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Abstract——In recent years, reinforcement learning (RL) has 
emerged as a solution for model-free dynamic programming 
problem that cannot be effectively solved by traditional optimi‐
zation methods. It has gradually been applied in the fields such 
as economic dispatch of power systems due to its strong self-
learning and self-optimizing capabilities. However, existing eco‐
nomic scheduling methods based on RL ignore security risks 
that the agent may bring during exploration, which poses a risk 
of issuing instructions that threaten the safe operation of power 
system. Therefore, we propose an improved proximal policy op‐
timization algorithm for sequential security-constrained optimal 
power flow (SCOPF) based on expert knowledge and safety lay‐
er to determine active power dispatch strategy, voltage optimiza‐
tion scheme of the units, and charging/discharging dispatch of 
energy storage systems. The expert experience is introduced to 
improve the ability to enforce constraints such as power bal‐
ance in training process while guiding agent to effectively im‐
prove the utilization rate of renewable energy. Additionally, to 
avoid line overload, we add a safety layer at the end of the poli‐
cy network by introducing transmission constraints to avoid 
dangerous actions and tackle sequential SCOPF problem. Simu‐
lation results on an improved IEEE 118-bus system verify the 
effectiveness of the proposed algorithm.

Index Terms——Sequential security-constrained optimal power 
flow (SCOPF), expert experience, safety layer, renewable ener‐
gy, safe reinforcement learning.

I. INTRODUCTION 

POWER system operation and control is encountering in‐
creasing challenges as renewable energy is integrated in‐

to the power system on a big scale. On the one hand, the 
large-scale access of wind and photovoltaic power requires 
the dispatch operation to rapidly adjust to the unpredictabili‐
ty of renewable energy output. On the other hand, the capaci‐
ty of renewable energy that the power system can accomo‐
date is also limited by the transmission capacity of the pow‐
er lines. The main challenge in increasing the capacity of the 
power system to accomodate renewable energy is how to 
combine the characteristics of the power system and load de‐
mand with the output characteristics of wind and photovolta‐
ic power, which helps establish a safe and reliable security-
constrained optimal power flow (SCOPF) model of power 
systems [1], [2].

Mathematically, the sequential SCOPF problem is a com‐
plex nonlinear mixed-integer programming problem, which 
is traditionally solved by interior point method, Dantzig-
Wolf algorithm, interior-point algorithm, and cross-entropy 
algorithm [3] - [5], etc., which are efficient and precise in 
solving small-scale problems, but their computational effi‐
ciency is relatively low in large-scale systems. Moreover, the 
control ability requirements and random characteristics of 
the renewable energy station greatly increase the difficulty 
sequential SCOPF modeling.

With strong self-learning and self-optimizing capabilities, 
reinforcement learning (RL) has gained attraction in the ar‐
eas like the economic dispatch of power systems because it 
can solve model-free dynamic programming problem that 
cannot be effectively solved by conventional optimization de‐
cision-making methods [6], [7]. An RL algorithm based on 
policy iteration is proposed in [8] to solve the economic dis‐
patch problem, where the economic dispatch problem is 
modelled as a multi-stage decision-making issue. A pre-train‐
ing scheme based on simulation learning is designed in [9] 
to investigate the active power dispatch in power systems 
with large-scale renewable energy sources, significantly en‐
hancing the application ability of the deep RL (DRL) algo‐
rithm. A self-adaptive uncertain economic dispatch model 
based on DRL is adopted in [10] to deal with uncertain vari‐
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ations in load and renewable energy. The model adopts mul‐
tiple experience pool replay strategies to eliminate the corre‐
lation of sample data and improve the utilization of high-
quality data, which is instrumental in speeding up the train‐
ing process. Overall, the model is based on RL, which maxi‐
mizes economic benefits by reducing power generation costs 
through sensible unit combination and load allocation. The 
aforementioned economic dispatch methods prioritize eco‐
nomic benefits and do not consider the safety and reliability 
of the power system sufficiently.

As far as we know, there has been limited research on RL-
based security-constrained economic dispatch problem [11]. 
In order to avoid voltage limit violation at nodes, a node 
voltage penalty term is added to the global reward in [12], 
creating a negative reward mechanism. To accomplish safe 
and efficient dispatch, the optimization is carried out through 
interactive iteration to limit the voltage amplitude of each 
node within a safe range. In [13], the reward function is im‐
proved to introduce risk penalty for power flow convergence 
and power balance penalty. The mechanism is conducive to 
guide the agent to generate a dispatch scheme that satisfies 
the safety constraints. Safe RL (SRL) is suggested in [14] to 
solve the problem of optimal operation of distribution net‐
work. To explore the best dispatch policy while ensuring 
safety, the expected cumulative cost function is used to rep‐
resent the environmental constraints, and the neural network 
is trained based on the constrained policy optimization 
(CPO) algorithm. A holomorphic embedding-based soft actor-
critic (HE-SAC) algorithm is developed in [15] to find fast 
optimal operable power flow (OOPF) by leveraging DRL 
and advanced complex analysis techniques. The reward func‐
tion is modified to improve the feasibility by considering 
constraint violations and policy entropy.

The above studies have made significant explorations, but 
the following issues have not been solved.

1) Most of current RL-based SCOPF studies are in favor 
of a small-scale power systems, but are not validated in the 
large-scale ones. When the power system is large and the de‐
cision-making action space is high-dimensional and continu‐
ous, it is possible to cause the agent to slow down the con‐
vergence rate and even fail to effectively explore the optimal 
strategy because the training effect of RL is sensitive to the 
number of actions.

