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Abstract——Joint operation optimization for electric vehicles 
(EVs) and on-site or adjacent photovoltaic generation (PVG) 
are pivotal to maintaining the security and economics of the op‐
eration of the power system concerned. Conventional offline op‐
timization algorithms lack real-time applicability due to uncer‐
tainties involved in the charging service of an EV charging sta‐
tion (EVCS). Firstly, an optimization model for real-time EV 
charging strategy is proposed to address these challenges, which 
accounts for environmental uncertainties of an EVCS, encom‐
passing EV arrivals, charging demands, PVG outputs, and the 
electricity price. Then, a scenario-based two-stage optimization 
approach is formulated. The scenarios of the underlying uncer‐
tain environmental factors are generated by the Bayesian long 
short-term memory (B-LSTM) network. Finally, numerical re‐
sults substantiate the efficacy of the proposed optimization ap‐
proach, and demonstrate superior profitability compared with 
prevalent approaches.

Index Terms——Bayesian neural network, charging strategy, 
electric vehicle (EV), long short-term memory (LSTM), scenar‐
io analysis.

NOMENCLATURE

A. Indices

i Index for samples of dataset, i = 12D
j Index for samples of scenarios, j = 12K

m Index for minibatches, m = 12M
n Index for electric vehicles (EVs), n = 12N
s Index for truncated sequences, s = 12S
t Index for time periods, t = 12T

B. Uncertainties
ct Real-time electricity price at time t (¥/kWh)
N A

t Number of EV arrivals at time t
P PV

t Real-time power of photovoltaic generation 
(PVG) output at time t (kW)

SOC E
n Requested state of charge (SOC) of the nth EV 

at the end of charging
SOC I

n Initial SOC of the nth EV
T A

n Arrival time of the nth EV
T D

n Departure time of the nth EV
Ut Set of uncertainties at time t 

C. Decision Variables

Pnt Charging/discharging power of the nth EV at 
time t (kW)

P t Vector of charging power of all EVs in EV 
charging station (EVCS) at time t

P ( j)
t Vector of charging power of all EVs in the jth 

scenario at time t

D. States

SOCnt SOC of the nth EV at time t (kWh)
SOCt Vector of SOCs of all EVs in EVCS at time t

E. Parameters of Bayesian Long Short-term Memory (B-
LSTM) Network

δ Auxiliary random vector
α Learning rate
ε Convergence parameter
θ Distribution parameter vector of weights and 

biases of B-LSTM network, comprising mean 
(μ) and variance (ρ)

B Bias vector of a fully-connected layer in B-
LSTM network

Ct State vector of LSTM cells at step t
g F

t g
I
t g

O
t Output vectors of forget gate, input gate, and 
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output gate of LSTM cell at step t
Ht Output vector of LSTM cells at step t
M Number of samples contained in a minibatch 

for training LSTM network
S Length of truncated sequence for training 

LSTM network
W Weight matrix of a fully-connected layer in B-

LSTM network
x t Input vector of B-LSTM network at step t
yt Output vector of B-LSTM network at step t

F. Sets and Vectors

Dm,s Data vector of the sth truncated sequence in the 
mth minibatch, formulated as Dms =
[ x1y1x2y2xTyT ]

Dm Dataset of the mth minibatch formulated as 
Dm = {Dm1Dm2DmS}

D Dataset of minibatches formulated as D =
{D1D2DM}

It Set of EVs receiving charging service in 
EVCS at time t

Lt Set of EVs completing charging and leaving 
EVCS at time t

T t Time information vector at time t
w Parameter vector of forecast model, including 

weights and biases
W M

t Meteorological information vector at time t

G. Other Parameters

Dt Length of a time interval
β Ratio of electricity price sold to EVs and pur‐

chased from distribution network by EVCS
ηc, ηd Charging and discharging efficiencies of EV 

chargers
cEV Benefits of EVCS from selling electricity to 

EVs (¥/kWh)
cP

t Peak shaving incentive at time t (¥/kW)
cV

t Valley filling incentive at time t (¥/kW)
P EVCS

tmax Cap on charging power of EVCS due to pow‐
er grid operation constraints at time t (kW)

P EV
max The maximum charging power of charging 

piles (kW)
Qnt Charging/discharging energy of the nth EV at 

time t (kW)
QEV

n Battery capacity of the nth EV

Rt Reward received by EVCS at time t
SOCmax, The maximum and minimum SOCs of EVs
SOCmin

I. INTRODUCTION 

WITH recent advances in electric vehicle (EV) batter‐
ies and charging technologies, EVs play an increas‐

ingly important role in reducing the consumption of fossil fu‐
els and the emission of carbon dioxide [1], [2]. However, an 

extensive integration of EV charging loads to a distribution 
network (DN) may result in adverse effects to the DN, e.g., 
increased peak-valley difference in the power grid and en‐
hanced cost of power transmission losses [3], which may in‐
directly impede the promotion of EVs and the implementa‐
tion of the zero-carbon target. These adverse impacts, howev‐
er, can be mitigated by optimizing the EV charging strategy 
in an EV charging station (EVCS) [4].

Developing an optimal EV charging strategy is a viable 
solution to maintain the security of the power grid and in‐
crease renewable energy utilization with a high penetration 
of EVs. However, faced with stochastic traffic conditions 
[5], various habits of EV users [6], and dynamic energy pric‐
es and renewable energy generation outputs [7], it is chal‐
lenging to efficiently optimize the EV charging/discharg‐
ing [8].

