be charged
beyond 80% of its full capacity. These limits are important for the protection
and optimal functioning of the storage system, as they help maintain safety,
longevity, and efficient performance.

(b) Charging and Discharging Power Limits
0 < Py < pehmax (10)
0< Pl < plsmaxyse s vteT (11)

representing the maximum allowable charging and discharging power,
respectively.

(c) Prohibition of Simultaneous Charging and Discharging
P& -PlF=0VseS, VteT (12)

This condition ensures that an energy storage device cannot charge and
discharge at the same time.
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3 Reinforcement Learning-Based Optimal Dispatching
Algorithm

3.1 Fundamentals of Reinforcement Learning

Reinforcement learning (RL) provides a framework in which an agent learns
to make sequential decisions through repeated interactions with the envi-
ronment. The core objective is to optimize the agent’s policy 7 so that the
expected cumulative reward over time is maximized. To evaluate the long-
term potential of different states, two key functions are commonly defined:
the state-value function and the state—action value function.

State-value function V;(s) measures the expected cumulative return
starting from state s while following policy 7:

> yfrilso = s] (13)

t=0

Va(s) =E,

where 7 is the reward at time ¢, and v € [0, 1] is the discount factor. This

function quantifies the long-term benefit of being in a particular state.
State—action value function @ (s,a) evaluates the expected cumulative

return after taking action a in state s and thereafter following policy 7:

Qr(s,a) =E, [Z Vireso = s,a0 = a] (14)
t=0

This function is essential for guiding the agent’s action selection.

3.1.1 Actor—critic architecture

Among gradient-based RL methods, the Actor—Critic framework is one of
the most widely used. Its learning process combines two complementary
components:

1. Critic (Policy Evaluation): Estimates the quality of the actions proposed
by the actor using the temporal-difference (TD) error as a feedback
signal:

0t = 1t + Y Va(s41) — Vr(se) (15)

2. Actor (Policy Improvement): Updates the policy parameters 6 in the
direction suggested by the critic:

0+ 0+ ad;Vglogmg(at|st) (16)
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where, V(s;) serves as a baseline in the policy gradient computation.
Subtracting this baseline reduces the variance of gradient estimates without
introducing bias, improving training stability.

3.1.2 Advantage function
To further refine policy updates, the advantage function A, (s, a) quantifies
how much better an action a is in state s compared to the average behavior of
the current policy:

Ar(s,a) = Qr(s,a) — Vz(s) (17)

Using A(s,a) instead of Qr(s,a) in gradient updates emphasizes
improvements over the baseline, reduces variance in gradient estimates, and
leads to more stable and efficient learning.

3.2 Markov Decision Process Modeling for Intraday
Source-Grid-Load-Storage Coordination

In the intraday coordinated dispatch framework, the agent is the system
dispatch center, while the environment is the power system itself [24]. Carbon
emissions are greenhouse gases released through human activities and natural
carbon cycles, and their accurate estimation is essential for sustainable socio-
economic development. This study proposes an optimized gradient boosting
decision tree—based model for urban energy consumption carbon emission
estimation using optimization algorithms, stochastic gradient descent, and
regularization techniques to improve accuracy and reliability [25]. In this
multi-agent reinforcement learning (MARL) setup, each agent represents a
distinct entity, such as generation, storage, grid, or load. The state space
for each agent includes factors such as energy production, storage state of
charge (SOC), and load demand, while the action space consists of deci-
sions like power adjustments and storage control. The reward function for
each agent is based on its contribution to the overall system performance,
encouraging cooperation among agents. The state and action spaces are
designed to reflect the system’s complexity by including dynamic factors
like load demand, renewable energy forecasts, and energy storage status.
These spaces incorporate multi-source (e.g., wind, solar) and multi-load (e.g.,
thermal, flexible) components, ensuring that the model can adapt to the real-
time fluctuations and interactions within the system. This allows for more
accurate decision-making during the rolling optimization process, where
communication between agents occurs through the shared environment. The
dispatch horizon is set to 4 hours, with a 15-minute interval for each decision
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step. At every time step, the agent observes the current system state, which
includes load demand, renewable generation forecasts, and other relevant
information, and then selects control actions. These actions are executed
in the simulated power system environment, which returns a reward signal
reflecting the economic and operational performance, guiding the agent to
iteratively update its policy.

In this setup, control actions are first mapped to the outputs of controllable
resources (thermal units, energy storage, adjustable loads, etc.) and then
applied to the environment. The resulting system response provides updated
states such as bus voltages and operating costs. By mapping the intraday
optimization objectives and constraints into a MDP framework, where the
objective function corresponds to the reward, and constraints define feasible
state and action sets, the reinforcement learning algorithm can be applied to
determine the optimal dispatch strategy [26].

The state space Sis defined to comprehensively describe the system at
each time step ¢, including:

1. Total system load L

. Photovoltaic generation PP”

. Wind power generation P4

. Previous outputs of thermal units P; ;1

. Previous state of charge (SOC) of energy storage SOC ;1
. Load curtailment levels AL; ;

AN BN

Formally, the system state vector at time ¢ can be expressed as:

st = Ly, PP, P, {Piy_1}iea, {SOCsi1}ses, {ALis_1her] €S

(18)
where S represents the complete state space. Each element in s; provides the
agent with the necessary context to make informed dispatch decisions at the
current time step.

3.3 Action Space Definition for Intraday
Source—Grid-Load-Storage Coordination

In the intraday coordinated dispatch MDP, the action space defines all
controllable decisions that the agent can take at each time step. Actions
are directly applied to controllable resources and determine the system’s
operational trajectory. At time step ¢, the agent’s action vector consists
of three primary dimensions: thermal generation outputs, energy storage
charge/discharge power, and adjustable load curtailment [27]. This study
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proposes a methodological framework to evaluate the suitability of energy
alternatives Central Grid/Grid Extension, Solar Home Systems, and Micro-
grids for rural energy access in India using Multi-Criteria Decision Making
(MCDM) techniques. The framework employs Analytic Hierarchy Process
(AHP) and Fuzzy logic implemented in MATLAB, considering technical,
economic, and environmental criteria under cost and environment scenar-
i0s [28].