2) The prior studies do not pay enough attention to the po‐
tential security risks that DRL poses while conducting explo‐
ration. In order to improve the convergence and security of 
agent, [12]-[15] add constraint penalty terms in training and 
combine them with objective function or build expected cu‐
mulative cost function to constrain action. These methods ne‐
cessitate the manual design of punishment terms or the ad‐
justment of penalty coefficients, which calls for strong mod‐
eling abilities.

3) It is challenging to ensure the practicability of agent be‐
cause it cannot guarantee that the required safety constraints 
can be simultaneously satisfied in practice. For instance, 
some studies have neglected the capacity limit of transmis‐
sion line by only considering power balance and voltage op‐
timization. It is difficult to implement load allocation while 

making sure that all security requirements are met in the ac‐
tual operation of power system.

4) The existing dispatch methods based on RL are not effi‐
cient enough in considering the targeted guidance of the 
agent to improve the utilization rate of renewable energy. 
One of the key objectives of electricity market construction 
is the promotion of renewable energy utilization. Addressing 
the ambiguity and unpredictability of renewable energy and 
minimizing energy waste brought on by the curtailment of 
wind and photovoltaic resources are presently two of the 
most important issues that require attention.

To this end, we propose an improved proximal policy opti‐
mization (PPO) algorithm for sequential SCOPF based on ex‐
pert knowledge and safety layer (called EK-CPPO) to over‐
come the shortfalls of the existing RL-based algorithms. The 
major contributions of this paper lie in three perspectives.

1) We propose a constrained Markov decision process 
(CMDP) formulation for the sequential SCOPF problem to 
determine the active power dispatch strategy, the voltage op‐
timization scheme of the units, and the charging/discharging 
dispatch of the energy storage systems, which can adapt to 
the uncertain changes of intermittent power and load. Com‐
pared with existing RL-based algorithms, this formulation 
does not require the design of specific reward functions for 
constrained problems.

2) We embed the expert knowledge to guide the training 
of the agent and improve the execution effectiveness of the 
agent to deal with constraints such as power balance. At the 
same time, the policy enables us to efficiently consume re‐
newable energy, and the utilization rate of renewable energy 
is maximized while ensuring the economy of the scheduling 
strategy.

3) We employ a safety layer to the end of the policy net‐
work to introduce transmission constraints to the power sys‐
tems. Different from traditional DRL algorithms, the de‐
signed policy can effectively ensure that the dispatch actions 
meet the transmission constraints, and guarantee the safety 
of the agent in the exploration process, which can contribute 
to tackling the sequential SCOPF problem.

The rest of this paper is organized as follows. Section II 
presents the safety-constrained economic dispatch model. 
Section III proposes guided training based on expert experi‐
ence. Section IV introduces re-constrain actions based on the 
safety layer. Case studies are given in Section V. Finally, 
conclusions are drawn in Section VI.

II. SAFETY-CONSTRAINED ECONOMIC DISPATCH MODEL 

The OPF problems in AC environments aim to search for 
the control policy to minimize the cost of power purchase 
while satisfying the security constraints of power systems 
[16]. In this section, the optimal objective of sequential OPF 
is introduced firstly, and then the limit and constraints of 
grid operation are defined. Finally, the sequential SCOPF 
problem is expressed as a CMDP and solved by SRL.

A. Optimization Objectives

Dispatch planning requires adjusting the operation plan of 
power generation strategies to ensure continuous balance and 
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stability of the power systems based on actual power de‐
mand and changes in power supply. In the power systems 
with large-scale renewable energy sources, the dispatch plan‐
ning should minimize the operation cost and maximize the 
utilization rate of renewable energy to achieve the goal of 
energy conservation and emission reduction while ensuring 
the safe and stable operation of the power system [17]. The 
dispatch objective delineated in this paper encompasses the 
voltage and reactive power optimization, the active power 
optimization and the strategic dispatch of the energy storage 
system for charging and discharging operations. We use sub‐
script tÎ T to index interval, nÎN to index thermal power 
units, mÎM to index renewable energy units, sÎ S to index 
the energy storage systems, where T, N, M, and S represent 
the sets of time intervals, thermal power units, renewable en‐
ergy units, and energy storage systems, respectively. The op‐
eration costs and the utilization function of renewable ener‐
gy can be expressed by (1) and (2), respectively. The opera‐
tion costs include the costs of each unit and the energy stor‐
age system.
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where P G
nt and P G

mt are the outputs of thermal power unit n 
and renewable energy unit m at time t, respectively; P ES

st  is 
the charging and discharging power of the energy storage 
system at time t; an, bn, cn, as, and bs are the cost coeffi‐
cients; and P Gmax

mt  is the maximum output power of the re‐
newable energy unit m at time t.

B. Limits and Constraints

We use the subscript kÎK to index network nodes, lÎ L 
to index lines, and qÎQ to index the load, where K, L, and 
Q represent the sets of network nodes, lines, and loads, re‐
spectively. For sequential SCOPF problem, the constraints 
shown in (3)-(10) must be satisfied.∑
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where P D
qt is the load demand of load q at time t; P G

it is the 
output of unit i at time t; P Gmin

i  and P Gmax
i  are the lower and 

upper limits of the output of unit i at time t, respectively; σ d
n  

and σ u
n  are the maximum downward and upward adjustment 

rates of thermal power unit n, respectively; P L
lt is the trans‐

mission power of line l at time t; P̄l and -P l are the forward 
and reverse transmission power of line l, respectively; Snk, Smk, 
and Sqk are the sensitivities of n, m, and q to node k, respective‐
ly; V B

kt is the voltage limit of node k at time t; V Bmin
k  and V Bmax

k  
are the minimum and maximum voltage limits of node k, re‐
spectively; -P

ES
s  and P̄ ES

s  are the maximum discharging and 
charging efficiencies of the energy storage system, respec‐
tively; C ES

st  is the capacity limit of the energy storage system 
at time t; and C ESmin

s  and C ESmax
s  are the minimum and maxi‐

mum capacity limits of the energy storage system, respectively.
Equation (3) is the power balance constraint; (4) and (5) 

are the lower and upper bound limits on output and the 
ramp rate constraint, respectively; (6) is the bus voltage con‐
straint; (7) and (8) are the power constraints of transmission 
line; and (9) and (10) represent the charging and discharging 
rates and energy storage capacity limit of the energy storage 
system, respectively.

