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Abstract

In response to the complexity of renewable energy and the numerous safety constraints in
actual power grid scenarios, which result in a large model size and difficulties in developing
rapid solutions, this paper proposes an accelerated algorithm for solving the optimization
of large-scale unit generation plans by combining deep reinforcement learning and security
constraint identification. Firstly, this paper constructs an optimization model of a unit
generation plan and incorporates conditional risk values to quantify the risk cost caused
by operational uncertainty. Secondly, this paper uses a stacked noise-reduction automatic
encoder to identify the effective constraint set in the optimization model of the power
generation plan. Then, this paper transforms the model into Markov decision processes,
designs a reward mechanism with the identified constraints, and uses the proximal policy
optimization algorithm to solve it. Finally, this paper takes IEEE30 and a regional power
grid in northwest China as examples and performs simulation analyses in various scenarios.
The results show that it can greatly reduce the model training time, and the application
effect on large-scale systems is obvious. In particular, the online solution time is effectively
reduced by 15,837.09 s.

Keywords: deep reinforcement learning; safety constraint identification; power generation
plan optimization; conditional value at risk; stacked de-noising autoencoder; proximal
policy optimization algorithm

1. Introduction

As the scale of the power grid continues to expand, the number of generating units
and transmission lines in the power system has increased sharply. The optimization and
dispatching of power generation plans not only need to take into account the operational
constraints of various types of resources but also need to consider network structure
constraints, section constraints, and safety constraints. Additionally, with the large-scale
integration of renewable energy sources, the problem of unit commitment in power gen-
eration planning has become more difficult to solve due to the significant fluctuations
and randomness involved [1]. Meanwhile, with the increasing requirements for power
optimization dispatching, daily and intraday generation plans need to be solved in a shorter
period of time. The current simple invocation of commercial mathematical optimization
software can no longer meet the requirements of industrial applications, and traditional
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methods have difficulties achieving adaptive optimization. Thus, the current methods
are unable to effectively support the needs of future practical engineering. Therefore, in
the design of the algorithm process, human intelligent thinking patterns must be deeply
integrated to avoid blindness in the optimization process, and to enhance the efficiency of
solving large-scale power generation plans through intelligence.

Traditional solution methods include heuristic algorithms, mathematical optimization
algorithms, and intelligent optimization algorithms [2], but the convergence efficiency for
large-scale problems still needs to be improved. To further enhance solution efficiency, the
researchers dealt with a large number of redundant constraints in the optimization model.
In addition to the traditional manual experience-based presetting and iterative addition,
the current research has combined deep learning methods to achieve more efficient and
accurate constraint identification. For instance, reference [3] proposed a method for identi-
fying active safety constraints based on graph neural networks. Reference [4] presented a
Gaussian classifier with characteristics suitable for small-sample learning. Reference [5] em-
ployed a combined neural network to identify and reduce redundant constraints. However,
the above methods still employ traditional approaches for the solution process, without
deeply exploring the collaborative control of various scheduling resources in the power
system. Moreover, their solution adaptability is poor, and it becomes difficult to establish
an accurate rapid solution model as system complexity and uncertainty increase.

In recent years, reinforcement learning has gained more attention from researchers for
solving complex, high-dimensional, and nonlinear problems [6]. Reference [7] established
an optimization scheduling model applicable to the combined electric and thermal system
according to the deep reinforcement learning algorithm. Reference [8] solved the dynamic
economic operation model under the conditions of an unknown generation cost function
by using distributed reinforcement learning. Reference [9] adopts deep reinforcement
learning for optimization, achieving multi-objective collaborative optimization under the
condition of the synchronous control of different devices. Reference [10] utilized a multi-
agent deep reinforcement learning approach to optimize the dispatch of distributed power
sources, achieving the adaptive handling of uncertainty in source-load conditions. However,
traditional reinforcement learning methods have poor decision-making performances and
the problem of dimensionality disaster in solving power generation plans, which increases
the difficulty of model convergence. Moreover, the aforementioned studies have not further
considered the feature extraction and learning optimization issues in the power generation
plan optimization model.

Thus, this paper proposes a fast solution method for large-scale unit power genera-
tion plan optimization models by integrating deep reinforcement learning and effective
constraint identification. Firstly, this paper constructs a two-layer power generation plan
optimization model considering the conditional value at risk (CVaR); then, it uses a stacked
de-noising auto-encoder (SDAE) to achieve the identification of the model’s operational
constraints, and combines the identified safety constraints with the dispatch cost and risk
cost to design a reward function mechanism; subsequently, based on the proximal policy
optimization (PPO) algorithm, this paper guides the intelligent agent to generate a dispatch
strategy that satisfies both economic and safety requirements. Finally, this paper conducts
a case simulation analysis using the IEEE30 system and an actual equivalent system in
northwest China to verify the effectiveness of the strategy.



Processes 2025, 13, 3778

30f21

2. A Joint Optimization Model Considering the Output Limitations of
Thermal Power Units and the Fluctuation Risks of Wind
and Solar Energy

2.1. Joint Optimization Model

This paper constructs a joint optimization model. The upper layer is a hypothetical
scenario unit combination aimed at minimizing the operating costs of the units and the
energy storage systems. The lower layer is an error scenario backup optimization decision
model aimed at minimizing the backup costs, the power-off cost, and the penalty costs
for lost loads. Moreover, this paper introduces the conditional value at risk (CVaR) to
quantify the risk costs generated by operational uncertainties [11], thereby formulating a
more comprehensive, economical, and safe unit power generation optimization scheduling
plan. The optimization objective of this model is shown in Figure 1, as follows, and it
includes the total scheduling cost and the total risk cost.

minF = (1 — A)FOPE 4 \FRSK
FOPE _— fuc +fbd (1)
FRSK — k1 x CVaRwg + ko x CVaRpy

FOPE

Here, represents the total dispatching cost, which includes the operating cost

of the units and the optimization cost of the standby; FRSK

represents the total risk cost,
including the risk value under the condition of power outages and load shedding; k; and
k, are, respectively, the risk coefficients for power outages and load loss; A is the total risk

penalty coefficient, with a value ranging from 0 to 1. The larger the value, the higher the

risk penalty.
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Figure 1. Joint optimization model.