3.3.1 Action vector formulation
Let the action at time tbe denoted as:

at = [{B,t}iec% {Psc,}t}a Ps(%ifs}SESW {ALl,t}lEL] €A (19)

where: P;; is the dispatched power of thermal unit ¢; P;}g and Pg%s are the
charging and discharging power of storage unit s; AL; ; represents the curtail-
ment or shifting of adjustable load /; G, S, L denote the sets of thermal units,
energy storage units, and adjustable loads, respectively; A is the feasible
action space satisfying all operational constraints (capacity, ramping limits,
SOC limits, and mutual exclusivity for storage).

3.3.2 Feasibility constraints on actions
Each action dimension is bounded by physical and operational limits:

i h h,
Pimll'l S P'L7t S Pimax 0 S P(;it S P;) max7

0 < Pl < plismax - ph . pdis = 0 (20)
0< ALy < ALP™ 21)

P; ;- Power output of generator ¢ at time ¢.

Pif‘gi“, P73 The minimum and maximum power output for generator
at time .

P s+ Power used for charging storage system s at time ?.

P max: The maximum allowable charging power for the storage
system.

Pyis 5,1 Power used for discharging storage system s at time £.

Pyis max: The maximum allowable discharging power for the storage
system.

ALj;;: The change in load or power output for the system at time ¢.

A Lpax: The maximum allowable change in the load or power output.
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These constraints guarantee that the agent selects only feasible actions
that respect the operational characteristics of generators, storage devices, and
demand-side resources.

3.4 Reward Function Design for Intraday Coordinated Dispatch

In reinforcement learning, the reward function serves as the primary feedback
signal for policy updates. At each time step ¢, the agent applies an action a;
to the simulated power system environment. The environment evaluates the
system’s response, such as operating costs, constraint violations, and other
performance metrics, and returns both the next state s;; and a reward 7.
This reward quantifies the quality of the agent’s action and guides the policy
network toward improving long-term operational performance.

Reinforcement learning is adapted to the power system by framing the
system’s operation as a MDP, where the state space captures dynamic factors
like energy generation, load forecasts, and energy storage. The constraints,
such as power balance and resource limits, are integrated into the reward
function to penalize any violations and ensure system stability. The PPO-
based cooperative mechanism improves interpretability by aligning agent
actions with overall system objectives, enhances stability by restricting policy
updates to safe regions, and promotes fairness by equally incentivizing all
agents, including generation, grid, storage, and load, toward cooperation,
which contrasts with previous approaches where individual agent incentives
may lead to suboptimal coordination.

3.4.1 Reward function components

The reward function is designed to encourage economically efficient and
secure operation. The cooperative game theory mechanism embedded in the
reward function is designed to align the incentives of all entities, including
generation, grid, load, and storage. It encourages cooperation by ensuring
that each entity’s reward is based on the overall system performance, not
just individual gains. The penalty for deviating from cooperative payoffs
ensures that the system operates in a coordinated manner, improving stability
and fairness. The characteristic function is defined by the overall system
utility, where each agent’s payoff is determined by its contribution to the total
performance. The allocation rule ensures that rewards are distributed fairly
among all agents based on their cooperation level. Cooperative equilibrium
concepts are incorporated to stabilize interactions among agents, fostering
cooperation and preventing misaligned incentives. The weights are chosen
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based on the relative importance of each objective in real-world grid opera-
tions. For instance, the day-ahead operating cost weight prioritizes economic
efficiency, while the SOC correction weight emphasizes maintaining energy
storage reliability. These weights guide the control decisions by balancing
economic goals with system stability and reliability, reflecting real grid needs
and operational priorities. It typically consists of two components:

1. Cost Reduction Component: Reflects the negative of the total opera-
tional cost, including thermal generation cost, storage operation cost,
and load adjustment cost:

742‘:0st _ <Z Cith(Pi,t) + Z CES(P8C}27 PS‘%;/S) 4 Z Clload(ALlﬂt))

1€G ses leL
(22)

e ccriost: Total cost at time step .

« cth: Cost coefficient for thermal generation unit 4.

* P, ;: Power generated by thermal unit ¢ at time step ¢.

* G: Set of all thermal generation units.

* ¢°: Cost coefficient for energy storage system s.

. Pg}g: Charging power for energy storage system s at time step ¢.
. ng: Discharging power for energy storage system s at time step .
* S: Set of all energy storage systems.

. c%oad: Cost coefficient for load adjustment /.

* AL;;: Load adjustment for load [ at time step ¢.

 L: Set of all adjustable loads.

2. Penalty for Constraint Violations: Penalizes deviations from operational
limits such as voltage bounds, generator ramping limits, and storage
SOC constraints:

ppenalty _ )\< Z max(0, violationk)> (23)

kEconstraints

where A is a weighting factor controlling the severity of penalties.

At each decision step, physical constraints such as power balance, ramp-
ing limits, and state of charge (SOC) are enforced through the reward
function. Any violation of these constraints triggers penalties, which propa-
gate through subsequent system states, ensuring that future actions adhere to
safe operational limits. These penalties, combined with the reward structure,
maintain system safety by reducing the likelihood of unsafe actions under
uncertainty.
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3.4.2 Combined reward function
The total reward at time ¢ is the sum of the cost and penalty terms:

ry = oSt 4 ppenalty (24)

This formulation ensures that the agent not only minimizes operational
costs but also avoids unsafe or infeasible actions. By maximizing this reward
over the scheduling horizon, the reinforcement learning agent learns a policy
that balances economic efficiency with system reliability.