C. CMDP Formulation

One of the main challenges of Markov modeling for se‐
quential SCOPF problem is how to handle constraints [18]. 
In most model-free methods, constraints are modeled as neg‐
ative reward in the Markov decision process (MDP) [19]. 
However, as discussed in [20], it is difficult to determine a 
penalty coefficient to balance constraint violations and re‐
ward. Considering large-scale optimization problem, effec‐
tive constraints are often not satisfied, and may even lead to 
inability of the agent to converge. To address this issue, we 
propose a CMDP formulation for the sequential SCOPF 
problem. The basic elements of the proposed CMDP formu‐
lation will be elaborated as follows.
1)　Action Space and Observation Space

PPO is regarded as a state-of-the-art policy gradient algo‐
rithm [21], which essentially represents the strategy π as a 
neural network with a parameter θ. Through the interaction 
of neural network and environment, the sequence τ contain‐
ing H steps is formed as:

τ ={s1a1s2a2sHaH } (11)

where s t (t = 12H) is the state vector of the current envi‐
ronment; a t (t = 12H) is the decision vector output by 
the neural network; and H is the length of the sequence τ.

In the same state, the output of the neural network satis‐
fies the probability distribution of parameter θ, so the se‐
quence τ is uncertain and the occurring probability of se‐
quence τ is calculated by:

pθ (τ)= p(s1 )pθ (a1| s1 )p(s2| s1a1 )pθ (a2| s2 )p(s3| s2a2 ) =
p(s1 )∏

tÎ T

pθ (at| s t)p(s t + 1| s ta t) (12)

where p(s1 ) is the probability that the initial environment is 
in the state s1; pθ (at| s t) is the probability of a t output by the 
neural network with parameter θ in the state s t; and 
p(s t + 1| s ta t) is the probability that the next state is s t + 1 when 
a t is performed under state s t.

The selected s t is shown in (13), which includes the active 
power P G

nt - 1 and P G
mt - 1 of the thermal power units and the re‐

newable energy units in the previous period, the voltage 
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V G
nt - 1 of the nodes where the thermal power units are locat‐

ed and the voltage V G
mt - 1 of the nodes where the renewable 

energy units are located, the charging and discharging dis‐
patch P ES

st - 1, the residual battery capacity BES
st of the energy 

storage system during the previous period, the upper limit P̄t 
and the lower limit -P t of the active power adjustment of the 
units during the current period, the loading rate of transmis‐
sion line during the current period ρL

lt, and the forecasted ac‐
tive power load P D

qt + 1 during the next period.

s t =[P G
nt - 1P

G
mt - 1V

G
nt - 1V

G
mt - 1P

ES
st - 1B

ES
st P̄t-P tρ

L
ltP

D
qt + 1 ]

 (13)
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(15)

In the sequential SCOPF model established in this paper, 
a t is given as:

a t =[P G
ntP

G
mtV

G
ntV

G
mtP

ES
st ] (16)

It should be noted that the policy network outputs non-nor‐
malized action through the activation function tanh, with the 
output ranging from -1 to 1. In order to correspond the out‐
put of the policy network with the actual range of actions, 
the output of the policy network needs to be de-normalized 
according to the action space of (6), (9), (14), and (15), so 
that the real dispatch policy can be obtained.
2)　Reward

Each stage can obtain a specific reward, and the reward of 
sequence τ can be expressed by the expected cumulative re‐
ward obtained by the neural network in the case of strategy 
π. The training goal of DRL is to find an optimal strategy to 
maximize the expected reward of the sequence τ.

In this method, in order to quickly find the optimal strate‐
gy, we can define the reward generated after interacting with 
the environment during the t th time period, as shown in (17).

r(s ta t )= c1r1 (s ta t )+ c2r2 (s ta t ) (17)
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st + bs )

- 1 (18)
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where c1 and c2 are the weights of dispatch requirements.
3)　Termination Condition

The actions output by an agent must meet a series of oper‐
ational rules. For example, the input power of any generator 
cannot exceed the specified upper and lower limits, the ac‐
tive power adjustment of the generator must be less than the 
set ramp rate, and the total output of all units must maintain 
a dynamic balance with the load demand. At the same time, 
when the agent adjusts the terminal voltage, the reactive 
power output of the units must be within its upper and lower 
limits. If these rules are violated, the emulator will prompt 
“illegal action” and forcibly end the current episode. In addi‐
tion, if there is a “soft overload” (the line current exceeds 
the limit but does not exceed 135% of the loading rate) in 

four consecutive time steps of any line, the line will be shut 
down. If a “hard overload” (the line current exceeds 135% 
of the loading rate) occurs, the line will be immediately shut 
down. The outage of transmission lines in the power system 
will lead to varying degrees of power flow transfer, which 
may lead to cascading failures, ultimately leading to system 
disconnection or collapse [22]. Therefore, it is necessary to 
avoid outage events caused by transmission line overload as 
much as possible [23], [24].