To formulate EV charging scheduling as a stochastic opti‐
mization problem, a real-time optimization scheduling meth‐
od that emphatically considers uncertain traffic flows of EVs 
is proposed using the well-developed model predictive con‐
trol (MPC) in [9] and [10]. In a similar manner, the MPC is 
used to depict uncertain charging behaviors of EV users for 
developing a real-time EV charging strategy in [11]. A two-
stage management framework for an island microgrid consid‐
ering renewable intermittency at the day-ahead time scale is 
proposed in [12]. However, due to unavoidable forecasting 
error, the EV charging scheduling obtained by the MPC may 
be far from the optimal one.

Recently, the model-free reinforcement learning (RL) ap‐
proaches have achieved great success in dealing with prob‐
lems with high-dimensional EV data and uncertainties [13], 
[14]. The charging scheduling problem is solved using Q-
learning in [15]. A reward table is employed to estimate the 
optimal action-value function by discretizing the charging/
discharging actions. A neural network (NN) based deep Q-
learning (DQN) is utilized for overcoming the downside of 
using a Q-table [16]. A probability-based optimal EV charg‐
ing strategy integrated with a DQN algorithm is developed 
for an EV aggregator (EVA) in [17]. However, the dimen‐
sionality of the inputs to the Q-network is fixed [18], which 
implies that the charging features of EVs dynamically arriv‐
ing at the EVCS cannot be used as inputs to the DQN. 
Some studies address the issue by utilizing the aggregated 
features of EVCS rather than the specific features of each 
EV as input such as the total charging demand of EVCS 
[19], which are less efficient at extracting valuable informa‐
tion from the available data compared with model-based ap‐
proaches.

Scenario analysis is a popular model-based approach to ad‐
dress the uncertainties involved in the EV charging schedul‐
ing problem. A scalable method is proposed in [20] to cater 
for uncertain traffic flows by extracting the expected overall 
cost using the Monte Carlo simulation. A dynamic method is 
proposed in [21] to forecast the renewable energy future in 
Germany by using a multi-scenario probability approach. 
Each candidate solution is evaluated with respect to various 
scenarios and the objective function is then obtained by 
weighting the evaluation results according to the probabili‐
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ties of the considered scenarios. However, these methods 
manifest the superiority in an optimal real-time charging 
strategy only when they can well model the environmental 
uncertainties. Moreover, they may not be suitable for the op‐
timization of real-time EV charging strategy due to heavy 
computational burden when traditional statistical methods 
are employed to build scenarios.

With the development of the Bayesian neural network 
(BNN) [22], the performance of model-based approach could 
be promoted by robustly learning the dynamic nature of an 
environment. Following this approach, an optimization mod‐
el for real-time EV charging strategy is proposed based on 
scenario analysis. The uncertain environmental factors in var‐
ious scenarios including photovoltaic generation (PVG) out‐
put, electricity prices, and EV charging demands are forecast‐
ed based on the Bayesian long short-term memory (B-
LSTM) network. The main contributions of this paper in‐
clude three aspects.

1) Based on the analysis of EV charging process, an opti‐
mization model for EV charging strategy is formulated for 
an EVCS considering uncertain environmental factors such 
as EV arrivals, EV charging demands, PVG outputs, and 
electricity prices.

2) A scenario-based two-stage optimization approach is 
proposed to devise farsighted real-time EV charging strate‐
gies to increase the expected profitability with these uncer‐
tainties.

3) The B-LSTM network is applied to forecast some un‐
certain environmental factors with randomness for an EVCS, 
aiming to generate typical scenarios in support of the pro‐
posed optimization approach.

The remainder of this paper is organized as follows. The 
optimization model for EV charging strategy is formulated 
in Section II. The proposed optimization model is solved by 
a scenario-based two-stage optimization approach in Section 
III. Then, the B-LSTM network is employed in Section IV 
as the stochastic forecast functions to forecast some uncer‐
tain environmental factors. In Section V, numerical simula‐
tions are carried out to demonstrate the effectiveness of the 
proposed optimization approach. Finally, this paper is con‐
cluded in Section VI.

II. FORMULATION OF OPTIMIZATION MODEL FOR EV 
CHARGING STRATEGY 

The optimization of EV charging strategy in this paper pri‐
marily targets EVs with extended parking durations, typical‐
ly found in workplace and residential areas. These EVs tend 
to remain parked for considerably longer periods than re‐
quired for a full charge at their rated power, indicating a 
high potential for adjustment. The process for an EV to re‐
ceive charging service provided by such an EVCS is shown 
in Fig. 1. Each parking spot at the EVCS is assumed to be 
connected to the charging network through a charging port. 
When the nth EV arrives at the EVCS, the EVCS records its 
arrival time T A

n . The EVCS also records the initial state of 
charge (SOC) of EV battery SOC I

n. The driver then announc‐
es the departure time T D

n , when the charging service would 
be completed with an expected SOC SOC E

n . The driver then 

surrenders charging control to the EVCS and may wait or 
leave for personal reasons [23]. When the charging service 
finishes at T D

n , the nth EV leaves the EVCS.

The EVCS purchases electricity from a DN to supply the 
EV charging demands. Depending on the requested charging 
duration of the nth EV, which is T D

n –T A
n , the EVCS decides 

its charging strategy. For example, if the charging duration is 
short, fast charging with the maximum power may be need‐
ed, which may have a negative impact on the DN. If the 
charging duration is much longer, it is possible for the 
EVCS to maximize its profit by delaying the charging to the 
hours when the electricity price is expected to be lower.

Figure 2 is a Gantt chart that illustrates the charging dura‐
tions of EVs at the EVCS. Each bar represents the charging 
duration of an EV, starting at time T A

n  and ending at T D
n  for 

the nth EV. At each time t, EVs are in different statuses. It re‐
cords the EVs that are still under charging at time t, while Lt 
tracks the EVs that have just finished charging and are go‐
ing to leave the EVCS. The two sets are defined as: It =
{n |T A

n £ t < T D
n } and Lt = {n | t = T D

n }. Taking Fig. 2 as an ex‐

ample, we have It = {234} and Lt = {1}.