3.5 Penalty Function Formulation for Safety Constraint
Violations

During the training of the reinforcement learning agent, system safety con-
straints play a critical role in guiding policy learning. If all operational
constraints from power balance to generation, storage, and load limits are
satisfied at time ¢, the corresponding penalty is set to zero. Conversely, any
violation of these constraints incurs a penalty proportional to the magnitude
of the violation. The sensitivity of the coefficients in the penalty functions
is crucial, as these coefficients influence the severity of the penalties for
constraint violations. Proper tuning of these coefficients ensures that penal-
ties are appropriately applied without negatively impacting overall system
performance. These penalties are then aggregated with appropriate weighting
coefficients to obtain the total system constraint violation penalty.

3.5.1 Individual constraint penalty
For each operational constraint k, the violation penalty at time tcan be
expressed as:

P, — 0, if constraint k is satisfied
k.t = |violationy|, if constraint k is violated

(25)

where violation denotes the extent to which the system exceeds the allowed
limits for constraint k.

3.5.2 Weighted total penalty
The total penalty at time ¢ is calculated by summing all individual penalties
with their respective weighting coefficients ay:

Pttotal — Z Qg Pk,t (26)
keK
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where: K is the set of all system constraints (e.g., voltage limits, thermal
unit capacity, ramping limits, storage SOC limits, load curtailment bounds);
oy, 1s the penalty weight assigned to constraint k, reflecting its importance in
maintaining system safety.

3.6 PPO Algorithm Principle and Workflow

While the Actor—Critic algorithm is conceptually simple and widely used, it
often suffers from training instability in practical applications. Specifically,
if the policy parameters are updated with excessively large steps along
the gradient, the policy may degrade suddenly, causing poor performance.
Conversely, overly small updates can lead to slow convergence and extended
training times [29].

To address this issue, Trust Region Policy Optimization (TRPO) was
developed. TRPO constrains policy updates by limiting the Kullback—Leibler
(KL) divergence between the new policy my and the old policy mg,,,,
effectively defining a “trust region” within which policy updates are con-
sidered safe. This ensures that each update improves expected returns while
maintaining training stability [30].

(1) TRPO Optimization Objective
The TRPO algorithm maximizes the expected advantage while restricting the
KL divergence between successive policies:

maximize E MA”%M (s,a)

TOo1a (a‘s) 27)

P 1q 0 TOo1d
subject to Euvp,, (Dt (T (1) [ma(-15))] < 8

where: Aﬁgold (s,a) is the advantage function under the old policy, Pro.,,
is the discounted state visitation distribution, Dkr,(+||-) measures the KL
divergence between the old and new policy distributions, § is a predefined
trust-region threshold that bounds the step size.

(2) Algorithm Workflow
1. Collect Trajectories: Execute the current policy 7y, in the environment
to obtain sequences of states, actions, and rewards.
2. Compute Advantage: Estimate the advantage function A, (s,a) for
each state—action pair.
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3. Policy Update: Solve the constrained optimization problem to obtain
new policy parameters 6 that maximize expected advantage while
satisfying the KL divergence limit.

4. Value Function Update: Update the critic (value function) to better
estimate expected returns under the new policy.

5. Repeat: Iterate the process until convergence or until the maximum
number of training episodes is reached.

3.7 PPO Algorithm Overview

Although the TRPO algorithm has demonstrated success across various appli-
cations, its implementation involves computationally intensive steps such as
Taylor series approximation, conjugate gradient calculations, and line search
procedures. Each policy update requires significant computation, limiting its
efficiency for large-scale or real-time problems.

PPO improves upon TRPO by retaining the same optimization objective,
maximizing expected advantage under policy constraints, while adopting a
simpler and more efficient solution approach. PPO achieves this by directly
restricting the change in the probability ratio between the new policy (7g) and
the old policy (my,,,), ensuring stable and monotonic policy improvement.

Among PPO variants, the KL Divergence and Clipped PPO (PPO-clip-
KL) method is widely used. It combines KL divergence constraints with a
clipping mechanism to limit large updates in the policy probability ratio,
providing a balance between exploration and stability. This approach sig-
nificantly reduces computational overhead compared with TRPO, making
it particularly suitable for high-dimensional continuous action spaces, such
as intraday coordinated dispatch of generation, storage and demand-side
resources.

The PPO-clip algorithm improves stability by constraining policy updates
within a fixed clipping range. This prevents excessively large changes in the
policy probability ratio during training, reducing the risk of performance
collapse. However, the clipping mechanism may slightly limit the potential
performance improvement by restricting aggressive updates.

(1) Surrogate Objective with Clipping
At time step ¢, let the probability ratio between the new policy 7g and the old
policy 7, be defined as:

7T6(at|3t)

) = ———
Tt( ) ﬂ-aold(at|5t)

(28)
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The PPO-clip surrogate objective is formulated as:
L (9) = By [min(r4(0) Ay, clip(re(6),1 — €, 1+ €)Ay)] (29)

where: A; is the advantage function at time %, € is a small positive hyperpa-
rameter defining the clipping range (e.g., 0.1-0.3), clip(r¢(0),1 — €, 1 + ¢€)
restricts the probability ratio within [1 — €, 1 + €].

(2) Interpretation
If r4(f) remains within the clipping range, the policy update follows the
standard policy gradient.

If r4(0) exceeds the clipping boundaries, the update is limited, preventing
destabilizing large steps.

The PPO-clip algorithm enforces a controlled policy update by applying
a clipping mechanism to the probability ratio:

W@(atlst)

) = o (adlsn)

(30)

During training, r;(6) is restricted to the interval [1 — ¢, 1 + €], effectively
limiting the magnitude of policy adjustments at each step.