D. SRL Method

Based on modeling the sequential SCOPF problem as 
CMDP, the optimization objective can be expressed as solv‐
ing the constrained RL problem. For this purpose, we estab‐
lish an SRL model to express the sequential SCOPF model. 
The mapping relationship between state s t and the cost is de‐
fined as cost function ci, which is used to measure the viola‐
tion degree of constraints when agent chooses a t. Different 
cost functions represent different types of damages. The 
cumulative reward function can be expressed as Gt =∑
h = 0

H

γh
costri (s t + ha t + h ) and the cumulative cost function can be 

expressed as Gci

t =∑
h = 0

H

γh
costci (s t + ha t + h ). The goal of SRL can 

be written in (20). The agent will receive a reward ri and a 
cost ci for each step. To achieve a trade-off between optimal 
reward and safety, it is necessary to optimize the reward 
function that satisfies safety constraints to maximize the 
long-term reward while satisfying the cost threshold [25]:
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where E
τ~π

 is the expectation value; γh
cost is the discount factor; 

c̄i (×) is the single-step cost function; and Ci is the threshold 
of the cost function.

It is a challenging task to solve the constraints in (20). In 
the initial training stage, it is difficult to meet all state con‐
straints for the agent initialized using random strategies be‐
cause of the lack of prior knowledge. Only when the number 
of violations is sufficient can the agent gradually avoid dan‐
gerous actions. This situation leads to low exploration effi‐
ciency and slow convergence speed of the agent, and may al‐
so bring risks.

Therefore, as shown in Fig. 1, we establish a dispatch 
model based on SRL to determine the load allocation, volt‐
age optimization, and charging and discharging schemes of 
the energy storage systems. The dataset indicated in Fig. 1 
meets the requirements of typical scenarios for grid opera‐
tion, including the network congestion, severe load fluctua‐
tion, and renewable energy curtailment. This paper introduc‐
es expert experience to improve the execution of constraints 
such as power balance in the training process, while guiding 
the agent to effectively improve the utilization rate of renew‐
able energy. In addition, in order to avoid line overload, we 
also add a safety layer introducing line capacity constraints, 
which is instrumental in avoiding dangerous actions and 
solving the sequential SCOPF problem.
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III. GUIDED TRAINING BASED ON EXPERT EXPERIENCE 

A. Parameter Update Method

The advantage function is used to calculate the relative ad‐
vantage of a particular action a t compared with other possi‐
ble actions in a given state s t. It can map the state-action val‐
ue function to the same baseline as the value function, 
achieving normalization of the state-action value function, 
which can contribute to reducing variance, and avoiding 
overfitting caused by excessive variance. In this paper, the 
GAE is adopted as the estimation method for the advantage 
function δt, which is defined by:

Ât =∑
h = 0

H

(γλ)h δt + h = δt +∑
h = 1

H

(γλ)h δt + h = δt + γλ∑
h = 0

H

(γλ)h δt + h + 1 =

δt + γλÂt + 1 (21)

δt = rt + γλ(s t + 1 )-VΦ (s t ) (22)

where λ is a hyperparameter which is used to balance the 
trade-off between variance and bias; γ is the discount factor; 
and VΦ (×) is the state value function.

In this paper, the variable β is chosen to control the 
weight relationship between the constraint term and the ob‐
jective term. The KL divergence is used as a penalty term 
and added to the objective function. The combined objective 
function is also referred to as the loss function of the actor 
network, which is calculated by:

J(θ)=
1
H∑t = 1

H ì
í
î

ïï

ïï

ü
ý
þ

ïïïï

ïï

πθ (at| s t)

πθold 
(at| s t)

Ât - βyKL [πθold 
(× | s t)πθ (× | s t)]    (23)

where 
πθ (at| s t)

πθold 
(at| s t)

 is the ratio of probability between the new 

policy and old policy; θold is the parameter of the policy be‐
fore the policy update; and yKL (πθold 

(× | s t)πθ (× | s t)) is the KL 

divergence term that measures the difference between the 
new policy and old policy, mainly limiting the magnitude of 
policy updates.

The Critic network is used to evaluate the value function 

of the current state. The PPO algorithm updates the parame‐
ters ϕ of the Critic network using the loss function shown 
in (24).

L(ϕ)=-∑
t = 1

H ( )∑
t′> t

γt′- t rt′-VΦ (s t )

2

(24)

B. Introducing Expert Experience

To guide the agent to give priority to the renewable ener‐
gy utilization when allocating loads, and to restrict the 
search direction within the feasible operation region of the 
power systems, this subsection embeds expert knowledge in‐
to the training process to guide the training of the agent, 
which is instrumental in reducing the curtailment rate of re‐
newable energy, and improving the convergence.

We introduce regularization terms based on expert experi‐
ence into the loss function of the Actor network, which in‐
clude power balance and renewable energy utilization. In 
summary, the loss function of Actor is updated as:

J ′(θ)=wq J(θ)+
1
H∑t = 1

H∑
r = 1

2

wr × regrt (25)

where wq, w1, and w2 are the weights of the regularization 
terms; and reg1t and reg2t are the regularization terms relat‐
ed to power balance constraint and renewable energy utiliza‐
tion, respectively. reg1t indicates the square of the difference 
between the total load demand and the total output of units, 
which is calculated by (26). By introducing reg1t, the agent 
can be guided to achieve a balance between power genera‐
tion and load demand in the power system.

reg1t = ( )∑
qÎQ

P D
qt - ∑

iÎNM

P G
it

2

(26)

where DP D
t  is the difference between the total load at time t 

and the total load at time t - 1.
reg2t is conducive to guiding the agent to maximize the 

renewable energy utilization while ensuring the safe opera‐
tion of the power system, which is defined by:

Original action

PPO network Safe layer

 

Adjusted action

Thermal power unit

Wind turbines

Photovoltaic units

Load forecasting

Value network ff

Policy network θ

Dispatch center

Energy storage

Monitoring system

and historical data

Unit data

Power sources

State and reward

Unit 1

Unit 2

Unit n

…

Fig. 1.　Sequential SCOPF based on SRL.
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reg2t = 1 -
∑
mÎM

(P G
mt - 1 +DP G

mt )

∑
mÎM

P Gmax
mt

(27)

When training the Actor-Critic, the Actor network can be 
updated according to the optimized loss function, which is 
shown in (25).

