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Abstract—In this paper, the bi-layer scheduling method for
microgrids, based on deep reinforcement learning, is proposed to
achieve economic and environmentally friendly operations. First,
considering the uncertainty of renewable energy, the framework
of day-ahead and intra-day scheduling is established, and the
implementation scheme for both price-based and incentive-based
demand response (DR) for the flexible load is determined. Then,
comprehensively considering the operating characteristics of the
microgrid in the day-ahead and intra-day time scales, a bi-layer
scheduling model of the microgrid is established. In terms of
algorithms, since day-ahead scheduling has no strict requirement
for dispatching time, the particle swarm optimization (PSO)
algorithm is used to optimize the time-of-use electricity price
and distributed power output for the next day. Considering
the environmental fluctuations and requirements for rapidity
of intra-day online scheduling, the deep reinforcement learning
(DRL) algorithm is adopted for optimization. Finally, based
on the data from the actual microgrid, the rationality and
effectiveness of the proposed scheduling method is verified. The
results show that the proposed bi-layer scheduling based on the
PSO and DRL algorithms achieves the optimization of scheduling
cost and calculation speed, and is suitable for microgrid online
scheduling.

Index Terms—Bi-layer optimal scheduling, demand response,
deep reinforcement learning, microgrid scheduling.

I. INTRODUCTION

ITH the increasing elevation of environmental and

energy problems, distributed renewable energy has
attracted attention from all countries due to its environmentally
friendly and sustainable characteristics [1]. The microgrid
combines distributed power sources, load, energy storage
devices and converters into a controllable unit [2], which
provides an effective approach for the utilization of renew-
able energy. However, large-scale access of renewable energy
to the microgrid will bring challenges to its operation and
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dispatching [3], [4]. In order to reduce the impact of the
uncertainty of renewable energy, the energy storage system
(ESS) and demand response (DR) schemes are widely used
in the microgrid [5]-[7]. With the continuous promotion of
microgrid technology, how to properly manage the operation
of distributed power sources, flexible load and energy storage
systems in the microgrid to maximize the economic, technical
and environmental benefits has become an important research
topic [8].

Traditional mathematical programming (MP) methods, such
as linear programming (LP), nonlinear programming (NLP),
mixed integer linear programming (MILP) have been used to
perform power scheduling tasks in microgrids for years [9]—
[12], and they are easy to implement by using a solver,
such as Cplex and Gurobi. However, these methods have
difficulty in dealing with complex optimization problems with
highly nonlinear objective functions and constraints. On the
contrary, heuristic algorithms, such as the genetic algorithm
(GA), particle swarm optimization (PSO) [13], [14], ant colony
optimization (ACO) [15] and gravitational search algorithm
(GSA) [16] are suitable for nonlinear and non-convex opti-
mization problems, and they have been widely used in day-
ahead scheduling of microgrids. Ref. [17] improves GA based
on memory mechanism to minimize the operating cost of the
microgrid. Ref. [18] develops the evolutionary PSO algorithm
to optimize the combined cooling, heating and power system
with renewable energy. Compared to the traditional MP meth-
ods, the group-based heuristic algorithms can greatly improve
searching abilities.

The uncertainty of renewable energy output will affect the
economy of dispatching, and there are two main method-
ologies to deal with this problem: proactive and reactive
approaches [19]. Proactive approaches take all the possible
scenarios into account to obtain a solution that is suitable for
all scenarios, such as robust optimization [20] and chance-
constrained programming [21]. Since all possibilities must
be considered, this solution is relatively conservative. Re-
active approaches, such as model predictive control (MPC),
which continuously modify the scheduling plan based on
updated forecast data to meet environmental changes, are more
commonly used in current scheduling [22], [23]. Research
indicates that the forecast error decreases with the shortening
of the forecast time range [24]. The smaller the forecast error
is, the more accurate the scheduling will be, provided that the
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calculation speed needs to be fast enough. The optimization
methods adopted in the above literature are all model-based,
which means that they all need to establish an accurate
physical model and determine the parameters. Whereas, as
the scale of the microgrid expands, the computational accu-
racy and efficiency will be greatly reduced. Therefore, the
aforementioned two methods cannot meet the requirements of
short-term scheduling for fast calculation and adaptability to
uncertainty.

With the vigorous development of artificial intelligence
technology, model-free deep reinforcement learning (DRL)
algorithms have emerged. DRL is a type of data-driven in-
telligent algorithm, which possesses both perceptual ability
of deep learning (DL) and the decision-making ability of
reinforcement learning (RL), and is applicable for dynamic
decision problems that are difficult to be accurately modeled.
Moreover, due to the fast forward propagation speed of the
neural network, DRL can achieve excellent performance in
instant decision making. Up to now, DRL has been widely
used in electric power related fields [25], [26]. For power
system scheduling, an intra-day dynamic dispatch strategy for
a power system based on the deep Q learning method is
proposed in reference [27]. Reference [28] proposes a DRL
approach for combined heat and power system economic
dispatch, which obtains adaptability for different scenarios
and decreases the computational complexity without affecting
accuracy. For building energy management, DRL is utilized
to realize online optimization of energy management in refer-
ence [29] to reduce the cost and the peak-to-valley differences
of load. For DR scheduling, a DRL-based load scheduling
algorithm which establishes a dueling deep Q-network model
with a time-of-use pricing mechanism is developed in ref-
erence [30]. Reference [31] proposes a DRL algorithm for
residential users, while accounting for uncertainties in the
load demand, electricity price, users’ privacy concerns, and
power flow constraints. In the field of microgrid scheduling,
reference [32] models the energy management of the mi-
crogrid as a Markov decision process (MDP) with the goal
of minimizing daily operation costs, and uses the deep Q
network to solve the problem. Whereas, the outputs of the
deep Q network are discrete, which reduces the accuracy
of the scheduling. A distributed energy management system
that adopts the DRL algorithm is proposed in reference [33]
to realize the interaction between different distributed power
sources and the environment. In reference [34], the adjustment
of thermostatically controlled load and price response load is
considered in the microgrid energy management system, and
7 DRL algorithms are used for comparison and verification.
However, these studies do not consider the following issues:
1) The impact of forecast accuracy of renewable energy
generation on microgrid scheduling. 2) Appropriate strategy
for collaborative scheduling of distributed energy and flexible
load in microgrids. 3) Efficient DRL algorithms suitable for
microgrid dispatching.