2.1.1. Unit Combination Optimization

In this model, the unit combination optimization part aims to obtained the conven-
tional units output plan based on the predictive scenarios.
1. The objective function for the unit combination optimization is as follows:

Ul | DyD
P %(Cgp gt T Cglg +Cg Ig,t) + 2
T\ Z(CuPae) + X (CEPE, + COP)
S

In the formula, C,, C;, represent the marginal power generation cost quotations for

the thermal power unit g and the hydroelectric power unit h, respectively; P;t, P}, ; are the
u
Igy,
are the start-up and shutdown variables of g. CS, C? are the unit costs for the charging

operating outputs of g and & at time ¢; Cgu , Cg are the start-up and shutdown costs of g;
12y
and discharging of energy storage s; P, Pgt are the charging and discharging powers of s.
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2. The constraints for the unit combination optimization are as follows:
(1) The power balance constraint

Y Pt + Y P+ ) Pur+ ) Por+ ) Pl =Y P =) P 3)
8 h w 4 s s e

In the formula, Py t, Py respectively represent the predicted power output of wind
power and photovoltaic power at time ¢; Peth is the load demand.
(2) The operating constraints of thermal power units

ug,tpg,min < Pg,t < ug,tpg,max
Pg,t - Pg,tfl + Ig,nt_1 Pg,min - rgpg,max) + Igﬁ (Pg,max - Pg,min) < Pg,max

n

Pg,tfl - Pg,t + Iglnt Pg,mir\ - rgpg,max> + I;/t,l (Pg,max - Pg,min) 2 Pg,min (4)
u _ u D

Ig,t — Ig,t = é”; — Ig;—y Ig,t + Ig,t <1

Io;}L _ Jon <o <14 107; _ Jon
8 8T — &

gt—1 — gt—1
u _ \ujsu D _ \DjiD
Cg,t = )\8 Ig,t,Cg,t = )\g Ig,t

In the formula, ug; is the indicator variable for the operation of ¢. When it is 0, it
indicates a fault; when it is 1, it indicates normal operation. r¥, rg, represent the upward
and downward ramp rates of g correspondingly; Ig”, is the minimum interval between unit
start-up and shutdown; I’} represents the start-up flag of unit g; /\g, /\? represent the unit
start-up and shutdown costs of g respectively.

(3) New constraints for thermal power units

1) The fluctuation constraints on the output range of the unit.

Considering the future fluctuations in the power generation capacity of units, this
paper sets the upper and lower boundaries of the output of units within a certain fluctuation
range [12], as shown in the following equation.

/\max X p;}ax S chmax < Amax X Pmax

floor — "eei 8t (5)
min min . min min
/\floor X Pg,t = chmm < Aceil X Pg,t

In the formula, Pgemin, Pgemax represent the actual minimum and maximum output
values of g respectively; )\Ifr}gl‘w, 5}}3’0‘7, At AL respectively represent the allowable fluc-
tuation range of the ratio. The specific values can be obtained based on actual data.

2) Non-planned outage constraints of units.

Due to the long-term operation of units and the need to constantly adjust their operat-
ing status to meet dispatch requirements, this exhausting state can lead to certain potential
faults during operation [13]. Therefore, this paper, considering the different outage accident
probabilities of generators of different capacities in the power system, proposes unplanned

outage constraints and linearizes them [14], resulting in the following equation.

Yugt > NG —KG,ug; € {0,1},Vt

FTg = { No (6)
ggl Ugt X (In(1 — Tg,t) — ln(Tg,t)) > ln(Thf)

In the formula, NG represents the number of units; KG is the maximum number of
units that can be shut down; Th £ represents the set non-shutdown threshold. Tg,t is the
unplanned shutdown probability of g. Correspondingly, the occurrence of unplanned
shutdowns simultaneously for various units can be adjusted by setting Thy. As the value
increases, the situations where multiple units with lower non-shutdown probabilities
simultaneously experience unplanned shutdowns become less frequent.

(4) Operation constraints of hydropower units.



Processes 2025, 13, 3778

50f21

The output constraints of hydroelectric units, as well as the upper/lower ramp con-
straints, are similar to those of thermal power units and are described as above. Addi-
tionally, it also includes the conversion constraints of hydropower and the water volume
constraints, as shown in the following equation.

Py ;= 0.009817H H, ,Q 4
Qh,min < %;Qh,t < Qh,max (7)

In this formula, Hj is the corresponding water head height for power generation;
Qs is the corresponding power generation flow rate; 7! is the power generation efficiency
coefficient; Qj min and Qj max are the smallest and largest limits of the capacity of the
hydroelectric generator.

(5) Power output constraint.

{ 0 S Pw,t S Pw,max (8)

0 S Pv,t S Pv,max

In the formula, Pymax and Ppmax is the maximum output of wind and photo-
voltaic power.
(6) Energy storage operation constraints.

pd
Ss,t = Ss,t—l(l - (5) + (P;ﬂ’]c - %) X At
Smin < Ss,t < Smax
ufpscmin < Psc,t < u‘tjpsc,max (9)

d pd d dpd
ug P, < Py < upP,

s,min — s,max

uf +ud <1

In the formula, Ss; represents the charge state of s; J represents the self-discharge
rate; 17]¢, 114 are the charging and discharging efficiencies; Syin, Smax are the maximum and
minimum capacities of s; uS, u{l represent the charging and discharging states of s, with
pd

Smin are the minimum values of the

charging being 0 and discharging being 1; Pg . ,
charging and discharging powers.