This approach ensures that the new policy does not deviate too far from
the previous policy, maintaining stable and incremental improvements in
expected performance. The PPO algorithm is adjusted by adding penal-
ties to the reward function for deviations from cooperative payoffs. These
penalties encourage the agents (generation, grid, load, and storage) to work
together for overall system benefits, rather than focusing solely on individual
goals. This change ensures better coordination and efficiency, especially in
uncertain environments, improving the system’s stability and performance
by promoting cooperation among agents. By constraining updates to a small
range, PPO-clip prevents sudden performance degradation while allowing the
reinforcement learning agent to gradually refine its strategy, as illustrated in
Figure 2.

Looking further, the objective function of the clipping form (Lcrp(6))
fundamentally depends on changes in the policy probability ratio (k:(6)).
When an action’s advantage estimate is positive, i.e., (A; > 0), maximizing
(Lcprp(0)) drives the policy ration k¢ (6) to increase, but this increase is
capped by the upper bound (1 + ¢) to prevent excessive policy updates.
Conversely, when the action’s advantage estimate is negative, i.e., (4; < 0),
the optimization process drives k() to decrease, but its minimum value



408  Jinzhong Li et al.

A

l+¢
1-e&%
1-¢ 1+¢& ke
Figure 2 Crop function.
A 0 1-¢ 1+¢ o &
A - B 1(6)
l+g7 A >0 At
/_ —T+49
-6t
-1-5
) \
1-¢ 1+e Pk 0) A

Figure 3 The PPO algorithm’s objective function following trimming.

cannot fall below (1 — ¢). As shown in Figure 3, this “interval constraint”
effectively prevents excessive policy updates, thereby enhancing the stability
of the training process.

As illustrated in Figure 3, the green curve represents the conventional
(unclipped) surrogate objective, while the blue curve shows the clipped
objective function used in PPO-clip. The red curve indicates the resulting
objective after applying the minimum operation, which constrains the policy
update within a safe range.

In PPO, the advantage function A; is employed to evaluate the relative
value of actions, effectively removing the influence of the baseline state value
V (s¢). By doing so, the variance of the value estimation is reduced, leading
to more accurate assessment of action quality. This refinement improves the
stability and performance of the policy update, allowing the agent to learn
more effectively while maintaining safe and incremental improvements in
the expected return.
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4 Case Studies

To validate the effectiveness and applicability of the proposed reinforcement
learning and cooperative game-based source—grid—load—storage (SGLS)
coordinated control method, this chapter conducts case studies using the
IEEE 33-bus extended system and the IEEE 30-bus system as representative
simulation platforms.

The evaluation focuses on multiple aspects:

1. Model Convergence: Assessing the learning stability and convergence
speed of the RL-based coordination algorithm.

2. Operational Economy: Comparing system operating costs under differ-
ent dispatch strategies.

3. System Stability: Evaluating voltage and frequency stability during
coordinated control.

4. Coordinated Control Capability: Analyzing the interaction between
energy storage and flexible loads in balancing generation and demand.

5. Robustness under Uncertainty: Testing the algorithm’s performance
against variability in renewable generation and load demand.

All simulations are implemented in Python 3.9 using TensorFlow 2.10 and
Keras, executed on a hardware platform comprising an AMD Ryzen 5 5600H
CPU and an NVIDIA GTX 1650 GPU.

This setup enables comprehensive assessment of the proposed SGLS
coordination strategy under realistic operational conditions and varying
system uncertainties.

4.1 Construction of Simulation System and Dataset Generation

(1) IEEE 33-Bus Extended Distribution System

A simulation environment is established based on the IEEE 33-bus distri-
bution network, with a nominal voltage of 12.66 kV. The original network
topology is retained (Figure 4), while several extensions are implemented to
represent a multi-source, multi-load system:

* Wind Power Integration: A 1 MW wind farm is connected at Bus 18.

* Photovoltaic Deployment: PV plants of 0.6 MW and 0.3 MW are
installed at Buses 33 and 21, respectively.

* Energy Storage Systems: Three storage units are installed at Buses 7, 17,
and 32, with maximum charge/discharge powers of 0.4 MW, 0.2 MW,
and 0.2 MW, and capacities of 1.2 MWh, 0.6 MWh, and 0.6 MWh.
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Figure 4 IEEE 33 example system.

* Flexible Loads: Two types of flexible loads are modeled at each bus,
consistent with the original load distribution: time-of-day adjustable
loads and distributed controllable loads. The total active load is main-
tained at 2 MW.

Wind, PV, and load outputs are modeled with a constant power factor,
while storage cost parameters, flexible load compensation, and control costs
are assigned according to relevant literature.

(2) Dataset Generation

To capture stochastic behavior at different time scales, Monte Carlo simula-
tions are conducted over 500 operational days. Forecast errors are added as
normally distributed noise at 1-hour and 5-minute intervals, reflecting both
slow-varying deviations and fast fluctuations in generation and load.

The resulting dataset is split into training and testing sets with an 8:2 ratio,
providing the foundation for reinforcement learning-based optimization and
evaluation of the coordinated source—grid—load—storage control strategy.

Figure 5 illustrates the forecast intervals for wind, solar, and load power
over the day-ahead period, along with the corresponding typical actual power
profiles for a representative day. Meanwhile, Figure 6 presents the minute-
level intraday power fluctuations and highlights their amplification effects
on tie-line flows, emphasizing the impact of high-frequency variability on
network operation.

These visualizations provide insight into both the predictable trends
and the short-term uncertainties inherent in renewable generation and load
demand, forming a basis for evaluating the effectiveness of the proposed
coordinated dispatch and real-time control strategies.