In this paper, a microgrid with renewable power genera-
tion, flexible load and ESS is studied to obtain its optimal
scheduling plan. Due to the uncertainty of the environment, a
bi-layer scheduling scheme, including day-ahead and intra-day
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scheduling, is designed, aiming at reducing the influence of
forecast error and making full use of the dispatchable resources
in the microgrid. In the intra-day short-term scheduling, a DRL
method is adopted to obtain the scheduling instruction. The
contributions of this paper can be summarized as follows:

1) The framework of bi-layer scheduling for the microgrid
is established. Because of the errors in the forecast data of the
microgrid, bi-layer scheduling is needed. It can make full use
of the day-ahead and intra-day forecast information, thereby
effectively improving the scheduling accuracy and reduce the
influence of uncertain factors.

2) A microgrid model considering two types of DR is built.
Based on the analysis of the characteristics of dispatchable
resources in the microgrid, the scheduling model of the mi-
crogrid is established, where price-based and incentive-based
DR models are implemented.

3) A distributed proximal policy optimization (DPPO) al-
gorithm, which is a DRL algorithm suitable for continuous
problems, is adopted to optimize the intra-day scheduling of
the microgrid. The comparison between the optimal results of
the DPPO and MPC method is provided to demonstrate the
effectiveness of the proposed scheduling method.

The remainder of this paper is organized as follows: Sec-
tion II introduces the architecture of bi-layer optimal schedul-
ing for the microgrid. Section III establishes the scheduling
model of the microgrid. In Section IV, algorithms utilized in
the two layers are discussed in detail, including the formulation
of the microgrid model into the MDP and adopting the
DPPO to solve this decision-making problem. A case study
is presented in Section V. Section VI concludes this paper.

II. ARCHITECTURE OF BI-LAYER OPTIMAL SCHEDULING
FOR MICROGRID

The typical topology of the microgrid is shown in Fig. 1.
The microgrid is connected to the upper-level grid, and it con-
tains a wind turbine (WT), photovoltaic (PV), micro turbine
(MT), fuel cell (FC), energy storage system (ESS) and load.
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Fig. 1. Topology of the microgrid.

Generally, DR strategies can be divided into two types:
price-based DR (PDR) and incentive-based DR (IDR). PDR
refers to consumers adjusting their electricity consumption
behavior according to the signals of price change. It primarily
includes time of use pricing (TOU), real time pricing (RTP)
and critical peak pricing (CPP), etc. IDR formulates certain
policies, such as electricity price discounts or load shedding
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compensation, to encourage the load adjustment [35]. Con-
sidering these two types of DR, the following strategies are
formulated:

1) Setting TOU price. The purpose of setting TOU price
is to encourage customers to shift their electricity consump-
tion time from on-peak periods to off-peak periods, thereby
reducing the peak-to-valley difference. The TOU price will be
published one day before and updated once a day, and then the
consumers will actively adjust their electricity consumption.

2) Signing the IDR contracts. Signing the IDR contracts
with the consumers in advance to determine the compensation
price, interruption time and other contents. Then they can get
compensation according to the actual scheduling situation.

The overall scheduling process is divided into two layers:
day-ahead scheduling and intra-day rolling scheduling, as
shown in Fig. 2. The forecast data from different time scales is
input into the scheduling model of the microgrid. The objective
functions and constraints are set to optimize the model. The
detailed contents are as follows:

Data input
Day-ahead Intra-day Operating M
forecast data forecast data status |
v
Microgrid model

Objective v
functions Historical
data

Characteristic
analysis of
schedulable

resources Constraints

v

Optimization algorithm

Heuristic DRL algorithm ~ [@=--se-seeees?
algorithm Network
. training
Every 24 h Every 15 min
Day-ahead Intra-day
scheduling scheduling

Day-ahead Scheduling plan
reference values for each element

> Optilﬁal
[ The time-of-use J [ Scheduling plan ] fesus

price of PDR for IDR load

Fig. 2. The framework of bi-layer scheduling.

1) Day-ahead scheduling: carried out every 24 h with the
resolution of 15 min. This layer uses day-ahead forecast
information to optimize the model, and its scheduling results
determine the TOU electricity price for PDR and the reference
for intra-day scheduling. Day-ahead scheduling not only needs
to optimize 96 points at a time, but also involves a large num-
ber of variables and nonlinear constraints. Thus, an efficient
algorithm suitable for nonlinear problems will be appropriate.

2) Intra-day scheduling: carried out every 15 min with the
resolution of 15 min. In this layer, the scheduling results of
IDR and each micro source are obtained according to the day-
ahead reference. Considering the uncertainty of forecast and
the short scheduling time scale, an algorithm that can adapt
to randomness and make fast decisions is needed.