(7) Grid safety constraint.

Pl,min < Pl(ft < Pl,max/l eN
Pimin < Py < Pmaw ! €N (10)
Py =Y S; x (Piy — Pry)

1

In this formula, P} ; represents the active power transmitted by line I; P; p, and P pin
represent the maximum and minimum transmission power; Pl(?t and Pl’f ; Tepresent the active
power of line | under the base state and the kth (N — 1) fault event; and N is the number of
system branches. S; is the sensitivity coefficient of the injected power of node i with respect
to the branch [15].

2.1.2. Backup Decision Optimization

The simulation system of error scenarios is the base for accounting for uncertain-
ties [16], incorporating thermal power, hydropower, and energy storage for providing
backup, and incorporating penalties for discarding power and losing load to further opti-
mize the scheduling strategy.

1. The objective function of the backup decision is as follows:
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L (CRREY -+ CURE]) + X (CRR + CRREY)
=YY m, +2 (CSRRS + CIRRY )+§ CSPwetm (11)
t m ~ ~
+Z Cgpvc,t,m + Z CELPgLC,t,m
v e

In the formula, 77, represents the probability of error scenario; m is the number of
error scenarios; Cg“, C};d and Cf;l‘, Cfg are the positive and negative standby capacity costs
of thermal power unit g and hydropower unit h, respectively; Rﬁ‘t‘, Rﬁ‘f and Rfl}‘, Rﬁ‘f are
the upper and lower standby capacities reserved by g and h in scenario m, respectively;
Rff and Rff are the standby capacity of energy storage charging and discharging; C$ and
C§ are the load curtailment costs of wind and solar, respectively; Py, and PS, | are the
load curtailment quantities of wind and solar, respectively; C is the load loss penalty; APel:t
is the load loss amount.

2. The alternative decision constraints are as follows:

(1) Power balance constraint under error scenarios.

r Pg,t,m+§ Py + X (Py 0 — P2 ) + X (Puotm — Puctm)
g s w

+X (Potm — Poctym) = %(PEL,t,m - PeLc,t,m)
(4

Pgtm = Pgp+ RYY — Ryd (12)
Pgtm = Py + RRY — R,ljj

pg,t,m =P, sc,t + Ré{f

pg,t,m = Pg,t + Ré{f

In this formula, Pg and Py, ,,, respectively, represent the power of g and h under
the error scenario m; Pyt ., and Pyt 1, respectively, represent the power generation of w

and v under the error scenario m; P, , and P?,

discharging of s under scenario m; Pyc ¢,m, Poc,tm, and PELC tm

to wind power rejection, solar power rejection, and load loss under scenario m.

respectively, represent the charging and
represent the power losses due

(2) Operating constraints for thermal power plants, hydropower plants, and energy
storage units.
”g,tP gc,min <P, g.tm < “g,tp gc,max
”h,tph,min < Ph,t,m < ”h,tph,max (13)
ufpsc,min S Psc,t,m S ugpsc,max
ultipgmin S Pg,t,m S uttipg,max
In the formula, ugt, uy and ug, ud, respectively, represent the 0/1 variables for thermal
power units, hydroelectric power units, energy storage charging, and energy storage
discharging. While 1 indicates operation, 0 indicates shutdown.

(3) Climbing speed constraint of power generation units.

d
{ —rg < Pg,t,m — Pg,tfl,m < 7’; (14)

—T’Z < Ph,t,m - Ph,t—l,m < T’z

In the formula, rg, rg and r};, rﬁ represent the upward and downward climbing rates
of thermal power and hydroelectric power plants, respectively.
(4) Capacity constraints of backup power generation units.

0 < RgY < Rupyg
0 < RY < Rdng
0 < R{ < Rup, (15)
0 < RR? < Rdny,
RR > 0,RRY >0
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In the formula, Rupg, Rdng, Rup, and Rdn), represent the maximum upward and
downward standby capacities of g and h, respectively.
(5) Wind, solar power outage, and load shedding constraints.

0 S ch,t,m S Pw,t,m

0 S Pvc,t,m S Pv,t,m (16)
0<PL,, <PL,

ec,t,m

(6) The grid safety constraint is the same as described above.

2.2. Risk Measurement Based on CVaR

Due to the uncertainty of renewable energy, the predicted output value for the current
scheduling period is significantly different from the actual output value [17]. This can lead
to insufficient reserve regulation or transmission line congestion, and there is a certain risk
of power curtailment and load shedding, which is especially true in the northwest region.

This paper employs the CVaR method to calculate the risk losses of power curtailment
and load loss caused by wind and solar energy uncertainties, as well as limited and non-
stop thermal power output. The CVaR theory is derived from the VaR model, which refers
to the conditional expected value when the loss exceeds the value at the risk VaR level at a
certain confidence level [18]. It can better reflect the potential risks of the decision-making
plan. By definition, the CVaR at the confidence level § is expressed as the following [19]:

CVaRg(x) = VaRg(x) + E[f(x,y) — VaRg(x)|f(x,y) > VaRg(x)]
= E[f(x,y) — VaRg(x)|f(x,y) > VaRg(x)] 17)
= ﬁff(x,y)zvmzﬁ(x)f(x/y)P(y)dy

Since CVaR can be obtained from historical data or Monte Carlo simulation calculations,
assuming that the random variable y simulates q sample values [y}, y?,- - ,y7] and the
corresponding loss [f(x,y!), (x,¥?),- -+, (x,y7)] through the Monte Carlo method, the
calculation formula of CVaR under the decision variable x and the confidence level can be
derived from its definition and the definition of conditional probability [20]:

r k
— VaRg(x) + ké [f (2, y) = VaRﬁ(x)]+PrOb(f(;;)b(zy 1)/aR,5(x)) (18)
= VaRg(x) + - ¥ [F(x4) — VaRs(x)]”

In the formula, [f(x,y*) — VLZR/g(X)]+ represents max{O,f(x, yK) — VaRﬁ(x)}, and

Prob(y*) represents the probability of y* occurring.

