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Abstract: Due to the randomness of renewable energy and electric vehicles (EVs) in highway charging stations, it
is difficult to ensure the consistency of renewable energy supply and EVs demand. Considering the randomness of
EVs charging and renewable energy power generation, an optimal self-consumption scheduling of a highway EV
charging station based on multi-agent deep reinforcement learning (MADRL) is proposed to realize the economy,
self-consumption, low-carbon operation and ensure reliability of power supply. In day-ahead, the traffic flow
prediction model based on the CNN-BiLSTM and the queuing model based on user psychology are built to predict
the charging load. The 24-hour optimal charging price is obtained by solving the incentive price optimization model
and guides the orderly charging of EVs. In intra-day, considering the prediction errors of day-ahead and the diversity
of charging levels, an optimal scheduling based on the MADRL is proposed. Regarding the multi-objective
scheduling of the highway charging station, the multi-objective nonlinear and non-convex problem is transformed
into multi-agent Markov game model. Finally, the effectiveness and optimality of the proposed method are verified
on a highway charging station The results show that the proposed method can realize the economy, self-consumption
and low-carbon operation of the charging station.

Keywords: highway EV charging station; day-ahead and intra-day optimization; traffic flow prediction; multi-agent

deep reinforcement learning; self- consumption

1 Introduction

With the proliferation of electric vehicles (EVs), their high charging demands will have a profound impact on
the operation of the distribution power networks and the electricity market [1-4]. At the same time, the development
of renewable energy power generation policies and the automobile market will further promote the growth of
charging demand [5-7].

Renewable energy charging stations use photovoltaic (PV), wind power (WP) and other power generation
systems to charge EV. Renewable energy charging stations can be divided into urban and suburban charging stations
(highway charging stations, etc.). At present, charging stations in urban areas are mainly charging stations equipped
with PV generation and energy storage systems (ESS), and the PV generation is influenced by the weather and
environment with large randomness [8-10]. Charging stations are configured with ESS to store and release energy,
improve the consumption of PV generation. There have been some studies on the optimal scheduling of urban
charging stations. Reference [11] proposed an energy management strategy for PV-ESS-charging stations based on
the time of use prices. A comprehensive income optimization model of charging stations was established to make
full use of the difference between peak and valley electricity prices as well as the electricity generated by PV
generators. Moreover, reference [12] believed that the current deployment of renewable energy charging stations is
not enough because of the lack of evaluation on economic and environmental benefits, and put forward an

optimization strategy for renewable energy charging stations based on economic environment analysis. However,
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due to the limitation of the surrounding environment, urban charging stations are not difficult to install large power
generation systems, and can only be supported by power generation systems of small installed capacity such as PV,
which is difficult to achieve self-consumption and low-carbon in the charging station.

Compared with urban charging stations, suburban charging stations (highway charging stations, etc.) are
located in remote areas without a perfect power system, and the reliability of the power supply is low, which is
similar to isolated islands. Taking highway charging stations as an example, highway charging stations usually have
enough capacity and a safe distance. Therefore, there are conditions for installing wind turbines, solving the
problems of single energy source, small installed capacity and poor power supply reliability of charging stations.
There have been some studies on the highway charging stations. To further achieve carbon emission reduction,
reference [13] proposed a new planning method for highway charging stations and a low-carbon facility planning
framework for charging systems, including the construction of charging stations, decommissioning of gas stations,
and installation of PV systems. Considering the environmental impact of highway slope, wind speed, and passenger
number, reference [14] proposed an optimal location and scale planning method for highway EV charging stations
based on the PV and ESS. Based on the Floyd and Monte Carlo algorithm, reference [15] proposed a collaborative
planning method for highway charging stations and renewable energy systems. However, the current studies mainly
focus on the site planning and capacity allocation of renewable energy charging stations on highways, and there are
few studies on the scheduling of renewable energy charging stations on highways [16,17]. At the same time, the
existing studies on highway renewable energy charging stations use model-driven (Monte Carlo simulation, etc.)
methods to forecast load. However, it is difficult to simulate the load change characteristics with this prediction
method. With more convenient access to historical data on highways and charging stations, the limitations of data-
driven methods to predict the behavior or load of EVs on highways have been broken.

Due to the uncertainty of renewable energy, if the charging station equipped with WP and PV system does not
have an effective scheduling method, it will cause derivative problems of low energy utilization efficiency. At the
same time, compared with the regular travel of urban EV users, the randomness of EV stops on charging stations is
greater, which will aggravate these derivative problems. In addition, in the previous study of highway scheduling
[18,19], it is easy to ignore that parking is prohibited on the highway. Different from urban areas and other places,
the highway has the particularity of banning parking, and the highway charging station can’t be congested, and it is
necessary to ensure the parking space of EVs with charging demand in the station. Therefore, a reasonable and
effective scheduling method is needed to guide the orderly charging of EVs, achieve self-consumption of energy,
and prevent the congestion of the charging station.

In terms of solving the optimal scheduling problem, the EV charging on highways is actually formulated as a
nonlinear and non-convex problem, and it is difficult to fully cope with the complex problem by using traditional
optimization algorithms and heuristic algorithms. In contrast, deep reinforcement learning (DRL) is an intelligent
algorithm that does not need to establish an environment model and can interact with the environment to find the
optimal control strategy that can achieve long-term rewards and enhance adaptability and robustness [20, 21]. At
present, some studies are using the DRL to solve problems related to EVs’ integration in the power grid. Reference
[22] used the deep deterministic policy gradient (DDPG) to learn charging strategies and solve EV charging
problems based on incentive and time-varying demand response. Reference [23] modeled the EV charging control
model as a Markov decision process (MDP) from the user perspective. In the system model, considering the dynamic
energy price and time-varying charging demand, the goal is to minimize charging costs and meet charging demand
of EV users. In terms of the methodology, the DDPG algorithm was combined with transfer learning to control EV
charging. However, a charging station is composed of charging piles with different charging power levels, and it is
difficult for an agent to solve the scheduling problem of charging piles with different charging power levels. It is
necessary to decompose the complex control problem into a multi-agent cooperation problem. It known that multi-
agent deep reinforcement learning (MADRL) applies the ideas of the DRL to multi-agent systems [20]. The
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MADRL can organize multi-agent to carry out autonomous learning and realize the cooperative solution to the
scheduling problem of charging piles with different charging power levels through the interaction between multiple
agents.