III. SCHEDULING MODEL OF THE MICROGRID
A. Analysis of Dispatchable Resources

1) Micro Turbine
The power generation efficiency and fuel cost of the Cap-
stone Company’s C65 micro turbine can be expressed as:

vt = 0.0753(Pyrr/65)3 — 0.3095( Pyt /65)2
+0.4174(PyT/65) + 0.1068 (1)
Cur = Cp Pur/LHV, gt

where C,, is the price of natural gas, yuan/m>. LHV,,, is the
low calorific value of natural gas, kWh/m?3, which is taken as
9.7 kWh/m?. Py is the net output power of the MT. nyr is
the unit’s efficiency.
2) Fuel Cell

The power generation efficiency and fuel cost of the fuel
cell can be expressed as:

{ nrc = —0.0023 Prc 4 0.6735 )

Crc = CpgPrc/LHV,gnrc

where Ppc and npc are the output power and the efficiency
of the fuel cell.
3) Energy Storage System

In microgrid projects, the battery is the most commonly
used energy storage system. The operating cost of the battery
is related to its cycle life [36]. Considering only the effect of
discharge of depth D,p on battery’s cycle life NV, the rain flow
counting method is used to fit the discharge characteristics of
the battery, which is defined as:

N = —3278D%, — 5D?p, + 12823D2, — 14122Dp + 5112

3)

According to the relationship between the battery’s cycle
life and the depth of discharge, the cost of the battery’s life
loss can be obtained by the throughput estimation method:
Pctha + uéispcfis
N - 2Egss
where Cjy; is the investment cost of the battery. uly, and uf
are integer variables of O-1 representing the battery charge
and discharge state at time ¢. P}, and PJ are the charge and

cha
discharge power at time t. Eggg is the rated capacity.

“4)

ut
t cha
CESS = Cinil

4) Demand Response

a) PDR: The variation of load with the electricity price
is usually described by the demand price elasticity coefficient.
It represents the sensitivity of electricity consumption to
the electricity price in different periods. The demand price
elasticity coefficient can be expressed as [37]:

AL;/L}
S Ap [
p;/Pj

where LY and AL; are the electricity consumption and its
increment in the period ¢ before and after the implementation
of PDR. pg and Ap; are the electricity sale price and its
increment in the period ¢ before and after the implementation
of PDR. ¢;; is the influence of electricity price change in
period 7 on demand in period j. When i = j, €;; represents

&)



the self-elasticity coefficient, which is negative. When i # j,
€;; represents the cross-elasticity coefficient, which is positive.

Considering the influence of the self-elasticity coefficient
and the cross-elasticity coefficient, the load after PDR can be
written as:

Li=L) [1+e;

(6)

b) IDR: The cost of IDR is the load adjustment mul-
tiplied by the consumers’ unit compensation, which can be
given as:

OItDR = ﬂ% ) |APItDR|

where APf is the load change in the period ¢ and p, is the
coefficient of IDR compensation cost in the period .

(7

B. Objective Functions

1) Day-ahead Scheduling

a) Economic Cost: The economic cost of day-ahead
optimal scheduling includes the cost of micro-source power
generation and the cost of power exchange between the
microgrid and the upper grid. As WT and PV belong to the
renewable energy power generation, their costs are ignored.
The expression of the economic cost Cy. is:

T
Cec - Z (Cli/[T + CIE‘C + CIE]SS + Cérid)

t=1

(®)

where T is the total time periods of day-ahead optimal
scheduling with the value of 96. Cy;p, Chq, Chgg are re-
spectively the operating costs of the micro turbine, fuel cell
and energy storage system in the period . Cérid is the cost of
the power exchange between the microgrid and the upper-level
grid in the period ¢.

b) Environmental Cost: The power generation devices in
the microgrid will affect the environment to varying degrees,
thus incurring environmental cost. According to the outputs
of the power sources, the emissions of various pollutants are
obtained. Then the cost of impact on the environment can be
calculated according to the discount standard and the amount
of fines. Therefore, the environmental cost of the day-ahead
dispatch C,, can be defined as:

T M
Con=Y_Y YID!

t=1 j=1

€))

where M is the type of pollutant (NOyx, CO2, CO, SOy). th
is the amount of the jy, pollutant and D; is the converted cost
of the jy, pollutant in the period .

Combining the above two costs, the objective function for

the day-ahead scheduling can be written as:
min Fpa = Cec + Cen (10)

2) Intra-day Scheduling
In the intra-day scheduling, to maintain the long-term
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economy, the results of intra-day scheduling should be close
to the day-ahead plan. Therefore, intra-day scheduling adds
adjustment costs on the basis of economic and environmental
costs. The adjustment cost reflects the difference between the
two scheduling results of ESS, MT and FC, which can be
described as:

Chu = Y1y Chsoc + CtAMT;r Carc
C'tAsoc =« (Séc - Sé)C,ref)

CtAMT =0 (PK/IT - Pf/{T,refQQ

CtAFC =A (Plgc - Pﬁc,rcf)

where Chgoos Chyrs Chpe are the adjustment costs of
Soc, MT and FC respectively. «, 3, A are the coefficients of
adjustment cost of Soc, MT and FC, which are set as 1000,
0.1, and 0.1 in this paper. S ops Prppcep and P op are
the reference values for the intra-day scheduling.
Considering IDR, the economic cost C. becomes:
T
Coc = Z (Crar + Crc + Ciss + Cyia + Clpr)
t=1
Finally, the objective function of intra-day scheduling can
be given as:

(1)

(12)

min F1p = Cec + Cen + C1pu (13)

C. Constraints

The variables in the microgrid dispatching model should
meet certain constraints [38], as shown as follows.
1) Power Balance

The day-ahead power balance constraint is:
P\€VT+P1§\/+P1€/IT+P§C‘FP;M:
Ucha Peba + ugis Pais + L' (14)

Since IDR is taken into account during the intra-day
scheduling, the power balance constraint becomes:
Piyr + Py + Pyr + Pig + Pyg =
Uy Py + ufi Plis + PIt,,PDR + L'+ APy
2) Tie Line Power
The maximum power of the tie line shall not exceed its

capacity limit or the supply and demand agreement, so the tie
line power constraint can be given as:

15)

t
_Pout,lnax S Pgrid S

(16)
where Pin max,> Pout,max are the upper limits of power purchase
and power sale from the upper-level grid.
3) Micro Source

The output power of the micro turbine and fuel cell should
be kept within a certain range, and the climbing constraints
should also be met. The constraints of MT and FC are defined
as:

Pin ,max

PMT,min S PK/IT S PMT,max
PFC,min < Pf:t‘c < PFC,max
t+1
Caownmt < Py — Pl < Cypmr
t+1 t
Cdown,FC < PF—Ci_ - PFC < C(up,FC

