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Abstract—The widespread adoption of renewable energy
sources presents significant challenges for power system dis-
patching. This paper proposes a dynamic optimal power flow
(DOPF) method based on reinforcement learning (RL) to ad-
dress the dispatching challenges. The proposed method consid-
ers a scenario where large-scale offshore wind farms are inter-
connected and have access to an onshore power grid through
multiple points of common coupling (PCCs). First, the opera-
tional area model of the offshore power grid at the PCCs is es-
tablished by combining the prediction results and the transmis-
sion capacity limit of the offshore power grid. Built upon this, a
dynamic optimization model of the power system and its RL en-
vironment are constructed with the consideration of offshore
power dispatching constraints. Then, an improved algorithm
based on the conditional generative adversarial network
(CGAN) and the soft actor-critic (SAC) algorithm is proposed.
By analyzing an improved IEEE 118-node example, the pro-
posed method proves to have the advantage of economy over a
longer timescale. The resulting strategy satisfies power system
operation constraints, effectively addressing the constraint prob-
lem of action space of RL, and it has the added benefit of faster
solution speeds.
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1. INTRODUCTION

HE two key concerns in the operation of any power
Tsystem are enhancing its reliability and improving its
economic efficiency. However, with the rapid growth of re-
newable energy sources and their large-scale integration into
the power system, the level of synchronous power sources in
the power system has further decreased, posing significant
challenges to power system operations.

In 2021, 21.1 GW of offshore wind capacity was installed
worldwide, a remarkable surge over previous years [1] that
cemented it as a mainstay of coastal power generations. To
address the challenges of large-scale offshore wind power in-
tegration, many countries are envisioning the concept of off-
shore power grids. The offshore power grid is formed by in-
terconnecting offshore wind farms through multiple points of
common coupling (PCCs) to the onshore power grid [2], as
shown in Fig. 1 [3]. The integration of offshore wind power
through multiple PCCs can effectively enhance the schedula-
bility of offshore wind power, as demonstrated in [3], [4].
Hence, determining the operational area of these connection
points is crucial for power system operation. Unfortunately,
as of yet, there is no reliable and fast method for this.

Offshore
wind farm

Coastline

Offshore
substation

Onshore grid node

——Collecting submarine cable
Transmission submarine cable; —Onshore transmission line

Fig. 1. Offshore power grid.
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The rapid fluctuations in power generation brought about
by offshore wind power also result in higher uncertainty in
the power system, making it challenging for system dispatch-
ers to achieve more optimized scheduling from a longer-
term perspective. The dynamic optimal power flow (DOPF)
has proven to be an effective model for addressing such is-
sues [5]. It is an extension of the optimal power flow (OPF)
model that can cover multiple time periods [6].

In summary, the concentrated integration of offshore wind
power clusters into power system operations faces two major
challenges: (D the controllable capacity of offshore wind
power clusters needs to be accurately quantified to ensure
the safe operation of the offshore transmission network; and
@ dispatchers need to make forward-thinking decisions that
promote both system security and economic efficiency.

Reinforcement learning (RL) has proven its superior per-
formance in addressing optimal decision-making problems
across various types of systems and is widely applied to opti-
mization and scheduling problems in the field of power sys-
tems [7], [8]. Traditional RL models face challenges in en-
suring the safety of actions. Some recent studies have ad-
dressed this issue by introducing security layers after the
agent generates actions to enforce safety constraints [8],
which may lead to a reduction in computational efficiency.
Current models have also not yet addressed the issue of reli-
able power constraints at the PCCs of offshore power grids.

In light of this, this study introduces a model tailored to
the operational area of offshore power grids and integrates it
into the conventional DOPF model. Following that, an im-
proved RL algorithm based on the conditional generative ad-
versarial network (CGAN) is proposed. This algorthm en-
ables the construction of a safety-constrained agent to re-
place the original agent, thereby enhancing solution speed
while ensuring system safety.

Currently, the DOPF model lacks a description of con-
straints related to the concentrated integration of offshore
wind power. For quantitatively describing the operational
space of offshore power grids, the security region [9] is a
commonly used method to describe the operational area of
an electrical system and has found widespread application in
distribution networks [10]-[12]. Reference [13] introduces an
observational method for the security region of distribution
networks based on power flow calculations. Reference [14]
proposes a security region model that satisfies N—1 con-
straints in smart distribution networks. Reference [15] inves-
tigates the convexity and formation principles of distribution
system security regions, and suggests that they are internally
connected and hole-free.