EV

arrives

at EVCS

EVCS

DN

PVG

EV reports

information of

departure 

time, current

battery SOC,

and requested

charging

demand to

EVCS

Charging management system

Charging network

Charging power of each

EV is determined by

charging strategy of EVCS

EV

completes

charging

and leaves

EVCS

EV parks at a parking

spot connected to charging

network and surrenders charging

control to EVCS

Electricity price

information and

PVG output

…

Fig. 1.　Process for an EV to receive charging service provided by EVCS.
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Fig. 2.　Gantt chart illustrating charging durations of EVs at EVCS.
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The EVCS determines the charging power Pnt for each 
EV at time t based on the information of electricity price ct 
and PVG output P PV

t  at time t. Meanwhile, the following 
constraints regarding the SOC of the nth EV at time t during 
the charging process, denoted by SOCnt, need to be tracked 
for all nÎ It.

Qnt =
ì
í
î

ïï
ïï

ηc PntDt Pnt ³ 0

PntDt ηd Pnt < 0
(1)

SOCmin £ SOCnt + Qnt QEV
n £ SOCmax

(2)

∑
nÎ It

Qnt Dt -P PV
t £P EVCS

tmax (3)

Qnt + (T D
n - t - 1) P EV

maxDt ³QEV
n (SOC E

n - SOCnt ) (4)

SOCnt + 1 = SOCnt + Qnt QEV
n (5)

Formulas (1) and (2) prevent the nth EV from being over-
charged or over-discharged. Formula (3) represents the secu‐
rity constraints of the DN integrated with the EVCS, includ‐
ing voltage constraints and transformer capacity constraints, 
etc., which are simplified as the sum of charging power of 
the EVCS being within the cap on the charging power of the 
EVCS. Formula (4) ensures that the expected SOC could be 
achieved when the EV leaves the EVCS with the maximum 
charging power. Formula (5) describes the transition of the 
SOCs of these EVs. In particular, for the EVs arriving at the 
EVCS at time t, their SOCs are the initial states the EVCS 
recorded.

At time t, the EVCS collects revenue when each charging 
service is completed, i.e., at T D

n  for the nth EV. Therefore, the 
reward that the EVCS receives from charging service R′t at 
time t is composed of three parts, as shown in (6).

R′t(P t ) =∑
nÎ Lt

[ ]cEVQEV
n ( )SOC E

n - SOC I
n -

ct ×max
é

ë

ê
êê
ê
ê
ê(∑nÎ It

Pnt -P PV
t )Dt0

ù

û

ú
úú
ú
ú
ú
+ βct ×max

é

ë

ê
êê
ê
ê
ê(P PV

t -∑
nÎ It

Pnt )Dt0
ù

û

ú
úú
ú
ú
ú

(6)

The contents of the first bracket in (6) represents the fee 
collected at the end of each charging service. The second 
and last parts measure the electricity purchasing cost and 
selling revenue from and to the DN at time t considering the 
PVG output, respectively.

In addition, EVCSs can also gain more revenue by provid‐
ing ancillary service. Demand response helps grid operators 
manage peak demand, reduce the need for additional power 
generation, and enhance grid reliability. Generally, the grid 
operator provides timing and price signals to EVCSs partici‐
pating in demand response in a variety of ways (e.g., e-mail, 
short messaging, or automated alerts). EVCS operators will 
be compensated based on the amount of electricity they use 
or supply during the demand response, as formulated in (7).

Rt(P t ) =R′t(P t ) + cP
t ×max

é

ë

ê
êê
ê
ê
ê(P PV

t -∑
nÎ It

Pnt )Dt0
ù

û

ú
úú
ú
ú
ú
+

cV
t ×max

é

ë

ê
êê
ê
ê
ê(∑nÎ It

Pnt -P PV
t )Dt0

ù

û

ú
úú
ú
ú
ú

    (7)

The expected value of long-term profit needs to be consid‐
ered in optimizing the charging strategy of EVCS, so one 
must consider the underlying uncertainties, including the fu‐
ture charging demands (T A

n , T D
n , SOC I

n, and SOC E
n ), PVG out‐

puts, and electricity prices. This stochastic optimization prob‐
lem can be described as a multi-stage decision-making prob‐
lem as:

Vt(SOCt ) = max
Pt

[ ]Rt(P t ) +EUt + 1( )Vt + 1(SOCt + 1 ) (8)

To simplify notations, let SOCt = [SOCnt| nÎ It ], and P t =

[ Pnt| nÎ It ]. It should be noted that since the number of 

EVs at EVCS is constantly changing, the dimensions of 
SOCt and P t are also dynamic.

Given the current operational and market states SOCt at 
time t, Vt(SOCt ) represents the expected total profit for the 

EVCS over the remaining period of assessment; and EUt + 1
 

represents the expectation operator with respect to the uncer‐
tainties Ut + 1. Formula (8) can be applied by the EVCS on a 
rolling horizon basis.

III. SCENARIO-BASED TWO-STAGE OPTIMIZATION APPROACH 
FOR EV CHARGING STRATEGY 

A. Formulation of Two-stage Optimization Approach

Instead of tackling the multi-stage decision-making prob‐
lem formulated in (8), we formulate a two-stage optimiza‐
tion approach to approximate (8), in which the first stage is 
the current period (t = 0), and the second stage covers all re‐
maining periods (t ³ 1). The approximate formula for (8) is 
expressed as:

ì

í

î

ïïïï

ïïïï

V *
0 ( )SOCt » max

P0Pt

é

ë

ê
êê
ê ù

û

ú
úú
ú

R0( )P0 +E ( )∑
t = 1

T

Rt( )P t ; Ut

s.t. (1)-(4)

(9)

Note that in (9), we have explicitly shown the set for un‐
certainties Ut as arguments of the reward function Rt be‐
cause now we are dealing with the uncertainties. Our ap‐
proach is to generate many (K) scenarios for the uncertain 
environmental factors {U ( j)

1 U ( j)
2 ...U ( j)

T } j = 12K. To 

further solve the two-stage problem, (9) can be reduced to a 
deterministic and multi-period EV charging problem, as ex‐
pressed in (10), since all future uncertainties U ( j)

t  in the j th 
scenario can be known.