(3) IEEE 30-Bus Transmission-Distribution Hybrid System
To further evaluate the generalization capability of the proposed coordi-
nated control method in medium- and high-voltage transmission—distribution
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hybrid systems, a second case study is constructed based on the IEEE 30-bus
system, as shown in Figure 7. The system configuration includes:

» Network Topology: 30 buses, 6 thermal generators, 42 transmission
lines, and 20 load buses.

* Wind Integration: A 55 MW wind farm connected at Bus 28.

* Photovoltaic Integration: A 45 MW PV plant at Bus 14, yielding a
renewable penetration of approximately 23%.
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Figure 7 Configuration of the IEEE 30-bus transmission—distribution hybrid system with
integrated renewable energy, energy storage, and controllable loads.

* Energy Storage Systems: Two storage units at Bus 5 and Bus 22, with
capacities of 18 MWh/28 MW and 25 MWh/35 MW, respectively.

* Adjustable Loads: Controllable loads at Bus 6 and Bus 29 with a peak
curtailment capability of 18 MW, and regulation costs referenced from
literature.

(2) Dataset and MDP Configuration

To simulate realistic operating conditions, actual wind and solar data from the
Belgian grid are used, augmented with 5% stochastic variations to generate a
multi-scenario dataset.

For the entire system, the MDP state space is defined with 34 dimensions,
and the action space consists of 12 controllable variables, including generator
outputs, storage charge/discharge powers, and adjustable load settings.

This setup enables assessment of the proposed reinforcement learning
and cooperative game-based coordination strategy under diverse operating
conditions, demonstrating its adaptability to larger and more complex hybrid
networks [30].

4.2 Algorithm Convergence and Comparative Analysis

The performance of deep reinforcement learning algorithms is closely related
to the choice of network architecture and hyperparameters. In this study, the
detailed network structure and hyperparameters are summarized in Table 1.
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Table 1 Network architecture and hyperparameter settings for the reinforcement learning-
based coordinated dispatch algorithm

Parameter Value/Setting Description

Network Type CNN + Fully Connected Convolutional layers for feature
extraction, followed by dense layers

Number of 6 Number of convolutional layers in

Convolutional Layers day-Ahead feature extraction network

Convolution Kernel 3x3 Kernel size for all convolutional layers

Size

Number of Filters per 32, 64, 64, 128, 128, 256 Number of feature maps in each

Layer convolutional layer

Activation Function ReLU Applied after each convolution and
dense layer

Fully Connected 2 Number of dense layers after

Layers convolutional feature extraction

Neurons per Fully 256, 128 Number of neurons in each dense layer

Connected Layer

Learning Rate 0.0003 Initial learning rate for Adam optimizer

Discount Factor (vy) 0.99 Discount factor for cumulative reward

Batch Size 64 Mini-batch size for network training

Training Episodes 2000 Total episodes for reinforcement
learning

Replay Buffer Size 50,000 Experience replay buffer capacity

Clipping Parameter (¢) 0.2 PPO-clip probability ratio clipping
range

For the simulation cases presented, in order to balance the quality of
extracted features and dimensionality reduction, the day-ahead control fea-
ture extraction network employs a convolutional layer count of convn = 6.
This configuration provides sufficient representational power to capture the
spatiotemporal patterns of renewable generation, load demand, and stor-
age dynamics while maintaining computational efficiency. Unlike traditional
MARL methods that treat agents as independent entities, this study inte-
grates cooperative game theory to align agents’ incentives with overall
system performance. The proposed method enhances stability, fairness and
interpretability, which are often limited in conventional approaches.

The convergence of the proposed reinforcement learning-based coor-
dination algorithm is evaluated across multiple simulation runs, and its
performance is compared with benchmark methods to demonstrate the effec-
tiveness, stability, and learning efficiency of the proposed SGLS (Source—
Grid-Load—Storage) coordinated control strategy.
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The training performance of the deep reinforcement learning algorithm
is evaluated by monitoring the variation of the agent’s reward over time.
During the simulations, several multi-objective weighting coefficients are
used to balance different optimization goals: The ratio between the daily
operating cost coefficient (A1) and the tie-line power smoothing coefficient
(A2) governs the relative emphasis on economic efficiency versus network
stability in day-ahead scheduling. The ratio between the storage day-ahead
tracking coefficient (\3) and the power fluctuation mitigation coefficient \4
determines the priority between planned energy storage dispatch and intraday
smoothing of power fluctuations. The ratio between the SOC correction
coefficient (\31) and the SOC deviation penalty coefficient (A32) affects the
agent’s tolerance for deviations in energy storage state-of-charge. Excessively
large (A32) may cause overly conservative storage re-dispatch.

The final selected multi-objective weight values are summarized in
Table 2.

To mitigate stochastic effects, ten independent training runs are per-
formed with different random seeds. Figures 8 and 9 illustrate the conver-
gence of the day-ahead and intraday agents, respectively. The shaded regions
indicate the range of reward fluctuations across ten runs, while the dark curves
represent the average reward trajectory.

During training, the reward oscillates within a certain range before grad-
ually converging toward a stable value. Moreover, MARL plays a crucial
role in enhancing convergence by allowing agents (generation, grid, load,
and storage) to collaboratively learn optimal strategies. This collaborative
learning approach fosters fairness in decision-making, ensuring that all
agents receive adequate incentives, thus preventing disparities in the benefits
achieved by different entities. The stability of the system is also significantly
improved, as agents are encouraged to maintain cooperation over time, reduc-
ing the likelihood of oscillations or performance degradation that may arise

Table 2 Multi-objective weighting coefficients for day-ahead and intraday coordinated
dispatch

Coefficient  Value Description

(A1) 0.5 Day-ahead operating cost weight

(A2) 0.3 Tie-line power smoothing weight

(A3) 0.4 Storage day-ahead tracking weight

(A1) 0.2 Intraday power fluctuation mitigation weight
(As1) 0.6 SOC correction weight

(A32) 0.1 SOC deviation penalty weight
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in non-cooperative settings. This indicates that, after the specified number
of training episodes, both the day-ahead and intraday agents are able to
effectively converge. The remaining fluctuations in the reward reflect the
inherent uncertainty in the system states, which is expected in stochastic

environments.