RL is widely employed in optimal decision-making prob-
lems [16]-[18]. RL is also widely applied in the field of elec-
trical engineering, including microgrid energy management
[19], [20], electric vehicle charging scheduling [21], [22],
and grid optimization and operation [23], [24]. In the field
of power systems, the safety of RL is a widely recognized
concern. Some commonly used methods in this regard in-
clude constraint Markov decision processes [25], Lagrangian
methods [26], Lyapunov methods [27], and security layers.
Reference [26] proposes an RL-based solution model for
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DOPF and tackles safety constraint issues using the Lagrang-
ian method. Reference [8] proposes a safe deep deterministic
policy gradient (DDPG) algorithm that incorporates a train-
ing security layer to correct the action and ensure the con-
straints of the RL action space.

We can summarize the areas of existing research that need
to be supplemented as follows.

First, in [9]-[12], the calculation methods for the opera-
tional area mostly involve repetitive power flow calculations
to fit the boundaries. As the calculation of multiple power
flows is time consuming, it is difficult to adapt to the needs
of power system scheduling

Second, while RL-solving strategies that consider safety
constraints are proposed by [8], [25]-[27], the Lagrangian
method may occasionally produce actions that violate system
safety constraints with a low probability. Additionally, securi-
ty layers can present training challenges and computational
burdens during the initial stages of system operation.

This paper investigates a real-time optimization schedul-
ing method tailored to meet the requirements of modern
power systems. By combining the power prediction results
of offshore wind power clusters with the topology of the off-
shore power grid interconnection, we establish a model for
the operational area of the offshore power grid. The con-
straints of the offshore power are derived by solving the op-
erational area at the PCCs. A DOPF optimization model for
power systems that considers the integration of offshore
wind power through multiple PCCs is proposed, and an RL
environment for DOPF is constructed. To enhance the safety
and efficiency of the solution method, we propose a CGAN-
soft actor-critc (SAC) algorithm. The SAC algorithm adopts
the CGAN to replace the security layer, which ensures the
safety of the action space while considering the exploratory
nature of the solution method. This results in a safe and effi-
cient solution to the DOPF problem. The main innovation
points of this paper can be summarized as follows.

1) A DOPF model incorporating the operational area of
offshore power grids is established: a rapid solution method
for the operational area of the offshore power grid is estab-
lished and incorporated into the DOPF model, thereby reduc-
ing the complexity of the optimization model.

2) A CGAN-SAC algorithm is proposed to solve DOPF
problems. The new CGAN agent module can directly gener-
ate actions that adhere to safety constraints. Furthermore,
pretraining of the CGAN has the potential to enhance the so-
lution rate, which has the potential to improve the perfor-
mance of RL in power systems, particularly when consider-
ing safety constraints.

The rest of this paper is organized as follows. Section II
introduces the construction of the operational area of the off-
shore power grid at the PCC. Section III proposes a DOPF
model of the power system. Section IV constructs a DOPF
method based on improved RL. Section V carries out a case
analysis. Section VI concludes this paper.

II. CONSTRUCTION OF OPERATIONAL AREA OF OFFSHORE
POWER GRID AT PCC

When multiple PCCs are used in the offshore cluster net-
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work to integrate the offshore network into the onshore pow-
er grid, the offshore power can be dispatched flexibly at
each PCC. When integrating offshore power into the power
grid, it is essential to consider the uncertainties and schedula-
bility of the offshore power output. Operating boundaries at
PCCs are difficult to determine. Considering the operating
domain of the offshore power grid at the PCC and forming
operational constraints for the offshore power grid can effec-
tively reduce the computational burden of power flow calcu-
lations.

A. Constraints of Offshore Power Grid Operation

The following constraints should be considered during the
operation of offshore power grids.

1) Output constraint of offshore wind farm

The output of offshore wind farms must not exceed the
ideal power generation in the maximum power point track-
ing (MPPT) mode:

P (M
where P, . is the ideal power generation of the wind farm
in MPPT mode at time # and P,,, is the power generation

of the wind farm at time ¢.
2) Transmission line capacity constraint

L=L 2

where L is the transmission capacity of the submarine cable;
and L, is the maximum transmission capacity of the subma-
rine cable.

3) Reverse power flow constraint

In order to prevent the reverse power flow from affecting
the power grid and to ensure the positive power flow at the

PCC, the following constraint is set:

Wit < PWi. t,opt

L>0 3)
where L, is the output capacity of PCC i.
4) Node voltage constraint
Vmin V< Vmax (4)

where V' is the node voltage; and V, and V. are the mini-

max
mum and maximum node voltages, respectively.
5) Power flow constraints
P.= V,.EVJ.(G,]. cos 6+ B, sin 9,.1.) %)
j=1
0.= KZI//(Gg/ sinf;— B, cos 0,.1.) 6)
j=1
where V; and V; are the voltages of the nodes i and j, respec-
tively; 0, is the phase angle difference of voltage between
nodes i and j; P, and Q, are the active and reactive power of
node i, respectively; n, is the set of nodes connected to node
i; and G, and B, are the real and imaginary parts of the node
admittance matrix, respectively.