V *
0 (SOCt ) » max

P0P
( j)
t

é

ë

ê
êê
ê ù

û

ú
úú
ú

R0( )P0 +
1
K∑j = 1

K ( )∑
t = 1

T

Rt( )P ( j)
t ; U ( j)

t     (10)

Formula (10) involves a maximum operation in (7), i.e., 

max
é

ë

ê
êê
ê
ê
ê(∑nÎ It

Pnt -P PV
t )Dt0

ù

û

ú
úú
ú
ú
ú
, which is a nonlinear term. The 

nonlinear term in (7) can be easily converted into a mixed-
integer linear function by a piecewise linear approximation 
algorithm [24]. The whole problem then can be solved by a 
commercial solver such as YALMIP with CPLEX.
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B. Generating EV Charging Scenarios Based on Probability 
Forecasts

Considering the future environmental uncertainties, how 
to obtain these scenarios {U ( j)

1 U ( j)
2 U ( j)

T } in (10) is the 

key to attain the accurate solution of the two-stage problem. 
The uncertain variables in one scenario include the number 
of EV arrivals N A

t , the PVG outputs P PV
t , and the electricity 

price ct. Moreover, the demand information of EV arrival, in‐
cluding their initial SOC SOC I

n, expected SOC SOC E
n , and 

departure time T D
n , is also included in each scenario. Most 

existing scenario generation methods are directly approximat‐
ing the probability distributions of the variables based on his‐
torical data [25]. While the probability distributions of some 
variables may be estimated purely based on historical data, 
they may be better forecasted based on their influencing fac‐
tors. For example, PVG outputs depend on weather, and EV 
charging demand varies from weekdays to weekends and 
workdays to holidays.

In this paper, we identify variables and their influencing 
factors, including the time information T t (year, month, day, 
hour, and a binary variable indicating whether it is a work‐
day) and meteorological information W M

t  (weather, tempera‐
ture, humidity, and wind strength), to construct a forecast 
function for forecasting the probability distributions of these 
uncertain variables in the future.

While these uncertain variables can be forecasted given 
sufficient data for training, they only provide point esti‐
mates. To avoid making overly confident forecasting and fur‐
thermore to produce random samples for the proposed opti‐
mization approach, it is more desirable that the outputs of 
the forecast function are probability distributions rather than 
fixed values.

Parameters in the stochastic forecast function are no lon‐
ger a set of determined values obtained by training, but a set 
of random variables satisfying the probability density func‐
tion q (w ) [26]. We can build stochastic forecast functions 
for each uncertain variable to approximate their future val‐
ues from t + 1 to t + T, as shown in (11).

(yt + 1yt + 2yt + T )=

f (T tT t + 1T t + TW
M

t W M
t + 1W M

t + T; w ) w~q (w )
     (11)

where the deterministic parameters w are randomly sampled 
based on the probability density function q (w ).

Figure 3 illustrates the process of generating EV charging 
scenarios. Firstly, the time and meteorological information 
from the past T time periods are input into the stochastic fore‐
cast functions, enabling the forecasting of electricity prices 
ct + 1ct + 2ct + T, PVG outputs P PV

t + 1P
PV
t + 2P PV

t + T, and the 
number of EV arrivals N A

t + 1N
A
t + 2N A

t + T in the subsequent T 
time periods. For the forecasted N A

t  EVs at time t, the forward 
propagation process in B-LSTM network is executed N A

t  times 
to forecast the initial SOC, expected SOC, and parking time, 
obtaining the charging demands for all N A

t  EVs. Since the pa‐
rameters in B-LSTM network are random variables, the distri‐
bution of charging demands for N A

t  EVs can be forecasted 
with multiple executions. So far, a typical scenario is obtained.

The process described in Fig. 3 can be used repeatedly to 
generate scenarios for formula (10). What remains to show 
is how the stochastic forecast function f (×) is designed to gen‐
erate random scenarios of the uncertain environmental fac‐
tors, which will be detailed in Section IV.

IV. DEVELOPING STOCHASTIC FORECAST FUNCTIONS BASED 
ON B-LSTM NETWORKS 

A. Probabilistic Forecast Model Based on B-LSTM Networks

A classical forecast model is often constructed as a neural-
networks (NNs) based regression model [27], [28]. The non‐
linear relationship between the inputs (time and meteorologi‐
cal information) and outputs (forecast values in the future) 
can be fitted by NNs. In this paper, the underlying environ‐
mental uncertainties preserve some temporal correlations, 
which means the outputs at each time step depend not only 
on current inputs but also on previous states. The relation‐
ships of hidden layers at different steps are established in re‐
current neural networks (RNNs), where the historical memo‐
ries of hidden layers are transmitted to consider past states, 
namely, the values of the hidden layers at the current step 
are related not only to the input at the current step but also 
to the values of the hidden layers at the previous steps. 
LSTM networks are further applied to deal with the vanish‐
ing and exploding gradient problems of standard RNNs 
when learning long-term temporal dependencies [29], [30].

The structure of an LSTM lower cell is illustrated on the 
lower left sides, as shown in the blue dashed box in Fig. 4. 