Therefore, referring to the above calculation process, the risk measurement process is
as follows:

(1) Firstly, this paper randomly generates the probability density functions of the fluc-
tuations in each random variable at time t based on the cumulative distribution functions
of each random variable [21]. These include the fluctuation in the power output of the
wind and photovoltaic stations P£,t,m and PUA,t/m,
of the thermal power units and unplanned outages P{éhm and PFAT,t.

the fluctuation in the power output range

(2) Then, this paper separately calculates the wind and solar power curtailment
quantities Pyg; and curtailment losses fywr ((Pwgr ), and load shedding quantities Ppy
and load shedding losses fyg¢(Pwr ), at each moment under the influence of random
variable uncertainty, as shown in the following formula:
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PWR,tzgpg,minlg?_PL+Pwt+Pvt Pth
PgAt m + P£,t,m + PUA,t,m (19)
fwri(Pwri) = [KwrPwr,] "
PPL,t:PELt_Pv,t_Pwt Zpg,max +PgA,t,m
_Pﬁtm Pz;Atm+PFT,t (20)

feLt(Pprs) = [KpLPprs] ™

Here, Ky r represents the unit cost of lost electricity and Kpj, represents the unit cost
of lost load. [KWRPWR,t]+/ [KPLPPL,t]Jr represents the maximum value among them, that is,
max{O, KWRPWR,t} and max{O, KPLPPL,t}~

(3) This paper conducts Monte Carlo simulation sampling based on the calcu-
lated electricity waste and load loss amounts in (2) [20], thereby obtaining multi-
ple scenarios of electricity waste loss [fwr (1), fwrt(2), ..., fwrt(kwr+)] and load loss
[fPL,t(l)/fPL,t (2), ... /fPL,t(kPL,t)] within T.

(4) Finally, based on the scenarios of (3), this paper calculates the conditional value
at risk of power outage CVaRyr ; and load loss CVaRpr ; at each time point t, as well as
the total conditional value at risk of power outage CVaRyr and load loss CVaRp;. The
calculation formulas are as follows:

CVaRwg; = VaRyr; + kwm( 7, Y [fwre(k) — VaRwg,] "

kwr ¢ (21)
CVﬂRWR = Z CVﬂRWR,t
NT

CVaRpp; = VaRpp; + kpu ¥ [fpri(k) — VaRpp ] *

kprt (22)
CVLIRPL = E CVaRpL,t
NT

In these formulas, B represents the set confidence level. Because this paper adopts
a moderate conservative risk-aversion attitude, aligned with similar literature analy-
ses [18,19], it also takes 0.95. VaRwr; and VaRpr ;, respectively, denote the power-off
and load loss risk values at time t.

3. Model Solution Based on Deep Reinforcement Learning and
Constraint Identification

3.1. The Constraint Identification Method Based on the SDAE

In view of the situation that conventional active constraint identification takes too
long and manual selection results are inaccurate, this paper proposes a guaranteed strategy
for active constraint identification and incorporates it into the reinforcement learning
model calculation framework to further improve the solution efficiency of the model. We
consider that system node power fluctuations are coupled with each other in a complex
and nonlinear manner, have high-dimensional nonlinearity, and the measurement data
contains noise, and the fluctuations in renewable energy and loads themselves also have
uncertainties, etc. However, the stacked de-noising auto-encoder (SDAE) [22] not only has
the ability to learn deep nonlinear features and automatically extract advanced features
but can also use the deep stack structure and encoding and decoding functions to mine the
nonlinear relationship between system conditions and constraints to achieve the efficient
identification of the model active’s constraints. Moreover, it has good robustness. For power
system data with noise and uncertainty, it can still learn the essential distribution behind
the data. Therefore, combining the task and model characteristics, this paper chooses SDAE
for identification. The model structure is shown in Figure 2.
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Figure 2. Model architecture of stacked noise-reduction automatic encoder model.

Considering that the load prediction accuracy is relatively high, the injected power
at the nodes is thus selected as the input feature vector, which effectively reflects the
fluctuations. However, the set of effective constraints accounts for a relatively small
proportion in the N-1 safety constraint set [23]. If the effective constraints are used as the
output feature, it is likely to cause the problem of sample imbalance. Therefore, in this
paper, the generator output power is considered as the output vector. The transmission
power of the line is obtained through the following formula, and based on whether it
exceeds the limit, whether the corresponding line safety constraint is an effective constraint
can be determined. Finally, by using the predicted generator output values, we can conduct
N-1 analysis to obtain the initial active constraint sets.

_“Pl,max < Si X (Pllft - Pel:t) < aPl,max (23)

In the formula, « is a relaxation factor of less than 1, which can be used to narrow the
range and improve the accuracy.
The calculation formula for implementing the constraint identification through deep
neural networks is as follows:
Y=f ? (Xin)

f = R(WXyy +7) 24

In the formula, X, is the input feature vector of the system operating conditions (nor-
malized); Y is the output vector of the generator output (normalized); f is the feedforward
function of the SDAE neural network; R is the activation function; and 6 is the neural
network parameters, where W is the coefficient vector of the neurons and 7 is the bias
vector of the neurons.