B. Operational Area Model of Offshore Power Grid

Based on the constraints in Section II-A, the operational
area model of the offshore power grid is established. Three
PCCs are selected as observation points and the outputs of
offshore wind farms are taken as variables. By doing so, the
operational area of the offshore power grid is obtained,
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which is denoted as Q. and is expressed as:

Qo= Py (f) <0} i=1.2,...c )

where P, is the power value of offshore wind farms; W( f,.)

represents the constraint of system operation; and c is the
number of constraints.

C. Solution of Operational Area of Offshore Power Grid

Summarizing the model in Section II-A, the operational
constraints of offshore power grids can be categorized into
three main aspects: (1) wind farm output constraint boundar-
ies; (2) submarine cable capacity constraint boundaries; and
@ voltage deviation constraint boundaries. Each of these
three aspects are addressed separately as follows.

1) Aspect 1: wind farm output constraint boundaries

The operation of offshore power grids should adhere to an
active power balance. In power flow calculations, the remain-
ing power is typically handled by the balancing nodes. How-
ever, in offshore cluster networks, it is challenging for off-
shore wind farms to match the regulating capacity of conven-
tional power plants. Therefore, it is essential to consider the
adjustment of upper and lower limits for offshore wind
farms. Taking WF1 as the balancing node as an example,
there exists

My Mpce Ny

Py + EPWF[_P/()SSS zPPCC[S Pyp + zPWFi_Pluss (3)
i—2 i=1 i=2

where P, and Py, are the adjustable lower and upper lim-

its of WF1, respectively; P, is the system power loss; P,
is the active power of wind farm i; P, is the active power
of PCC i; and n,.. and n,, are the numbers of PCCs and
wind farms, respectively. Formula (8) represents the power
boundary for the sum of power at the PCC.

2) Aspect 2: submarine cable capacity constraint boundar-
ies

For a general electrical network, the branch current matrix
I, can be obtained from the branch susceptance and node
voltages:

I,=Y,A'U, €
where Y, is the branch susceptance matrix; U, is the node

voltage matrix; and A4 is the node incidence matrix.
The node admittance matrix can be represented as:

Y NUNziN (10)
where Y, is the node susceptance matrix; and I, is the node
current matrix.

Thus, the current correlation coefficient matrix C(4) can
be represented as:

C(1)=Y,4"Y,' (11)

Taking a specific line £ as an example, the current phasor
within the branch is:

J APy Y I UUURY N SNSRI P (12)

where 1, ; (i=1,2,...,n) is the current correlation coefficient

between branch k& and node i; and [, is the current phasor

of node i.
Performing a simple transformation on (12), we can obtain:
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jZBUk,B _ ik—ljl*.,NUl,N + ;{k—i[:NUi,N 4o /lk—n]r:NUn.N
Uk, B Uls N Ul N U nN
(13)

where U, , is the initial voltage phasor of branch k; and U,
is the voltage phasor of node i.
The transmission power of branch k can be represented as:

/lkfl(Pl‘N+jQ1’N)Uk!B(cosgo,gB+j sinq)k,B) .
ULN(cosgoLN+j sin(pl_N)

/lk,,.(P,;N+jQ,..N)Uk’B(cosgok,B+j singo,gB) .
Ul.,N(cos @; y+jsin goi’N)

/lkfn(Pn_,N+an’N)Ukﬁ (cosgo,g3+j singok,B)

Ui,N(COS @, yTisin (ﬂn,N)

Pk,B+ij.B:

(14)

where P, and Q, ; are the active and reactive transmission
power of branch k, respectively; P, and O, are the active
and reactive power of node i, respectively; U, , and ¢, , are
the magnitude and phase angle of the voltage at the begin-
ning of branch £, respectively; and U, and ¢, , are the mag-
nitude and phase angle of the voltage at node i, respectively.
For the operational area of the offshore power grid, the
current constraints primarily focus on the overstepping of ac-
tive power. Therefore, in this context, only the active power
variables are considered. Taking the real part of (14) and ig-
noring the reactive power variation of offshore wind farms,
we can obtain:
ik*lUl\:B
UI,N
AeiUss
U/,N
lk—nUk.,B
Un.N

AP, ;= APLN(cos @15 COSQ, y+SinQ, ,sin golﬁN) +...+

APi’N(cos @15 COSQ; y+SinQ, ,sin q),,N) +...+

AP,LN(cos @15 COSQ, y+sing, ;sin (pn.N)

(15)
where AP, , is the incremental power of branch k; and AP, ,
is the incremental power of node i.