Time and

meteorological 

information

Stochastic forecast function:

(yt+1, yt+2,…, yt+T)=

        f(Tt,Tt+1,…,Tt+T,Wi    ,Wi+1,…,Wi+T;w)    w~q(w)M M M

Future electricity price

(ct+1, ct+2,…, ct+T)

Future PVG output

(Pt+1, Pt+2,…, Pt+T)PV PV PV

Future number of  EV

arrivals (Nt+1, Nt+2, …, Nt+T)A A A

Execute Nt  iterations
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to forecast EV charging 

demand at each time t

A

EV Charging
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In Fig. 4, the superscripts U and L represent the LSTM 
upper and lower cells, respectively. The key to an LSTM net‐
work includes a series of cell states Ct, which can maintain 
information for a long period of time. Unlike in RNNs 
where values of hidden layers are all updated, the cell states 
of an LSTM network can be either newly integrated, forgot‐
ten, or output, depending on the current input and the output 
at the previous moment.

The effects of past states and current inputs on the cell 
states are modulated by an intermediate gate, which is com‐
posed of a neuron with a sigmoid activation function. The in‐
termediate gate produces a vector with values between 0 and 
1, multiplied by the information to optionally filter the infor‐
mation. The intermediate gates in an LSTM cell contain a 
forget gate, an input gate, and an output gate, with each of 
them processing input/output following (12), where the su‐
perscripts are omitted for simplicity. The outputs of the gate 
function could be obtained through the element-wise sig‐
moid transformation of the sum of the weighted input and 
the weighted hidden state with the bias vector added.

g t = σ (W ×× [ H t - 1x t ] +B) (12)

where [ H t - 1x t ] represents an action to stack H t - 1 and x t in‐

to one vector; and σ(×) is the sigmoid function.
The update of the cell states at step t includes inheriting 

information from the previous LSTM cell and integrating in‐
formation from the new inputs, which is a joint effect of the 
forget gate and the input gate.

Ct = g F
t C t - 1 + g I

t × tanh (W ×× [ H t - 1x t ] +B) (13)

The output gate optionally outputs the information of the 
cell states at step t to obtain the forecast result.

Ht = g O
t × tanh (C t ) (14)

Because the features of the input vector x t are complex 
and nonlinear, the stacked LSTM network as a deep learning 
technique is adopted. Stacking LSTM cells enable the model 
to learn the description deeper and more accurately. In the 
stacked model shown on the left side in Fig. 4, the outputs 
of the lower LSTM cell Η L

t  are taken as the inputs of the up‐
per LSTM cell, whose dimension is consistent with the input 
vector to store the input information completely. The dimen‐
sion of the outputs of the upper LSTM cell H U

t  is the same 
as that of the forecast results, namely, the outputs of the up‐
per LSTM cell are the forecast results so that yt =H U

t .
Since the sequence of an LSTM network is usually too 

long to entirely unfold, the difficulties of forecasting and 
training can be addressed by truncating and unfolding the 
LSTM network, as shown on the right side of Fig. 4. Since 
we need to generate scenarios for future T time periods, we 
truncate and unfold the LSTM networks for T steps. The val‐
ues of cell states and outputs at the time before t - T are set 
to be 0, which means the information before t - T will not af‐
fect the subsequent output.

The process of forecasting is the forward propagation of 
the networks. Information propagated between steps, includ‐
ing Ct and Ht, can be obtained by rolling (13) and (14) from 
t - T to t + T. The outputs of the upper LSTM cell of each 

forward propagation are the forecast results at that time.
In the above forecast model based on an LSTM network, 

the historical observations of the uncertain variables have 
not been used, which may lead to an accumulation of errors. 
To avoid this problem, we replace the inputs of the upper 
LSTM cell with the historical observation values before step 
t, i. e., H U

t - 1 in Fig. 4 is replaced by yt - 1 from t - T to t. 
Therefore, the forecast function based on the LSTM network 
becomes:

(yt + 1yt + 2yt + T )= f (T t - TT t - T + 1T t + TW
M

t - T

)W M
t - T + 1W M

t + Tyt - Tyt - T + 1yt ; w     (15)

The topology of a B-LSTM network is inherited from its 
LSTM counterpart with the same nonlinearity and scalabili‐
ty. The uncertain output is estimated by extending the con‐
ventional LSTM network to a B-LSTM network [31], [32] 
with all network parameters becoming random variables de‐
scribed by the probability density function q (w ). Note that 
since the parameters in a B-LSTM network follow now prob‐
ability distributions, both the cell states and the outputs in 
the B-LSTM network follow probability distributions as 
well. We can, therefore, use it to make probabilistic fore‐
casts and generate random scenarios.

B. Training Parameters of Forecast Model

The parameters of a conventional NN can be learned by 
the maximum likelihood estimation (MLE) given training da‐
taset D using backpropagation.

¶p ( )D |w ¶w = ¶∏
iÎD

p ( )yi| x iw ¶w (16)

In the LSTM networks, to reduce the variance in the gra‐
dients, more than one sequence is trained at one time. Let 
the dataset D be divided into M minibatches Dm. Then, we 
can write the MLE of the mth minibatch as:

p (Dm|w ) =∏
s = 1

S

p ( )Dms|w =∏
s = 1

S ∏
t = 1

T

p ( )yt| x tHtCtw     (17)

where Ht and Ct can be obtained from the previous state 
through the forward propagation of the LSTM networks. By 
M backpropagations of this MLE shown in (17), we apply 
all the data to the training of this network.

Different from conventional LSTM networks, the training 
for the B-LSTM network is to calculate the posterior distri‐
bution of the parameters p (w | D ). The posterior distribution 
for the parameters w of a network can be calculated by 
Bayes’  rule, as shown in (18).

p (w | D ) = p ( )D |w p ( )w

p ( )D
=

p ( )D |w p ( )w

∫
w

p ( )D |w p ( )w dw
    (18)

where p (w ) represents the prior distribution of the parameters; 
and p (D) represents the evidence based on the dataset D.