The learning algorithm adopts the performance-optimized RMSProp algorithm, and
the intermediate layer of the neural network adopts the widely used ReLU function [24].
The activation function connecting the neurons of the last layer of the deep neural network
is designed as a linear function, enabling the deep neural network to capture broader
numerical features. The training process of SDAE can be found in reference [25]. The
overall process of using deep neural networks for identifying the activation constraints is
shown in Figure 3.
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3.2. Markov Decision Process Modeling

The typical reinforcement learning decision process can be described by a five-tuple,
(S, A, P,R,v) [26] where S is the state space; A is the action space; P is the state transition
probability determined by the environment; R is the reward space, which is the immediate
reward provided by the environment to the decision-maker based on the feedback of S and
A, and is used to evaluate the quality of option A; and vy is the discount factor.

Considering that traditional reinforcement learning methods have limited ability to
solve decision-making problems with continuous action control and high safety require-
ments [27], this paper redesigns the S, A, R, and forms a deep reinforcement learning
algorithm suitable for solving power generation plan optimization. The specific design is
as follows:

State Space S: The state space should be selected to include the factors that have an
impact on decision-making. Considering that the intelligent agent makes the optimal
scheduling decision for the output of each unit in the power system by observing the
operating state of the power system, the observed states therefore select the output of
conventional units in the previous scheduling period, the actual output of w and v, the
charging and discharging power of s, and the state of energy storage, as well as the start-
stop and standby status of conventional units. Thus, it can be established as follows:

S = {SGISWISVISS/SC/SDI TG} (25)

In this formula, S¢ is the output power set of conventional units; Sy and Sy represent
the output power set of wind and photovoltaic; Sg represents the charge and discharge
power of s; Sc represents the state of s; Sp represents the system load set; and T repre-
sents the start-stop status set of conventional units. Within each scheduling period t, a
corresponding one-dimensional state vector can be determined from S.

Action A: The action space is composed of the decision quantities. Considering the
time-series coupling characteristics of the output power of each unit under different time
periods, this paper sets the incremental output of the current moment’s conventional units
in the next moment as the decision variable Ag, thereby achieving decoupling of the
decision variables over multiple time periods and effectively reducing the complexity of
model training. Meanwhile, the standby capacity for upward and downward adjustments
are, respectively, set as Ag,, Ar4, and the actual regulation output of the energy storage is
set as Ag. Thus, it can be established as follows:

A = {Ag, Aru, Ara, As} (26)

In this formula, A represents the set of output increments of conventional units; Ag,,
and A, represent the backup capacity for the unit; and Ag is the output set of s.

Based on the power output P ,, ; of each unit, the operating status T , +, and the power
increment Ag ,, ¢, the power output of each unit in the next time step can be calculated
using the following formula:

Pcuis1 = Pout + Agut (27)

After updating the generator output, combining the wind-solar-load prediction values
can obtain the state variables for the next time step. Therefore, the corresponding state
transition probability is 1.

Reward R: This is the key to gradually adjusting the power generation plan to the target
state. Consider treating the negative value of the objective function as part of the reward
function, including system operation costs, backup costs, and risk costs. Furthermore, the
safety constraints are added to the reward function in the form of a penalty function that
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violates the power flow operation constraints. Combining Equations (1) and (23), the final
reward function can be expressed as follows:

re = go(r1 +12+713)

r = _(fuc+fbd)

rp = —8(CVaRwg + CVaRpp)

ry = —/\(‘Pl/mm - Pl’ft‘ + ‘Pl’ft — P

(28)

)

In the formula, r; indicates the immediate reward that the scheduling planning agent
can obtain after choosing a; in s;; €¢ is the scaling coefficient of the reward function; §
represents the additional penalty coefficient for system operation risks; and A represents
the penalty coefficient for violating safety constraints.

Then, the cumulative reward function for the entire scheduling period T can be
expressed as follows:

T
Re=Y (v""'ru) (29)
ti=t
where 7"~! represents the discount factor for the t' — t period, and its value ranges from
0to 1.

3.3. Optimal Strategy Solution

The reinforcement learning algorithm solves the optimization problem by finding a
strategy 7t that enables the agent to obtain the maximum reward value [28]. This paper
uses the action-value function Q(s, 4) and the state-value function V(s) to evaluate the
quality of the strategy 7. The calculation is as follows:

Qn(s,a) = Ex] ZO’tht+1|S =s5,A=a]
f=

o (30)
Vr(s) = Eﬂ[tgo'YthJrl S =s]
In the formula, E,[-] represents the expected reward value under strategy 7 s,a
represent the state and action within that state.
The optimal strategy based on PPO is to learn the 77* through the interaction between
the agent and environment to maximize the V(s), and then meet the requirements of the
objective function [29]. Therefore, 77* and V;(s) are specifically expressed as follows:

* = argmaxVy(s)
a (31)

Va(s) = En[kgt Y IR (sy, ar)|s = si]

3.4. Solution Architecture

For the solution of the joint optimization model, firstly, the paper solves the unit
commitment problem to obtain the initial day-ahead unit commitment status and output
plan of the units based on the envisioned scenario. Secondly, based on the error scenarios,
the backup decision-making is optimized and further combined with the calculated risk cost
for optimization solution. In the solution process, this paper introduces the PPO method.
At the same time, the safety constraints are identified based on the SDAE to calculate the
safety cost, which is then embedded as a reward into the PPO model. During the offline
training phase, this paper uses historical data to train the models. In the subsequent online
stage, adaptive learning scheduling strategies can be decided. The overall architecture is
shown in Figure 4.
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Figure 4. Model solution framework.

The training process of PPO involves the following: firstly, reading the environmental
parameters and initialization and setting the training parameters N, T, T;;;4x. Then, by
obtaining the current load demand, the agent takes action a; based on s; and receives a
reward value R;. Subsequently, it stores these data in the experience pool as (s, a¢, Ry).
Then, through multiple training processes to collect these data until the required number
of experiences N has been reached and simultaneously update the network parameters.
When the training round reaches T}y, save the network parameters and end the training.