Based on (15), we can derive the constraints on the power
variation at the PCC for branch k. By solving all the branch
constraints, the enclosed region represents the safe region
that satisfies the transmission power of branch constraints.

3) Aspect 3: voltage deviation constraint boundaries

Following the derivation method presented in aspect 2,
the voltage sensitivity for the offshore cluster network can
be derived correspondingly.

. AP
AU, = His LY o+
Ul.N(COS @y ytT)sin ¢1,N)
P, AP
:ukft i N + o+ lukfn nN
Ui.N( COS @, y+] sin (/7i,1v) Un,N( Cos @, y+]sin (/7n,N)
(16)

where u, , is the current correlation coefficient between
node k and node i, and C(u)=Yy', u=(u, ;).
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III. DOPF MODEL OF POWER SYSTEM

The DOPF model is based on the traditional OPF model
with the addition of the unit climbing rate constraint, the
rule of grid-connected power for offshore power grids, and
the system reserve constraint in different time intervals. Its
model is constructed as follows.

A. Objective Function

The DOPF model aims to describe the minimum operat-
ing cost of the power system on a specific timescale, includ-
ing the operating cost of thermal power units, the cost of re-
serve capacity, and the penalty of wind abandonment:

T g T Ng
min F= zz(a,.Péﬂi’t+biPGﬂi’,+ci) +zzd§j( g’j,,,Rg_j,,) +

1=0i=1 1=0j=1

T [ "wr N pcc

ePccz zPWF.i,t_ zPPcc,i.z
=

t=0\i=1

an

where T is the scheduling period; n, is the number of ther-
mal power plants; a, b, and c, are the cost coefficients of
synchronous unit i; P, is the active power of synchronous
unit 7 at time #; ng, is the number of standby thermal power
plants provided; df ; 1s the standby cost coefficient of unit j
that can provide standby power; R ;, and R, are the posi-
tive and negative standby power provided by unit j at time ¢,
respectively; e, is the penalty coefficient of offshore wind
power abandonment; PWF_ .. 1s the predicted power of wind
farm i at time £ and Pp..,, is the actual power value at PCC
i at time ¢.

B. Constraint Condition

1) Power flow constraints
Like the offshore power grid, the onshore power grid also
needs to meet the power flow constraints as follows:

APi,t:PG,i.,t_PD,i‘t_ Vi,tzV/,r<Gz/ cos Hij.,t+Bi/' Sin@ij.,t) (18)
j=1

AQ,=06.:—Opii— Vi.tsz,r<Gij sin etj',t_Bij Cos gtj',t) (19)
=

where AP,, and AQ,, are the differences between the trans-
mitted active and reactive power and the load of node i at
time ¢, respectively; Pg,, and O, are the active and reac-
tive power of the power supply plant of node i at time ¢, re-
spectively; P,,, and O, are the active and reactive power
of the load of node i, respectively; V;, and V;, are the volt-
age amplitudes of node i and node j at time ¢, respectively;
and 0, is the phase angle difference of the voltage between
node i and node j at time ¢.
2) Thermal power unit output constraints

PG.,i,z+Ru,i.lSPG.,i,max (20)

PG,i,minSPG.,i.tJer,iJ (21)

QGJ.min < QG.iA,r < QG,i,max (22)

where R, ;, and R, , are the upper and lower spare capacities
provided by unit i at time ¢, respectively; Pg; ., and P, ..

are the minimum and maximum active power of the thermal
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power unit i, respectively; and Og; i and Qg .. are the
minimum and maximum reactive power of the thermal pow-
er unit , respectively. The sum of the current output of the
unit and the provided spare capacity should fall within the
upper and lower boundaries of the output of the unit.

3) Active power constraint of PCC

{PPCCi} €Q (23)

where Q is the operational area obtained from Section II-B.

The power of offshore parallel connection points shall be
in the offshore operational area divided in Section II. We
consider that offshore wind power provides limited assis-
tance in system voltage support; therefore, the PCCs are
treated as PQ nodes. The operational region of the PCC
should be within the enclosed region formed by (8), (15),
and (16).

4) Unit climbing rate constraints

PG.i,t_PG,i,t—1SRup,iAt (24)

P17 Pi S Ry i A (25)
and R

where R, down; are the upward and downward adjust-
ment capabilities of unit i, respectively; and At is the time in-
terval.

Because this paper focuses on a DOPF problem, the im-
pact of generator start-up and shut-down is not considered.

5) Node voltage constraints

Viain< V. .SV,

imin— " it — " imax

0,mn<0,,<0,

i, min

down, i

(26)
(27)
where 8., is the voltage phase angle of node i at time #;

Vi i and Vi ma are the lower and upper limits of the voltage
of node i, respectively; and 8, .. and 6, ., are the lower and
upper limits of voltage phase angle of node i, respectively.
In general, phase angles are not constrained in power flow
calculation.