7)
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where Prc.min, PMT,max> PFC,max are the lower and upper
limits of the output of MT and FC. Ceown,MT: Cdown,FCs
CupMT, Cup,rc are the minimum and maximum climbing
power of MT and FC.
4) Energy Storage System

The state of charge (SOC) of the battery is an important
decision variable that can prevent the battery from over-
charging or over-discharging. Soc can be expressed by the
following formula:

t Pt _|_ut' Pfﬁ
St+1 _ St + (ucha cha dis dls) At (18)
ocC oC Epss
The constraints of ESS can be written as:
uzha : u(tiis =0
0 S Pctha S Pcha,max (19)

Pdis,min < P(fis S 0

t
SOC,min < SOC < SOC,max

5) PDR

TOU electricity prices are set according to on-peak, normal
and off-peak periods. The prices in different periods are
subtracted from the original electricity price to obtain Ap
in (6).

If the ratio of the peak price to the valley price is too
small, the response may be insufficient; if it is too large, the
peak and valley may be reversed. In order to achieve effective
peak-cutting and valley-filling, the following constraints are
required:

Ppeak

Tmin S S T (20)

max

Dvalley

where ppeac and pyaiey are on-peak electricity price and off-
peak electricity price.

6) IDR
During the scheduling, the load adjustment cannot exceed
the maximum adjustable value in the period ¢:

0 < AP)ItDR < API%)R,max (21)

In addition, it is necessary to ensure that the accumulated
amount of load adjustment is within the acceptable range.
Therefore, to reasonably set the constraint of IDR, the state
of load can be regarded as a small-capacity ESS. Set the state
of load (SOL) as Sor,. Sor, indicates the relative cumulative
adjustment of load, which is similar to Soc. The change
process of Sor, is shown in Fig. 3.

SOLA

e B

ransfer

I T A R St

1 1 ] 1 1 .

Xt R e
) [ — QY A— T

1 1 1 1

] | Adjustable | 1

1 | range | )

1 1 1 1

Fig. 3. The change process of Sor,.

The relationship between Sor, and load adjustment and the
constraint of Sop, can be written as (22).

{ Sfo‘il — StOL + APItDRAt/PL,av (22)

SOL,min < StOL < SOL,max

where P, ., is the average load of a scheduling period.
SoL,min and Sor, max are the lower and upper limits of Sor,.

IV. OPTIMAL ALGORITHMS FOR BI-LAYER SCHEDULING

In the above two layers of scheduling, the input data
and scheduling objectives are different. The problem is a
signomial geometric programming (SGP) due to the efficiency
calculation formulas of MT and FC in equations (1) and (2).
So the common solvers for MILP, such as Cplex and Gurobi,
are no longer applicable. In order to ensure the efficiency of
the solution and obtain better results, two different methods
are used to solve the model.

(1) Day-ahead Scheduling: PSO Algorithm.

In day-ahead scheduling, 96 points of 24 h need to be
optimized over time. If the MP method is adopted, the
model will be difficult to converge, and the calculation time
will explode. Compared with the MP method, the heuristic
algorithm is more efficient and has been widely used in day-
ahead scheduling of the microgrid. To optimize the nonlinear
day-ahead model in acceptable computation time, PSO with a
simple operation and fast convergence is selected.

(2) Intra-day Scheduling: DRL Algorithm.

In intra-day scheduling, the calculation speed is required to
be fast enough to allow time for immediate instruction, and the
algorithm should be able to accommodate fluctuations in the
environment. Commonly used model-based algorithms often
employ MPC methods to ensure long-term economy. However,
with this method, the number of variables is multiplied and the
calculation time is further increased. In contrast, the model-
free algorithm will be more applicable. The DRL algorithm,
which combines model-free reinforcement learning and per-
ceptual deep learning, is an algorithm suitable for complex
continuous decision-making problems. It can not only make
decisions within seconds but also deal with environmental
uncertainty.

A. Algorithm for Day-ahead Optimal Scheduling

The PSO algorithm originates from the study of predation
behaviors of birds and fish, and its process is shown in Fig. 4.

First, a group of particles that meet the constraints are
generated. Then, the fitness of each particle is calculated,
and the optimal positions of the individual and the group are
obtained by comparison. According to the optimal positions,
the particles’ information is continuously updated until the
iteration is completed. The update process of the velocities
and positions of all particles can be defined as [39]:

~2%)

(23)

k+1 __ k k
{ vt = wof + ey (Presi — 2F) 4 cor2 (Ghesti

k+1 _  k k+1
x; =x; +v,;



Initializing the particles

N
1
Fitness calculation
of particles
Updating the
velocities ¢
and positions

Updating the
optimal location

A

Whether the
convergence criterion
is satisfied ?

Fig. 4. Flow chart of PSO algorithm.

where v¥ represents the speed of the particle i in the Ky
flight. ¢; and co are the learning factors. 1 and r5 are random
numbers between 0 and 1. w is the inertia weight coefficient.

In the PSO algorithm, the linearly decreasing inertia weight
is adopted, which is updated according to:

W = Wmax — k(wmax - Wmin)/itermax (24)

where wpax and wpi, are the maximum weight and the min-
imum weight. itery .y is the maximum number of iterations.
Due to the equality constraint of the power balance, only
the outputs of MT, FC, and ESS at 96 points and the TOU
price of the next day are set as variables. Then, the tie-
line power at each point can be determined by the equality
constraint. Thus, the number of variables is 290. To meet
the boundary constraint of tie line power, the method of the
penalty function is adopted. The method is to multiply the part
of the variable beyond the constraint by the penalty coefficient
and add it to the original objective function. Finally, the con-
strained optimization (25) is transformed into an unconstrained

optimization (26).
{ min f(x)

g(x) <a =

min F(z) = f(z) 4 k[max(a, g(z)) — a]? (26)

B. Algorithm for Intra-day Optimal Scheduling

1) Reinforcement Learning

Reinforcement learning (RL) is a type of learning mecha-
nism where the agent continuously interacts with the environ-
ment. The learning process is usually described as a Markov
decision process (MDP). A typical MDP generally consists
of a tuple as follows: {S, A, R,v}. Among them, S and A
represent the state space and action space of the agent. R is
used to evaluate the reward of the current action in the current
state. v is the discount factor, which reflects the influence of
future rewards on the current action selection [40].