Because highway charging stations are generally located in areas with weak power construction, the reliability
of the power supply is poor and the demand for energy self-consumption is greater. Due to the double uncertainty
of renewable energy generation (WP and PV) and highway EVs charging, the difficulty of energy self-consumption
has increased. At the same time, because the highway has the particularity of prohibiting parking, it is necessary to
ensure the parking space of EVs with charging demand in the station. Therefore, aiming at the poor power supply
reliability of highway charging stations and the low energy utilization efficiency caused by the randomness of source
and load, an optimal day-ahead and intra-day self-consumption scheduling for a highway EV charging station based
on the MADRL is proposed. Taking the highway charging station as the background, the PV, WP, and ESS are
configured in the charging station. By using the CNN-BiLSTM network and queuing theory, the traffic flow and
load prediction model is established. According to the prediction, the day-ahead optimal scheduling model guided
by price incentives is established. In intra-day scheduling, the MADRL is used to control the power of the charging
piles and ESS to achieve self-consumption, economic and low-carbon of the highway EV charging station.

The main contributions of the paper are as follows.

1) To accurately describe the charging behavior at a highway charging station, a multi-model traffic flow
prediction method based on CNN-BiLSTM and a load modeling method based on user psychological M/M/Num/C
queuing theory were proposed. Aim at the prediction error superposition caused by the traditional single-step rolling
prediction, the single-step rolling prediction is transformed into a multi-model traffic flow prediction with 24 CNN-
BiLSTM. Then, the user response probability model of the Sigmoid function and M/M/Nsum/C queuing theory are
integrated to accurately model the charging station load.

2) To deal with the mismatch of the time dimension of source and load and take into account the global
optimality and flexibility of scheduling, a self-consumption scheduling method based on day-ahead optimization
guided by price incentive and intra-day optimization based on flexible power adjustment is proposed. Different from
the traditional day-ahead charging plan, the proposed method formulates charging subsidies of the intra-day in the
day-ahead stage, guides users to charge in an orderly manner, and indirectly transfers the load of the charging station
to make the load consistent with the new energy power distribution. Considering the errors between the day-before
price guidance and the intra-day actual situation, the charging piles and ESS are real-time scheduled to realize the
re-transfer of the charging station load, providing a second guarantee for the consistency of the charging load and
the power of renewable energy.

3) To improve the solving ability of the intra-day optimization model under the double uncertainty of EVs
charging and renewable energy generation, the complex multi-objective nonlinear and non-convex scheduling is
transformed into a multi-agent Markov game model (MGM). The multi-objective optimization is transformed into
a multi-agent cooperative problem of multiple charging piles and ESS, to achieve dimensionality reduction of the
optimization problem. The MATD3 algorithm, which is both efficient and stable, is used to solve the multi-agent
MGM of multiple charging and ESS.

The rest of this paper is organized as follows. Section 2 presents the traffic flow and load prediction model of
highway charging station. Section 3 presents the day-ahead and intra-day self-consumption scheduling. In section
4, the effectiveness and optimality of the proposed method are verified by test cases. Finally, conclusions and future
work are provided in section 5.

2 Traffic flow and load prediction model of highway charging station

2.1 Traffic flow prediction of a charging station based on the CNN-BiLSTM
Traffic flow prediction is to solve the full parking of highway charging station, and is the premise of the
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charging station load prediction. Unlike other charging stations, highway charging stations need to ensure that EV
s with low battery power (which makes it difficult to complete the next journey) have parking spaces, and cannot
park on the highway. Therefore, the traffic flow peak of the highway charging station is predicted and the peak
transfer is carried out before the day.

The convolutional neural network (CNN) adopts the method of local connection and weight sharing, which
processes the original data by high-dimensional mapping and effectively extracts data features. The bidirectional
Long short-term memory (BiLSTM) network is an improved network based on the LSTM [24]. The BiLSTM
network structure is shown in Fig. 1. The BiLSTM network enables recursive feedback of past and future hidden
layer states, to further explore the internal relationship between past and future traffic flow data, and further improve

model prediction accuracy and feature data utilization.
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Fig. 1. The structure of the BILSTM

Considering that the traffic flow data contains abundant temporal and spatial information, the paper adopts the
CNN-BIiLSTM network to forecast the traffic flow. First, the traffic flow data is normalized. Secondly, the day-
ahead traffic flow on day m is predicted (24 points), but the prediction dimension is higher. Rolling and multi-step
prediction will superimpose the error of prediction results, and the prediction accuracy is difficult to guarantee.
Since the traffic flow is regular every day, the 0~23 points are divided into 24 groups, each group includes the data
of the day m-1 to day m-d (O1--m-dl - 230m-L...mdly "and set up 24 CNN-BiLSTM networks. 24 sets of data were
input into the corresponding CNN-BiLSTM network to train and output the traffic flow prediction results Yy(?).
Traffic flow prediction based on the CNN-BiLSTM is shown in Fig. 2. ° and x° are the output and input of the first
CNN-BiLSTM network, y' and x! are the output and input of the second CNN-BiLSTM network, and so on. 0"

represents the 0 o 'clock on the m day, 0"! represents the 0 o 'clock on the m-1 day, and so on.
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Fig.2. Traffic flow prediction based on the CNN-BiLSTM
2.2 Load prediction of a charging station based on the user psychological M/M/Nsum/C queuing theory
Charging station load forecasting is the premise of charging station scheduling. The scheduling system in a
charging station adjusts the service charge price of the next day in advance according to the predicted load of the
charging station to guide the charging of EVs. According to the set arrival ratio, the traffic flow data of each period
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is converted into the arrival rate of EVs in the charging station, and then the load prediction model of the charging
station is built through the queuing model.

The queuing model adopts the user psychological M/M/Nsum/C queuing theory. The arrival time interval of
charging users follows the Poisson distribution with parameter A, the number of charging piles is Nsum, and the
charging time also follows the negative exponential distribution with parameter x, and each charging pile is
independent of each other. The total space capacity of the charging station (the sum of charging slots and parking
Spaces) is C, and the charging rule of the queuing model of the charging station follows the first-come-first-served
(FCES) principle. The traditional M/M/Ngum/C queuing theory does not consider the user's psychology. Therefore,
consider the following two scenarios:

1) Users may enter the queue because of the length of the queue and the charging fee at this time. The longer
the queue, the smaller the probability of the user entering the queue, and conversely, the greater the probability. The
higher the charging fee, the smaller the probability of the user entering the queue, and conversely, the greater the
probability.