IV. RE-CONSTRAIN ACTIONS BASED ON SAFETY LAYER 

Whether the dispatch action can strictly meet the line ca‐
pacity constraints is the key to solving the sequential 
SCOPF problem [26], [27]. Existing economic dispatch 
methods based on RL often ignore the key constraint of 
transmission constraints. Therefore, this section proposes an 
action constraint method with safety layer based on the prin‐
ciple of fast sensitivity method, which can realize effective 
constraint on line capacity.

A. Principle of Fast Sensitivity Method

We simplify nonlinear elements such as generators and 
loads in the power system to a constant current source, and 
simplify static elements such as transformers, transmission 
lines, capacitors, and reactors to equivalent lines connected 
in series or parallel for simulation, so that the power system 
can be simplified into a linear network [28], [29]. We make 
the following reasonable assumptions for further analysis:

1) The power flow calculation does not consider the influ‐
ence of grounding lines.

2) The resistance of high-voltage transmission lines is 
much smaller than their reactance.

3) The voltage at both ends of the transmission lines is 
close to the rated voltage and the voltage phase angle differ‐
ence is small.

Supporting evidence suggests that line l connects nodes i 
and j, therefore, line power flow Pl is calculated by:

Pl =
ψi -ψj

xij
(28)

where ψi and ψj are the phase angles of nodes i and j, re‐
spectively; and xij is the impedance between nodes i and j. 
We use P SP

k  to represent the injection power of node k, 
which is the difference between the total active power of 
generators and the total demand of loads at node i. Then, the 
active power flow of node k can be defined by:

Pl =
ψi -ψj

xij

=∑
k = 1

N - 1 Xik -Xjk

xij

P SP
k (29)

where Xik and Xjk are the elements of X, and X represents 
the inverse matrix of B, which is defined as:

ì

í

î

ï
ïï
ï

ï
ïï
ï
ï
ï

Bii =∑
jÎ i

1
xij

Bij =-
1
xij

(30)

Therefore, the sensitivity coefficient Slk of line l to the in‐
jection power of node k can be calculated by:

Slk =
Xik -Xjk

xij
(31)

We can conclude that there is a linear relationship be‐
tween line power flow and injection power of each node. 
When line power flow exceeds the line capacity limit, it is 
possible to effectively reduce the active power flow of the 
line by adjusting the injection power of related nodes in pro‐
portion to the overload degree [30], [31].

B. Action Correction Mechanism Based on Safety Layer

Based on the characteristic that there is a linear relation‐
ship between the line power flow and the injection power of 
each node, we propose a corrective method based on single-
step linear transformation. The method will undergo linear‐
ization processing, as shown in (32), which modifies ci to en‐
sure that the violation of transmission constraints satisfies 
the cost threshold.

c̄i (s t + 1 )= ci (s ta t )» c̄i (s t )+ (g(s t ; wi ))
Tat (32)

where g(s t ; wi ) is designed as an action correction function 
with a neural network structure, and g(s t ; wi ) is a first-order 
approximation of ci (s ta t ) with respect to a t; and wi repre‐
sents the weights of the neural network. g(s t ; wi ) takes s t as 
input and outputs a vector of the same dimension as a t. The 
meaning of g(s t ; wi ) is to explicitly represent the sensitivity 
of action changes to the power flow changes. Due to the 
constraint on the transmission line capacity, the number of 
correction functions is equal to the number of transmission 
lines, and thus iÎ L. We can consult Fig. 2 to gain a more 
intuitive understanding.

It should be noted that g(s t ; wi ) serves as the pre-training 
model prior to training the agent, and only requires one train‐
ing execution [32]. In addition, it is optional to conduct addi‐
tional continuous training of g(s t ; wi ) during the agent train‐
ing process. The experimental results indicate that continu‐
ous training improves the performance of the RL compared 
with pre-training alone. Therefore, we only present the re‐
sults with continuous training.

We will demonstrate how to employ the method of locally 
modifying the policy to solve problem shown in (32). πθ (s t ) 
represents the deterministic action selected by the policy net‐
work. Subsequently, a safety layer is added at the end of the 
policy network to improve the policy through local modifica‐
tion, with the aim of solving the problem, as shown in (33).

ì

í

î

ïïïï

ïïïï

π *
θ (s t )= arg min

at

f (s ta tπθ (s t ))= arg min
at

1
2
 at - πθ (s t )

2

s.t.  ci (s ta t )£Ci    "iÎ L
(33)

It is necessary for the safety protection layer to disturb the 
original action as little as possible while ensuring that the 
modified policy satisfies necessary constraints. A safety lay‐
er is constructed on top of the policy network, and the ac‐

s
t

a
t

g(s
t
; w

i
)

c
i
(s
t
)

w
i

c
i
(s
t
, a
t
)

Fig. 2.　Motion correction method based on single-step linear transforma‐
tion.
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tion is optimized through local modification during each for‐
ward propagation. Figure 3 illustrates the action correction 
mechanism based on the safety layer.