Since the calculation of the integrals in (18) is intractable, a 
variational distribution q (w; θ ) defined by parameters θ is 
used to approximate it by minimizing the Kullback-Leibler 
(KL) divergence as shown in (19), which is a trade-off be‐
tween the prior distribution and the influence of historical data.
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 min
θ

KL ( )q ( )w; θ p ( )w | D = min
θ ∫q ( )w; θ ×

    log
q ( )w; θ

p ( )w p ( )D |w
dw = min

θ
q ( )w; θ ×

  ( )log q ( )w; θ - log p ( )w - log p ( )D |w dw     (19)

The minibatch method is also applied to the training of 
the B-LSTM network. The KL penalty is equally distributed 
to each minibatch. The KL divergence of the mth minibatch 
is shown as:

 min
θ

KL ( )q (w; θ ) p ( )w | Dm = min
θ

q (w; θ ) ×
é
ë

ù
û( )log q ( )w; θ - log p ( )w M - log p ( )Dm|w dw     (20)

To simplify the notation, we define:

g (wθ ) = ( )log q ( )w; θ - log p ( )w M - log p (Dm|w )    (21)

The prior distribution of parameter w in the B-LSTM net‐
work is assumed to follow a Gaussian distribution equivalent 
to a weighted L2 regularization, so the variational posterior 
distribution is a Gaussian distribution as well. As a result, 
the parameters of the variational distribution θ can be de‐
fined as a combination of (μρ).

A gradient-descent algorithm for training is used to mini‐
mize the KL divergence function. Since it is difficult to cal‐
culate the gradient of the integral in (20), a Gaussian repa‐
rameterization trick has been implemented. The parameters 
of the B-LSTM network can be expressed as w = μ + ρδ. 

Therefore, the derivative ∫q (w )dw is equivalent to ∫ p (δ)dδ 

[33]. So, the derivative of the integral in (20) can be ex‐
pressed as the integral of a derivative:

¶
¶θ ∫q (w ) g ( )wθ dw = p (δ) ∫ ¶g ( )wθ

¶θ
dδ =

∫ p (δ) ( )¶g ( )wθ
¶w

¶w
¶θ

+
¶g ( )wθ

¶θ
dδ (22)

The training algorithm of B-LSTM network is summa‐
rized as follows.

The EVCS operator employs the trained B-LSTM network 
based stochastic forecast function to allocate charging power 
to EVs during each time period. During each time period, 
the historical time, meteorological time, and EV charging de‐
mand are input into the B-LSTM network based stochastic 
forecast function, generating a series of typical EV charging 
scenarios. Subsequently, the environment factors from multi‐
ple scenarios are fed into the two-stage optimization ap‐
proach, as illustrated in (10), in order to derive the optimal 
EV charging power allocation strategy P t.

It should be noted that in the actual EVCS operation, EV 
arrivals are continuous and do not align precisely with the 
whole time period intervals. In this context, we recalculate 
the optimal charging power for each EV whenever a new 
EV arrives at the EVCS, approximating the current environ‐
mental factors as the values during the whole time period.

V. NUMERICAL SIMULATIONS 

A. Data Specification

In the numerical simulations, the real-world PVG output 
data and meteorological data over 182 days are employed. 
The charging data of EVs are based on the statistics from an 
EVCS in Nanshan District, Shenzhen, China, which encom‐
passes the charging demand and the initial SOC of EVs. The 
arrival and departure time of EVs is provided by the parking 
lot operator of this EVCS [34]. Electricity prices over the 
182 days are obtained from the intra-day clearing price of a 
power exchange center in China [35]. According to the no‐
tice of power demand response work in China [36], the time 
and price signals of the demand response participation is set 
by the following principle: when the grid load is higher than 
80% of the maximum load or less than 1.2 times the mini‐
mum load of the day, the demand response incentive of peak 
cutting and valley filling are provided, respectively. In order 
to train and evaluate the performance of the proposed B-
LSTM network, 70% of the data are utilized for training and 
the remaining 30% are reserved for testing. Then, the ob‐
tained stochastic forecast model based on B-LSTM network, 
together with the test dataset, is employed to demonstrate 
the effectiveness of the proposed optimization approach for 
EV charging strategy. The electricity purchase price of EVs 
from the EVCS is assumed to be 2.5 ¥/kWh and the battery 
capacity of each EV is 60 kWh.

The uncertain environmental factors for the EVCS, includ‐
ing PVG outputs, electricity prices, and EV arrivals, are shown 
in Fig. 5. It can be observed from Fig. 5 that there is a signifi‐
cant difference between the PVG outputs on cloudy days and 
sunny days, while the difference of electricity price is less de‐
pendent on the weather. The number of EV arrivals at the 
EVCS varies significantly between weekdays and weekends. 
Therefore, a probabilistic forecast model based on B-LSTM 
network is more suitable.