2) Users may choose to leave the queue because of the length of the queue and their emotional problems.

The M/M/Ngun/C queuing model of user psychology is shown in Fig. 3. The probability of the user joining the
queue /A and the probability of leaving the queue wu:

/1Pj’[, k< Ngm
Jp =3 AP o TN N <k <C (1)
0, k=C
ku, k<N,
/jk — { /'l sum (2)
Nsum/u"'ﬁk’ Nsum <ks<C
B, =Sln(k—N,,, +1), §>0 G
1
Fu=FGE)=—7 “)
I+e ™
Zj=%j, +b; )
N,
A=—"Ry (t (6)
100 " ()
Highway charging station o
Parking lot [ M: Poisson's distribution Charging pilcl
=T | M: Negative exponential distribution|
@! Charging pile2 __
AIOD|E0 |+ ) D :
[
. Nsum: Number of charging piles *
C: Limited capacity of station Charging pilen
No entry Leave halfway

Gty e (L line)y
_____ B o S e
)

Fig.3. Queuing model of highway charging station
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Where £ is the length of the queue (=0, 1, 2, ..., N). § is the sensitivity parameter, which represents the decrease
rate of probability (B >0). As the queue grows longer, the probability of the user choosing to queue decreases rapidly,
so the exponential function of base e is chosen in the setting of A«. S is the probability that a user in the queue will
leave midway because they feel impatient. P;, is the response probability of EV users to price, and the Sigmoid
function is used as its response probability model. Considering that different users have different sensitivity to price,
zj, in the Sigmoid function is composed of stimulus price and price sensitivity. x;; is the subsidized price, b; is price
sensitivity, and Nay, is the average number of a charging station per 100 vehicles.
The average number of charging piles in use is [25,26]:

k _(k sum)(k sum -1
Nimk (lP ) g e 2 p 7
N, = Po+Noym
=TI N 41 k=Noum S+ 10

Nsum! 1_[ [ sum+ ]
i=1

U

In order to simplify load calculation, using the average power of all charging piles to calculate, the charging
load of the charging station can be obtained:

P;s (t) ch (t) rated,avg (8)
Where Prated,ave 18 the rated power of the charging piles.

3 Day-ahead and intra-day self-consumption scheduling

The structure of the renewable energy charging station on highways is shown in Fig.4. The PV and WP
generations can deliver electricity to EVs, and an energy storage system can store excess energy and provide
electricity to the grid when prices are high. The charging station can sell and purchase electricity to the grid, meeting
the charging demand for EVs at the same time and increasing the overall revenue of the charging station.

B} Charging @] Charging @] Charging
El pile El pile El pile

Grid @/DC T Pov E/DC TP wdeEI Pes

- 11 1 : Energy

! ‘ o storage

4% : : system
|
| ‘ ‘ o

Fig.4. The structure of the renewable energy charging station on highways

Optimal day-ahead and intra-day self-consumption scheduling model is mainly divided into day-ahead optimal
scheduling and day-ahead real-time optimal scheduling. The framework is shown in Fig. 5. Optimal day-ahead
scheduling takes the 24-hour incentive price as the control variable. The CNN-BiLSTM algorithm and the queue
theory were used to predict the 24-hour traffic flow and load, and the 24-hour optimization results were solved
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according to the day-ahead optimization objective with an interval of 1 hour. The daily optimal scheduling takes the
power of the charging piles and ESS as the control variables. The reward function is set within the day and the

charging piles and ESS are regulated by multi-agent deep reinforcement learning with a time interval of 15 minutes.
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L
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Fig.5. Day-ahead and intra-day scheduling framework

3.1 Optimal day-ahead self-consumption scheduling model
3.1.1 Objective function of day-ahead optimization

Considering the revenue, self-consumption, low-carbon and excess capacity penalty of a charging station,
objective function of day-ahead optimization can be established as follows:

max |:Ksum + ¢SpW - Cl)Ec - l//Qe,s :| (9)

where Kqm is the revenue of the charging station, and Spw is the self-consumption rate. £. is the carbon emission,
and Qs is the excess capacity penalty. ¢, w and y are the coefficients of the objective function.

1) Revenue of the charging station

Revenue consists of charging revenue, revenue from electricity sales and electricity purchase cost of charging

station.

T,

sum

Kom = D [ (e (6)+ ¢, () + ¢, (£)) Py (OT, +yy (£) P ()T, ¢, (£) By (1), | (10)
1=0
where c(?) is the electricity price, cs(¢) is the charging service fee and ca(?) is the incentive price at time ¢. T is the
sampling time, and Tsum is the total time. cpi(?) is the electricity price sold to the grid at time ¢, and Pou is the power
sold to the grid. c«(?) is the electricity price at time ¢, and Pg(?) is the power input from the grid to the charging station
at time ¢.
2) Self-consumption rate

T

=3

(P i (1) (0)
Spw =72 (11)

> (p JO+P L ()4 B, (z))

where Ppy(?) is the PV power at time ¢, Puwind(?) is the WP at time .

3) Carbon emission

The calculation formula for carbon emissions of electricity purchased from charging stations to the grid is as
follows:
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Ee= 2 M, (R (0)=P , (), (12
t=0
where Mcoz is the carbon dioxide emission per unit of electricity (taking the coal-fired machine as an example).
4) Excess capacity penalty
Highway charging stations need to ensure that there is a parking space for low-battery EVs, and that EVs
cannot be parked on highways. Therefore, set excess capacity penalty of charging station:

o ()= 1, k(t)=C(¢) 13)
) 0.5, 0.8C(¢)<k(t)=C(¢)
Tsum
Ous = D6 (0) (14)
t=0

Where (¢) is the length of the queue (k=0, 1, 2, ..., N), C(¢) is the total space capacity of the charging station (sum
of the number of charging slots and parking spaces).
3.1.2 Constraints

1) Charging station power model

According to the WP, PV, charging power, and state of charge (SOC) of the ESS, the power balance formula
of the charging station can be divided into three kinds. When the sum of the WP and PV power is greater than the
total charging power, the charging power is provided by the WP and PV. When the difference between the sum of
the WP and PV power and charging power is greater than the rated power of the ESS, the ESS is charged according
to the rated power, and the remaining power is transmitted to the grid, otherwise, the charging power of the ESS is
the difference between the sum of the WP and PV power and charging power. When the ESS is overcharged, the
excess energy is directly transmitted to the grid.