As previously mentioned, we can substitute the linear 
model shown in (34) for ci (s ta t ).

ì

í

î

ïïïï

ïïïï

π *
θ (s t )= arg min

at

1
2
 at - πθ (s t )

2

s.t.  c̄i (s t )+ (g(s t ; wi ))
Tat £Ci    "iÎ L

(34)

In the formulation, the feasible solution for (34) is repre‐
sented as (π *

θ {λ
*
i }L

i = 1 ), where λ*
i  is the optimal Lagrangian 

multiplier associated with the constraints, which is defined 
as:

λ*
i =

é

ë

ê
êê
ê(g(s t ; wi ))

Tπθ (s t )+ c̄i (s t )-Ci

(g(s t ; wi ))
T g(s t ; wi )

ù

û

ú
úú
ú
+

(35a)

π *
θ (s t )= πθ (s t )- λ

*
i* g(s t ; wi* ) (35b)

where i* = arg max
i

λ*
i .

As both the objective function and constraints in (35) are 
convex functions, the optimality condition for the feasible so‐
lution (π *

θ {λ
*
i }L

i = 1 ) is satisfied by the Karush-Kuhn-Tucker 
(KKT) conditions, which is calculated by:

Ñat
L = π *

θ (s t )- πθ (s t )+∑
iÎ L

λ*
i g(s t ; wi )= 0 (36a)

λ*
i (c̄i (s t )+ (g(s t ; wi ))

Tπ *
θ (s t )-Ci )= 0    "iÎ L (36b)

C. Training Process

DRL uses dynamic information perceived in the environ‐
ment to make sequential decisions. The agent interacts con‐
tinuously with the environment to improve the decision-mak‐
ing effect. Every time the agent completes an episode with 
the environment, we proceed with the training of parameters. 
The number of training episodes is denoted as Epochs. The 
training process of the proposed EK-CPPO algorithm is sum‐
marized in Algorithm 1, and its main steps are explained as 
follows.

1) We initialize the training environment by initializing 
the parameters θμ of policy network and parameters θQ of 
value function network. During the interaction between the 
agent and the environment, the observation is standardized 
to obtain the state information of s t, which is then used as 
the input to the policy network to output the action informa‐
tion of πθ (s t ).

2) Based on the safety layer, the actions are constrained 
further. After the policy network outputs the action πθ (s t ), 
we use g(s t ; wi ) to modify ci. By using the safety layer, we 
obtain the adjusted dispatch policy π *

θ (s t ), namely a t, which 
strictly satisfies the transmission constraint. Finally, the 

agent interacts with the environment using the dispatch poli‐
cy and receives the corresponding reward rt and the next 
state s t + 1. The sampled experience (s ta trts t + 1 ) is stored in 
the experience replay pool B.

3) We conduct guided training based on expert experi‐
ence. We add the two regularization terms shown in (25) to 
the gradient of the policy network with respect to the param‐
eter θμ. The transfer processes, with the number of J random‐
ly selected from the experience replay buffer, are extracted 
for use in training the agent based on expert experience, 
with the aim of maximizing the reward obtained during each 
interaction.

V. CASE STUDIES 

The modified IEEE 118-bus system [33] is used as a case 
to carry out the case studies, which has 54 units, including 
36 thermal power units and 18 renewable energy units, and 
the topology is shown in Fig. 4. The system parameters are 
shown in Table I. With 5-min time intervals, the constructed 
dataset contains 106000 intervals in one year. This dataset 
meets the requirements of typical scenarios for grid opera‐
tion, including tie network congestion, severe load fluctua‐
tion, and renewable energy curtailment. The code is written 
in Python 3.6.8 based on the deep learning package PyTorch.

The simulation is carried out on a workstation with an In‐
tel Core i7-1165 CPU, 2.8 GHz. The total number of epi‐
sodes Epochs is 5×104, and each episode contains 288 sched‐

Original policy Safety layer

arg min f(st, at, πθ
(st))

π
θ
(st)

st π
θ (st)*

at

Fig. 3.　Action correction mechanism based on safety layer.

Algorithm 1: EK-CPPO algorithm for sequential SCOPF

Initialize network parameters ϕ and θ

for t = 1 to Epochs do

  for h = 1 to H do

   Initialize training environment, and sample an initial state st

   Choose action πθ (st )

   Find feasible solution (π *
θ {λ

*
i }L

i = 1 ) by the gradient Ñat
L

    Ñat
L = π *

θ (st )- πθ (st )+∑
iÎ L

λ*
i g(st ; wi )

    λ*
i (c̄i (st )+ (g(st ; wi ))

Tπ *
θ (st )-Ci )= 0    "iÎ L

    π *
θ (st )= πθ (st )- λ

*
i* g(st ; wi* ), i* = arg max

i
λ*

i

   Observe st + 1rt

   Store the tuple (st, at, rt, st + 1) in B
  end if

  Sample mini-batch of J transitions from B
  Calculate the loss function of Critic and Actor

       L(ϕ)¬-∑
t = 1

H ( )∑
t′> t

γt′- t rt′-VΦ (st )

2

  Update ϕ by the gradient ÑϕL

        J(θ)¬
1
H∑t = 1

H ( )πθ (at| st)

πθold 
(at| st)

Ât - βyKL (πθold 
(× | st)πθ (× | st))

        J'(θ)¬wq J(θ)+
1
H∑t = 1

H∑
r = 1

2

wr × regrt

  Update θ by the gradient ÑθJ'(θ)

end for
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uling intervals, corresponding to a single day with 5-min in‐
terval.