Algorithm 1: training algorithm of B-LSTM network

Input: data sample D

Output: posterior parameters (μρ)

1: Set m = 0, Dμ=∞, Dρ=∞, and α

2: While  Dμ
1
³ ε or  Dρ

1
³ ε, do

3:   Random sample a vector δ from the standard normal distribution     
N (01)

4:     Calculate w = μ + ρδ

5:   Select the next minibatch Dm+1 if m < M; otherwise, select the first 
minibatch Dm=1, and calculate g (wθ )

6:     Calculate Dμ and Dρ:

       
ì
í
î

ïï
ïï

Dμ = ¶g ( )wθ /¶w + ¶g ( )wθ /¶μ

Dρ = ¶g ( )wθ /¶w × δ + ¶g ( )wθ /¶ρ

7:     Update μ and ρ:

       
ì
í
î

μ = μ - αDμ
ρ = ρ - αDρ

8: End While
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B. Generating Scenarios Using a Probabilistic Forecast 
Model

The proposed B-LSTM network is trained for 500000 ep‐
ochs to learn the probabilistic characteristics of the uncertain 
environmental factors. The prior distributions of parameters 
in the B-LSTM network are all set as N(0, 0.052), i.e., a nor‐
mal distribution with a standard deviation of 0.05, which is 
equivalent to an L2 penalty for deterministic models. The 
number of neurons in the LSTM upper and lower cells are 
both set to be 64, which strikes a balance between computa‐
tional power and model expressiveness. The length of the 
truncated sequence is determined such that the historical da‐
ta beyond this length are not used for forecasting the current 
time step. Since the scheduling cycle for EV charging is typi‐
cally one day, it is reasonable to approximate that the EV 
charging demand beyond 24 hours will not significantly in‐
fluence the current charging strategy, so the length of truncat‐
ed sequence is set to be 24. With real-time optimal charging 
strategy at time t, the environmental factors for the subse‐
quent 24 hours are forecasted to generate typical scenarios. 
This encompasses EV charging demand, electricity price, 
and PVG output from t + 1 to t + 24. To capture the regulari‐
ty of EV charging sequence and ensure the efficacy of the 
charging strategy, the length of a time interval is set to be 1 
hour. The historical data of one week are used for parameter 
update in each epoch, and thus the minibatch size of the B-

LSTM network is set to be 7.
The probability distribution N(u σ2 ) of each parameter of 

the B-LSTM network can be obtained from the training re‐
sult. The time and meteorological information over the previ‐
ous 24 hours is taken as the input at the beginning of the 
day. Then, the distributions of the number of EV arrivals, 
the PVG outputs, and the electricity prices over the future 
24 hours can be obtained by the forward propagation of the 
B-LSTM network. The forecast accuracy of the above envi‐
ronmental factors is shown in Table II.

It can be observed from Table II that while there are devi‐
ations between the actual values and their corresponding 
mean forecast values, a substantial majority of the observed 
values fall within the 95% confidence interval of the fore‐
cast values, demonstrating the effectiveness of the proposed 
B-LSTM network.

The actual values and forecast values of these environmen‐
tal factors obtained by the proposed B-LSTM networks dur‐
ing a one-week period are compared, as shown in Fig. 6.
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TABLE II
FORECAST ACCURACY OF ENVIRONMENTAL FACTORS

Environmental
factor

PVG output

Electricity price

Number of EV 
arrivals

RMSE

13.600

0.026

1.230

Proportion of actual values falling within 95% 
confidence interval of forecast values (%)

96.7
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Fig. 6.　Comparison between actual values and forecast values of environ‐
mental factors. (a) PVG output. (b) Electricity price. (c) Number of EV ar‐
rivals at EVCS.
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It can also be observed from Fig. 6 that, although the 
overall PVG outputs are higher on sunny days (Monday, 
Wednesday, and Friday are all sunny days in this test case), 
the variability of the PVG outputs also increases since the lu‐
minous  intensity is affected by clouds. In terms of the fore‐
cast of the electricity price, the confidence band in the after‐
noon is wider, representing a higher level of variability. For 
EV arrivals, there are more EVs on weekends with higher 
variabilities than on the weekdays.

In each scenario, the three charging demand variables of 
each EV also need to be forecasted, including initial SOC, 
expected SOC, and the departure time. Compared with tradi‐
tional LSTM networks, which only obtain point estimates, 
the B-LSTM network could obtain the probability distribu‐
tions at a specific time. Then, the charging demand variables 
of all EVs could be forecasted by multiple sampling of these 
probability distribution, as demonstrated in Fig. 7.

The Jensen − Shannon (JS) divergence is introduced to 
quantify the similarity between the actual and forecast distri‐
butions [37]. The mean values of the JS divergences be‐
tween the actual and forecast distributions for the above 
three EV charging demand variables are 0.0126, 0.0139, and 
0.0852, respectively. The actual distributions of EV charging 
demands are close to those forecasted by B-LSTM network, 
which demonstrates its ability in forecasting the charging de‐
mand variables of specific EVs.

C. Optimization of Real-time EV Charging Strategy

We first use an offline method to obtain the optimal prof‐
it, which can serve as a benchmark, and an upper bound to 
evaluate the performance of the proposed optimization ap‐
proach. Four typical scenarios are selected to assess the per‐

formance of the proposed optimization approach under differ‐
ent PVG output and EV number conditions. Based on the 
probability distribution of PVG outputs and EV numbers 
across various weather and date scenarios in Fig. 5, one sun‐
ny weekday, one sunny weekend, one rainy weekday, and 
one rainy weekend are selected as the test scenarios.

The EV charging strategies obtained by the proposed opti‐
mization approach are shown in Fig. 8, compared with the 
benchmark. Because different methods obtain the same reve‐
nues from the charging service, the comparison of electricity 
purchase costs is shown in Fig. 8, instead of the profit of the 
EVCS.
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On the rainy days, the PVG output is relatively low, even 
less than the EV charging demand on a weekday. Therefore, 
the optimal EV charging strategy mainly focuses on lowering 
the electricity cost. In this situation, the performance of the 
proposed optimization approach is almost the same as that of 
the benchmark. On the sunny weekday, since the EV charging 
demand is lower than the PVG output, EVs are preferentially 
charged by the PVG output. Therefore, the accuracy of scenar‐
io generation has little influence on the performance of the pro‐
posed optimization approach. However, when there are more 
EVs on weekends, the EVCS will arrange EVs to be charged 
during the period of a lower electricity price, since the forecast 
of the PVG output is not fully reliable during 13:00 and 15:00. 
In conclusion, the proposed optimization approach is not infe‐
rior when compared with the benchmark.