])out (t) = F::s (t) + Pes,rated - (Pwind (t) + ])pv (t)) > Pwind (t) + I)pv (t) - I?:s (t) > Pes,rated &SOC(t) <S0C

es,max

Po(t) = Py (t) = (Paing () + Py (1)) P e = Paina () + Py (1) = Py (1) > 0&SOC(t) < SOC, (15)

es,max

Py ()= Py () = (Pying () + Py (1)) Pasng (1) + Py, () = Py (1) > 0&SOC(t) = SOC,

where P (f) is the charging power of the n™ charging pile at time #, and Pesated is the rated power of the battery
energy storage system,

When the difference between the sum of the WP and PV power and charging power is 0 to -Pes rated, the charging
power is provided by the WP, PV, and ESS. When the ESS is over-discharged, the charging power is provided by
the WP, PV, and power grid.

{Pes (t) = I)cs (t) - Pwind (t) + va (t)’ 0>Pwind (t) + I)pv (t) - Pcs (t) > _Pes,rated &SOC(t) >S0C

es,min (16)
B ()= B () = Byjng () + B, (1), 0>F,04 (0) + B, (1) = B (1) > = F 141ea &SOC(1) = SOC

s, rated es,max

When the sum of the rated power of the WP, PV and ESS is less than the total charging power, the charging
power is first provided by the WP, PV and ESS, and power grid. When the ESS is over-discharged, the charging
power is provided by the WP, PV, and power grid.

{Pcs (t) = Pwind (t) + })pv (t) + I)es,rated (t) + I)g, (t)’ Pwind (t) + va (t) + Pes,rated < R:s (t)&SOC(t) > SOCes,min (17)

Pcs (t) = Pwind (t) + })pv (t) + ])g (t)ﬂ Pwind (t) + ])pv (t) + I)es,rated < }?:s (t)&SOC(t) =80C

es,max

2) Constraints on EV power and SOC:

{F])Jl,min < Pevii (t) < Ppl,rated b i€ Rpl

. (18)
})pz,min < }zv_i (t) < })pZ,rated’ le Rp2
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() £100% (19)

i,out

{ﬂ <SOC,;
Ci

where Pey i(?) is the power of the i EV at time ¢. The charging pile types of highway charging stations can generally
be divided into ultra-fast charging (Liquid-cooled charging piles) and fast charging piles (Air-cooled charging piles),
so the power limits of EVs can be divided into two categories. Pp1,min and Ppz min is the minimum charging power of
ultra-fast charging and fast charging piles. Ppi ratcd and Pp2rated are the rated power of ultra-fast charging and fast
charging piles. Rpi, and Ry, are collections of EVs connected to ultra-fast charging and fast charging piles
respectively. SOC; o is the driving capacity of the i EV. C; is the battery capacity of the i EV, d; is the expected
travel mileage of the next journey of the i EV, and w; represents the power consumption per kilometer of the EV.
The SOC constraint of the EV means that the outgoing power needs to complete the estimated travel distance when
off-grid.

3) Charging time constraints:

& < tev i < T;:V,max (20)
Ci])pz,rated B

where fev «({) is the charging time of the i EV, Teymax is the longest charging time of the EV, and the reasonable
longest charging time is determined according to the historical charging time of a highway charging station.
4) Constraints on ESS:

_st,rated < f;s (Z) < Pes,rated (2 1)
SOC..,, <SOC, (1) <SOC, (22)
SOC, (t+1) = S0C, (), L= 3)

es

where Pes(f) and Pes rared are the power and rated power of the ESS at time 7. SOCes max and SOCesmin are the SOC
maximum and minimum limit of the ESS respectively. SOCes(f) and SOCes(#+1) are the SOC of the ESS at time ¢
and #+1 respectively. 7es is the efficiency of the ESS, and Ce; is the capacity of the ESS.

3.2 Optimal intra-day self-consumption scheduling based on the MADRL

The optimal intra-day self-consumption scheduling based on the MADRL is to model the charging piles and
ESS as the agents and to model the highway EV charging station as a multi-agent environment. By interacting with
the environment, the multiple agents constantly learn by using the feedback information, improves the decision-
making ability under the change of environmental state, and finally realizes the optimal intra-day scheduling of the
charging station. The optimal intra-day scheduling based on MADRL is shown in Fig. 6. The intra-day optimal
control problem of the charging station is transformed into the MGM, and the MGM problem is solved by the multi-
agent twin delayed deep deterministic policy gradient (MATD3) algorithm.
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Fig. 6. The intra-day optimal scheduling based on MADRL

3.2.1 Markov game model

MADRL is a machine learning algorithm that combines deep learning methods, reinforcement learning
methods, and multi-agent systems. MADRL can organize multi-agents to carry out autonomous learning and realize
cooperative problem-solving through the interaction between agents.

For the charging scheduling problem of EVs and ESS, the state at each time is only related to the previous state
and action of the agent, which conforms to the MDP. Moreover, it is a complex multi-objective optimization
problem to control multiple charging piles and ESS in charging stations. Therefore, the multi-objective optimization
problem is transformed into a game process among multiple agents to reduce the complexity of the solution. In the
multi-agent system, the MDP is extended to the MGM, and the intraday optimal control problem of the charging
station is transformed into the MGM. Usually represented by a set of multivariate groups, {Si...Si...Sn, 41...4;...An,
P, Ri...Ri...Ry, Rg, y}. Among them, Si...S;...Sa represents the state space observed by n” agents, Ai...4;...An’
represents the action space of n” agents, R;...R;...Ry represents the reward space of n” agents, R, represents the
global reward for all agents, P represents the state transition probability, and y represents the reward discount
coefficient. The MGM in the optimal intra-day self-consumption scheduling problem is shown below.