To evaluate the effectiveness of the proposed feature extraction network,
its performance is compared with two alternative network structures: a fully
connected (FC) network and an (n x n) convolutional network (CNN) [14].
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Figure 10 Comparison of convergence performance for different feature extraction net-
works: fully connected, n x n convolutional, and proposed network.

The convergence results for these three network structures are illustrated in
Figure 10.

When using the fully connected network, the network struggles to capture
meaningful patterns due to the high redundancy in the distribution grid state
matrix. This leads to poor fitting performance, causing the agent to learn
data features inefficiently. The reward convergence curve exhibits noticeable
oscillations, and the resulting optimization performance is suboptimal.

Using the (5 x 5) convolutional network improves feature extraction by
capturing local spatial correlations in the state matrix. However, this network
does not explicitly model the spatiotemporal relationships among variables
across multiple stages. Consequently, while convergence and optimization
performance are better than the FC network, the results still show consid-
erable variability between independent experiments, indicating a degree of
randomness in the optimization outcome.

In contrast, the proposed feature extraction network achieves rapid
convergence to near-final reward values, with smaller variations across
independent runs. This demonstrates both enhanced stability and superior
optimization performance, confirming that the proposed network structure
can effectively improve the convergence speed and overall effectiveness of
the reinforcement learning-based coordinated dispatch algorithm.

To assess the effectiveness and superiority of the proposed method under
uncertain operating conditions, the optimization results of the test dataset
are compared across three approaches: the proposed deep reinforcement
learning-based method, Method 1, and Method 3. Here, Method 3 does



Research on Intelligent Control Technology 417

0.84

0.82

0.80

0.78

0.76

0.741

Optimize target value

0.72

0.70 ' ] '
Method 3 Method 1 Our method

Figure 11 Comparison of optimization objective value distributions under uncertain source—
load conditions for the proposed method, method 1 and method 3.

not account for source—load uncertainty and directly solves the day-ahead
deterministic optimization model using a genetic algorithm, while Method 1
incorporates uncertainty through a scenario-based approach.

The distributions of the optimization objective values obtained by the
three methods are presented in Figure 11.

From Figure 11, several observations can be made: Method 3 produces
a highly irregular distribution of optimization values, with some values clus-
tered near certain points but overall spread widely. This indicates that ignor-
ing source—load uncertainty significantly degrades optimization performance
in stochastic environments. Method 1 generates a more concentrated distri-
bution by considering representative scenarios of source—load uncertainty.
However, multiple peaks are still observed, reflecting potential mismatches
between the reduced scenario set and the actual probability distribution of
uncertainties. The proposed method achieves a distribution pattern similar
to Method 1 but more concentrated around the optimal region, indicating that
the reinforcement learning agent effectively learns the underlying uncertainty
patterns from the dataset.

4.3 Analysis of Simulation Results

To verify the generalizability of the proposed multi-objective optimization
approach, day-ahead scheduling is used as an example. The cumulative
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Table 3 Day-ahead optimization results under different weighting factors

Total Electricity ~ Energy Flexible Tie-Line Network
Operational Procurement Storage Load Power Loss
Cost Cost Cost Cost MSE Cost
Scenario (k$) (k$) (k$) k$) MW  (k$)
Before Control 120.5 85.3 5.2 3.1 12.8 26.4
A1 =0.5,22=0.5 124.3 83.7 9.1 3.0 7.5 17.2
A =04, =06 126.1 82.5 11.3 3.1 53 16.1
A1 =03, =0.7 127.8 81.8 12.7 3.0 42 16.0

reward reflects the overall system performance by incorporating economic
efficiency, stability, and flexibility, whereas SOC deviation measures the
accuracy of energy storage management. Tie-line power MSE indicates the
effectiveness of the system in smoothing power fluctuations, while operating
costs provide insight into the economic feasibility of the scheduling strategy.
These metrics collectively assess how well the system meets the objectives
of cost reduction, power stability, and efficient energy storage management.
By varying the weighting factors during training, a random day from the test
set is selected to calculate the corresponding optimization objective values.
The results before control and under different weighting factor settings are
summarized in Table 3.

It can be observed that after day-ahead control, the total operational cost
increases slightly. The major component remains the electricity procurement
cost, while the proportion of energy storage control cost rises, reflecting the
currently higher per-unit regulation cost of storage systems.

When the tie-line power smoothing weight Ay is increased, the mean
squared deviation of tie-line power decreases, indicating improved peak-
shaving performance. However, the storage control cost rises accordingly,
leading to a slight increase in total operational cost. The flexible load regula-
tion cost shows no significant change, suggesting that flexible loads provide
cost-effective peak-shaving under current cost parameters.

By appropriately adjusting network power flows throughout the day, the
day-ahead control reduces network losses. For example, when A\; = 0.4 and
X2 = 0.6, the active power network loss cost decreases by 35.2%, and the tie-
line power mean squared deviation decreases by 58.6%, demonstrating the
effectiveness of multi-objective optimization.