To demonstrate the effectiveness of the proposed optimiza‐
tion approach, it is compared with two other online optimiza‐
tion approaches.

1) One is the MPC approach [11], where the deterministic 
long-term profit is taken into account in the charging strate‐
gy optimization for the EVCS. First, the environmental fac‐
tors for the future 24 hours, denoted as Ut , including the EV 
arrivals, EV charging demands, PVG outputs, and the elec‐
tricity price, are obtained by a deterministic forecast model 
based on LSTM networks. Then, the deterministic forecast 
model, as shown in (27), can be solved by a commercial 
solver such as CPLEX.

max
P0Pt

é

ë
ê
êê
êR0(P0 ) +∑

t = 1

T

Rt( )P t ; Ut

ù

û
ú
úú
ú (27)

2) The other one is the DQN approach [18], where the val‐
ue function Vt(SOCt ) is directly fitted by full connect NNs 
based on historical data. The parameters of the NNs are up‐
dated by minimizing the temporal difference (TD) error.

All approaches are trained and tested in a personal com‐
puter equipped with an Intel i9 12900k CPU, and 64 GB of 
RAM. The average revenue of the EVCS on various days un‐
der different meteorological conditions are calculated, as 
shown in Table III.

The proposed optimization approach takes all environmen‐
tal uncertainties of the EVCS into full consideration. There‐
fore, it achieves a higher profit for the EVCS compared with 
the other two approaches in all evaluated cases. The pro‐
posed optimization approach takes longer CPU time than the 
other two approaches, as shown in Table III. Considering 
that the time scale for optimization of real-time EV charging 
strategy is 1 hour, the optimization computation time of all ap‐
proaches is sufficient to meet the calculation time requirement.

The charging strategy and total cost of the EVCS on a 

sunny weekend and a rainy weekday are shown in Fig. 9. 
On the rainy weekday, the PVG output has little influence 
on the optimization of EV charging strategy. The MPC ap‐
proach achieves almost the same result as the proposed opti‐
mization approach. However, on the sunny weekend, the 
PVG output and the EV charging demands are both harder 
to forecast well. The proposed optimization approach avoids 
overconfidence by B-LSTM network and thus considers the 
possibility of occurrence of various scenarios in the charging 
strategy optimization, resulting in a lower total cost.

Since the dimensionality of the set of EVs receiving charg‐
ing service in the EVCS is dynamic, the DQN approach can‐
not take the features of each EV as NN inputs. In the DQN ap‐
proach, only the EVCS features such as the total charging de‐
mand are used as the inputs to Q-network, the ability of which 
to cope with the constraints is limited such as the SOCs of 
EVs should be higher than their expected SOCs when leaving 
the EVCS. On the sunny weekend, even though the electricity 
price is lower after hour 22, the EVs have to be charged at 
hour 21 because they will leave the EVCS at hour 22, which 
explains the poorer performance of DQN approach.

D. Discharge of EVs to DN

Considering the discharge of EVs to the DN, the EVCS can 
increase its revenue through the time-of-use electricity price 
and ancillary service provision. The comparison between reve‐
nues of two charging schemes for EVs, i. e., only charging 
from DN (scheme 1) and simultaneously charging from DN 
and discharging to DN (scheme 2), is shown in Table IV.

The EVCS will prioritize the provision of ancillary servic‐
es due to the attractive incentive price offered for such ser‐
vices, which is higher than the battery loss and power pur‐
chase costs. The operation of the EVCS with schemes 1 and 
2 on a typical day is shown in Fig. 10.

TABLE III
PERFORMANCES OF DIFFERENT OPTIMIZATION APPROACHES

Approach

DQN

MPC

Proposed

Average revenue (103 ¥)

Sunny 
week‐
days

20.2

23.4

23.6

Sunny 
week‐
ends

38.6

36.5

42.3

Rainy 
week‐
days

6.3

7.3

7.2

Rainy 
week‐
ends

10.4

10.9

11.5

Total 
profit 
(103 ¥)

75.5

78.1

84.6

Average 
CPU time 
for making 
decision (s)

13.6

28.6

45.4
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Fig. 9.　Charging strategy and total cost of EVCS on a sunny weekend and 
a rainy weekday with different optimization methods. (a) Sunny weekend. 
(b) Rainy weekday.
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It can be observed from Fig. 10 that, the EVCS provides 
the ancillary service for peak shaving during hours 10-11 
and valley filling during hours 21-22. The ancillary service 
provision brings higher electricity purchase cost, but concur‐
rently generates the revenue of ¥260, which is much higher 
than the added value of the electricity cost.

VI. CONCLUSION 

This paper addresses an optimization problem for real-
time EV charging strategy, where long-term expected profit 
is intricately linked with environmental uncertainty. The pro‐
posed optimization model for real-time EV charging strategy 
is solved by a two-stage scenario-based optimization ap‐
proach, aiming to maximize the long-term expected profit 
for the EVCS. A B-LSTM network is employed to generate 
the probability distributions of scenarios in real time consid‐
ering the uncertainty of the EV charging demands, electricity 
prices, and PVG outputs. Numerical simulations show that 
the performance of the proposed optimization approach is 
close to that of the offline benchmark with perfect informa‐
tion and is superior to other online approaches examined. At 
the same time, the EVCS can achieve a higher operating 
profit by providing a variety of ancillary services to the pow‐
er grid.

Along this direction, one future direction is to apply 
Gaussian approximation for the priori distribution of the B-
LSTM network (e. g., Gaussian mixture distribution) to fur‐
ther enhance the forecast accuracy.
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