6) System reserve constraints

SR+ ﬁ(PWF,[,,—Pm,) 2 6Py, H Ko+ K,) i (28)
i=1 i= i=

ng

szzt— ESPD t+(K +K ) lim
i=1

where ¢ is the reserve factor; K, and K, are the unit regulat-
ed power of the generator and load, respectlvely, and f
and £, are the upper and lower limits of system frequency,
respectively. When the offshore wind farm is in limited pow-
er operation, it can be used for backup to a certain extent.

i, max

(29)

IV. DOPF METHOD BASED ON IMPROVED RL

A. Construction of RL Environment for DOPF

The classic RL framework is shown in Fig. 2. The DOPF
problem proposed in this paper is explicitly constructed as
follows.

1) State

$,=[Poiisi Prcirs Poi Opi Q] (30)

where s, is the system state at time ¢; and €, is the operation-
al area of the offshore power grid at time ¢.
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Environment

Action

Reward

Fig. 2. Classic RL framework.

2) Action space

In the construction of the action space, generators are
treated as PV nodes. Their action space includes changes in
power output, terminal voltage, and additional upper and
lower reserve capacity of the generator. PCCs are treated as
PQ nodes. Their action space includes changes in active
power.

a,= [APGJ,z VGJ,/ APPCC,LI Ru‘i,l Rd,i.,t] (31)

where a, is the response action taken by the agent at time ¢
AP, is the active power change of unit i at time #; V,, is
the voltage amplitude of unit ;i at time # and AP, is the
active power change of PCC i at time ¢ .

3) State transition function

PG.fA,r:PG,i,pl*'APG,i,z

32
PPCC,i,t:PPCC,i,t—l+APPCCi,t 32)

In the state transition equation, the active power outputs
of the generator and the PCC vary continuously. Since the
terminal voltage of the generator can change rapidly and is
independent of the previous state, it can be directly deter-
mined using the current control action.

The load and the operational area of the offshore power
grid are not affected by the actions of the agent; their state
transitions depend on the actual load and wind speed varia-
tions in the power system.

4) Reward

The reward function for the actions of the agent is set to
be consistent with the DOPF objective function (17).

B. Structure of CGAN-SAC Algorithm

The SAC algorithm primarily addresses RL problems in
discrete and continuous action spaces [28]. Unlike traditional
RL, which necessitates a large number of samples for learn-
ing, the SAC algorithm is an off-policy algorithm designed
for maximum entropy. In this context, entropy H (X ) repre-
sents the expected amount of information and is utilized to
express the uncertainty of random variables:

H(X)==> P(x,)InP(x,)

x,eX

(33)

where X is a discrete, randomly distributed system; and
P(xl.) is the probability that the system is in state x,.

The DOPF problem is a multi-step decision-making prob-
lem, and an OPF solution exists under the current conditions
at every moment. An algorithm is expected to explore all
possible action spaces in the current network environment as
thoroughly as possible to obtain the optimal strategy over a
long timescale.

The objective of the SAC algorithm can be expressed as:
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n =arg max E(S“a‘)Np”{zR(st,at) +aH(7r('|s,))} (34)

where E(S a) -p is the expectation of the reward from action

a, by strategy p_ in state s,; « is the policy, specifically indi-
cating the set of rules that dictate the actions an agent
should take when encountering different states; 7" is the opti-
mal policy; R is the reward function; H is the entropy; and «
is the weight of entropy used to balance the value of reward
and entropy. The SAC algorithm aims to maximize reward
expectations while maintaining the maximum action entropy.

Compared with traditional deep RL algorithms such as the
deep Q network and DDPG, the SAC algorithm exhibits a
superior capability for exploration, enhanced robustness, and
faster training speed.

The CGAN-SAC algorithm comprises one actor network
and four critic networks. Its structure is illustrated in Fig. 3.

Random state

| 5]
Actor

beeeeeeeaee { Safe actor | | Safe actor |
(@y408,11)

; I
m(als,)
PandaPower S T SR

Calculation |Targ::t-V|

result :
[91[R] :

Generator

Generated
data

Discriminator

Discriminant result

CGAN module in safe actor

Fig. 3. Structure of CGAN-SAC algorithm.

The actor network represents the action estimation net-
work. The critic-V network outputs the estimated value of
the state. The target-V network outputs the estimated value
of the next state Q' and reward R. The critic-Q network out-
puts the estimated value of the action. The purpose of using
two identical networks (critic-Q1 and critic-Q2) is to in-
crease the computing speed. TD-error is the temporal differ-
ence error, which is defined by the difference between the
currently estimated value and the calculated target Q-value.

The CGAN-SAC algorithm can be divided into two major
components: the actor network and the critic network. Each
will be discussed in detail below.