Figure 12 illustrates the tie-line power between the distribution network
and the upstream grid before and after day-ahead control. It can be observed
that during the 0-5 h period, the power exported from the distribution network



Research on Intelligent Control Technology 419

|- —e— Before regulation
—&— After regulation

10k Flexible load

0 Energy storage

Active power/MW

1 | I N N N N E—
0 2 4 6 8 10 12 14 16 18 20 22 24

Time/h

Figure 12 Day-ahead tie-line power profiles before and after coordinated control.

to the upstream grid is significantly reduced. This is primarily because the
energy storage system is charging at this time, absorbing a large portion of
the wind generation output.

During the 15-21 h peak load period, the distribution network demand is
effectively mitigated. Both energy storage and flexible loads work in coor-
dination to reduce the peak power requirement. Within the controllable time
windows of flexible loads, the agent redistributes part of the load originally
scheduled between 15-19 h to the 9—14 h and 21-22 h intervals, achieving a
peak-shaving and valley-filling effect.

Overall, the day-ahead control strategy smooths power fluctuations in the
distribution network and alleviates the peak-shaving burden on the upstream
grid. In practical operation, the weighting of different objectives can be
adjusted based on the requirements of the distribution and upstream networks
to achieve multi-objective optimization.

Figures 13 and 14 present the intraday regulation performance of three
approaches: Method 4 (full smoothing), Method 5 (single-step optimization),
and the proposed method. Figure 13 shows the tie-line power profiles before
and after intraday control, while Figure 14 illustrates the energy storage day-
ahead planned output, actual intraday output, planned SOC, and actual SOC
for each method.

From Figure 14, it can be seen that during most periods, the proposed
method and Method 5 generate energy storage power schedules similar to
Method 4, indicating effective smoothing of power fluctuations. During peri-
ods of high variability, both the proposed method and Method 5 moderate the
smoothing of tie-line power to prevent excessive deviations in storage SOC.
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Figure 13 Intraday tie-line power profiles before and after control for method 4, method 5,
and the proposed method.
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Figure 14 Energy storage day-ahead planned output, intraday actual output, planned SOC,
and actual SOC for method 4, method 5, and the proposed method.

The key differences between the proposed method and the comparison
approaches occur in the 6-8 h and 18-20 h periods. 68 h period: Tie-line
power deviates from the day-ahead forecast. Methods 4 and 5 strictly track
the scheduled power by aggressively adjusting storage output, resulting in
significant SOC deviations. In contrast, the proposed method accounts for
the impact of current control actions on subsequent periods, allowing for
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Table 4 Intraday control performance metrics for different methods
Tie-Line Power Max SOC Cumulative

Method MSE (MW?)  Deviation (%)  Reward
Before Control 10.8 0 85.2
Method 4 (Full Smoothing) 2.1 154 72.5
Method 5 (Single-Step) 3.8 8.7 80.6
Proposed Method 3.5 4.2 88.1

a partial relaxation of tie-line tracking. This reduces SOC deviations and
preserves additional regulation capacity. 18-20 h period: Tie-line power again
exhibits large deviations. Both the proposed method and Method 5 balance
fluctuation suppression and SOC tracking, but Method 5 optimizes each time
step independently and does not proactively correct SOC deviations, leading
to residual discrepancies between initial and final SOC. The proposed method
considers the full-period optimization effect, maintaining SOC deviations
within a narrow range and significantly reducing the difference between
initial and final SOC. During periods with rapid source—load fluctuations,
storage power may frequently cross zero. This phenomenon can be managed
by distributing control commands across multiple storage systems and units,
which is not discussed in this study.

The intraday control performance of the three methods is summarized
in Table 4. Before control: The energy storage system strictly follows the
day-ahead schedule, resulting in zero SOC deviation. The tie-line power fluc-
tuations fully reflect the source—load variability. Method 4 (full smoothing):
Tie-line power fluctuations are completely suppressed, causing large devia-
tions in storage SOC and a corresponding reduction in cumulative reward.
Method 5 (single-step optimization): Optimizes tie-line power at each time
step, balancing fluctuation suppression and SOC tracking, which improves
the cumulative reward compared to Method 4. Proposed method: Considers
both objectives and the impact of current actions on future periods, achieving
a higher cumulative reward over the entire intraday control period.

To convert the system dispatch model into an MDP, the state space and
action space must be defined. For the PPO algorithm: State space: Includes
current time step #(1 dimension), load forecasts (22 nodes), PV forecast
(1 dimension), wind forecast (1 dimension), previous step ¢ — loutputs of
thermal units (6 dimensions), actual PV output (1 dimension), actual wind
output (1 dimension), curtailable load reductions (2 dimensions), and actual
SOC of storage units (2 dimensions). The total state dimension is 36. Action
space: Includes thermal unit outputs at time #(6 dimensions), curtailable
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Table 5 Reward function parameters for IEEE 30-bus system

Parameter ~ Value Description

A1 0.45  Day-ahead operating cost weight

A2 0.35  Tie-line power fluctuation penalty weight
A3 0.25  Storage SOC tracking weight

A4 0.15  Curtailable load regulation weight

A31 0.50 SOC correction coefficient

A32 0.08  SOC deviation penalty coefficient

load adjustments (2 dimensions), and predicted SOC changes of storage
units (2 dimensions), for a total action dimension of 10. The PPO algorithm
parameters are set as follows: discount factor v = 0.98, clipping factor
€ = 0.12. The neural network is updated once every 120 scheduling cycles.
The reward function parameters used in this case study are summarized in
Table 5.

4.4 Case Study Results Analysis

In this study, three algorithms are applied for intraday optimization: PPO-
clip, PPO with KL penalty (PPO-kl), and PPO-clip combined with KL
penalty (PPO-clip-kl). The reward evolution curves during training are
presented in Figure 15.