The diagram of MDP is shown in Fig. 5(a).

First, the agent observes the current environment s;. Then,
according to certain strategies, the agent performs the action
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Y a

(b)

Fig. 5. Diagram of MDP (a) original MDP (b) MDP of DRL.
a; and transfers the environment to the next state s;; ;. After
that, the environment feeds back a reward r; to the agent
so that the agent can update its strategy. If the environment
becomes complicated, it will be difficult to determine the
agent’s decision function. The deep neural network has strong
fitting capabilities, so the decision-making process of RL can
be replaced by a deep neural network, as shown in Fig. 5(b).
In this way, DRL is formed.
2) The Reinforcement Learning Model of the Microgrid

In this paper, the dispatching center of the microgrid is the
RL agent. To realize the optimal scheduling of the intra-day
model, the mathematical model of the microgrid should be
defined as the RL model {S, A, R, v} according to the Markov
decision process.

a) State Space: The state space refers to the observed
values and required data from the dispatching center. The
factors that will affect the scheduling should be considered
as much as possible, such as the forecast values of renew-
able energy power generation and load in the next 4 hours
(16 points), as described in (27).

sr6 = {Pwr(t), Pev(t), PL(t)} (27)

In addition, in order to add ESS, IDR and climbing con-
straints, the operation state of the microgrid at the last point
of time should also be considered, including Soc, Sor, and
the actual output of each micro source. Thus, the operation
state ss can be given as:

Sg = {SOC(t — 1), SOL(t - 1), PMT(t — 1), Ppc(t — 1)}
(28)
Furthermore, the day-ahead scheduling results of ESS, MT
and FC are used as references for intra-day scheduling:

(29)

In order to reduce the dimension of the state space, all time-
related constants, such as electricity prices, are represented by
the state of the time period. Therefore, the state space of intra-
day scheduling can be expressed as a collection of forecast
values, operating status, day-ahead reference and time period:

S(t) = {Sf,lﬁa Ssv Srefa t} (30)

b) Action Space: Action space is the decision variable
of the model. After observing the environment state, the agent
selects an action in the action space A according to the strategy
set. The output of each device and the load participating in
IDR constitute the action space of the microgrid, which can
be written as:

arp(t) = {amr(t), arc(t), agss(t), agia(t), arpr(t)}  (31)

Sret = { PSS vef, PMT refs PrC ref }
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c¢) Reward Function and Discount Factor: The instant
reward is obtained from the objective function of (13). On this
basis, a penalty function similar to the day-ahead scheduling
is defined, which can be given as:

D, = k[max(a, g(z)) — a]? (32)

where D, is the penalty function for the constraint of the tie
line power.

The goal of reinforcement learning is to maximize the
reward. Therefore, the instant reward r(t) is defined as the
negative value of the total cost:

T(t) = _(FID + Dp) (33)

The discount factor indicates the importance of the future
reward to the current reward. For economic dispatch, the
decision at this point will have important impact on the future.
Thus, ~ should be a large value, which is set to 0.98.

Finally, the objective and constraints have all been consid-
ered in the MDP model, as shown in Fig. 6.
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Fig. 6. The DRL model of the microgrid.

In the DRL model, the state space is the input and the action
space is the output. According to the action, the microgrid
returns the instant reward and new latest state. Then, the
network updates in the direction of maximum reward.

3) Distributed Proximal Policy Optimization

a) Proximal Policy Optimization: Reinforcement learn-
ing can be divided into value-based learning and policy-
based learning. Among them, the output of the value-based
learning is the reward value of the action. It selects action
with the highest value and it is suitable for discrete action.
The common value-based methods are Q-learning and Sarsa.
Policy-based learning directly obtains the probabilities of the
next actions and selects the action according to the probability,
which is suitable for discontinuous and continuous actions.
The common policy-based method is policy gradients. In the

microgrid model, the action space and state space are both
continuous, so the policy-based method is selected.

The policy-based method often uses the advantage function
to construct the policy gradient. The advantage function rep-
resents the effect of the selected action a in the state s, which
is calculated from (34). If the advantage function is positive,
it means that the current action has a positive effect on the
optimization goal, so the probability of its occurrence should
be increased; otherwise, the probability should be reduced.

Ar(s,a) = Qr(s,a) — Vi(s) (34)

where V;(s) is the expected value of the return of the policy
in state s, and Q,(s,a) is the expected value of the return
of the policy after taking action a in state s, which can be
defined as:

Qr(s,a) = Ex[R(7)]s, d] G
In most of the policy gradient methods, it is difficult
to choose the appropriate update step size, resulting in the
instability of training. Schulman [41] proposes trust region
policy optimization (TRPO) to deal with the training of
random strategy and it guarantees the stability of the policy.
However, the efficiency and scalability of TRPO still needs to
be improved. Therefore, proximal policy optimization (PPO)
is proposed by OpenAl [42]. PPO can be regarded as an
approximation of TRPO, which introduces a first-order ap-
proximation algorithm to improve efficiency and reliability. In
practice, PPO has a good effect in dealing with the problem of
high-dimensional continuous control. In addition, to maximize
improvement without the risk of performance collapse, PPO
uses a probability ratio between the current and old policies,
which is defined as:

ri(0) =

{m@=ammw

mo(ae|st)
T o1 (at |5t)

In the policy gradient algorithm, the objective function of
the network’s parameter 6 is:

LPC(9) = E, [rt(ﬂ)fl}

(36)