1) Safe Actor Network

The traditional actor network consists of multiple dense
layers. Its principle is to generate the possible actions of the
agent through the system state and then input them into the
critic network for evaluation. However, for the scheduling
decision-making problem of the power system, the action set
generated by the traditional actor network may result in pow-
er flow calculations that fail to converge or converge to an
inoperable solution of the power system. To address this is-
sue, the Lagrangian method is usually used to add system
power flow constraints and operational constraints into the
return function. However, there remains a slight probability
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of obtaining an inoperable solution.

The CGAN algorithm [29] is a generative adversarial net-
work algorithm [30] with conditional constraints, which adds
conditions to the model through additional information, and
sends constraints to the discriminator and generator models,
thereby realizing a CGAN. The initial training data are ran-
domly generated, and the power flow is calculated by the
simulation tool PandaPower to determine whether the action
meets the constraint. The objective function is as follows:

min max V' (D, G) =
G D

B, o[nD(xh)]+B.,, o[ n(1-D(G(=p)))] (33)

where V (D, G) is the objective function formed by the com-
bination of D and G; G is the generator function; D is the
discriminator function; EM/ () 18 the expected value for the
data x based on its probability distribution P, (x); E is

zp.(2)
the expected value for data z based on its probability distri-
bution p.(z); and x, y, and z denote the inputs (or outputs)
of the network, e.g., D(x[y) indicates that the input of the

discriminator network is x and the output is .

The discriminator first judges the system actions generat-
ed by the generator to determine whether they meet the sys-
tem power flow and operation constraints, and then inputs
them into the critic network in the SAC algorithm. The
CGAN module in the safe actor is shown in the blue dashed
block of Fig. 3. CGAN module, which is a pre-trained mod-
el, does not significantly contribute to an increase in compu-
tational time when the actor network in the SAC algorithm
is replaced.

2) Critic Network

The critic network is shown in the red dashed block of
Fig. 3, which encompasses the critic-V and critic-Q compo-
nents, along with the policy evaluation and policy improve-
ment processes.

The Q-value and V-value are generated respectively by
the critic-Q and critic-V modules. The Q-value focuses on
the value of taking a specific action in a given state, while
the V-value pertains to the overall value of a state.

From (34), it can be observed that the objective function
of the SAC algorithm differs from standard RL in that the
SAC algorithm includes an additional term, entropy. Corre-
spondingly, the value function of the SAC algorithm is aug-
mented with entropy. The Q-value function QF,(s,a) and V-

value function V7,

quﬁ(saa) ZE(S(_,“()wR[;y’R(s,,a,) +

(s) are as follows:

aiy'H(n(-s[))‘sozs,aoza] (36)

Vails) =E(s,,a,) NPK{Z)‘y’R(st,at) + (ZH(?T(‘St))‘SO=S:|
t=
(37
where y' is the discount factor; s, and a, are the initial states

of state s and action a, respectively.
The relationship between the Q-value function and V-val-
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ue function can be deduced from (36) and (37):

lsa) =B [R(s.a)+Vi(sh]  @38)

Ves) =B, ] 0L(s.a) —alnz(dls)] (39)
where E

.- 1s the expected value for action a based on its
probability policy .

Based on (38) and (39), the iterative equations for the Q-
value and V-value can be derived.

Policy evaluation and policy improvement are two crucial
steps in the policy iteration algorithm of RL. Policy evalua-
tion involves computing the value function under the current
policy and providing an estimate of state values. Policy im-
provement, based on this estimate, enhances the policy by se-
lecting actions with the maximum value function.

As mentioned earlier, the value iteration equations for poli-
cy evaluation are given by (38) and (39), and policy im-
provement is optimized using (40).

T,,,= argmin D, | (~|s,)

Te

(40)

where [] is the set of policies; =, and =, are the new and
old policies, respectively; and D,, is Kullback-Leibler (K-L)
divergence.

These two steps are repeated in an alternating manner,
gradually converging the policy towards the optimal one.
This process ensures that the agent can attain the maximum
long-term reward in the environment.

C. Framework of DOPF Solved by CGAN-SAC Algorithm

The flowchart in Fig. 4 illustrates the solving process for
the DOPF problem using the CGAN-SAC algorithm.

V. EXAMPLE ANALYSIS

A. Case Study

The example adopts the modified IEEE 118-node system,
and the access capacity of the offshore wind power is
2090.5 MW, with a penetration rate of 18.6%. The data of
the IEEE 118-node system can be found in [31].