During the actual decision-making stage, the scheduling decision of the optimization
model is solely based on the Actor network trained previously and does not require the
participation of the Critic network. When a task arrives, the agent selects a; according
to the policy 715 (ay, st). Simultaneously, calculate R; and transfer to s, until a total of T
periods is completed.

Among them, the Actor network and Critic network used in this paper are both
composed of an input layer, three hidden layers, and an output layer. The output layer of
the Actor network adopts the hyperbolic tangent function (tanh), which limits the output
actions within the range of [-1, 1]. Additionally, both employ the Adam optimization
method, with the learning rates set at o = 0.0001 and 3 = 0.0002. Other training parameters
are set as follows: y = 0.95, g =0.001, 6 =10, A = 100, N = 96, and T, = 5000.

4. Case Analysis
4.1. Introduction to Practical Examples

This paper validates the effectiveness and adaptability of this method using the IEEE
30 system and an equivalent IEEE 118 system of a certain regional power grid [30]. The
IEEE 30 system consists of 6 conventional generating units, 41 lines, and a thermal power
capacity of 335 MW. The wind and photovoltaic stations are separately installed at nodes
10,27 and 15,20. Their installed capacity are, correspondingly, 60 MW and 50 MW each, and
the penetration rate of new energy is 39.64%. These systems are as shown in Figure 5.

|EEE 118-Bus Power
System Diagram

Figure 5. Test node example. (a) IEEE 30 test system; (b) IEEE 118 test system.
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After equivalent aggregation, the actual power grid includes 76 thermal power units,
15 hydropower units, 130 wind power units, 226 photovoltaic units, and 37 energy storage
units. Their total installed capacities are 29,710 MW, 422 MW, 15,015 MW, 21,830 MW,
and 3563 MW, respectively, and the renewable energy capacity penetration rate is about
52%. The actual power grid can be equivalent to an 118-node example, as shown in
Figure 5b, where wind turbines are added at nodes 34, 36, 40, 45, 49, 54, 59, and 63, and
photovoltaics are added at nodes 72, 75, 78, 82, 85, 88, 92, 95, 98, and 102, respectively. The
unit price of power for the energy storage system is CNY 1500/kW, the capacity unit price
is CNY 2500/ (kwh), and the operating cost unit price is CNY 0.05/(kwh). The penalty
coefficients for abandoning wind and light are both CNY 500/(MWHh), and the penalty
coefficient for loss of load is CNY 1000/ (MWh) [31]. The predicted curve for node load
demand is shown in Figure 6.

= load prediction]
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Figure 6. Load demand forecasting.

4.2. Uncertainty Handling

Based on the renewable energy forecast outputs of a certain provincial power grid,
this paper separately fits the Frank copula function to the wind and photovoltaic power
output data for 24 time periods. Then, it uses Latin hypercubic sampling (LHS) to generate
scenarios and finally uses the backward reduction method to obtain the reduced wind
and solar power prediction scenarios, as shown in Figure 7. It can be seen that during the
adjustment process of the error scenarios, the fluctuations in renewable energy output are
relatively large.

Flve scanaiios of weahenod witd powedoutpul Generate 1000 scenarios of photovoltaic output considering correlation

woltaic output value

s

-
—

Photc It

Noment 0

(a) (b)

Figure 7. Generation and reduction in wind/photovoltaic output scenes. (a) The generation and
reduction in wind and (b) the generation and reduction in photovoltaic.

This paper considers the generation of typical scenarios for the uncertainties of wind
and photovoltaic power outputs, with a total of 25 scenarios. The scenario probability is
the product of the probabilities of the corresponding output scenarios. In Figure 7a, the
corresponding probabilities of the wind power output scenarios are 0.252, 0.138, 0.181,
0.247, and 0.182. In Figure 7b, the corresponding probabilities of the photovoltaic power
output scenarios are 0.212, 0.202, 0.226, 0.198, and 0.162.
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Furthermore, this paper simulates actual unplanned outage by setting different non-
stop thresholds and the number of units with non-stop. It can be found that when kG > 0,
with the increase in the non-stop threshold, the operating cost of the system decreases.
When the non-stop threshold is 104, considering that the smaller the value is, the poorer
the robustness will be [14], so this paper takes the non-stop threshold as Thy = 1074,

4.3. Comparison of Model Training Effects

This paper uses an IEEE30-node example to generate 10,000 different running scenarios
and randomly sets the training set, verification set, and test set at 2:1:1, with 100 iterations,
and records the accuracy and loss of each iterative training. The training results are shown
in Figure 8, where, with the increase in iteration times, the convergence speed of network
training is faster and, finally, lower loss values and higher accuracy are obtained. Therefore,
the trained model can meet the recognition requirements well.

train loss
0.6 test_loss

loss

|
0.2F 7

train_acc

LestL_acc

‘ ‘ |
Lo, A S
W T‘Tv\JWYWW e N Wl e

0.0
0

10 60 80 100 20 40 60 80 100

epoch epoch
(a) (b)
Figure 8. Performance of the SDAE Model. (a) The changes in accuracy and (b) the changes in loss.

Furthermore, to reflect the ablation of the SDAE model, this paper compares the
identification performance of different neural networks, as shown in Table 1.

Table 1. Test performances of different recognition models.

Model ACC Recall Performance Decline
SDAE 98.8% 97.5% <2%
Non-de-noising AE 93.2% 91.4% ~10%
Shallow AE 89.5% 85.7% ~15%
MLP 90.7% 88.2% ~12%

It can be seen that compared with the simplified AE, the accuracy and robustness
of the SDAE’s test results are obviously improved, which shows that it is necessary to
add de-noising and multi-layer settings. Compared with the MLP, the SDAE has more
obvious advantages in accuracy and robustness, which also shows that the SDAE has more
advantages in identifying complex nonlinear constraints.