(37)
In PPO, the objective function is changed to:

LEUP() = By [min (7:(0) Ay clip (ry(0),1 — 2,1 +2) Ay ) |
(38)

where clip(-) is the clipping function and ¢ is its parameter.
The clip function is the truncation function, which limits the
probability ratio to [1 —e,1 + &].

b) Distributed Proximal Policy Optimization: To achieve
good performance in random scenarios, a surrogate must be
able to explore in as many different environments as possible.
Therefore, distributed proximal policy optimization (DPPO)
is adopted. DPPO is a multi-threaded, parallel version of
PPO, where multiple parallel agents (workers) collect data
in different environments and share the same global learner.
Global learner updates the network through the experience
collected by different workers. During the update process,
the workers will stop interacting with the environment. After
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the update, each worker continues to use the latest policy
of the global network to explore the environment. Parallel
agents obtain each other’s learning information from the global
network, thereby breaking the interdependence of gradient
updates and improving the learning efficiency.

The pseudocodes of the global network and the worker of
DPPO are shown in Algorithms 1 and 2, respectively.

c¢) Training Process of the Networks: Before adopting the
bi-layer scheduling, the DPPO network needs to be trained.
The training process is shown in Fig. 7.

Because of the large number of training data samples, the
scenarios are reduced first to improve training efficiency. Then,
the day-ahead reference is obtained by optimizing the day-
ahead data of the reduced scene through the PSO algorithm.
The reference and intra-day forecast data are input into DPPO

Algorithm 1: DPPO-Global network

1 Initialize the parameters of critic network and actor
network
2 for iteration =1,2,--- ,iteryma.x do
3 Wait until transitions of all the workers are sent to
the global replay buffer R

4 Update the policy: mg,,, < mp

5 for i =1,2,---  step, 4y do

6 Collect a mini-batch of transitions
{Sta Aty Tty St+1}

7 Estimate Qx(s¢, at), Vz(st), Ar(s¢,a;) and
LCLIP(Q)

8 Update the parameters of critic network and

actor network

9 end
10 Start worker threads
11 end

Algorithm 2: DPPO-Worker

1 Initialize the global replay buffer R
2 for iteration = 1,2,--- ,iteryax do

3 Obtain the forecast data and operation status of the
microgrid
4 Input the initial state so = {sf16, Ss, Srer; t|t = 0}
5 for t=1,2,--- T do
6 Choose an action
arp(t) = {as,mT, a¢,FC, a1, ESS, Gt grid> G4, IDR |
7 Get the reward r; and the updated state sy
8 Store transition {s;, at, r¢, t41} in the local
replay buffer
9 if N transitions are stored then
10 Estimate Q. (s¢,a¢), Vi(s¢) and Ay (s, ar)
11 Send all the transitions and their A (s¢, a;)
to the global buffer R
12 Clear the local replay buffer until the
global network is updated
13 end
14 end
15 end
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to train the network. In the online application, the testing data
is processed to acquire the input of the network, and the trained
network will directly output the final scheduling plan.

Due to the training of reduced historical scenarios, the
DRL algorithm has learned the environment under different
conditions as far as possible, and has strong adaptability
to environmental changes within a certain range. Although
the environment changes, the algorithm can also sense the
environmental state of the microgrid and directly make accu-
rate decisions. In addition, the day-ahead forecast data, intra-
day forecast data and actual operating data in the microgrid
database are constantly updated with the progress of forecast-
ing and scheduling, and the DRL network will be updated by
regular data sampling. It means that the algorithm can adapt
to changes in the environment even if there are major changes,
such as upgrading and transformation of the microgrid.

V. CASE STUDY
A. Parameters and Data Processing

The scheduling method proposed is verified in the microgrid
system as shown in Fig. 1. Set the base value to 500 kVA,
the total active power of the load is 1.8 p.u., and the total
active output of WT and PV are 0.4 p.u. and 0.5 p.u. Table I
shows the parameters of the distributed power sources in
the microgrid. The division of on-peak, normal and off-
peak periods and the price of the power exchange between
the microgrid and large grid are shown in Table II. The
treatment cost and emission coefficient of pollutants are shown
in Table III. The price elasticity matrix of demand is set
according to reference [43].

The forecast and measured data were all taken from the data
of the Belgian power grid every 15 minutes in 2020 [44]. The
data shows that the intra-day forecast error is about 5% smaller
than the day-ahead forecast error. Fig. 8 shows the day-ahead
and intra-day forecast data of wind power, photovoltaic power
generation and load for 153 days from June to November 2020.

The first step is to reduce the scenarios in the collected data.
To further improve the efficiency and simplify the data, this
paper first subtracts the renewable energy generation power
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TABLE I
PARAMETERS OF DISTRIBUTED POWER SOURCES IN THE MICROGRID

Title  Size Quantity  Total power
WT 10 kW 20 200 kW
PV 200 W 1250 250 kW
MT 65kW 5 325 kW
FC 40kW 5 200 kW
BA 25kW 5 500 kWh

TABLE II
DI1VISION OF TIME PERIODS AND PRICE OF POWER EXCHANGE

Electricity price (yuan/kWh)

Period Time
Purchase Sell

10:00-14:00;

On-peak 18:00-22:00 1.13 1.02
8:00-10:00;

Normal 14:00-18:00; 0.69 0.51
22:00-24:00

Off-peak 0:00-8:00 0.35 0.29

TABLE III

THE TREATMENT COST AND EMISSION COEFFICIENT OF POLLUTANTS

Treatment cost Emission coefficient (g/kWh)

Pollutant

(yuan/kg) MT  FC Grid WT PV
NOx 3.000 0.619 0010 16 0 0
CO» 0.023 184 489  889.0 0 0
SO 6.000 0.001 0003 1.8 0 0

Intra-dayforecast

T

100

900 : : :
700 ﬂ
500 |
300 1 1 1
0 50 100 150
Day

Fig. 8. The historical data from June to November 2020.

from the load power to obtain the power shortage, and then
the K-means clustering is used to reduce the power shortage
scenarios. K-means clustering [45] is a common scenario
clustering method, which takes the mean value of the samples
in each cluster as the clustering center. Fig. 9 shows the power
shortage scenarios before and after the reduction. The scenes
are divided into three centers by the K-means method. It can
be seen that the power shortages of the three scenarios are
primarily different at noon, because the daily photovoltaic
output varies the most at noon. If the illumination intensity
is high, the power shortage at noon will be relatively small.