1) Agent set

If an agent controls charging piles and the ESS of a charging station, the calculation amount will be greatly
increased. To simplify the calculation, according to the classification of object types, the agents of MGM are divided
into three categories: the agent of fast pile charging pile Iz, the agent of ultra-fast pile charging pile /s, and the agent
of the ESS /5. The set of agents is I={/z, Ist, less} -

2) State space

For the renewable energy charging station on highways, the information provided by the environment to the
agents is the purchased power, sold power, PV power, PV, charging power of charging piles, SOC of EVs and
output power and SOC of the ESS at time ¢. The state space of the model at time ¢ is thus defined as follows,

S0 =[P, (0).Pa (1) By (1. Po 1), (1) P2 (1) k(0).50C.,_,(1).50C, ()] @4

3) Action space

The action space A(?) is the set of decisions made by the agent based on the state S and strategy « in the current
environment. The action space A(¢) is composed of the action set az(f) of the fast charging piles, the action set asi(?)
of the ultra-fast charging piles, and the action set aess(f) of the ESS in the station. The action space A(?) is as follows.
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Where Iess controls the ESS power P in the station through aess (t); The action set I5(¢) of the fast charging piles
consists of the power Pp1,1(?),.. ., Pp1,(f), and It controls the power of m fast charging piles through as(f). The action
set as(?) of the ultra-fast charging piles consists of the power Pp2,1(%),..., Pp2.x(¢), and the agent /s controls the power
of n ultra-fast charging piles through as(?).

4) Reward space

The goal of intra-day optimal scheduling is to improve real-time revenue, self-consumption, low-carbon and
excess capacity penalty of a charging station. The objective function of intra-day scheduling is as follows.

maxJy, = S K, + ¢ 'S, ~@E, ~y'0, —0Cy., (26)
=0
Where ¢’, w’and ' are the coefficients of the objective function of intra-day scheduling.

In the day-ahead, the total charging load predicted by the load model is used to calculate the charging station
revenue, while in the intra-day stage, the real-time revenue of the charging station is calculated by directly collecting
the real-time power of all charging piles and superimposing the total charging power. The real-time revenue formula
for charging stations is as follows.

Ko (1) = NZ( () +e (D) +e ()P, (1) +eu(t) P () =c, ()R (1) @7

The ESS in the charging station has undergone multiple charge and discharge cycles, which may cause
overcharge and over-discharge. If the cost of battery charging and discharging and the cost of battery life loss caused
by overcharging and discharging are considered, the Ciosss Of battery loss cost is,

Cover over (Z)T + ces es (t) SOC (Z) <80C es,min O SOCes max < SOCes (t)
Cows (1) = (28)
o Cesles (t)T SOCes min < SOC (t) <50C €s,max
Tsum
Closs,s (t) = Z Closs (t) (29)
t=0

where Pover(?) is the overcharge and over-discharge power of the ESS at time ¢, Pes(?) is the power of the ESS at time
t, ces 1s the unit charge and discharge cost of the battery, and cover is the penalty cost of the unit overcharge and over-
discharge power of the battery. SOCesmin and SOCes max are the maximum and minimum of the SOC of the ESS,
respectively, and SOCq are the SOC of the ESS at time ¢.

The reward function evaluates the charging station environment and gets an immediate reward, which
influences the agent's choice of action. According to the intra-day optimization objective function (26), the reward
space of the model at time t is defined as follows.
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where a1, a2, a3, B1, B2, b3 are the coefficients of the reward function. ress(?) is the reward function of ESS agent /e,
which consists of real-time revenue, self-consumption rate, and ESS loss cost of the charging station. r(¢) is the
reward function of the agent /r, which consists of real-time revenue, self-consumption rate, carbon emission, and

excess capacity penalty of the charging station. r(?) is the reward function of the agent /sz.

3.2 Intra-day optimization solution based on the MATD3

As a new MADRL algorithm for solving continuous problems, the MATD3 is an improvement based on the
multi-agent deep deterministic policy gradient (MADDPG) [29,30]. The MATD3 is designed to solve the
overestimation bias of the Q value, high variance accumulation, and unstable learning process of the MADDPG
algorithm based on value learning. Therefore, the MATD3 algorithm was used to solve the MGM model of intra-
day optimal scheduling.

During the training of the MATD3, the agent /={/r; Ist; lss} observes the current state, selects the action
A={az(?), asi(t), aess(t)} from the action space based on the policy 7z, and obtains the immediate reward {rsw(?), rs(?),
ress(f)} based on the reward function (30). The formula for calculating the cumulative reward Reum from the period
=0 to the end of the agent learning is as follows.

T

Ry ()= yR(S'. 7, (SN + 0.7, (S) + 0,7, . (S) + ) (31
t=0
Where y is the discount factor, which determines the impact of future rewards on cumulative rewards. 7y s, 74,5 and
Tsess are the action strategies of fast charging piles, ultra-fast charging piles and ESS, respectively. o is Gaussian
noise.

The goal of the MATD3 algorithm is to find the optimal policy z so that the agent expects the maximum
cumulative reward. The state-action value function evaluates the action A(¢) of the charging pile and the ESS agent
based on the charging station information (a set of multiple groups) {S(¢), as(?), asi(t), aess(t), P, ric(t), rsi(t), ress(?),
S'(¢), v}. Seek to minimize the difference between the state-action value function Q value and the target O value.
The Bellman equation of the state-action value function is as follows.

O(S(1), A(1) = Ry (1) 7, [ R (1) 5(0),A(1)] (2)

To solve the overestimation bias of Q value in the deterministic policy gradient algorithm, the MATD3
algorithm takes the minimum value of the two evaluators when calculating the target value Q. The target value Q
approximated by the charging piles and ESS agent estimated value network is as follows.

Y, =R +ymin,_, 0 (5,7, (S) + @,7; 4 (S) + 0,7, (S) + @) (33)

Based on the policy 7, action A(f)={az(t), asi(t), aess(t)} is selected from the action space. The calculation
formula of action (power) of the charging piles and ESS agent in the policy network is as follows.
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Where agents observe state variables such as PV power, WP, SOC of the charging station and makes the optimal
action (optimal power) by the strategies 7y s, 7,5, and 7y ess. N(0,0) is the positive distribution noise; c is the noise
range.

To reduce the high variance of the target value when updating the actor, the MATD3 algorithm uses the
regularization technique of target policy smoothing. The policy gradient of agent i is as follows.