The topology of the offshore power grid in the example is
shown in Appendix A Fig. Al. Nine offshore wind farms are
merged into onshore nodes 63, 81, and 108 through three
PCCs. As the wind power prediction method is not the focus
of this paper, it will not be repeated here. For the modified
IEEE 118-node system, the four-hour period is divided into
16 time intervals, each lasting 15 min, for optimization pur-
poses. The installed capacity of the wind farms and the pow-
er prediction results for the 16 time intervals can be found
in Appendix A Table Al. The load data of each node are ran-
domly simulated with 5% variance, the climbing rate of each
PCC is set to be a maximum of 10 MW per 15 min, and the
wind abandonment loss caused by the PCC of the offshore
power grid is 1.5 $/MWh.
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Input the required scheduling interval
I

Obtain real-time data on the
operational state of the power
system at the current moment,

and input the required
scheduling interval

Retrieve the power prediction
results for offshore wind farms
and the topology structure of
the offshore power grid

Compute the operational
area at PCCs using (15)
and (16)

[ CGAN-sAC |
i algorithm
|Input the pre-trained CGAN module| !
: ln’ with constraint :

Update policy
Policy evaluation

Update value functions (38) and
(39) to value functions of
current policy ;
T Value | :
Update the policy towards ‘
the exponential of new

“—Qevale fonetion_—

Policy improvement

{a,} within the designated
scheduling interval
Output the power system
state after scheduling

End

Fig. 4. Flowchart of solving process for DOPF problem using CGAN-
SAC algorithm.

According to the wind power prediction results, the opera-
tional area at the three PCCs of the offshore power grid at a
certain moment is shown in Fig. 5, where P, Py, and P,
are the active power of the nodes 63, 81, 108, respectively.

Py (MW)
390
375
360
345
330
315
300
285
270
255
240

100 50

250 550 200 130
400 350 300 20 p (W)

Fig. 5. Operational area at three PCCs of offshore power grid.

The plane enclosed by the middle plane of Fig. 5 and P ,=
0 represents the operational area at the PCC of the offshore
power grid under the power prediction result at that mo-
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ment. The integration of offshore wind power cluster inter-
connections into the onshore power grid through multiple
PCCs can effectively enhance the offshore power dispatch-
ing capability among PCCs. Due to the low inertia and rapid
regulation speed of wind turbines, power transfer over a
broader range can be quickly achieved.

The CGAN-SAC algorithm is employed to solve the prob-
lem across 16 time intervals. Following the verification of
the results through power flow calculations, we found that
all results are convergent, thus satisfying the power flow con-
straints. The scheduling results obtained by the proposed
model over the 16 time intervals is shown in Fig. 6.

5000

~ 4500
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3500
3000
2500
2000
1500

1000
500

0
1 23 456 7 8 910111213141516
Interval

m [oad; = Thermal power
= Prediction value of wind power; m Optimal output of wind power

Active power (MW

Fig. 6.
vals.

Scheduling results obtained by proposed model over 16 time inter-

Due to the large number of generator units in the IEEE
118-node system, individual output details for each unit are
not presented separately. Owing to the variations in the pow-
er system load, constraints on synchronous unit ramp rates
and PCC ramp rates, and the reduction of system standby
costs through wind curtailment, the offshore power grid only
operates at full capacity during specific periods. Consequent-
ly, a power dispatching plan for each offshore wind farm
can be developed to achieve optimal operation of the off-
shore power grid.

Figure 7 depicts the calculation results of node voltage of
the modified IEEE 118-node system during a random time
interval. All node voltages are observed to be within the al-
lowable range indicated by the red line. Similar conclusions
hold for the remaining time intervals; for brevity, they are
not presented.

92 t t
092 20 40

60 80 100 120
Node

Fig. 7. Calculation results of node voltage of IEEE 118-node system.

To further illustrate the effectiveness of the CGAN-SAC al-
gorithm, the following three similar algorithms are compared.

1) Algorithm 1: an OPF model considering the constraint
of unit ramp rate between time intervals is solved by MAT-
POWER.
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2) Algorithm 2: a DOPF model is solved by the commer-
cial software GAMS with CONOPT solver, wherein con-
straints are addressed through the application of the Lagrang-
ian method.

3) Algorithm 3: a DOPF model described by RL environ-
ment is solved using the SAC algorithm, wherein constraints
are addressed through the application of the Lagrangian
method.

The comparison of power flow results in each branch for
the first time interval is illustrated in Fig. 8.

400
< 350 — CGAN-SAC
E — Algorithm 1
< 300 — Algorithm 2
£ 250 Algorithm 3
< 200

150

100

Y

S
161 181

) A V LAY
81 101 121 141
Branch No.

61

Fig. 8. Comparison results of power flow in each branch.