Meanwhile, this paper assesses the changes in the reward values during the training
stage. As shown in Figure 9, it is found that the proposed method has a relatively large
fluctuation in the reward curve in the first 2000 events, and there is a certain convergence
after approximately 6000 training events.
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Figure 9. Changes in training process reward.

This paper compares the results obtained by solving the PPO optimization model with
the method considering effective constraint identification and the method not considering
effective constraint identification, and analyzes the iterative performance in different
scenarios, as shown in Table 2. It can be observed that, compared with applying PPO, DDPG
alone, and using the Gurobi solver to directly solve MILP, the PPO solution considering
constraint identification can ensure accuracy and significantly reduce the time.

Table 2. The effects under different solution methods.

Method Total Cost Risk Cost Training Time Calculation Time
(CNY 10,000) (CNY 10,000) (h) (s)
PPO + SDAE 6775.39 6521.23 3.3 2.77
PPO 6771.62 6521.21 14 16.39
DDPG 6765.62 6515.61 9 127.54
MILP(Gurobi) 6768.45 6510.78 - 15,839.86

Furthermore, this paper conducts a test and comparison between a 30-node system
and the actual node system. It is found that as the system scale increases, the solving
time of MILP grows exponentially, while the online reasoning time of PPO remains almost
unchanged and it can meet the time requirements in industrial practical applications.

4.4. Analysis of Optimization Results Comparison

This paper sets up four schemes for comparative analysis to examine the impact of
adding different constraints to the actual system’s operation.

Scheme 1: it does not consider the limitation constraint of thermal power units and
does not include risk measurement.

Scheme 2: it incorporates the limitation constraint of units but does not include
risk measurement.

Scheme 3: it does not include the limitation constraint of units but includes
risk measurement.

Scheme 4: it considers the limitation constraint of thermal power units and includes
risk measurement.

The results are presented in Table 3, and the optimization strategies of Scheme 1 and
Scheme 4 are, respectively, depicted in Figure 10.
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Figure 10. Optimization scheduling strategies under different conditions. (a) The optimized schedul-

ing strategy of Scheme 1 and (b) the optimized scheduling strategy of Scheme 4.

As shown in the figure above, during periods when the output of new energy sources
is low, thermal power plants have borne the main load demand. By starting and stopping
the units and adjusting their output, they can better adapt to the fluctuations in the output of
new energy sources. Additionally, the integrated energy storage has significantly improved
the peak—valley difference in the load, reduced the number of unit start-ups and shutdowns,
and minimized the losses from new energy outages. During the period of abundant new
energy generation, priority is given to generating electricity from new energy sources. The
thermal power plants then quickly reduce their output to the minimum, in an effort to fully
absorb as much renewable energy as possible. However, in the first scheme, there was a
certain degree of power curtailment during the period of abundant new energy power
generation. This indicates that the optimized solution obtained through the aforementioned
method can effectively meet the energy supply and consumption requirements of the system
operation and achieve optimal scheduling among multiple units, but if risk assessment
is not included during peak wind and solar power generation periods, it will affect the
possibility of wind and solar power being discarded.

Table 3. Optimization results of the power system in four schemes.

Scheme Total Cost Running Cost  Standby Cost  Shutoff Power Load Shedding Power Risk Cost
(CNY 10,000) (CNY 10,000) (CNY 10,000) (MWh) (MWh) (CNY 10,000)
1 7222.76 6578.82 521.6 900 100 7406.27
2 6914.74 6596.78 406.08 200 0 6782.56
3 6890.24 6603.26 452.72 100 0 6641.63
4 6775.39 6612.94 423.51 0 0 6383.81

As can be seen in Table 3, compared with Scheme 1, Scheme 2 takes into account the
actual fluctuation in the output of thermal power units and the non-fault conditions, which
expands the adjustment range of units and enhances the start-stop regulation function. It
reduces the system’s standby costs to a certain extent. Scheme 3 incorporates risk measure-
ment, which further reduces the risks of power outage and load loss. However, it does
not incorporate the actual fluctuation and the non-fault conditions, which to some extent
increases the standby costs. Scheme 4 incorporates constraints on the output limitations
of units and risk measurement, effectively reducing the system’s standby and risk costs.
Moreover, the losses from power curtailment and load shedding have been reduced to zero,
enabling the system to operate more reliably.

Furthermore, the plans for both Scheme 1 and Scheme 4 during each period are
presented in Figure 11. It can be observed that, compared with Scheme 1, in the periods of
low load and when wind power is at its peak (from 11 o’clock to 16 o’clock), Scheme 4 can
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not only further increase the output of the generating units but can also actively reduce the
output of the units, and even shut down some less economically viable units. For example,
in Scheme 1, multiple units simultaneously experienced unplanned outages from 16:00 to
21:00. The units that were affected were those with higher economic efficiency, which led
to significant load loss. In Scheme 4, the units that underwent start-stop operations were
mainly during periods of abundant wind and solar power generation. The units that were
shut down were mostly those with lower economic efficiency. In the subsequent periods,
the units with higher economic efficiency were started. In addition, Scheme 4 considered
the situation where the entire unit experiences unplanned shutdown simultaneously, and
the risk of non-shutdown incidents for thermal power plants is reduced. Additionally,
by combining with risk assessment, the costs of power abandonment and load loss were

also decreased.
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Figure 11. The output and start—stop of the unit. (a) The result of Scheme 1 and (b) the result of
Scheme 4.