A. Parameter Setting

Considering that the dimensions of the state and action 
spaces are 438 and 54, respectively, both the Actor and Crit‐
ic networks are set to have 3 layers of neurons, and the num‐
ber of neurons in each layer is 1024, 512, and 256, respec‐
tively. Except for the last layer of the Actor network, which 
uses the tanh activation function, all other neural layers in 
both the Actor and Critic networks use the ReLU activation 
function. In addition, the training effect of the neural net‐
work is influenced by hyperparameters, and different hyper‐
parameters are suitable for different grid sizes. This paper se‐
lects a set of parameters with better training results, as 
shown in Table II.

B. Performance of EK-CPPO

1)　Training Performance
To highlight the superiority of the proposed EK-CPPO al‐

gorithm, we compare its dispatch performance with several 
state-of-the-art DRL algorithms, including deep deterministic 
policy gradient (DDPG) [34], twin delayed deep determinis‐
tic policy gradient (TD3) [35], PPO, and expert knowledge 
driven PPO (EK-PPO). In Fig. 5, we run each algorithm for 
15 times with different random seeds to compare the dis‐
patch performance of these algorithms. The initial training er‐
ror curves of policy network are plotted in Fig. 5. 

The results indicate that: ① DDPG and TD3 fail to 
achieve effective gradient training, resulting in the failure of 
the agent to converge. Although the PPO without knowledge 
guidance can converge, the dispatch effectiveness fluctuates 
greatly, and the action output by the agent is easy to end the 
round early because it violates the security policy. ② EK-
PPO and EK-CPPO, which can perform sufficient gradient 
training, have a gradually improved dispatch effectiveness. 
③ Compared with EK-PPO (which only meets the con‐
straints of power balance), EK-CPPO has more reliability of 
power supply and higher robustness due to learning a better 
security operation strategy for large power system (which 
meets the constraints of power balance and transmission line 
capacity). ④ EK-PPO and EK-CPPO can effectively priori‐
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TABLE I
PARAMETERS OF IEEE 118-BUS SYSTEM AFTER MODIFICATION

Parameter

Number of areas

Number of buses

Number of loads

Number of lines

Value

3

126

91

185

Parameter

Number of units

Number of thermal power units

Number of renewable energy units

Peak load (MW)

Value

54

35

18

3687

TABLE II
PARAMETERS

Parameter

Cost normalization factor (M )

Replay buffer (B)

Weight of scheduling requirements (c1, c2 )

Regular term weights (wq, w1, w2 )

Soft update parameter (τ)

Batch size in training (J)

Discount factor (γ)

Learning rate of Critic (lrQ )

Learning rate of Actor (lrμ )

Value

2×105

106

2, 3

5, 1, 40

0.001

64

0.9

0.001

0.0001
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tize renewable energy utilization, achieving utilization rates 
of 96.3% and 97.1%, respectively, which are significantly 
higher than those of the DDPG, TD3, and PPO whose rates 
are 53.8%, 55.2%, and 71.2%, respectively.

To demonstrate the execution of safety constraints by each 
algorithm, multiple indicators are recorded during the train‐
ing process, including the cumulative number of violations 
for violated power balance constraint (DoV1), the cumula‐
tive number of violations for violated transmission line ca‐
pacity constraint (DoV2), and the cumulative number of epi‐
sodes that end prematurely due to violated constraint 
(DoV3). The probability distribution of actions violating con‐
straints is shown in Fig. 6.

1) As shown in Fig. 6(a), without the guidance of expert 
experience, DDPG, TD3, and PPO fail to learn the correct 
action, which results in that the agents violate the power bal‐
ance constraint in most episodes, leading to the early termi‐
nation of the episode.

2) Under the knowledge guidance of expert experience, 
EK-PPO and EK-CPPO can quickly learn the safe operation 
to meet the constraints of power balance. After 300 episodes 
of training, the agent almost no longer makes actions that vi‐
olate the constraints of power balance.

3) Figure 6(b) shows that by adding a safety layer to read‐
just the action, EK-CPPO can effectively learn a dispatch 
policy that satisfies the transmission constraints through con‐
tinuous interaction with the environment. It should be noted 
that DDPG and TD3 greatly reduce the number of interac‐
tions with the environment (much less than 5×104×288) due 
to the early end of the episode, which results in a smaller 
value of DoV2.

After the training has converged, the slope of the EK-CP‐
PO in Fig. 6(c) approaches 0, and the value of DoV3 no lon‐
ger increases. This indicates that EK-CPPO is able to output 
the actions that strictly satisfy all the constraints, with very 

few occurrences of constraint violations. The curves ob‐
tained by DDPG, TD3, PPO, and EK-PPO will maintain a 
certain slope, indicating that the algorithms have not fully 
learned action policies that satisfy all the constraints. Prema‐
ture termination of an episode may still occur due to con‐
straint violations.
2)　Testing Performance

Figure 7 shows the results of the continuous operation of 
the EK-CPPO on the IEEE 118-bus system for four days, 
where we plot in 5-min time intervals. The results indicate 
that even in the case of a tested system with a large number 
of generating units, the EK-CPPO can still successfully learn 
accurate strategies to coordinate the operation of thermal 
power units, renewable energy units, and energy storage sys‐
tems, ensuring the safe operation and economic benefits of 
the power system. Besides, the energy storage device is 
charged during non-peak electricity demand periods or when 
the renewable energy resources are abundant, and discharged 
during peak electricity demand periods or when the renew‐
able energy resources are scarce, which is consistent with ac‐
tual situation. Furthermore, it can be observed that the volt‐
age output by the agent designed in this paper can effective‐
ly maintain the voltage of each node in the power system 
within a reasonable range of [0.95,1.05]p.u..