VHW J(@)=N" ZV9”¢V¢(S)Q;,[0, (S,4,.K 4y) |A{=7z¢(sl) (35)

Finally, two target network parameters are updated by soft update policy:

{H'i,n 10, +(1-7)0",,n=12 (36)

g'<—rp+(1-1)p'

The MATD3 is a centralized training and decentralized execution mode. During the training period, the two
evaluation networks of the charging piles and ESS agent observe the observable data signals in the charging station
to evaluate the action (power) of the policy network, and through continuous interactive learning, the charging piles
and ESS agent can learn the optimal intraday control policy. In the decentralized execution stage, the actor of each
agent performs decentralized tasks according to the policy, and the charging piles and ESS agent can quickly and
real-time schedule the power of the charging piles or ESS after obtaining the state of the charging piles or ESS.
Intraday scheduling algorithm of the MATD3 is shown in Table 1.

Table 1 Intraday scheduling algorithm of the MATD3

Algorithm1: Centralized training

Initialize: the two critic networks Q% o1, O 02, the network parameters 6; 1, 0;,, ¢; of the actor network for each agent i, the
experience buffer B, the model parameter of the charging station;
Assign network parameters to corresponding target network parameters;

Input: States of the charging station such as the length of the queue, WP, and PV power;
Output: Actions of the charging piles and ESS A(H)={ax(?), ast(?), aess(?)};
for episode=1, 2, ..., M do
Initialize a random process for action exploration;
Receive initial observation state;
for =1,2...Toum do
Agents of charging piles and ESS select random action A(¢)= {1:axz(), 2:asi(f), 3: aess()}, and the noise is dynamically
adjusted to explore the current deterministic policy;
Execute the action A(?), schedule power of charging piles and ESS, observe states of charging station S(¢), and calculate new
reward {re(t), rsi(?), ress(t)};
Put the experience transition (S(?), as(t), asi(t), aess(?), rie(t), ¥si(t), ress(?), S(?)) into the experience buffer B;
for agent i=1 to 3 do
a minibatch {S(?), as(t), asi(?), aess(t), P, rie(t), rsi(t), Fess(?), S(f), y} is sampled from the experience buffer for the training
of the policy network and value network.
Update target value

Yi= Ri + 7/mino:l,2 Qii,rﬁl; (S,’ 7[¢,1(S1,) + ‘9""’”¢,n’(sz;') + g)

Update critic network parameter

if t mod d then
Update action parameters by policy gradient
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end if
end for
end for
end for

Algorithm2: Decentralized scheduling

Input: Real-time states of the charging station such as the length of the queue, WP, and PV power;
Output: Real-time actions of the charging piles and ESS {a(?), as((?), acss(?)};
for =1,2...Tsum do
for agent i=1 to 3 do
Agent i {1: I, 2: L, 3: Iss} Observe state S(7);
Execute the action A(¢) ={1:as(?), 2:as(?), 3: acss(t)}, and schedule power of charging piles and ESS;
end for

end for

4 Case study

4.1 Parameter configuration

Take a highway charging station as the test case, which is with 20 charging piles, including a wind farm, a
photovoltaic power generation, and an ESS. The 20 charging piles are subdivided into 16 ultra-fast charging piles
and 4 fast charging piles. By using the data of EVs entering a highway charging station and the power data of a
wind farm and a photovoltaic power generation, the effectiveness and feasibility of the proposed method are verified.
The highway charging station layout is shown in Fig. 7, the system parameters are shown in Table 2. The power of
a typical PV and wind farm are used for the data in the experiments. The 24-hour PV and WP are shown in Fig. 8.
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Fig.7. The highway charging station layout

Table.2. system parameters



Values Parameters Values

Parameters
Neum 20 Tovmax (h) 2
Pyt min/ Ppi rated/ Pp2,min/ Ppo.rated (kW)  40/120/80/200 Pes rated (kW) 3000
Capacity of the ESS (MWeh) 6 C: (kWeh) 100
Initial SOC of ESS 0 Ces (CNY/kWeh) 0.1
Mcoa (kg/kWeh) 0.785 Cover CNY/kKWeh) 015
SOCesmax/SOCes min 0.95/0 ¢ (CNY/kWeh) 0.505
Hes 0.96 ¢ (CNY/kWeh) 02
Ty/min(day-ahead) 60 Tsum’h 23
Ty/min(intra-day) 15 Praedave (kW) 136
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5 4.2 Analysis of training results
6 The study uses the traffic flow of an actual highway as experimental data. The input of the prediction model is the
7 traffic flow data for the past four days, recorded every hour for 24 hours, and the output is the traffic flow of day ¢+1. The
8 study compares the prediction results of the LSTM, BiLSTM, and CNN-BiLSTM models and presents the results in Fig.
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Fig.9. Prediction of vehicle traffic

After many experiments, the hyperparameter of algorithm training was determined (the TD3 and MATD?3 share
this hyperparameter), as shown in Table 3. The structural design of critic network and actor network of the algorithm

is shown in Fig. 10.

Table 3 Hyperparameters of algorithm training

Hyperparameters Values Weights Values
Training number 500 ol 1
Batch number 512 o 10
Capacity of the experience buffer ~ 1x10° 03 1
Discount factor 0.99 b 1
Learning rate 0.01 b 10
Optimizer Adam b3 1
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T e Rel2 T -
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a Structure of critic network b Structure of actor network

Fig.10. Structure of the algorithm network

To ensure the training effect, the agent conducts 500 trial-and-error training. According to the objective
function of intra-day scheduling, the global reward Jrr of the MATD3 and TD3 algorithms are shown in Fig. 11. As
can be seen from Fig. 11, the MATD?3 algorithm began to converge after the 100th generation, and the global reward
was 7.44x10° in the 500th generation, which was significantly higher than the 7.28%10° of the TD3 algorithm. At
the same time, the global reward fluctuation of the MATD?3 algorithm is smaller than that of the TD3 algorithm after
the 100th convergence. It shows that the MATD3 algorithm has better optimization effect and stability than the TD3

in the complex scheduling problem of the highway charging station.
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Fig. 11. Global reward

4.3 Analysis of simulation experiment

During the day-ahead stage, traffic flow and load for the next 24 hours are predicted. Optimization results for
the next 24 hours are then generated based on the pre-day optimization objective, with a time scale of 1 hour. In the
same environmental conditions, the results of a day-ahead experiment with price incentives are compared with the

results of an experiment without price incentives.