B. Result Analysis

The typical 3 scenarios are used as the training set to train

1000

500

Power shortage (kW)

0 4 8 12 16 20 24
Time (h)

500 M
\w\//\'_\

Power shortage (kW)

0 4 8 12 16 20 24
Time (h)

Fig. 9. Power shortage scenarios before and after the reduction.

the DPPO network. Then, 30 scenarios are randomly selected
from the collected data as the test set for method verification.
1) Optimal Results of the Day-ahead Scheduling

In the PSO algorithm, the number of particles is set to 150
and the number of iterations is set to 500. Suppose the inertia
weight coefficient wyax = 0.9, wmin = 0.4 and the learning
factor ¢; = co = 1.49. The PSO algorithm is implemented
on Matlab 2017a. According to the proportion of renewable
energy power generation, two scenarios are selected to display
the results.

Figures 10 and 11 show the results of day-ahead schedul-
ing optimization under the conditions of sufficient renewable
energy output (scenario 19) and insufficient renewable energy
output (scenario 9). It can be seen that the implementation
of time-of-use electricity prices can reduce the peak-to-valley
load difference to a certain extent. In Fig. 10, there is a high
proportion of renewable energy output in scenario 19. Due to
the high cost, MT is only turned on during the on-peak period.
In addition, the microgrid purchases electricity during the off-
peak period and sells electricity during the on-peak period,
realizing the economy of dispatch. As shown in Fig. 11, the
output of renewable energy is almost zero. MT remains on
during both on-peak and normal periods. As MT and FC are
insufficient to meet the power supply demand, the microgrid
continuously purchases electricity from the upper-level grid to
ensure the reliability of the power supply. According to the
curve of Soc in Fig. 10(b) and Fig. 11(b), the ESS in both
cases discharges between 10:00 to 14:00 during the on-peak
period, and it is more fully utilized when renewable energy
generation is insufficient.

Similar to PSO, GSA [16] is derived from the swarm in-
telligence optimization algorithm generated by the simulation
of universal gravitation. For comparative verification, GSA is
also used to optimize the model and obtain the day-ahead plan
of 30 scenarios. Fig. 12. shows the performance of the PSO
algorithm and GSA. As shown in Fig. 12(a), when the same
scenario is optimized, GSA reaches convergence earlier, and
the fitness function does not significantly change compared
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Fig. 10. The day-ahead optimal results of scenario 19 (a) Renewable energy;
(b) ESS; (c) TOU price and load; (d) FC, MT and tie line.

with its initial value, which means that GSA has fallen into
a premature state. Fig. 12(b) shows that under the same
number of iterations, GSA requires a longer time than PSO.
The reason is that GSA needs to calculate the mass, gravity
and acceleration of particles before updating their positions,
making the iterative process more complicated. As shown in
Fig. 12(c), the final optimization result of PSO is better than
that of GSA, indicating that PSO has stronger optimization
ability. According to the principles of the two algorithms, in
the search process, GSA can only perceive the current position
of the particles without the function of group memory, so it
is difficult to obtain the global optimum. PSO attaches great
importance to the sharing of group information, so it has
stronger search capabilities. Therefore, PSO is more suitable
for the day-ahead scheduling model in this paper.
2) Optimal Results of the Intra-day Scheduling

In the DPPO network, the number of hidden layers in
both the actor network and the critic network is 3. The
ReLU activation function is used in all hidden layers. Adam
optimizer is used to update the weights of the all the networks.
Other parameters are listed in Table IV. Based on the above
parameters, using Python 3.6 and framework of TensorFlow
1.18, the intra-day scheduling is implemented on a 64-bit
Windows-based computer with 16 GB of RAM and AMD
6-Core processor clocking at 3.60 GHz.

The results of intra-day scheduling of two chosen scenarios
are shown in Figs. 13 and 14. Due to the forecast error,
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although the day-ahead scheduling plan is taken as reference,
the results of intra-day scheduling are not completely similar to
the day-ahead results. During the scheduling, DRL perceives
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TABLE IV
PARAMETERS OF DPPO

Hyper-parameters Value
Learning rate of actor o 0.00001
Learning rate of critic a, 0.0001
Number of neurons in the hidden layer of the 50, 30, 30
actor network

Number of neurons in the hidden layer of the 300, 100, 100
critic network

Capacity of experience replay pool 64

Number of threads 4

Clip parameter 0.2
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Fig. 13. The intra-day optimal results of scenario 19 (a) FC, MT and tie
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the difference between the latest data and the previous plan,
then outputs the final optimization results. Because of the
penalty constraints, the trend of Soc is close to the results
of day-ahead scheduling. The SOL curve reflects the load
adjustment. It can be seen that SOL rapidly decreases to
the lower limit from 8:00 to 12:00, which means the load
is reduced. By reducing the peak load through IDR, the peak-
valley gap can be narrowed, thus saving scheduling costs.
Figures 15 shows the cumulative reward and loss functions
of DPPO. As can be seen from the reward (after scaling down)
in Fig. 15, with the progress of training, the performance of the
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Fig. 15. Cumulative reward and loss functions of DPPO.

model becomes better and better. There are large oscillations
of the loss function caused by the environmental exploration
and random actions, but both the loss functions are less than
102 most of the time, indicating the rapid convergence of
DPPO. By comparing the training effect of a single-thread
PPO and multi-thread DPPO, it can be found that the multi-
thread DPPO has faster convergence speed and higher learning
efficiency.