The probability distribution of the five algorithms trigger‐
ing the simulator to prompt “illegal action” due to constraint 
violations is calculated, as shown in Table III. The main rea‐
sons for the prompt “illegal action” include the violated 
power balance and transmission line overloads (“soft over‐
loads” for more than four time steps or “hard overloads”).

To evaluate the effectiveness of EK-CPPO in handling ran‐
dom line outage, we conduct experiments in five different 
scenarios on the test set, as shown in Table IV. 
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We simulate the situation where random line disconnec‐
tions occur in the power system to test the responsiveness of 
the agent. A comparison is conducted between the line pow‐
er generated by the EK-CPPO considering line capacity con‐
straints and the allowed maximum line power. Compared 
with EK-PPO and due to the influence of the safety layer, 
EK-CPPO effectively eliminates the occurrence of line over‐
currents, which is shown in Table IV. As for scenario 1, we 
set the simulation to run until the 100th interval when a line 
disconnection occurs. The voltage variation curves of the 

five units (G-36, G-38, G-46, G-65, G-116) near the discon‐
nected line are shown in Fig. 8. It can be observed that 
when the line disconnects, there will be a brief and severe 
fluctuation in node voltage, but it subsequently stabilizes. 
Throughout the process, none of the node voltages exceed 
the threshold, which fully verifies the strong enforcement ca‐
pability of the intelligent agent towards the constraints.

The comparison of comprehensive evaluation results is 
shown in Table V. IPOPT is based on SCOPF with the mini‐
mum adjustment amount of unit output [36]. IPOPT converts 
the MIP problem to linear programming problem by adding 
the relaxation constraint of the output limit of the units. Fi‐
nally, the solver IPOPT [37] is called to solve the problem. 
Results show that the IPOPT adjusts the unit output based 
on the principle of the minimum adjustment amount. Since 
it does not activate enough units to provide reserves to cope 
with the uncertainty of renewable energy, it has the lowest 
operation cost. EK-CPPO based on SRL can dynamically re‐
spond to the stochastic fluctuations of load and new energy 
resources, achieving the highest utilization rate of renewable 
energy among all algorithms (up to 97.8%). Moreover, in 
terms of solution efficiency, EK-CPPO is significantly faster 
than the IPOP.

TABLE V
COMPARISON OF COMPREHENSIVE EVALUATION RESULTS

Algorithm

IPOPT

PPO

EK-PPO

EK-CPPO

Iteration

287

120

274

287

Operation cost (¥)

53890.2

61548.3

57547.3

54013.4

Renewable energy utilization (%)

96.9

72.1

97.2

97.8

Average reward per step

1.491

0.720

1.470

1.490

Average reward 
per episode

428.2

86.4

402.8

427.6

Online computation 
time (s)

270

< 20

< 20

< 22

VI. CONCLUSION 

The existing SCOPF problem based on RL ignores the se‐
curity risks that may be brought by the agent in the explora‐
tion process, and there is a risk of issuing instructions that 
may threaten the safe operation of the power system. Aim‐
ing at the sequential SCOPF problem, we propose a CMDP 
formulation, which has been tested on the improved IEEE 
118-bus system. The main innovations and conclusions of 
this paper are summarized as follows.

1) EK-CPPO is used to determine the output scheme of 
the units, the reactive power and voltage optimization 

scheme of the units, and the charging and discharging dis‐
patch of energy storage systems, which can adapt to the un‐
certain changes of intermittent power sources and load. The 
proposed method is completely based on data-driven imple‐
mentation and does not depend on any physical model, statis‐
tical model, or mathematical programming optimizer.

2) The proposed method plays a significant role in ensur‐
ing the safe, stable, and economic operation of the power 
systems. By introducing expert experience and safety layers, 
the agent can learn cost-effective operation through a safe ac‐
tion exploration mechanism. Experimental results show that 

TABLE III
PROBABILITY OF TRIGGERING SIMULATOR TO PROMPT “ILLEGAL ACTION”

Algorithm

DDPG

TD3

PPO

EK-PPO

EK-CPPO

Violated power balance 
(%)

97.8

96.5

25.2

0.5

0.1

Transmission line overload 
(%)

2.2

2.1

40.1

4.0

0.3

Total

100.0

98.6

65.3

4.5

0.4

TABLE IV
POWER CHANGE OF LINES

Scenario

1

2

3

4

5

Discon‐
nected line

Line 44

Line 66

Line 85

Line 114

Line 123

Over‐
loaded 

line

Line 46

Line 61

Line 71

Line 89

Line 115

Line 118

Line 121

Line 138

The maximum 
allowable 

power (p.u.)

0.85

1.10

0.85

1.00

1.20

1.00

0.70

0.85

Power flow 
(EK-PPO) 

(p.u.)

1.22

1.21

0.98

1.34

1.48

1.36

1.02

1.18

Power flow 
(EK-CPPO) 

(p.u.)

0.65

0.75

0.45

0.67

0.75

0.52

0.38

0.52

1.04

1.02

0.98

0.96

1.00

V
o
lt

ag
e 

(p
.u

.)

500 100 150 200 250 288

Interval

G-36
G-38
G-46
G-65
G-116

Line breaks

Fig. 8.　Voltage variation curves of five units near disconnected line.
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the proposed method can make the dispatch strategy strictly 
abide by the safety constraints, and significantly improve the 
execution effect of capacity constraint of transmission line.

3) While ensuring the dispatch economy of the power sys‐
tem and ensuring the normal operation of the power system, 
the proposed method maximizes the renewable energy utili‐
zation and effectively improves the accomodation capacity 
of renewable energy.
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