Overall, this paper incorporates new thermal power constraints and risk measurement,
thereby increasing the operating costs by 5.07%. However, the standby capacity, power
loss due to disuse, and load shedding losses have significantly decreased, meaning that the
standby cost and risk cost have decreased significantly (by 15.44%), and the total cost has
decreased by 6.19%. This indicates that incorporating constraints related to thermal power
generation capacity limitations and risk assessment into the power generation planning
process can reduce potential power outages and load shedding losses. The constructed
two-layer optimization model can better ensure the economic and safety performance of
the system operation.

4.5. Sensitivity Analysis of Different Risk Penalty Systems

To verify the reliability of the risk management in the optimized model due to the
addition of risk measurement, this paper compares the optimized costs under different risk
penalty coefficients. The results are presented in Table 4.
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Table 4. Optimization results of the system under different risk penalty coefficients.
Risk Factor Running Cost  Standby Cost Risk Cost Total Cost
(CNY 10,000) (CNY 10,000) (CNY 10,000) (CNY 10,000)

0 6578.82 643.94 7406.27 7222.76
0.1 6442.37 664.82 7129.36 7109.41
0.2 6411.54 608.32 7002.15 7016.32
0.3 6520.97 513.97 6713.97 6938.65
0.4 6612.93 423.51 6383.81 6775.39
0.5 6980.47 498.15 6295.34 6886.98
0.6 7422.99 539.24 6175.63 6950.27
0.7 8646.20 602.56 6021.23 7129.49
0.8 11,584.86 634.99 5896.45 7401.13
0.9 21,273.33 699.13 5628.26 7622.68

1 6578.82 643.94 7406.27 7222.76

It can be observed that, as the risk penalty coefficient gradually increases, the impact of
risk on the optimal dispatching scheme becomes increasingly significant, and the risk costs
of curtailed power and load loss decrease accordingly. When the risk penalty coefficient
is small, the risk acceptance level is higher. As A increases, the risk cost decreases rapidly.
When A is greater than 0.4, and as it continues to increase, the risk cost decreases more
gradually, the total cost increases rapidly, and the risk acceptance level gradually decreases.
Meanwhile, compared with not incorporating risk measurement, the strategy risk cost
in Scheme 4 can be reduced by CNY 1022.46 million, and the total cost decreased by
CNY 186.31 million. This indicates that incorporating risk measurement can better ensure
the economic operation of the system while meeting the security requirements. Additionally,
it can also provide more practical reference information for system dispatching decision-
makers with different risk requirements.

5. Conclusions
5.1. Summary of Work

Due to the increased complexity and risk levels of system operation, the difficulty of
solving the unit commitment problem in the power generation plan also rises. Especially
in regions where wind energy and solar energy account for a relatively high proportion,
thermal power generation, which serves as the “ballast stone” for power supply security,
urgently needs to fully consider its actual output characteristics, accurately assess the
actual power generation capacity, and formulate more secure and feasible optimization
scheduling strategies and their solution methods. In this regard, the work is as follows:

(1) The output constraint and risk measurement of thermal power units are included
in the optimization model, which effectively reduces the system standby and risk costs,
and the loss of power abandonment and load shedding is reduced to 0.

(2) This paper employs the SDAE for effective safety constraint identification, achiev-
ing an identification accuracy rate of up to 98.8% with a performance fluctuation in less
than 2%. Compared to ordinary auto-encoders and MLP, it offers better accuracy and
robustness for constraint identification in actual power grids.

(3) This paper uses SDAE as the safety feature perception component of the PPO
model and integrates it into the reward function. This significantly enhances the efficiency
and quality of the PPO agent in learning safety strategies, effectively reducing the training
time of the deep reinforcement learning model by 10.7 h.

(4) This paper has redesigned the decision-making quintuple and developed a DRL
algorithm that is suitable for solving the security optimization scheduling of power gen-
eration plans. The algorithm is solved using the PPO + SDAE method. Compared to
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traditional methods, it can significantly reduce the computational time of actual large-scale
systems, requiring only 2.77 s.

5.2. Limitations and Future Work

The algorithm proposed in this paper can conduct targeted training for intelligent
agents and quickly obtain the optimal strategy based on changes in the scenario, meeting
the real-time requirements of power grid operation. However, there are certain limitations
in its application process, including the following:

(1) Insufficient power grid simulation data: as PPO and SDAE are algorithms based
on deep neural networks, they both require a large amount of learning simulation data. In
the future, a benchmark testing platform for power systems based on digital twins needs
to be built, and the accumulation of digital resources should be strengthened to provide a
foundation for applications.

(2) System scalability: the single-day optimization mentioned in this study involves
shifting the computational burden from online solving to offline training. For multi-
day optimization, transfer learning can be utilized. Pre-training can be conducted on a
single-day model, followed by fine-tuning with multi-day data, and a “24+24” hour rolling
optimization framework can be adopted. For larger-scale systems, a hierarchical distributed
architecture can be employed, decomposed by voltage level or geographical region, and
pre-training can be conducted on small systems while fine-tuning is performed on large
systems. However, verification is still required in conjunction with actual large power
grid systems.

(3) Interpretability: because PPO is based on RL, which is not conducive to its in-
terpretability, in the future, interpretable strategic actions can be given by combining
interpretable machine learning to improve the interpretability of the results.

(4) Robustness: in practical engineering, the real-time relevant parameters input by
the system may differ from the training samples, which will affect the accuracy of the
calculation and may also involve issues such as measurement noise and communication
delay. In the future, we can monitor the model’s performance and improve the robust
DRL method.
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Abbreviations

PPO Proximal Policy Optimization
SDAE Stacked De-Noising Auto-Encoder
AE Auto-Encoder

CVaR  Conditional Value at Risk

LHS Latin Hypercubic Sampling
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DRL Deep Reinforcement Learning

MLP Multi-Layer Perceptron

MDP Markov Decision Process

DDPG  Deep Deterministic Policy Gradient
MILP  Mixed-Integer Linear Programming
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