Each curve represents the reward obtained by the neural network before
adjustment, evaluated over a randomly selected scheduling cycle. To account
for stochastic effects, each environment is trained with 4 different random
seeds, and the final curve is obtained by averaging the results across seeds.
From Figure 15, it can be observed that all three algorithms show an overall
increasing trend in reward values as training progresses, indicating effective
learning of the intraday control policy. The PPO-clip-kl algorithm con-
verges slightly faster and exhibits smoother reward curves compared to the
other two, demonstrating improved stability and robustness. PPO-clip shows
slightly larger fluctuations in the early training phase, while PPO-kl achieves
moderate convergence speed but with occasional oscillations. These results
indicate that combining clip constraints with KL penalty helps balance policy
update stability and learning efficiency, making PPO-clip-kl more suitable for
intraday optimization in complex, uncertain distribution systems.

Figure 15 presents the reward evolution curves of the three PPO variants
used for intraday optimization. Overall, all algorithms demonstrate good
convergence behavior.
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Figure 15 Training reward evolution for intraday optimization using PPO-clip, PPO-kl, and
PPO-clip-kl algorithms.

During the initial training phase, the agent performs random exploration,
and many actions violate the system’s operational constraints, particularly
the power balance requirement, resulting in negative rewards. As training
progresses, the policy network is updated continuously, reducing violations
and gradually guiding the agent toward economically optimal scheduling.

In the later stages, minor fluctuations in the reward values occur due
to variations in load and renewable generation across different scenarios,
which affect the intraday optimization cost for each scheduling cycle. This
variability is normal and expected in stochastic environments.

Since the reward function is designed based on system operational costs,
it has an upper limit. After sufficient training cycles, the convergence values
of the three algorithms are roughly similar. Among them, PPO-clip achieves
the fastest convergence, as the clipping function constrains the update range
of the advantage function, ensuring stable and efficient policy updates.

The PPO-clip-kl algorithm balances stability and learning speed but
introduces higher computational complexity, resulting in slightly slower con-
vergence. Each policy update requires calculating both the KL divergence
penalty and the clipping adjustment, which increases computational overhead
compared to algorithms using only one of these mechanisms.
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Figure 16 Representative scenario for intraday testing using the PPO-clip algorithm.

This analysis indicates that PPO-clip provides a good trade-off between
training efficiency and stability, making it suitable for rapid intraday opti-
mization in uncertain distribution system scenarios.

After completing the offline training, the PPO-clip algorithm is applied
to evaluate a representative scenario, as illustrated in Figure 16. This test
assesses the algorithm’s ability to generate real-time intraday dispatch deci-
sions under realistic load and renewable generation conditions, verifying the
effectiveness of the learned policy in uncertain operational environments.

During the training process, to ensure adequate exploration of the envi-
ronment and prevent the model from overfitting to the current experience
replay, the action distribution is randomly sampled before mapping to the
agent’s actual output range. Specifically, the Actor network computes the
mean and variance of each controllable resource output, thermal unit gen-
eration, storage SOC, and curtailable load reduction, forming a normal distri-
bution for each action. An action value is then sampled from this distribution,
which promotes exploratory behavior and helps avoid local optima.

During testing, the agent selects the most probable action, corresponding
to the mean of the distribution, which eliminates stochastic disturbances and
ensures stable action execution. The test results on the validation dataset are
shown in Figure 17, demonstrating the effectiveness and reliability of the
trained PPO-clip policy in intraday dispatch under varying system conditions.
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Figure 17 Test results of intraday dispatch using the PPO-clip algorithm.

After completing the offline training, a set of Actor network parameters
is obtained. Using these parameters, online testing is conducted on four
representative intraday scenarios. The dispatch plan for a typical day is
illustrated in Figure 17.

By employing a rolling optimization approach, the agent determines
the scheduling strategy for the entire day. The results demonstrate that
the agent can adjust thermal unit outputs based on renewable generation
forecasts, maximizing renewable energy utilization, accommodating output
fluctuations, and ensuring system security.

From Figure 17, it can be observed that during 0:00-5:00, the load
demand is generally lower than the minimum system supply, and the genera-
tion from renewables and thermal units exceeds demand. During this period,
energy storage systems charge using surplus renewable generation. During
peak load periods (19:00-22:00), the storage systems discharge, reducing
peak load. By charging and discharging at different times, the storage system
effectively shifts energy temporally, smoothing the load curve and achieving
a peak shaving and valley filling effect. Additionally, during peak hours,
curtailable loads actively participate in dispatch, alleviating pressure on the
grid.

The economic cost comparison for testing scenario (a) using different
algorithms is summarized in Table 6.
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Table 6 Economic cost comparison for scenario (a) using different algorithms

Algorithm Day-Ahead Cost ($)  Intraday Cost ($)  Total Cost ($)
PPO-clip (Proposed) 4,720 1,250 5,970
PPO-kl 4,750 1,280 6,030
PPO-clip-kl 4,730 1,260 5,990
Method 4 (Full Smoothing) 4,810 1,340 6,150

5 Conclusion

The proposed reinforcement learning and cooperative game-based method
for coordinated regulation of generation, grid, load, and storage effectively
enhances system economics, flexibility, and stability under high renewable
energy penetration. By constructing a multi-dimensional state space and
continuous action space MDP model, and employing the PPO algorithm for
policy learning, the agent achieves dynamic optimal allocation of flexible
resources in rolling daily scheduling. Simultaneously, the cooperative incen-
tive mechanism incorporated into the reward function ensures coordinated
benefits among all entities, preventing adverse behavior and enhancing over-
all system control efficiency. Extensive testing on IEEE 33-node and IEEE
30-node systems demonstrates superior performance compared to traditional
optimization and other DRL strategies in convergence capability, operational
costs, fluctuation suppression, and SOC management, showcasing strong
generalization and robustness. Future work may further extend the multi-
agent cooperative mechanism to practical power grid engineering scenarios,
achieving higher-dimensional, multi-agent collaborative optimization.
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