3) Comparative Verification

To verify the effectiveness and economy of the proposed
scheme, the scheduling cost of 30 days under the following
four cases are separately calculated:

Case 1: Day-ahead scheduling optimized by PSO.

Case 2: Day-ahead scheduling optimized by PSO and intra-
day scheduling optimized by MPC (with DR). Fmincon solver
is used to solve the problem.

Case 3: Day-ahead scheduling optimized by PSO and intra-
day scheduling optimized by DPPO (without DR).

Case 4: Day-ahead scheduling optimized by PSO and intra-
day scheduling optimized by DPPO (with DR).

The scheduling costs are shown in Table V.

Table V shows that the cost of bi-layer scheduling is about
2% less than single-layer scheduling. This is because the day-
ahead forecast errors requires automatic generation control
units to participate in power generation adjustment, which is
expensive. Comparing case 3 with case 4, it can be concluded
that DR strategy significantly reduces the power generation
cost. Comparing case 2 and case 4, it can be perceived that
it is more economical to use DPPO than fmincon solver. The
calculation of MPC needs the forecast data of each point in
the rolling cycle, so some points with large forecast errors
will be considered, which reduces the accuracy of the model.
However, DRL algorithms do not use a certain model. It
takes only the most recent forecast value as the input state,
which improves its adaptability to uncertainty. Moreover, the
influence of historical rewards on instant rewards is consid-
ered when training the algorithm. Therefore, the optimization
results of DPPO also achieve long-term economics. Compared
with the method of MPC, the cost is reduced by about 2%.

The calculation time of the MPC and DRL methods is
shown in Fig. 16. The time required to calculate each point
with the MPC method ranges from seconds to minutes.
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TABLE V
THE SCHEDULING COSTS OF 30 DAYS UNDER DIFFERENT CASES

Cost(yuan)
Day Day-ahead scheduling Bi-layer scheduling
Case 1 Case 2 Case 3 Case 4
Dayl 7046.1 5464.1 5342.4 5137.4
Day2 9741.3 8024.1 8322.8 7871.3
Day3 8498.6 6709.3 6706.5 6430.9
Day4 9803.5 8082 8221.5 7857.4
Day5 7703.1 6204.5 6124.3 5821.1
Day6 10491.7 8564.8 8595 8406.7
Day7 7776.3 6044.7 6059.1 5781
Day8 7529.7 5846.1 5975.2 5647.6
Day9 11594.5 9730.9 9782.6 9591.6
Dayl0  9409.3 7650.6 7762.4 7507.5
Dayll 97235 8136.9 8394.4 8071
Dayl2 11585.8 9695.4 9701.1 9576.8
Dayl3  8739.7 7181.9 7066.8 6920.5
Dayl4  7466.6 5901.4 5983.9 5680
Dayl5 8192.2 6305.4 6280.5 6014.9
Dayl6  8978.4 7390.6 7786.3 7361.4
Dayl7  7406.3 6129.7 6042.3 5738.2
Dayl8 11212.7 9233.3 9328.1 9105.5
Dayl19  6357.3 4886.3 4862.9 4654.5
Day20 8141 6724.2 6420 6261.9
Day21  7727.8 6133.3 6242.5 5927.9
Day22  7939.3 6332.2 6422.7 6002.3
Day23 71359 5418.2 5445.6 5301.2
Day24  9098.3 7361.4 7810.4 7508.8
Day25  10359.1 8642.2 8873.3 8603.9
Day26 10018.4 8205.1 8297.5 8096
Day27  7303.7 5796.6 5811.8 5486
Day28  8707.7 6804.3 6777.8 6506.3
Day29  7965.5 6431.1 6483.1 6226.6
Day30 9287.2 6058.4 7942.1 7725
Total 262933.4 211080.7 214855.7 206802.8
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Fig. 16. The calculation time of Fmincon and DPPO algorithm.

Whereas, when using the trained DPPO for optimization,
it only takes milliseconds. Since MPC is a model-based
optimization method, all points in the time scale need to
be optimized each time, which increases the dimension of
the model. Being different, DPPO is a model-free algorithm.
Although it takes some time to train the network in the early
stages, the scheduling instructions can be obtained quickly
through the trained network during online scheduling, so the
speed of DPPO is faster.
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Compared with the method of MPC, using DPPO to opti-
mize the model reduces the cost by about 2%, and significantly
shortens the calculation time. Therefore, for the proposed bi-
layer scheduling scheme, the DPPO algorithm can realize fast
and economical dynamic scheduling. In fact, if the period of
intra-day scheduling is further shortened, DPPO will obtain
better results with the improvement of forecast accuracy.

VI. CONCLUSION

In this paper, considering the uncertainty of renewable en-
ergy and flexible load control at different time scales, a bi-layer
optimal dispatching method for microgrids is proposed. The
scheduling is divided into two layers: day-ahead scheduling
and intra-day scheduling. Taking into account the different
requirements for calculation time and accuracy of the two
layers, the day-ahead scheduling model is solved by the PSO
algorithm, and the intraday scheduling model is solved by the
DPPO algorithm of DRL. Based on the data from the Belgian
power grid, the proposed dispatch plan is verified.

1) The cost of the proposed bi-layer scheduling is 20%
lower than that of day-ahead single-layer scheduling, and the
DR strategy can further reduce scheduling cost.

2) For the day-ahead scheduling model, the PSO algorithm
has stronger search capability and computational efficiency
than the GSA.

3) Compared with the MPC method, DPPO can reduce the
scheduling cost by about 2%, and the scheduling time can be
reduced from minutes to milliseconds.

4) The proposed scheduling scheme is adaptable for en-
vironmental fluctuations, and the uncertainty of renewable
energy has little effect on the scheduling schemes.

In a future study, the time resolution of the scheduling
model can be further reduced, such as 1 minute or 5 minutes,
so that the model can be applied to the real-time scheduling
of the microgrid.
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