L

L

|
)

S o o o o
A N O N B

L

Incentive prices

L

| |
e Q<
(o] N

|
—_
(=]

T T T T T T T

10 12 14 16 18 20 22 24
Hours

=
[\
N
(o)}
[oe}

Fig. 12. Incentive price

60 —— Arrivals | —— Armrivals |
_‘—l_ departures 40 departures
v o 1 IL
L ” Al—,_r_%__]—
—

Number

=

j =
IL‘_‘

0 0
30 -

= =

s €20

g’zo 2

o o

210 g 10

& &
01 0

E«;“ % 0.05

G G

g 2 0.00

<10 3

£ e

z. z

o
|
g
=3
by

—l_\_
6 18 20 22 2

2 4 6 8§ 10 12 14 1

11
12
13

2% L

Z15 15

5 2

H 2

£10 £10

HE £

z Z

0 2 4 6 8 10 12 14 16 18 20 22 24 0 4
Hours Hours
a Without the optimal price incentives b With the optimal price incentives

Fig. 13. Number of arrivals, departures, queue, spillage and charging piles in use



© 0 N O o b W

NN NNRNNR R PR B2 B b
2 W NRE, O OOWwW~NO O~ wNIERO

25

Table.4 Day-ahead evaluation indicators

Methods Koaum/CNY Spw E/kg Number of spillage
Day-ahead scheduling 38004 85.83% -4441 130
Day-ahead scheduling with the optimal price incentives 70471 88.04% -6753 0

The incentive price is shown in Fig. 12. The number of arrivals, departures, queue, spillage and charging piles
in use with or without price incentives are shown in Fig. 13. The evaluation indexes of day-ahead scheduling are
shown in Table 4. It can be seen from Fig. 13 that during 5 to 19h, the number of spillage is greater than 0 or even
more than 20 without price incentives, and the number of spillage is 0 with price incentives. Moreover, it can be
seen from Table 4 that the number of spillage in 24 hours without price incentives is 130, and 130 EVs that need
to be charged cannot enter the charging station, leading to full parking in charging stations and even parking in
emergency lanes. Under the price incentives, the number of overflows in 24 hours is 0, and there is no situation
that the highway charging station is full.

As can be seen from Table 4, Revenue Kunm=70471CNY and self-consumption rate S,w=88.04% with price
incentives are significantly higher than Kswn=38004CNY and self- consumption rate S,w=85.83% with no price
incentives, and the carbon emission E.=-6753kg is 2312kg less than the £.=-4441kg without price incentive. The
results show that under the price incentives, there is no full parking of highway charging station, the revenue is
increased, the energy self-cycling in the station is realized, and the carbon emission in the station is 0, providing
clean energy for the power grid. If the energy loss is not considered, the external carbon emission is reduced by
7476kg.

In the intra-day stage, the MATD?3 controls the power of the charging piles and ESS according to the set reward
function (the time interval is 15 minutes). Run simulation experiments in the same environment variables. To verify
the effectiveness and optimality of the proposed method, it is compared with the average allocation without the
PV-WP-ES, average allocation with the PV-WP-ES, optimal method based on the day-ahead price incentives, and
optimal method based on the day-ahead price incentive and TD3 algorithm (TD3 algorithm). The solution
algorithm of the optimal method based on the day-ahead price incentives is the Whale optimization algorithm
(WOA).
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Fig. 14. Number of arrivals, departures, queue, spillage and charging piles in use

In the intra-day stage, the number of arrivals, departures, queue, spillage and charging piles in use with or
without price incentives are shown in Fig. 14. Due to the difference between day-ahead (1h) and intra-day (15 min)
time scales, and the day-ahead calculation is based on the predicted data of traffic flow while the intra-day
calculation is based on the actual data, the number curves in Fig. 13 and Fig. 14 are different. As can be seen from
Fig. 14, there is no full parking of charging station with optimal price incentives of latter three methods.

The charging power of charging piles with different methods is shown in Fig. 15.

— Pile0 — Pile0
—— Pile1 — Pilel
173 —— Pile2 175 —— Pile2
150 — Pile3| 5 — Pile3
= =
z Z
TS T 125
5 5
H H
£ 100 £ 100
B =
£ £
2 75 2 75
5 5
= E
© 50 © 50
25 25
120 —— Pile4 120 — Pile4
~—— Pile5 ~—— Pile5
~—— Pile 6 ~— Pile 6
100 — Ppile7 100 — Pile?
~—— Pile8 ~— Pile8
= — Pile9 § —— Pile9
§ 80 Pile 10 < 80 Pile 10
5 — Pile 11 4 —— Pile 11
2 60 Pile 12 2 60 Pile 12
Ed —— Pile 13 2 —— Pile 13
2 —— Pile 14 2 —— Pile 14
5 40 — pile1s| & 40 —— Pile 15
— Pile 16 ~— Pile 16
20 —— Pile 17 20 —— Pile 17
— Pile 18 ~ Pile 18
— Pile 19 —— Pile 19
w i
G I I 2 G I ] s

a Average allocation with the PV-WP-ES b Optimal method based on the day-ahead price incentives



N

(2 F

200 — Pile0|  200f— Pile 0
—— Pile 1 Pile 1
=) —— Pile2 < Pile 2
Z 150 pies| 2150 Pile 3
£ 100 £ 100
2 2
=y Ed
£ 50 Z 50
O O
0 0
120 —— Pile4 120 ~—— Pile4
= Piles Fr -~ Pile5
—— Pile6 T ’J W —— Pile6
100 —bier | 100 L — e
= —— Pile8 = —— Pile8
X —— Pile9 IS — — Pile9
:\;/ 80 Pile 10 5 80 T ﬁ‘m Pile 10
z — Pilell z LT [~ — Pile1l
2 60 g Pile 12 £ 60 L il L Pile 12
o T ~— Pile 13 20 J’ ':::{ —— Pile 13
g HH — Pile 14 g - [ — Pile 14
\?é) 40 ~— Pile 15 %ﬂ 40 ~ Pile 15
= —— Pile 16 = —— Pile 16
o — Pile 17 o —— Pile 17
20 — Pile 18 20 — Pile 18
— Pile 19 — Pile 19
0 L | 0 U b —
6 12 18 24 6 12 18 24
Hours Hours
¢ TD3 algorithm d The proposed method