As observed from Fig. 8, the distribution of power flow in
each branch generated by the three algorithms in the first
time interval is similar. However, the optimization results of
Algorithm 2 and the CGAN-SAC algorithm focus more on
the overall revenue of the system over a long timescale, re-
sulting in less economical operation in the early stages of
the system compared with that of Algorithm 1. A compari-
son of the system operating costs of the different algorithms
for each time interval is displayed in Fig. 9.
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2100
g 95
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-
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Fig. 9. Comparison of system operating costs with different algorithms in
different time intervals.

When comparing the operating costs of continuous time
intervals, we found that Algorithm 1 focuses more on opti-
mal scheduling in the current system state, resulting in a
more economical solution over the short term. However,
since this algorithm does not consider the impact on subse-
quent stages, its operating costs gradually increase compared
with those of Algorithm 2, Algorithm 3, and the CGAN-
SAC algorithm, which are based on the DOPF problem and
consider the environment composed of the current system
state and the load in the next moment.

B. Comparison of Calculation Algorithms

Table I presents a performance comparison of the four al-
gorithms.
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TABLE I
PERFORMANCE COMPARISON OF DIFFERENT ALGORITHMS

Algorithm Operating cost ($) Constraint Calculation time (s)
Algorithm 1 1510020 Complete satisfaction 735
Algorithm 2 1504175 The minimal probability of dissatisfaction 77
Algorithm 3 1477614 The minimal probability of dissatisfaction 12
CGAN-SAC 1488897 Complete satisfaction 25

The results of Algorithm 1 satisfy the system constraints
but exhibit the longest calculation time and the highest run-
ning cost. Algorithm 3 has the lowest average operating cost
and the fastest calculation speed; however, there is a small
probability that it will not meet the system constraints, main-
ly in the ramp rate of the balance nodes. Algorithm 2 also
has a slight possibility of failing to meet the constraints,
with no apparent advantage in operating cost and extended
calculation time. The proposed CGAN-SAC algorithm has a
slightly inferior calculation speed and average operating cost
compared with Algorithm 3, but its results fully satisfy the
system constraints. The computational results presented in
this paper are obtained based on the AMD Ryzen 7 3700X,
NVIDIA GTX1660, and 32 GB RAM platform.

VI. CONCLUSION

The safety of the action policy is crucial in applying RL
to solve the DOPF problem. In this paper, by utilizing the

CGAN algorithm to reconstruct the action space and en-
hance the SAC algorithm, a DOPF method for offshore wind
farms considering multiple PCCs is proposed. The power
system is divided into offshore and onshore subnetworks.
The safety of the offshore power grid is ensured by the off-
shore operational area. The pretrained CGAN algorithm en-
sures the safety of the onshore system operation. Compared
with the traditional SAC algorithm and GAMS commercial
solver, the calculation results of the proposed CGAN-SAC
algorithm can completely meet system security constraints,
without significant differences in the running cost and the so-
lution time. Compared with the OPF problem solved by
MATPOWER, the proposed CGAN-SAC algorithm can ef-
fectively shorten the running speed and reduce the operating
cost by 0.986% on average in all time intervals.

APPENDIX A

WEF3
0

Fig. Al. Modified IEEE 118-node system.
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TABLE Al
RATED CAPACITY AND POWER PREDICTION RESULTS

Wind  Rated Power prediction result (MW)

farm capacity

No. (MW) 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

WF1  300.0 144.53 160.21 162.39 130.63 148.61 135.68 133.40 111.57 133.03 118.85 141.57 128.97 147.69 134.58 131.46 169.56

WF2 2000 61.67 10694 103.56 99.98 84.00 99.71 117.09 107.67 117.12 90.66 11930 91.40 81.65 56.84 105.76 88.70

WF3 1500  63.15 26.81 99.82 8595 73.72 51.10 82.11 5941 6691 70.79 8498 8637 80.39 7298 83.17 70.52

WF4 1250 6484 8292 6493 71.72 6436 4922 4846 7722 91.51 6433 2093 9564 8728 51.39 71.66 54.02

WF5  300.0 135.06 151.26 161.25 164.32 12499 121.14 137.18 171.92 147.03 153.84 119.19 14222 132.07 145.85 120.22 128.14

WF6  300.0 139.89 163.82 166.66 151.23 153.62 157.66 169.04 139.28 153.47 12626 86.55 137.48 153.01 137.90 165.21 173.97

WF7  202.0 127.34 100.70 108.46 105.00 98.88 86.00 106.69 12541 109.22 74.83 106.80 101.27 98.04 85.75 93.12 107.17

WF8 2135 89.03 94.13 92.09 8527 130.79 107.44 107.53 117.81 97.43 133.79 124.70 92.33 125.61 130.41 107.28 127.66

WF9  300.0 112.08 133.30 130.49 147.93 140.18 143.11 151.22 167.29 157.68 110.18 15545 163.18 118.99 146.51 141.80 162.46
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