Fig. 15. Charging power with different methods
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The total charging power and grid-connected power with different methods are shown in Fig. 16 and Fig. 17.
If the power on the grid-connected side is greater than 0, the power is purchased from the grid; if the power is less
than 0, the power is transmitted to the grid. As can be seen from Fig. 17, at 19~21h, the grid-connected power of
the proposed method is zero, and electricity isn't purchased from the grid. The grid-connected power of the other
methods is greater than zero, and buy electricity from the grid. It shows that the proposed method can better use the
output of the charging station to fill its demand and reduce the external input. At 14~19h and 22~23h, the grid-
connected power curve of other methods is higher than that of the proposed method, which indicates that the

proposed method can output more clean energy to the grid.
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Fig. 18. Charging power of the ESS with different methods
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Fig. 19. SOC of the ESS with different methods
Table.5 Overall evaluation indicators
methods Kaum/CNY  Cioss /CNY  Total revenue/CNY Spw E/kg
Average allocation without the PV-WP-ES 9386 0 9686 0 36840
Average allocation with the PV-WP-ES 37767 10691 27076 87.72%  -10462
Optimal method based on the day-ahead price incentives 64366 10897 53469 93.58% -14190
TD3 algorithm 64571 2123 62448 93.55% -14821
58323 2109 56214 96.71% -16245

The proposed method
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The power and SOC of the ESS under different methods are shown in Fig. 18 and 19. The overall evaluation
indicators are shown in Table 5. Combined with Table 5 and Fig. 18, it can be seen that compared with other methods,
the total revenue of Average allocation without the PV-WP-ES is only 9686 CNY, and the income of traditional
highway charging stations is only the difference between charging fee and purchase electricity fee, with a low return
rate. At the same time, it can be seen from Fig. 18 that the operation of traditional highway charging stations without
the PV-WP-ES relies on the power grid. In the weak highway power grid, this method has weak anti-risk ability.
From several other approaches, highway charging stations with the PV-WP-ES make up for this deficiency. The
total revenue of the proposed method based on the MATD3 =56214 CNY, is significantly greater than that of other
methods, and the revenue of charging stations is greater. At the same time, the self-consumption rate of S,w=96.71%
of the proposed method is higher than other methods, and the self-production and self-marketing ability is stronger,
and the dependence on the power grid is weaker. Therefore, the proposed method based on optimal decision of the
MATD?3 can better utilize the scheduling EV charging and the charging and discharging of the ESS to achieve self-
consumption.

It can be seen from Fig. 19 and Table 5 that the SOC curve of the ESS of the proposed method based on the
MATD?3 is at the boundary for a shorter time than that of other methods at 9~12h and 21~22h. At the same time,
among other methods, the battery loss cost of the proposed method Cioss=2109 CNY is the smallest, which indicates
that the proposed method tries to control the ESS to avoid over-discharge and reduce the loss of the battery. As can
be seen from Table 5, among other methods, the proposed method based on the MATD3 has the smallest carbon
emission EF.~-16245kg, which indicates that the proposed method based on the MATD?3 realizes the carbon emission
in the station is 0, and provides clean energy for the power grid, reducing the external carbon emission by 16245kg.
Although the total revenue of other methods is higher than that of the proposed method, the higher part is from the
charging income, but the difference is small. For example, the total revenue of TD3 and the proposed method is
only 9% difference. Meanwhile, the two indicators of carbon emission and self-consumption rate are better than
other methods. The reason is that the proposed method based on the MATD?3 sacrifices a small portion of charging
revenue through multi-agent games, in exchange for the improvement in carbon emissions and self-consumption
rate, reducing dependence and pressure on the power grid and achieving global optimality.

In summary, the proposed method based on the MATD3 algorithm transforms the original complex multi-
objective nonlinear non-convex problem into a multi-agent MGM model, greatly reducing the complexity of the
optimization model and helping the solving algorithm to find the optimal strategy. At the same time, the proposed
method based on the MATD3 algorithm finds the globally optimal solution that balances self-consumption, low
carbon, economy, and damage reduction through the game between different charging piles and ESS.

To verify the advantages of the proposed method in terms of computational efficiency, it is compared with the
WOA, centralized MATD3, and agent modeling based on the number of objects. The decision time with different
methods is shown in Table 6.

Table.6 Decision time with different methods

Methods WOA Centralized MATD3  Agent modeling based on the number of objects ~ The proposed method
Decision time/s  1026.437 2.023 10.142 1.781

As can be seen from Table 6, the decision time =1026.437s of the WOA population-based optimization
algorithm is significantly longer than that of these MADRL algorithms. In the intra-day stage, the population-based
optimization algorithms must continuously iterate to find the optimal value. The MADRL algorithm makes
decisions directly from the learned policy, without taking the learning process into account. Therefore,
reinforcement learning has higher computational efficiency. The decision time of the proposed method =1.781s is
shorter than that of other methods. This shows that the proposed method improves the computational efficiency of

the algorithm by reducing the number of agents based on the type of control object and a centralized training and
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decentralized execution mode.

5 Conclusion

Aiming at the existing problems of charging station scheduling, an optimal self-consumption scheduling of the
renewable energy charging station on highways based on the MATD3 is proposed. The PV, WP, and ESS are
combined with the charging station to reduce the dependence and pressure on the power grid. The power of the
charging piles and ESS are flexibly scheduled by MATD3 to realize self-sustainability and self-consumption of the
renewable energy charging station on highways. By MATD3's ability to deal with the randomness of the
environment and multi-agent cooperation, the complex multi-agent and multi-objective scheduling non-convex
problems in the charging station are solved, and the generalization and solving ability of the system is improved.
Through simulation experiments, compared with other methods, the self-consumption rate of the proposed method
can reach 96.71%, and the carbon emission can reach -16245 kg. The proposed method can efficiently utilize the
resources in the station to achieve economy and low-carbon operation and resist risk ability. Future research will
focus on how to ensure system stability and security in the trial-and-error training process of deep reinforcement

learning, and how to maximize the training effect of agents at acceptable costs of trial-and-error.
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